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Abstract

In this paper, utterance verification based on hybrid
scores obtained from three pairs of models is investigated.
The three models considered are the on-line garbage
model, the antiword function model and a model derived
using Kullback-Leibler divergence. The performance of
utterance verification algorithm using hypothesis testing
depends on the accuracy of the estimate of the alterna-
tive hypothesis. The three models offer different perspec-
tives in the probability estimation of the alternate hypoth-
esis. Performance comparison between hybrid scores us-
ing different model pairs is made. In addition, perfor-
mance improvement over conventional algorithm is ex-
perimentally verified.

1. Introduction

Many researchers have investigated utterance verifica-
tion, keyword spotting and out-of vocabulary (OOV) re-
jection to improve the reliability of an automatic speech
recognition (ASR). In this paper, utterance verification
based on statistical hypothesis testing is investigated. Ut-
terance verification is a process by which the output of
an ASR is verified to determine whether the output truly
corresponds to what the speaker uttered. Utterance ver-
ification can be achieved by statistical hypothesis test-
ing. The null hypothesis, Hy, claims that the recog-
nized word is correctly recognized as the claimed hidden
Markov model (HMM) A, while the alternate hypothesis
H; claims that the word is incorrectly recognized as A..
In the hypothesis testing, the conditional probability
of observation o given Hy, p(o|Hyp), is easily formulated
as the likelihood of observation o given claimed model
Ac; however, the conditional probability of o given H 1,
p(o|H;), must be estimated in some way. The perfor-
mance of utterance verification algorithm depends on the
accuracy of the probability estimate of H;. In order to
estimate the probability of H, filler models that require
extraneous data, anti-models that are trained using anti-
class data[1][2][3], on-line garbage models[4][5] with lo-
cal likelihoods and their hybrid algorithm[6] have been

proposed. Anti-models[1]-[3] perform well in utterance
verification. However, it is difficult to train anti-models
showing good performance, and anti-models must be re-
trained when recognition environment is changed. The
N-best algorithms such as on-line garbage model or
antiword function[1] do not require extraneous train-
ings, and show performance comparable to that of anti-
models in utterance verification[1][6]. In this paper,
N-best algorithms[1],[4]-[5] and Kullback-Leibler diver-
gence (KLD) based algorithm which do not require ad-
ditional trainings are chosen, and hybrids of KLD based
algorithm and various N-best model algorithms are inves-
tigated. By using a model derived from KLD and various
N-best model algorithms, the performance of utterance
verification is improved, and improvements over conven-
tional N-best algorithms alone are shown experimentally.

The remainder of the paper is organized as follows.
Section 2 briefly explains KLD based utterance verifica-
tion algorithm. Section 3 compares the N-best algorithms
with KLD based algorithm and proposes their hybrids.
Section 4 compares the experimental results in continu-
ous speech recognition (CSR). Finally, Section 5 summa-
rizes.

2. Kullback-Leibler divergence based
alternative hypothesis estimate

2.1. Information for hypothesis testing in HMM

The information of o for discriminating in favor of H
against H;, and its mean for all observation is written as
follows[8]:

I(Ho, 1) = [ plolto) b %de G

Using (1), KLD between H and H is defined as
J(Ho,Hl) = I(Ho,Hl) +I(H1,H0) . (2)

Using (2), the difficulty of discriminating between H g
and H; can be measured. If we choose HMM A; # A,
as a model for Hy, then p(o|Hy) is set as p(o|);), and



the hypothesis testing determines which model o comes
from. Using A; as the model of H;, the KLD between H
and H,, J(Hy, H1), is equivalent to D(\., \;) where it
is defined as follows:
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But calculating KLD between HMM s in a closed form is
impossible. For this reason, the Viterbi state sequence is
used as shown in Section 2.2.
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2.2. Likelihood of the alternative hypothesis based on
Kullback-Leibler divergence

p(o]A,) is usually approximated as follows[7]:
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where q* = [¢f, 43, .., ¢}] is the Viterbi state sequence
and T is the length of the observation o. 7, is an ini-
tial probability of state ¢, and aq;_ 4; is the state transi-
tion probability from g; ; to g;. by (0t), the observation
probability of state g;, is modeled as a Gaussian mixture
model (GMM) as follows:
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where M- 5, is the number of Gaussians of state g
of A¢, and d is the dimension of Gaussians. cx. ¢ m.»
fqr m and Xy o, are weight, mean and variance of m "
Gaussian of state g; , respectively.

It is difficult to calculate KLD between two GMMs,
but KLD between two Gaussians, go = N (j0, Xo) and
91 = N(u1,X1) whose covariance matrices are diagonal
matrices can be calculated in a closed form as follows|[8]:
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where d is the dimension of Gaussians. p (i) and Xy (7)
(1 <i<d,k=0,1)arei" element of mean
and 7th diagonal element of covariance matrix ¥y, re-
spectively. In order to use (6), a representative Gaussian

9xe,qe Of My; x. number of Gaussians of state g; is for-
mulated as follows:
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Based on D(gx, ¢, 9a;,q,m) Where gx, ¢.m is m™" Gaus-

sian of state ¢ of HMM \;, Bq; (o) which is the proba-
bility of observation o at state g; of the HMM that rep-
resents H; is defined by
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where S}, is the number of states of HMM \; and M, ,
is the number of Gaussians of state ¢ of HMM A ;. c’AZ_ am
is a normalized reciprocal of D (g2, ¢+ » gx;,q,m) Which is
defined by
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The claimed model A, and the optimal state sequence q*
are known when performing utterance verification which
is a post process of ASR. Using (8), p(o|H}) is calcu-
lated as follows:

T
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2.3. Word verification using phoneme models

In ASR system with phoneme models, a word model
is composed of several phoneme HMMs, and each
phoneme HMM can be verified by hypothesis testing. An
incorrect phoneme recognition leads to a low likelihood
ratio. In order to indicate incorrect phoneme recognitions
in word verification, the generalized mean approach is
used [1]. By the generalized mean, the likelihood ra-
tio LRy,,,,, (o) of hypothesized word wordy, which is
composed of M likelihoods LRy, (-) (1 < m < M)
where LR, (-) represents the likelihood of sequence of
observations decoded as m!”* phoneme p,, with respect
to Ap,, is calculated as follows [1]:

M
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where [0y, ,...0¢, ] is a sequence of observations de-
coded as A, and 7 is a positive constant. By set-
ting a large positive 1, a phoneme HMM with smaller



LR)p,, () will have a stronger impact on LRj,,,,,, (o)
of word-level verification in (11). The utterance verifica-
tion algorithms performs utterance verification based on
a LR, (o) in (11).

word,

3. Hybrids of N-best models and model
derived from Kullback-Leibler divergence

3.1. N-best model algorithms

In contrast to filler model algorithms, N-best model al-
gorithms do not use explicit models. The most popu-
lar algorithm using N-best model likelihoods is the on-
line garbage model algorithm[5]. In the on-line garbage
model algorithm, p(o|H) is calculated as follows:

T N1
1
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where oy is the observation at time ¢ and 7" is the length of
observation o. r(t,n) is the index of the model with nt"
best likelihood at time ¢. There are several advantages in
using the on-line garbage model algorithm. The on-line
garbage model algorithm has little computational load
because N-best likelihoods for each time ¢ are calculated
during the recognition process, and when there are envi-
ronmental changes such as a change of training database
or testing environment in ASR, the on-line garbage model
algorithm in (12) requires little modification.

Another N-best models that researchers have investi-
gated in the past is the antiword function algorithm[1].
The p(o|H;) of the antiword function algorithm can be
represented as follows[1]:
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where Aword,,, is the word HMM with n*” best like-
lihood for observation o and Ay4rq, is the HMM of the
claimed word. & is a positive constant. Here, word R(1) =
wordy, because Ayorg, is selected based on maximum
likelihood criterion. As the on-line garbage model algo-
rithm, the antiword function algorithm is robust against
environmental changes, but it suffers from a large com-
putational load related to finding top N candidates. The
major difference between the antiword function algo-
rithm and the on-line garbage model algorithm is that
the antiword function algorithm uses N2 word models
for the whole observation o of length 7' while the on-
line garbage model algorithm uses /N; phoneme models
for each observation o¢.

3.2. Hybrid of log-likelihood ratios

Hybrid scores are attained by a simple average func-
tion is used as in [1],[6]. The simple average function

of log-likelihood ratios (LLRs) LLR(1)y,,,,, (0) and
LLR ) (o) is defined as follows:

LLR(1)x 4.4, (0)) — (1)
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¥y (0 < v < 1)and ¢ (¢ > 0) are set experimen-
tally using some part of experiment data, and p(;), 0(;)
(1 = 1,2) are mean and standard deviation of the part
of experiment data, respectively. LLR1)x,,,, (o) and
LLR>)y,,,q, (0) are the LLRs obtained from two of
three models considered, a model derived from KLD, the

on-line garbage model algorithm and the antiword func-
tion model.

wordy,
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4. Experiments
4.1. Experimental setup

Utterance verification is performed in CSR with RM1
database. Mel-frequency cepstral coefficients (MFCC)
feature vectors composed of 12 cepstral coefficients, 12
delta cepstral coefficients, 12 delta-delta cepstral coeffi-
cients and their energies are used. 49 context indepen-
dent mono-phone models are trained using 3990 utter-
ances. Each mono-phone HMM has three states whose
observation probabilities are modeled by GMMs with 16
Gaussians. For CSR, bi-gram of 992 words is used as a
language model. We obtained word error rate (WER) of
7.99% for 1200 sentences containing 10399 word utter-
ances. In the following simulation results, EER is used
as the performance metric of utterance verification. 1000
words from 10399 word are used to set v and ( in (14)
and EER of a hybrid is calculated using last 9399 words.

4.2. Simulation results

We obtained EERs of 30.88%, 35.80% and 33.54% using
the KLD based algorithm with 7 = 4, the on-line garbage
model algorithm with Ny = 5, and the antiword func-
tion algorithm with N = 4 and k = 0.02, respectively.
These parameters 1, £, N1 and Ny are set experimentally.
EERs of hybrids according to ¢ and + are illustrated in
Figure. 1, and the minimum EER and corresponding pa-
rameter values are shown in Table. 1. The hybrid of KLD
based algorithm and the on-line garbage model algorithm
improves EER by 1.76% compared to KLD based algo-
rithm, while the hybrid of KLLD based algorithm and the
antiword function algorithm improves EER by 3.04%,
and the hybrid of the on-line garbage model algorithm
and the antiword function algorithm rarely improves EER
compared to the antiword function algorithm. This im-
plies hybrids of KLLD based algorithm and other N-best
algorithms can improve the utterance verification perfor-
mance.



(a) LLR(1)y
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wordy (o) is a LLR of a model derived from KLD, and

wordy (o) is a LLR of the on-line garbage model
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(b) LLR(l)Awordk (o) is a LLR of a model derived from KLD, and
LLR(Q)/\wOTdk (o) is a LLR of the antiword function model

(© LLR(I)Awov‘dk (o) is a LLR of the antiword function model, and
LLR(Q)/\wOTdk (o) is a LLR of the on-line garbage model

Figure 1: EERs according to 7 and (.

5. Conclusion

Hybrid score using the LLRs of a pair of models is ob-
tained using a simple function proposed by [1],[6]. Im-
proved EERs are shown experimentally. The hybrid of
KLD based algorithm and one of the conventional N-best
algorithms produces lower EER than that of either the an-
tiword function algorithm or the on-line garbage model
algorithm, but the hybrid of the on-line garbage model
algorithm and the antiword function algorithm does not
offer much improvement over the antiword function al-
gorithm and the on-line garbage model algorithm. This
implies that the KLD based algorithm along with N-best
algorithms can lower EER.

| min. EER (%) | 7 | ¢

KLD and OG 29.12 0.75 | 0.2

KLD and AW 27.84 042 | 0.1

AW and OG 33.19 0.98 | 0.8
KLD 30.88 - -
OG 35.80 - -
AW 33.54 - -

Table 1: KLD : KLD based algorithm, OG : the on-line
garbage model algorithm, AW : the antiword function al-
gorithm
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