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Abstract. Children spoken language understanding and recognitioreven with imperfect recognition. They owe their successin { ro-

is a little researched area. It is a difficult task and morereprone
than adult speech processing because typical problemsutterh
ance variation, and a variety of disfluencies are accerduat¢he
case of children language. In this paper, we present a sdaken
guage understanding architecture, which attempts totefédg deal
with children speech. The approach is tailored for a reaéetap-
plication where children interact with a conversationareitter via
spoken language and 2D gesture. A user study is conductedlte e
ate the effectiveness of the approach and the feasibilitpo$truct-
ing a robust spoken dialogue system for a children apptinaflhe
results of the evaluation are encouraging and suggest gnarevon
the right track in terms of our approach for robust undeditam of
children speech.

1

Advances in human language technologies and computer igsaph
techniques, have led to a growing trend towards designirentag
based interfaces which exhibit human-like behavior ancdapmce.
These interfaces, termed embodied conversational age@Aq)
[5], have the ability to communicate through multiple maiiles in-
cluding spoken language, facial expression and gestuhey.dim to
use and realize cues inherently peculiar to human-humamcora
cation, such as sense of presence, mixed initiative and/aedyal be-
haviors to hold up their end of the dialogue with the user. éwgng
research community is working on the development of ECASH4,
So far though, there has been little reported work in spokaguage
understanding for ECAs. Much of research on embodied adsts
concentrated on achieving lifelike qualities to meet thalgof be-
lievability. Effective understanding of verbal input is eykrequire-
ment for ensuring a smooth conversation with ECAs. To prtegen
approach for understanding spoken language of childrenpami-
cating with an ECA is the prime motivation for this paper.
Advances in speech technologies in the 1990s led to the yleplo
ment of several prototype and commercial spoken dialogsess.
These systems were used, for example, to provide weathesdsir
information over the telephone [30], automatic call rogtfollowed
by processing for information retrieval and form filling poses [7],
access to information in a large directory database [3], gatting
train travel information [17]. The primary users of thesesteyns
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were adults and the main goal was to help the user complete on

or several tasks. Although we have still not been able toldpvger-
fect speech recognition for adults, these systems are atdstéab-
lish the feasibility of developing successful spoken djale systems
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bust natural language understanding and efficient dialogc@very
techniques. Speech technology has also been used in rezestty
develop systems for children. These systems have rangedditor-
ing on pronunciation [26], coach for oral reading [21] andnooer-
cial toys [28, 27]. Due to inherent issues related to chiidspeech
recognition, these systems have a limited vocabulary addrgtand-
ing abilities. Apart from a few attempts [22, 8], there hastbgery
little development on robust understanding techniquesghoRo-
bustness approaches have mainly been presented for a lggr®ra
ken dialogue system [29, 9]. The issue of robustness becomek
more pronounced for children spoken dialogue applicatsris this
case speech recognition is subject to error rates that ar¢otfive
times higher than adult speech [1, 6, 18].

The development of our natural language understandingrsyst
supported by a careful evaluation, represents a contoibuti this
direction. We envision a game scenario of a player intangotiith
the fairy-tale character Hans Christian Andersen (HCA)rireater-
taining and educational way. There is no visible user ayatthe
user perceives the world around him in a first-person petispec
She can explore HCA's study and talk to him, in any order, aboy
topic within HCA's knowledge domains, using spontaneousesh
and mixed-initiative dialogue. The user can change the cariew,
refer to and talk about objects in the study, and also pointrat
gesture to them. Typical input gestures are markers likg, Enes,
points, and circles. entered at will via a mouse-compaiifgpert de-
vice or using a touch-sensitive screen. HCA's domains afalisse
are: HCA's fairy tales, his life, his physical presence is $iudy, the
user, HCA's role as gate-keeper for access to the fairy takdwand
the meta domain of solving problems of meta-communication d
ing speech/gesture conversation. The targeted users gfstem are
kids between the age group of 10-18 years including botlveatid
non-native English speakers.

The rest of the paper is organized as follows. Section 2 ptesiee
spoken language understanding approach. We then repdrear-t
sults from our evaluation study in Section 3 and concludeeictin

2 Natural Language Understanding

The natural language understanding (NLU) method is based on
Igyered approach where each stage adds to the informatitimeof
previous stage and does a further deeper analysis of thespdk
terance. The goal is to send the results from any stage attrdise
dialogue module, in case any succeeding stage fails to zmahe
utterance due to the presence of speech recognition efroisre-
sults in a graceful degradation of the understanding apgpraad
thereby supports the objective of robustness. The firsesitagjde



the NLU performs a shallow level of analysis by searchingder
tain domain-related key phrases in the user utterance. éftsgres
that when faced with misrecognized utterances, the keyspbirare
extracted, and a wider acceptance of utterances is achi€hedkey
motivation for a shallow level of analysis is that childrgzoken lan-
guage utterances is usually casual and full of ungramnigtiva:
nomena. Thus focusing on the key phrases at first, ensures tha
partial (and in sometime even full) understanding of userition
can still be achieved in case of a ungrammatical utteramcéhd
next stage, a combined rule-based and data-driven serfsgntiactic
analysis is used. Here, the syntactic constraints aregélas needed
through parameterized rule settings, semantically meéuliparts
of the input utterance are extracted and the domain irreteparts
are ignored. The use of a complete syntactic analysis ofttheamce
would have little success for casual spoken language uttesaand
a sole semantic driven approach would lose on important pu@s
vided by syntax. The use of a combined approach helps usvachie
the objective of accommodating spontaneous speech inguttdize
syntactic knowledge as needed.

In terms of constituent components, the NLU module (seeXig.

[ SEMANTIC : <Location:birthplace>

"place of birth”
"birth place”
"where you were born”
"where you was born”
"your place of origin”
"place you were born”
"place you grew”
"where you grew”

| SEMANTIC: <Timepast> |

"In the past”
“"long time back”
"some time back”

"few years ago”
"long time ago”
"long long years back”
"long years back”
"back in time”

Tablel. A few keyphrases for two different semantic categories.

Number Finder detects all possible dates, age, and nuniartie
user utterance. Next, the syntactic and semantic categorsingle
words are retrieved from a Lexicon. An entry in the Lexicontedns
knowledge about each word in terms of its syntactic and séman
category. Words that occur in more than one semantic catémwme
their actual meaning detected through rules as descritied la-
flected forms of verb and morphological variants of a worchsas

can be broken down into four main components: a Keyphrasé Spop|uyrals of a noun are provided with a separate entry. Relstips of

ter, a Semantic Analyzer, a Concept Finder, and a Domaint&pot
The NLU Manager is responsible for communication acrogsidint
components of the entire module. It receives the user uiteriom
the Speech Recognizer (SR) and sends it to the keyphraderspot

Speech
Recognizer

Input
Fusion

Key phrase
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Figurel. Schematic view of the NLU module.

2.1 Keyphrase Spotter

The Keyphrase Spotter forms the first stage of shallow lel/plt@
cessing inside the NLU and detects multi word expressians the
spoken utterance. It stores a pre-fixed set of words labeligdse-
mantic and syntactic tags. These tags are also used in ttensen
level parsing. Table 1 shows keyphrases used for two seonzate-
gories. Keyphrases are categorized per domain. The Keyp&pot-
ter uses about 1200 domain dependent and 150 domain indagend
keyphrases that have been extracted after manual tratisergs di-
alogue data collected in several Wizard of Oz (WOZ) studiesa-
tificial domain related corpora. After detecting the keygsas from
the user utterance, the processed utterance is sent to rirente
analyzer for further processing.

2.2 Semantic Analyzer

Raughly speaking, the Semantic Analyzer consists of thieviel
ing four components: a Number Finder, a Lexicon, a Rule Engin
and a Finite State Automaton (FSA) processor. As the firgt she

synonymy are encoded by having the same semantic categahefo
involved words. These synonyms are near synonyms in thetestti
sense. Words like 'a’, 'the’, 'between’, 'anything’ amonthers have
not been provided with a lexical entry as they are domainevent
and do not help in formulating the rules based on semantitasyic
categories. This also follows from the general principlets ap-
proach to extract only the meaningful parts of the utterance

Semantic relationships are encoded through a parent-otidd
tionship in the Lexicon. This semantic categorizationvatidor in-
heriting the properties of the categories and subcategofighich a
word is a member. Some 1400 lexical entries have been crested
ually after careful analysis of data collected from the WQ@Zdges
and artificial corpora. Words without a lexical entry are anélyzed
further and dropped. Nevertheless, these words are ratsaithat
they can be analyzed later on for making a lexical entry, édeal.

After retrieving the lexical entries the original utterartarns into
a sequence of semantic and syntactic categories. This tsseak
to the rule engine. The analysis performed here involve®sing
an appropriate meaning representation according to a geawfmar
rules that are defined on the basis of the existing semardisyartac-
tic categories. The hierarchical representation of ld¥icawledge
through the lexicon helps in inferencing through thesesulehe
rules also help in performing Word Sense Disambiguation DS
a crucial component of any natural language understandodyta.
As part of the human language understanding process, WSB-rep
sents the part which finds the appropriate meaning for anguohis
word within a sentence from a range of possibilities [16]r Fo
stance, the rules help in disambiguating between HCA's arathd
the mother of a fairy tale character as shown in example 3 and 4
Table 6.

The rule engine rewrites certain semantic/syntactic caiteg (or
category sequences) in terms of other semantic/synteatdgories
(or category sequences). The conversion is dependent t@incere-
defined conditions such as e.g. the presence or absencenfagite-
gories at specific positions in the processed user utterdntypical
rule is of the form

<aux:alt><hca>
apply.at.position :- [beginning]
Numberof_conditions :-0

It makes sure that wherever the sequence of categories

;- <question:yes/ns <hca>



Dialogue act | Dialogue M eaning of dialogue act
act type
UserOpinion | Positive User agreement (e.g. "yeah sure | like Ugly Duckling”)
UserOpinion | Negative User disagreement (e.g."No I don’t want to talk about it")
UserOpinion | General User opinion (e.g. "I like Ugly Duckling”)
UserOpinion | Praise User appreciation (e.g. "that is cool”, "your fairytaleg areat”)
UserOpinion | Thanks User expression of gratitude (e.g. "Thanks for telling ttwgys)
UserOpinion | Insulting User response is socially inappropriate (e.g. "none of ymsiness,” "are you dumb”)
Question Location User gquestion concerning a location (e.g. "where did youeauigly Duckling”, "which place were you born”)
Question Reason User guestion inquiring the reasons about something (evQy 'did you leave Copenhagen”, "how come you like Ud
Duckling”)
Question Yes/no User question of yes/no type (e.g. "do you like Ugly Ducklints this your study”)
Question Person User guestion about a person (e.g. "who was your father”)
Question General General user question (e.g. "what are you doing”)
Question Time User question concerning a temporal event (e.g "when didyrite that book”, "in which year did move to Copenhagen”
Request Listen User request of hearing something (e.g. "could you tell gl want to hear about....")
Request Tell User request of telling something (e.g. "I want to tell yatj.”can I tell you....")
Meta Repetition User repetition/rephrase request (e.g. "could you pleggeat”, "say it again”)
Meta Clarification | User clarification request (e.g. "l don’t get your point”, hat does that mean”)
Meta Correction User correction (e.g. "I think you misunderstand....”)
Greeting Beginning Conversation start/resume (e.g. "Hey there”)
Greeting Ending Conversation end (e.g. "see you later”, "catch you later”)

Table2. Dialogue acts detected by the NLU from the user utterances.

<aux:alt><hca>is detected at the 'beginning’ of a processed userremains unchanged.

sentence it is converted intaquestion:yes/ns <hca>. The rule
also states that there is no condition which affects itsieppbn. The

The FSAs are developed offline using training utterances fhe
Woz data and handcrafted artificial corpora related to theaio.

subfield "all’ in category<aux:alt>specifies that the rule is applica- To create the FSAs, the training utterances are sent thritnggkey

ble for all the auxiliary verbs like 'can’, 'shall’ etc. Thigrovides

phrase spotter and the lexical entries for the words préagetite

a good generalization mechanism and the rule need not btedrea utterances are retrieved from the lexicon to convert theim énse-

for all the auxiliaries individually. We have defined abo@02ules
inside the rule engine out of which about 90 rules are domaie-i
pendent.

This stage also involves detecting the dialogue acts listddble
2. The figure also shows the representation of social cuesHinks
and praises in user utterance in terms of dialogue acts aldthg
three types of user-initiated meta communication i.e.ifidations,
repetitions and corrections.

The tussle for robust semantic interpretation generabbylts in
an entire disregard for syntactic constructs and knowledgjee un-

derstanding component for spoken dialogue systems. We inemb

syntactic knowledge as needed for our purposes. Althouggrim-
matical correctness of the sentence is ignored inside teeengine,
rules based on the syntactic categories are used to infénstance,
the yes/no types of questions, declarative and imperativetares.
The rule considered for detecting the dialogue act 'questbtype

'yes/no’ uses the syntactic information regarding auridis. Tense
also holds importance as in e.g, distinguishing betweemwds a
pleasure meeting you” and "it is a pleasure meeting you” eher
the former utterance the user bids goodbye and in the ldttenger
praises seeing HCA.

The next stage of processing inside the FSA processor iesolv

a match procedure on the sequence of semantic/syntactigores

quence of semantic/syntactic categories. Next, the domdepen-
dent rules are applied on the sequence. The resultant istted in
the form of an FSA. Each set of FSAs is tagged at design tinteitsit
own semantic representation. The semantic represeniataonom-
bination of fixed semantic categories with values alreadindd and
semantic categories with placeholders. These placetwoiterfilled
from the values obtained through the processed user uteetmun
time.

[ Id. ] Training Sentence |
45. | What is the relationship between your fairy tales and ydaer |
46. | Which one of your fairy tale is inspired from you own life
47. | Where did inspired you to write the Ugly Duckling
48. | Are any of your fairy tales which reflects your life
49. | Why did you write the Ugly Duckling
50. | What inspired you to write the Ugly Duckling
51. | Can you tell me what Ugly Duckling means to you
52. | What does your fairy tale about the Ugly Duckling mean|to

you

Table3. Set of training utterances for constructing FSAstablesfsanple

In order to illustrate the process of creating the FSAs, $etan-

ly

with a set of FSA developed through an offline process at desig sider the sentences given in Taff2 The resultant sequences cor-
responding to the training utterances are shown in Tableet- C

time. If the sequence of semantic and syntactic categosieblie
to traverse an FSA, the resultant corresponding to that ESA i
frame containing slot-value pairs filled with informatioxtiapolated

from the sequence at hand. The resultant, then, becomesthe ¢ quences are further processed to remove duplicate seguance

cise semantic representation of the original user utteraimccase
of no match, the original sequence of semantic/syntactiegcaies

tain words like "any” and "between” are not provided with Xile
cal entry and are dropped during this processing. The srgusie-

to combine together often occurring category sub-seqeendes
processing stage yields the results shown in Figure 2 whiah,



sake of simplicity, does not show the node correspondinpdalta-
logue act at the beginning of each FSA. These FSAs sets ayedag
with a semantic representation likequestion: x> <verb:x> <fairy-
tale:x> <fairytale:relationshiplifefairytale where the slot x is filled
in with the actual values from the user utterances at run.tirable

5 represents a simplified internal storage format.

This data-driven methodology helps in cases where suffidiata
is available to develop the FSAs for that particular domaia sub-
set of it and thus helps avoid the need of handcrafting thesrdihis
also allows for a rule based and a data driven approach tgisbse
that the objectives of a) realistic development time upfeord b) the

2.3 Concept Finder

In a conversational system, the domain knowledge has to be co
nected to linguistic system levels of organization suchrasngnar
and lexicon. Domain ontology captures knowledge of oneiqdar
domain and serves as a more direct representation of thel.wrl
domain ontology would be limited when used in applicatiamshsas
language processing. Ontological relationships 'is-a ‘arkind-of’
have their lexical counterparts in hyponymy. The part-whadla-
tionships meronymy and holonymy [15] also form hierarchigss
relationship parallelism would suggest that lexical rieleghips and

use of more data driven methodology as more data becomds avaPntology are the same but a lexical hierarchy might only sery a

able through WOZ experiments can be simultaneously suggort
Currently, we use FSAs for a subset of HCAs 'life’ and 'faalg’
domains.

No.| Resulting Representation |

45. | <question:general <relatior><hca> <fairytale:generak <hca>
<life>

46. | <question:general<hca><fairytale:x><inspire><hca> <life >

47. | <question:locatior <inspire><hca><verb:x><hca> <life >

48. | <question:yes/noe <hca> <fairytale:x><relatior><hca> <life >

49. | <question:reasan<hca><verb:x> <fairytale:x>

50. | <question:general <inspire><hca> <verb:x><fairytale:x>

51. | <question:yes/ne <hca><fairytale:x><relatiorr>

52.| <question:general<hca><fairytale:x> <fairytale:x> <relatior>

Table4. The set of training utterances after they have been prodesse
through the keyphrase spotter and the lexicon.

[ No. | Storedas | No. | Storedas [| Id | Encoding |
45. | [BIA2] | 46. | MBI || @ | <hca> <fairytalex>
47. | [3141121 | 48. | B2 || 2] | <hca><life>
49. | [4][5] 50. | [3][4I5] || [3] | <relation><inspire>
51. [1][3] 52 [1][5][3] [4] | <hca><verb:xx>

[5] | <fairytalexx>

Table5. Simplified format to store sequences. Numbers in brackets ar
shortcuts to sequence of categories as defined in the rigtitoatumn.

Figure2. FSA for sentences through 45 to 52 as defined in Table 5.

The output representation of the user utterance in terniseodlit
alogue acts and semantical output representation is nekts¢he
concept finder for further processing.

basis for a useful ontology and can at most be called an evsatz
tology [14]. [2] provides an interesting discussion of teationship
between domain and linguistic ontologies. In our architextve use
two different sets of representations to support the twdresting
objectives of semantical and domain level representafibe. con-
cept finder helps in providing a link between the two represéms.
The concept finder works by providing a mapping from the seman

tic categories present in the user utterance to the domash den-
cepts and properties used inside the dialogue module througs
defined on the semantic categories. To illustrate bettarsleonsider
the fourth example of input processing in Table 6.

NLU Sub- | Submodule Output

module

SR Output what did your father do to earn a living

Keyphrase Sp.| what did your father do tecprofession:gex

Rule engine <question:general <family:father> <profession:gen

FSA Proc. <question:general <family:father> <profession:gen

SR Output What is the big deal about your life

Keyphrase Sp.| What is the big deal about your life

Rule engine <Question:general<size:big><deab><hca>
<life:generap>

FSA Proc. <Question:general <personalattribute:selfidentity>

SR Output Who is the mother of the swan in the fairytale The Udly
Duckling

Keyphrase Sp.| Who is the mother of the swan in the fairytale the
<fairytale:ugly duckling >

Rule engine <question:persan <fairytalecharacter:motheduck>
<fairytale:ugly duckling >

FSA Proc. <question:person <fairytalecharacter:motheduck>
<fairytale:ugly duckling>

SR Output What do you remember about your mom

Keyphrase Sp.| What do you remember about your mom

Rule engine <question:general <verb:remember <family:mother

FSA Proc. <question:general <verb:remember <family:mother

Table6. Four examples of processing through the NLU.

The concept finder maps the categories after the semantic ana
lyzer into appropriate domain level concept/property useithe di-
alogue module and converts them into categories of the typele
alogueact:question, dialoguacttype:general, property:cognitive,
propertytype:remember, concept:family and scéncept:mother.
This connects the two different representation used ingideNLU
and the dialogue module. Some of the concepts and propegéss
by the dialogue module and NLU as part of its output represimt
are shown in Table 7.

The output from the concept finder hence, consists of thevell
ing three categories:

a) dialogueact/dialogueacttype: These categories are filled with



[ Concept | Sub_concept |
Lifetime birth,childhood,youth,adult,old,death
Family parents,mother,father,children,

grandfather,grandmother,wife,general,
brother,sister, children,son,daughter
PersonalAttribute self.identity,knowledge,interests
capabilities,intelligence
Location school,neighbourhood,house,study,
apartment,birthplace,hometown

[ Property | Property_type |
Number few,lot,all,cardinals
Quality good,bad
Emotion funny,scary,happy,sad
Cognitive know,remember,forgot
Activity read,write,play,sing,act,dance,jump,

walk,run,currentactivity,hobby,travel

Table7. Life, physical-self concepts and shared properties.

the actual values identified from the user utterance. Theegagpro-
vided by the NLU are listed in Figure 2. Allin all, 5 dialogzet and
19 dialogueacttype are delivered from the NLU.

logue acts addressed in the utterance is delivered by theah#dn-
guage understanding to the dialogue module. In the dialogog-
ule, this information is used to find the next conversationale of
the character. This stage of processing is performed iresided-
ule called the conversational mover. For each conversdtionve of
the character, rules are defined using the conceptisnbept, prop-
erty/propertytype and dialoguect/dialogueacttype delivered by
the NLU. This provides a systematic way to connect the ugenin
tion to the characters output move that is influenced by thsope
ality of the character as well as facts about his life. TabEh8ws
an example of rule while turn 8 in Figure 3 shows the corredpon
ing user utterance and the NLU output before this move igérigd
inside the conversational mover. Table 8 lists other exampf pro-
cessing starting from the user utterance, the NLU and theecsa-
tional mover.

This stage is also responsible for detecting whether the utse
terance is overdetermined, i.e., if it is a question whossvan the
character currently does not have knowledge about. Thewoily
three types of overdeterminations are often encounteretbca-
tion_unknown, for example when the user says "where did you write
Ugly Duckling”. b) time.unknown, for example when the user utters
"when did you go to Italy” ¢) reasannknown, for example when the

b) concept/sulzoncept: These categories are filled with the actualuser asks "why did you become a writer”. To make clearer theob
values of concept and the corresponding_sohcept from the user overdeterminations, let us consider a sequence of cori@rdarns
utterance. A few examples of concept/stdncept couples are listed from the user study. At some point during conversation tleg says
in Table 7. The NLU delivers about 18 concepts and 150 sub con*tell me about the Little Mermaid”, the utterance is proesdy
cepts as part of its output. the NLU and the conversational mover and HCA replies cayect
c) property/propertytype: These categories are filled with the actual with the story of the Little Mermaid. In the next turn, the uge-

values of property and the corresponding property typesctied
from the user utterance. A few examples of property/propsmpe
couples are listed in Table 7. The NLU delivers about 25 prgpe
values and 55 property type values as part of its output.

2.4 Domain Spotter

At the next stage, the domain spotter uses the output of thprtt
vious processing step to find the domain(s) correspondititgtaser
utterance. A domain helps to provide a categorization ottierac-
ter's knowledge set. HCA's domains of discourse are: HCAlsyf
tales, his life, his physical presence in his study, the, l$€A's role
as gate-keeper for access to the fairy tale world, and tha doehain
of solving problems of meta-communication during speeestigre
conversation. Concepts and propertys are grouped acgotalithe
domain of conversation. The domain spotter processes ttgitou
from the concept finder and finds the domain(s) by mappingdhe c
cept/property according to their respective domains. Aexample,
the concept 'family’ shown in Table 7 is grouped under the diom
'life’ at design time. Sticking to example 4 in Table 6, whére tdo-
main spotter spots the concept:family in the utterancegtiécts that
the utterance belongs to the domain ’life’.

The final output consisting of concept/subconcept,
erty/propertytype, dialogueact/dialogueacttype and domain is
used by the dialogue module to find the next conversationalemo
of the character.

2.5 Conversational Mover

One of the challenges in developing a spoken dialogue sy&iem
conversational characters is to make system componentsignim
cate with each other. In our architecture, the ontologieptesenta-
tion of the user input in terms of the concepts, propertie$ @dia-

quires further on the topic by asking "why you write Little keaid
about”. In that case, the conversational mover detectsdheecsa-
tional move reasamnknown and HCA correspondingly replies i
don’t know why but we could talk about topics like....". Tigiovides

a generic way of replying to questions for which the systes it
been designed. Any time HCA has to produce a response @téndi
new conversational turn, the dialogue module selects sextrdlly
appropriate output in accordance with the determined asatienal
move, the conversational history and the emotional state. fro-
cessing after this stage is outside the scope of this paper.

define convmove :- fairytalelittle_mermaidstory

dialog act :- request or question and

dialog act type :- listen or general and

concept :- fairytale and sutoncept:litlte mermaid and
property :- navalue or summary

Table8. Anexample of a rule for a conversational move.

prop-

3 Evaluation Experiment

The success of a multimodal conversational system depenasoy
factors. Among others, these include a good recognitiorioper
mance, provided by an appropriate level of acoustic andulage
modelling, a robust understanding of the user utteranae aanef-
ficient communication among the different system companért
make up the complete architecture. Despite its importatheegval-
uation of a multimodal dialogue systems is a poorly definediam
derstood task. Due to lack of both a consistent frameworksandd



u(D): how isyour mother (how was your mother)

S(1): The name of my mother was Anne Marie Andersdatter. Oh my pathen!
u(2): tell me about your family (tell me about your family)
S(2): I had a nice and small family. Apart from my parents | only sawgrandparents....
u(@): do you like to play games (would you like to play games)
S(3): My favorite childhood game was to play theater. When | wasteigaw an opera at the theater in German about a mermaid which

l...
U(4): doyou like thefairy tales that you have been written (do you like the fairytale of them yes Andersen)
S(4): | like several of my fairytales very much. One of my favoriteshe Ugly Duckling....
u(s): Yeah Ok (yeah i)
S(5): You want to hear about my father
u(6): Yeah ok (i ok)
S(6): Excuse me
u(7): Yesi would like to hear about your father (no yes i would like to hear about your father)
7): Journeyman was my fathers occupation. A journeyman yousseé&ind of workman or craftsman employed by somebody....
u(8): Can you tell me something about the fairy talethe Little Mermaid

SR(8): (did you tell me something about it to be the fairy tale théé.-kermaid)

NLU(8): <dialogueact:request <dialogueacttype:listern>

<property:summary <dialogueactsubject:hca
<concept:fairytale- <suhconcept:litltemermaid>

C. Mover(8): conversation move: fairytallttle_mermaidstory

S(8): The Little Mermaid is a story about a mermaid who saves a priram drowning and falls in love with him. To become human...

Figure3. Example of interaction from the user study. SR output isaiicg8. NLU and CM output is shown in turn 8.

theoretical foundations, evaluation is mainly performiectigh in-
tuitive measures tailored to the application under ingagidn. In the
past, various approaches have been put forward. Some ofdbam
with the performance of the system as a whole [12, 24] and stre

based on the success of single components. The former ahpoa

usually employ a variety of metrics such as task success tiate
correction ratio, inappropriate utterance ratio, numidd¢ums, con-
cept accuracy, elapsed time and many others [13, 23] in amptt

to evaluate the degree to which the system is accepted bystre u

Some other approaches use language input/answer pairseaalan
uation criterion [10] , where the correct understandingefirebd in
terms of the number of right replies to the input sentencéerd

have also been evaluation methodologies based on the assamp

that the performance of the global dialogue system dependbeo
quality of its single components and their interactions aadper-

ation with one another [11, 20]. These approaches have getblo

the subsystem evaluation techniques that consists of ingedkwn
the entire dialogue system into its components and evalyatiem
independently.

given the input utterance at hand, is the correct one. Weunedse
precision as percentage of moves which are correctly seldst the
conversational mover, given all user utterances as wellnstbe
user utterances that are successfully processed by thehspmg-
nizer. When humans interact with others, they tend to igtierdrag-
mented and disfluent qualities of the utterances and focextoact-
ing meaning in order to make sense of it. The robustness gtiEge
(recognition, parsing, etc.) is thus defined as a measureedtility
of human speakers to communicate despite incomplete iafttom
and ambiguity. Using that as a benchmark for the succese M1ty
and the conversational mover components, two human judges w
given the task to independently evaluate the degree of ssafehe
speech recognizer and decide whether a third human beinigilweu
able to retrieve the meaning of the input sentence givenpgbech
recognizer output. Interrater reliability for this tasks\@8%. A third
human judge opinion was used to resolve the problem cases.
For the quantitative analysis we look at the single comptsnand
how they interact with each other. Starting from the speecog-
nition subsystems, we calculate well established meageaviord

In order to measure the effectiveness of our approach, we corerror rate (see Table 9). We then analyze speech recoguititput

ducted an evaluation study with 7 users (4 boys, 3 girls) fthen

target user group of 10-18 year old kids and teenagers. Tées us

were asked to interact with the fairytale author Hans ClarsAn-
dersen in a complete system setup. The recording setustensif a

ME3 headset microphone, SK100 body pack transmitter and@w1

receiver. Each user test session had a duration of 45 mirAutsss-
sion included conversation for about 20 minutes with HCAdiekd
by a post-test interview to evaluate the overall interacérperience
of the user. A detailed evaluation based on a structurediquesire
approach was carried out. In this section, we concentrateeoaval-
uation of the understanding components and report on the phr
the questionnaire related to it. The objects of our atterisahe nat-
ural language understanding agent that maps input uttesanto a
formal internal ontological representation as well as tbeversa-
tional mover agent (see section 2 and subsection 2.5) thattsan
adequate move in response to this representation of usatiion.

In our investigation, we distinguish between a qualitatvel a
guantitative evaluation. For the qualitative analysis,use the clas-
sical criterion of precision i.e. the extent to which theesttd move,

in relation with the linguistic aspects of the user uttemircterms

of NLU output representation and the correct conversatiorave,
which is the quantitative measurement on the semantic aghpatic
level of our natural language processor that expresses ualtyg

of the understanding system. Our system achieve a 83.9%simrec
measure (see Table 9) when the speech recognizer proviglegttih
results for a human wizard to make the correct move whileviddise
drop to a 55.3% in case of wrong recognition of speech. FrobofeTa
9, it can be easily evinced that, on average, only 7.7% ofripati
utterances not properly processed by the speech recogjveerise

to a wrong move while the remaining 92.3% do not give rise ¥ an
move at all. Regarding the input that is correctly recogibg the
speech processor, Table 9 shows how an average 16.1% ofldt cou
not be adequately processed by either the NLU (4% of the rases
or the conversational mover (12.1% of the cases). The oelstip
between the speech recognition performance and robustaadse
stressed from the following cases that we encounteredgitheuser
interaction with the system.



Subj ect] Total WER Speech recognition Speech recognition failure # of Correct Moves # of no Moves

No. utterances | in % success (percentage) | Causing awrong move | Causing no move (percentage) duetoNLU [ due to
Con.
mover

1 23 455 15 (65.2%) [0] 8 13 (86.7%) 0 2

2 27 447 15 (55.6%) 1 11 14 (93.3%) 0 1

3 28 475 22 (78.6%) 1 5 17 (77.3%) 1 4

4 28 42.9 18 (64.3%) 1 9 15 (83.3%) 1 2

5 33 42.0 24 (72.7%) 1 8 21 (87.5%) 1 2

6 34 42.3 22 (64.7%) 1 11 16 (72.7%) 2 4

7 12 52.7 6 (50.0%) 0 6 6 (100%) 0 0

[ Average 264 [ 454 | 17.4 (65.9%) | 0.7 | 8.3 | 14.6 (83.9%) | 0.7 [ 21

Table9. NLU and Conversational Mover evaluation results from usadg

Use case 1: In this case the input sentence contains a filled pause

as well as a repeat. The NLU is able to correctly extract thauser
wants to listen to the fairytale Ugly Duckling.

Input: tell me aboutfilled pause-tell me about
the Ugly Duckling

SR output: tell me about you tell me about the Ugly
Duckling

NLU Output:  <dialogueact:request
<dialogueacttype:listen><concept:fairytale-
<suhconcept:uglyduckling>

Conv. Mover : fairytaleugly_duckling_story

SR output: i am twelve years old

NLU Output:  <concept:useinfo><suhconcept:age
<property:age- <propertytype:generab
<property:numbes <property type:12>

Conv. Mover :  userageinfo

From the results of the evaluation experiments, two setsaf-p
lem patterns are identified. These problem patterns formriheipal
categories of errors from the SR. They are typically clasdifis SR
failures in Table 9. These cause problems in the procesditigeo
NLU and the conversational mover agents and thereby eidseiits
in a wrong move or no move from the system. These two problem

Usecase 2: In this case the input sentence is correctly recognizedcategories occur either when SR errors change the impdregnt
by the speech processor and understood by the NLU. Basedibn thword which results in a complete change of user intent (assin u

information the conversational mover is able to find theecrmove
Input: yeah what about games do you like

to play games

yeah what about games do like

to play games not
<dialogueact:questior
<dialogueacttype:generab
<property:liketoplay- <concept:games
<suhconcept:general

gamsstory

SR output:

NLU Output :

Conv. Mover :

case 3 in the evaluation experiment) or when SR errors ragsaltt
ambiguous utterance (as the example in use case 4 from the eva
ation experiment). The first category is a more serious issueas
reported in comments during the interview session from ausers.

The users complained that some responses from the systenotdid
correspond to their input. These were the cases when thensyst
sponded with a wrong move as shown in Table 9. The second cate-
gory of errors result in the system expressing inabilitynderstand

the user as shown in turn 6 in Table 3. This typically occuremvtine

user repeats or rephrases his utterance. In the secondftstili,a

Use case 3: In this case the input sentence is not correctly rec-'no move’ is produced, the system uses the strategy of stigges

ognized by the speech processor and thereby not undersyoibe b

different conversation topic to discuss. From Table 9, it ba seen

NLU, which result in a wrong move being made by the system.that the first category of errors forms about 2.7% of the tiitr-

Input: why
SR output: bye
NLU Output:  <dialogueact:greeting-

<dialogueacttype:ending-

action turns whereas the second category forms about 3DHdér
cases of a wrong move are due to missing rules and keyphnases i
2.6% and missing conversational rules in the conversdtimoaer
in 8% of all the conversational turns. Figure 3 shows exarapleser
interaction with HCA from the evaluation study. Turn 8 shathe

Use case 4: In this case the recognizer errors change the phrasf)rocessing through the internal components

"I am” into "and” which does not trigger the correct rules hetrule
engine to detect the right concept. If the input were notugated to

change the phrase "I am” at the beginning the NLU representat

would have been able to extract the right concepts and threator
move would have been made by the system.

Input: i am twelve years old

SR output: and twelve years old

NLU Output :  <property:age- <propertytype:generar
<property:numbes <propertytype:12>

Conv. Mover :  lowconfidence

From the results it can be seen that the speech recognizis imee
provement. The word error rate of 45.4% (see Figure 9) is ghdri
side even with issues of higher speech recognition errerfeatchil-
dren. This provides us with a future goal of improving itsfper
mance through further data collection. However, desp#eds with
speech recognition, the users were satisfied with the dvetatac-
tion experience with the system. In response to the quesfibow
they would evaluate the overall system, 5 users found themsysat-
isfactory. The other two users found the system very gocoinRhe
results of the second evaluation study, the positive respaould
be explained through two factors. Firstly, the methodologgd in
the NLU of a shallow analysis through the keyphrase spottttea



first stage and rules which ignore the grammatical corrastieside [8]
the rule engine and attempt to extract meaningful inforamafrom
the user utterance is able to recover on an average aboutittdr6
ances from a total of 26.4 (i.e. about 55.3%). Secondly, @s@nce

of recognition errors, the system does not say anythingrdtser
cause the NLU and conversational mover did not produce agvron
move. As explained above already, this happens where a 'm@’'mo (10]
is selected (31.5% of the cases) and the system expressesiiie [11]
ity to understand by proposing to talk about a different ¢dpithe

next turn.

9]

[12]

4 Conclusion

We described the spoken language understanding appraaginefal (23]
time application where children and teenagers interadt ait an-
imated character. We presented a method that combines lavehal [14)
level of analysis at the first stage followed by a combined-hdsed
and data-driven semantic/syntactic analysis. In ordeesothe ro-
bustness of the approach, we conducted an evaluation stitldyhe
complete system to see the effectiveness of the robustppssazh
in order to achieve user satisfaction. The results seemrtiirocothe
robustness of the approach. Although the speech recogmiddor-
mance needs improvement, the users were satisfied with gralbv
interaction with the system. The successful developmeatrobust
conversational system for children is a major challengewdd in
this light, our results seem to suggest that we have takersfeps
towards building a robust understanding system for oudobil ap-
plication.

Speech recognition performance is a problem in our system. C
rent evaluation tests have been conducted in a controlbesdting.
Further improvements in speech recognizer would let usyaaut
a test in a real museum setting. Another development isswoeirin
system is the need of defining several rules to cover all tissipte
constructs for the spoken language in our domain. Althoungnet
have been reports of more robustness of data driven aps{@ih
there is still no conclusive agreement upon the preferredtia data
driven approach over a rule based method [25]. We intendstdhie 2
two approaches to compare them for our system and use the m&sﬂ
effective for our future efforts.

[15]

[16]

[17]

(18]

(29]

[20]

[21]

[22]

[24]
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