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Abstract

In this article we present a voice enabled call center which
integrates our basic and applied research results on Hungarian
speech recognition. Telephone interfaces, data storage and re-
trieval modules, and an intelligent dialog descriptor and man-
ager module are also parts of the system. To evaluate the ef-
ficiency of the recognition and the dialog, a voice enabled call
center was implemented and tested under real life conditions.
This article describes the main modules of the system and com-
pares the result of the field tests with that of the laboratory test-
ing.

1. Introduction
Hungarian speech research has a long tradition at our Labora-
tory, there exist some research systems both for speech synthe-
sis and for ASR (automatic speech recognition). Our previous
ASR research results were focused on special problems, like
acoustic model training, language modeling [1], and pronuncia-
tion modeling [3]. Recently, large Hungarian speech databases
have become available, recorded over mobile and fixed tele-
phone channels, which encouraged the implementation of di-
alog systems that can be used for various services in the field of
telephony. On one hand we had to integrate our previous basic
and applied research results while, on the other hand, applying
real voice driven dialogs initiated a new research area for Hun-
garian.

In the following section we provide an overview of the
call center realized, going into details about the main compo-
nents, especially about the speech recognition engine. Then we
demonstrate our experimental results of the system and compare
them with laboratory test results.

2. System architecture
Our VoxenterTM system has a distributed architecture, all com-
ponents are connected through a LAN and communicate by
TCP/IP protocol even if the components are realized within a
single PC. In the following sections the main components of
the system (see Fig. 1) are described.

2.1. Telephony

The telephony interface management system is responsible for
handling the input and output speech data, and for controlling
the telephone line. It can be connected to any PBX or call cen-
ter. The following telephone interfaces can be applied:

• Analog telephone line

• ISDN BRI (Basic Rate Interface)

•
•
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Figure 1: Components of the dialog system.

ISDN PRI (Primary Rate Interface)

Voice over IP

he telephone interface can be changed without affecting
ther parts of the system. Moreover, different interfaces can
d simultaneously, so the same service is available through

ent channels.

peech recognition

peech recognition system has a key role in a speech en-
dialog system, its architecture is explained in detail be-

Signal processing

ignal processing front-end computes a sequence of fea-
ectors from the incoming speech signal. The computation
immediately as soon as a 120 ms long portion of speech
en captured. This prompt processing is needed to accom-

real time dialog systems.
he speech is sampled at 8 kHz. In every 10 millisecond
or of 10 mel-warped cepstral coefficients is computed us-
30-millisecond Hamming windowed segment (one frame)
ech. Besides the MFCC coefficients, the delta and delta-
coefficients are also used. These coefficients are calcu-
by regression method with ± 2 frames of data.

voice activity detector is used to determine the begin-
and endings of voice sections. By the means of this unit,
utational time can be saved and the barge-in capabilities
system can be exploited. The detector is based on energy
threshold that is adaptive to the environmental noise.

ASR engine

h performance speech recognition library has been devel-
at our laboratory. The tools and algorithms available in the
y cover the entire process of developing and using a speech
nition system, from data collection to on-line recognition.



In this section we focus on the ASR engine which is a frame
synchronous HMM based Viterbi-decoder. It supports the use
of word or morpheme based finite state grammars. Recogni-
tion grammars can be downloaded and activated or deactivated
during operation, so in different states of the dialogs always the
proper grammar can be activated, and dynamically generated
grammars can be used as well.

N-best recognition results allow the dialog to select the first
several candidates for further processing. The accuracy of the
result is represented by a confidence value.

The computational load of a one channel recognizer is
about 10% using a 1 GHz IBM compatible PC with a 500 word
dictionary, and the memory usage is 20 MB. Since in a typi-
cal dialog the user input is active in less than half of the time,
presently one average PC can handle more than 20 channels
in real time, depending on the structure of the dialog and the
recognition network.

2.2.3. Acoustic models

In the system both context independent (CI) and context de-
pendent (CD) phone models are applied independently from
gender. Currently only Hungarian is supported, but the sys-
tem could accept the acoustic models of any language; presently
German and English models are under development.

The HTSD telephony speech database was used for training
[6]. It consists of utterances of 500 male and female speakers of
various age, and the material is phonetically balanced. Only the
phone-level segmented part of the database has been used for
the training of the monophone, diphone, and triphone models.
Each phone model has a 3 state ”left-to-right” Gaussian Mix-
ture HMM. Because of the small amount of training data (about
3 hours), all middle states are tied. The left and right states
of the triphones are clustered, based on rules which are deter-
mined on linguistic and statistical basis. The appropriate states
of the diphone and monophone models are trained context in-
dependently. All possible mono- di- or triphones are mapped to
the CD or CI states. The observation probability density func-
tions and the transition probabilities of the states are estimated
in the ML (Maximum Likelihood) sense. Initialization is per-
formed by a k-means algorithm and Viterbi-training followed
by Baum-Welch reestimations; the maximum mixture compo-
nent number is 10. Undertrained states are substituted by CI
ones. The resulted phone model set consists of 514 states, and
101 are context independent of them.

2.2.4. Recognition grammars

Recognition grammars describe the acceptable word lattices. In
the first experiments we used parallel word arcs only, where all
the possible names were listed. This was a proper solution for
off-line database (SpeechDAT or HTSD) based tests. In order to
analyse neutral dialogs, however, a more sophisticated structure
is needed. The simple question:
”Whom should I connect?”
has been answered in many different ways:
”Kovács János”

”John Smith”
”Szeretnék beszélni Kovács Jánossal.”

”I would like to speak with John Smith.”
”Szeretnék beszélni Kovács Jánossal, kérem.”

”I want to speak with John Smith, please.”
”Beszélhetnék ö.. Kovács Jánossal, kérem?”

”Could I speak to hmm... John Smith, please?”
and many other variants have occurred.
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hese complete or partially complete sentences resulted in
cognition in many cases. To avoid the problem, an ad-
d recognition grammar was generated, including several
ts illustrated above. The language model was optimized

llecting and analyzing phrases and hesitation sounds from
ialogs. The conversations were labeled by hand, and the
age model was constructed from these references. Off
phrases were filtered out from language modeling, they
used in a later phase for OOV (Out of Vocabulary) model-

oreover, as Hungarian is an agglutinative language, the
le endings and word alternations had to be taken into
nt, e.g., ”Nagy Géza” but ”Nagy Gézával szeretnék
lni.” / I would like to speak with Géza Nagy./ The language
l should contain all possible endings and stem variations,

ise misrecognition will occur. To extend the language
l even for large vocabulary connected word recognition, a
astic morphosyntactic language model was introduced in
.

Increasing the recognition accuracy

cognition can be due to various sources, e.g., noise, gab-
false pronunciation, or saying words which are not in the

nary. We have used several methods to avoid misrecogni-
such cases.

n OOV model is used in parallel with the original gram-
The OOV model is a loopback grammar, with all the pos-
acoustic models connected in parallel. In each loopback
ative arc transition probability is used, which was deter-

experimentally. This model is capable to filter out large
ences, where the actual utterance differs significantly from
eptable sentences. Slight improvement can be achieved in
detection by decreasing the negative arc transition proba-
but this may cause increasing false alarm rate. Therefore
oneme loop OOV model is extended with out of context
and phrases that occurred in actual dialogs.

o estimate the reliability of the recognition, a confidence
re is used, which is computed from the acoustic score of
st 4 candidates. A threshold of acceptance is determined
imentally, good candidates having a confidence under the
old would result in false alarm, therefore this threshold

d be set at a sufficiently low level.

Dictionary

dictionary element requires at least one phonetic tran-
ion. In our language the transcription can be generated
atically because of the close correspondence between the

ng and the pronunciation of Hungarian words. However,
tions are likely to occur, especially in the case of the pro-
ation of family names. Therefore, in the Voxenter system a
uter-based human-aided pronunciation generation method
lied to find the right balance between transcription accu-
nd user convenience. The method is as follows: after a

tem is introduced in the dictionary, a rule-based automatic
d [4] transcribes it to a pronunciation network. This net-
may contain pronunciation alternatives according to the
typical transcription (see Fig. 2), but only the canonical
ription is displayed for the user, which is easy to under-

. Then, if the user wants to change it he or she can easily
y editing the canonical form – and the pronunciation net-
will be updated automatically (see Fig. 3). Of course,
nt family names and other exceptions are handled with

ception dictionary, so human interaction is needed merely



in very few cases, mostly in the case of foreign words.
Illustration for an irregular name:

• User input:
Regenmarth Dezső

• Segmentation to letters (automatic):
r e g e n m a r t h d e zs ő

• Conversion of letters to phonemes (automatic):
r E g E n m a r t h d E Z 2:
/Canonical transcription with SAMPA phonetic symbols/

• Application of phonological rules (automatic):

r a
mn

EgE Edhtr
m:

sil
2:Z

Figure 2: Phonotypical pronunciation network containing pro-
nunciation alternatives.

• Optional user interaction at the canonical transcription
level:
r E g E n m a r t h d E Z 2: → r e: g E n m a r t d E Z 2:

• Reapplication of phonological rules (automatic):

r a
mn

Ege: E
dt

r
m:

sil
2:Z

d:

Figure 3: Regenerated corrected phonotypical pronunciation
network.

2.3. Dialog management

In order to control speech dialogs, a dialog description structure,
a dialog editor and a dialog manager are used. In our system
the dialog is modeled as a special tree with local dialogs in the
nodes. The role of the local dialog is to transmit and receive
information via speech or DTMF. To control misrecognition,
reprompting is implemented also at this level. According to the
caller input, the dialog can jump to several further nodes. The
structure of the dialog is stored in XML format. A platform
independent GUI is implemented to produce the dialog.

The Information and Agent Controller Server (IAS) is a
server application to store and access data. The IAS can be
accessed via HTTP protocol using the standard Agent Commu-
nications Language [8]. So any standard agent can access the
IAS, and can retrieve or modify data. The main goal of the
IAS is storing data received regularly by information collector
agents, e.g., news, schedules, and providing data for the dialogs.

The modules of the system communicate through a mes-
sage center via TCP/IP protocol. Any module must register
itself into this center before operating. Because of the cen-
tralized communication, monitoring the operation can easily be
achieved. The status of all modules is continuously monitored,
and in case of their failure, the location of the problem can be
detected automatically.

3. Experimental results
To evaluate the dialog system, a set of experiments has been
carried out. At first, the recognition engine and the acoustic
models were tested in the laboratory. Afterwards, the optimized
recognition engine was integrated into the dialog system and
examined in field tests.
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ecognition engine has first been tested in the laboratory.
raining and testing database contained speech recorded
elephone channels. For training the CD and CI models,
TSD [6], and for testing, the Speechdat [7] database was
The two databases are independent, each contains sen-
, command words, names, etc., from 500 speakers.

or testing we used the city names portion of the database.
ictionary contains 400 Hungarian and 100 foreign city

s. The result of the experiment is presented in Table 1.
ecognition error rate was decreased by 65% by applying
coustic models. The test material was recorded in quiet
nments using fixed telephones, but the training data con-
mobile calls as well.

Table 1: City name recognition results.

Acoustic model Error rate

Monophone model 8.7%
Tied state triphone model 3%

ield experiments

e second step, the recognition engine was integrated into
alog system. The testing was performed in a voice enabled
one call center system realized to connect the incoming
to the staff of our Department. The dictionary contains
ames. The caller has to say merely the name of the re-
ed person, and the system connects him or her. Due to the
d language model, whole sentence utterances can also be
ssed. If the line is busy or is unaccessible the call can be
rded to an operator, or to a telephone message center. The
of the user (present, on vacation, absent, etc.) and the
one numbers (office, mobile) can be dynamically modi-
n an intelligent operator interface.
p to now 1243 mobile and fixed calls have been estab-
with the system during 5 months of operation. Just a

percentage of calls are directed to the system, because in
esent state of testing this service has not been advertised.
f the calls should be considered as OOV due to several
s:

the requested name was not in the dictionary

only a portion of the input was recorded, because the user
began to speak too early

only background noise was audible

he baseline recognition errors can be seen in table 2. In
ase language modeling was already applied, but no OOV
ling yet, so the OOV utterances, listed above, all result in
cognition
oth context dependent and context independent models
applied for the experiments. Tied state triphone models
med significantly better and resulted in a lower error rate
%.

ble 2: Field recognition results without OOV modeling.

Acoustic model Error rate

Monophone model 41%
Tied state triphone model 32%



3.2.1. Result of OOV modeling

As described in the previous section, 17% of the utterances were
not covered by the language model. The OOV model was added
to the system to avoid this source of misrecognition. The results
in Table 3 show a relative improvement of approximately 30%
in the recognition error rates as compared to the baseline results.

Table 3: Field recognition results with OOV modeling.

Acoustic model Error rate Relative improvement

Monophone model 29% 29%
Tied state triphone model 22% 31%

Recognition errors can be classified to the following
classes: name to OOV, OOV to name, or name to name mis-
recognitions. It is noticeable (see Table 4) that monophone and
triphone models differ mainly in name to OOV misrecognition;
triphone models reduced the number of errors by 57%.

Table 4: Sources of misrecognition.

Misrecognition Monophone models Triphone models

OOV to name 5% 7%
name to OOV 14% 6%
name to name 10% 9%

3.2.2. Acceptance based on a confidence measure

Accepting or rejecting the result of the recognition can be based
on the level of a confidence measure. If the confidence level is
low, the result will be rejected, and the caller is asked to re-
peat the utterance. If the confidence level is too low, then only
a small portion of the errors will be filtered out, a high confi-
dence threshold, however, can cancel many correct recognition
results. The effect of our test on the recognition result accep-
tance based on a confidence measure is presented in Figure 4.
Both monophone and triphone acoustic models were examined.
For monophone acoustic models the false alarm rate and the rel-
ative error reduction are close to each other, while for triphone
acoustic models a significant distance can be observed.
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Figure 4: Results of confidence based acceptance.

Setting the confidence threshold to 0.5, 19% relative error
rate reduction is possible with 2.6% false alarm rate for triphone
models, while merely 8.4% is the relative error reduction with
5.9% false alarm rate for monophone models.
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Table 5: Results of confidence based acceptance.

Confidence threshold 0.5 0.6

Monophone models
rel. error reduction 8.4 12.6

false alarm rate 5.9 12.0
Triphone models

rel. error reduction 19.0 35
false alarm rate 2.6 6.4

4. Conclusion and future work
s paper we presented the architecture and performance of
e enabled call center system for Hungarian. The applied
nition engine resulted in 3% error rate in laboratory tests.
ctical system was also implemented which has served al-
more than 1200 incoming calls. The baseline error rate

ese recordings was 32% for CD models. Due to the ap-
language modeling and OOV model, the recognition error
ecreased to 22% for CD models in real world environ-
Furthermore, the effect of misrecognition could be de-

d by applying a confidence threshold, i.e., 19% of the
could be filtered out by a 2.6% false alarm rate. For

r improvements noise canceling signal processing algo-
s [5] are needed. A large training and testing database has
recorded in noisy environments, like noisy streets, trans-
ehicles, and shopping centers; processing of the data is in
ess. This system is capable of extending the functionality
PBX or call center with voice recognition, but the applied
should be matched to the efficiency of the recognizer.
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