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DESCRIPTION
SPEECH RECOGNITION USING DYNAMIC FEATURES

The present invention relates to speech recognition, and more
particularly to a speech recognition system and process
employing dynamically varying feature extraction techniques
based upon how closely spaced neighboring phones or fenones
are positioned in a speech utterance. The feature extraction
process is modified in response to the rate of change of the
phones in the utterance, thus permitting more effective speech
modelling than prior art techniques.

In language processing, it is common for a human phonetician
to segment words into sequences of phonetic elements. The
phonetic elements are selected from the International Phonetic
Alphabet. Phones are relatively small segments of words which
trained linguists can recogaize as different sounding segments
of a word (fbr-example, i,e,ae,s. all represent phones.)
*ypically, the phonetician listens to a word and, based upon
his expertise, matches successive portions with respective
phonetic elements to determine the proper phonetic spelling of

a pronounced word.

Such phonetic seguences have been applied in standard
dictionaries. also, phonetic sequences have been applied to
speech recognition in general, and to speech recognition
utilizing Hidden Markov models (hereinafter referred to as
“HMM") in particular. In the case of HMM speech recognition,
the various phonetic elements are represented by respective
HMMs. Each word then corresponds to a sequence of phonetic
HMMs .

A sub-element of a phone is the fenone. Fenones often change
so rapidly that a trained listener cannot always recognize
their occurrence. For example, when the word "beat" is spoken,
the phones are recognized as "b", "e", and "t". The fenones
within each phone change rapidly and a single phone can be
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considered to be a sequence of several fenones. The phone "t
in the word "beat" may contain several fenones,

e.g. 5.

An important consequence of using sub-word building blocks
such as phones and fenones is that automatic speech
recognition system can be trained using a relatively small
amount of data. The training data need only contain samples of
each phone or fenone, instead of several samples of each word.
However, if each phone is modelled independently without
regard to the effects of context-dependence or
co-articulation, the resulting acoustic models may be

" inaccurate due to the fact that a pronunciation of a phone

depends on the neighboring phones.

From the above, it can be appreci%ted that a technique which
provides a speech recognition program which d&namically
changes the projection, and,thus the feature extraction based
upon the position of the present phone or fenone with respect
to the neighboring phones or fenones would be very useful in
providing more accurate speech recognition..

One speech encoding technigue embodiment of the present
invention utilizes a set of N distinct principal discriminant _
matrices. Each principal discriminant matrix being
respectively associated with a distinct class, the class is an
indication of the proximity of a speech part to nejghboring
speech parts. The technique for speech encoding includes
arranging a speech signal into a series of frames. A parameter
vector is derived which represents the speech signal for each
frame. A spliced parameter vector is produced for each frame
by splicing several adjacent parameter vectors. A set of N
different projected vectors are generated for each frame, by
multiplying each of N different principal discriminant
matrices by the spliced vector. This speech encoding technique
is well suited for use in speech recognition systems.

Fig. 1 is a block diagram of a speech recognition system;
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Fig. 2 is a flow chart of logic utilized by the speech
recognition system of Fig. 1;

Fig. 3 illustrates one embodiment of a Hidden Markov model
(HMM) for a fenone;

Fig. 4 is one embodiment of a HMM for a word, in which a
plurality of HMMs for fenones are concatenated;

Fig. 5 is a block diagram illustrating an apparatus which is
capable of specifying labels and constructing HMM word
baseforms interdependently according to the present invention;

Fig. 6 is a flow diagram illustrating the general steps
performed in re-specifying labeis and constructing HMM word
baseforms interdependently according to the present
invention; and R
¢

Fig. 7 is a block diagram of one embodiment of speech

recognition system of the present invention.

The specific configurations, values and other parameters
illustrated below are intended to be illustrative in nature,
and not limiting in scope. Tﬁis invention may utilize either
fenones or phones in a similar manner.

The following provides a detailed description of a speech
signal processing system which could use the technigues of one
embodiment of the present invention described later in

the detailed description.

Fig. 1 is a block illustration of a speech recognition system
39. The automatic speech recognition systém 39 includes two
major subsystems: an acoustic processor 42 and a linguistic
decoder 43. The task of the acoustic processor is to produce a
50 dimensional vector 44 called a feature vector, for each
time frame, in response to a spoken utterance {represented by
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voice signal 40, as spoken by a speaker.) Each of the
parameter values of the 50 dimensional vector are arranged in
a multi-dimensional coordinate system. This process is also
called feature extraction. The functions and operation of the
acoustic processor 42 will be provided in greater detail below
with reference to Fig. 2. The linguistic decoder 43 takes the
50 dimensional vectors 44 and produces words. There are two
types of linguistic decoders illustrated in Fig. 1. The first
type of linguistic decoder 4la directly processes the 50
dimensional vectors 44 through a recognizer 46a, and outputs a
word sequence; this type of decoder uses continuous parameter
HMMs. The second type of linguistic decoder 41b utilizes a
vector quantizer 48 to initially convert the So'dimensional
vectors into labels 50; and then the labels are input to a
recognizer 46b which outputs a word sequence. The second type
of decoder uses discrete HMMs. :

Linguistic decoders utilize,the output from the acoustic
processor, for each frame, and attempt to fiind a word sequence
% which has a maximum a posteriori probability given either
the sequence of labels from the vector quantizer or the
sequence of 50 dimensional feature vectors 44. The linguistic
decoder utilizes HMMs as the probabilistic models of the
distinct words, and selects the word sequence which yields the
greatest probability.

The operation of the linguistic decoder is specified by the
fundamental equation of speech recognition:

P=ard™2X pr (w/a) =ard e Pr(a/W) Pr (W)

where W is any sequence of words from the vocabulary and A is
the sequence of observed labels or feature vectors. The final
equality in this equation follows from Bayes' rule of

probability, and the fact that Pr(aA) is independent of W. The
optimum decoder so obtained minimizes the sequence error rate.
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This strategy requires probabilistic models for estimating the
acoustic channel probabilities "Pr(A/W) and the linguistic
prior probabilities Pr(W). An aspect of this invention is the
determination of the acoustic channel probabilities Pr(aA/W).

The acoustic processor 44, which is operationally illustrated
in Fig. 2, samples the analog voice signal 40, and performs an
A/D conversion and other signal processing steps to produce a
digital representation 62 of the voice signal (typically the
analog signal is sampled twenty thousand times per second in a
~ synchronous manner.) At regular intervals, called a frame
(typically 1/100 second), a block of digitized speech is
transformed into the frequency domain using a Fast Fourier
Transform 66 (hereinafter referred to as "FFT") to produce a
vector of spectral energies 68 in different frequency bands
68. The number of frequency bands: is typically 20. The steps
66, and 68 are performed once for each time frame.

Optionally, the different digital frequency bands 68 are
further transformed using a model of the human eaxr 70. The
concept of the ear model is based on the realization that as
the intensity in a frequency band changes, the human ear will
perceive a different intensity of the sound than is actually
occurring. For example, if there is a sudden step increasé’
(greater intensity) of signal at a specific frequency, then
the human ear typically will perceive a higher intensity at
the beginning of the step than a short time later_ (even though
both time frames have equal intensities over all detectable
freguency bands.) The ear model 70 relates to how the dynamic
characteristics of signals of certain frequencies perceived by
the ear, and produces a model indicative of how the human ear
would detect the intensity of the signal for each time frame
and each frequency band. Any further processing may be based
upon either the different spectral energies 68 or the ear
model 70, and whichever vector 68 or 70 is utilized is
considered a 20 component vector 72. The frequency range of
the 20 component vectoxr 72 roughly corresponds to that of the
frequency range of which the typical human ear can detect.
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Some, but not all, acoustic processors 42 splice together a
number of 20 component vectors {usually four 20 component
vectors prior to the considered 20 component vector, plus four
after) to produce a spliced (or 180 component) vector 74. The
spliced vector is then projected (or, using a different term
for the same process, rotated) to produce the 50 dimensional
feature vector 44 illustrated in Figs. 1 and 2. The process of
obtaining a 50 dimensional (projected) feature vector 44
involves multiplying a principal discriminant matrix 76 which
is a 50x180 matrix, and is derived in a manner set forth
below, by the 180 component (spliced) vector 74 resulting in
the 50 dimensional (projected) vector 44. The 50 dimensional
feature vector is thereupon utilized by the linguistic decoder
43 of Fig. 1. In those acoustic processors which do not use
splicing, the 20 component vectors may be projected directly
into another lower dimension space, in which case the
projected vector 44 will have 20 or fewer dimensions.

[ i
The feature vectors generated by the acoustic processor 42, or '
the labels generated by vector quantizer 48 of Fig. 1, are the
same vectors or labels which can be produced as outputs along
arcs of the HMMs. After arc probabilities and output
probabilities are assigned during a training procedure, a
recognition procedure may be followed to determine the i
likelihood that a verbal utterance corresponds to a certain
HMM or sequence of HMMs (the sequence corresponds to a phone
or word baseform). That is, given that feature vectors
v, V,¥;..., or labeis £;f,f, .. ., etc. have been generated by the
acoustic processor or vector quantizer for successive
intervals of speech, the likelihood of proceeding through each
path of a HMM or sequence of HMMs and producing the specific
string of feature vectors V,V,V,..., or labels f,f,f,... can be
determined. Performing this calculation for a word in a
vocabulary provides a measure of that word's likelihood.

The more effective the acoustic processor and the linguistic
decoder function, generally the more reliable the speech
recognition system. It has been found that reliance on human
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phoneticians (and typical applications of phones) to define
the constituent parts of a word may result in an arbitrariness
in modelling, a lack of uniformity of word baseforms (i.e.
sequences of constituent parts which form a word).

Vector Quantizers

A speech recognition systems where the 20 or 50 component
feature vector 44 of Fig. 1 are passed through the wvector
quantizer 48 producing labels is described in this section.
The vector quantizer 48 is followed by a HMM based recognizer
46b which computes the most likely word sequence given the
observed label stream. Recognizer training, which is typically
performed as part of the enrollment process for every new user
of the speech recognition system, involves the computation of
VQ prototypes, usually by an iterative procedure such as
K-means clustering and the estimation of HMM transition and
output probabilities using ghe forward-backward algorithm.

Viewing speech'as a coordinate space, each label identifies a
distinct cluster in N dimensional space, with N being an
integer which corresponds to the number of the vector
components. For a speech input, the acoustic processor
generates a string of labels where each label corresponds to a
distinct interval of speech. Basically, the acoustic processor
converts the speech input into successive feature vectors
generated at successive frames and assigns a label, to each
successive feature vector. The label which identifies the
determined cluster is provided as output for the frame.

Vector Quantization Utilizing Spliced
Projected Feature Vectors

Vector quantizers 48 utilizing spliced prbjected feature
vectors generally produce more accurate labels, in the vector
quantization process, than vector quantizers utilizing single
vectors. The steps involved in generating spliced projected
vectors, and associating labels with them, are set forth
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below. In performing the steps, it 1s assumed that training
data for a number of speakers has been collected and aligned
(by Viterbi alignment, which is well known in speech
recognition systems, and will not be further detailed herein)
against existing word baseforms using spliced vectors.
Preferably, each existing baseform is a sequence of phonetic
or fenonic HMMs. In this'disclosure, the terms "vector" and
“parameter vector" are synonymous. Steps 1-5 below describe
the learning process, and describe how the projected feature
vectors may be constructed. The remaining steps relate to how
trained spliced projected feature vectors may be used by the
speech recognizer of Fig. 1 to recognize the verbal utterances

which are input.

Step 1.

Step 2.

Step 3.

For each twenty component vector (also
known as a "standard" vector) in the
training data, credte a new 180 component
vector (known ﬁor% generally as a
“spliced" parameter vector) by
concatenating each twenty component vector
to be considered with K preceding vectors
and X éucceeding vectors, thereby forming
a 180 component vector. Using K=4 has been
found to work well.

Using the Viterbi alignment, for each time
frame tag, the corresponding 180 compongnt
vector with the name of the phone or
fenone aligned with the time frame of the
original 20 component vector. Thus the
spliced vectors are allocated to one of
the phones, or fencnes in the phone or
fenone alphabet.

Compute the P (typically 50) best mutually
uncorrelated principal discriminant
matrices for discriminating between the
phone or fenone types determined in Step 2
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using the spliced parameter vectors. That
is, consider N spliced vectors drawn from
M phone or fenone types. Let xik denote
the ith element of the kth vector. Then,
the sample covariance matrix'of the data S
is defined as:

N
L1y = -
Sij=—.k.x (xik—x‘t} (xik"'xj)

where Xi denotes the sample mean of the i*" element. Let n,
denote the number of vectors in the phone or fenone type 1i.
then the sample within-class covariance matrix W is defined as

1 o
W=-§I§_n‘tm
where W; is the sample covariancé matrix of the data in phone
or fenone type i. To maximize the distinction between classes,
linear discriminant functioys v which maximize the ratio:
v'Sv [/ v'wv,
and which are mutually uncorrelated, are sought. The reguired
vectors can be obtained as the first P principal discriminant
matrices of the matrix W-IS. These can be arranged as rows of
matrix called the principal discriminant matrix.

Step 4. Using the computed principal discriminant
matrix, project the 180 component vectors
down to the P-dimensional vectors, and tag
the projected vectors with the phone or
fenone of the corresponding 180 component
vector.

Step 5. For each individual phone or fenone,
compute the mean and variance of each of
the P-dimensional projected vectors. These
means and variances are formed in diagonal
Gaussian prototype matrixes, and are used
in labelling spliced projected feature
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Having thus computed the prototype for the labels, new data

may be labelled as follows:

Step 6. Obtain twenty component vectors in the
usual manner.

Step 7. Create 180 component vectors by

concatenating the 20 component vectors as

described in Step 1.

Step 8. Project the 180 component vectors down
into P-dimensions vectors using the
principal discriminant matrices obtained
in Step 3. - '

i L4
Step 9. Label the rotated vectbrs using the
diagonal Gaussian prototypes of Step 5;

i.e., for a given rotated vector find the
prototype which maximizes its likelihood,

and output the label associated with the
prototype.

Comments on the Use of Projections

el

The spectrum of energies 68, or ear models 70 (both of which
are considered to be component vectors 72) contain a plurality
of values corresponding to the energy of the time waveform in
the frame within the frequency range covered by the specific
spectral frequency. Vowels, for example, tend to produce most
of their energy at the lower frequency ranges, and thereby
have most of their energy concentrated at the lower frequency

ranges in their 20 component vectors. Fricatives, by
comparison, produce most of their enerqgy at higher

frequencies. Each 20 dimensional vector contains information
about the instantaneous features of the speech signal in that
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frame. Dynamic features can be obtained by utilizing vectors
for several consecutive frames.

Nine consecutive 20 component vectors 72 are spliced together
to form a 180 component vector 74. There will be some overlap
of the spectral features in consecutive 180 component vectors.
In order to remove some of the overlap and thus reduce the
redundancy in the spliced vectors, each vector is "projected"
onto a lower-dimensional space (e.g. 50 dimensional} by
multiplying the vector by a 50 x 180 matrix. The rows of this
projection matrix are the principal discriminant matrices. The
term "principal discriminant matrix" as used throughout this
disclosure is synonymous with the term "eigenvector"”, and may
be considered to be interchangeable therewith. The 180
component vectors are processed by multiplying each 180
component wvector by the principal discriminant matrix.

In the above discussion, we have assumed a fixed window size
and a fixed projectiun for all spliced vectors. A suitable
speech recognition system can function with a compilation of
50 principal discriminant matrices. The projécted values of a
similar spoken utterances should theoretically also be
similar. However, due to distinctions in pronunciations and
also noise, there will be slight differences in the projected
values when the same utterance is spoken by different people,
or even by the same person at different times. The 180
component vectors of the splicing vector step 18 are projected
to produce 50 dimensional wvectors 44, or labels 50 if run
through a vector quantizer as illustrated in Fig. 1.

It would be desirable to modify the window size depending upon
the rate of change of the spoken utterance. During portions of
the signal where the phone or fenone remains the same for
several frames it would be desirable to ehlarge the size of
window W number of frames spliced together to provide a better
estimate of the static properties of the .phone or fenone.
However, during brief acoustic events where the phones or
fenones are altering rapidly, it is desired to decrease the
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size of the window W in order to avoid swamping the effects of
brief events by preceding or following phones or fenones which
are changing quickly. In general, it would be desirable that
the size of the window W be dependant upon the proximity of
the preceding and following phone or fenone boundaries.

A convenient way to achieve this desired dynamically varying
window is to keep the window W large and fixed, but to have
dynamically varying projections instead. Reducing the size of
the window is equivalent to setting some of the values in the
principal discriminant matrices projection matrix to zero. We
will describe a method for constructing dynamically changing
projections depending on the proximity of neighboring phones
or fenones. Varying the window size is a special case of this
technique.

The followingzillustrates one embodiment of a present
inveniton speech signal progessing system, which may be
appplied to the speech signal processing system described
above.

let § = {1,2,...,F} denote the fenone alphabet, and ¢ = {1, 2,
« « « ; L} denote the label alphabet. For each fenone

f ¢ § there is a simple HMM of the type shown in Fig. 3. The
model has two states, o = [f,1] and o = [£,2], where the first
index identifies the fenone f and the second index identifies
the initial and final state of the fenone. There is one null
transition {segmented line) from o ={f,1] to o = [£,2],
denoted by p(f,n), where the symbol n stands for null. There
are two output producing transitions (solid lines), denoted by
¢ = [f,s] and ¢ = [£f,d]. The symbol s stands for self-loop
and identifies the transition from o = {£f,1] to o = [£,1]
{which permits the model to adapt to periods in the word
pronunciation in which the fenone remains'identical.) The
symbol d stands for direct path and identifies the transition
from ¢ = {£,1] to o = [£f,2]. The parameters of the HMM are the
3 transition probabilities:
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p(f,n); p(f,s); and p(£f,d) (4)
and the two output distributions
(5) glf,s,0) and g(£,4d,0), Ced.
The parameters in (4) and (5) are the fenonic parameters.

Given the F elementary fenonic HMMs defined in (4) and (5), we
can construct a fenonic HMM for each acoustic unit to be
modeled such as a word, a phone, a syllable, etc. For each
such acoustic unit, we extract a number of label sequences,
say Y,, Y5,..., ¥y, from a sample of training data, and seek
the sequence of fenones B that best models these observed
label sequences. The fenone sequence B which has the highest
probability of generating the set:of observed label sequences
can be describeq as:

‘ N
! 1=1

The above maximization over all possible fenone sequences By is
carried out using a stack search procedure. The seguence
solution is referred to as the fenonic baseform for the
acoustic unit considered.

Assume, for example, that words are the acoustic ynit. Then
the fenonic baseform for each word w is represented by a
linear sequence of length N{w) such as

B(w) = [f(w,1), £(w,2}, ..., £E(w,N(W))], (7)

where each fenone f(w,i) is in F. In this notation, the first
index identifies the word w, and the second the position in
the baseform. The word HMM for w 1s constructed by
concatenating the elementary fenone HMMs present in B(w). An
example of a word HMM is shown in Fig. 4. The states of this
model are denoted by o = [w,i], for 1 = 1,2...,N(w)+1, where
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again the indexes identify word and position within word,
fespectively. Note that the final state position index has
value N(w)+l. The direct path through this model should be
configured to represent an average pronunciatioh of the word,
while the loops or the null transitions allow for any
respective lengthening or shortening of the pronunciation by
the speaker.

There are two related processes which are involved with speech
processing. The first process is a "learning process" in which
parameters are learned as known input is read into the -
acoustic processor. The second process is a "recognition
process", which is performed after the learning process,
wherein unknown words are read into the speech recognizer
program and the alphanumeric equivalent of the spoken
utterance is displayed. :

A releted Patent is U.S. Pa?ent No. 5,072,452, issued
December 10, 1991 to Brown et al (incorporated herein by
reference in its entirety.)'Referring to Fig. 5, which relates
to both the recognition process and the learning process,
speech input is shown entering an acoustic processor 202. The
speech input is in the form of an acoustic waveform.
Parameters of an alphabet of, for example, two hundred labels
L, L2, L3, . . ., L200 (assuming that a discrete linguistic
decoder is being used), or vectors (for a continuous
linguistic decoder) are stored in the acoustic prgcessor.

In preparing acoustic waveforms for the process of assigning
labels to successive frames, the speech analog waveform is
digitized, time intervals are generated, and the digital
signal is passed through a Fast Fourier Transform as well
known in the art. The outputs of the acoustic processor 202
includes labels f,f,f,. . ., etc. and feature vectors

Y1Y.Y3. .-, etc. In other words, there is a feature vector and a
label ocutput from the acoustic processor which corresponds to
each frame.



YO 993 112
_15_

The labels f£,f,f,. . ., etc. from the acoustic processor 202
enter a baseform trainer 204. The baseform trainer 204 is used
to determine the probabilities which are to be applied to the
HMMs in each word baseform, where each "word baseform”
represents a prescribed sequence of HMMs. Each HMM is stored
in memory as arc probabilities and label probabilities.

The probabilities are computed during the training session in
which known text is uttered.'For the known text, there is a
corresponding known sequence of HMMs, When the known text is
uttered by a speaker into an acoustic processor (e.qg.,
processor 202}, a string of labels is generated. By employing
the well known Forward-Backward algorithm, probabilities for
the arcs and for the labels produced at the non-null arcs of
the HMM are computed by the baseform trainer 204. The
probability statistics computed by the baseform trainer 204
enter a baseform constructor 206. The baseform constructor 206
determines the sequence of HMMs for each word. The seguence of
HMMs for each word and the arc probapilities and label output
probabilities for each non-null arc of the HMM are stored in a
baseform dictionary 208.

In particular, the baseform dictionary 208 stores the
following types of data items:

NNODES, = the number of nodes in the x word baseform.

NID; = the node identifier of the j** node in the i*
word baseform.

NT;; = the number of arcs (transitioms) from node
NID,,.

Tyx = the number of arcs (transitional) from node
NID,.

Sy« = statistics pointer for arc (transition) T,y .
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puring training, baseform data (i.e. HMM sequences and
probability statistics therefore) and the feature vectors
corresponding to successive speech intervals enter a label
re-classifier 210. The label reclassifier 210 redefines the
prototype vectors and clusters associated with the labels
based upon the data generated during the word baseform
construction.

The operation of the apparatus of Fig. 5§ is reflected in
Fig. 6, which illustrated the four major steps by which
baseforms are “grown". During the training session, words are
uttered in a known order and strings of labels are generated
in response to the utterances in a Grow Word Baseform Step
302. In a Matching Procedure Step 304 (referred to as the
Viterbi Alignment), successive substrings of labels generated,
in response to uttering the traiging text, are associated with
 each HMM in the word baseform. Accordingly, for the first HMM
~ in the first word uttered in the training text, there is an
aligned substring of labels; for the second HMM there is a
second substring, and the process continues until all of the
HMMs have second substrings.

Each label corresponds toc a prototype vector and each label is
selected by comparing a feature vector input for an interval
of speech with each prototype vector - the label of the
"closest" prototype vector being assigned to that frame. Each
HMM in the set of HMMs corresponds to a label in the label
alphabet, and preferably has a simpler structure than the
phonetic based HMMs. The fenemic HMM is illustrated in Fig. 3.
"Feneme" is an alternate expression for "label". In
particular, the fenemic HMM of fenone ¥ of Fig. 3 has two
states [f,1] and [£f,2]}; a non-null loop extending from the
state {f,1] back to itself; a non-null loop extending from
state [f,1] to state [£,2]; and a null arc extending from
state {f,1] to [£,2]. Each of the three arcs has a respective
probability of being followed p(f,s), p(f,d), and p(f,n).
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In Fig. 6, the baseforms of step 302 are preferably sequences
of fenemic HMMs and that the Viterbi alignment step 304
involves the associating of each fenemic model with labels. In
step 304, the label aligned and associated with a given HMM is
jdentified. Also identified are the feature vectors form which
the labels (corresponding to the fenemic HMM) are derived. For
each fenemic HMM, there are zero, one, two, or more feature
vectors associated therewith. In step 306, the feature vectors
identified for each fenemic HMM are combined to estimate mean
values and covariance values,

The computed means and covariances for each fenemic HMM are
used in re-labelling incoming speech data pursuant to step
308. In particular, in selecting labels corresponding to a
given interval of speech, the feature vector generated
therefor is compared to the means’ and the covariances are
specified for each label (derived in step 306). That is,.the -
means and covariances for a fenemlc HMM corresponding to label
j are used to determine the distance between an input feature
vector and the label j. Stated briefly, each j** label is
respecified based upon the means and covariances of the
fenemic HMM corresponding to the j** label. The new
specification of labels are entered into the acoustic
processor 202 of Fig. 3. The acoustic processor 202 then
labels speech based upon the re-specified labels.

Label/Fenone Alphabet ~r

A phone may regularly vary in length. For example, the word
"beat" contains the phones b, e, and t. The "b" and "t" are
phones which are relatively quickly spoken, while the phone
ve" ig much longer drawn out than either of the other two. It
is also true that over the short duration of the "b" and "t"
phones, the feature vectors will be more uniform than across
the relatively long duration of the "e" phone.

Assume that the training data is aligned against a phonetic
representation of the training script. In order to determine
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how quickly the phones are changing in a spoken utterance, a
label/fenone alphabet is used. The label fenone alphabet
conslsts of each of a set of basic fenones as well as a class
assocliated with each fenone or phone. The class provides an
indication as to how gquickly the phone is changing. The
following classes.(l to 6) are tagged to each phone. While
this segment is described with reference to tagging phones, it
is also possible to apply similar steps to tag fenones:

1. If frame F belongs to a phone whose duration is
M frames or less, set the tag for each frame in the
phone at 1; otherwise, proceed with step 2. A
reasonable value for M is 5. M is a value which
defines the upper duration of a relatively short
phone.

2. If the window of frame F overlaps the preceding
phone (there are characteristics of both phones in
the window) by N frameé or more, set the value of
the of the tag at 2. In other words, the tag values
of the first one or two frames in phone windows will
be set at 2. Otherwise proceed with step 3. A

reasonable value for N is 3.

3. If the window overlaps the following phone (there
are characteristics of both the present and the
following phone in the window) by N frames or, more,
set frame tag at 6. Otherwise proceed with step 4.

4. If the window overlaps the preceding phone at all,
set the tag to 3. Otherwise proceed with step 5.

5. If the window overlaps the following phone at all,
set the tag to 5. Otherwise proceed to step 6.

6. Set the tag to 4.
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pictorially, for a 9-frame window with M=5 and N=2, the tag
associated with a single phone utterance may be constructed as
illustrated in Table 1. Table 1, as well as the above
description is intended to be illustrative in nature as to how
to construct a label/fenone alphabet, and is not intended to
be limiting in scope. Note that when a single phone lasts less
than 4 frames, it is assumed that the feature vectors are more
uniform over the duration of these frames than for longer
duration phones. Conversely, the phones which last for a
relatively long'duration tend to vary considerably over their
duration.

Table 1: Tags Associated With a Single Phone Utterance-

Phone Length Tags

1 : 1

2 11

3 - 111

4 ’ 1111 f

s ‘11111

6 223366

7 2233566

8 22335566

9 223345566 -

22334455¢6¢86

o
=)

Following the above technique, the tags output for, a verbal
utterance produced by a relatively slow speaker will vary when
compared to the same verbal utterance spoken by a relatively
fast speaker. For example, as a slow speaker pronounces the
"M" in Mary, then the series of phone/tag combinations will be
similar to:

M2 M2 M3 M3 M5 M5 M6 Ms,

whereas when a quick speaker pronounces the same word, the M
will appear as:
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M1 M1 M1 M1.

The phone / tag combination defines a potential collection of
6P categories where P is the number of phones. Treating each
of the 6P categories as separate acoustic events leads to an
acoustic alphabet of size 6P (which corresponds to the number
of labels). The frames associated with each category may be
regarded as samples of a given label from which label
prototypes may be constructed. bDefining fenones or phones in a
one to one correspondence with these labels in the
conventional manner leads to an alphabet of 6P fenones.

Varying Window Size Utilizing Principal Discriminants

One embodiment of technique of the present invention, which
provides for dynamically varying windows based upon the
characteristics of the speech, keeps the window size large,
while using dynamically varying principal discriminant .
matrices wgich effectively ;lter the width of the window. This
can be accomplished in a principal discriminant matrix by
setting some of the entries in the matrix to zero.

The following provides a technique for constructing different
projections for each of the six tag classes discussed earTier.
Principal discriminant matrices are computed in the following
manner:
1. Construct a label/fenone alphabet in which each
fenone is associated with a particular phone, and a
tag (depending on the number of frames from which
the same phone extends.) This is accomplished as
Previously described in the Label/Fenone Alphabet
section of this disclosure.

2. Align some training data against an acoustic HMM of
the training script using Viterbi alignment, and
thereby tag each frame of the training data with the
identity of the true label as determined by the
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alignment, Viterbi alignment is well known in speech
recognition systems, and will not be further
detailed herein.

3. For each distinct frame tag F represented in the
Label/Fenone Alphabet, perform steps 4 and 5.

4. Collect all frames of the training data whose true
label from step 2 is associated with frame tag F.

5. Using the subset of frames collected in step 4,
compute the principal discriminant matrix which
discriminates maximally between the set of labels
present in the data (i.e. all those labels
associated with the frame tag F.)

At the completion of step 5, a.distinct principal discriminant
matrix (there will be 6) will have been constructed for each
frame tag value represented in the Label/Fenone Alphabet of
step 1. The principal discriminant matrix associated with
frame tag F is optimized for discriminating amongst tags
having value F. Because the manner in which the Label/Fenone
Alphabet is constructed, each set of principal discriminant
matrices distinguishes between all possible phones (since all
phones are represented in each subset F of the Label/Fenone
Alphabet).

Each class represents a different frame position relative to
phone boundaries, as described in detail above. Different
Principal discriminant matrix projections result from

" different classes. Therefore, the principal discriminant
matrix projections vary with different frame positions
relative to the phone boundaries.

The principal discriminant matrices are used during fenone-
based treliis calculations as follows. Let X denote the
unprojected acoustic vector at time T. Let A denote an arc
vwhich is a candidate to output X, and let B denote the
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fenone to which A belongs. Let F be the frame position
associated with fenone B as determined in step 1. Let E be the
principal discriminant matrix assoclated with frame portion F
as constructed in step 5 of the principal discriminant matrix
calculation described above. Project X using principal
discriminant matrix E, and let Y(A) denote the projected
vector. The likelihood, or output probability, associated with
arc A at time T 1is determined in the conventional manner using
the arc-dependant projected vector Y(A).

Fig. 7 is a block diagram of one embodiment of speech
recognition system of the present invention. Instead of a
single 50 dimensional vector 44 being produced as is the case
with the acoustic processor 42 of Fig. 1; the Fig. 7
embodiment utilizes 6 different principal discriminant
matrices which produce six distinct 50 dimensional vectors 44,,
44,, . . . , 44;, with the suffix describing the class.

Since there are six distincé 50 dimensional vectors 44, to 44
produced by the acoustic processor 42 of Fig., 7, each of the
50 dimensional vectors can be input into the vector quantizer
43 to produce six distinct respective labels L, to Lg;. Either
the six distinct 50 dimensional vectors 44, té 44, can be
processed through the recognizer 46b to produce an output word
Sequence, or the six distinct labels L; to Lg can be processed
through the recognizer 46b to produce an output word sequence.
Using the more precise classification technique of the phones
of the present invention, the recognizer can function more
precisely than in prior art systems.

A continuous speech recognition experiment was performed on a
speaker who read 50 sentences covered by a 5000 word
vocabulary. The number of recognition errors fell
significantly when a single global set of'principal
discriminant matrices was replaced by 6 sets, which were
constructed as described above.
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The label/fenone alphabet provides a technique by which the
degree of edge induced distortion that can be expected is
quantified (for example, the frames which are tagged with a
value of 4 have no overlap.) In Accordance with an aspect of
this invention, by separating labels with severe, mild, or no
edge induced distortion for each frame, superior acoustic
modelling is achieved.

The above provides one embodiment of a speech recognition
system. This embodiment may be modified while remaining within
the scope of the present invention. While the claims and
disclosure are described primarily with reference to phones,
it is also possible to configure a similar speech recognition
system based upon fenones. For this reason, in the claims the
term “"speech segment" will be intended to cover fenones as

well as phones.
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A method for speech encoding, comprising the steps

of:

producing a set of N distinct principal discriminant
matrices, each principal discriminant matrix being
associated with a different class, each class being
an indication of the proximity of a speech segment
to one or more neighboring speech segments,

arranging a speech signal into a series of frames;

deriving a feature vector which represents said a
speech signal for each frame; and

generating a set of N different projected vectors
for each frame, by multiplying each of said N

. distinct principal discriminant matrices by said

feature vector.

The method as described in claim 1, further

comprising the step of:

splicing a series of adjacent feature vectors
together to derive a spliced vector.

The method as described in claim 1, further
comprising the step of:

tagging each frame with one of said classes.
The method as described in claim 1, wherein said
different classes account for different amounts of

overlap with neighboring speech segments.

A method for speech recognition, comprising the

stena nf-«
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deriving N distinct transformations, each distinct
transformation is respectively associated with one
of N classes, each class providing an indication of
the proximity of a speech segment to neighboring
speech segment,

arranging a speech signal into a series of frames;

deriving a vector, within each of said frame, which
represents said speech signal;

generating a set of N different projected vectors
for each frame, by multiplying said transformations
by said vector;

utilizing models for tagging each model transition
with one of said N classes; ‘and

utilizing the projecte& vecéor with the
corresponding tag to compute a probability that at
least one particular speech segment is present in
said frame.

The method as described in claim 5, wherein said
models are based on fenones, and each fenone is
always associated with one of said N tags.

The method as described in claim 5, wherein said
models are based on phenes, and each phone is
associated with one .of said N tags.

The method as described in claim 5, further
comprising the step of:

splicing a series of adjacent vectors together to
derive a spliced vector.
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9, The method as described in claim 5, wherein said -
different classes account for different amount of
overlap with neighboring speech segments.

10. The method as described in claim 5, wherein said
transformations are principal discriminant matrices.

11. An apparatus for speech encoding comprising:

means for producing a set of N distinct principal
discriminant matrices, each principal discriminant
matrix being associated with a different class, the
class being an indication of the proximity of the
speech segment to one or more neighboring speech
segments; : |

means for arranging a speech signal into a series of
frames; .
means for deriving a feature vector which represents
said speech signal for each frame; and

means for generating a set of N different projected
vectors for each frame, by multiplying each of said ~

principal discriminant matrix by said vector.

12. The apparatus described in claim 11, further.,
comprising:

means for splicing a series of adjacent feature
vectors together to derive a spliced vector.

13. The apparatus described in claim 11, further
comprising: ‘

means for tagging each frame with one of said
classes.
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The apparatus described in claim 11, wherein said
different classes account for different amount of
overlap with neighboring speech segments.

A speech recognition system comprising:

means for arranging speech segments into a series of
frames;

means for deriving a vector, within each of said
framé, which represents said speech signal;

means for deriving N distinct transformations, each
distinct transformation is respectively associated
with one of N classes, each class providing an
indication of the proximity of a speech part to
neighboring speech parts,

means for generatingfa éet of N-different projected
vectors for each frame, by multiplying said
transformations by said vector;

means for ﬁtilizing models for tagging each model
transition with one of said N classes; and

means for utilizing the projected vector with the
corresponding tag to compute the probability.that at
least one particular speech part is present in said
frame.

The system described in claim 15, wherein said
models are based on fenones, and each fenone is
always associated with one of said N tags.

The system described in claim 15, wherein said
models are based on phones, and each phone is
associated with one of said N tags.
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The system described in claim 15, further
comprising:

means for splicing a series of adjacent vectors
together to derive a spliced vector.

The system described in claim 15, wherein said
different classes account for different amounts of
overlap with neighboring speech segments.

The apparatus described in claim 15, wherein said
transformations are principal discriminant matrices.

A method for speech recognition which comprises the
steps of:

arranging a speech signal into a series of frames;

varying the width of oﬂé or moré windows to be
utilized for a speech encoding system in accordance
with a principal discriminant matrix, each window
being defined as a number of successive frames which
have a same speech segment associated therewith,
deriving a feature vector which represents said
speech signal for each frame; and

generating a projected vector for each frame by
multiplying said principal discriminant matrix by
said feature vector, wherein said principal
discriminant matrix represents the values of the
projected vectors which are indicative of the speech
signal.

The method as described in claim 21, wherein there,

- are N principal discriminant matrices which are

associated with N respective, distinct classes, the
different classes being an indication of the
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proximity of the speech segment to neighboring
speech segments.

An apparatus which comprises:

means for arranging a speech signal into a series of
frames;

neans for varying the width of one or more windows
to be utilized for a speech encoding system, based
upon a principal discriminant matrix, each window is
defined as the number of successive frames which has
the same speech segment associated with it,

means for deriving a feature vector which represents
said speech signal for a speech segment or series of
speech segments for each frame; and

means for génerating a}projected vector for each
frame by multiplying said principal discriminant
matrix by said feature vector, wherein said
principal discriminant matrix equates the values of
the projected vectors which are represéntaﬁive of

-

the speech signal.

The apparatus as described in claim 23, wherein
there are N principal discriminant matrices which
are associated with N respective, distinct classes,
the different classes being an indication of the
proximity of the speech segment to neighboring
speech segments,

A method for applying a value to each tag from a
series of tags, to be utilized in a speech
recognition application, comprising the steps of:
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determine whether a frame F belongs to a phone whose
duration is M frames or less, if so, set the tag for
each frame in the phone at a first value; otherwise,
proceed with the next step;

determine whether the window of frame F overlaps the
preceding phone by N frames or more, if so, set the
value of the of the tag at a second value, otherwise

proceed'with the next step;

determine whether the window overlaps the following
phone by N frames or more, if so, set frame tag at a
third value, otherwise proceed with the next step;

determine whether the window overlaps the preceding
phone at all, if so, set the tag to a fourth value,
otherwise proceed with the next step;

determine whether the ﬁindow overlaps the following
phone at all, if so, set the tag to a fifth value,

otherwise proceed to the next step; and

set the tag to a sixth value.
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