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ABSTRACT The work we present deal with the spontaneous speech
roblem: It is not clear how users are going to interact with

achines in real applications. For this reason the ATOS has
een evaluated by real users. The evaluation has pursued

In this paper we report our recent development work inP
Spanish spontaneous speech conversational systems.
describe the Automatic Telephone Operator Service

(ATOS) and present the improvements introduced into it tofour go-als: (a) the performance evaluation of the speeqh
deal with spontaneous speech, which are: (a) a tasgecognizer, the natural language processor and the entire

independent dialogue manager, that can be adapted to éonversational system, (b) th_e coI.Iection pf a spee(_:h
new semantic domain by changing a configuration file. It atabase of rea}l hgman-ma_\chlne .dlalogue In a domain-
also generates a prediction about the user’s expecteqwependent application, that is helping us to find out what
utterance to constrain the language model used by thé e particularities of human-machine communication are,
speech recognizer. (b) a language modeling strategy, Whiclc) the acquljsTloLnMof a fjex; datatt))_asei_ to |m|c|1r0\t{e th?
allows to adapt the statistical language model to a new task;nguag:e mo f ( ),fan ]E ? asu Jei.'\?e <atya ua |(cj)n 0
with just few hundreds of sentences. This strategy reduced"® System in terms of usefuiness, satisfaction and user

a 27% the word error rate. suggestions.
We also report the results, conclusions and the speecfimthe.r problem rela}ted with convergational systems i.S
database collected in the evaluation of the ATOS system,t at thelr implementation takgs a long time: If the semantic
which has been tested by 30 real users. domain changes, the acoustic and language models as well
as the natural language processor and natural language
generator will have to be adapted to the new domain. The
1. INTRODUCTION acoustic models can be easily used to model unseen
The Automatic Telephone Operator Service (ATOS) is atriphones by means of senonic decision trees [1].
conversational system developed at TelefonicaNevertheless, it is difficult to adapt a general language
Investigacion y Desarrollo (TID). It integrates large model to a specific task unless a large enough text database
vocabulary continuous speech recognition, naturalis available for that domain.

language processing, natural language generation and texife have developed a method to adapt a generic language
to speech conversion. The ATOS system has been designafiodel to a specific domain using just few hundreds of
to provide users with four kind of services: sentences belonging to the new domain. This method is

(a) personal agenda, that allows users to add or deletélescribed in section 3. Section 4 presents the description of
entries and also to retrieve private telephone numbers, the Dialogue Manager (DM), which is easy to adapt to new
(b) telephone directory, that contains the telephonedomams by changing a configuration file and generates a

numbers of all the employees of TID and selects Whatprediction about the user’s expected utterance. The

. ; : rediction is then passed to the speech recognizer to
telephone number is going to be used depending on th : . . :
) constrain the LM. In section 5 we present in detail the
time of the day and the day of the week,

experiments, results and conclusions.
(c) mail box, which allows to play or delete a message,

record the welcome message, etc..., and 2 SYSTEM OVERVIEW

(d) PABX services like recall, call transfer, do not . N
: . ; The general scheme of the system is represented in Figure
disturb, etc... Section 2 describes the structure of the i
X 1 and acts as follows: once an order has been uttered, a
entire system.

speaker independent continuous speech recognizer gets the



most likely string of words. Then, a semantic parser, whichproblem is that it is difficult to get large enough textual

is a flexible frame-based parser developed at Carnegieorpus for every semantic domain, mostly if we want to
Mellon University (CMU) [2], is used to match substrings model a LM for person-machine dialogues.

of the recognized sentences with semantic slots. Theye propose a method which tries to overcome this
semantic slots represent the basic semantic entities knowproplem. The key idea is to build a generic LM using as
by the system. If all the slots needed to perform an actionyany sentences as possible, and then adapting it to the
have been filled in, then the order is executed. Otherwiseiarget domain by using a small set of target domain
the dialogue manager will ask the user, through thesentences [7]. The overall procedure can be summarized in
message generator and the text to speech system, fgpyr steps:

additional information.

The DM [3] controls the overall system. It can deal with
different tasks by just changing a configuration file which
specifies a semantic tree for each task. The DM takes all
the filled semantic slots as input, and tries to fill the slots of
the frame that are related with the current dialogue state. ;
When an order is completed, the DM can engage one of the sentences automatically tagged by a tagger developed at
following actions: if it is a command, then the DM orders TID [5].

to execute it, but if it is an information request, the DM 3.- A class-based LM is built using the following
retrieves the information and passes it to the message simplified expression for the bigram case:

generator. Finally, the DM introduces constraints into the

1.- A word-bigram back-off LM is built from a set of
sentences of Spanish newspapers.

2.- A class-bigram back-off LM is built using the small
set of sentences belonging to the target semantic
domain. This set is composed of just three hundred

LM, which depend on the state of the dialogue. where: PWa/wy) = Plwa/Co) xP(Cy/ Cy)
The continuous speech recognizer is a modified version of  P(w,/ C,) : probability of word w tagged as £(the most likely
the sphinx-Il decoder developed at CMU [4]. It uses a class)

P(C,/Cy) : bigram G-C,, probability according to the class pair

multipass search approach. It is based on semicontinuous backoff langdage model

hidden Markov models and uses a statistical language
model. The acoustic models represent intra-word and  4.- Finally, an interpolated class-based LM is built. This

cross-word context-dependent phone units. is carried out by interpolating the language models
obtained in steps 1 and 3.
3. LANGUAGE MODEL The back-off models have been generated with the

It is well known the importance of the language model Statistical Language Model Toolkit developed at CMU [6].

(LM) in the performance of continuous speech recognizersOUr €xperiments show a 27% reduction in the word error
hence, a well estimated LM is always convenient. This isfaté when we use the step-4 LM instead of the one obtained
achieved by using a large set of training sentencedn step-1.

belonging to the task semantic domain and smoothing

techniques to model poorly estimated n-grams. The 4. DIALOGUE MANAGER

Acouste The goal of a conversational system is to provide users
Models with the service they are asking for. In order to do this, the

system has to dialogue to the user to find out what the user

Spoken Continuous Speekh Semaniic would like it to do. 'I_'here are two constraints in the de_s?gn
Input >) G- Recognizer P Parser of the DM: (a) the input sentence may have recognition
errors, so that theemantic parsehas to be flexible enough
) to get as much information as possible from incorrect
- sentences. (b) The information has to be extracted and
A understoodn whatever order it comes; besides the system
h _\1 has to allow users to take the initiative, at least at the
System (< W@h‘_ Dialogue & beginning of the dialogue.
Answer Converter Manager In addition to this, the DM has to produce predictions
about the user’s kind of expected utterance, so that this
PABX information can be used by the speech recognizer to
Tree increase the word accuracy. It also has to be easy to adapt

to new semantic domains to facilitate the creation of new
Figure 1: Block diagram of the ATOS conversational system  ~qnversational system applications.



4.1 Semantic Analyzer Root: ATOS conversational system

The semantic analyser scans the input sentence and loo}
for words or sequences of words that represent relevan
information from the application point of view. Every piece

of relevant information is called concept; concepts are the mail_id
minimal meaningful entities used in the task. In a design

mailbox_id

stage all combinations of words that validate a concept have record_ms new_msg
to be defined in a configuration file by means of a finite

state network. During the analysis stage, when a sequenc

of words in the sentence validates a network, the semanti hour  order hour  order

analyser labels those words with a concept.

) Figure 2: Semantic tree example
4.2 Dialogue Manager

The Dialogue Manager is the engine of the system; itaqqitionally, the default behavior of the DM can be
controls thz work 0‘; ear(]:h r:odule In t?}? cozy(alrsat|onsl modified by means of thienplication andrestriction rules

system an contrg s the human-machine dialogue bYj¢ 5 node is modified by an implication rule, then when this
means of two acts: concept comprehension and answep,,qe is filled in, another node is also filled in. If a node is

generation. modified by a restriction rule, once the node is filled in, the
During the concept comprehension stage, the DM receiveparameter associated with the node is checked to be
all concepts that have been generated by the semanti¢alidated. The DM considers two types of restrictions:
analyser. At this moment the concepts are still separate¢omparative (greater than, equal to,...) and list ordering
pieces of knowledge. Then the DM perforrosncept  (after, before,...).
unification by grouping concepts into semantic frames.  This way of structuring the dialogue allows to easily add
new functions to the system or to adapt the DM to new
ysemantic domains by just defining similar branches and
integrating them in the semantic tree.

The DC has tgenerate a proper answéno. For this task,
the DC uses two kinds of strategies: a global strateg
oriented towards detection of missing concepts in a
semantic frame; and a local strategy for finding the bestAfter a sentence is processed by the DM, the speech
way of interacting with the user at every moment. recognizer receives information about the expected user’s
kind of answer. This information is then used during the

-(Ij—-h? required information for tk(]je k;:omprehensmr: and the o oanition process to increase the probability of the words
ialogue strategy is organized by means of “semantic,cqiciated with the DM prediction,

trees”. Figure 2 shows a branch of the semantic tree which
represents all the information related to extracting
messages from a particular voice mail box. The upper most 5. EXPERIMENTS AND RESULTS

node represents the entire ATOS conversational systemThe ATOS conversational system has been evaluated by 30
The left child node, “Read_message”, represents one of theisers. This evaluation is playing an important role in the
functions of the system, which allows to listen to a detection of problems related to all the components of the
particular message (mail_id) from some user’s mail box system. The users were asked to use all the features of the
(mail_box_id). Moreover, you can distinguish between system and to evaluate each one of them in terms of
new and recorded messages. The child nodes indicate twasefulness and satisfaction. They also were asked to give a
different ways of accessing these messages: by arrivaglobal evaluation of the system and were invited to suggest
order or time. improvements. Additionally, they were told to speak
spontaneously. The user’s utterances, the recognized
sentences and the system messages were recorded and are
"being analyzed. In this paper we present the results and
conclusions, which have been derived after analyzing all
the dialogues.

There are four kind of nodes in the semantic tree: (a)
necessary nodesvhose parameters have to be obtained
(b) optional nodeswhich provide extra-information, so
that they may not be completed, (@mplementary nodes
where only one of them have to be completed, and (d)
request for confirmation nodethat must be confirmed by ~The vocabulary size of the system is currently 2000 words
the user. The behavior of the DM depends on the kind ofand the Out-of-Vocabulary (OOV) word rate is 9.3%.
node, so for example only when a request for confirmationConcerning the false starts rate, its percentage is 4.2%.
node is filled in with some information, the DM activates The quality of the system has been measure in terms of five
the WAITING_FOR_CONFIRMATION state. parameters:



A (0 underlying this system relays on the analysis of recognition

32.0 errors. If we take a look to this errors we can see that usually
304 271 a human could recover the main information from the
25 recognized sentence even when the sentence has some
20 recognition errors. So perhaps, a NLP module can also
154 recover from those errors in order to execute some simple
10 8.0 66 o functions.
5 . We strongly think that one of the main characteristics of this
i l . I_I > kind of systems should be fast adaptation to different tasks:
GER  NLPER BNLPER SSRWERRSRWER Continuous speech recognizers can be adapted to different

domains almost automatically. However, the NLP module
has to be adapted manually, so that one of our goals was to
(a) Global Error Rate (GER): This parameter shows theimplement a NLP module able to reuse the source code. In

percentage of times a user’s sentence is not understoo!iS Way, the adaptation process of the NLP to a new task is
by the system. done by means of configuration files.

(b) Natural Language Processing Error Rate (NLPER): The obtained results of the entire system (speech recognizer
It is the percentage oécognized sentencéisat are not ~ and natural language processor) overcome the performance
properly processed by the natural language processin@Ptained just by the speech recognizer. This fact points out
(NLP) module. The NLP module is composed of the that the use of a natural language processor is a good
semantic parser, the dialogue manager and the naturdnethod to augment the system robustness.

language generator.
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