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Verification of Normalized Confidence Measure Using n-Phone
Based Statistics
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ABSTRACT

Confidence measure (CM) is used for the rejection of mis-recognized words in an
automatic speech recognition (ASR) system. Rahim, Lee, Juang and Cho’s confidence
measure (RLJC-CM) is one of the widely~used CMs [1]. The RLJC-CM is calculated by
averaging phone-level CMs. An extension of the RLJC-CM was achieved by Kim et al
[2]. They devised the normalized CM (NCM), which is a statistically normalized version
of the RLJC-CM by using the tri-phone based CM normalization. In this paper we verify
the NCM by generalizing tri-phone to n-phone unit. To apply various units for the

normalization, mono-phone, tri-phone, quin—phone and ©°-phone are tested. By the
experiments in the domain of the isolated word recognition we show that tri-phone based
normalization is sufficient enough to enhance the rejection performance of the ASR
system. Also we explain the NCM in regard to two class pattern classification problems.
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1. Introduction

Speech is the most efficient and natural modality, with which human communicates
easily. Also, speech is a convenient tool in man-machine communication: thus, ASR has
been actively studied for more than three decades. Although much research has been done,
it is not easy to apply ASR to real services due to noise and rejection problems.

In various service domains of ASR, a reliable confidence measure of a speech
recognizer’'s output is useful and important. Basically, CM is of use for rejecting a
hypothesis that is likely to be erroneous in a hypothesis test. For example, CM is a useful
measure to detect out-of-vocabularies (OOV) in continuous speech recognition or
mis-recognized words in isolated speech recognition. Many kinds of CM have been

developed [1-6]. The rejection problem of mis-recognized words is a two-class
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classification of ‘true’ or ‘false’. In the case of ASR we don not have the model of
anti-hypotheses: therefore, the phone-models are commonly used as anti-hypotheses. One
of the representative CMs is the RLJC-CM proposed by Rahim et al [1]. They obtain the
word-level CM as the weighted sum of the phone-level confidence measures. Kim et al
extended the RLJC-CM by introducing the concept of normalization [2). They perceived
the statistical inconsistency of word and phone-level confidence measures. Since CM
statistics, mean and variance, of various phones and words are not same, some words
seem to be always rejected under the specific threshold. To overcome this problem, the
normalization of the phone-level CMs was tried. For normalizing the phone-level CMs
Kim, et al used the statistics of the tri-phone CMs. They achieved a good result using the
normalization process. According to the reference [2], however, there are no any
experimental or theoretical explanations of the reasons that the tri-phone based
normalization is applied.

In this paper we generalize the tri-phone based normalization to the n-phone based

normalization. And we try to test the normalization processes using phone, tri-phone,

quin-phone and ©°-phone units. From the recognition and confirmation experiments the
normalized confidence measure is verified. We present some experimental results, which

explain why the rejection performance is enhanced by the normalized confidence measure.

2. Experimental Setup and Baseline System

An isolated word recognition (IWR) system is used for verifying the NCM. The
CNU-IWR, which was developed by the CNU DSP laboratory, is a middle-sized word
recognition system. The CNU-IWR can recognize 1,000 words of Korean stock and road
names. The speech DB used for training is composed of 1,000 distinctive words. Each
word was spoken by 70 peaple. All the utterances were recorded in the office environment.
The spoken words were digitized with 16 bit and 8 kHz sampling.

For the IWR system we use tri-phone based HMMs (hidden Markov model) and the
token-passing algorithm for decoding the input speech [7,.8]. The Mel-cepstrum feature
and delta-parameter are used as the speech parameters. The Tri-phone HMM models has
been trained using the HTK 3.0 (hidden Markov model tool kit) developed by Cambridge
University. The HMMSs are obtained based on the left-to-right three state and tied-state
modeling. The recognition module is composed of pre-processing, decoding processing and
post-processing. A speech signal is transformed to the Mel-cepstrum based feature
vectors in the pre-processing. In the post-processing the utterance verification is adopted

for the rejection of mis-recognized words. In our experiments of the NCM verification we
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use 600 words as true words. The last 400 words are used as imposters or attack words

against the IWR system. As a result the specifications of the IWR system are as follows.

a. Speech database: speaker-independent (70 talkers, about 1,000 utterances per
speaker)

b. Number of words in lexicon : 600 words

c. Number of attack words : 400 words

d. Recognition unit and model : tri-phone and HMM

e. Feature vectors: 8kHz sampling, 12 MEL-cepstrum, log energy and their delta-
parameters

f. Number of utterances used in training : (52 talkers * 600 words) utterances

g. Number of utterances used in testing : (18 talkers * 600 words) utterances as true
claims

(18 talkers * 400 words) utterances as attacks

On the other hand, we use the mis-detection ratio (MDR) and the false alarm ratio
(FAR) to evaluate the performance of the confidence measures. The following equations
are the definitions of MDR and FAR.

N,
MDR = =MW 1)
New
N,
FAR= FA : @
New

, where Ny, is the number of mis-recognized words, Ny is the number of tried correct
words, N, is the number of false alarmed words and N,y is the number of attack

words.

3. Generalization of the NCM

The normalized confidence measure is an extended version of the RLJC-CM proposed
by Rahim et al. [1). First the phone-level CMs are calculated by the eq. (4) in the
RLJC-CM. And then the word-level CM is obtained by calculating the weighted sum of
the phone-level CMs. The eq. (5) shows the averaging process.
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In the equations above, logPr, is an average log probability of the anti-phone models, and
logPr, is the log probability of the p-th phone model. 7, is the number of the phones of
a given word and M is a value of the anti-phone model. ¢cm, is the confidence of a
phoneme unit and f,, is a weighting value.

In the normalized confidence measure the phone-level CMs are regularized to have the
same probability density functions (PDF) by a pdf transform. It is easily achieved by
mean shifting and scaling. In the previous work [2] all the phone-level CMs are
normalized using the statistics of tri-phone unit CMs. This transform is shown in the eq.
(6). Thus the NCM can be redefined by the eq. (7).

nem,, y; = _C_TE.;;'U'“" + o 6)
tri
1 Z exp (fnunncmp, try )
_ p=1
NCM = F log o (N

, where f_.. is a weighting value of the phone level CM. ¢m, is the CM of the eq. (4) and

ncm,

range of NCM values. In the equations. of (6) a (7) the weighting values of f, and f,.,

i 1s a normalized phone-level CM. ¢ is a shifting value used for controling the

are empirically. The shifting value @ does not change the rejection performance. In our

experiments f,. is -5, f... is 05 and ¢« is 2. Now we can generalize the eq. (6) by
substituting the statistics of n-phone CMs in the place of those of tri-phone CM. The eq.
(8) represents the generalization of the eq. (6).

CMy, — iy _ph
_ n one
NCMy, 1~ phone = —L—-—LU +a (8)

n— phone
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, Where 0, _ o is the standard deviation and g, _ ., iS the mean in the n-phone based

CM.

When considering the phonetic environments we always use the left and right phones of
the given phone as the phonetic environments. So, n is commonly odd number in n-phone.
For example, phone, tri-phone and quin-phones are used as recognition units. Table 1

shows n-phones applied in our NCM verification.

Table 1. n—phones tested in the experiments of NCM verification.

n-number name example of ‘ol w3’
1 phone mz, ee, ng, yu, mz, yv, ng

mz+ee, mz-ee+nq, ee-ng+yu, ng-yu+mz

3 tri-phone
yu-mz+yv, mz-yv+ng, yv-ng

mz+eetnq, mz-ee+nq+yu, mz-ee-ng+yu+mz
5 quin-phone ee-ng-yu+mz+yv, nq-yu-mz+yv+ng
yu-mz-yv+ng, mz-yv-ng

o0 00 -phone

In Table 1 oo-phone considers the case that the phones from different words and
positions are treated separatively. In the isolated word recognition the phone number of

each word is not actually infinite. In that case n is variable according to the number of

phones. The infinite, ©°, explain all the cases.

4. Experimental Results and Verification of NCM

We performed the IWR experiments with the 600 word recognition system. 10,800 (600
words * 18 persons) utterances were tested as true claims. and 7,200 (400 words * 18

persons) spoken words were used as false claims. Table 2 shows the numbers of the units

of phone, tri-phone, quin—-phone and ©°©-phone.

Table 2. Number of each normalized factor

normalized factor mono-phone tri-phone quin-phone o0 -phone

number 51 2,347 5,470 6,217

As we expected, the number of units is increasing as n get larger. The example of the

statistics of n-phone based CMs is shown in Table 3. The experimental results are
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explained in the following two sections.

Table 3. Example of CM statistics of the word ‘vl 7%’

construct models | appeared number Mean Standard deviation
mz 8,040 0.063 0.102
ee 7,426 0.036 0.033
nq 13,873 0.038 0.037
Mono-phone yu 3,367 0.024 0.049
mz 8,040 0.063 0.102
yv 8,651 0.037 0.050
ng 41,173 0.012 0.039
mztee 155 0.075 0.015
mz-ee+nq 104 0.031 0.026
ee-ng+yu | 104 0.034 0.052
Tri~phone ngq-yu+mz 52 0.050 0.026
yu-mz+yv 52 0.050 0.031
mz-yv+ng 520 0.034 0.026
yv-ng 312 -0.076 0.022
mz+eet+nq 52 0.011 0.017
mz-ee+tnqtyu 52 0.036 0.026
mz-ee-ng+yu+mz 52 0.042 0.054
Quin-phone | ee-ng-yu+tmz+yv 52 0.050 0.026
nq-yu-mz+yv+ng 52 0.050 0.030
yu-mz-yv+ng 52 0.035 0.024
mz-yv-ng 208 -0.078 0.022
mz 52 0.113 0175
ee 52 0.036 0.026
nq 52 0.042 0.054
deiﬁgim yu 52 0.050 0.026
mz 52 0.050 0.031
yv 52 0.035 0.024
ng 52 -0.072 0.022

4.1 The Normalization Effects of CM

The main purpose of the normalization is to accomplish the statistical consistency of
word~level CMs. That is, the means and standard deviations of word-level CMs get
similar after the normalization of phone-level CMs. To verify the normalization effect we
show the some statistics of word-level CMs with and without the normalization in Figure
1. As shown in Figure 1 the rectangle boxes represent the mean values and the lines
represent the standard deviation values. In the case without the normalization the ratio of
the maximum to the minimum is approximately 2.5 in the mean values. After the

normalization the ration is reduced to about 1.3. Thus it is confirmed that the
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normalization process attains the statistical consistency.
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(b) Statistics of Word-level CMs with mono-phone based normalization
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(c) Statistics of Word-level CMs with tri-phone based normalization

Figure 1. Examples of the statistics of word-level CMs
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On the other hand, we can explain the normalization effect in regard to two-class

classification problem (TCCP). The different point of our TCCP from other common

TCCPs is that just the true claim model is known. We have no information about the

imposters. We can image two cases shown in Figure 2. In Figure 2 (a) the models of two
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classes are very similar. Contrary to the case of Figure 2 (a) the models of two classes in
Figure 3 (b) are distinctive. According to the pattern classification theory we can select
the optimum threshold when we know the pdfs of the two classes. As mentioned above
we do not know the pdf of the imposter claim. Thus it is impossible to determine the
threshold adaptively depending on the imposter pdf. But we can enhance the classification
performance utilizing the true claim'’s statistics. In Figure 2 both confusable and separable
cases have the same value d of the mean differences. However, if we normalize the pdfs
with true claim’s statistics, we can enhance the classification performance. The reason is
that after the pdf transformation the mean difference of the well-separable case is
comparably larger than that of the confusing case. Obviously, the pdf transformation has

no effect on the confusing case.

d d
<+“—»
(a) Confusable classes (b) Well-separable classes

Figure 2. Two class classification problem.

(solid line : true claim, dotted line : false claim)

Figure 3 shows the distribution of the log probability and the confidence measure value in
the case of the phone-level CMs with and without the normalization. Figure 3 (a) shows
the results of the RLJC-CM and Figure 3 (b) shows the results of the tri-phone based
NCM. From Figure 3 (a) we can observe that it is not easy to distinguish the true claims
from the imposter claims on the phone level. The distribution of the true claim (DTC) is
very confusable with that of the false claim (DFC). According to Figure 3 (b) the
distributions of DTC and DFC are still similar, but DTC is a little separable from DFC
comparatively. We think that this normalization effect can enhance the rejection

performance.
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Figure 3. logPr-CM plots of phone level CMs

4.2 The Performance Results of n-phone Based NCM

In this section we represent the performances of n-phone based NCM. Table 3 shows
some statistics of n-phone based CMs. From Table 3 it is observed that the statistics of

tri-phones are similar to those of quin—phones and ©0-phones. But the differences of the
statistics between mono-phone and tri-phone are somewhat large. From these facts we
can expect that tri-phone (3-phone) based normalization is sufficient enough to achieve
the enhancement of the rejection performance.

Figure 4 shows the experimental results of RLJC-CM and NCM. The performances of
phone, tri~phone, quin-phone and oco-phone based normalizations are compared. This
figure shows that the rejection performances of NCMs are better than those of RLJC-CM.
Also, according to Figure 4 the performances of tri-phone based NCM is similar to those
of quin-phone and co-phone based NCMs. Also the trip-hone based NCM reduces
FAR(false alarm rate) from 035 to 0.29 FA/words with 9% MDR. It achieves 17%
reduction of phone based NCM's FAR. Although the tri-phone based NCM is similar to
quin-phone and oco-phone based NCMs, the model numbers of the normalizations are
greatly different. Approximately, the number of quin-phone is double the number of
tri-phone. That is, it causes the increase of recognition time. Consequently we may

conclude that tri-phone based NCM achieves the best performance.
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Figure 4. Experimental results of n-phone based normalizations

5. Conclusions

In this paper we studied the verification of the normalized confidence measure. Using
the concept of n-phone, we extended the normalized confidence measure into a general
formula. We tested n-phone based normalizations on the isolated word recognition domain

with different n values. From the experimental results we observed that

1) the normalization procedure of the phone-level CMs could achieve the statistical
consistency of the word-level CMs and that
2) the tri-phone based normalization is sufficient enough to get the optimal

performance.

Furthermore, since our experiment is limited to the medium-sized IWR, it is necessary to
test our n-phone based NCM on a large vocabulary recognition system in the future.
Importantly, we need to devise accurate and adoptable anti-models for enhancing rejection

performance.
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