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tIn this paper the possible sour
es of ina

ura
ies of a spoken dialog system are dis
ussed,and the approa
hes to address ea
h of them are surveyed.A 
omplete spoken dialog system 
onsists of a spee
h re
ognizer, a linguisti
 pro
essor (in
luding aparser), a dialog manager and a text/spee
h generator. In the �rst three 
omponents ina

ura
iesmight arise from re
ognition errors, insu�
ient or ina

urate linguisti
 knowledge (e.g. insu�
ientgrammar 
overage), and less than optimal dialog strategies deployed. In this paper ea
h of thesour
es of the ina

ura
ies is dis
ussed and various te
hniques to address them are surveyed.1 Re
ognition ErrorsAlthough it is possible to further tune a re
ognizer and re-train the language model to enhan
e thee�e
tiveness of a re
ognizer, the working assumption has been to treat it as a bla
k box, thus onlythe end result of the re
ognition is available for 
orre
tion. Most of the works dis
ussed assumed theoutput of the re
ognizer to be an N-best list of utteran
e hypotheses, and the 
orre
tion involvesre-ordering (re-s
oring) them a

ording to di�erent knowledge sour
es [15, 10, 16℄. Two papersreported sele
ting the best hypothesis dire
tly from a word latti
e. In [9℄ di�erent paths in a latti
eare �rst aligned, and a new utteran
e hypothesis is formed by observing the 
onsensus between dif-ferent paths. The authors reported better WER improvement over their previous N-best re-s
oringapproa
h. In [11℄ an ar
 in a latti
e is dynami
ally s
ored based on a trained reliability model,whi
h indi
ates how reliable an a
ousti
 ar
 
an be distinguished from its immediate 
ompetingar
.It is worth noting that in
orporating linguisti
 knowledge, although intuitively the right thingto do, gives only marginal WER improvement over the statisti
al approa
hes. One of the bestresults was reported in [15℄: the WER on the senten
es of unlimited length was redu
ed 2.5%absolute. Their work proposed a general framework for fusing multiple knowledge sour
es byusing dis
rimination fun
tions - fun
tions that indi
ate how reliable a parti
ular feature is ableto distinguish between good and bad hypotheses. The authors gave a very interesting point in1



explaining why the approa
h worked: the system attempts dire
tly to model 
hara
teristi
 mistakesmade by the re
ognizer.The work in [1℄ investigated the bottom-line question about how useful linguisti
 knowledge isto improve the re
ognition. Human subje
ts were given 10-best lists from a re
ognizer and askedto take advantage of a battery of linguisti
 tests to pi
k the most likely hypothesis. The redu
tionsof WER were then 
redited to individual linguisti
 test, and an overall 
omparisons were shownbetween the ora
le error rate (always pi
k the most 
orre
t one out of the 10-best lists), the humansele
tion error rate and the human editing error rate (human subje
ts are allowed to edit thehypotheses as they see �t), among them the ora
le error rate serves as an upper bound for anypost-editing e�ort. The experiment was an attempt in the right dire
tion to single out the linguisti
tests with maximal expe
ted utility, although some tests appeared to have inter-dependen
y (e.g.,open 
lass word 
hoi
e vs. world knowledge) and thus need to be re�ned.A related resear
h topi
 is 
on�den
e annotation, whi
h assigns an indi
ator to ea
h word (word-level) or utteran
e (utteran
e-level) to indi
ate if the re
ognition is 
orre
t [2, 18℄. Although thisdoes not involve any 
orre
tion e�ort after the annotation, it 
an be done if a ri
her representationof the indi
ators is given.In summary it seems to be a reasonable 
on
lusion that any useful post-editing e�ort shouldin
orporate di�erent knowledge sour
es at di�erent levels: both at a
ousti
 level, word level andsenten
e level. A uniform framework for fusing di�erent knowledge sour
es is thus ne
essary for amore thorough theoreti
al and empiri
al analysis.2 Insu�
ient or Ina

urate Linguisti
 KnowledgeWithin a dialog system a linguisti
 pro
essor is used for mapping the surfa
e form of an utteran
e toa meaning representation. Optionally it 
an also be used to improve the re
ognition result by s
oringa hypothesis based on the analysis (e.g., grammati
ality, semanti
 
oheren
e and 
ompleteness, et
.).For both tasks insu�
ient or ina

urate knowledge su
h as in
omplete grammar 
overage 
ould leadto in
orre
t interpretation of the user intention, more dialog repair turns, or even a 
omplete systembreakdown. In spoken dialog systems the problems are real sin
e spee
h tends to be fragmentedand ungrammati
al.To remedy the problem a robust parser is needed to at least give a set of parsable 
hunks,whi
h are then interpreted to give the �nal synta
ti
 or semanti
 analyses. One of this kindof robust parsers is SOUP [7℄, whi
h utilizes the probabilisti
 
ontext-free grammar formalismand provides many 
onvenient parsing modes for robust interpretation (e.g., skipping and all-topparsing mode). The parser serves as the ba
kbone of the grammar learning system GSG [5, 6℄,whi
h a
quires new grammar rules from the intera
tions with the end user. GSG is based on asemanti
 grammar formalism, where the surfa
e form is dire
tly mapped into the 
orrespondingmeaning representation. The system �rst predi
ts the top-most node a
ting as the spee
h a
t of theutteran
e, based on the 
hunks it re
eived from SOUP. The 
omplete semanti
 parse tree is then
onstru
ted by observing several heuristi
s, in
luding following the links in an ontology 
ompiledfrom the grammar. During the pro
ess the intera
tions are initiated both by the system and by theuser for 
lari�
ation. However, the system la
ks the ability to learn new 
on
epts (non-terminalsin the semanti
 grammar) from the intera
tions.A di�erent approa
h for robust parsing was reported in [17℄. Based on geneti
 programming,parser ROSE evolves a population of parse trees by 
ombining 
hunks using a single fun
tion MY-COMB. The optimal sequen
e of MY-COMB appli
ations, yielding an optimal parse tree, is thus2



viewed as an evolved program. The most 
hallenging problem en
ountered was training the �tnessfun
tion for the sele
tion pro
ess, be
ause the optimal tree is obviously unknown a priori.In addition to the problem of grammar 
overage, insu�
ient lexi
al knowledge also poses a
hallenge for any linguisti
 analysis. In [20, 19℄ the authors reported using an information theoreti
network to learn the meaning of words in a multi-sensory environment. Essentially the learningagent asso
iates the visual input (
amera) with the auditory input (mi
rophone) to learn the mean-ing su
h as 'red'. In fa
t the asso
iation 
an be between any representation, thus the approa
hmight be appli
able to learning lexi
al semanti
s grounding in some meaning representation. How-ever, one of the limitations, as admitted by the authors, was that the network formalism 
ould not
apture the more 
omplex linguisti
 stru
tures, therefore learning grammars 
ould be a 
hallengingtask.Another interesting issue is the integration of the linguisti
 pro
essor and the re
ognizer. Anobvious approa
h is to view ea
h as a separate pro
ess: the linguisti
 pro
essor takes the re
ognitionresult as an input, and outputs an analysis. Another approa
h is to integrate them at an earlierstage of the pro
ess. In [8℄ the GLR parser is extended to parse dire
tly on a word latti
e, and is
apable of merging two partial analyses. Some works dis
ussed in the previous se
tion also use alinguisti
 pro
essor 
losely with a re
ognizer in order to evaluate the re
ognition results [15, 10℄.In summary an ideal linguisti
 pro
essor in a spoken dialog system should be both robust andadaptive. To be adaptive, the pro
essor needs to learn new rules either from passive observations,or by a
tively involving in the dialog management pro
ess in order to pose appropriate questions tothe end user. Another interesting line of resear
h is to investigate the intera
tion between ontologiesand languages. The questions: how does an ontology assist language understanding, and how tobuild an ontology via intera
tions with a user?3 Non-optimal Dialog StrategiesIn ea
h dialog turn a dialog system is 
onfronted with a set of possible a
tions to exe
ute. Anoptimal dialog strategy is the one whi
h has the highest expe
ted utility. Three major questionsarise: what is the performan
e metri
 (how to quantify the su

ess of a system), what are thene
essary features and guidelines to 
onsider in de
iding the optimal strategy, and how does thesystem fuse all the features to 
ome up with an optimal strategy?In [24, 23℄ PARADISE was proposed as a general framework for evaluating a dialog system.Essentially the evaluation targets the relationship between the user satisfa
tion vs. the task su

essand 
osts. A multivariate linear regression is then 
ondu
ted to �nd the performan
e fun
tion. Theauthors showed that the trained fun
tion has predi
tive power over the unseen dialogs, and therefore
an be used for sele
ting the best dialog strategy. In [22℄ a reinfor
ement learning te
hnique Q-learning is adopted to propagate ba
k the estimated performan
e to previous dialog states in orderto sele
t the optimal strategy.One interesting note to PARADISE is the proposition that the performan
e fun
tion is a
-tually a linear 
ombination of the various 
ost and su

ess variables. It would be interesting tofurther investigate the alternatives, su
h as Bayesian networks, whi
h are 
apable of 
apturing thedependen
ies between variables.For the se
ond major question of sele
ting optimal strategies, Gri
ean Maxims are often 
itedas one of the theoreti
al justi�
ations of the approa
hes. Based on the Maxims in [4℄ an extensivelist of prin
iples of 
ooperative system dialog was derived from the analyses of a Wizard of Ozdialog 
orpus (
olle
ted by simulating a dialog system using human operators), and tested against3



a 
orpus 
olle
ted from the intera
tions of the users and an a
tual dialog system. The re�nedprin
iples 
an then be used as guidelines during the design and testing phases of dialog systemdevelopment. Another appli
ation of the Maxims was reported in [3℄, where the author positedthat user deviations from expe
tations, thus breaking the 
ooperative prin
iple, indi
ates that theuser is initiating a dialog repair turn. A preliminary evaluation was 
ondu
ted with DIALOGOSsystem and showed a promising transa
tion su

ess rate 84%. The similar idea of �deviation fromexpe
tation� was also exploited in [21℄, where the initiation of a veri�
ation dialog is a fun
tion ofparse 
osts, deviation from the 
ontexts, and domain-dependent ex
eptions. The author also gaveimportant de�nitions 
on
erning sele
tive veri�
ation: under-veri�
ation denotes the situationswhere veri�
ations are ne
essary but not exe
uted, and over-veri�
ation represents the oppositesituations.The last major question 
on
erning dialog strategies is how to fuse multiple information sour
esto make an optimal de
ision. An obvious approa
h, Bayesian networks, was reported in [12, 13, 14℄.The ar
hite
ture Quartet 
onsists of two main modules: the maintenan
e module for handling un-
ertainties of 
hannel and signals levels, and the intention module for handling the un
ertainties ofthe user intentions. The 
onversation 
ontrol thus maintains both the intention status (the simu-lated belief of the user) and the maintenan
e status (the self-evaluation of the performan
e). If thetwo show any dis
repan
y the 
ontrol then adjusts its behavior. To ground mutual understandingby asking 
lari�
ation questions, the system pi
ks the question with the maximal sum of expe
tedutilities of the de
isions asso
iated with ea
h possible answer (Value-of-information analysis, VOI).However, the stru
ture of the Bayesian networks in Quartet were manually 
onstru
ted, and it isnot 
lear how to s
ale the VOI analysis up in in�nite domains (su
h as 
lari�
ation questions overnumbers).4 Con
lusionsAlthough in the literature the resear
h to address the ina

ura
ies of a spoken dialog system oftenfalls into one of the three main 
ategories dis
ussed in this paper, the boundaries are by no means
lear-
ut ones. In improving the re
ognition results, we already dis
ussed works utilizing linguisti
knowledge sour
es. In a similar vein the problem of insu�
ient linguisti
 knowledge 
an be remediedby exe
uting appropriate dialog strategies (i.e., asking questions) to augment the system on the�y. The intera
tions between di�erent 
ategories 
an be even iterated: the re
ognition 
an bein
remental, so the �rst version of the result 
an be immediately sent to the linguisti
 pro
essor,and the partial analyses 
an be fed ba
k to the re
ognizer to fo
us the e�ort on the most 
onfusingpart of the utteran
e. Thus a general ar
hite
ture to a

ommodate di�erent 
omponents and allow�exible intera
tions is ne
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