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ABSTRACT

We have developed an automatic system for train-
timetable information over the telephone that provides
accurate connections between 1200 German cities. The
caller can talk to it in unrestricted, natural, and fluent
speech, very much like he or she would communicate
with a human operator, and is not given any instruc-
tions beforehand.

The speech recognizer of this system creates a word
graph and passes it on to the speech understanding com-
ponent. [t is then parsed with a stochastic attributed
context-free grammar that is used as a language model,
to identify the relevant parts, and to compute their
meaning. A dialogue manager analyses the results and
either comes up with a new question or accesses the
timetable database. The answer to this query, as well
as the questions, are converted to spoken language by
replaying appropriate pre-recorded phrases.

1. INTRODUCTION

Automatic inquiry systems are systems that people can
call in order to obtain a certain information, without a
service representative being involved. To this end, the
system has to create a database query from the user’s
input and present the results to him or her.

While systems of this kind are already in operation,
they are not very user-friendly. Callers have to interact
with them either by pushing keys on their touch-tone
telephone, or by uttering one of just a few words the
system can understand. The ensuing dialogue is usually
menu-driven, rigidly structured, and accompanied by
lengthy explanations.

By contrast, the system described in this article al-
lows users to talk in unrestricted, natural, and fluent
speech, very much like they would converse with a hu-
man operator. Our prototype installation works in real-
time and provides information on train connections be-
tween the 1200 most important German cities.

*The work reported in this paper was in part supported by
the German Ministry of Research and Technology (BMFT) under
contract No. 01 IV 102 B.
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2. SYSTEM ARCHITECTURE

Unlike more traditional areas of automatic speech recog-
nition, like dictation or voice control, an inquiry system
does not only need recognition, but also speech under-
standing, dialogue control, and speech output capabil-
ities. Of particular interest, then, is the way of inter-
action of these basic components, since an appropriate
architecture should be expected to help increase the sys-
tem’s overall performance.

This is especially important for the integration of the
recognition and understanding parts. An automatic in-
quiry system must, of course, be speaker independent.
The quality of the incoming speech signal is low be-
cause of the limited-bandwidth, and often noisy, tele-
phone line. The vocabulary may comprise several thou-
sand words, yet the system has to operate at least close
to real-time. These unfavorable conditions result in a
relatively poor recognition performance -— with a word
error rate of about 25% in our current system — that
one can hope to improve by exploiting the knowledge of
the understanding component for recognition purposes,
effectively using it as a language model.

We do not, however, integrate the different compo-
nents of our system directly. On the contrary, we sepa-
rate them into individual modules that are executed se-
quentially (Fig. 1). Well-defined interfaces ensure that
the system can be easily maintained and that entire
modules can be exchanged without affecting the remain-
ing parts. This way, we avoid complicated and error-
prone interface protocols inherent in more complex ar-
chitectures.

Figure 1: The system architecture.
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3. SPEECH RECOGNITION
For speech recognition, we employ the PHICOS sys-
tem of Philips Research. It uses Hidden Markov Mod-
els, continuous mixture densities, and a tree-organized
beam search [9], and is based on the technology devel-
oped for Philips Dictation Systems’ SP6000 dictation
product [13].

This recognizer was modified in several respects for
the inquiry system application. First of all, the fea-
ture extraction had to be adapted to the telephone-line
bandwidth. We now use 14 spectral values, augmented
by signal energy as well as first and second order time
differences. Secondly, the system had to be trained for a
speaker-independent operation over the telephone net-
work. While the lack of appropriate data was a problem
in the beginning, we have now some 10 hours of training
material at our disposal.

Instead of simply computing the single best sentence,
the recognition module generates word graphs [10] as
its output. A word graph is a directed acyclic graph
whose nodes represent points in time and whose edges
are labelled with a word and an accompanying negative
logarithm of an acoustic probability.

likelihood Homburg

Figure 2: A sample word graph. The scores have been omitted
for clarity.

These structures are created in a two-step process:
a word hypotheses generator produces scored word hy-
potheses at a rate of several thousand per spoken word;
a word graph optimizer then reduces the amount of hy-
potheses, so a relatively sparse word graph is obtained.
This optimization does not need to access the acoustic
models anymore, and it does not require major compu-
tational resources, either. For these reasons, our recog-
nizer is comparable in overall speed to one which out-
puts just the best sentence.

The density of a word graph, measured in the aver-
age number of edges created for a spoken word, can be
adjusted by tuning the relevant pruning parameters. In
our prototype, graphs with about 10 edges per word
turned out to be most effective.

4. SPEECH UNDERSTANDING
The word graph that was created by the speech recogni-
tion component is then passed on to the understanding
module whose task it is to find the best path through
the graph, and to determine its meaning.

This requires some kind of parsing. We do not, how-
ever, try to parse an entire sentence. Instead, we are
only looking for those words or sequences of words that
are usually used when someone expresses a certain as-
pect of a request for a timetable information. Examples
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are “tomorrow” to indicate the date of travel or “to
Hamburg” to specify the destination. These concepts
may occur in arbitrary order and can be separated by
filler words that are meaningless with respect to the cre-
ation of the database query, like “Good morning” or “I
want to go”.

This technique has two major advantages: sentences
that are grammatically incorrect — which is rather com-
mon since we are dealing with spontaneous speech —,
or insufficiently recognized, can still, at least partly, be
understood. And the method is computationally inex-
pensive: on average, our current systern needs just 28
ms to understand a sentence.

4.1. Stochastic Grammars for Concepts

We use a context-free phrase-structure grammar to
specify the individual concepts. For each of them, a
distinct start symbol is defined, so we really have a set
of grammars that can, however, share subordinate rules.
Note that the grammar is a semantic rather than a syn-
tactic one since it does not describe the structure of a
sentence but its meaning.

With this grammar, an incoming word graph is trans-
formed into a concept graph whose nodes are identical
to those of the word graph; its edges, though, are not la-
belled with words but with instances of concepts. They
also have a score that is composed of two components,
the first of which being the acoustic probability of the
concept instance as computed by summing up the word
graph scores of the associated words. The other part
consists of a language model probability. To compute
it, we extend our grammar to a stochastic grammar [6]
where every rule has a (negative-logarithmic) likelihood
that can be automatically trained [7]. This value indi-
cates the probability that the rule is applied, given the
left-hand-side non-terminal. By summing up the scores
of all rules that were used for a particular derivation, a
probability can be computed and added to the acoustic
score of the concept graph arc.

Destination: Hamburg

Destination: Homburg

Figure 3: Concept graph.

4.2. Filler Arcs
In general, of course, there is no path from the first to
the last node of the concept graph anymore, since con-
cepts will not always be adjacent to each other. Besides,
finding an instance of a certain concept does not nec-
essarily mean that the corresponding words were really
sald: they may appear in the word graph solely because
of recognition errors. Therefore, we must be able to
bridge gaps in the graph, as well as bypass the concept
edges.

To achieve this, we introduce filler arcs. These edges
are labelled with an empty concept; their score is equal
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to the acoustic score of the most probable path through
the word graph between their start node and their end
node.

For every concept in the graph, a parallel filler arc
is inserted. Also, begin and end of the concept graph
are connected with every concept, and the same is done
for all of those concepts that were not interlinked pre-
viously.

FILLER FILLER

Destination: Hamburg

Destination: Homburg

Figure 4: Completed concept graph.

4.3. Selection of the Best Path

The thus created completed concept graph now serves
as the basis for finding the best path. If one simply
took the path with the smallest sum of the scores of the
contributing arcs, however, this would result in filler
arcs only.

We avoid this by introducing a filler penalty: a time-
proportional value is added to every filler edge. The
time proportionality expresses that we expect words car-
rying a meaning with respect to our database query, and
that sequences of insignificant words are increasingly
unlikely the longer they become.

In addition to the acoustic values from the word graph
and the language model scores from the stochastic gram-
mar, both of which make up the concept arc scores, a
concept bigram score contributes to the computation of
the best path. This is done to acknowledge that certain
concept sequences occur more frequently than others.
Naturally, these probabilities can be trained automati-
cally, too.

This simple method works surprisingly well, provided
that the value of the filler penalty is chosen carefully.

4.4. Determining the Meaning

We have now found the most probable sequence of con-
cepts. What we need in order to create the database
query, however, is not the words the concepts consist
of, but their meaning.

To facilitate their determination, we extend our gram-
mar to an attributed grammar [6]: every non-terminal
may have an arbitrary number of attributes, and ev-
ery (syntactic) rule may have associated semantic rules.
They allow the computation of attributes of the left-
hand-side non-terminal out of already known attributes
of the right-hand-side constituents which are accessed
by writing down the appropriate non-terminal, followed
by the attribute name (Fig. 5).

With such a grammar, an expression is parsed
top-down, and its meaning is subsequently computed
bottom-up.
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<Time> 1:= (2.66) <prep> <Hour> <Minute>

time := <Hour>.number * 60 + <Minute>.number
<Hour> ::= (7.61) one | (6.38) two | ...

number := 1| 2] ...
<Minute> ::= (19.31) fifteen | (17.22) twenty | ...

number := 15 | 20 | ...

<prep> i:=(1.64) at | (2.11) after | ...

Figure 5: A simple stochastic attributed grammar for time ex-
pressions. 'The parenthesized values are negative logarithms of
the likelihoods of the corresponding rules.

4.5. Representing Dates

While times can be expressed by integers (e.g. 2215
for 10:15 pm), and station names by character strings,
things are more complicated for dates. Because of dif-
ferent lengths of months, as well as leap years, integers
cannot readily be used, and there is no other evident
data type that allows a straightforward modeling, ei-
ther. Consequently, we defined our own.

A date consists of year, month, day, weekday, and
duration. FEach of these components may be unde-
fined. New dates are then put together using the al-
ready known values of existing ones, and completed, if
necessary, with the current date. With this approach,
we can even model fairly complex phrases. “Next week”,
for example, would be expressed as “the seven-day pe-
riod beginning with the first monday after the current
date”; “three days before christmas” as “the next 25th
of december after the current date, minus three days”.

5. DIALOGUE CONTROL
Once we found the concepts and their meaning in the
spoken sentence, it is theoretically possible to create
the database query. There may, however, be several
difficulties that prevent just this:

o Information needed for the query’s construction
may be missing; either because the caller simply did
not provide it, or because it was not retrieved dur-
ing the recognition and understanding processes.

o For similar reasons, there may be ambiguous or
contradictory data like two different destinations.

e Because of the recognizer’s relatively high error
rate, it is important that the system can verify what
it believes it understood. Otherwise, an incorrect
query may result.

It is, of course, self-evident what must be done to
overcome these problems: we need a system that can
ask questions and involve the caller in a dialogue.

For reasons of user friendliness, it is highly desirable
for this dialogue to be flexible, natural, and capable of
adapting itself to the user’s utterances. Unfortunately,
this may result in hundreds of different questions that
can follow in almost arbitrary order, leading to tens of
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thousands of possible dialogue situations that cannot be
represented in any convenient way.

We have therefore developed a special programming
language for dialogues in automatic inquiry systems:
most aspects of this subclass of general dialogue are
specified in a declarative way. The interpreter then
takes care of the selection of appropriate questions, han-
dles the results it gets from the speech understanding
module, and finally creates the database query. With
this description formalism, the complexity of a dialogue
representation is greatly reduced.

6. SPEECH OUTPUT
Both the results from the database query and the ques-
tions generated by the dialogue manager are passed to
the speech output component in the form of complete,
written sentences. Any available speech synthesis pro-
gram can then be used to convert these words into “spo-
ken” language.

Real text-to-speech synthesis as it is available today
does not sound natural, however, and is sometimes hard
to understand. Hence it is generally not recommended
for use in an automatic inquiry system. Instead, we
recorded all necessary phrases and words, e.g. the sta-
tion names, numbers, and names of months and week-
days, and stored them in digital form on hard disk.
Whenever output is to be created, the appropriate seg-
ments are concatenated and replayed.

While this approach is fairly simple and somewhat
limited in flexibility, the generated speech sounds rather
natural and seems to be widely accepted.

7. FIELD TEST AND EVALUATION

For the acquisition of training material for the recogni-
tion and understanding parts, as well as for evaluation
of the dialogue and the system’s overall performance,
we had to make people call our system. People, how-
ever, tend to behave completely differently when sim-
ply trying out a system because they are asked to do so
instead of really wanting to get an information. There-
fore, it was vital for us to conduct a field test in order
to obtain realistic data.

This field test was organized as a bootstrapping pro-
cess. Initially, the system was trained with just the de-
velopers’ voices, then the telephone number was circu-
lated within the department, the company, and finally,
the outside world. After each step, the newly collected
material was harnessed for retraining and general im-
provements.

Beginning in February 1994, the system has also
been promoted through press releases and radio inter-
views. The number of incoming calls showed consider-
able peaks after each publication and currently averages
about 1000 per month.

These calls are recorded and transcribed. Approxi-
mately 30% of them cannot be used for evaluation pur-
poses since they were made by people who only played
with the system, used it for party entertainment, or
hung up after the initial announcement.
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The others apparently consist of real requests for con-
nections. Of these calls, about 75% were successfully
completed. One quarter of the remaining calls failed
due to poor recognition performance, which we hope to
improve further as we collect more training data. The
rest was asking for stations that are not in the vocab-
ulary, or had other problems with the dialogue. We
are confident that we can achieve a success rate of 90%
within a year.
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