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ABSTRACT

Enrollment is a necessary session in speaker verification.
Automatic verification of collected training utterances, so
called automatic enrollment, is critical to the performance
of any speaker verification system. In this paper, we pro-
pose one solution including two separate approaches for au-
tomatic enrollment. Firgt, at the utterancelevel, we propose
to use an N-best algorithm to perform spoken content verifi-
cation for training utterance selection. Second, at the word
level, we employ an accurate utterance verification algo-
rithm to conduct word verification for training datasel ection.
Finally, we combine the two techniques together and pro-
pose a solution for automatic enrollment. Our experiments
show that the N-best approach and the utterance verification
approach can provide very low error rates. Based on the ex-
perimental results, we expect that the combined solution is
closeto error freeand isfeasible for real-world applications.

1. INTRODUCTION

Asiswell known, atypical speaker verification system has
two kinds of sessions, enrollment and test. In an enrollment
session, an identity, such as an account number, is assigned
to the speaker, and the speaker is asked to select a spoken
pass-phrase, e.g. aconnected digit string or a phrase. The
systemthen promptsthe speaker to repeat the pass-phrasefor
several times, and a speaker dependent (SD) hidden Markov
model (HMM) is built based on the enrolled utterances in
the session. In atest session, the speaker’s test utterance is
compared against the pre-trained, SD HMM. A speaker is
accepted if the matching score exceeds a preset threshold;
otherwise the speaker is rejected. For such an SV system,
the accuracy of collected training dataiscritical tothe entire
system performance. |If a wrong utterance is involved in
training, we will encounter two kinds of problems. First, the
speaker dependent model constructed by thewrong utterance
will give apoor performance, and second, oncethe model is
build, it is difficult to correct the error in real applications.

Unfortunately, for human, thiskind of errorsisunavoidable.
A speaker may make a mistake while repeating the training
utterances.

In[3], weproposed to useverbal information verification
(VIV) [1, 2] to collect and to verify training data. Using the
method, a speaker isfirst verified by VIV. After the speaker
accesses the account for a few times, usually 4 to 5 times,
an SD HMM is trained using the recorded pass-phrases of
previous accesses. Then, the authentication process can be
switched from VIV to SV. Although the VIV approach is
attractive, for the real applications of the traditional speaker
verification technology, we still have to address some prac-
tical problems.

We now face two challenges from real applications:
First, for an on-line enrollment procedure, can we make
decision on one, just uttered pass-phrase? If the collected
training samples are good, we use them for training; other-
wise, we can prompt the user to repeat immediately. Second,
when a user makes a mistake, e.g. one digit iswrong in a
10-digit long utterance, can we detect the wrong digit and
userest of the utterance for training? Similarly, when auser
has a strong accent, can we use only part of the training ut-
terancefor training (and even for future speaker verification)
instead of rejecting the user?

To address these new challenges, we propose one so-
[ution including two approaches. First, we employed the
N-best search algorithm for utterance-level decisions. Sec-
ond, we applied an accurate, utterance verification algo-
rithm for word-level decision and word selection. Finaly,
we combine the above approaches to propose a solution for
real-world applications.

2. DATABASE AND MODEL

The experimental database for utterance verification con-
sists of fixed-length telephone numbers. It includes 518
utterances and each utterance has 10 digits recorded over
the long distance telephone network. The feature vector is



composed of 12 cepstrum and short-term energy, plustheir
first and second order derivatives, i.e. deltaand delta-delta
cepstrum coefficients. In total, each feature vector has 39
dimensions. The cepstrum isderived from a 10th order LPC
analysis over a 30 ms window. The feature vectors are up-
dated at 10 msintervals, and the same feature will be used
for both utterance verification and speaker verification.

The speaker-independent model for speech recognition
and segmentation is a whole-digit and context-dependent
model, called head-body-tail (HBT) model [4, 5]. TheHBT
model assumes that context dependent digit models can be
built by concatenating a left-context dependent unit (head)
with a context independent unit (body) followed by aright-
context dependent unit (tail). In detail, each digit consists
of 1 body, 12 heads and 12 tails (representing all left/right
contexts), for atotal of 276 units, 11(digits) x [1(body) +
12(head) + 12(tail)] + 1(silence) [4]. We typically use a
3-state HMM to represent each head and tail unit, and a
4-state HMM for each body. Overal it corresponds to a
10-state digit model for atotal number of 837 states (includ-
ing a 1-state silence model). The model was trained using
several large telephone databases (excluding the above one)
recorded in the landline and wireless telephone networks.
The model wastrained initially by maximum likelihood es-
timation and then modified by the MCE/GPD agorithm
[4, 6] to further improve the robustness. When using the
model for speech recognition on the above database, it can
obtain a string error rate of 6.95%.

3. N-BEST APPROACH FOR TRAINING
UTTERANCE SELECTION

The traditional Viterbi search for speech recognition is to
find the best path, which has the highest likelihood score.
In real applications, sincethe pronunciations of somewords
are highly confusable, the correct word sequence may not
bein the best path, but in the 2nd or the 3rd path. To address
the problem, N-best decoding algorithms were devel oped
to provide multiple utterance hypotheses, then other know!-
edge sources, error protection measures, or hypothesistest-
ing can be incorporated to further improve the recognition
accuracy.

The N-best algorithm used in this paper is based on
the tree-trellis algorithm originally proposed by Soong and
Huang [7], and later extended by Wu, et al. in [8]. The
search consists of two parts. aforward, time-synchronous,
trellis searchand abackward, timeasynchronous, treesearch.
In the forward search, the well-known Viterbi algorithm is
used for finding the best hypothesisand for preparing amap
of al partial paths scores in a time synchronous scheme. In
the backward search, an A* kind of search is conducted to
grow partial paths backward in atime asynchronousscheme.
Each partial path in the backward tree search isrank ordered

in a stack by the corresponding full path score, which is
computed by adding the partial path scorewith the best pos-
sible score of the remaining path obtained from the trellis
path map. In each path growing cycle, the current best par-
tial path, which is at the top of the stack is extended by one
word [7]. The algorithm also alows the incorporation of
inter-word context dependent models and language models
in both forward and backward search directions[8].

A block diagram of the N-best approach for automatic
enrollment is shown in Fig. 2. After the user claims the
identity, the user’s pass-phrase, P, in text isretrieved from
a database. When the pass-phrase is uttered, the N-best
algorithm is employed to search through the utterance and
find“N” candidatesof recognized word sequences, {S; } 1Y ;.
Each of the candidates is then compared with the retrieved
pass-phrase. If P isincluded in the “N” candidates, the
uttered pass-phrase is accepted for training, otherwise it is
rejected:

Acceptance: P = S; € {S;} s (1)
Rejection: otherwise.

If arejected pass-phraseisacorrectly uttered one, theerroris
called falsergjection (FR). On the other hand, if an accepted
pass-phrase is an incorrectly uttered one, the error is called
false acceptance (FA).

To evaluate the FR rate, we used the database and the
HBT model introduced in section 2 to conduct an experiment
using the N-best search algorithm. The results are listed in
Table1l. When only used the regular one-best search, the FR
rate was 6.95%. When used the 2-best search, in addition
to the 1-best search, the FR rate was reduced by 2.9%.
Furthermore, when used the 3-best search, the FR rate was
reduced by another 1.15%. In total, the overall FR rate was
2.90%, where the N-best search algorithm recovered 4.05%
correctly uttered pass-phrases. A summary of thefinal result
isshownin Table 2.

Table 1: Comparison on the N-Best Approaches for
Training Utter ance Selection

Descriptions | String False Rejection (%)

1-Best (Traditional ASR) 6.95%
+ 2-Best -2.90%

+ 3-Best -1.15%

Total (3-Best) 2.90%

Table 2: Summary on the N-Best Approach for Training

Utter ance Selection
Utterance False Acceptance | Utterance False Rejection

0.0% 2.9%




4. UTTERANCE VERIFICATION FOR TRAINING
DATA SELECTION

Inthissection, weinvestigatethe utterance verification (UV)
approach to automatically verify the quality of each pro-
nounced word in training utterances during the on-line en-
rollment. If thewordisacceptable, weusethe corresponding
data to train speaker-dependent models; otherwise, reject it
and use the remaining correct words for training.

Like other utterance verification algorithms (e.g. [9]),
wefirst usethe HBT model to partition utterance O into ase-
quenceof ssgments O = {0, } X ; through forced alignment
since the transcription is given. Each of the segments cor-
responds to a subword. For the HBT model, a subwordis a
“head”, “body” or “tail” unit. Wethen use apair of context-
independent, positiveand negative models, A; and ); trained
for each subword, to computethelog likelihood ratio (LL R).
Then, we combine the subword LLRs to a word score for
decision. For example, for digit j, we compute an average
LL R score as the following confidence measure [10]:

1 E . POi|N)

M = — Z In BO1N) (2)
where T'isthetotal number of frames corresponding to digit
J. Segment O;, O;41, and O; 4> correspond to the “head”,
“body" and “tail" unit of digit j, respectively. A decision
can then be made on digit j as:

M; > T,

Acceptance:
{ otherwise. (3)

Rejection:

where 7 is athreshold value.

In addition to the HBT models which we have used
for segmentation, for each subword unit i, we trained a
speaker independent, positivemode! A; and anegative model
A;. The data selection strategy for training the models is
adapted from [10]. Basicaly, we decode every training
utterance with the Viterbi beam search algorithm. During
the search, we examine all hypothesized subword segments
in all word-ending partial pathswithin the beam. Then each
of the hypothesized subword segmentsis compared with the
reference segmentation to decide whether it is a true or a
competing token of the subword unit. After collecting the
tokens from the entire training database, all true tokens for
subword i are used to estimate the positive model A; while
all competing tokens for subword : are used to estimate the
negative model A;. The detail procedure for training token
selectionisin [10].

The above utterance verification approach was eval uated
using the database introduced in section 2. We created two
cases: A and B, to simulate substitution and deletion errors,
respectively. In case A, for every 10-digit long transcrip-
tion, we randomly change one digit at a random location to

0.3
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- - CaseB -

0.15[

0.1r

FALSE REJECTION RATE

0.05

Figure1: ROC curvesof verificationfor case A (substitution
error) and case B (deletion error), at word level.

simulate the case where the user mispronounces one digit
when uttering the pass-phrase. In case B, for every 10-digit
long transcription, we randomly insert one digit to arandom
location to simulate the case where the user misses one digit
when uttering the pass-phrase. The verification error rates
were plotted as two ROC curvesin Fig. 1. From the curves
we can find that the word-level EERs (equal error rates) for
case A and B are 3.7% and 5.6%, respectively. The reason
that the case B is worse is due to the higher segmentation
error from forced alignment when the pronounced number
of digits differs from the transcription. The results indicate
that even when a user makes a mistake; we still can collect
training data with very low error rates. We do not have to
reject entire utterance - only the mispronounced words.

5. SOLUTION FOR REAL-WORLD
APPLICATIONS

So far, we have introduced two approaches for automatic
enroliment. Although both of the techniques already have
small errors, a combined solution can further reduce the
error at the system level and can achieve acloseto error-free
solution to meet the requirement of real-world applications.
Theideais to use the N-best approach to do utterance-level
verification, followed by the utterance verification approach
todoword-level dataselection. TheconceptisshowninFig.
2. Inthe figure, after the N-best search on all the training
utterance, a decision is made on the number of rejected
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Figure 2: Proposed solution for automatic enrollment.

utterances, R:

R =0, All the utterances are correct.
Send all utterancesto training;

R =1, Only one utteranceis mispronounced.
Ask the user to repest;
R > 1 Morethan one utterance were mispronounced.

Send utterances to word-level verification.
(4)
For example, a verification system collected 5 training
utterancesfrom enrollment. If the proposed N-best approach
accepted al the utterances except one, it means that the
speaker correctly uttered the pass-phrase 4 times and mis-
pronounced once. The system can then prompt the speaker
to repeat. This approach should handle most of the error
cases. In some special case, due to a strong accent, the N-
best approach might reject all 5 or most of the utterances.
Then, the utterance verification algorithm can be applied to
examine the utterance digit by digit. Here, we can consider
the sequence of the LLR scores computed from an utter-
ance as a pattern. If all the patterns match or are consi stent
from utterance to utterance, the utterances can still be ac-
cepted. However, the digit with lower LLR scores should
be excluded from training.

6. CONCLUSIONS

In this paper, we investigated two approaches for automatic
enrollment at the utteranceand theword levels, and proposed
acombined solution for real-world applications. We expect
that such asolution be closeto error freeand feasibletoreal -
world applications. Although we focused our discussions
on speaker verification (SV), it is straightforward to apply
thetechniquesto verbal information verification (VIV), such
as more accurate spoken content verification and other VIV
applications.
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