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METHOD AND APPARATUS FOR SPEECH
RECOGNITION

FIELD OF THE INVENTION

The invention relates to methods of comparing a series of
observations representing unknown speech, to stored models
representing known speech, to methods of recognising pat-
terns in a series of observations, by comparing the obser-
vations to stored models, to apparatus for such methods, and
to software for such methods.

BACKGROUND TO THE INVENTION

Pattern recognition generally, and recognition of patterns
in continuous signals such as speech signals has been a
rapidly developing field. A limitation in many applications
has been the cost of providing sufficient processing power
for the complex calculations often required. This is particu-
larly the case in speech recognition, all the more so when
real time response is required, for example to enable auto-
mated directory enquiry assistance, or for control operations
based on speech input. To simulate the speed of response of
a human operator, and thus avoid, a perception of “unnatu-
ral” delays, which can be disconcerting, the spoken input
needs to be recognised within about half a second of the end
of the spoken input.

The computational load varies directly with the number of
words or other elements of speech, which are modelled and
held in a dictionary, for comparison to the spoken input. This
is also known as the size of vocabulary of the system. The
computational load also varies according to the complexity
of the models in the dictionary, and how the speech input is
processed into a representation ready for the comparison to
the models. Finally, the actual algorithm for carrying out the
comparison is clearly a key factor. Numerous attempts have
been made over many years to improve the trade off between
computational load, accuracy of recognition, and speed of
recognition. For useable systems, having a tolerable recog-
nition accuracy, the computational demands are high.
Despite continuous refinements to models, speech input
representations, and recognition algorithms, and advances in
processing hardware, there remains great demand to
improve the above mentioned trade off.

There are five main steps: audio channel adaptation,
feature extraction, word end-point detection, speech
recognition, and accept/reject decision logic. The speech
recognition step, the fourth stage, is the most computation-
ally intensive step, and thus a limiting factor as far as the
above mentioned trade off is concerned. Depending on the
size of vocabularies used, and the size of each model, both
the memory requirements and the number of calaculations
required for each recognition decision, may limit the speed/
accuracy/cost trade off. Examples of such systems are
described in U.S. Pat. No. 5,390,278 (Gupta et al.), and in
U.S. Pat. No. 5,515,475 (Gupta).

SUMMARY OF THE INVENTION

It is an object of the invention to provide improved
method and apparatus.

According to the invention, there is provided a method of
comparing a series of observations representing unknown
speech, to stored models representing known speech, the
series of observations being divided into at least two blocks
each comprising two or more of the observations, the
method comprising the steps of:

a) comparing two or more of the observations in one of

the blocks of observations, to a subset comprising one
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2

or more of the models, to determine a likelihood of a
match to each of the one or more models;

b) repeating step a) for models other than those in the

subset; and

¢) repeating steps a) and b) for a different one of the

blocks.

Amongst the advantages of such a method is that the
speed of processing of step a), the critical innermost loop,
can be improved. The innermost loop is the part which is
repeated most often, and by carrying out the operations in
the order specified, cache misses can be reduced, and
pipelining efficiency improved. More specifically, slow main
memory accesses may be required only once per block per
model, instead of once per observation per model.

Preferably, the observations are represented as multidi-
mensional vectors, for the comparison at step a). In such
cases, processing requirements may be particularly onerous,
and the advantages of the method become more valuable.

Advantageously, the comparison at step a) uses a Viterbi
algorithm. The Viterbi algorithm is a dynamic programming
algorithm which is preferred for comparing observations to
particular types of models. If such models are time series of
states joined by transitions, the Viterbi algorithm determines
the probability of each observation matching a one or more
of those states. If the models comprise strings of states,
cumulative probability scores for each string can be
determined, to find the best path. In such cases, processing
requirements may be particularly onerous, and the advan-
tages of the method become more valuable.

Advantageously, the models are represented as finite state
machines with probability distribution functions attached.
Continuously varying signals can be modeled as a series of
stationary states, with a probability function at each state,
indicating whether the signal moves to the next state or stay
s at the given state, after a given time interval. An example
is the Hidden Markov Model (HMM). This enables the
models to contain a representation of patterns with varying
rates of change, yet a common underlying pattern. However,
again, processing requirements may be particularly onerous,
and the advantages of the method become more valuable.

Advantageously, the models comprise groups of repre-
sentations of phonemes. This enables the models to be stored
and used more efficiently. Recognising patterns in speech
signals is particularly processor intensive, because of the
wide range of differences in sounds carrying the same
meaning. Also, in many speech recognition applications, it
iS necessary to carry out recognition in real time, that is in
half a second or so after the speaker has finished.
Accordingly, again, processing requirements may be par-
ticularly onerous, and the advantages of the method become
more valuable.

Advantageously, the models comprise representations of
elements of speech, and step a) comprises the step of:

comparing the block of observations to a predetermined

sequence of the models in the subset. The amount of
processing can be reduced if the models are stored as
sequences of elements of speech. Many utterances
share elements with other utterances. To avoid com-
paring the same elements multiple times, the individual
models of the elements can be merged into sequences.
The common parts can be represented once, with
branches where the elements are no longer common.

Advantageously, step a) comprises the steps of:

comparing the block of observations to a predetermined

sequence of the models in the subset;

determining for each of the models in the sequence, a

score which represents the likelihood of a match with
the observations compared so far;

IPR2023-00033
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storing the score in a score buffer for use in determining
scores of subsequent models in the sequence; and

determining when the score is no longer needed, then
re-using the score buffer to store a subsequent score.

This can bring an advantage in reducing memory
requirements, which can relieve a significant constraint. This
may occur in particular where the models comprise large
numbers of paths, each of which has to have a cumulative
probability score maintained, or where there are a large
number of models.

Advantageously, step a) comprises the step of:

comparing the block of observations to a lexical graph
comprising a predetermined sequence of the models in
the subset, wherein the sequence comprises different
types of models, and the comparison is dependent on
the type; and the method comprises the step of:
determining the types of the models before the block is

compared.

Where different algorithms are used, tuned to suit differ-
ent types of model, or different branches of a sequence of
models, processing can be speeded up if it is unnecessary to
test for branch type during processing. In particular, it
becomes easier for a compiler to pipeline the algorithm. If
a branch is encountered, which route to take must be
resolved before continuing, thus the pipelining by prepro-
cessing of instructions ahead of the current instruction may
be held up.

Preferably, the models comprise finite state machines,
having multiple state sequences, wherein step a) comprises
the steps of:

determining state scores for the matches between each
respective observation and state sequences of the
respective model,

making an approximation of the state scores, for the
observation, for storing to use in matching subsequent
observations, the approximation comprising fewer state
scores than were determined for the respective obser-
vation.

This enables the amount of storage required for state
scores to be reduced. This is particularly advantageous
where there are a large number of models, each with
multiple states and therefore a large number of state scores
to be stored for use in the next block. In such cases, a two
pass approach may be used, in which a rough, or fast match
algorithm is used on the first pass, to identify a small number
of similar models, which are then compared in more detail
in the second pass. The approximation is particularly advan-
tageous for the first pass, to reduce the memory used, and to
speed up the process since fewer memory accesses are
required, and fewer calculations. This is particularly advan-
tageous if the calculations are time consuming floating point
calculations.

According to another aspect of the invention, there is
provided a method of recognising patterns in a series of
observations, by comparing the observations to stored
models, using a processing means having a main memory
for storing the models and a cache memory, the cache
memory being too small to contain all the models and
observations, the series of observations being divided into
blocks of at least two observations, the method comprising
the steps of:

a) using the processor to compare a subset of the models
to the observations in one of the blocks of observations,
to recognise the patterns, the subset of the models being
small enough to fit in the cache memory;

b) repeating step a) for a different subset of the models
and;
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¢) repeating steps a) and b) for a different one of the
blocks.

According to another aspect of the invention, there is
provided a method of recognising patterns in a series of
observations by comparing the observations to stored
models, the series of observations being divided into at least
two blocks each comprising two or more of the observations,
the models comprising finite state machines, having multiple
state sequences, the method comprising the steps of:

a) comparing two or more of the observations in one of

the blocks of observations, to a subset comprising one
or more of the models, to determine a likelihood of a
match to each of the one or more models, by deter-
mining which of the state sequences of the respective
model is the closest match, and how close is the match;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the
blocks.

According to another aspect of the invention, there is
provided a method of comparing a series of observations
representing unknown speech, to stored models representing
known speech, by comparing the observations to stored
models, the series of observations being grouped into one or
more blocks each comprising two or more of the
observations, the models comprising finite state machines,
having multiple state sequences, the method comprising, for
each of the one or more blocks, the steps of:

a) comparing two or more of the observations in the
respective block, to a subset comprising one or more of
the models, to determine a likelihood of a match to each
of the one or more models, by determining which of the
state sequences of the respective model is the closest
match, and how close is the match; and

b) repeating step a) for models other than those in the
subset.

In some applications, the series of observations may be
short enough that only a single block is necessary. The
advantages set out above still apply.

According to another aspect of the invention, there is
provided software stored on a computer readable medium
for comparing a series of observations representing
unknown speech, to stored models representing known
speech, the series of observations being divided into at least
two blocks each comprising two or more of the observations,
the software being arranged for carrying out the steps of:

a) comparing two or more of the observations in one of
the blocks of observations, to a subset comprising one
or more of the models, to determine a likelihood of a
match to each of the one or more models;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the
blocks.

According to another aspect of the invention, there is
provided software stored on a computer readable medium
for recognising patterns in a series of observations by
comparing the observations to stored models, the series of
observations being divided into at least two blocks each
comprising two or more of the observations, the models
comprising finite state machines, having multiple state
sequences, the software being arranged to carry out the steps
of:

a) comparing two or more of the observations in one of

the blocks of observations, to a subset comprising one
or more of the models, to determine a likelihood of a

IPR2023-00033
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match to each of the one or more models, by deter-
mining which of the state sequences of the respective
model is the closest match, and how close is the match;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the

blocks.

According to another aspect of the invention, there is
provided software stored on a computer readable medium
for comparing a series of observations representing
unknown speech, to stored models representing known
speech, by comparing the observations to stored models, the
series of observations being grouped into one or more blocks
each comprising two or more of the observations, the models
comprising finite state machines, having multiple state
sequences, the software being arranged to carry out for each
of the one or more blocks, the steps of:

a) comparing two or more of the observations in the
respective block, to a subset comprising one or more of
the models, to determine a likelihood of a match to each
of the one or more models, by determining which of the
state sequences of the respective model is the closest
match, and how close is the match; and

b) repeating step a) for models other than those in the

subset.

According to another aspect of the invention, there is
provided a speech recognition processor for comparing a
series of observations representing unknown speech, to
stored models representing known speech, the series of
observations being divided into at least two blocks each
comprising two or more of the observations, the processor
being arranged to carry out the steps of:

a) comparing two or more of the observations in one of
the blocks of observations, to a subset comprising one
or more of the models, to determine a likelihood of a
match to each of the one or more models;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the

blocks.

According to another aspect of the invention, there is
provided a speech recognition processor for recognising
patterns in a series of observations by comparing the obser-
vations to stored models, the series of observations being
divided into at least two blocks each comprising two or more
of the observations, the models comprising finite state
machines, having multiple state sequences, the processor
being arranged to carry out the steps of:

a) comparing two or more of the observations in one of
the blocks of observations, to a subset comprising one
or more of the models, to determine a likelihood of a
match to each of the one or more models, by deter-
mining which of the state sequences of the respective
model is the closest match, and how close is the match;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the

blocks.

According to another aspect of the invention, there is
provided a speech recognition processor for comparing a
series of observations representing unknown speech, to
stored models representing known speech, by comparing the
observations to stored models, the series of observations
being grouped into one or more blocks each comprising two
or more of the observations, the models comprising finite

6

state machines, having multiple state sequences, the proces-
sor being arranged to carry out, for each of the one or more
blocks, the steps of:

a) comparing two or more of the observations in the
respective block, to a subset comprising one or more of
the models, to determine a likelihood of a match to each
of the one or more models, by determining which of the
state sequences of the respective model is the closest

match, and how close is the match; and

10 b) repeating step a) for models other than those in the

subset.

Preferred features may be combined as would be apparent
to a skilled person, and may be combined with any aspect of
the invention.

To show, by way of example, how to put the invention into
practice, embodiments will now be described in more detail,
with reference to the accompanying drawings.

15

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows principal steps in a known speech recog-
nition process;
FIG. 2 shows known service controller apparatus for

carrying out the method of FIG. 1;

25 FIG. 3 shows the speech recognition processor of FIG. 2

in more detail,
FIG. 4 shows the recognition step of FIG. 1 in more detail;

FIG. 5 shows the recognition step according to an

39 embodiment of the invention;

FIG. 6 shows a table of scores for a series of observations
matched against models, indicating the known order of
calculating the scores;

FIG. 7 shows the table of scores as shown in FIG. 6,
indicating an order of calculating the scores according to an
embodiment of the invention;

FIG. 8 shows a basic HMM topology;

FIG. 9 shows a trellis of an HMM,;

FIG. 10 shows a trellis for a block Viterbi search;

FIG. 11 shows how full models are collapsed to become
fast-match models;

35

40

FIG. 12 shows a block Viterbi lexical graph, showing
branch types and score buffer assignment;

FIG. 13 shows a fast match model,;

FIG. 14 shows pseudo code for the block Viterbi algo-
rithm;

FIG. 15 shows the recognition step of FIG. 1 adapted for
branch type optimization;

FIG. 16 shows an optional HMM and trellis;

FIG. 17 shows pseudo code for a block Viterbi algorithm
for optional branches; and

FIG. 18 shows an alternative recognition processor
arrangement for carrying out some of the steps of FIG. 1.

DETAILED DESCRIPTION
FIG. 1: Voice Recognition

FIG. 1 shows an overall view of an example of a known
pattern recognition process, for voice recognition. There are
five main steps: channel adaptation (1), feature extraction
(2), word end-point detection (3), speech recognition (4),
and accept/reject decision logic (5).

In the first step—channel adaptation—the system moni-
tors the characteristics of the telephone line that carries the
speech, and creates an initial mathematical model of channel
parameters, such as line noise level. This model, which is

65
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updated continually throughout the recognition process, is
used to adapt the vector of coefficients generated during
feature extraction so that the coefficients respond to fore-
ground speech and block out line channel variations.

During the second step—feature extraction—the system
divides the unknown word or phrase into short segments,
called frames. Each frame lasts 12.75 milliseconds. Thus, a
word such as Mississippi, which takes about a second to say,
would be broken down into about 100 frames.

Next, the system conducts a spectral analysis of each
frame and creates a mathematical vector representation of
the spectrum. Each feature vector is a string of 15 coeffi-
cients. The first seven coefficients measure the energy of the
frame at different frequency bands to distinguish, for
example, between a high-frequency /s/ sound, and a lower-
frequency vowel. The remaining coefficients measure the
rate of change of these spectral energies.

The third stage—word endpoint detection—is performed
by an algorithm that uses the energy and short time spectrum
of the speech signal. This algorithm removes silence before,
after, and in the middle of the speech signal, and filters out
unwanted background noise in order to expedite the speech-
recognition stage.

Speech recognition is the fourth stage of the process. At
this stage, the vector representations generated for each
frame are compared with the FVR system’s stored models
for the recognition vocabulary. Each word in the vocabulary
is represented by a string of hidden Markov models
(HMMs), one for each phoneme in the word, as shown in
U.S. Pat. No. 5,390,278 (Gupta et al.) The stored string of
phoneme models that produces the best match is determined
using the multiple-pass approach, at which point the spoken
word is considered recognized, as shown in U.S. Pat. No.
5,515,475 (Gupta). The matching process is aided by sta-
tistical models and efficient search algorithms embedded in
the hidden Markov models.

The final stage of the process is rejection decision scoring,
which determines whether the best match found during the
speech-recognition stage should be accepted or rejected. To
perform this evaluation, the recognizer employs a math-
ematical distribution matrix. The closer the match, the more
likely it is to be accepted. This feature provides the system
with the ability to reject imposter input, or words not in its
vocabulary.

FIG. 2, known service controller apparatus:

FIG. 2 shows some of the principal hardware elements for
a voice processing platform known as the Network Appli-
cations Vehicle (NAV). The NAV platform is designed for
enhanced network services, and enables network providers
to support an array of revenue-generating and cost-saving
interactive and automated speech-recognition services.

The NAV cabinet is designed for central office installation
and complies with Bell Communications Research Inc.
(Bellcore) Network Equipment Building System
specifications, a comprehensive set of requirements for
central office equipment. Each NAV bay can be equipped
with up to four speech-processing shelves. The NAV system
can accommodate applications requiring from 24 to several
thousand ports in single and multiple bay configurations.

The heart of NAV is a speech-processing subsystem
known as the service controller. The service controller is
comprised of a shelf of printed circuit cards and supporting
software. NAV voice-processing technology is designed
around the NAV bus, which combines an industry-standard
VME computer bus with a proprietary digital voice or pulse
code modulation (PCM) bus. (The PCM bus is based on
Northern Telecom’s DS-30 serial digital voice transmission
standard used by DMS, Meridian Norstar, and Meridian 1
products.)
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The service controller houses the main circuit cards as
shown in FIG. 2, which include the following:

the digital trunk link (DTL) cards (103), proprietary cards
that process incoming voice and data signals from the
DS-1 digital network trunk and transmit them to the
VME voice bus;

the time-slot interchange (TSI) card (104), a proprietary
card that uses a custom silicon chip set developed for
Northern Telecom’s Meridian Norstar digital key tele-
phone system to implement a 512 by 512 switching
matrix for voice slot management. This matrix allows
the DS-0 channels that enter the DTL card to be
dynamically switched to the voice channels on the
multi-channel telecommunications link card;

the multichannel telecommunications link (MTL) card
(106), a proprietary card that terminates the voice
signals generated by the TSI card uses digital signal
processing to implement such functions as word end-
point detection, speech recording and playback, com-
pression and decompression, and speech concatena-
tion; and detects dual-tone multifrequency tones
entered by the person interacting with the system;

the speech recognition processor (SRP) card (105), a card

for providing the computing power needed to support
real-time speech recognition. The SRP further pro-
cesses the speech information captured and pre-
processed by the MTL card, selects the sequence of
phoneme models in the recognition vocabulary that
most closely matches the spoken word being
recognized, scores the acceptability of the selected
phoneme sequence using an accept/reject decision
logic mathematical distribution matrix, and sends the
result to the real-time service processor (RSP) card
(102), a commercially available card that provides a
third-party real-time operating system, called pSOS+,
to perform real-time tasks, such as audio and resource
management, and service control;

the master service processor (MSP) card (101), a com-

mercially available card that uses a UNIX operating
system to support computing and operations,
administration, and maintenance functions. The MSP
card provides an Ethernet controller, and a Small
Computer Systems Interface (SCSI) to support disc and
tape systems; and

the input/output controller (I0OC) (107), a commercially

available card that supports X.25 packet-switched data
links to information sources, such as attendant
functions, external to the NAV.

FIG. 3, speech recognition processor:

FIG. 3 shows some of the elements on the speech recog-
nition processor card 105 shown in FIG. 2. A VME bus
interface 121 connects digital signal processors (DSP) to the
rest of the system. There might be six or eight of these on
each card. Only two are shown, for the sake of clarity. Each
DSP has its own local cache memory 122, and local cache
control functions 124, which may comprise dedicated hard-
ware or may be incorporated in the software run by the DSP
chip. Depending on the type of proprietary DSP, the local
cache memory 122 will be connected to the bus interface
121 and to the DSP 123. Global memory 125 is also shown.

Normally the DSP will have a number of internal registers
for storing data or instructions. These will give the fastest
access times, since they are on board the integrated circuit
which forms the DSP.

The local cache memory 122 may in some cases be on
board, but is typically fast external memory. For a CISC/
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RISC processor, the cache can be managed automatically by
a compiler when compiling the programs run by the
processor, or it can be managed by the operating system, or
by the processor hardware. For many DSP architectures,
local memory is used in place of the automatic cache. Local
memory would be managed by the programmer and for the
present purposes, is considered to be equivalent to a cache.

The cache memory will be of limited size, for reasons of
cost, space, and power consumption. Thus according to the
requirements of the application, it may be necessary to
provide larger, slower main or global memory, usually in the
form of RAM on board the same card, but conceivably
located elsewhere, and accessible via the VME bus. Most or
all data read from the global memory 125 will then be copied
simultaneously into the local cache memory 122 to enable
future references to that data to be faster, since it need only
retrieved from the fast local cache memory. The detailed
structure for controlling the local cache memory, to keep it
up-to-date or to control the addressing of the local cache
memory, can follow well established principles, and need
not be described here in more detail.

FIG. 4, speech recognition steps:

FIG. 4 shows in schematic form the main steps in the
known word recognition step 14 shown in FIG. 1. Following
word end point detection, each word is input as a series of
observations in the form of cepstral vectors 20. At 21, a
comparison or matching step is carried out. For each obser-
vation in the series, a probability is calculated of the
observations so far being the same as each of the multiple
paths represented in the stored HMM trellis. As shown at 22,
this comparison step is repeated by following loop 1 for each
model in the form of an HMM. The best score for each state
in the trellis for the particular observation, is stored for use
in calculating the probability scores for the next observation.
As shown at 23, the process is repeated via loop 2 for the
next observation, until all the observations have been pro-
cessed.

This method of calculating all the relevant scores for one
observation before moving on to the next observation results
in the order of making the calculations corresponding to the
order of receiving the observations. Also, it is intuitively
well-matched to the way that equations of methods such as
the Viterbi algorithm, are commonly understood and
explained.

FIG. 5, speech recognition steps according to an embodi-
ment of the invention:

FIG. 5 shows features of an embodiment of the present
invention. A word recognition method is illustrated, as could
be used for example in the word recognition step 14 of FIG.
1. At 30, the first observation in the first block is input, ready
for comparison with the first model. At 31, the observation
is compared to the model. At 32, loop 1 is taken, to enable
comparison of the next observation in the block, to the first
model. Once all the observations in that block have been
compared, and scores determined for the likelihood of a
match, at 33, the next model is input and loop 2 is followed.
All the observations in the same first block are then com-
pared to this next model. This is repeated until all the models
have been compared, and at 34, the whole process is
repeated for the next block of observations, by taking loop
3.

FIGS. 6, 7 table of scores indicating the order of calculating
the scores:

The effect of the distinctions of FIG. 5 over the method
illustrated in FIG. 4, will now be explained with reference to
FIGS. 6 and 7. FIG. 6 shows a table of scores, in percentage
terms, for each match between an observation and a model.
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Arrows through the percentage scores illustrate the order of
calculating the scores. The actual percentage scores shown
are not realistic figures, but merely examples for the purpose
of illustrating the order of calculation.

For explanatory purposes, the series of observations mak-
ing up the word being recognized are shown as individual
letters, making up the word ABACUS. In practice, the
observations are more likely to be much smaller fractions of
the word, to enable reasonable accuracy. Only four models
are shown, in practice there may be many more, and they
may be smaller parts of speech than words, or they may be
combinations of words. There is no need for them to be in
alphabetical order or any other order. As can be seen, starting
with the first observation “A”, a score of 5% is shown for the
match with the model word “ABRAHAM?”. Next, the com-
parison between the same observation “A”, and the next
model word “BEACH?”, is carried out, giving a score of 1%.
Once all the models have been compared to the letter “A”,
the next observation “B” is compared to each of the word
models in turn.

The process continues until all observations have been
compared to all models. Once consequence of this known
method is that where either the number of models is large,
or where each model is large, it is less likely that the first
model will still be in the cache when it is to be used a second
time, for comparison with observation “B”. Likewise, when
the second model word “BEACH” is compared against the
second observation, “B”, the model is unlikely to be still in
the cache. Accordingly, every model must be brought in
from main memory each time it is used.

This means that for each iteration of loop 1 in FIG. 4, the
model would need to be read in from global memory.

FIG. 7 shows the effect of the block algorithm shown in
FIG. 5. The order of calculating the scores is changed so that
a number of observations are compared to the same model
in loop 1 of FIG. 5, before the next model is loaded, and the
same observations are compared to the next model.
Effectively, the order of processing has been altered by
inverting the order of the loops. It enables global memory
accesses to be executed only once per block per model,
instead of once per observation per model, which can have
a dramatic effect on the time of execution of the process. The
size of the block is a parameter which can be varied
according to requirements of the application. If the block
size is too large, the processing delay may be too long
because processing of the first model can only be completed
when all the observations in the block have been input. Also,
there are more calculations to be carried out after the last
observation has been input, and therefore there may be a
longer delay in finishing processing after the last utterance
by the user. Another constraint affecting the size of the block
is that it becomes more difficult as the blocks size increases,
to provide intermediate scores to other stages of the overall
speech recognition process.

Nevertheless, there may be an advantage in better use of
storage space for passing scores forward for use in calcu-
lation of the comparison of the same word against the next
observation. For the cases where the order of processing
follows one of the horizontal arrows in FIG. 7, the calcu-
lation uses the result of the immediately preceding calcula-
tion. In such cases it may be possible to use a small area of
faster memory, such as the cache, for storing the scores,
since there are no intervening calculations. Thus the same
portion of memory can be reused after each match. In FIG.
6 there are no such examples, and in every case, the
preceding scores must be held for some time, with many
intervening calculations of matches with different models.
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before the first score is used to contribute to the calculation
of the comparison of the next observation to the same model.
Thus buffers cannot be reused in the manner described
above.

Furthermore, the block size may need to be matched to the
size of the cache. The cache should be large enough to store
one model and at least one observation. Even if smaller than
this, there may still be some advantage, if at least part of the
model can be retained in the cache, and thus reduce the
number of slower global memory accesses, even if the entire
model cannot be held in the cache.

If the cache is large enough to hold one model and all of
the observations in the block, an additional advantage is
gained in that none of the observations need to be drawn
from global memory for the duration of processing that
block.

The speech recognition system described in more detail
below is based on Flexible Vocabulary Recognition (FVR),
which relies on phone-based sub-word models to perform
speaker-independent recognition over the telephone. Most
applications using this technology are currently based on
isolated word recognition, with a limited word-spotting
capability in some applications. Rejection is an integral
component of the technology, since the system must detect
both its own recognition errors and when the user has said
something that it cannot understand, in order to provide
reliable performance. The sub-word models use hidden
Markov modelling.

Feature Extraction

The purpose of the signal processing component is to
convert the utterance, which is a series of samples of speech,
into a more compact series of feature vectors. Besides being
more compact, the feature vectors provide better speech
recognition performance since they tend to remove many
speaker-dependent effects and improve the robustness of the
system to noise. The feature vector currently consists of 15
elements, which are constructed from the mel-cepstral coef-
ficients (refer to Deller et al.). The first seven elements of the
feature vector, often referred to as the static parameters, are
the cepstral coefficients c,, . . ., c,. The remaining eight
elements, often called the dynamic parameters, or delta cep,
are dc,, . . . , 0c,, which are estimates of the first derivative
of each cepstral coefficient.

There are three types of feature vector, or cep, in use. The
first is standard cep, which is based on the usual mel-cep.
The second, which is called equalized cep, uses a simple
noise model to remove some of the effects of noise in the
utterance. The last, called enhanced cep, uses cepstral mean
subtraction to remove some of the channel-dependent
effects. The calculation of the standard cep is taken from
Sharp et al. (1992).

In standard cep, the observed speech signal (y(t) ),
sampled at f =8 kHz, is decomposed into overlapping frames
of duration N, =204 samples, and overlap N =102 samples.
A power spectrum is computed for each frame, using a
K=256 point FFT. Log-channel energies (LCE) are com-
puted by passing the spectrum through a triangular filter
bank. Finally, the energies are transformed into the mel-
cepstrtum (MEL-CEP). Each frame is represented by a
15-dimensional vector consisting of seven static MEL-CEP
parameters, seven dynamic MEL-CEP parameters, and one
dynamic energy parameter.

Flexible Vocabulary Recognition (FVR)

FVR attempts to produce a set of models for a new
application or task without requiring task-specific training
data for the models. Ideally, the application builder would
provide a list of words to be recognized, hit “Return”, and
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the FVR process would automatically construct a load,
including the models to be used, lexicon, and the language
model (in a continuous-speech application). Although hav-
ing accoustic models which accurately model speech, even
for novel tasks, is crucial for a successful system, FVR also
relies on the ability to predict how people are going to
pronounce words, based simply on the orthography. This, in
itself, is a fairly daunting problem, for many reasons,
including:
1. speaker variability—different speakers tend to pro-
nounce words differently, depending on their
background, and the environment.

2. different accents—the accent can vary widely, even in
the same country (compare Newfoundland with
Ontario, or Georgia with New York City).

3. non-English words—many proper names (such as
locality and company names) do not originate from
English, so that even native speakers may not be sure
how they are pronounced.

4. non-native speakers—even humans may have difficulty
understanding non-native speakers with strong accents.
Some of these problems have been dealt with, at least to
some degree, even if only by collecting the appropriate
training data. For others, such as strongly different accents,
collecting some training data for the accent region to use as
the basis for modelling may be the only solution.
FIG. 8, Accoustic Modelling, and a basic HMM topology:

The first step is to determine which allophones to use.
Allophones are accoustic realisations of individual
phonemes, in particular phonetic contexts, i.e. dependent on
what comes before or after it. Having decided on a set of
allophones to use, it is necessary to find models for each
allophone that can be used to recognize utterances. The
modelling paradigm used here is to construct models using
hidden Markov models (HMMs) (see Deller et al. 1993,
Rabiner 1989) (sce FIG. 8). The HMMs for the allophones
can be easily concatenated together to produce word models.
Essentially, an HMM is a finite state machine, with prob-
ability distributions (pdfs) attached to it. A basic assumption
of the HMM paradigm is that the random process modelled
by each state is stationary for the duration of the state. In this
way, speech, which is non-stationary, can be modelled as a
series of piece-wise stationary segments.

The primary tool for training and testing models is a C++
program and library that allows many functions related to
HMMs to be performed. In addition, if it is intended to be
used as a research tool, it should be easy to modify, and
support a very flexible set of model topologies, and arbitrary
parameter tying.

HMDMs are assumed to be transition based. That is, if the
HMM is used to actually generate a random process, then
observations are produced when a transition is traversed. In
the transition-based topology, each transition leaving a state
may have a different pdf to model it. A disadvantage of the
transition-based approach is that the transitions from one
state to another may tend to be less well trained, since fewer
frames may be aligned to them than the self-loops. To avoid
this problem, as well as to reduce the number of parameters,
a state-based topology can be used, where the pdf is state-
dependent, and all the transitions out of the state share the
same pdf. This is achieved by tying together the pdfs of all
the transitions leaving a state.

Each pdf is assumed to be a mixture of N-variate Gaussian
distributions, where N is the dimensionality of the feature
vector. Recall that the pdf of an N-variate Gaussian pdf has
the form
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where x is the N-dimensional observation vector, u is the
mean vector, and C is the covariance matrix. A single
Gaussian distribution is unimodal; that is, it has a single
mean. To more accurately model speech, it is necessary to
use multimodal distributions; that is, pdfs that have more
than one mean. A multimodal Gaussian, or mixture
distribution, is obtained by taking a weighted sum of uni-
modal pdfs; that is,

u (EQ.2)
F@ =) wifi@

i=1

where 2;,=1, to ensure that the pdf integrates to 1, and

(EQ. 3)
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is the unimodal pdf of each mixture component. In theory,
a Gaussian mixture distribution can match an arbitrary
distribution, arbitrarily closely, if there are sufficient mixture
components. In most cases, speech can be modelled with a
fairly small number of mixture components (from 5 to 40,
depending on the type of models and the application).
Exactly how many mixture components should be used is
still an open problem. A larger number of mixture compo-
nents will cover the acoustic space better, but if there are too
many, it may be impossible to train them well, and the
computation overhead may become too expensive. One way
to overcome, at least to some degree, these two opposing
constraints is to use the same mixture components in more
than one mixture distribution. Such an approach is called
tied-mixtures. There are many possible ways in which the
mixture components may be tied. For example, as in the
original tied-mixtures research, a large number of mixture
components may be used, where each mixture distribution
has the same underlying unimodal distributions, but the
mixture weights are dependent on the state in which they
occur. Another approach would be to constrain all the
allophones of a phone to share the same mixture
components, with allophone-dependent mixture weights.
To support such a wide variety of potential tyings, a
flexible model structure should be provided (the price of
such flexibility is that it is not always simple to set up the
models, since a certain amount of careful book-keeping
must be done). Briefly, the C++ program and library is
constructed in terms of layers of pools, and each layer
contains pointers to the layer below. At the bottom layer,
there are rotations (the rotation is determined from the
covariance matrix—see below). The next layer contains
pdfs, which consist of a mean vector and a pointer to a
rotation. Pdf sets are collections of pointers to pdfs. A
mixture contains a pointer to a pdf set and a vector of
mixture weights. The fenone, which is essentially a state in
the HMM, contains pointers to several mixtures (one for
each transition out of the fenone), a set of transition weights,
and the destination state for each transition. The next higher
layer is the state layer, which has pointers to fenones
(usually, each state has one fenone associated with it).
Finally, there is the model layer, which is a collection of
states and represents the HMM, which itself typically mod-
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els an allophone. This notion of pools clearly supports a
wide variety of tyings, but it is also necessary to keep careful
track of the pointers. Tools do exist that provide basic
schemes with a minimum of effort on the user’s part, but
more sophisticated schemes require their own tools.
The Rotation Matrix

A rotation matrix is a covariance matrix that has been
transformed to reduce the number of floating point multi-
plications. During training and recognition, it is necessary to
make computations of the form

(=) 'CiH (x-y) (EQ. 4

for each mixture component in the model set (Equation 4 is
referred to as a Mahalanobis distance). Exactly how these
values are used is shown in Section 4.0. The problem with
applying Equation 4 directly is that it contains a large
number of redundant computations, particularly when the
total number of rotations is reasonably small (which is
usually the case). Using several tricks, it is possible to
reduce the number of multiplications significantly.

The first trick involves decomposition of the inverse of
the covariance matrix into a product of two matrices of the
form

C=LL, (EQ. 5)

where L is a lower triangular matrix (that is, all of its
components above the main diagonal are zero). This
decomposition, using the Cholesky algorithm, is possible
because the covariance matrix is always positive definite
(that is, all of its eigenvalues are positive). The Cholesky
algorithm is simple, fast, and numerically stable.

Equation 4 can be rewritten as

(oot LL et = (6Lt L)L 5L ), (EQ. 6)

and, observing that Lx=y and L=z, Equation 4 reduces to

(=) 'CH (ept)=y'y-2y' 242z (EQ.7)

where z and 7'z are precomputed. The y’s are computed at
each frame by multiplying the observation vector x by each
rotation matrix L in the model set (this is where the assump-
tion that the number of rotations matrices is relatively small
comes into play).

FIGS. 9,10 The Viterbi Algorithm, and a trellis of an HMM:

Given a set of HMMs, which will be assumed to be
modelling allophones, a lexicon, and an utterance, it is
necessary to determine the likelihood of the utterance
matching an entry in the lexicon. This likelihood will be
used to train the models and, during recognition, the lexical
entry with the maximum likelihood will be the recognizer’s
choice for what the utterance is. The Viterbi algorithm is a
dynamic programming algorithm originally applied to
operations research, and since applied nearly everywhere
else (refer to Rabiner 1989 for more details). Basically, the
set of HMMs and the lexicon (for recognition) or transcrip-
tion (for training) are transformed into a trellis. The Viterbi
algorithm finds the most likely path through the trellis.

As an example of the Viterbi algorithm, consider an
utterance, which consists of the series of observations,
0={04, 05, . . . , 07}. The observations are the cepstral vectors
determined by the feature extraction step. As well, to sim-
plify the example, only a single HMM is considered. Recall
that an HMM is represented by a series of states connected
by transitions. The trellis is simply another representation of
the HMM, where a copy of the states is placed at each time,
and the transitions go from one state at time t to another state
at time t+1 (see FIG. 9).
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Finding the Best State Sequence

Basically, the Viterbi algorithm finds the state sequence,
or path, through the trellis that best corresponds to the
observation 0. For each state at each time, the likelihood of
the best path arriving at that state at that time is maintained.
To see how this is done, suppose that the algorithm has been
applied up to time t-1. Let S(i, t) be the likelihood, or score,
of the best path arriving at state 1 at time t. It is computed by
finding

S(5,D=max [p;:S(,--1)P(oj,)],

where P(0,)j,i) is the probability of the observation at time t,
0,, given the transition going from state j to state i, which is
the likelihood defined by Equation 2, and py, is the transition
probability from state j to state 1. The best state sequence is
defined as the path that has the best score at time T, and
usually ends in the terminal state of the HMM (by
assumption).
Solving the Underflow Problem

Apractical problem of directly applying Equation 8 is that
the scores are likely to be extremely small numbers, and get
smaller as T becomes larger. This results in serious numeri-
cal underflow problems. The simplest solution is to retain
1nS(i,t) instead of S(i,t). This is very convenient for the
computation of the likelihoods, since the exponentiation is
no longer necessary. Therefore, Equation 3 becomes

(EQ. 8)

N 1 1 . EQ. 9
lnf;(x)z—zanJr—zlnlcil—E(E—Ei)ql(g—ﬁi) EQ9)

(where the products are computed using the rotations as in

Equation 7).

The Viterbi Approximation for Mixture Distributions
Logarithms solve the underflow problem, but introduce a

new problem, involving the calculation of the logarithm of

a sum. Let J be the value of j that satisfies the max in

Equation 8. Then, using logarithms,

118, =115, t-1)+1nP(o,[,i)+1np,, (FQ. 10)

The problem is that, using Equation 2, P(oJI,)=2W, _f, .
(0,), since the observation densities are modelled by mixture
distributions, but only 1nf; (0,) is being computed. If there
are only two terms, say 1np, and 1np,, then the fastest and
most numerically stable method of computing 1n(p,+p,) is
to use

inp2-1npl]

1nlpy+p,J=1np,+1n[1+e (EQ. 11)

The trick used in Equation 11 is appropriate for the addition
of two components, but the number of mixture components
is generally much larger than two. To solve this problem, an
approximation is used:

1nP{J, iy=max,[1nw, +1nf; (0] (EQ. 12)

based on the observation that if the mean of each mixture
component is sufficiently far from the others, then 1nP(J,i)
will be dominated by the mixture component which is
nearest to o, since o, will be in the tails of the distributions
of the other mixture components. This turns out to be the
case most of the time. Effectively, this approximation con-
verts a single transition from state J to state i, with prob-
ability p;;, and a mixture distribution, to M parallel transi-
tions from J to i, each with a transition probability p;w;,,,
and a unimodal distribution.
The Block Viterbi Algorithm

Consider the trellis shown in FIG. 10. As described above
with reference to finding the best state sequence, the Viterbi
algorithm finds, for each state,
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si(=max]u(t),s, ((=1)+b, (1)]
sy()=max[s (t=1)3+b,(1),5,(t-1)+b5(0)]
s3(=max[sy(t-1)+b4(0),55(t-1)+bs(0)]

v(B)=s5(t-1)+bs(0) (EQ. 13)

where u(t) corresponds to the input scores to the HMM (the
output scores of the previous HMM in the word model)
between frames t and t+1, b (t) is the score of transition I for
frame t (determined as in Section 4.4), and v(t) is the score
at the output of the ENM between frames t and t+1.

The usual implementation of the Viterbi algorithm
(referred to as the frame-synchronous Viterbi algorithm) is:

for each frame t
for each HMM m
apply Equation 13.

In other words, frame t is processed for every transition of
every model before frame t+1 is processed.

The block Viterbi algorithm processes frames in blocks,
simply by changing the order of the loop:

for each block b

for each HMM m
for each frame t in the current block b
apply Equation 13.

For each block, u is assumed to be available (for the inputs
to the first HMMs, it is initialized appropriately, and for all
other HMMs, the order of their processing ensures that it is
available when it is required). Using u, the output scores for
the HMM v are calculated for every frame of the block and
passed to subsequent HMMs. At the beginning of the block,
the trellis state values ( s,(t),8,(t),s5(t) ) are restored to the
values they had at the end of the previous block. The vectors
of scores, u and v, are called score buffers. The optimization
of the block Viterbi algorithm is discussed further below.

The block size is typically 40. The advantage to the block
version of the Viterbi algorithm is that it uses memory more
efficiently, both in terms of speed of access and limiting the
amount of memory required.
The Training Algorithm

Once the allophones have been chosen, models must be
trained. There are several techniques that can be used to train
models, all based on iterative approaches, where an initial
estimate of the parameters of the models is progressively
refined. Historically, the first method, referred to as the
Baum-Welch algorithm, is a variant of the E-M algorithm
(see Deller et al. 1993, Rabiner 1989). The method used
here, which is less expensive in terms of computation than
the Baum-Welch algorithm, is based on the Viterbi algo-
rithm. Both of these methods are variants of maximum
likelihood estimation (MLE), which means that they attempt
to maximize the average likelihood of the training tokens,
according to the model parameters. More recently, methods
that attempt to maximize the discrimination between com-
peting models have been considered, either by directly
attempting to maximize the difference between the correct
model and the other models, or by maximizing the mutual
information (for example, see Normandin 1991).
Recognition

Recognition is also based on the Viterbi algorithm, but has
a different set of challenges from training. Training of
models is generally done off line, so that the constraints of
speed and complexity are quite generous. For recognition,
the constraints are much tighter, particularly for real appli-
cations. Applications use a Speech Recognition Processor
(SRP), which uses six CPUs to perform the recognition. The
SRP has only a finite amount of memory, which places
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constraints on the number of parameters (basically, the
number of means and, to some degree, the number of
models) in the model set. As well, the typical specification
for processing delay is that the recognition must be “real-
time plus half a second,” which means that the recognition
must be complete no more than half a second after the end
of the utterance (ideally, the end of the utterance is where the
person stops speaking).

As well as operating under strict constraints of memory
and time, recognition must also be more robust than training.
Typically, people using speech applications will make errors
and say things that are not in the vocabulary of the recog-
nizer. For real applications, it is necessary to detect these
circumstances, as well as the cases where recognizer is itself
in error. The process of detecting such conditions is called
rejection.

The Basic Recognition Algorithm

As mentioned above, the recognition algorithm is based
on the Viterbi algorithm. It consists of two steps. The first,
called the fast-match, is, as its name implies, a first fast pass
through the utterance, which returns several choices
(typically on the order of 20 to 30) that are most likely to
include what the person has said. The second step, called
rescoring, performs a more expensive algorithm on each of
the choices returned by the fast-match. The top choice after
rescoring is what is returned by the recognizer as being what
the person has said. As well, for rejection, it is necessary to
have a second choice, to compare to the first. The idea of the
second choice is that if it is too close to the first choice, then
there is not enough confidence in the recognition result, and
it should be rejected.

Lexical Graphs

Typically, the recognition vocabulary, or lexicon, is a list
of words or phrases, each of which has one or more
transcriptions. Although the current technology is based on
isolated word recognition, people often do not say the word
or phrase in isolation. For example, for a directory assistance
task, where the first step is to recognize the locality name,
the person may not be sure of the locality, and so may say
“Ah, Ottawa”, or “Ah, Denver”, instead of simply “Ottawa”
or “Denver”. As well, people also have a tendency to be
polite, even to machines, so that they may say “Denver,
please”. To handle these cases, a limited word-spotting
approach is used. An utterance is assumed to consist of an
optional prefix, a core, and an optional suffix. The core is
basically the desired recognition vocabulary (for the locality
recognition, it would be one of the list of localities in the
lexicon). Often, most of the utterances in an application can
be modelled in this way, using a relatively small number of
prefix and suffix entries.

To reduce the complexity of the recognition task, each
part of the lexicon is specified by a graph. For example, the
supported prefixes might be

Ah

Ah, For

For

It’s in

Ah, in

Ah, it’s in

There is a large amount of overlap between the entries,
and merging them into a lexical graph will result in a smaller
task.

Each branch on a lexical graph represents a sequence of
one or more models, which means that each branch also has
a trellis, formed by the states of each model on the branch.
Therefore, the lexical graph has a large trellis, which is
constructed by connecting the trellises for each branch
together.
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FIGS. 11, 12, 13, The Fast-Match (first pass)

Given a lexical graph and the corresponding trellis, the
Viterbi algorithm can be used to determine the score of each
leaf in the lexical graph. However, this will take too long. If
the number of states in the trellis can be substantially
reduced, then the Viterbi search may be fast enough. To
achieve a reduction in the number of states in the trellis, the
fast-match collapses all the states of each model into a single
state, making each transition in the model a self-loop of the
single state. As well, a minimum two-frame duration is
imposed (see FIG. 11). At each frame, the observation vector
is aligned to the nearest mixture component of all the
mixture components in the model. The price of this reduc-
tion is a loss in temporal constraints, which means that
mixture components in the last state of the model may
appear before those in the first state. In practice, this effect
is usually not very strong, since the Mahalanobis distance
dominates the likelihood of the path.

During the fast-match, the Viterbi algorithm is applied to
the reduced trellis, to produce a score for each leaf of the
lexical graph. A list of the top M scores is compiled, and
passed to the rescoring algorithm. The measure of the
performance of the fast-match is the fast-match inclusion
rate. The job of the fast-match is to have the correct choice
appear somewhere in its list of the top M fast-match choices.
Typically, the fast-match inclusion rate is very high—well
over 90% (this is application/vocabulary dependent—for
many applications, the top 30 choices include the correct
choice 99% of the time).

The blocked fast match algorithm is similar to the non-
blocked version. In the non-blocked version, the two state
scores, s; and s,, are initialized to u; and ~°, respectively.
For the first block of frames, they have the same initializa-
tion. At the end of the block, s, and s, are remembered. At
the beginning of the second block, and are initialized to the
values they had at the end of the first block.

For the blocked fast match, it is necessary to store two
floats (the values of S; and s,) for each branch of the graph.
These values can be stored in global memory, requiring
2Ny, unenes l0ats in global memory. The local memory that
is required is now (B+1)N,, ., +2. Since B<<T (which is the
number of frames) typically (utterances of several hundred
frames are common), there is a substantial reduction in the
amount of local memory that is required. This array of floats
is referred to as the trellis since it stores the current values
of the trellis state scores used by the Viterbi search.
Optimization of the Block Fast-Match Algorithm

The block Viterbi algorithm has been optimized in several
ways to make it as fast as possible and to reduce the amount
of memory it requires.

The first optimization is to minimize the number of score
buffers that are required. Consider the lexical graph in FIG.
12, where each branch consists of a single allophone model.
The nodes of the graph correspond to the inputs and outputs
of the HMMs shown in FIG. 10; that is, the input node of
branch corresponds to the score buffer and the output node
corresponds to v. Since there are 10 nodes in the graph, we
need at least 10 score buffers. However, not all of them are
required at the same time, so that the actual number that is
required is much less than 10. For example, in FIG. 12, the
initial score buffer is score buffer SBO0. It is used to deter-
mine the scores for score buffer SB1. Score buffer SB1 is
used to determine the scores for score buffers SB2 and SB3.
Once SB2 and SB3 have been determined, the scores in
score buffer SB1 are no longer required so that score buffer
SB1 can be reused to hold the scores at the outputs of
branches d and e. Thus, only 4 score buffers are actually
required.
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The number of score buffers that are required for a given
vocabulary depends on the vocabulary and the models. For
several thousand branches, the number of score buffers is
typically around 20-30.

Optimisation by approximation to reduce the number of
floats

The next optimisation reduces the number of floating
point calculations that are required. Consider the fast match
model shown in FIG. 13. For a fast match model, Equation
13 becomes

Verr=Sytdy
S,=5,+d,

sy=max[i,, ,5,+d] (EQ. 14)
where each transition has the same distance d, because of
the fast match approximation.

In Equation 14, there are two floats for each branch of the
graph. It is possible to reduce this to one float per branch. To
see how, it is convenient to re-write Equation 14 to explicitly
show the time indices of s; and s,:

Vo =5o()Hdy (EQ. 15)
Sy(t+1)=s,()+d, (EQ. 16)
s1(tHD)y=max]n,, 1,5,(H+d; | (EQ. 17)

First, Equation 17 can be re-written as
s1(t+ D) =max(ity, 1,5,(¢+1)] (EQ. 18)

By shifting the time index, Equation 18 is equivalent to

sy ()=max{u,,5,(1)] (EQ. 19)

Interchanging Equation 16 and Equation 17, and substituting
Equation 19 for Equation 17, we have

Vir=5>(D+d(?)
sy()=max{u,, s,(9)]

Sy(tH1)=s, (D+d(0) (EQ. 20)
Finally, we can re-write Equation 20 in terms of a single
float. With the initial conditions s=—00 and v,=-o00,

Vera=s+d(D) [s=s,(9)]
s=max[u,, s] [sCLHS)=s,()]

s=s+d(t) [s(LHS)=s,(t+1)] (EQ. 21)
for t=1, . . ., T, and LHS refers to the value of s on the
left-hand side of the assignment.

For the blocked version, s is initialized to the value it had
at the end of the previous block.

By converting Equation 14 to Equation 21, it is only
necessary to store one float per graph branch. In other words,
Equation 21 requires half the global memory that Equation
14 requires.

This simplification is optimal for when there is just one
block. If there is more than one block (the usual case), this
simplification is slightly suboptimal. If the optimal path
crosses an HMM boundary exactly at the block end, the path
will be lost. However, the effect of this is usually minimal
since the next best path that crosses the HMM boundary one
frame earlier or later (thus avoiding the HMM boundary at
the block end) will have almost the same score.

5

10

15

20

25

30

35

40

45

50

55

60

65

20

FIG. 15 Optimisation by predetermining branch type

The final optimisation is the use of multiple branch types,
each with a slightly different algorithm for determining the
output score buffers. As shown in FIG. 15, according to the
branch type optimization, the type of branch processing to
be used for each branch in a lexical graph comprising
multiple branches is determined at 2085, for a given block. At
206, the observations are compared. At 210, the process
loops back for each observation in turn, until the end of the
block. At 211 the process loops around again for each model.
Within the comparison step, the current observation is
compared by inputting a score from a previous comparison
at 207, then calculating the new score at 208, using an
algorithm appropriate to the type of branch. These steps are
repeated for the current states on each of the various
branches, and the new state scores are stored for use in
matching the next observation.

Note that the type of branch is selected once per block. It
is not necessary to check for each observation how the
buffers should be updated. Also note that the selection of the
branch type (which can be done with a case statement) is
performed so that the test for a normal branch is done first.
This is because the normal branch is the most common type.

Because it is not necessary to test for the branch type
during the branch processing, the algorithm becomes
simpler, particularly for the normal branch type. This sim-
plification makes it easier for the compiler to pipeline the
algorithm. This also contributes significantly to the increase
in speed by using the block algorithm.

The block Viterbi algorithm has been described for a
typical HMM topology. Other topologies or approximations
(such as the fast match) may permit even more
simplification, allowing even faster pipelining.

The different branch types

There are four basic branch types in the block Viterbi
algorithm. Each requires a slightly different method of
calculating scores. As well, each of the basic types, except
the terminal type, has an update version, for a total of seven
branch types. he branch types are (with reference to FIG.
12):

1) normal. This is the most common type. Branches a, b,
¢, d, f, g, 1, and j are normal branches. Equation 14 is for
normal branches (the most common branch type).

2) normal update. This corresponds to a normal branch
whose output score buffer has already had scores put in it
from another branch. Branch ¢ is a normal update branch.
The “update” means that it is a normal branch but that scores
have already been written into the output buffer from the
calculation of another branch (in this case, branch d). Instead
of just setting the values in v (the output buffer for branch
e), the exit scores of branch e are only put in v if they are
larger than the values already there (since the Viterbi algo-
rithm is trying to find the score of the path with the
maximum score).

3) optional. An optional branch is the combination of a
single normal branch and a null branch, where both branches
have the same input node and the same output node. Branch
h is an optional branch. An optional model (typically one of
the silence models) is a model that may be deleted. Thus,
there is null branch that is parallel to the branch containing
the model. This could be implemented as a normal branch
for the model and a null update branch, but it is faster to
combine the two operations into a single branch type. FIG.
16 shows an optional HMM and trellis. The dotted path
shows how the score of u(t) can be copied to v(t) if the path
via the null branch has a better score.

4) optional update. An optional update branch is an
optional branch whose output score buffer is already in use.
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5) null. A null branch corresponds to a null branch in the
lexical graph that bypasses more than one branch.

6) null update. A null update branch is a null branch whose
output score buffer is already in use. Branch k is a null
update branch—a null branch is associated with no frames
so that its input buffer scores are copied directly into the
output buffer. If the branch is a null update branch, the input
buffer score is only copied to the output buffer score if it is
greater than the value already in the output buffer.

7) terminal. A terminal branch corresponds to a leaf node
of the lexical graph and indicates that the scores should be
recorded to determine the final choices. Branches f are j
terminal branches.

When implemented, the data structure for each branch
contains the index of its input buffer, the index of its output
buffer, and its type. If the branch is a terminal branch, it also
contains the index of the leaf in the lexical graph to which
it corresponds. Otherwise, the branch contains the index of
the HMM model associated with the branch.

The branches are processed in the order of their index.
The methods for each branch are described below. The block
fast match algorithm loops over a branch list for each block.
The branch list consists of a list of 32 bit words, 1 word for
each branch. The 32 bit word is packed to contain the branch
type, the index of the input buffer for the branch, the index
of the output buffer, a flag that indicates if the input buffer
may be freed, and the index of the model on the branch (or
the index of the orthography corresponding to the lexical
graph leaf if it is a terminal branch).

Normal branch processing

The normal branch processing uses equation 13, as fol-
lows:

1. Restore scores from global memory

2. s;=max[s;,u(0)]

3. for t=0,1, . . . ,B-1

4. v(t+1)=s,+b(1)

5. sy=max[s,+b,(t), s3+bs(1)]

6. s,=max[s;+b,(1), s,+b5(1)]

7. s;=max[u(t+1), s, +b, ()]

Note that the state scores are updated beginning at the last
state and going backwards so that the update can be done in
place (otherwise it would be necessary to have two copies of
the state scores, one for just before the observation and one
for just after). As before, we assume each block contains B
observations. Note that lines § through 7 could be imple-
mented in a loop—the loop has been omitted for clarity.
Finally, there may be fewer than B observations in the last
block of the utterance, but this does not change the basic
principle.

Normal update branch processing

The normal update branch algorithm is identical to normal
branch processing except that line 4 is replaced by:

4. v(t+1)=max[ v(t+1),85+bg(1)]

The additional max is necessary because the output of the
branch (the output of the HMM) only replaces the score
already there if it is the score of a better path.

FIGS. 16,17 Optional branch processing

An optional branch is a combination of a normal branch
and a null branch (see FIG. 16). The null branch has the
effect of copying the score of u(t) to v(t) if the path via the
null branch has a better score, as shown by the dotted line
of FIG. 16. The algorithm is shown in FIG. 17.

Optional update branch processing

An optional update branch is similar to an optional
branch, except that scores are only written to if they are
larger than the score already there. Thus, line 3 of FIG. 11
becomes:
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3. v(0)=max[v(0),u(0)]
and line 5 becomes:
5. v(t+1)=max[v(t+1),u(t+1),s,+bs(t)]
Null branch processing
A null branch is just a straight copy of the input buffer to
the output buffer. The algorithm is:

1. for t=0,1, .. . B {

2. v(t)=u(t)

3.}

Null update branch processing

As with the other update branches, the copy becomes a
max:

1. for t=0,1, .. . B {

2. v(t)=max[u(t),v(t)]

3.}

FIG. 14, pseudo code for the block Viterbi algorithm:

The complete block Viterbi algorithm is shown in FIG.
14. It is assumed that the lexical graph to be scored has a
single root node with input scores specified in the vector.

The code shown is repeated for each block in the utter-
ance. At line 7, the scores at the leaf corresponding to
terminal branch are stored for later use (such as determining
the leaf with the best score at each point, or feeding into the
root of another lexical graph). At line 22, inp is freed. Note
that this does not imply that inp is no longer being used as
an input buffer and will be reallocated. This simply ensures
that the next time inp is used as an output buffer, it will not
be marked in use so the branch will not be marked as an
update type.

At line 18, the branches are actually processed, using the
algorithm tuned for each branch’s type. The algorithms are
all variations of the algorithm for normal branch processing,
where u(t) is the input buffer and v(t) is the output buffer.
Rescoring

At present, the rescoring algorithm is simply the appli-
cation of the Viterbi algorithm to each of the choices
returned by the fast-match, using the original models. The
cost of this second pass is reduced because all of the
distances were computed during the fast-match pass and are
generally saved, so that they do not need to be computed
again during rescoring. Rescoring is actually quite similar to
training. As well, rescoring also extracts more detailed
information about the recognition that is used during rejec-
tion.

The use of more than one rescoring pass is being
explored, where the top few choices after the first rescoring
pass are rescored again using different features (for example,
the fast-match and rescoring pass might use standard cep as
the features, and equalized cep during the second rescoring
pass). This is often helpful, since models based on different
features tend to make different types of errors. However,
there are limitations to how complex the rescoring can
become, if it must be completed during the half second after
the end of the utterance where the complete recognition is to
satisty the real-time plus half second constraint.

Other Variations:

FIG. 18, alternative recognition processor arrangement

FIG. 18 shows an alternative hardware configuration for
carrying out the steps of FIG. 5. A desktop computer 132 is
connected directly to a voice input such as a microphone or
an interface to a telephone line as illustrated at 131. The
desktop computer includes a Pentium processor 133 which
includes an on-chip cache 134. The cache may include fast
memory provided external to the processor. Global memory
would be provided by RAM 135. Such an arrangement could
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be used to carry out some or all of the steps shown in FIG.
1. Clearly, the computer could be linked to other computers
to share the tasks, and perhaps speed the processing.
Sequence of observations

Although the examples described above indicate deter-
mining scores for a given model by processing observations
in the order of their time sequence, it is possible to conceive
of examples or algorithms where this is not essential. For
example, scores may be built up for every second
observation, in their respective time sequence, then
subsequently, scores could be built up for the remaining
observations. Furthermore, if the models were built up to
represent speech recorded backwards, or in some other
distorted time sequence, it might be appropriate to process
observations in reverse time sequence, or a correspondingly
distorted time sequence. Also, pattern matching algorithms
can be conceived which do not build accumulated scores
according to any time sequence. Accordingly the invention
is not limited to processing the observations in a manner
dependent on the time sequence of the observations.
Not all observations in block

Although in the examples described above, all the obser-
vations in a block have been compared to the given model
before moving on to the next model, the invention is not
intended to be limited to comparing all observations.
Clearly, the advantage of reducing memory accesses will
apply as soon as more than one observation is compared to
the same model, before moving on to the next model.
Subset having multiple models

Although in the examples described above, all the obser-
vations in a block have been compared to a single model
before moving on to the next model, the advantage of
reducing memory accesses can apply even if each observa-
tion is matched to a subset comprising multiple models, as
long as the cache is not filled up to overflowing, by this
subset of multiple models. Even if it overflows, there
remains some advantage, as long as some of the cache
memory is not overwritten by the overflow. This could
conceivably be achieved by limiting the size of the subset to
less than the size of the cache, or less than twice the size of
the cache, if the reduced advantage is acceptable.
Part of Cache Overwritten

Alternatively, the cache could be controlled so that for a
given subset, a proportion of the cache is never overwritten,
while the remainder of the cache may be overwritten, and
may be overwritten several times. Thus a first model could
be held in the cache, while second and third models are
compared to the observations in the block. Even if the third
model overwrites the second model in the cache, the number
of cache misses can be reduced if the first model is not
overwritten. Cache misses for the second model can also be
reduced if all the observations in the block are matched to
the second model before moving to the third model.
Other fields of Application

Although the invention has been described with reference
to speech processing, it may prove advantageous in other
unrelated fields of application. For example, complex pat-
tern matching may occur in image processing, or ultrasonic
imaging applications, where complex models may be used,
with a computationally intensive matching algorithm.

Other variations will be apparent to persons of average
skill in the art, within the scope of the claims, and are not
intended to be excluded.

What is claimed is:

1. A computer implemented method of comparing a series
of observations representing unknown speech, to stored
models representing known speech, the series of observa-
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tions being divided into at least two blocks each comprising
two or more of the observations, the method comprising the
steps of:

a) comparing two or more of the observations in one of
the blocks of observations representing unknown
speech, to a subset comprising one or more of the
models representing known speech, to determine a
likelihood of a match to each of the one or more
models;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the
blocks, and thereby recognizing the unknown speech in
terms of the known speech.

2. The method of claim 1 wherein the observations are
represented as multidimensional vectors, for the comparison
at step a).

3. The method of claim 1 wherein the comparison at step
a) uses a Viterbi algorithm.

4. The method of claim 1 wherein the models are repre-
sented as finite state machines with probability distribution
functions attached.

5. The method of claim 1 wherein the models comprise
groups of representations of phonemes.

6. The method of claim 1 wherein the models comprise
representations of elements of speech, and step a) comprises
the step of:

comparing the block of observations to a predetermined
sequence of the models in the subset.
7. The method of claim 1 wherein step a) comprises the
steps of:

comparing the block of observations to a predetermined
sequence of the models in the subset;

determining for each of the models in the sequence, a
score which represents the likelihood of a match with
the observations compared so far;

storing the score in a score buffer for use in determining
scores of subsequent models in the sequence; and
determining when the score is no longer needed, then
re-using the score buffer to store a subsequent score.
8. The method of claim 1 wherein, step a) comprises the
step of:

comparing the block of observations to a lexical graph
comprising a predetermined sequence of the models in
the subset, wherein the sequence comprises different
types of models, and the comparison is dependent on
the type; and the method comprises the step of:
determining the types of the models before the block is
compared.

9. The method of claim 1, the models comprising finite
state machines, having multiple state sequences, wherein
step a) comprises the steps of:

determining state scores for the matches between each

respective observation and state sequences of the
respective model,

making an approximation of the state scores, for the

observation, for storing to use in matching subsequent
observations, the approximation comprising fewer state
scores than were determined for the respective obser-
vation.

10. A computer implemented method of recognising pat-
terns in a series of observations representing unknown
speech, by comparing the observations to stored models
representing known speech, using a processing system hav-
ing a main memory for storing the models and a cache
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memory, the cache memory being too small to contain all the
models and observations, the series of observations being
divided into blocks of at least two observations, the method
comprising the steps of:

a) using the processor to compare a subset of the models
representing known speech to the observations, repre-
senting unknown speech, in one of the blocks of
observations, to recognise the patterns, the subset of the
models being small enough to fit in the cache memory;

b) repeating step a) for a different subset of the modelsi
and

¢) repeating steps a) and b) for a different one of the
blocks, and thereby recognizing the unknown speech in
terms of the known speech.

11. A computer implemented method of recognising pat-
terns in a series of observations representing unknown
speech by comparing the observations to stored models
representing known speech, the series of observations being
divided into at least two blocks each comprising two or more
of the observations, the models comprising finite state
machines, having multiple state sequences, the method
comprising the steps of:

a) comparing two or more of the observations, represent-
ing unknown speech, in one of the blocks of
observations, representing known speech, to a subset
comprising one or more of the models, to determine a
likelihood of a match to each of the one or more
models, by determining which of the state sequences of
the respective model is the closest match, and how
close is the match;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the
blocks, and thereby recognizing the unknown speech in
terms of the known speech.

12. The method of claim 11 wherein the observations are
speech signals, and the models are representations of ele-
ments of speech.

13. The method of claim 11 wherein the comparison at
step a) uses the Viterbi algorithm.

14. The method of claim 11 wherein the models are
represented as finite state machines with probability distri-
bution functions attached.

15. A computer implemented method of comparing a
series of observations representing unknown speech, to
stored models representing known speech, by comparing the
observations to stored models, the series of observations
being grouped into one or more blocks each comprising two
or more of the observations, the models comprising finite
state machines, having multiple state sequences, the method
comprising, for each of the one or more blocks, the steps of:

a) comparing two or more of the observations, represent-
ing unknown speech, in the respective block, to a
subset comprising one or more of the models, repre-
senting known speech, to determine a likelihood of a
match to each of the one or more models, by deter-
mining which of the state sequences of the respective
model is the closest match, and how close is the match;
and

b) repeating step a) for models other than those in the
subset, and thereby recognize the unknown speech in
terms of the known speech.

16. Software stored on a computer readable medium for
comparing a series of observations representing unknown
speech, to stored models representing known speech, the
series of observations being divided into at least two blocks
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each comprising two or more of the observations, the

software being programmed for carrying out the steps of:
a) comparing two or more of the observations, represent-

ing unknown speech, in one of the blocks of

5 observations, representing known speech, to a subset

comprising one or more of the models, to determine a

likelihood of a match to each of the one or more
models;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the
blocks, and thereby recognizing the unknown speech in
terms of the known speech.

17. Software stored on a computer readable medium for
recognising patterns in a series of observations, representing
unknown speech, by comparing the observations to stored
models, representing known speech, the series of observa-
tions being divided into at least two blocks each comprising
two or more of the observations, the models comprising
finite state machines, having multiple state sequences, the
software being programmed to carry out the steps of:

a) comparing two or more of the observations, represent-
ing unknown speech, in one of the blocks of
observations, to a subset comprising one or more of the
models, representing known speech, to determine a
likelihood of a match to each of the one or more
models, by determining which of the state sequences of
the respective model is the closest match, and how
close is the match;

b) repeating step a) for models other than those in the
subset; and

¢) repeating steps a) and b) for a different one of the
blocks, and thereby recognizing the unknown speech in
terms of the known speech.

18. Software stored on a computer readable medium for
comparing a series of observations representing unknown
speech, to stored models representing known speech, by
comparing the observations to stored models, the series of
observations being grouped into one or more blocks each
comprising two or more of the observations, the models
comprising finite state machines, having multiple state
sequences, the software being programmed to carry out for
each of the one or more blocks, the steps of:

a) comparing two or more of the observations, represent-
ing unknown speech, in the respective block, to a
subset comprising one or more of the models, repre-
senting known speech, to determine a likelihood of a
match to each of the one or more models, by deter-
mining which of the state sequences of the respective
model is the closest match, and how close is the match;
and

b) repeating step a) for models other than those in the
subset, and thereby recognizing the unknown speech in
terms of the known speech.

19. A speech recognition processor for comparing a series
of observations representing unknown speech, to stored
models representing known speech, the series of observa-
tions being divided into at least two blocks each comprising
two or more of the observations, the processor comprising:

a) first means for comparing two or more of the
observations, representing unknown speech, in one of
the blocks of observations, to a subset comprising one
or more of the models, representing known speech, to
determine a likelihood of a match to each of the one or
more models; and

b) second means for comparing the two or more obser-
vations to models other than those in the subset; and
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wherein said first means and said second means iteratively
compare the series of observations to the stored models
to therebv recognize the unknown speech in terms of
the known speech.

20. A speech recognition processor for recognising pat-
terns in a series of observations by comparing the observa-
tions to stored models, the series of observations being
divided into at least two blocks each comprising two or more
of the observations, the models comprising finite state
machines, having multiple state sequences, the processor
comprising:

a) first means for comparing two or more of the
observations, representing unknown speech, in one of
the blocks of observations, to a subset comprising one
or more of the models, representing known speech, to
determine a likelihood of a match to each of the one or
more models, by determining which of the state
sequences of the respective model is the closest match,
and how close is the match; and

b) second means for comparing the two or more of the
observations to models other than those in the subset;
wherein said first means and said second means iteratively
compare the series of observations to the stored models
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to thereby recognize the unknown speech in terms of
the known speech.

21. A speech recognition processor for comparing a series
of observations representing unknown speech, to stored
models representing known speech, by comparing the obser-
vations to stored models, the series of observations being
grouped into one or more blocks each comprising two or
more of the observations, the models comprising finite state
machines, having multiple state sequences, the processor
comprising:

a) first means for comparing two or more of the
observations, representing unknown speech, in the
respective block, to a subset comprising one or more of
the models, representing known speech, to determine a
likelihood of a match to each of the one or more
models, by determining which of the state sequences of
the respective model is the closest match, and how
close is the match; and

b) second means for comparing the two or more of the
observations to models other than those in the subset,
to thereby recognize the unknown speech in terms of
the known speech.
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