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(57) In a speech recognition system, a recognition processor receives an unknown utterance signal as mput. The
recognition processor 1n response to the unknown utterance signal mput accesses a recognition database and scores the
utterance signal against recognition models 1n the recognition database to classity the unknown utterance and to
generate a hypothesis speech signal. A verification processor receives the hypothesis speech signal as mput to be
verified. The verification processor accesses a verification database to test the hypothesis speech signal against
verification models reflecting a preselected type of tramming stored in the verification database. Based on the
verification test, the verification processor generates a confidence measure signal. The confidence measure signal can
be compared against a verification threshold to determine the accuracy of the recognition decision made by the

recognition processor.
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In a speech recognition system, a recognition
processor recelves an unknown utterance gignal as input.
The recognition processor in response to the unknown
utterance signal input accesses a recognition database
and scores the utterdnce signal against recognition
models in the recognition database to classify the
unknown utterance and to generate a hypothesis speech
signal. A verification processor receives the hypothesis
speech signal as input to be verified. The verification
processor accesses a verification database to test the
hypothesis speech signal against verification models
reflecting a preselected type of training stored in the
verification database. Based on the verification test,
the verification processor generates a confidence measure
signal. The confidence measure signal can be compared
against a verification threshold to determine the

accuracy of the recognition decision made by the

recognition processor.
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The present invention relates to the field of -
speech recognition and verification generally, and more

particularly to the field of speech verification

training.

Background of the Invention

Speech recognition is a process in which an
unknown spoken utterance is identified. Through a
process known as training, known words or word strings
are examined and features of the words or word strings
are sampled and recorded as recognition models in a
speech recognizer memory. The recognition models
represent typical acoustic renditions of known
utterances. In the training process, a training
algorithm is applied to the recognition models to form
these stored representations which will be utilized to
recognize future unknown words and strings of words.

In operation, a speech recognizer receives an

unknown utterance and extracts features from an unknown
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utterance in order to recognize the unknown utterance.
The extracted features of the unknown utterance are

referred to as a test pattern.

The recognizer then compares combinations of
one or more recognition models in memory to the test
pattern for the unknown utterance. A scoring technique

is used to provide a relative measure of how well each
combination of recognition models matches the test
pattern. The unknown utterance is recognized as the
words assgoclated with the combination of one or more
recognition processor models that most clearly matches
the unknown utterance.

Previous speech recognition practice has
utilized a number "N" of valid possibilities or classes
for speech recognition modeling and model training. In
such an N-class model, all utterance input to be
recognized is assumed to be valid. A recognition model
tor each of the "N" possible classes of existence is
stored in a recognizer memory. All speech input to be
recognized, whether valid or not, is classified as one of
the N classes. The recognizer calculates a score for the

utterance for each of the N models, and matches the
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utterance to the one class (of the N classes) having the
begt score.

The concept of an additional or "N+1" class, in
addition to the N valid classes of recognition, has been

5 developed to provide an agsociated N+1 model (denoted a
"filler" model). 1In such a system, the input utterance
to be recognized is scored against each of the N models
for the N valid classes of input and, additionally,
againgt the N+1 filler class model. The N+1 model is
10 designed to represent all invalid input. Use of an N+1

filler model further refined the recognition process to
consider that an input utterance or a segment of an input
utterance might not be wvalid.

Once an unknown utterance is classified by a
15 @gpeech recognition process, it is often desirable to
evaluate the authenticity of the classification decision
made by the speech recognizer. This can be accomplished
through a two-pass procesgs, wherein an unknown utterance
ig -first recognized (classified) by écoring it against N
20 models representing N possible valid classes. The
recognition model providing the best score is matched to

its assoclated class, which is recognized as a hypothesis
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utterance to be subsequently verified. The hypothetical
recognized utterance is then verified in a second pass
against a filler verification model, which can be similar
to the N+1 recognition filler model discussed previously.

A two-pass speech recognition process enables
recognition of an unknown utterance followed by a
calculated determination of how confident the system is
about the recognition decision. For example, the
recognizer classifies an unknown utterance as a
particular word and the verifier calculates a statistical
likelihood, using a filler model, of that classification
being correct. The verifier is used to make a binary
decision, elther "yes" or "no", whether the recognizer
classified properly.

Utterance verification represents an important
aspect of speech recognition system development.
Utterance verification involves rejecting part or all of
an entire utterance based on a computed confidence score.
This confi-dence score can be based on a likelihood ratio
distance which tests whether or not a word exists in a
given segment of speech. The likelihood ratio distance

is particularly useful in situations where utterances are
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spoken without valid words, with poorly recognized
utterances, or when gignificant confusion exisgts among
words which may generate a high error rate.

Successful performance of utterance
verification in the context of a speech recognition
system 1s closely associated with the effectiveness of
the techniques used to train verification models, which
are used in the verification process. There exists a
deficlency in conventional training methods, which is due
Lo the lack of a direct relation between training and
verification error rate. It has been a problem of

standing interest to find a training method that directly
minimizes the verification error rate.
Summary of the Invention

An advance in speech recognition technology is
provided by the present invention in which a speech
recogni-tion system adopts a two-pass recognition and
verification strategy for recognizing an unknown string
of connected words. According to an illustrative
embodiment of the present inven-tion, the speech
recognition system comprises a recognition procesgsor for

generating a hypothesis string of connected words based
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On an acoustic input string of unknown connected words ;
and, a verification processor which generates a string-
based confidence measure signal respongive to the
hypothesis string of connected words. A recognition
database stores recognition models for usge by the
recognition processor. A verification database stores
verification models for use by the verification

pProcessor.

Recognition in the first pass is performed with
a conventional Viterbi beam search algorithm using a set
of hidden Markov models, which are trained to minimize
string classification error. Utterance verification in
the second pass is performed to verify the recognized
hypothesis string using a set of hidden Markov models

trained with a minimum string verification error (MSVE)

training process, in accor-dance with the present
invention.

A method of training the verification models
stored in the verification database to minimize
verification error is utilized. The training method
involves calculating and minimizing an expected string

verification error.
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In the training process, verification models in
the verification database are first initialized. A known
hypothesis string is selected. The verification
processor generates a first string-based confidence -

meagure signal based on the current verification model

for the known hypothesis string.

One or more competitor string models, which are
confusably similar to the current verification model Ffor
the known hypothesis string, are generated. The one or
more competitor string models are presented to the
verification processor, which generates one or more
string-based confidence measure signals based on the
known hypothesis string and the one or more competitor
string models.

A misverification signal is generated by the
verification processor based on the first string-based
confidence measure signal for the known hypothesis string
and the string-based confidence measure signals based on
the one or more competitor string models. A loss
function signal based on the misverification signal,
provides a gradient which relates verification of the

known hypothesis string based on the current verification
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model for that known hypothesis string to verification of
the known hypothesis string with the one or more other

competitor verification models. The gradient

determination is accomplished utilizing a derivative of

5 the loss function signal.

The verification models are updated to minimize
the likelihood of misverifying an unknown hypothesis
string. The updating process estimates an expected loss
function signal, and iteratively adjusts the verification

10 models responsive to the estimated loss function signal
Lo minimize the likelihood of verification error.

The speech recognition system of the presgent
inven-tion can be operated to generate an optimum
verification threshold signal value for verifying

15 confidence measure signals generated by the verification
processor. The verification threshold signal value
provides the basis for a decision to reject a recognized
hypothesis string and is selected to maintain a
verification error rate.

20 ' A known hypothesis string is input to.the
verifica-tion processor, which is coupled to access the

verification models stored in the verification database.
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One or more competitor string models are generated based
on the known hypothesis string. The one or more
competitor string models are provided to the verification

processor.

The verification processor is operated for a
pre-selected number of rounds to generate a first string-
based confidence measure signal based on a current
verification model for the known hypothesis string, and
to generate a string-based confidence measure signal for
each of the one or more competitor string models based on
the known hypothesis string. A first distribution of
string-based confidence measure signal values based on a
current verification model for a known hypothesis string
18 recorded. . A second distribu-tion of string-basged
confidence measure signal values for the known hypothesis
string and a competitor model is recorded. Respective
means for the first distribution and for the second
distribution are calculated. The verification threshold

signal value is selected and adjusted based on the first

mean and the second mean.
The techniques taught herein are directly

related to minimizing the string verification error rate.



10

15

20

CA 02181205 2000-02-25

9a

In accordance with one aspect of the present invention
there is provided a speech signal processing method of making
a speech recognizer verification model database based on one
or more known hypothesis string signals representing known
speech utterances and a set of current verification models,
the method comprising the following steps: (a) receiving a
known hypothesis string signal representing a known speech
utterance; (b) generating a first string-based confidence
measure signal based on the known hypothesis string signal

representing a known speech utterance and a current

verification model for that signal; (c¢) generating one or more

other string-based confidence measure signals, each such

string-based confidence measure signal based on the known

hypothesis string signal representing a known speech utterance

and another current verification model; (d) computing a
misverification signal based on the first string-based
confidence measure signal and the other string-based
confidence measure signals; (e) based on the misverification
signal and the known hypothesis string signal representing a

known speech utterance, modifying one or more of the current

verification models to decrease the likelihood of misverifying

an unknown hypothesis string signal representing an unknown

speech utterance; and (f) storing one oOr more modified
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verification models 1n memory.

In accordance with another aspect of the present
invention there is provided a speech recognition system for
recognizing a string of connected spoken words, comprising: a
recognition processor for generating a hypothesis string
signal representing an unknown speech utterance responsive to
an acoustic input string of connected spoken words; a
recognition database for storing recognition models; a
verification processor for generating a string-based
confidence measure signal responsive to the hypothesis string
signal representing an unknown speech utterance; and a

verification database for storing verification models.
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Other objects, advantages and salient features
of the invention will become apparent from the following
detailed description, which taken in conjunction with the

annexed drawings, discloses preferred embodiments of the

invention.
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FIG. 1 presents an illustrative HMM-based

speech recognition system according to the present

invention;

FIG. 2 presents a detailed gschematic view of 3
verification section of the illustrative HMM-based speech
recognition system of FIG. 1;

FIG. 3 presents an illustrative enhanced
trainer of FIG. 2;

FIG. 4 presents an illustrative HMM update
processor of the enhanced trainer of FIG. 3; and
FI1G. 5 presents confidence measure signal value
distributions for describing verification threshold
signal value determination.

Retailed Degcription
For clarity of explanation, the illustrative

embodi-ments of the present invention are presented as
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comprising individual functional blocks (including
functional blocks labeled as "procesgsors"). The
functions these blocks represent may be provided through
the use of either shared or dedicated hardware,
including, but not limited to, hardware capable of
executing software. For example, the functions of
processors presented in FIGS. 1-4 may be provided by a
gsingle shared processor. (Use of the term "processor"
should not be construed to refer exclusively to hardware
capable of executing software.)

Tllustrative embodiments may comprise digital
signal processor (DSP) hardware, such as the AT&T DSP16
or DSP32C, read-only memory (ROM) for storing software
performing the operations discussed below, and random

access memory (RAM) for storing DSP results. Very large

gscale integration (VLSI) hardware embodi-ments, as well

as custom VLSI circuitry in combination with a general
purpose DSP circuit, may also be provided.

FIG. 1 presents an illustrative embodiment of
the present invention for purposes of general description
in the context of an HMM-based speech recognition system.

The speech recognition system 8 comprises a recognition



12

processor 10, a recognitilion database 12 including a set
of separate hidden Markov model ("HMM") recognition
models, a verification processor 14, and a verification

database 16 including a set of separate HMM verification

5 models.

The recognition processor receives as input an
unknown speech string 18 (an utterance) of words. The
recognition processor 10 accesses the recognition
database 12 in response to the unknown speech string 18

10 input and scores the unknown speech string of words
against the recognition models in the recognition
database 12 to classify the unknown string of words and
Co generate a hypothesis recognized string signal. The
verification processor receives the hypothesis string

15 signal 20 as input to be verified. The verification
processor 14 accesses the verification database 16 to
test the hypothesis string signal against verification
models stored in the verification database. Based on the
verification test, the verification processor 14

20 generates a confidence measure signal 22. The confidence
measure signal is passed to a threshold comparator 24 to

be compared against a verification threshold signal wvalue
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to determine the accuracy of the classification decision
made by the recognition processor 10.

FIG. 2 presents a more detailed view for
describing verification training and testing processes in
the speech recognition system 8. Referring to FIG. 2,
the speech recogni-tion system comprises a training
speech database 26, a feature extractor 28, a first mode
switch 30, a second mode switch 32, a word-based
confidence score calculator 34, an average word-based
confidence score processor 36, a string-based confidence
measure signal generator 38, a threshold comparator 40, a
conventional HMM trainer 42, an HMM parameter

verification database 44, an N-best string model

generator 46, and an enhanced trainer 48.

-The training speech database 26 comprises

samples of known speech signals in digital form. Each

speech signal corresponds to a string of one or more
spoken words. These samples are used for the purposes of
the conventional 42 and enhanced 48 trainers,

regpectively. Samples of known speech strings from the
training speech database 26 are provided to other

components of the system via the first mode switch 30.
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The first mode 30 switch reflects two
operational modes of the system: a training (T) mode,
and a verification (V) mode for testing. When the first
mode switch 30 is in the T_position (as shown), training
string signals from the training database 26 may be
provided to the balance of the system such that training
may be performed by a training section 50 of the system.
When the first mode switch is in the V position,
hypothetical recognized speech string signals in digital
form are provided to the balance of the system for
verification by the verification section 52 of the
system.

The feature extractor 28 of the system is
coupled to the first mode switch 30. Depending on the
state of the first mode switch, the feature extractor 28
will receive either training string signals or hypothesis
speech string signals. Based on these received string
signals, the feature extractor produces one or more
feature vectors, O, characterizing the string signals for
verification or training purposes.

Feature vectors output from the feature

eXtractoxr are provided to the second mode switch 32. The
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second mode switch operates in tandem with the first mode
switch. That is, both switches are set to the same state
(T or V) at the same time based upon a mode signal 54
provided to both switches. The second mode switch 32
directs the output of the feature extractor 28 to either

the verification section 52 or the training section 50 of

the system.

The verification section 52 of the system can
be selected to test the recognition decisions made by the
recognition processor 10 (FIG. 1). The verification
section 52 shown in FIG. 2 comprises the word-based
confidence score calculator 34, the average word-based
confidence score processor 36, and the string-based
confidence measure signal generator 38.

The feature extractor 28 outputs a series of
frames of feature vectors. Word signals based on the
frames of feature vectors are presented to the word-based
confidence score calculator 34. The word-based

confidence score calcu-lator performs calculations on the
discrete word signals. The word-based confidence score .

calculator 34 matches a string of one or more

verification models (in this casge, hidden Markov models



10

15

20

2181205

16

"HMMs") to each word signal of the hypothetical
recognized speech string signal. The confidence score
calculator 34 generates a word-based confidence gcoxre for
each word signal of the hypo-thesis string signal. The
word-based confidence score calculated for each word
gegment of the string indicates a level of confidence
that each particular word of the hypothesis string was
correctly recognized and accurately corresponds to a word
of the input utterance presented to the speech
recognition system.

The average word-based confidence score -
processor 36 provides a means for performing a
mathematical averaging operation on the sget of word-based
confidence scores generated for each word segment signal
of the hypothesis string signal to generate an average
word-based confidence score signal. The average
confidence score signal is passed to the string-based
confidence measure signal generator 38.

The string-based confidence measure gignal
generator 38 1s coupled for receiving the average
confidence score signal and is responsive to generate a

string-based confidence measure signal. The string-based



10

15

20

2181205

17

confidence measure signal embodies the verification test
regults and provides a measure of the confidence that the
hypothegis string signal presented to the verification
processor accurately represents the actual spoken string
of words.

To verify that the hypothetical recognized
speech string signal presented to the verification
processor ig the unknown speech string of words
originally input to the speech recognition system, the
confidence measure signal is compared to a verification
threshold signal value 40. If the confi-dence measure
signal is below the threshold signal value, then the
hypothesis string signal is rejected as incorrectly
represgsenting the actual spoken input utterance; that is,
the hypothesis string signal presented to the
verification processor could not be verified.

The training section 50 of the system comprises
the conventional HMM trainer 42, the HMM parameter
databasge 44, the N-best string model generator 46, and
the enhanced trainer 48. The conventional HMM trainer 42
18 such as that described by U.S. Patent No. 4,783,804

and provides conventional training of HMMs. The output
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of the conventiocnal trainer comprises a set of one or
more conventionally trained HMMs, 8,, as well as the
feature vectors O of training speech strings on which the
gset of HMMs are based. The output of the conven-tional
trainer 42 is recorded in the HMM parameter database 44
for use by the N-best string generator 46 and the
enhanced trainer 48 as initialization parameters.

The enhanced trainer 48 receives initial
parameters 8; and returns to the HMM parameter databage a
get of enhanced or updated HMMs, ;. Ultimately,
enhanced models, 8,, are provided to the word-based
confidence score calculator 34 during verifica-tion mode
procesging. The word-based confidence gcore calculator's
use of enhanced HMMs, 8,, rather than conventionally
trained HMMs, 8;, provides for achieving a reduced string
verification error rate.

The N-best string model generator 46 is coupled
Lo recelve hidden Markov model (HMM) parameters 6, and
training speech strings O from the HMM parameter databasge
44. The N-best string model generator 46 is operative to
generate a set of string models which are highly

competitive with the current verification model for the
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hypothetical recognized string signal. These competitive
string models provide a basis for discriminative training
of the enhanced trainer 48; that 1s, for training the
verification models so that a correct hypothesis string
signal input to the verification processor will cause the
verification processor to generate an extremely high
confidence measure gignal, and an incorrect hypothesis
string input will cause the verification processor to
generate a low confidence measure signal.

The N-best string generator 46 generates the
"N" begt (or most competitive) string models by

determining the "N" best (competitive) word strings and,
for each such word string, the best sequence of HMM
verification models. Determination of the N-best word
strings is made through use of D8P implementation of a
modified Viterbi decoder.

The modified Viterbi decoder prepares a partial
path map, i.e. a list of all scores (or metrics) of all
partial paths leading to any grammar node (i.e. word
juncture) at every time instant. Then, at the end of the
modified Viterbi forward search, the decoder employs an

A* traceback tree-gearch well known in the art. The
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generator performs the tree-search by growing the top
(best) partial path which is at the top of a "stack" (a
rank ordered datalist). The rank ordering of all partial
paths on the stack is determined by the best possible
gscore .that a partial path can achieve when completed.

The partial path map prepared in the forward Viterbi
search provides a score for any incomplete partial path
in the backward tree search. Due to the "best firgtn
nature of the A* procedure, the top N strings are
generated sequentially.

The admissibility of the A* algorithm, or sure
findings of the optimal path(s), is guaranteed when an
upper bound of the incomplete portion of a partial path
is used as the stack decoder, given the stack depth is
deep enough to avoid any search errors. In the tree
trellis procedure, the tightest upper bound or the actual
score of the path is obtained if the same HMMs are used

in the searches along both directions. As a result, the

search efficiency of the algorithm is maximized and a

stack of N entries is needed.

The generator generates N-best string models

based on the N-best word strings by a Viterbi alignment
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of the input speech string, O, against the model sets for
each given word string in the N-best string list. This
step i8 performed by the generator because there may be
many string models corresponding to the same word string;
but the string model that best matches the input

utterance for a given model set is unique.

It should be noted that the gemerator provides
a capability for modeling unseen competitive strings.
This 1s due to. the fact that competing word string models
generated through N-best decoding are not limited by the
training material. Tﬁe N-best string list is dynamic and
reflects the string level acoustic resolution based on
the given speech verification model set.

Accordingly, the basic verification models in
Lhe HMM parameter database 44 are trained by string
models generated by the N-best string model generator (a
type of speech recognizer). The generated string models
can be based on word strings not present in the original
training material, but which the recognizer finds
confusing with the known hypothesis string signal. These
unseen competitor word strings which the recognizer finds

confusing with the hypothesisg string signal known are
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modeled digcriminatively to improve verification modeling
coverage for such unseen, confusably similar strings.
Modeling which prepares the verification models to
provide a basis for discriminating unseen strings (which
are likely to be confused with a correct string) from the
correct hypothesis string is useful because such modeling
reduces difficulties encountered in continuous gspeech
recognition and verification due to poor string coverage
of the training material.

The operation of the N-best string model
ges8nerator is described in detail in copending U.S.
Application Serial No. 08/030,895 which is aggigned to

the owner of the present application and incorporated by
reference as if fully set forth herein.

In minimum string verification error rate
training, the N-best string level models are incorporated
into a set of discriminant functions specially designed
for representing and reducing string errors. This is
done by operation of the enhanced trainer 48, as

described below.

The utterance verification processor 14 (FIG.

1) operates to formulate and apply a statistical
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hypothesis test to verify a proposed hypothesgis

recognized utterance in the form of a hypothesis string

- s8ignal. The verification process task is to test the

null hypothesis, that a hypothesis keyword or a hypo-
thesis set of keywords exist in an unknown utterance,
against the alternative hypothesis, that such hypothesis
keyword or keyword set does not exist within the unknown
utterance {(i.e., that the proposed recognized hypothesis
utterance 20 1s incorrect).

The verification process is designed using a
likelihood ratio distance calculation to verify the
accuracy of a proposed hypothesis utterance. In
accordarnce with the present invention, utterance
verification models are created (trained) on the string.
level and verification testing is conducted on the string
level. Utterance verification, as taught herein, uses a
form of geometric averaging that combines the
contributions of word-based confidence scores of the word
signal segments to generate the string-based confidence
measure signal for a hypothesis string signal. The
string-based confidence measure signal is verified

against a threshold signal value 40 (FIG. 2) to accept or
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reject all or part of the hypothesis string signal.

Referring to FIG. 2, in verification testing
mode a hypothesized string of words 55 is passed through
the first mode switch 30 to the feature extractor 28 for
presentation to the verification section 52. The
hypothegized string (signal 55) of words i is gsegmented
as a result of the recognition process into N number of
words, {O,}.

The verification section 52 utilizes a given
set of models, 8;, for verification. The verification
gection 52 generates a confidence measure gignal based on
the hypo-thesized string of words based on the current

set of models in HMM parameter database 44. The

hypothesized string of words is rejected if the generated

confidence measure signal

5;(0;8) = logl (1/n) ZNq.lexp{K'L(Oq;Q, 1) }]ax (1)

lies below a predefined verification threshold signal
value 1. Here, X is a negative constant and L(0O,;8, 1)

denotes the confidence gcore of the speech segment g that
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18 recognized as the digit (frame) 1. Accordingly, the
confidence measure signal is mathematically related to
the average of the confidence scores of each speech
segment g (word frame) of the string signal.

HMM-based verification models are stored in the
verification database 44 for being accessed and utilized
by the verification section 52. The verification models
®, within the verification database 44 consist of three
different sets: keywords {8,#}, anti-keywords {0, }
which handle confusibility among keywords, and a general
acoustic filler model O« to identify non-keywords
(invalid input).

The word-based confidence score 34 of the
speech segment q, L(0.;8,1), can be constructed using a

log likelihood ratio between a keyword hypothesig and its

competing alternative hypothesis, e.q.,

L(04;8,1) = g,(0) ~ G,(0,), (2)

where. g,(0,) = logp(0,8,%), and

G, (Og) = logl¥p (0,0,«) + ¥p(008®)]. (3)
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Thus, confidence score computation for a speech segment g
relates a comparison between a word model score and
scores computed with the anti-word model and using the
filler model.

One method of maximizing the confidence measure
signal g,(0;8) in Egn. (1) is to apprly a maximum
likelihood procedure to train the parameters of 8 to be
stored in data-base 44. However, based on speech
recognition experimenta-tion, it can be shown that this
Lype of training does not give the best performance in

terms of minimizing the verification or recognition error
rate.

For this reason, a minimum string

clasgsification error (MSCE) training process has been
developed to create the recognition models in the
recognition database 12 (FIG. 1). Such speech
recognition training method is used to provide a speech
recognition database based on one or more known speech

gignals and a set of current recognition models. In the

MSCI

L4l

training process, a first recognizer scoring signal
i8 generated based on the known speech signal and a

current recognition model for that signal. A set of
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confusable hypotheses are generated and applied .to the
recognizer to generate one or more other recognizer
scoring signals each based on the known speech signal and
another current recognition model.

A recognition processor generates a
misclassifica-tion (misrecognition) signal based on the
first recognizer scoring signal and the other competing
recognizer scorirng signals. Recognition model parameters
are modified based on the misrecognition signal to
decrease the likelihood of mis-recognizing the known
speech signal in training or an unknown speech signal in
testing operations. A thorough description of the
embodiment and procedures is presented in the afore-

mentioned copending U.S Application Ser. No. 08/030, 895,

assigned to the owner of the present application.

The goal in string-based minimum string

classifica-tion error (MSCE) training is to minimize an
expected string classification error rate. In contrast,
the goal in minimum string verification error (MSVE)

training is to minimize an expected string verification

error rate. Therefore, the specific objective function

L]

employed and mathematical strategy used in the MSC
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approach ig not consistent with optimum utterance
verification performance.

The present invention utilizes a minimum string

verification error (MSVE) training process in the same
spirit as MSCE training but designed for the verification
models in the HMM parameter database 44. A
misverification measure is calculated and used to

minimize the expected string verifica-tion error rate.

MSVE training is applied at the string level

and is consistent with the objective function used in

Egqn. (1). MSVE training is implemented so as to minimize

the expected function:

EHS{-8,(0;8) + 5,(0;0)}], (4)

where S() is a smooth 0-1 sigmoid non-linear function.
Referring to FIG. 3, the enhanced trainer 48
comprises a string misverification measure processor 56,
a string model loss function processor 58, and an HMM
update processor 60. The enhanced training process has
as an objective to minimize the expected loss function

described with respect to Egqn. (4) so as to substantially
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eliminate string verification error. 1In a prreferred
embodiment, the enhanced training process is embodied as
Lwo process steps performed by the aforementioned
processors in the speech recognition system.
5 A, String Misverification Measure Procegsor
The string misverification measure processor 56
receives HMM parameters, 6,;, N string models, s,, and a
training speech string sample, O, from the N-best string
model generator 46. Based on string sample, O, models
10 &, and 8;, the misverification processor 56 determines

as a first process step a string misverification measure

for the i® hypothesized string, d,(0:8):

d;(0;8) = -5,(0;8) + 5,(0;8), (5)

where g,(0;8) is an utterance-based discriminant function
15 as defined by Egn. (1), and S,(0;8) is an anti-

discriminant function which is defined as

S:(0;8) = log [(1/N-1) 2~ ,.exp{n-s,(0;8)}}k», 1n>0, (&)

»
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where N is the total number of competing string

hypotheses and n is a positive number illustratively set
to two.
The string misverification processor 56

determines the value of a scalar, d, for use by the

subsequent processors shown in FIG. 3 and generates a
misverification signal describing a difference between:
(a) the confidence measure signal based on a known
hypothesis string signal and a current verification model
for the known hypothesis string signal and (b) an average
of one or more other confidence measure signals based on
the N-best competing verification models for that known
hypothesis string signal.

B. 8tring Model Loss Function Processor

A gecond process step approximates the
verification error count. This is done using a sigmoid
non-linear function. The string model loss function
processor 58 evaluates a smooth string loss function,
1;(0;8), based on the scalar value d.(0:;8) received from

the misverification measure processor 56. This loss

function is defined as
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1 ;
1,{(0;8)= l+exp{-ad,(0;8)+p} (7)

where o and B are constants which control the slope and

the shift of the sigmoid non-linear smoothing function,

respectively.

The string model loss-function processor 58

provides scalar I as output to the HMM update processor
60 in the form of a loss function signal.

Parameters o and B, discussed above, help
provide a smoothed approximation to the string loss
function, 1,(0;8). The gradient of the string loss
function is used by the HMM update processor 60 to update
the current verification model HMM parameters, 8;. The
gradient relates confidence measuring of a known
hypothesis string signal based on a current verification
model for that hypothesis string signal to confidence
measuring of the known hypothesis string signal based on
one or more other current verification models.

Therefore, minimization of the expected string loss of
this loss function is directly linked to the minimization
of the string verification error probability.

C. HMM Update Processgor
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Prior to presenting a discussion of
verification model parameter updating, some background to
the operation of the HMM update procegsgor 60 will be
presented. Minimum string verification error (MSVE)
Craining is directed to finding a set of parameters ©
that minimizes the expected loss function of Egn. (7),
which can be denoted E[I1,(0;8)].

To find the minimizing set of parameters 8, the

parameter set € is updated at every iteration n according

Lo

8., = 8,-¢,VVE[1,(0;8)], e,>0. (8)
In Egn. (8), 8, is the initial HMM parameter set
estimate. FE[1,(0;8)] is the expected loss function. V
represents a mathematical derivative operation. 8., is
the best estimate for the HMM parameter set to minimize
the expected loss function E[1,(0:8)].

This equation accomplishes a gradient descent
recursion for adjusting the verification model parameters
to achieve the minimum of the expected loss function,

where e, 18 a learning rate or sequence of step size
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parameters used in the iterations and V, is a positive
definite learning matrix defined below.
The recursion represented by Egn. (8) will

converge to a stationary point of the expected loss,

provided that Z-. €, = » and - €? < o,

In the illustrated embodiment of FIG. 3, the
HMM parameters are adaptively adjusted according to (8)
by the HMM update processor 60. Due to the structure of
the HMMs, their parameters must satisfy certain
constraints. The HMM update processor employs
transformed HMM parameters as part of the pafameter

update process to satisfy all such constraints. The
following transformations are used by the HMM update

processor:

(1) Logarithm of the variance

% .5.x,a = lOg C?;,4.x.4 (9)

where @*;,,., is8 the variance of the i-th verification

model, j-th state, k-th mixture component and d-th

dimension of a feature vector,-where each verification

model may reflect, for example, a word or subword.
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(2) Transformed logarithm of the mixture

weights

The original mixture weights, Ci,4,kr are related to the

transformed mixture weights c¢; ,, as follows:

Ci, 4,k = G-Ik (10)

where L is the total number of the mixture welights in the

—

j-th state in the i-th verification model.

(3) Transformed logarithm of the transition

10 probability

The original transition probabilities, a; 4, are related .

to .the transformed transition probabilities as follows:

15 Mknleli'k

where M is total number of states in the i-th

verification model.

A significant aspect of the illustrative

embodiment concerns the handling of small variance. In

20 some corrective training algorithms proposed in the past,



10

15

20

2181205

35

variance adjustment is avoidéd, because if handled
incorrectly, it can have an adverse effect.

Variances in HMMs can differ by as much as 104
to 10° times. These variances occur in the exponent part
of the observation probability density function bf, (x)
and have a dominant effect on the likelihood score of
HMMs. In the illustrative embodiment, this leads to a
different sensitivity to HMM parameter adjustments,
especially to the adjustment of mean parameters in the
obgervation probability density function of HMMs.

In order to compensate for this vast difference
in sensitivity, the embodiment employs a positive

definite matrix V,. The positive definite matrix V, is a

diagonal matrix:
diag(o,*(n),...,02 (1)), (12)

for each state, where ¢*(n) is the variance of HMM 8; at
time n.

Figure 4 presents an illustrative block diagram
of the HMM update processor 60. As shown in the Figure,
the HMM update processor 60 updates parameters u, o2, c,

and a, based on 8;, 0 and 1, and returns an updated 8; to
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the HMM parameter database 44. Both 8; and 8; comprise
parameters x, ©?, ¢ and a, with 8; and 8, representing
unupdated and updated quantities respectively.

In minimum string verification error training,
updating the model parameters as shown in Egn. (8)
involves finding the derivative of the loss function V1.
The term 01/38 is computed specifically for each model
parameter and is different depending whether the
undexrlying HMM is a keyword model, an anti-keyword model,
or a filler model. This step is different from what is
used in minimum string classification error training

where the derivative 81/99 is common to all models.

In MSVE, 91/38 can be written as a chain rule,

such that 91/68 = 81/0L - 9L/38, where the term 81/8L is

common to all verification models. 81/8l. consists of the
following partial derivatives:

al /Bd * [ad/as,_ + ad/asl'asi/GSj] '88/311

gl/8d = al;{1 - 1,) H
od/ds; = -1 ;
od/aS; = 1 ;

9S;/98; = exping, (0:8)1
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dS/dL = QKD_[KL_(_Qq.-_Q.a_l)_-L

¥ exp[XL(0,;8;1)]
The derivative 38L/3® differs depending on
whether the updated model is a keyword 8%, an anti-

5 keyword €@, or a filler model &)

For @ .
dL./o8 k) = 1l -
p (0,9, ™
op (0.8, %)
10 a8 (k)
For O .
3L/98 ) = -1 _,
p(oqﬂl(a)) + p(oqle(f))
m(_Qqﬁz_{ﬂ

15 an (&
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For 9.
oL./o8 ) = -1 _
p(oqel{a}) + p(oqecf))
op (0.8, F))
5 ag(f}

The term dp( ) /08 1is common to all verification
models and differs only by the specific parameters of the

updated model. This probability p( ) is defined as:
p(OqB) = Eil ... iq bil(oz.).'aim'biz(oz)' r . biq(oq}

10

The parameter updates provided by the HMM
update processor 60 are:

(1) Mean update

ﬂi’j'k'd(n'Fl): (13)

15 Wy,j,ka(n)-€, 299, [(01(0,8) /3logb;, 4(0u) 1Y;:, 4.k (Opn) (O (d) -
l‘i,j,k,d(n) ),
where o.,,(d) is the d-th dimension component of the
feature vector o,,,w; corresponds to the time frame that
the optimal path first enters the state 7, @41

20 corresponds to the time frame that the optimal path

enters the state j+1, 1(0,8) is the loss function
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constructed according to (7), €, is the step size and

Yi,j,k ( Onn) =

(Ci,j,k (21’1) -D/2 (HDdzlci,j,k,d) -1 Ddzle-{Onn(d} -fi,q,k,d) /20 i.j,k,d) /bi,j (Onn) '(14)

where D is the dimension of the feature wvector. The mean

5 update is provided by block 62 of Figure 4.

(2) Variance update

Updating of o?=log ¢* is performed according to the

following formula:

cei,j,k,d (n'i-l)
10 =0 4 4a(n) -€,Zei (31(0,8) /31ogh; ;(0m) ) Vi, sk (Om) (15)

((Opa () =1, 4,0,0) 2/20%; 4. 4, a(n) -0.5),

where v, yx (0} 18 defined as in (14). Therefore, the

variance at time n+l is given by

0?1, 5,k,a(n+1) =€ Hdxalmdl (16)

15 Variance is clipped below at 10°% and it satisfies the

constraint of O, 4,4°(n)>10"°%. The variance update is
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provided by block 64 of Figure 4.

(3) Mixture weights update

The parameterized mixture weights are adjusted according

Lo
Cy,z,x (R+1) =Cy 4 i (n) ~e 8o, (91(0,8) /alogb, ,(04,) ) (17)

. [Ci,j,}c(n) /bi,j <onn) ] [N(Onnr Hi, 5.k, dr Vi,j,k,d) ‘bi,j (Opn) 1.
Therefore, the mixture weights at time n+1 is given by

Ci,q,x(n+l) = gfuikined) ) .
Eblzle (i, §.e(n+l) (18)

Thus, the adjusted mixture weights meet the constraints
of:

chi,j,k (n)=1 and ¢y, ,(n)>0 during the training process of.
the present invention. The mixture weights update is

provided by block 66 of Figure 4.

(4) State transition probability update:
In a left-to-right HMM, the parameterized transition

probability of the 1-th word model is adjusted by:

a'; ;(n+l)=a'; ;(n)-e,{81(0,8) /ag,] (19)
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(N, - (W, j+1) [ (ehi®@)) / (ehitm) L gtisua(m)y )

31, ;. (n+1) =8%; ., (n) -e,[31(0,8) /3g,]

(1- (14N, ;) [ (@) / (@healm) L gtisa(n)y])

where g; is the likelihood score of O in the 1-th
verification model, i is the end state and the total

number of self-transition inside state i is denoted by

Ny ={# of }tl{o,,,0,)=(1i,1) in I-th verification model At )
(20)

Consequently, the transition probability at time (n+1) is

given by
al; ;(n+l) =[ (&) / (ghti(nrD)  giian (041) ) .. (21)

al; ... (n+1)=] (elii(n+l) ) / (@¥iis1 (n+1) | ofs, ie1 (2241) )1,

which also satisfies the constraints of E:ﬂﬂid(n)=l,
a'; ;>0 and a*; ;,,>0. The state transition probability
update is provided by block 68 of Figure 4.

Update expressions (15-18) computed by the HMM
update processor 60 relate to an updated observation

probability density function of the i-th verification
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model, in the j-th state according to:

M
b;,;{0) =2 ¢, 4,N(0, Bi, 5,60 Vi, 5,k) (22)

k=1
were ¢, ;x 18 the mixture weights and N(O,u; ., V; ., is a
D-dimensional normal Gaussian distribution of the i-th
recognition unit model, j-th state and k-th mixture with
a diagonal covariance matrix V,,,. Values for u(n+l),
¢’ (n+l), and c(n+l) output from blocks 62, 64, 66 are
returned to the HMM parameter database 44, along with
values for state transition probabilities a(n+1) provided

by block 68. As shown in Figure 4, @, comprisges updated ..

values for u, ¢*, ¢ and a.

Expressions for HMM parameter updating provided
above concern the use of a single speech training string
signal from the HMM parameter database 44 to enhance HMM
parameters. The enhanced trainer 48 may iterate a
plurality of times, however, to improve the HMM
parameters. For example, the enhanced trainer 48 may
operate on several passes or rounds through the complete
HMM parameter database. The enhanced trainer may be made

to stop processing samples in any of several ways. For
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example, the enhanced trainer 48 may stop when it has
made a fixed number of rounds through the HMM parameter
database 44 of samples. The enhanced trainer may also
maintain a record of the incremental improvement in
string verification error rate due to processing all
speech training string signals of the current round.
When incre-mental improvement drops below a threshold,
processing may stop (gsee 70, FIG. 4, and STOP signal).
MSVE training can be implemented and applied to
the preferred speech recognition system embodiment to
design subword-specific keyword and anti-keyword model
parameterg. In each training round, the discriminant
function 8.(0;8) defined by Egn. (1) is set to the
confidence measure signal value for the known hypothesis
string signal based on the current verification model,
and the anti-discriminant function $,(0;8) defined by
Egqnn. (16) is approximated by the confidence measure
signal values for the known hypothesis string signal
based on one or more competing string models using an N-
best gtring hypothesis. The misverification measure

gsignal is determined as in Egn. (5). A distribution of

confidence measure signal values and misverification
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measures for a training round can be recorded in memory
and utilized to determine a critical threshold value.
The performance of utterance wverification
systems can be enhanced by selection of an appropriate
critical threshold. Thresholds can be set according to a
predefined criterion, such as to obtain a minimum total
error rate, or to achieve an equal error rate in which
false rejection errors (Type I) equal false acceptance
errors (Type II). The verification threshold may be set
initially to obtain a desired trade-off between false
rejection errors (Type I) and false acceptance errors

(Type II). The respective error rates may be effected by

environmental disparity between the training data and the

Cesting data. Environmental disparity can include
different speakers, with different accents, or different

surrounding ambient noige.

An equal verification error rate for both Type
I and Type II errors can be attained by the speech
recognition system of the present invention, however, the
equal error rate can vary for different selected
threshold signal values. At different selected threshold

values, the Type I error rate can be higher or lower than
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the Type II error rate. Therefore, an operating
threshold signal value for performing verification of the
hypothesis word string signal under specific environ-
mental conditions may not be appropriate for different
environmental conditions.

Different error rates for Type I and Type IT
errors might be advantageous in commercial applications,
in which false rejection errors might be more harmful
than false acceptance errors, or vice versa. The present
invention provides a mechanism for adjusting the critical
threshold value of the confidence measure signal

generated by the verification processor in order to
maintain a desirable trade-off between Type I and Type II
errors.

A threshold adaptation technique according to
the present invention utilizes the confidence measure
signal value generated responsive to known hypothesis
string signals to adapt the verification threshold signal
value. The threshold operating point is adjusted as
groups ©of hypothesis string signals become available. A
distribution of confidence measure signal values (from

Eqn. (1)) are recorded for a class of correct hypothesis



2181205

46
string signals 72 and for a class of incorrect hypothesis
string signals 74, as shown in FIG. 5. The right |
distribution 72 presents the confidence measure signals
generated when a word string is both valid and classified
5 (recognized) correctly. The distribution 74 on the left
presents the confidence measure signals generated for
invalid word strings and other strings that have been
incorrectly recognized.
The two distributions 72, 74 have a similar
10 shape, with the variances of the two distributions being
almost equal. This feature is utilized, as taught
herein, for performing threshold adaptation.
Let Xy, correspond to the average confidence
measure signal value of S(0;8), such that O « ¢, and let
15 Xy; correspond to the average confidence measure signal
value S(0;8), such that O ¢ C, where C is a correctly
recognized hypothesis string signal. Assuming an equal
variance for both distribu-tions, in order to achieve an
equal error rate or a minimum total error rate, the

20 critical threshold, t1,, is positioned at

Tg = [Xyo + Xyl /2 (23)
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Threshold adaptation can be conducted during
operational verification testing so as to position T,
midway between the two digtributions and to adjust the
value of 1, when Xy - 15, » 1, - Xn. 1In practice, 1t is
difficult to determine the actual instantaneous means of
the two’distributions while the system is running. As a
result, verification processing commences with some
initial estimates for Xyo and X,;. These values are
adjusted every time a sufficient number of strings ("R")
are received, so that 1, can be adapted. This process is
carried out as follows.

Using a number R of string confidence measure

signal values, the values of Xyo and Xy, are estimated and

used to compute an error measure:

1 = (Xgo-Tg) - (T4-Xy) . (24)

In order to avoid biasing the averages due to the long
tails of the distributions 72, 74 shown in FIG. 5,
confidence measures exceeding predefined maximum and
minimum thresholds are clipped. 1In addition, the error

function is smoothed using a shifted sigmoid of the form
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(x]

1 = _l - - 0.5' (25)
l+exp{-o,E,}

where o,, which determines the degree. of smoothing, was
set to 0.1. The critical threshold t.(n) after
processing n strings would then be updated as follows:
AT, (n) = B,E,, (26)
where B; is the step size and AT,(n) = t,(n) - 1,(n-1).
During adaptation, the value of T, was not allowed to

exceed T,(0)+2.

During adaptation of the verification threshold
value according to the present invention, stringsg are
presented for recognition and verification in a random
order to ensure equal and sufficient information for
estimating the averages. The critical threshold is
initially set at a minimum error rate point and is then.
adjusted for every 20 strings (i.e., R = 20) to ensure
the availability of a sufficient, but minimum, number of
strings to compute the average of each distribution.

Thig method of adjusting the verification threshold
signal value provides for preselection and maintenance of

both Type I and Type II error rates before and after

adaptation.



10

15

20

2181205

49

A speaker-independent telephone-based connected
digit database was used in experimental training and
operational testing according to the present invention.
Digit strings ranging from one to sixteen digits in
length were extracted from different field-trial
collections. The field trial collections represented
varied environmental conditions and acoustic transducer
equipment.

The training set consisted of 16089 digit
strings. The testing set consisted of 27702 digit
strings. Approx-imately 22% of the utterances included
out-of-vocabulary words, false starts, and gsignificant
background noise. A separate database consisting of 3000

phonetically rich sentences was provided for training the
filler models. Verification results exceeded 99% correct
rejection.

From the foregoing, it will be appreciated that
the pregent invention provides a string-based minimum
verification error training process for utterance

verification. The discriminative approach to training
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is directly related to minimizing the expected string
verification error rate.

In light of the above, it will be apparent to
one of ordinary skill in the art that the present
invention is applicable to:both speaker-dependent and
speaker-independent speech recognition. It will be
further apparent that although discussed in the context
of speech recognition, the techniques used to train
models are applicable to pattern recognition generally.

It is to be understood that the above-described
embodiments are merely illustrative, and that many
variations can be devised by those skilled in the art
without departing from the scope of the invention as

defined by the appended claims.
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CLAIMS:

1. A speech signal processing method of making a

speech recognizer verification model database based on one or
more known hypothesis string signals representing known speech
5 utterances and a set of current verification models, the
method comprising the following steps:
(a) receiving a known hypothesis string signal
representing a known speech utterance;
(b) generating a first string-based confidence
10 measure signal based on the known hypothesis string signal
representing a known speech utterance and a current
verification model for that signal;
(c) generating one or more other string-based
confidence measure signals, each such string-based confidence
15 measure signal based on the known hypothesis string signal
representing a known speech utterance and another current
verification model;
(d) computing a misverification signal based on the
first string-based confidence measure signal and the other
20 string-based confidence measure signals;
(e) based on the misverification signal and the

known hypothesis string signal representing a known speech
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utterance, modifying one or more of the current verification
models to decrease the likelihood of misverifying an unknown
hypothesis string signal representing an unknown speech
utterance; and

(f) storing one or more modified verification models
in memory.

2. The method according to claim 1, further
comprising the step:

initializing the verification models 1n the

verification database.

3. The method according to claim 1, further
comprising the steps:

computing a loss function signal based on the
misverification signal; and

determining a gradient of the loss function signal
including calculating the derivative of the loss function
signal.

4. The method according to claim 1, wherein step

(b) comprises the steps:
segmenting the known hypothesis string signal into a

series of word signals;

calculating a word-based confidence score for each

word signal of the series; and
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averaging the word-based confidence scores

calculated for each word signal.

5. The method according to claim 1, wherein step
(c) comprises the steps:

S generating a set of confusable string models based
on the known hypothesilis string signal, a confusable string
model comprising one or more word models;

generating a string-based confidence measure signal
for each of the set of confusable string models; and
10 calculating an average of the string-based
confidence measure signals for each of the set of confusable
string models.
6. The method according to c¢laim 5, whereilin step
(c) further comprises the steps:
15 determining a word-based confidence score for each
word model of each of the set of confusable string models; and
averaging the word-based confidence scores
determined for each word model of each of the set of
confusable string models to generate the string-based
20 confidence measure signal for each of the set of confusable

string models.
7. The method according to claim 1, wherein step

(d) comprises the step:
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determining a gradient of a function relating,

(1) confidence measure signal generation for
the known hypothesis string signal based on a current
verification model for that hypothesis string signal to,

5 (11) confidence measure signal generation for
the known hypothesis string signal based on one or more other
current verification models.

8. The method according to claim 7, wherein step
(e) comprises the step:

10 adjusting one or more parameters of the current
verification models based on the gradient.

9. The method according to claim 1, wherein step
(d) comprises the step:

forming a difference between,

15 (1) the first string-based confidence measure

signal and

(11) an average of the one or more other

confidence measure signals.

10. The method according to claim 3, further

20 comprising the steps:

estimating an expected loss function signal; and

iteratively adjusting the verification models

responsive to the estimated loss function signal to minimize
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the likelihood of verification error.
11. A speech recognition system for recognizing a

string of connected spoken words, comprising:
a recognition processor for generating a hypothesis

D string signal representing an unknown speech utterance
responsive to an acoustic 1nput string of connected spoken
words;

a recognition database for storing recognition
models;

10 a verification processor for generating a
string-based confidence measure signal responsive to the
hypothesis string signal representing an unknown speech
utterance; and

a verification database for storing verification

15 models.
12. The speech recognition system according to

claim 11, further comprising:

means, coupled to the verification processor, for

calculating a verification threshold signal value of a
20 string-based confidence measure signal;
means for measuring the string-based confidence
measure signal to generate a measured signal value; and

means for comparing the measured signal value to the
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threshold signal value.
13. The speech recognition system according to

claim 11, wherein:
the verification models comprise a set of hidden

Markov model parameters.
14. The speech recognition system according to

claim 11, wherein:
the verification models are selected from the group
consisting of keyword models, anti-keyword models, acoustic

filler models, and combinations thereof.

15. The speech recognition system according to
claim 11, wherein:

the verification models reflect discriminative
training.

16. The speech recognition system according to
claim 11, wherein:

the hypothesis string signal comprises a segmented
series of word signals; and

the verification processor comprises;

means for calculating a word-based confidence score

for each word signal of the segmented series; and
means for generating the string-based confidence

measure signal responsive to an average of the word-based
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confidence scores for each word signal of the segmented

series.

17. A speech signal processing method for

generating a verification threshold signal sample of a
confidence measure signal generated by a verification
processor in a speech recognition system, comprising the

following steps:

(a) performing a round of operating the verification
processor to,

(1) generate a first string-based confidence
measure signal based on a known hypothesis string signal
representing a known speech utterance and a current
verification model for the known hypothesis string signal
representing a known speech utterance, and

(1i) generate one or more other string-based

confidence measure signals, each such string-based confidence

measure signal based on the known hypothesis string signal

representing a known speech utterance and another verification

model ;

(b) repeating step (a) for a preselected number of

rounds:

(c¢) recording a first distribution of first

string-based confidence measure signal values for the
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preselected number of rounds;

(d) recording a second distribution of the one or
more other string-based confidence measure signal values for

the preselected number of rounds;

S (e) calculating a first mean for the first

distribution;

(f) calculating a second mean for the second

distribution; and

(g) generating the verification threshold signal

10 sample based on the first mean and the second mean.

18. The method according to claim 17, further
comprising the steps:
selecting a false rejection verification error rate;

selecting a false acceptance verification error

15 rate; and

estimating an initial verification threshold signal
value based on the selected false rejection verification error

rate and the selected false acceptance verification error

rate.
20 19. The method according to claim 18, further
comprising the steps:
generating the verlification threshold signal value

while the speech recognition system 1s operating; and
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mailntaining the false rejection verification error
rate and the false acceptance verification error rate while

the recognition system 1s operating.
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