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ABSTRACT

Two important features of any deployable speech
recognition system are the capability to detect if the
input speech does not contain any of the recognizer
keywords, and spot a keyword embedded in other speech
or extraneous sounds. As a result, utterance verification
(or non-keyword rejection) is becoming increasingly
mmportant as speech recognition systems continue to
migrate from the laboratory to actual applications. In
this paper we present a framework and a method for
vocabulary independent utterance verification in
subword based speech recognition. The verification
process is cast as a statistical hypothesis test, where
vocabulary independence is accomplished through a two
stage verification process: subword level verification
followed by string level verification. Experimental
results show that this vocabulary independent
discriminative utterance verification method significantly
outperforms a baseline method commonly used in
wordspotting tasks.

1. INTRODUCTION

Keyword spotting and rejection are two areas that
have attracted many research efforts. Many of these
efforts were proposed in the context of wordspotting in
conversational and continuous speech [1,2], while others
focused on  wordspotting and rejection  in
telecommunication applications [3-5]. An important
class of speech recognition technology is subword based
recognition. One main advantage of subword based
modeling over whole-word modeling is that it offers the
capability to recognize words not seen in the training
data. When using subword models for recognition,
words are usually modeled by concatenating subword
models according to their lexical representations.
Therefore, the vocabulary set needed for an application
can be quickly constructed, alleviating the need for
collecting application specific data. If the subword
models themselves are trained using data that is not
application specific, the training process is often referred
to as vocabulary (or task) independent modeling.
Vocabulary independent modeling is necessary if the
recognizer is expected to be used in different
applications and scenarios. By extension, any rejection
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and wordspotting capability must also be vocabulary
independent. Strategies for vocabulary independent
non-keyword (or background speech) rejection must
therefore make no prior assumptions about the target
keywords and expected non-keywords.

In this paper we present a discriminatively trained
vocabulary independent utterance verification method
which we shall term as the Vocabulary Independent
Discriminative Utterance Verifier (VIDUV). Generally,
vocabulary independent verification implies two main
points. First, the verifier training must be performed
using a database that is independent of the target
application and assumes little prior knowledge of the
keywords or expected non-keywords. Second, the
verifier operation must also be independent of the target
vocabulary set, implying that no update of the verifier is
required when the vocabulary set is changed. In this
work, the first point is accomplished by using a
phonetically rich database that is independent of the
application database on which the verifier performance is
tested. The second point is accomplished by developing
a method for performing verification at the subword
level rather than at the whole-word level. This new
approach of subword level verification provides a
general framework for establishing an utterance
verification test that is independent of the specific
vocabulary set. In such a framework, a subword HMM
recognizer determines the most likely keyword in the set
of keywords defined by its lexicon. The HMM
recognizer also segments the input speech into
individual subword segments. Independent hypothesis
tests are then performed for each subword in the input
speech to test the existence of a given sound in the
corresponding subword segment. The final accept/reject
decision for a given keyword is accomplished by
combining the subword level verification results
according to the lexical representation of that keyword.

2. DATABASES

Several databases are used in this work. Below is a
description of each of thé databases used.

« DB1: This database consists of 5730 phonetically

balanced sentences spoken by 958 speakers. The data
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was collected over the public telephone network in a
U.S.-wide data collection. The data is divided into
two sets: a training set used to train subword HMMs
and verification models, and a testing set used to
evaluate the goodness of the subword models.

« DB2: This is an application specific key phrase
database used to evaluate the  overall
recognition/verification performance. It consists of 38
speakers speaking 11 phrases repeated 16 times by
each speaker over a period of several weeks. Table 1
shows the key phrase set which is chosen as an
example of a telephone name dialing application.
This database was also collected over the telephone
network, and the total number of utterances is 6395.

Table 1. DB2 key phrases.

Call Candice at her home phone | Call office
Call Candice at her car phone Call home
Call Candice at her office phone | Call mom
Call Janice at her home phone Call Audix
Call Janice at her car phone Operator
Call Janice at her office phone

o DB3: This is a non-key phrase database which when
used in conjunction with DB2, a complete evaluation
of the utterance verifier performance can be
performed. It consists of 1074 speakers responding to
questions to say their first and last names and the city
and state in which they grew up. The data was
collected over the telephone network, and the total
number of utterances is 1648.

3. HVIM TRAINING AND RECOGNITION

The recognizer feature vector forms a 38
dimensional vector consisting of 12 LPC cepstral
coefficients, 12 delta cepstral coefficients, 12 delta-delta
cepstral coefficients, delta log energy, and delta-delta log
energy. The subword model set used in the recognition
consists of 47 context independent units. Each subword
is modeled by a three state left-to-right continuous
density HMM. A mixture of Gaussians with diagonal
covariances is employed to estimate the density function
for each state. A maximum of 16 mixtures per state is
allowed. The states’ density functions are estimated
using maximum likelihood training over the training set
of the sentence database, DB1.

4. UTTERANCE VERIFICATION USING VIDUV

4.1 Subword Level Verification

Given the subword string, s s ... 5,
corresponding to the most likely keyword, W, subword
level verification is performed independently on each
subword in the string. This implies a series of N
independent tests which can be formulated as N
independent likelihood ratio tests. For a given subword,
5;® in W, the likelihood ratio can be written as
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L0y |Ho)

T(07 ; s{%) = ———,
L(Oy |Hy)

1<j<N, (D

where O;" is the observation sequence corresponding to
the HMM segmentation for subword s;©, H, is the
hypothesis that the segment O, consists of the actual
sound for subword s;*, and H, is the hypothesis that
the segment O’ consists of a different sound. To
simplify the notatlon and without loss of generality, we
will drop the superscript (k) from 5;% and represent
o} ', as 0;. Using this simplified notation and taking
the log of equation (1) results in a log likelihood
difference,

G(O;; 5;) = log [L(Oleo)] - tog [L(0; 1)]@)

Since the exact nature of the density functions
corresponding to L(O; |Hy) and L(O; |H,) are not
known, an approximation to the likelihood difference is
needed. One way of viewing the likelihood difference of
equation (2) is as a measure of the classification of two
classes. The first class represents the case of correct
subword recognition where the segment O; does indeed
consist of the sound corresponding to s;. The second
class is the complement of the first class and represents
the case of incorrect subword recognition where the
segment O; does not consist of the sound corresponding
to s;. We can therefore view G(O;; s;) as a subword
verification function that can be discriminatively trained
to separate the above two classes.

To define the subword verification function, we use a
linear discriminator defined as

Vj(Xj; Sj) = asiTx’i - aEETXEJ.v (3)

where X; = [x,” x5 "] represents the discriminator
feature vector, and the vectors a, and ag are the
discriminator weights. The terms as Tx, and ag, Tx+

can be viewed as measures of log[L(O |H0)] and
log[L(O; |H,)], respectively. The feature vector, X,

consists of discriminative parameters such as spectral
and duration features in addition to HMM likelihood
scores. As the feature vector of a two class
discriminator, X; incorporates features corresponding to
both classes: correct and incorrect subword recognition.
The features corresponding to the correct recognition
class are represented by the subvector X;,, While the
features corresponding to the incorrect recognition class
are represented by x;. Typically in any discrimination
or pattern recognition problem dealing with time
sequences, it is desirable to time-normalize the signal so
that it can be represented by a fixed length feature
vector. In this work the time normalization is
accomplished using the HMM state segmentation
information by normalizing the speech segment to be
verified, O;, into a fixed number of states. Specifically,
the features in X, and x5, are computed based on the
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state segmentation of O; by two subword models: s;,
and a competing "anti-subword" model, 5;. For every
subword model in the model set, a corresponding anti-
subword model is trained specifically for the verification
task. As a competing model to s;, the corresponding
anti-subword model, 5;, would have to model a wide
range of sounds, rendering it very general and
ineffective. As an alternative, we introduce the concept
of "anti-subword class" models. The anti-subword class
models are constructed by, first, clustering the subword
units into subword classes. A hierarchical clustering
algorithm is wused to cluster subwords based on
minimizing the overall inter subword cluster confusion
rate. Subwords that are highly confusable with other
subwords are likely to be clustered together. Then for
each subword class, an anti-subword class model is
trained using all speech segments corresponding to
sounds that are not modeled by any of the subwords in
that subword class. The anti-subword model, 5;, is now
considered to be the anti-subword class model
corresponding to the class to which s; belongs. The
parameters of the feature vectors, x, and xj, are
obtained by processing the speech segment, O;, through
s; and 5;, respectively. Specifically, x; forms a 118
dimensional vector consisting of:

1. State centroids of the recognizer feature vectors of
O; segmented by s;. Given 3-state models and 38
dimensional recognition feature vector, the number
of parameters computed here is 114.

2. Three parameters representing the s; state
durations in number of frames normalized by the
total frame duration of O;.

3. The HMM likelihood, L(O;s;).

Similarly, x5 is formed by segmenting O; using the
anti-subword model 5; and computing the corresponding
118 parameters. The above definition of the
discriminator feature vector is similar to the
discrimination vector used in [3] for rejection in the
context of whole word speech recognition. Although
duration features were not used in [3], it was shown that
the state based spectral features form good
discrimination parameters in separating keywords from
non-keywords.

4.2 Discriminative Training

The weights of V;(X;; 5;) are trained using the
Generalized Probabilistic  Descent  discriminative
training framework [6]. We apply the GPD training
framework here to minimize the subword level
verification error count associated with V;(X;; s5;). The
goal is to determine the discriminator weight vectors, a .
and a;, such that the V;(X;; s;) is large when the
sequence O; consists of the sound corresponding to s;
and small otherwise. Consistent with the GPD
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framework, a loss function is defined and minimized
with respect to the discriminator weights. The loss
function represents a smooth functional form of the
verification error count. It takes the form of a sigmoid
function which is written as

1
1 + exp[— ABV;(X;; s;)1°
where A; = [asiT a;},T], A is a constant which controls
the steepness of the sigmoid function, and

b={—1
+1

1deally, we would like to minimize the expected
value E[R;(A;,X;)] with respect to A;. However,
since the probability density function of X; is not
known, a gradient-based iterative procedure is used to
minimize R;(A;,X;). Exemplars of both correct and
incorrect subword recognition of the sequence O; are
presented to the iterative process. The correct subword
recognition class (i.e., O; € s;) is considered to be all
subword segments obtained by the HMM segmentation
of the sentences in training set of DB1 using the correct
lexical representation of the sentences. As a way (o
simulate incorrect subword recognitions, the incorrect
subword recognition class (i.e., O; ¢ s;) is considered to
be all subword segments obtained by the HMM
segmentation of the sentences in training set of DB1
using random lexical representations.

“)

if Oj € 5;

5

4.3 String Level Verification

The string level verification stage makes the final
rejection/acceptance decision of the keyword hypothesis
made by the HMM recognizer. The keyword hypothesis
test is performed by a keyword likelihood ratio test that
is a function of the subword level likelihood ratios
defined in equation (1). Assuming independence, the
string (keyword) level log likelihood difference for
keyword W, can therefore be written as

GO: W) = 31 L(0;1Hy) 6
(0; W, E:l og WH_J , ©)
where N is the total number of subword in the lexical
representation of W,. When V;(X;; s;) is used as the
subword level verification function, the likelihood
functions in equation (6) are modeled by the probability
density functions of V;(X;; s;). To parameterize the
probability density functions of V;(X;; s;), a Normal
distribution is used. The choice of Normal parametric
representation is motivated by the fact that V;(X;; s;)
consists of a sum of terms, each of which can be thought
of as a random variable. Invoking the central limit
theorem, we can conclude that the distribution of
Vi(X;; s5;) should be close to Normal. The mean and
variance of each verification function corresponding to a
given subword are estimated from the training set of

1631



DBI1. Therefore, the log likelihood difference can be
reformulated as a functon of the Vi(X;: 55)
distributions, f(V;(X;; s;), as follows

v [fviX;ssplo; e s)
G(O; W) =Y 1 -
(0; Wi) =2 log {f(vj(xj; s)10; ‘fsf)} @

j=1

The string rejectionfacceptance decision is made by
comparing G(O; W) to a predefined threshold.

5. EXPERIMENTAL RESULTS

Databases DB2 and DB3 were used to evaluate the
verification performance of VIDUV. The recognizer
operated in a speaker independent mode, where the key
phrase lexicon of DB2 was obtained by processing the
orthographic transcriptions through a text-to-speech
front end. In order to benchmark the performance of
VIDUV, it is compared to a baseline verification method
that is commonly used in wordspotting tasks. The
baseline method employs a verification HMM network
parallel to the key phrase lexicon HMM network. The
verification network acts as the non-key phrase network
and results in a "free-subword" maximum likelihood
(ML) HMM decoding of the input speech. The
verification is performed by applying a threshold to the
log likelihood difference defined as,

P(O;W,) = log[L(O|W,)] — log[L(OIA)], (8)

where W, is the keyword model with the largest
keyword likelihood, and L(O|A) is likelihood of the
free-subword decoding network. Here A represents the
union of all the subword models in the model set.

Figure 1 shows the verification performance of both
the VIDUV and the baseline HMM-ML verifier. The
performance is shown using two separate plots. The top
plot is an ROC plot showing the false acceptance rate
(false alarms) of the utterances in DB3 as a function of
the false rejection rate of the utterances in DB2. Since
successful recognition requires not only correct
verification but also correct key phrase classification, the
bottom plot shows the recognizer substitution error tate
on non-rejected key phrases as a function of the false
rejection rate. It is clear from Figure 1 that the VIDUV
outperforms the baseline verifier on two fronts. First,
the false alarms rate is significantly lower at any given
false rejection rate. Second, the key phrase substitution
error rate is also lower, implying that the VIDUV is
more likely than the baseline verifier to reject
substitution errors, a very desirable property for many
applications.

6. CONCLUSIONS

This paper presented a framework and a method for
vocabulary independent utterance verification in
subword based speech recognition, The verification task
is performed in a two stage process: subword level
verification followed by string level verification. The
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subword level verification is performed using a
discriminatively trained verification function. String
level verification is accomplished by forming a string
level likelihood ratio that is a function of the scores of
the subword verification stage. Experimental results
show that this verification method outperforms a
verification method that is typically used in wordspotting
tasks. Although the results presented in this paper
focused on utterance verification in the context of menu
type recognition applications, this method is directly
applicable to tasks such as wordspotting in continuous
speech recognition.
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Figure 1. Utterance verification performance comparison.
Solid Line: VIDUV, Dotted Line: Baseline HMM-ML Method.
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