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ABSTRACT

This paper exploits the broad concept of dialogue predictions by linking a point in a human-machine dialogue
with a speci c language model which is used during the
recognition of the next user utterance. The idea is to cluster several dialogue contexts into a class and to create a
speci c language model for each class.
We present an automatic algorithm based on the minimal decrease of mutual information which clusters the dialogue contexts. Moreover the algorithm is able to guess
an appropriate number of classes, that gives a good trade
o between the mutual information and the amount of
training data.
This automatic classi cation procedure allows the full
automatic creation of context-dependent language models
for a spoken dialogue system.

1. INTRODUCTION

The statistical language model (LM) our paper deals with,
is designed for task-oriented Spoken Dialogue Systems
(SDSs). The variety of the possible user answers to the
system questions is limited because the interaction takes
place in the xed domain imposed by the application.
For the translation/dictation systems an usual technique is to use general training databases like WSJ-NAB,
but in our case, such general data do not produce good
results.
In [11] it is already proved that the use of task-dependent databases reduces of an order of magnitude the
perplexity values, in comparison with the use of a general task-independent training corpus. Moreover, using
the same task-dependent training corpus, the perplexity
value can be further reduced, considering the speci city
of each dialogue context (in [4] a decrease of about 30%
is presented).
Our approach to create a dialogue-context dependent
LM, is similar to the static prediction algorithm presented
in [2]. Other works that take advantage from the dialogue
context in the environment of SDS are [10], [6], [5].
If unconstrained human-human spontaneous speech
conversations are analized, such as in [9], several models are proposed for the automatic detection of dialogue
acts in conversational speech and several experiments are

described for using the detector to switch among the 42
dialog-act speci c trigram LMs. The results are encouraging but not statistically signi cant at least in the Switchboard corpus of conversational telephonic speech [8].
The concept of dialogue-dependent LM is based on
the fact that many dialogue contexts produce similar user
answers. So we can cluster these contexts into classes
and create for each class a speci c LM. So far, in our
system the classi cation of dialogue contexts was made
manually (see [12]). In this paper we present an algorithm
for automatic classi cation.
Our algorithm performs a clustering procedure beginning with one class for each context. For this classi cation
we obtain the maximal value for the mutual information
between the set of events and the set of event classes. The
merges are selected in order to produce the minimal decrease of mutual information. The algorithm is also able
to guess an appropriate number of classes, that gives a
good trade o between the mutual information and the
amount of training data used for each speci c LM.
Although the dialogue dependent LMs are used in the
Swiss Time Table System on a graph of concepts and not
on at word level, the clustering algorithm described in [5]
is also based on the mutual information, but it deals with
a xed number of classes. In that case the elements are
moved from one class to another, in order to maximize
the mutual information.
In Section 2. we present an overview of Dialogos, a
task-independent SDS, on which the task-dependent applications developed in CSELT are based. A description
of the dialogue contexts will be illustrated on an excerpt
from an interaction in the Italian Time Table Railway
Inquiries System. Section 3. presents the clustering algorithm. Section 4. contains the comparison between manual and automatic classi cation.

2. SYSTEM OVERVIEW

Dialogos is a software only, completely integrated SDS
which runs in real-time both on DEC-Alpha and PCPentium platforms equipped with a Dialogic D41E Board.
A telephone interface connects the acoustical front-end
and the synthesizer to the public telephone network, while
the dialogue manager is connected with the application

database.
The acoustical front-end performs feature extraction
and acoustic-phonetic decoding. The recognition module
is based on a frame-synchronous Viterbi decoding, where
the acoustic matching is performed by a phonetic neural
network [7].
At each dialogue step, based on the current dialogue
context, the dialogue manager selects the corresponding
Dialogue Prediction that activates the speci c LM from
a set of statistic trigram class-based LMs. The selected
LM uses only the bigram probabilities during the recognition phase, while its trigrams probabilities are applied
for rescoring the N-best hypotheses.
The linguistic processor starts from the best-decoded
sequence and performs a multistep robust partial parsing
[3]. At the end of the analysis, it builds the deep semantic representation of the user utterance, that is sent to the
dialogue manager [1]. The goal of the dialogue manager is
to obtain the instantiation of the parameters needed for
the database inquiry. So, it interprets the deep semantic representation, and, based on the dialogue history and
on the active focus, it chooses a new dialogue context.
According to this information (dialogue context), the dialogue manager generates also the system sentence, to be
synthesized.
A dialogue context is determined by the dialogue act
(DA) (such as REQUEST and CONFIRMATION) applied to a set of parameters (see Figure 1). In our system
these information are explicitly represented so they can
be directly used to constraint the recognition of the next
utterance. While in the recognition of human-human conversations, the DA of an utterance has to be either automatically or manually detected. The classi cation proposed in [9] is based on 42 DAs types (such as statement,
question, answer, backchannel, agreement, disagreement,
etc), which are domain independent. In our case the
DAs are only 3 (REQUEST, CONFIRMATION and
REQUEST-AND-CONFIRMATION) and they are used
in conjunction with domain parameters, so that our classi cation is mainly a domain dependent one.
Combining the 8 parameters of the Train Time Table
Scheduling application (e.g: departure city, arrival city,
relative day, week day, day and month, hour, part of day,
time interval) we can obtain more than 160 possible dialogue contexts, but our system strategy handles only 70 of
them. Even in a large training database, many of these dialogue contexts have a small number of instances. A good
approach to solve this problem is given by the clustering
of the dialogue contexts [12].
In the o line training phase, each dialogue context is
assigned to a Dialogue Context Class (manually or using
the here presented classi cation algorithm). The creation
of the set of speci c LMs is based on a database containing
the user utterances tagged with the dialogue contexts in
which they were given.
The database utterances which are tagged with dialogue contexts that belongs to the same dialogue context
class are selected to train a speci c LM.
At run time a speci c LM is activated by a dialogue
prediction (the index of the dialogue context class) sent
by the dialogue manager to the recognition module. The

S1: Hello, This is Railway Timetable Enquiry Service.
Where are you leaving from and going to ?
Dialogue Context: REQUEST: departure city, arrival city
Dialogue Context Class: Class 3
U1: From Turin to Milan on Sunday morning.
Recognized Sentence: From Turin to Milan tomorrow morning.
S2: Are you leaving from Turin and going to
Milan tomorrow morning ?
Dialogue Context: CONFIRMATION: departure city,
arrival city, relative day, part of day
Dialogue Context Class: Class 5
U2: No, I am leaving on Sunday.
Recognized Sentence: No, I am leaving on Sunday.
S3: Are you leaving from Turin and going to
Milan on Sunday morning?
Dialogue Context: CONFIRMATION: departure city,
arrival city, week day, part of day
Dialogue Context Class: Class 5
U3: Yes.
Recognized Sentence: Yes.
S3: I have found one connection ... Do you want other
information about this connection
Dialogue Context: CONFIRMATION: connection information
Dialogue Context Class: Class 7
U4: No, thanks.
Recognized Sentence: No, thanks.
S5: Thank you for the call. Good bye!

Figure 1: Excerpt from a dialogue
recognizer switches to the corresponding speci c LM.

3. AUTOMATIC CLASSIFICATION
ALGORITHM

In this section we present a automatic algorithm for clustering a set of dialogue contexts into a restricted number
of dialogue context classes. The distance measure used in
this clustering method is based on the di erence of mutual information between classi cations obtained in two
consecutive algorithm steps. A classi cation represents
the set of dialogue contexts classes.
Let E, be the input alphabet, containing a sample of
each event (trigram) existing in a given training database
and Ci ; Ci+1 the classi cations obtained at the steps i
and i+1 respectively:
E = fe1 ; ::; en g
Ci = fc1 ; ::; cp ,1 ; cp ; cp +1 ; ::; cq ,1 ; cq ; cq +1 ; ::; cm g
Ci+1 = fc1 ; ::; cp ,1 ; cp +1 ; ::; cq ,1 ; cq +1 ; ::; cm ; cr g
At step i+1 class cr is obtained by merging the classes
cp and cq , that means that the dialogue context class
cr will contain the sum of dialogue context previously
contained in cp and cq .
Using the de nition of the mutual information, we obtain for the di erence of mutual information the following
expression:

dIii 1 = ,H(EjCi 1) + H(EjCi)
Using the conditional entropy H(EjCi) as follow:
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where nkj is the number of occurrences of the event ek in
the class cj , Nj is the whole number of events existing in class
cj and N is the global number of events (N is constant for a
given database)

we obtain the following expression for the variation of
mutual information:
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Our algorithm starts with single element clusters, i.e.
a classi cation where each class contains only one dialogue
context. The dialogue contexts that occur in the training
database less then an established threshold (a number we
approximate to 5) were eliminated from the initial classi cation. For these dialogue contexts we use during the
recognition the context-independent LM, that is trained
using the whole database.
Since we can demonstrate that:
dIii+1 < 0
we obtain for the initial classi cation the maximal value
for the mutual information (Imax ). The goal of our algorithm is to merge as much classes as possible, with the
minimal decrease of mutual information. We merge, thus,
at each step the two classes that provide the minimal value
for abs(dIii+1).
The merge process could continue till all classes are
merged into a single class. For this single class classi cation, we obtain the minimal value for the mutual information (Imin ). We must choose a classi cation that
assures a good trade o between the value of the mutual
information and the number of classes.
Many selection criteria have been included and tested
in our algorithm:
a) Stop the algorithm when a given number of classes
is reached.
b) Use of the perplexity value 2 as measure for the
best classi cation.
c) Stop the algorithm when a given percentage ( ) of
the maximal variation of mutual information, (dImax )
(the di erence between Imax and Imin ) is reached. That
means that the algorithm proceeds until the following condition is reached, for the step s:
abs(dIs0 ) >  dImax
By analizing the experimental results of di erent applications, we have observed that two phases can be distinguished in the behavior of the perplexity value at each
algorithm step. In the rst phase, the perplexity value
can be considered constant, while in the second one a fast
increase can be observed (see the representation of the
perplexity values at the top of Figure 2).
We consider optimal the classi cations near the end
of the rst phase, because they present a low value for
the perplexity with a limited number of classes. Moreover, the optimal classi cations correspond to a mutual
information decrease of about 5% (a quite acceptable decrease). Therefore, we decided to use the third one as our
default selection criterion, with set to 5%.
Even if the second criterion guarantees the optimum
of the perplexity value, the classi cation obtained with
2

Also other measures could be used, like the word accuracy.

our default criterion is a very good approximation of the
best one. Its main advantage is that it does not need
any development database for computing the perplexity.
In Figure 2 we present a plotting of the perplexity and
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Figure 2: Perplexity and mutual information at each algorithm step.
mutual information values as a function of the current
algorithm step, for two di erent applications. The rst
one is the Train Time Table Scheduling application (labeled by TRAIN), while the other one is the Flight Time
Table Scheduling application (labeled by PLANE). For
the Train Time Table Scheduling application, we used the
database DIALOGOS. This database contains the transcription of more then 1,400 dialogues made by 500 naive
users. 13,138 utterances are used for training and 1694
utterances are used for testing. For the Flight Time Table Scheduling application, we used a database that contains written sentences acquired during the validity test of
the dialogue strategy. We divide this database into 6,239
training utterances and 3,000 testing utterances.
The classi cation algorithm for the rst application
starts with 17 classes only and stops after 10 merges, while
the second begins with 33 classes and nds the optimum
after 25 steps.
The presented algorithm allows the full automatic creation of the context-dependent LMs. Its computational
complexity is O(N  n2 ), where N is the global number of
events in the training database and n is the initial number
of classes.

4. AUTOMATIC vs. MANUAL
CLASSIFICATION

For the creation of the manual classi cation described in
detail in [12] the following general heuristics, based on the
structure of a dialogue context, were used:
- the dialogue context with di erent DAs are separated, while the composed dialogue act REQUEST-ANDCONFIRMATION is considered as a REQUEST DA,
since the con rmation is implicit.
- the dialogue contexts with the same DA, are subsequently divided using the parameters of the DA. So,

we kept together only the parameters that represent the
same concept, like the con rmation of part of day, hour
or time interval in case of time expression.
Observing the results of the automatic classi cation,
we see that the requests and the con rmations are always kept separated. Moreover, the REQUEST-ANDCONFIRMATION DAs were actually merged with the
corresponding REQUEST ones.
Another common characteristic between manual and
automatic classi cation is that, usually, the parameters
representing the same concept are kept into the same
class. For example, the con rmations for day and month,
relative day, week day are clustered into the same class
(the class for con rmations of the same concept: date).
One exception is made by the con rmation of part of day:
in case of the manual classi cation it is merged with the
con rmation of hour, while the automatic classi cation
put it with con rmations of the date concept.
After merging all the con rmations into one class,
many of the request classes still remain separated. This
classi cation produces a set of speci c LMs, that maintains a quite reduced perplexity value, while continuing
the algorithm until a single class is obtained, we notice a
signi cant increment of perplexity. The above described
behavior of the automatic clustering con rms another result already presented in [12]: the use of the contextdependent LMs improves mostly the recognition performances of the system with respect to the requests. Comparing the performances at the perplexity and word accuracy levels (Table 1) we see that the automatic classication does not give a signi cant improvement. This is
not surprising because the manual and automatic classications are actually very similar.
PP WA %
Manual classi cation
15.7 76.4%
Automatic classi cation 15.6 76.6%
Table 1: Perplexity and Word Accuracy Results
The main advantage of the automatic classi cation
algorithm is that it makes possible the full automatic creation of context-dependent LMs, without any loss of performance. This aspect is very important for fast prototyping of new spoken dialogue systems.

5. CONCLUSIONS

The above described automatic classi cation algorithm
has been developed for the clustering of dialogue contexts
towards the creation of context-dependent dialogue LMs.
The results of the automatic clustering are compared with
a manual classi cation described in [12] and they are actually very similar. Therefore the automatic clustering
algorithm can be used for the creation of a set of contextdependent LMs for spoken dialogue applications.
The automatic clustering algorithm has already been
integrated into the development system for the Dialogos
spoken dialogue system [1] and the use of context dependent LMs has been tested on two spoken dialogue applications: the Train Time-table Scheduling System and the
Flight Time-table one.
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