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ABSTRACT

In this paper it is presented a telephone-banking system for
providing user account information through the public telephone
network. The system is based on both Keyword spotting and
connected digits recognition. It has been designed to fulfil a
number of requirements such as security and adaptability to
new users without training. The former is guaranteed by double
checking access to the system and the latter by minimal system
needs, limited to code number and user name in phonetic
alphabet format.

1. INTRODUCTION

Although automatic recognition of fluently spoken natural
speech remains elusive, substantial progress has been achieved
since the first experiments on speech recognition during the
early post-war period. In simple applications, computerized
speech-recognition technology is well established, but, as
expected, there is a significant lag between research on speech
recognition technology in the laboratory and its commercial
employment.

Today, commercially available devices recognize words chosen
from a small vocabulary spoken by almost any speaker over the
switched telephone network. It is worth noting the ANSER
system offered by NTT [10], one of the most widely used and
most financially successful speech recognition applications or
the AT&T CONVERSANT® VIS System [11] tested in a field trial
of a credit authorization service for a major credit card
company.

In this paper we present a telephone-banking system for
providing information about user accounts through the public
telephone network. The proposed system is based on Hidden
Markov Modelling techniques and satisfies a number of
requirements, such as: simplicity (it is based on keyword
spotting of a small vocabulary of words) and graceful handling
of speech recognition errors (the need for the user to confirm
the system’s output and if necessary repeat his/her request is
minimised).

Generally, a commercial speech product, especially in

applications that involve transactions with banks or credit card
companies, must offer high security in accessing personal
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information. This is guaranteed in our system by double
checking the users access to the system through an
identification and verification process. Ancther issue is the
system friendliness, to users who are not accustomed to such
services and can hardly follow any strict rules. The system
integration is simple and permits the users to speak in an
almost natural way.

The organization of the paper is as follows: In Section 2 the
overall system operation is described. In Section 3, the speech
recognition techniques used in the various parts constituting the
system are described in detail. The system evaluation
experiments follow in Section 4 and finally in Section 5, the
current results and the future work are discussed.

2. OVERALL SYSTEM OPERATION

The architecture of the proposed telephone banking system is
shown in Figure 1. It is composed of three major stages,
namely: request recognition, code number identification and
user name verification. The overall operation of the system is
controlled by the dialogue structure controller, which in general
directs the dialogue between the user and the machine.

After the client's call, the controller informs the user on the
available services and asks for his request, through the speech
synthesis component. Then, proceeds the raw data of the input
to the Request Recognition component. The expected user
request may be a single word, but in practice, it is embedded
in extraneous speech. For this reason, during the request
recognition phase, the system performs keyword spotting for a
vocabulary of six words.

Subsequently, the controller checks the validity of the request,
prompting the user for his personal code number to be given as
a string of seven digits uttered in isolated or connected mode.
Then the controller activates the code number identification part
of the system. The specific component performs connected
digits recognition to identify the unknown digit string. The output
is matched with the code numbers from the user's database to
identify the corresponding name of the user. If the matching
process fails (that is, such a code number does not exist) the
user is prompted to repeat his code number. in case of another
failure the speaker is characterized non-user and the call is
terminated.
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Fig. 1 System Description

In case of success the controller activates the user name
verification process. The controller "asks" for the user's name
and directs the input signal to the phoneme based continuous
speech recognizer. The output of the recognizer is dynamic
programming matched to the most probable user name, already
known from the code number identification stage of the system.
The outcome of the DP matching is a distance score which is
compared with a verification threshold to accept or reject the
identified name. This enhanced checking procedure guarantees
security in accessing system'’s information.

lfthe above proceduies are affirmative the controller permits the
user's access to the inquired information and the system
responds accordingly.

3. SPEECH RECOGNITION PROCESSES

All three stages comprising the proposed system are using
speech recognition techniques based on HMM. In the following
sub-sections we describe the structure of the HMM'’s used, the
training procedures and the HMM-based algorithms for
recognition in the different stages of the process.

3.1 Speech Preprocessing

In the speech preprocessing phase, the input speech is lowpass
fitered with a 3.6 kHz cut-off frequency, sampled at 8 kHz and
digitized with 16bit accuracy. Each 20msec frame, taken every
10msec in an overlapping mode, is pre-emphasized using a first
order digital filter (1-0.952'1), Hamming windowed and analyzed
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through a 12-order Linear Predictive Coder (LPC), using a
Levinson recursive method. From the LPC vectors 12 cepstral
and 12 deita-cepstral coefficients are estimated to form the
parameter vector of the frame. A simple endpoint detection
routine with adaptive thresholds [12], [9] precedes the
preprocessing phase, in order to discard unnecessary silence
frames of signal.

3.2 Code Number identification

In the code number identification stage, the system performs
connected digits recognition to identify the unknown string. The
recognition is accomplished by the well known Level Building
algorithm [2],[3], that matches the parameter vector of the input
speech with the continuous HMM models for the digits. Word
and state duration statistics were incorporated into the model
scoring in a postprocessor.

A N-state first order left-to-right HMM, as the one shown in Fig.
2, is used to model the individual digits. Each state is
characterized by the following:

i. A continuous mixture density, of the form
M

b; © = E Crj N[O, Hmj» Upyl (1)
m=1

where N is a multivariate Gaussian density with diagonal
covariance matrix, that is, the assumption that all components
of the observation vector O are statistically uncorrelated has
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Fig. 2 Form of the HMM used to characterize digits

been made. We have chosen M =3, because higher values of M
increase dramatically the training and testing time, resulting in
no substantial improvement in recognition accuracy.

ii. An energy probability p J-(z:),

where p i is a nonparametric discrete density of energy values
in state | and € is a dynamically normalized frame energy
quantized into 25 regions from 0dB down to -MAX dB and
suitably normalized so that

25

Y P =1 @

=1

ii. A State duration probability p:(T)
iv. An overall word-duration density pw(D), of the form

P(D) = N [B,,c2] (3

For the connected digit recognizer we found that a model with
5 states, 3 mixtures per state is adequate to give good
recognition results within a reasonable amount of time.

The segmental k_means algorithm [1], was implemented in
order to train the continuous density HMMs. For the initial set
of patterns we used isolated utterances of the digits, (20
patterns for each digit) spoken by each of the speakers in the
database. The vocabulary consists of 13 digits because in
Greek language there are two alternative pronunciations for the
digits seven ("ept'a” and "eft'a’), eight ("Okt'O" and "Oht'0*) and
nine ("En’Ea" and "Eni'a").

During the database construction phase, the speakers were free
to pronounce each of these digits in a string, in their preferred
way. In the Viterbi alignment phase of the segmental k_means
reestimation the algorithm was free (in a maximum likelihood
sense) to choose among the two options, each time a "seven®,
"eight" or “nine" was encountered. In the recognition phase
though, each alternative pronunciation of these digits was
considered equal. An oral check was made during the first pass
of the algorithm and confirmed that the method worked well in

EUROSPEECH 93, Berlin, Germany, September 1993

practise.

A modified k_means algorithm with an Euclidean distance
measure was implemented in order to ciuster the data in each
state into M clusters during the training phase of the digits [14].

3.3 User Name Verification

For the user name verification stage, the phoneme based HMM
approach is selected in order to allow for a large number of
users. By this approach, the vocabulary of the database could
easily be updated by adding the name of a new customer, in a
phonetic form.

The same 5-state 3-mixture COHMM, shown in Fig. 2, with each
state characterized by an energy probability density and a state
duration probability is used to model the phonemes. For the
reestimation of model parameters we used the segmental
k_means algorithm, initialized by a set of patterns for each
phoneme extracted from manual segmentation of a part of the
database by a labelling expert.

An implementation of Viterbi Beam Search algorithm [5], [13],
with phoneme and state durations incorporated in the forward
search, is used to match the input speech with the CDHMMs for
the 36 Greek phonemes. Phoneme and phoneme-pair grammar,
derived from the language statistics, are also incorporated in the
algorithm.

The output string is matched against the user's name, using a
Dynamic Programming scheme (developed under ESPRIT
RIWORD Project) [6], {7], and results in a distance score for the
specific name. For the DP matching, a confusion matrix is used,
that contains the substitution, deletion and insertion statistics for
each phoneme, derived during the test phase of the continuous
speech recognizer. The distance score is compared with an
experimentally derived verification threshoid, and the result is
processed to the controller.

3.4 Request Recognition

During the request recognition stage a word based HMM
keyword spotting algorithm is used, for a vocabulary of six
words, to recognize the unknown request of the user. The
expected request is one keyword embedded usually in non-
vocabulary speech. The continuous Viterbi decoding algorithm
[15], adapted to mixture density HMMs, is performed to locate
the keyword endpoints in the sentence and the corresponding
likelihood scores. Word and state duration control, based on
statistical information of the training tokens, are used in a
postprocessor, to prune unreasonable candidates.

The keywords are modelled by an 8-state 5-mixture COHMM.
Each keyword is represented by one model. The training data
were isolated utterances of the keywords and a set of keywords
extracted from sentences with manual segmentation. The model
parameters are estimated via the segmental k_means algorithm.
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4. EXPERIMENTAL EVALUATION AND RESULTS

For training and evaluating the system three separate databases
were created. The first database consists of 830 words
(including the full name of the speaker and the keywords), each
spoken by 20 speakers (13 male, 7 female) and is used for
training and evaluating the phoneme based continuous speech
recognizer. The database was split at random, 450 words of
each speaker were used to train the phoneme models and the
remaining words to evaluate the recognizer.

The second database consists of the 13 digits and 200 digit
strings (from 5 to 8 digits each), spoken by the same 20
speakers and is used for training and evaluating the connected
digit recognizer. Within each string, the digits were selected
randomly, however care was taken to be an equal number of
occurrences of each digit. Again the database was split into a
training set and a testing set, each consisting of about half the
utterances for each speaker and for each digit length. Finally a
set of 30 sentences, spoken by ten different speakers consists
the third database and is used for evaluation of the keyword
recognizer.

For the system evaluation a number of tests have been
performed for every individual stage in separate, and the results
are shown in Table 1. For the code number identification stage,
using a known length digit string and one model per digit, the
recognition rate is 95,7%. The user name verification stage is
tested in two steps. First, the phoneme string identification, with
duration control and phone-pair grammar, where the average
accuracy is 67,5%, and second the verification and comparison,
with the threshold where the average accuracy is 86,9%. The
latter can also be considered as the accuracy of the overall
stage. In the request recognition stage, the keyword spotting
process, for six models has an average accuracy of 92.7% with
test samples always embedded in non-vocabulary speech.

Farther improvement to the overall system accuracy is expected

to be achieved by increasing the number of models and by
using second or third choices in the verification process.

| STAGE | SUCCESS (%) |

7-DIGIT CODE NUMBER 95.7
IDENTIFICATION

KEYWORD SPOTTING 82.7
NAME VERIFICATION 86.9

Table 1. Measured Speech Recognition Accuracy

5. CONCLUDING REMARKS

In this paper, a telephone banking system has been presented,
that uses advanced speech recognition techniques, already
tested in the field in a variety of tasks. The main advantages of
the current application is the enhanced security offered by the
system and its user friendly attitude. We deem the latter, as the
main issue in banking-by-phone applications. We have tried to
eliminate the need for confirmation of the system’s output by the
user, because this is a major disadvantage in such operations.
The performance evaluation of the individual stages encourage
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extending the system to a speaker independent mode. The
system performance is being improved by ongoing research.
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