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- This invention relates to speech recognition and in particular the
generation of features for use in speech recognition.

Automated speech recognition systems are generally designed for a
particular use. For example, a service that is to be accessed by the general public
requires a generic speech recognition system designed to recognise speech from
any user. Automated speech recognisers associated with data specific to a user
are used either to recognise a user or to verify a user’s claimed identity {so-called
speaker recognition). '

Automated speech recognitio_n systems receive an input signal frém a
microphone, either directly or indirectly (e.g. via a telecommunications link}. The
input signal is then proce_ssed by speech processing means which typically divide
the input signal into successive time segments or frames by producing an
abpropriate (spectral) representation of the characteristics of the time-varying input
signal. Common techniques of spectral analysis are linear predictive coding (LPC)
and Fourier transform. Next the spectral measurements are converted into a set or
vector of features that describe the broad acoustic properties of the input signals.
The most common features used in speech recognition are mel-frequency cepstral
coefficients (MFCCs). |

The feature vectors are then compared with a plurality of patterns
representing or relating in some way to words {or parts thereof) or phrases to be
recognised. The results of the comparison indicate the word/phrase deemed to
have been recognised.

The pattern matching approach to speech recognition generally involves
one of two techniques: template matching or statistical modelling. In the former
case, a template is formed representing the spectral properties of a typical speech
signal representing a word. Each template is the concatenation of spectral frames
over the duration of the speech. A typical sequence of speech frames for a
pattern is thus produced via an averaging procedure and an input signal is
compared to these templates. One well-known and widely used statistical method
of éharacterising the spectral properties of the frames of a pattern is the hidden

Markov model (HMM) approach. The underlying assumption of the HMM (or any
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other type of statistical model} is that the 'speech'signal can be characterised as a
parametric random process and that the parameters of the stochastlc process can
be determined in a precise, weil-defined manner

A well known deficiency of current pat"te'rn-i'natehing techniques,
especially HMMs, is the lack of ‘an effective mechanism for the Otilfsation of the
correlation of the feature extraction. A left- nght HMM provndes a temporal

structure for modelling the time evolution of speech spectral characteristics from

- one state into the next, but within each state the observatlon vectors are assumed

to be independent and identically distributed (D). The IID assumption states that
there is no correlation between successive speech vectors. This implies that
within each state the speech vectors are assocnated with ndenttcal probability
density functions {(PDFs) which have the same mean and covariance. This further
implies that the spectral-time trajectory within each state is a randomly fluctuating
curve with a stationary mean. ‘However in reality the spe'ctral-time trajectory _
clearly has a definite direction as it moves from one speech event to the next.

- This violation by the spectral vectors of the IiD assumption contributes to
a limitation in the performance of HMMs. lncludin'g' some temporal informatioh into
the speech feature can lessen the effe_ct of this essuo1ption that .s.peech is a
stationary independent process, and can be used to improve recognition
performance. | |

A conventlonal methad which allows the inclusion of temporal mformatlon
into the feature vector is to augment the feature vector with first and second order
time derivatives of the cepstrum. A _ma_thematlcally more implicit representation of
speech dynamics is the cepstral-time matrix which uses a cosine tfansform to
encode the temporal information as described in'B P Milner and S V Vaseghi, “An
analysis of cepstral-time feature matrices for noise and channel robust speech
recognition”, Proc. Eurospeech, pp 519-522, 1995,

A cepstral-time matrix, c,m,n), is obtained either by applying a 2-D
Discrete Cosine Transform (DCT) to a spectrathime matrix or by epplying a 1-D
DCT to a stacking of mel-frequency cepstral coefﬂcients {(MFCC) speech vectors.
M N-dimensional log filter bank vectors are stacked together to form a spectral-
time matrix, X,(f,k), where t indicates the time frame, f the filter bank channel and

k the time vector in the matrix. The spectral-time matrix is then transformed into a
I —
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cepstral-time matrix usmg a two-dimensional DCT. Si'rf\'ée. a two-dimensional DCT
can be divided into .two one-dimensional DCTs, an alternative implementation of
the cepstral-time matrix is to apply a 1 -.D DCT along the time axis of a matrix
consisting of M conventional MFCC vectors.

According to a first aspect of the invention there is provided a method of
generating features for use in speech recognition, said method comprising
calculating the log frame energy value of each of a pre-determined number n of
frames of an input speech signal; and applying a transform to the n log frame
energy values to form a temporal vector representing the input speech signal.
| Speech transitional dynamics are produced implicitly within the temporal
vector, compared to the explicit representation achieved with a cepstral vector
with derivatives augmented on. Thus, models trained on such matrices have the
advantage that inverse transforms can be applied which allow transforms back into
the linear filter bank domain for techniques such as parallel model combination
(PMC), for improved noise robustness.

The transform may be a discrete cosine transform. Preferably the
temporal matrix is truncated so as to inciude fewer than n elements. This has
been found to produce good performance results whilst reducing the amount of
computation involved. The steady state {m=0) column of the matrix may be
omitted, so removing any distortion of thé speech signal by a linear convolutional
channel distortion making the matrix a channel robust feature.

The invention also relates to a method of speech recognition including the
feature generating method of the invention.

In another aspect of the invention there is provided feature generating
apparatus for use in speech recognition comprising:

_ a prdc_essor for calculating the logarithm of the energy of each of a pre-
détermined number n of frames of an input speech signal; and

a processor for applying a transform to the n log energy values so
calculated to form a temporal vector representing the input speech.

The feature generating means of the invention is suitable for use with

speech recognition apparatus and also to generate recognition data for use with
such apparatus.
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The invention will now be described by way of example only by reference
to the accompanying drawings in whnch

Figure 1 shows' schematlcally the employment of a speech recogmser ina
telecommunications environment; _
Figure 2 is a schematic representation of a speech :recogniser-

Figure 3 shows schematscatly the components of one embodiment of a
feature extractor according to the invention:

Figure 4 shows the steps for determining a Karhun'en-Loeve transforrn, |

Figure 5 shows schematically the components of a conventlonal speech
classifier forming part of the speech recogmser of Figure 2

Figure 6 is a flow diagram showing schematccaliy the operation of the

classifier of Figure 5;

Figure 7 is a block diagram showing sohematicalll'yf' the components of a
conventional sequencer forming part of the speech recognisei‘ of Figure 2; _

Figure 8 shows schematically the content of a field within a store forming
part of the sequencer of Figure 7; and

Figure 9 is a flow diagram showing schematic'aliy the operation of the
sequencer of Figure 7. S o

Referring to Figure 1, a telecommunications system including speech
recognition generally compnses a ‘microphone 1 (typlca!ly forming part of a
telephone handset}, a telecommunications network 2 (typically a pubho switched
telecommunications network (PSTN)), a speech recogniser 3, connected to receive
a voice signal from the network 2, and a utilising apparetUs 4 connected to the
speech recogniser 3 and arranged to receive therefrom a Qoice recognition signal,
indicating recognition or otherwise of a particular word or phrase, and to take
action in response thereta. For exahple, the utilising"appa'ratus 4 may be a
remotely operated terminal for effecting banking transoctions, an information
service etc.

In many cases, the utilising apparatus 4 will"gen_eraie an audible response
to the user, transmitted via the network 2 to a loudspeaker_ss typically forming part
‘of the user's handset.

In operation, a user speaks into the microphone 1 and a signal is

transmitted from the microphone 1 into the network 2 to the speech recogniser 3.
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The speech recogniséf analyses the speech sigrial: and a signal indicating
recognition or othérWise of a particular word or phrase is generated and
transmitted to thé utilising apparatus 4, which then takes appropriate action in the
event of recognition of the speech.

' Generally the speech recogniser 3 is ignorant of the route taken by the
signal from the micrqphone 1 to and through network 2. Any one of a large
variety of types or 'qualities of handset may be used. Likewise, within the network
2, any one of a large variety of transmission paths may be taken, including radio
links, analogue and digita! paths and so on. Accordingly the speech signal Y
reaching the speech recogniser 3 corresponds to the speech signal S received at
the microphone 1, convolved with the transform characteristics of the microphone
1, the link to the network 2, the channel through the network 2, and the link to the
speech recogniser 3, which may be lumped and designated by a single transfer
characteristic H.

Typically, the speéch recogniser 3 needs to acquire data concerning the

speech again'st which to verify the speech signal, and this data acquisition is

~performed by the speech recogniser in the training mode of operation in which the

speech recogniser 3 receives a speech signal from the microphone 1 to form the
recognition data for that word or phrase. However, other methods of acquiring the
speech recognition data are élso possible. |

Referring to Figure 2, a speech recogniser comprises an input 31 for
receiving speech in digital form (either from a digital network or from an analog to
digital converter); a frame generator 32 for partitioning the succession of digital
samples into a succession of frames of contiguous samples; a feature extractor 33
for geherating a corresponding feature vector from the frames of samples; a
classifier 34 fo.r receiving the succession of feature vectors and generating
recognition results; a sequencer 35 for determining the predetermined utterance to
which the input signal indicates the greatest similarity; and an output port 35 at
which a recognition signal_is supplied indicating the speech utterance which has
been recognised.

As mentioned earlier, a speech recogniser generally obtains recognition
data during a training phase. During training, speech signals are input to the

speech recogniser 3 and a feature is extracted by the feature extractor 33
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according to the invention. This feature is stored by thg._ébeech recogniéer 3 for
subsequent recognition. The feature may be storéd m any cbn_vénient form, for
example modelled by Hidden Markov Models (HMMs), a:'.te::c.:hnique' well knoWn in
speech processing, as will be described below. Dunng recognmon, the feature

extractor extracts a similar feature from an unknown mput 5|gnal and compares the

feature of the unknown signal with the feature(s) stored _fqr each word/phrase to

be recognised.

For simplicity, the operation of the .speech recqgniéer in the recognition
phase will be described below. In the training phase, thé'@xtfacted feature is used

to train a suitable classifier 34, as is well known in the art.

The frame generator 32 is arranged to receive spééch samples at a_ra_fe of,

- for example, 8,000 samples per second, and to form frames corhpﬁsiﬁg 256
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contiguous samples, at a frame rate of 1 frame every 16ms. Preferably, each
frame is windowed (i.e. the samples towérds_thé édge of the frame are multiplied
by predetermined weighting constants) u'sing, fo:r'examplle', a 'il-:larhming window to
reduce spurious artefacts generated by ‘the frame edges In a preferred
embodiment, the frames are overlappmg (for example by 50%) so as to amelcorate

the effects of the windowing.

The feature extractor 33 receives frames from the frame generator 32 and
generates, from each frame, a feature or vector of features Flgure 3 shows an
embodiment of a feature extractor according to the invention. _Meané may

additionally be provided to generate other features, for example LPC cepstral

-coefficients or MFCCs.

Each frame j of an incoming speéch signal is input to a processor 331
which calculates the average energy of the frame of data, i.e. the enefgy calculator

processor 331 calculates:
l 256

X

E, =—"
i )56

where x; is the value of the energy of sample i in 'f:rame J-
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A ngarithmi'é Bi‘bcessor 332 then forms the Iog of this average value for
the frame j. The log energy values are input into a buffer 333 which has a length
sufficient to store the log energy values for n frames e.g. n=7. Once seven

frames’ worth of data has been calculated the stacked data is output to a

“transform processor 334.

in the formation of the frame energy vector or temporal matrix the
spectral-time vector of the sta'cked log energy values input to the transform
processbr 334 is muitiplied by a transform matrix, i.e.

MH=T
where M is the vector of stacked log energy values, H is the transform which can
encode the temporal information, and T is the frame energy vector.

The columns of the transform H are the basis functions for encoding the
temporal information. Usihg this method of encoding temporal information, a wide
range of transforms can be us_ed as the temporal transform matrix, H.

The transform H encodes the temporal information, i.e. the transform H

causes the covariance matrix of the log energy value stack to be diagonalised.

" That is to say, the elements of the off-diagonal {i.e. the non-leading diagonal) of

the covariance matrix of the log energy values transformed by H tend to zero. The
off-diagonal of a covariance matrix indicates the degree of correlation between
respective samples. The optimal transform for achieving this is the Karhunen-
Loeve (KL) transform as described in the book by N S Jayant and P Noll, “Digital
coding of waveforms”, Prentice-Hall, 1984.

To find the optimal KL transform for encoding the temporal information
conveyed by the feature vectors, statistics_regarding the successive correlation of
the vectors is needed. Using this correlation information, the KL transform can
then be calculated. Figure 4 shows the procedure involvéd in determining the KL
transform from speech data.

To accurately determine the KL transform the entire set of training data is
first parameterised into log energy values. Vectors x,, contéining n successive log
energy values in time, are generated: '

Xy =1€,Cr.1,44,Canl
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From the entire set of these vectors across the training set, a covariance
matrix, Ixx, is calculated Tyx -'-'E{xxT}-,uxpr, where .px is the mean vector of the
log energy values. o _ _

As can be seen, this is closely r'e.lated' to the correlation matrix, E{xxT},
and as such contains information regarding the temporal dynamics .of the speech.
The KL transform is determined from the eigenvectors of the covariance matrix,
and can be calculated, for example using singular valbé decomposition, Where,

H'EH =dialho b dl =A |

The resulting matrix, H, is made up from the eigenvectors of the
covariance matrix. These are ranked according to the siie, of their respective
eigenvalues, A;. This matrix is the KL-derived témpofal _trénsform matrix.

Other-polvncm'ials can be used to.gener'ate the temporal transform matrix,
such as Legendre, Laguerre etc. The KL trahsform is cbmpiica_ted_ by the need to

calculate the transform itself for each set 6_f training data, Alternatively the

' Discrete Cosine Transform {DCT) may also be Qsed. “In this case, the transform

processor 334 calculates the DCT 6f the stacked d_até relating to the log energy
values for n frames. ' o

The one-dimensional DCT is defined as:

F(u)= Eau)"i £G) cos[iz'—’;}"l‘-’—'-]

in0
where
£{i) = log energy value _for frame i _
Clu) = 1/42 foru=0
- = 1 otherwise

u is an integer from O to n-1 _

The transform processor 334 outputs n DCT coefficients generated from n
ffames of data. These coefficients form a frame-energy vector relating to the
energy level of the input signal. |

A frame energy vector is formed for each successive n frames of the input
signal e.g.for frames O to 6, 1 to 7, 2 to 8 and so on when n=7. The frame
energy vector forms part of a feature vector for a frame of speech. This feature

may be used to augment other features e.g. MFCCs or differential MFCC.
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~\assifier 34

Refefring to Figure 5, the classifier 34 is of a conventional design and, in

‘this embodiment, comprises a HMM classifying processor 341, an HMM state

memory 342, and a mode memory 343.
The state memory 342 comprises a state field 3421, 3422, ...., for each
of the plurality of speech parts to be recognised. For example, a state field may be

provided in the state me_mory 342 for each phoneme of a word to be recognised.
There may also be provided a state field for noise/silence.

Each state field in the state memory 342 includes a pointer field 3421b,
3422b, .... storing a pointer address to a mode field set 361, 362, .... in mode
memory 343. Each mode field set comprises a plurality of mode fields 3611,

3612... each comprising data defining a multidimensional Gaussian distribution of

- feature coefficient values which characterise the state in question. For example, if

there are d coefficients in each feature {for instance the first 8 MFCC coefficients
and the seven coefficients of the energy-matrix of the invention), the data stored
in each mode field 3611, 3612... charaéterising each mode is: a constant C, a set
of d feature mean values H; and a set of d feature deviations, o;; in other words, a
total of 2d + 1 numbers.

The number N; of mode fields 3611, 3612, .... in each mode field set 361,
362, .... is variable. The mode fields are generated during the training phase and
represent the feature(s) derive_:d by the. feature extractor.

During recognition, the classification processor 34 is arranged to read each
state field within the memory 342 in turn, and calculate for each, using the current
input feature coefficient set output by the feature extractor 33 of the invention,
the probability that thel input feature set or vector corresponds to the
corresponding staté. To do so, as shown in Figure 6, the processor 341 is
arran_ged to read the pointer in the state field; to access the mode field set in the '
mode memory 343 to which it points; and, for each mode field j within the mode
field set, to calculate a modal probability P, . '

Next, the processor 341 calculate.s the state probability by summing the

modal probabilities P; Accordingly, the output of the classification processor 341
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is a plurality of state probabilities P, one for each state in the state memory 342,
indicating the likelihood that the input feature vector corresponds to each state.

It will be understood that Figure 6 is merely |!Iustrat|ve of the operation of
the classifier processor ;341 In practice, the mode p_robabllltles may each be
calculated once, and temporarily stored, to be used in th.e:.celculation of all the
state probabilities relating to the phoneme to which the modes correspond

The classifying processor 341 may be a suntably programmed digital signal

processing (DSP) device and may in particular be the same dlgltal stgnal processmg

device as the feature extractor 33.
Sequencer 35 _

Referring to Figure 7, the sequencer 35 is convehiional in design and, in
this embodiment, comprises a state probability memory 353 _Which stores, for each
frame processed, the state' probebilities output by the cllessﬂifier .processor 341; a

“state sequence memory 352 a parsmg processor 351 and a sequencer output
buffer 354. ' _

"The state sequence memory 352 comprises a plurallty of state sequence
fields 3521, 3522, ...., each correspondmg to-a word or phrase sequence to be
recognised consisting, in this example, of a string of _.phonemes. Each state
sequence in the state sequence memory 352 comprises, es '_.il'lustr_ated in Figure 8,
a number of states P,, P;, ... Py and, for ea'ch state, two -pr'obabilities; a repeat
probability (P,) and a transition proba'bilit'y. to the foi'lo\:lving state (P;). The
observed sequence of states associated with a series of.;frames may therefore

comprise several repetltlons of each state P in each state sequence model 3521
etc; for example:

Frame _ ' '
Number |1 2 3 4 5 6 7 8 9 .2 2+1

State IP1 P1 P1 P2 P2 P2 P2 P2 P2...Pn Pn

As shown in Figure 9 the sequencing processor 351- is arranged to read, at

_each frame, the state probabiiities- output by the classifier processor 341, and the

previous stored state probabilities in the state probability memory 353, and to

calculate the most likely path of states to date ovér time, and to compare this with
each of the state sequences stored in the state sequence memory 352.

The calculation employs the well known Hidden Markov Model method

described generally in "Hidden Markov Models for Automatic Speech Recognition:
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theory and applicatio_ﬁ'"'é"". 'S.J. Cox, British Telecom Te'é-ﬁﬁology Journal, April 1988
p105. Conveniently, the HMM processing performed by the sequencing processor
351 uses the well known Viterbi algorithm. The sequencing processor 351 may,
for example; be a microprocessor such as the _Intel"’-‘"’ i-486‘_’-"" microprocessor or
the Motorola'™ 68000 microprocessor, or may alternatively be a DSP device (for
example, the same DSP device as is employed for any of the preceding
processors).

Accordingly for each state sequence (corresponding to a word, phrase or
other speech sequence to be recognised) a probability score is output by the
sequencing processor 351 at each frame of input speech. For exampie the state
sequences may comprise the names in a telephone directory. When the end. of the
utterance is detected, a label signal indicating the most probable state sequence is
output from the sequencing processor 351 to the outpdt port 38, to indicate that

the corresponding name, word or phrase has been recognised.
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1. A method of generatrng features for use wrth speech responsive

apparatus, said method compnsmg _
calculatlng the Ioganthmlc frame energy value of each of a pre-determmed
number n of frames of an mput speech signal; and applvmg a transform matrix to

the n logarithmic frame energy values to form a tempora! matrix representing the
input speech signal. ' N

2. A method accordmg to Claim 1 wherein successwe features represents
overlapping groups of n frames of the mput srgnal '

3. A method according to claim 1 or 2 wherein t'he;'transform matrix is a

discrete cosine transform.

4, A method according to claim 1, 2 or 3, wherem the temporal matrix is

truncated so as to include fewer than n elements.

5. A method of speech recognition comprising: _

receiving an inpui signal representing speech, . said input signal being
divided into frames; |

generating a feature by calculating the logarithmic frame energy value of
each of a pre-determined number n of frames of an in'put speech signal; and
applying a matrix transform to the n logarithmic frame energy values to form a
temporal matrix representir-\g the input speech signal;

comparing the generated feature with recognitjen data representing
allowed utterances, said recognition data relating to the fe'eigre: and

indicating recognition or otherwise on the basis of the comparison step.

6. A method of speech recognition according to Claim & wherein the

transform processor is arranged to apply a discrete cosine transform to the n

logarithmic energy values.

* [+ L M S *
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7. Feature gerjérating apparatus for use with speech responsive apparatus,
said feature generating .apparatus COmprising:

a processor for calculating the logarithm of the energy of each of a pre-
determined number n of frames of an input speech signal; and

a processor for applying a transform to the n logarithmic energy values so

calculated to form a temporal matrix representing the input speech.

8. Feature generating apparatus according to Claim 7 wherein the transform

processor is arranged to apply a discrete cosine transform to the n logarithmic
energy values.

9. Speech recognition apparatus including feature generating apparatus'
according to claim 7 or 8.

10. Speech recognition apparatus including an input for receiving recognition
data relating to features generated according to claim 1.
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