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Abstract. In this paper, we present an approach to the estimation of a
dialogue-dependent understanding component of a dialogue system. This
work is developed in the framework of the BASURDE Spanish dialogue
system, which answers queries about train timetables by telephone in
Spanish. Modelization which is specific to the dialogue state is proposed
to improve the behaviour of the understanding process. Some experimen-
tal results are presented.

1 Introduction

The construction of dialogue systems applied to limited domain information sys-
tems is an important objective in the area of Human Language Technologies. The
advance in the design and analysis of the different knowledge sources involved
in a spoken dialogue system, such as speech processing, language modeling, lan-
guage understanding, or speech synthesis, has led to the development of dialogue
system prototypes. Some characteristics of these systems are : telephone access,
limited semantic domains and mixed initiative [6][4][1].

The work that we present in this paper is an approach to the construction of
the understanding module of the BASURDE dialogue system [2]. The system’s
task consists in answering telephone queries about railway timetables in Spanish.
In this system, the output of the speech recognizer is the input of the under-
standing module, which in turn supplies its output to the dialogue manager.

The representation of the meaning of the user utterances is made through
the semantic-frames. The frame determines the type of communication of the
user turn as well as the data supplied in the utterance.

There are two kinds of classical approaches to the problem of language un-
derstanding: the first is based on the use of rules to detect markers and keywords
to obtain the frame type and its attributes; the second one is based on the use
of models which are automatically learnt from samples. Some of these are based
on stochastic models (HMM and Stochastic Regular Grammars) that can be
automatically learnt by means of Grammatical Inference techniques [3][10][8].

One advantage of using models and learning techniques of this kind, is that
it allows us to adapt to new tasks and situations, such as reestimation with new



data, context changes, new tasks or different languages. However, one drawback
is that it is necessary to have a large amount of training data, which is especially
difficult to obtain in the case of dialogues.

In the BASURDE system the representation of the dialogue structure is done
by means of a stochastic network of dialogue acts. One advantage of this structure
is that it gives a prediction of the next dialogue acts expected from the user. In
this work, this information is used in the understanding process. In particular,
different understanding models are used depending on the last dialogue act of
the system. Other approaches of dialogue-dependent understanding models have
been recently investigated [5].

2 The BASURDE task

The BASURDE task [2] consists of telephone queries about the Spanish train
timetables. The kind of queries (semantic restrictions) are: questions about
timetables, prices, and services, for long distance trains. A corpus of 200 person-
to-person dialogues corresponding to a real information system were recorded
and analyzed. Then, four types of scenarios were defined (departure/arrival time
for a one-way trip, a two-way trip, the prices and services, and one free scenario).
A total of 215 dialogues were acquired using the Wizard of Oz technique. The
total number of user turns was 1460 (14.902 words).

3 Dialogue act labels

One method of representing the structure of a dialogue is through dialogue acts.
To do this, a set of labels must be defined. The number of labels must be large
enough to show the different intentions of the turns and to cover all the sit-
uations. If the number is too high the models will be underestimated because
there aren’t enough training samples. On the other hand, if we define a small
set of just a few labels, only general purposes of the turn can be modeled. In
the BASURDE system a three-level label set was proposed [7]. The first level of
each dialogue act describes the dialogue behavior. These labels are generic for
any task. The second level is related to the semantic representation of a sentence
and is specific to that task. The third level takes into account the data given in
the utterance.

A stochastic network of dialogue acts can be learnt from training samples by
using these labels. This network represents the dialogue structure and strategy
and can be used by the Dialogue Manager to generate the dialogue acts of the
system. It can also help in the recognition and the understanding process by
means of the generation of hypotheses of the expected acts of the user.

We will center our interest on the first-level, which is used to direct the
understanding process. The first level can take the following values: Opening,
Closing, Undefined, Not_understood, Waiting, New_query, Acceptance, Rejection,
Question, Confirmation, Answer.



An example of some turns annotated with the first-level labels is shown in
Fig 1. Note that each turn can have more than one label associated to it.

S1: Bienvenido al sistema automdtico de informacién de trenes regionales y de
largo recorrido, qué desea? (S:Opening)
(Welcome to the information system for train timetables. What information
would you like?)

U1l: Puede decirme a qué hora salen los trenes de Valencia a Barcelona?
(U:Question)
(Can you tell me what time the trains from Valencia to Barcelona leave?)

S2: De Valencia a Barcelona,(S: Confirmation) qué dia quiere salir? (S:Question)
(From Valencia to Barcelona, what day do you want to leave?)

U2: El préximo jueves (U: Answer)
(Next Thursday)

Fig. 1. Example of a labelled dialogue

4 Semantic representation

In our system, the representation of the meaning of user turns is done using
semantic frames; i.e. each frame represents a semantic concept and it can have
some attributes and values associated to it. The set of frames defined for this
task is the following: Departure_time, Return_departure_time, Arrival_time, Re-
turn_arrival_time, Price, Return_price, Length_of_trip, Train_type, Services, Con-
firmation, Not_Understood, Affirmation, Rejection, Closing.

As we have mentioned above, a set of attributes can be associated to each
frame. For example, the sentence:

Cudl es el precio de un billete de Valencia a Barcelona?
(How much is a ticket from Valencia to Barcelona)

is represented as follows:
(PRICE)

Destination: Barcelona
Origen: Valencia

5 Categorization

As the number of instances of some attributes can be very low, problems of
coverage and lack of training samples can occur when learning stochastic models
from a corpus. Therefore, we had to reduce the number of words in our lexicon



by using lemmas and categories. Due to the complex conjugation of Spanish
verbs we had to substitute any conjugated form of a verb with its corresponding
infinitive form. We also had to substitute any instance of a city name with the
category City-Name; any instance of day of the week with the category Day-
Name; and the same with numbers, months, etc. We defined seven categories in
the lexicon. This way, we reduced the size of our lexicon from 637 to 370 different
words.

6 The Understanding process

The understanding process is done in two phases. The first phase consists of a
transduction of the input sentence in terms of an intermediate semantic language.
As this intermediate semantic language that we defined is sequential with the
input, some sequential transduction techniques can be used. In the second phase,
a set of rules transduces this intermediate representation in terms of frames. As
the intermediate language is close to the frame representation, this phase only
requires a small set of rules in order to construct the frame. An example of the
actions in this second phase is the conversion of relative dates and hours into
absolute values. For example "next Monday” into ”mm/dd/yr” or ”in the morn-
ing” into ”interval hours (from 5 to 12)”. The first phase of the understanding
process is based on automatically learnt stochastic models. We have defined a set
of 53 semantic units, which are a kind of semantic categorization. Each semantic
unit represents the meaning of words (or sequences of words) in the sentences.
For example, the semantic unit ”consult” can be associated to ”can you tell me”,
”please tell me”, ”what is”, etc. This way, an input sentence (sequence of words)
has a semantic sentence (sequence of semantic units) associated to it, and there
is an inherent segmentation. An example is shown:

Spanish
wi: por favor v1: consulta
ws: a que hora salen los trenes? vy: <hora_salida>
ws: hacia v3: marcador_destino
wy: Alicante v4: ciudad_destino
English
wi: please v1: query
wa: what is the railway timetable? vo: <Departure_time>
w3: to v3: destination_marker
wy: Alicante va: destination_city

The semantic sentence V for the semantic language model training is :

consulta <hora_salida> marcador_destino ciudad_destino
(query <Departure_time> destination_marker destination_city)

The stochastic modelization is divided into two levels. The higer level (se-
mantic model) represents the sequences of semantic units allowed. In the lower



level (semantic-unit models) the language (sequences of words) associated to
each semantic unit is modelled. An annotated training corpus is used to obtain
the stochastic models. Each sentence of the training set consists of the sequence
of words, the sequence of semantic units and the associated segmentation.

A Semantic Model Word Model for each V.
semantic unit

A, Integrated model
Fig. 2. Scheme of the two-level approach.

Let T be a training set of pairs (W,V) of sequences of words and semantic
units. We learn a model A; for the semantic language Ly C V*, and a set of models
(one for each semantic unit v; € V, where V is the set of semantic units). The
regular A for the semantic language Ly is estimated from the semantic sentences
V' € V* of the training sample. The regular model Ay, for each semantic unit v;
€ V is estimated from the set of segments, wj, of the training sample associated
to the semantic unit v;. These estimations are made through automatic learning
techniques.

In this work, a classical bigram model was estimated for the semantic model
As , and the models for the semantic units, A,,, were also estimated as classi-
cal bigrams. However, other techniques can be used for the estimation of both
models. This is the case of grammatical inference techniques such as the ECGI,
MGGI, or k-testable in strict sense [9][10].

In our approach the understanding process is as follows: Given the sequence
of words of the input sequence W = wiws ... w,, the process consists of finding
the sequence of semantic units V = v1vs ... v which maximizes the probability:

~

V = argmax P(W|V)P(V)
1%



The term P(W|V) is the probability of the sequence of words W given the
sequence of semantic units V. We approach this probability, following the Viterbi
criterium, as the maximum for all posible segmentations of W in |V/| segments.

PW|V) = v, ax {P(w1, ..., wi; |v1) P(Wiy 41, -o, Win|U2) oo P(Wiy_y 41, oy Wn|UR) }
15025l —1

where the probability of each segment is done by means of bigram probabil-
ities of words given the associated semantic unit:

i
P(w;, ..., wjlvs) = P(w;|v) H P(wg|wg—1,vs)
k=i+1

The term P(V) is the bigram probability of the sequence V.

k
P(V) = P(v) H P(vi|vi—1)

=2

The understanding process is done through the Viterbi algorithm, which
supplies the best path in the integrated model (Fig 2.). This path gives not only
the sequence of sematic units but also the segmentation associated to it.

In our approach, a specific model for each dialogue act is obtained. That is,
we split the training samples into 6 subsets, corresponding to the labels: Open-
ing, Confirmation, Waiting, New_query, Not_understood, Answer. Each subset
is associated to a first-level dialogue label, and it contains the user turns which
occur after its label. For example, the set Opening contains all the user turns
which have been uttered after the system has generated the Opening dialogue
act. In this way, we hope to have a more specific modelization of the user turns.

We only apply the specific modelization of the higher level (semantic model
As). This is because this level represents the semantics of the sentence, while
the lower level represents the specific instantiation of this semantics in terms of
sequences of words. Therefore, we can take advantage of all the samples to learn
the semantic unit models (A4,,).

The understanding model selected by the Dialogue Manager in this decoding
process is only the specific model, which is associated to the last dialogue act
produced by the system.

7 Experimental results and conclusions

In order to study the appropriateness of Specific Language Understanding mod-
els (SLU), a preliminary experimentation on the BASURDE task was conducted.
The obtained results were then compared with the results for the same task but
using a unique Language Understanding model (LU). In this section, we present
the results of these two types of models for the same task. At the light of these
results, some conclusions will be drawn.



The corpus consisted of the orthographic transcription of a set of 215 di-
alogs, which were obtained using the Wizard of Oz technique. These dialogues
contained 1,460 user turns which were our experimental set. For this set, a cross-
validation procedure was used to evaluate the performance of our models. The
experimental set was randomly split into five subsets of 292 turns. One of our
experiments then consisted of five trials, each of which had a different combina-
tion of one subset taken from the five subsets as the test set, with the remaining
1,168 turns being used as the training set.

We defined four measures to evaluate the accuracy of the models:

— the percentage of correct sequences of semantic units (%cssu).

— the percentage of correct semantic units (%csu).

— the percentage of correct frames (%cf); i.e., the percentage of resulting frames
that are exactly the same as the corresponding reference frame.

the percentage of correct frame slots (frame name and its attributes) (%cfs).

The experimental results (%cssu, %csu, %cf and %cfs) obtained by using LU
and SLU models are shown in Table 1.

Table 1. Experimental Results

%cssu|%csu| Y%cf |Y%cts
LU | 68.1 | 87.6 |80.84|89.1
SLU| 69.6 | 88.1 | 81.9 [89.3

From Table 1, it can be concluded that using SLU models helps to slightly
improve the understanding process.

In the light of the results obtained, we can conclude that using Specific Lan-
guage Understanding Models is a good way to implement the required feedback
between the dialogue manager and understanding modules.

More works should be done to improve feedback. For instance, SLU and
LU model can be interpolated in order to avoid the lack of coverage of specific
models. It can also be defined new sets of specific models.
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