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ABSTRACT

This paper presents a new scoring method for text-
dependent speaker recognition. The scoring method is
used to combine the scores measured by the phoneme-
based neural tree network (NTN) classifiers. In con-
trast to the conventional method that combines:the
output scores of speech frames by averaging them over
the utterance, the new method uses phoneme-dependent
weighted combination. Since the phonemes are differ-
ent in their effectiveness for speaker discrimination, the
phonetic weights are chosen according to their abili-
ties of speaker discrimination. The proposed method
is evaluated by experiments on the YOHO database.
Performance improvements are obtained over conven-
tional techniques.

1. INTRODUCTION

Recently, the speaker recognition systems based on char-
acterizing a speaker’s password as a sequence of con-
catenating subword units represented by Hidden Markov
Models (HMMs) has been investigated [6][5]. The sub-
word based model was shown effective in speaker veri-
fication tasks for password of connected digits or a ran-
domly prompted sentence. In our previous study [4],
we have presented a neural-network-based algorithm
for text-dependent speaker verification. In contrast
to using HMMs, the algorithm uses a set of concate-
nated Neural Tree Networks (NTNs) trained on sub-
word units to model a password. The discriminative
training is performed in each phoneme model. Thus
each phoneme is modeled for the speaker with respect
to other speakers. One of the major advantages of using
phoneme model is that different ways of pronouncing
phonemes by two speakers can be differentiated. In
addition, a scoring method using phonetic weighting
can be applied to the subword models. The phonemes
which are reliable for speaker discrimination should be
emphasized, and those which are more confusing should
be suppressed.

In this paper, the phonetic weighting scoring method
that combines the scores measured by the phoneme-
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based NTN is described. Conventional scoring method
combines the output scores of phoneme-based NTN by
averaging them over the whole utterance. However,
the amount of information for speaker recognition con-
tributed by different phonemes are not equal. It is
found in our experiments that vowels generally perform
better than plosives in speaker recognition. Instead
of using the score averaging, a better approach using
phoneme-weighted combination is proposed. The pho-
netic weights are chosen to reflect the the phoneme’s
effectiveness in speaker discrimination. To evaluate
the performance of this algorithm, we conducted text-
dependent speaker verification and identification (ID)
experiments using the YOHO database. Experimental
results show that the phoneme-based NTN classifier
can achieve better performance than that obtained by
HMM classifier. Applying phonetic weighting scoring
method to the phoneme-based NTN system can further
improve the speaker verification performance.

2. PHONEME-BASED NEURAL TREE
NETWORK

The neural tree network (NTN) [7] is a tree-structured
classifier that combines the properties of the feed-forward
neural networks and decision trees. The structure of
the NTN classifier is similar to a decision tree. De-
cision tree uses a threshold based on one feature di-
mension in each node to discriminate feature vectors.
In the NTN, the discrimination at each node is im-
plemented by a neuron that can be trained to have
the minimum classification error. It has been applied
to speaker verification [2], and shown to achieve better
performance over conventional methods, such as Vector
Quantization (VQ), and Multilayer Perceptron (MLP).
In this system, each speaker is modeled by a binary
NTN which is trained by the feature vectors of that
speaker and the all the other speakers. During train-
ing, the feature vectors of the speaker are labeled ‘1’,
and those of the other speakers are labeled ‘0’. The
NTN is recursively trained in the following way. Given
a set of training data at a particular node, the neuron is
trained to split the feature vectors into two subsets that
minimizes the classification error. These subsets are
subsequently passed to children of the node. This al-
gorithm recurrently proceeds until the subset contains
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the feature vectors of the same class, or the growth to
the prespecified level is reached. The leave at the ter-
minal nodes are labeled by the majority class, and the
confidence measure of each leaf is also computed.

The phoneme-based NTN differs from the multiple-
word NTN in the sense that they use a different training
data set. Instead of using all the words of training data
to train a large NTN, the new training algorithm only
takes vectors assigned to particular subword units in
the training speech to train a phoneme-based NTN.
In training of a multi-word NTN (as that trained for
text-independent task), the clusters of feature vectors
corresponding to the phonemes overlap with each other
severely. In NTN training, the classification errors in
higher layer may interfere the training result of lower
layer. However, the overlaps of the phoneme clusters
which are difficult to be separated in feature domain
can be separated more easily in time domain. In our
previous study, it is shown that training the NTN with
homogeneous speech data instead of using all the data
improves the verification performance [4].

To train the phoneme-based NTNs for a speaker,
a speaker-independent phoneme-based HMMs are first
trained to perform speech segmentation. The parame-
ters of a set of HMMs are initially given by the boot-
strap models, then re-estimated by the training utter-
ances in the YOHO database using the Baum-Welch
algorithm. For each training utterance, a composite
model is synthesized by concatenating phoneme mod-
els given by the transcription. After the re-estimation,
all the utterances are segmented into subwords and la-
beled by a Viterbi decoding technique based on the
composite models. A speaker-specific phoneme-based
NTN is trained for each phoneme using the subword
tokens labeled as this phoneme. The NTN trained for
this phoneme can provide the ability to discriminate
between the speaker and impostors.

During testing, the utterances are first segmented
by the concatenation of the subword models given by
the prompted password. The subword units are then
applied to the corresponding phoneme-based NTNs.
The output scores of the phoneme NTN represent the
estimation of the posteriori probabilities that the speech
frames are generated by the target speaker. The final
score is computed by combining the frame scores over
the whole utterance [4].

3. PHONETIC WEIGHTING SCORING
METHOD

In conventional scoring methods of speaker recogni-
tion, the final score is computed by averaging the score
of speech frames over the whole utterance. It is as-
sumed that the feature vectors of all the phonemes
contain equal abilities of speaker discrimination, so a
score averaged over the whole utterance is used to rep-
resent the speaker’s characteristics. However, the ef-
fectiveness of discriminating against the other speakers
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Score=  Weighted combination of score from frames

1

score

Figure 1: Combining the frame scores with a set of
phonetic weighting parameters.

by each phoneme might be different. Since the vo-
cal tract adopts widely different articulatory configu-
rations during the production of vowels, fricatives, plo-
sives and nasals, the average feature does not repre-
sent speaker’s characteristics accurately [8]. In Savic’s
study, a text-independent speaker verification system
based on adaptive vocal tract model was proposed. The
speech was separately classified into speech segments
representing each broad phonetic category as belonging
to the impostors or as belonging to the true speaker.
A conclusion was drawn that better performance can
be achieved by representing each phonetic category by
a different model, and by making the final verification
decision based on a weighted combination of of scores
for individual categories.

In Savic’s another study [9], a text-independent speaker
verification system using two-stage classifiers is described.
The first stage consists of a speaker-independent phoneme
detector. trained to recognize a phoneme that is most
effective for speaker verification. The classifier in the
second stage is trained to recognize the frames of speech
from the target speaker that are admitted by the phoneme
detector. The vowel /i/ is found to be the most effec-
tive phoneme in characterizing speakers. Improvement
was reported in a speaker verification experiment that
only considers the phoneme /i/ in the utterances.

A new approach that applies phonetic weighting in
calculating the subword NTN score is proposed. As
illustrated in Figure 1, the score come out of each sub-
word NTN is multiplied by a phonetic weight which the
speech frame corresponds to. The phonetic weights are
chosen to reflect the phoneme’s effectiveness in speaker
discrimination, which depends on the its ability to make
correct decision in speaker recognition. The classifica-
tion performances are directly related to the distribu-
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Rank { Phoneme | Example Word | F-ratio
1 eh seven 7.65
2 er thirty 7.02
3 ay five 6.98
4 ao four 5.83
5 uw two 5.25
6 ah cup 4.96
7 ih fifty 4.53
8 ax seven 4.12
9 ey eight 3.72
10 n one 3.42
11 T four 3.27
12 iy three 3.15
13 w one ] 2.84
14 v five 2.02

15 dx forty 1.86
16 8 seven 1.78
17 k key 1.36
18 f five 0.66
19 th three 0.65
20 t two 0.35

Table 1: Average F-ratios of 20 phonemes over 30 male
speakers

tion of intra- and inter-speaker scores measured by the
phoneme-based NTNs. The more likely a phoneme-
based NTN makes classification errors the less discrim-
inative it i1s. In other words, a phoneme is more ef-
fective in discriminating speakers if the phonemes spo-
ken by other speakers are distributed at widely differ-
ent locations from the speaker’s phonemes in the fea-
ture space. For example, in two Gaussian distributed
pdfs, the error classification probability is determined
by the amount of overlap in the pdf of interspeaker
and intraspeaker distance. The results of the previ-
ously stated studies show that the vowels are generally
more useful for speaker recognition than plosives, be-
cause the classification error rate caused by plosives
is larger than that caused by vowels. One of the more
effective measurement is the ratio of interspeaker to in-
traspeaker variances, often referred to as F-ratio [10].
More specifically, the F-ratio of the NTN score for
speaker ¢ is defined as

)2
F = (M; /‘zg,z;ﬁ]) (1)
i + Oljizj

where p;; and oy are the mean and standard devi-
ation of the intraspeaker scores, and the p;;;»; and
0ij,iz; are those of interspeaker scores, respectively.
The F-ratio is used to measure the difference of two
means normalized by the averaged variance, which also
reflects the ability to discriminate speakers of NTN
scores. In order to measure the discriminative abil-
ity of a phoneme, the frame scores corresponding to
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this phoneme are used to compute the F-ratio. Table
1 shows the average F-ratio of 20 phonemes over 30
speakers. In general, the vowels are considered having
more discriminative ability than the plosives.

It is a common experience that some speakers are
easier to be recognized because their pronunciation of
certain phonemes are particularly different from others.
The weighting vectors are determined so as to empha-
size the phonemes which are reliable for speaker veri-
fication. As we have discussed, the vowels are demon-
strated to be the most speaker discriminative phonemes,
and the plosives are the least. Therefore, the feature
frames segmented into vowels are weighted with higher
values, and the plosives are weighted with lower values.

In the research of speaker recognition, using a weighted
cepstral distance measure has been proven effective in
improving recognition performance. Most speaker and
speech recognition systems use weights in the feature
domain [3]. This new approach applies the weighting
in phoneme level, which emphasizes those phones that
are effective in speaker discrimination.

Generally, two weighting schemes can be used in
speaker recognition systems, which are speaker-dependent

and speaker-independent weighting schemes. The speaker-

independent weighting scheme determines a general set
of weights that applies to all of the speakers. The
speaker-dependent weighting scheme is to adapt the
weights from speaker to speaker.

4. EXPERIMENTAL RESULTS

The effectiveness of applying phonetic weighting scor-
ing method to speaker recognition was evaluated by ex-~
periments using the YOHO database [1}. The YOHO
voice verification corpus was designed particularly for
testing text-dependent speaker verification or identi-
fication systems. It consists of 138 speakers enrolled
(106 males, and 32 females); for each speaker, there
are 4 enrollment sessions of 24 utterances each, and 10
verification sessions of 4 utterances each. The testing
subjects spanned a wide range of ages, job descriptions,
and educational backgrounds. The speech is acquired
by a high quality telephone handset, but not through
a telephone channel in a real-world office environment.
The syntax used in the YOHO database incorporates
“combination lock” phrases, and the phrases used for
enrollment and verification are different. The utter-
ances in YOHO are sampled at a rate of 8 kHz, and
limited to a 3.8 kHz bandwidth.

" The speech signal is pre-emphasized using a first
order digital filter with pre-emphasis factor 0.97. The
feature vectors are 12¢h order MFCCs extracted from
speech signal over a 25-ms window every 10 ms through-
out the utterance. In training the HMM and speech
segmentation, the A MFCC, A? MFCC , energy, A
energy, and A2 energy are argumented to each feature
vector to form a 39 dimensional vector. In training the
phoneme-based NTN, and testing, only the 12¢h order
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MFCCs are used. The PLU is modeled by a 3-state
left-to-right HMM with no skip between states. A to-
tal of 20 phonemes, as shown in Table 1, were found
enough to transcribe the spoken numbers in the YOHO
database.

In NTN training, 96 utterances (total 240 sec) of
each speaker and those of other speakers are labeled
and used to train speaker-specific phoneme NTNs. Dur-
ing testing, both the speaker verification and identifi-
cation experiments were performed. The utterances in
the same testing session are used for testing. The av-
erage length of the connected utterance in each session
is about 10 sec.

In speaker verification experiments, each speaker is
treated in turn as a claimant. For each claimant, utter-
ances spoken by speakers of the same gender other than
the claimant and the claimant’s cohorts are selected as
impostors. In other words, those who are in the cohort
set of each speaker are excluded as impostors, and there
1s no testing between speakers of different gender. This
arrangement is to avoid an optimistic bias, and make
the error estimation closer to what may be found in
the real world. The models are trained to inhibit the
cohort speakers. If the cohort set speakers are not ex-
cluded as impostors, they are likely to be rejected. The
scores are cohort normalized with a set of the 5 closest
cohort speakers, then compared with a global thresh-
old. A decision of acceptance or rejection is made after
comparing the cohort normalized score with a global
threshold.

In the speaker ID experiments, the score is mea-
sured by applying the phoneme segments of an ut-
terance to the corresponding phoneme-based NTNs of
each speaker. By comparing the scores of the utter-
ance over all the speakers, the one with the largest
confidence is identified.

Experiments to evaluate the effectiveness of using
phonetic weighting in speaker recognition were also con-
ducted. The same data set as described above was used
for training and testing. The phoneme-based NTNs
were trained by the same procedure as above. In con-
trast to the conventional scoring method, the NTN
scores corresponding to each phoneme are multiplied
by the speaker-dependent phonetic weights. The fi-
nal confidence measure of a utterance is given by the
weighted combination of these NTN scores.

The results in Table 2 show that the phoneme-based

NTN performs better than the HMM both in verifi-
cation and identification experiments. Applying the
phonetic weighting scoring method to phoneme-based
NTN can further improve the speaker verification per-
formance. In speaker identification, no improvement
was observed by applying phonetic weighting.

5. SUMMARY
We have proposed a phonetic weighting scoring method

used to compute the scores for the phoneme-based NTN
classifiers. The new approach has been evaluated by

EUROSPEECH ’95, Madrid, Spain, September 1995

classifier Error Rate
Verification EER | ID Error
NTN (No Weighting) 0.29% 0.29%
NTN (Weighting) 0.22% 0.29%
BMM (1 mixture) 1.66% 0.43%

Table 2: Speaker verification performance on YOHO

the text-dependent speaker verification experiments.
Since the subword NTN classifier is trained with the
discriminant error measure for each speaker, it is shown
to provide better discriminant ability than the conven-
tional HMM classifier. The verification performance
can be further improved by applying phonetic weight-
ing scoring method.
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