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ABSTRACT

In this paper we present a new approach towards feed
uncerstanding that merges mantic and intention decoding to
one cwomporent. The dgorithm is supposed to evaluate a
speed rewgnizer's utterance hypaheses regarding a)
syntadicd and semanticd relations between words and
phrases and b potentia intentions of the user. The
mathematicd fundament for this evaluation is probability
theory. We make use of belief networks to hande the analysis
of an uterance hypahesis as a process of reasoning with
uncertain and incomplete information. The dgorithm in
general can be charaderized as phrase spatting.

The dgorithm proved to be very robust for controlling the
navigation system and the audio equipment of a ca.

1. INTRODUCTION

Speet corntrolled applications are often based on word
spoatting for interpreting the user’s utterances. Obviously word
spottingis not very robust at noisy signals or if the keyword is
part of severa intentions, but on the other hand word spatting
is able to ded with the out-of-vocabulary problem and with
grammaticdly incorread utterances. Clasdcd approaches
towards geedr understanding wse syntadic and semantic
relations between words and plrases making recogntion o
the user’s intention more robust, but also susceptible for out-
of-vocebulary phenomena ad grammaticdly incorrea
utterances. In this paper we introduce an approach which
combines the alvantages of word spatting with the alvantages
of classcd speed uncerstanding. It can be interpreted as
phrase spatting. Therefore we make an extensive use of beli ef
networks for a syntadicd and semanticd evauation o
utterance hypatheses. The paper is dructured as foll ows. First
we give ashort introduction to belief networks. We will then
explain the dgorithm, first in principle, then in detail. The
paper will end with results and conclusions.

2. BELIEF NETWORKS

Methods based on pobability theory seem to be the state-of-
the-art technique for speed reaogrition onthe signal level,
for example Hidden Markov Models. We use ancther method
of probabili stic reasoning for interpreting an uterance, namely
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beli ef networks. In this paper we can oy provide avery brief
description d beli ef networks.

A belief network consists of a set of nodes, which are related
to state variables X, eat with a finite set of states. Direded
edges between the nodes express satisticd dependencies
between the related state variables, quantitatively expressed as
condtiona probahiliti es of nodes and their parent nodes. The
joint probability distribution povides a @mplete
representation o network structure and condtiona
probabiliti es. The joint probability distribution o a belief
network consisting o n random variables can be eaily
cdculated as foll ows [1][ 2]:

P(X1,X2,..Xn) = I_l P(Xi | parents (Xi)) (1)
1=1

A belief network provides methods of inferring the states of
some query variables based on observations regarding the
evidence variables.

With their ability to ded with urcertain and incomplete
information, beli ef networks are the mathematicd background
of the goproach we present in the next sedion.

3. METHODS
3.1 Intention-Based Evaluation

The gplicaion we want to control by sportaneous geed is
the IT-equipment of a ca, namely the navigation system and
the audio equipment. To show the problems arising if a user
taks quite fast, maybe omitting some word endings and
maybe using some out-of-vocabulary words, Fig. 1 shows a
speed recognizer’'s output of 130 uterance hypatheses
ordered acarding to their confidence measures. The utterance
has been spoken qute fast, withou speaking explicitly
uncerstandable and with the German word “doch” being nd
part of the speed recognizer's vocabulary. The example is
based on German language becaise our system has a German
vocabulary and a literal trandation d the speedt remgnize’s
results into English isn't reassonable & the utterance
hypaheses are semanticdly incorred. Comparing the
pronourced uterance with the most likely utterance
hypahesis, the difference is quite nsiderable and will
obviously cause problems for intention ceading. The 130"
hypahesis differs even more. Looking at al 130 uterance
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hypdheses, the 22" is the one which is closest to the original,
despite not being afflicted with the maximum confidence
measure. This phenomenon is to be ascribed to the wrong
segmentation o some words becaise of omitted endings. Our
algorithm combines geed understanding and intention
deanding, it is suppcsed to replace the speeth recmgnza’s
confidence measure for whaole utterances by a new evaluation
measure, based onsyntadic and semantic considerations.

“bringe mich doch bitte mal in de Barerstralle”

[ Speed Recognizer ]

Ll

1. wirde mich zur bitte mal die Barerstral3e (66,50)
22.  bringe mich zur bitte mal in de Barerstraie (64,89
130, undnicht bitte weise die Barerstraie (60,10)

Figure 1: Thisfigure shows the result of a speed recgrition
processwith a German uterance ainput. On the right the
corfidence measure of ead uterance hypahesisis sown.

Fig. 2 shows the principle of our algorithm. The dgorithm
requires knowledge aou every paentia intention and the
words and plrases to pronource it. These informations are
stored in the intention library which contains al m intentions
to reason about. All n utterance hypaheses will be compared
to ead intention resulting in a quantitative evaluation measure
for eah hypdhesis. Fig. 2 refers to the evaluation measure of
they" utterance hypathesis regarding the X" intention as EM, .
The utterances with the maximal evaluation measure is the
ore that fits best to the related intention. This has to be dore
for al mintentions. The most likely intention is the one with
the utterance dflicted with the overall maximal evaluation
measure. The key of the dgorithm is the syntadic-semantic
evaluation comporent which will be described in the
foll owing sedions.

3.2 Phrase Representation

All intentions of the intention library are related to uterances
which could be used for cortrolling the navigation and the
audio system of a ca. For such qute simple gplicaions an
utterance normally has two purposes: to tell the system which
system parameter to change and to tell the system the new
parameter. Therefore we divide an uterance into two types of
phrases:

» operator phrase: to tell the system which
system parameter to change

e parameter phrase: to tell the system the
new value of the parameter

The first step is to dvide &l utterances of an intention into
operator and parameter phrases. Fig. 3 gves an example of
splitti ng uterances into operator and parameter phrases.
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Figure 2: This graph shows the main comporents of the
algorithm.

Grammaticdly and semanticdly irrelevant words will nat be
considered. The dasdficaion has to be dore in such a way,
that every possble cmbination d operator and parameter
phraseis gntadicdly and semanticaly corred.

“bringe mich in die Barerstralze”
(“take me to Barerstraf3e”)
“ich mdchte in die Barerstrale”
(“I'would liketo go  to Barerstraie”)
“zeige mir den Weg  zur Barerstralze”
(“ show me the way to BarerstraRe”)
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operator phrase parameter phrase
Figure 3: Example for splitti ng uterances into operator and
parameter phrases.

The fad that an utterances consists of an operator phrase and a
parameter phrase is being modeled by a belief network (Fig.
4). The threenodes are related to bodean state variables. The
phrase variables represent the observation d the respedive
phrase. The cndtional probabiliti es are chosen acordingto a



logicd AND-function, i.e. Intention = Operator [ Parameter.
An uteranceis only completely observed if an operator and a
related parameter phrase is completely observed.

Figure 4: The structure of an intention retwork consisting o
operator and parameter noce.

Thiskind d belief network has to be used for ead intention
to reason abou with the probability of the intention node
being the evaluation measure. We will refer to it as intention
network.

For every phrase asubretwork with ore bodean nock for eat
word, structured and trained analogicdly to the intention
networks, will be aeaed. The probability of the root noce is
suppcsed to gve an indicaion o how well the observed words
fit to that phrase.

Fig. 5 shows a representation d an intention consisting o
operator and parameter phrase networks. Combining operator
and parameter phrases credes utterances for expressng the
respedive intention.

Intention: destination choice

“ich mochte ” “in die Barerstrale”
“| want to gd’ - “to Barerstraize”
“bringe mich” “Zur Barersiraie”
“take me” “to Barerstralte”

Tzeige mir den Weg™
“show metheway ”

@’@

‘zur” s Barerstraie”
“to”

Figure 5: Every intentionis represented by an intention
network and a set of operator and plrase networks. The words
related to the word nodes are pictured below the nodesin
German and in English.

After modeling every intention d the intention library with an
intention retwork and a set of phrase networks, the evaluation
processcan start.

3.3 Syntactic-Semantic Evaluation

For better ill ustration d the syntadic-semantic evaluation o
an uterance hypahesis Fig. 6 shows ore intention retwork
with two correspondng phrase networks; the dgorithm of
course includes al intentions with their subretworks. At the
bottom of Fig. 6 the utterance hypahesis to evauate is
pictured. The dgorithm will be eplained in the following 8
steps (seeFig. 6 ®to ) :

@ P(| ntention)

iy
wordl P(word2) “die”
P(word?)
“bringe ich  hitte mal n BarerstraRe’

®

Figure 6: lllustration d the syntadic-semantic evaluation d
an uterance hypahesis regarding a catain intention.

® At the beginning the intention node of the intention
network is assgned a neutral a-priori probability distribution,
i.e. both states are equally likely. Given an a-priori probability
for the roat node the marginal probabilities for the phrase
nodes can be caculated.

@ To coordinate the operator networks with the intention
network their root nodes are asgned the probability of the
operator noce P(operator). That exerts influence on the word
nodes, changing their marginal probabiliti es.

® The utterance hypahesis is parsed for words related to the
word nodks. In Fig. 6 the word “bringe” is part of the
utterance hypahesis and part of the vocabulary of the node
wordl. This observation hes to be mapped on the network.
The evaluation d an uterance hypahesis is based on its
single words with their confidence measures assgned by the
speedt recgrizer. We will trea such confidence measures as
uncertain information. Therefore the standard inference
algorithm for beli ef networks has to be modified.

Basicdly inference dgorithms for belief networks allow
ressoning abou query variables given the states of the
evidence variables. This is quite ax easy task if the joint
probability is known, as we just have to seach for the entries



of the joint probability table acording to the states of the
evidencevariables.

Now we have the situation that we ae just able to make
uncertain, probability based statements abou the evidence
variables. Therefore the inference dgorithm has to be
extended. According to the Bayesian theorem the joint
probability of the operator phrase network can be expressed as
follows:

P(OP 2,word 1,word 2) = @
P(OP 2,word 2 | word 1) (P(word 1)
Changing the belief of observing a word, that means making a
probability based statement, will also influence the joint
probability resultingin amodified joint probability P_:

Pnrew(OP 2,word 1,word 2) =
P(OP 2,word 2 | word 1) [Pnew (word 1)

3

Dividing the equations (2) and (3) results in equation (4):

Prew (OP 2,word 1, word 2) =
new (word 1) 4

P(OP 2,word 1, word 2
( word 1, ) P(word 1)

This equation enables the inference dgorithm to ded with
changes in belief. It will be used to trea the words of an
utterance hypahesis as a dange in belief of observing a
speda word.

Generally the marginal probability of a word nock of a phrase
network refleds the asaumption that one word o the related
vocabulary is part of the utterance hypahesis. This has to be
seen from a syntadic and semantic point of view as a dange
of the probability of a word noce will also affed the other
word nodes of the phrase. The next step is to merge the
margina probability of the node wordl with the cnfidence
measure of the speed recogrizer. We interpret the range from
P(wordl) to 1 as gacewhich is left for observations by the
speedt recogrizer. This means the cnfidence measure will be
mapped onthat range & contribution bythe speed recgnizer
and added to P(wordl), which express the impad of syntax
and semantics within a phrase and previous observations. As
the range of the cnfidence measure is from 0 to 100we have
to namalize it. Equ. (5) gives a mathematicd description o
the eove:

Pob(word1=y) = P(word1=y) +%(1— P(word1=y)) =

C
=P(word1=y)+ mP(word 1=n)
The resulting rew margina probability P,, which stays
abresst of syntadic-semantic oconsiderations and o the
uncertainty in the output of the speed recgnzer, will be
entered into the network as uncertain information (Equ. (4) ).
The more words of a phrase have been observed, the higher is
the probability of observing aher words of that phrase, that
means the expedation increases. Hence syntadicdly and
semanticaly related words will be enphasized.

©)

The new probability P_(wordl) is entered into the network
acording to Equ. (4). Making wse of belief networks' ability
to ded with incomplete information, word nods with
unotserved words remain nd instantiated. The &owe
procedure has to be dore for al operator phrases of the airrent
intention.

@ The operator phrase x with the highest root node
probability P(OPx) has to be determined. This is the phrase
that is described most completely by the hypahesis utterance
regarding the aurrent intention. Max {P(OPx)} will now be
entered into the intention retwork by asdgning it to the
operator nock of the intention retwork (Equ. (4)). This will
also affed the intention and the parameter node, emphasizing
syntadicdly and semanticdly related parameter phrases.

® By analogy to step @ the margina  probability
P(parameter) will be asdgred to the root node of every
parameter network.

® By analogy to step ® the hypahesis utterance is parsed
for words of the vocabularies of the phrase’'s word nodks.
Common words have to be mapped onits word nocs.

@ By analogy to step @ the parameter phrase y with the
highest probability has to be determined P(Paramy). Max
{P(Paramy)} will be entered into the intention retwork.

The probability of the intention node of the intention
network is the quantitative measure of how well an uterance
hypahesis fits an intention. Therefore P(intention) is the
evaluation meassure EM for the utterance hypahesis
concerning the intention to reason abou.

4. RESULT S & CONCLUSIONS

The presented algorithm has been implemented and eval uated.
As mentioned before, the eplicdion to control is a
navigation system and the aidio equipment of a ca. The
algorithm has proved to be very succesdul for this kind o
applicaion with a recognition rate of the user's intention d
abou 90 per cent. It is able to cope with sportaneous, natural
speed as well as with command language. To some extent it
shows robustnessregarding ou-of-vocabulary words.

The aurrent algorithm performs very well i n appli caions with
simply structured uterances. More cmplex utterances, for
example with relative dauses, will entail problems for
mapping otservations on the phrase networks, as the arrrent
algorithm is not able to ded with several observations for one
word nock. A solution o that problem is left for future work
and will generally enhance the dgorithm’'s performance in
simple and in more complex domains.
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