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Chapter 1Introduction1.1 Spoken DialogueIn the past few years, many researchers have started tackling the problems that arise inspoken dialogue. So far, the emphasis has been concentrated on single utterance queries, asexempli�ed by the ATIS project (MADCOW, 1992). The aim of the ATIS project is to makea spoken language system that can give air travel information. The following illustrates atypical utterance.I would like a 
ight that leaves after noon in San Francisco and arrives before 7p.m. Dallas timeThe queries, as the example demonstrates, look very text-like. The main exception isthe presence of speech repairs, which Bear, Dowding, and Shriberg (1992) report happenin \10% of sentences longer than nine words." Good results in understanding have beenachieved in this domain, as evidenced by the results of Dowding et al. (1993), who re-port syntactic and semantic understanding of 86% of all utterances. So, this task givesthe allusion that spontaneous speech understanding corresponds to our intuitions aboutunderstanding text.However, such spoken queries to not capture the problems inherit in natural dialogues.Unlike text and queries to a database system, the speech in natural dialogues is very un-constrained and often ungrammatical. As part of the Trains project (Allen and Schubert,1991), which is a long term research project to build a conversationally pro�cient planningassistant, we are collecting a corpus of problem solving dialogues (Gross, Allen, and Traum,1993; Heeman and Allen, 1994e). These dialogues involve two participants, one who isplaying the role of a user and has a certain task to accomplish, and another, who is playingthe role of the system by acting as a planning assistant. In these dialogues, we have founda number of phenomena that pose di�culties for natural language understanding systems.In this thesis proposal, we will be focusing on detecting and correcting speech repairs,identifying utterance units, and identifying discourse markers. These problems are inter-related. For instance, there are some lexical items whose role in an utterance can be1



ambiguous; for they can act as discourse markers, signal a speech repair, or even be part ofthe content of an utterance unit. The determination of which role it is playing will hencein
uence all three issues. So, these issues must be addressed together, and the resolutionof these problems will allow a basic understanding of how a speaker's turn can be brokendown into individual contributions to the dialogue.1.1.1 Speech RepairsThe �rst problem is the abundance of speech repairs. A speech repair is a dys
uency wheresome of the words that the speaker utters need to be removed in order to correctly determinethe speaker's meaning. In our corpus of problem solving dialogues, 25% of turns contain atleast one repair, 67% of repairs occur with at least one other repair in the turn, and repairsin the same turn occur on average within 6 words of each other.Speech repairs can be divided into three types: abridged, modi�cation and fresh starts.An abridged repair is where the repair consists solely of a word fragment and/or editingterms, such as \um" and \uh". The following is an example.1we need to { um manage to get the bananas to Dansville more quickly (d93-14.3utt50)A modi�cation repair is where the speech repair modi�es what was just said.after the orange juice is at { the oranges are at the OJ factory (d93-19.3 utt59)A fresh start is where the speaker abandons what she was saying and starts again.the current plan is we take { okay let's say we start with the bananas (d93-19.3utt59)These examples also illustrate how speech repairs can be divided into three intervals: the re-moved text, the editing terms, and the resumed text (Levelt, 1983; Nakatani and Hirschberg,1993). The removed text, which might end in a word fragment, is the text that the speakerintends to replace. The end of the removed text is called the interruption point, which ismarked in the above examples as \{". This is then followed by editing terms, which canbe either �lled pauses, such as \um", \uh", and \er", or cue phrases, such as \I mean", \Iguess", and \well". The last interval is the resumed text, the text that is intended to replacethe removed text. (All three intervals need not be present in a given speech repair.) Inorder to correct a speech repair, the removed text and the editing terms need to be deletedin order to determine what the speaker meant to say.21For each excerpt, we give the dialogue name and the utterance �le that is is taken from. Dialogue namesthat start with \d91" are available in Gross, Allen, and Traum (1993), and ones that start with \d92" and\d93" are available in Heeman and Allen (1994e).2The removed text and editing terms might still contain pragmatic information, as the following exampledisplays, \Peter was : : :well : : :he was �red." 2



In order to understand what the speaker is saying, the hearer must detect the speechrepair and determine the appropriate correction. All three types of repairs can be prob-lematic. Consider modi�cation repairs, which are often signaled by strong correspondencesbetween the removed text and the resumed text. However, an algorithm that uses wordcorrespondences could be led astray, since subsequent utterances often build on, or evenrepeat, what was previously said (Walker, 1993). Consider the following utterance (d93-8.3utt79).that's all you needyou only need one tankerIn this example, the end of the �rst utterance and the beginning of the second both containthe words \you" and \need". So, without doing any segmentation of the dialogue, one mightmistakenly think that the �rst instance of \you need" is being replaced by \you only need".It is only when segmentation is taken into account that one discovers that the speaker wassimply repeating herself for emphasis.Even abridged repairs can be problematic. These repairs, which require only a wordfragment or editing term to be removed, can sometimes be mistaken as modi�cation repairsdue to spurious word correspondences. For instance, consider the abridged repair givenearlier, repeated here for the reader's convenience.we need to { um manage to get the bananas to Dansville more quicklyIn this example, the text \manage to" might be postulated as replacing \need to", whichwould result in an incorrect correction. Even the editing terms, which include lexical items,such as \okay", \yeah", and \oh", and �lled pauses, such as \um" and \uh", can be prob-lematic, since they can also appear as part of the content of an utterance, or play someother discourse purpose other than to mark a repair.More di�cult yet are the fresh starts, in which a speaker abandons what she is sayingand starts over. Does she abandon everything in the turn preceding the interruption point,including complete utterances? Consider the following excerpt (d93-10.3 utt20).go back to Elmiracan they take tankers with themor how does { uhdo tankers move by themselvesIn the example above, the speaker probably only intends to cancel just the \how does".So how does the hearer determine how much of the preceding text needs to be deleted,especially where the fresh start is embedded in a turn?1.1.2 Utterance UnitsBrown and Yule (1983) discuss a number of ways in which speech di�ers from text. Thesyntax of spoken dialogue is typically much less structured than that of text: it contains3



fragments, there is little subordination, and it lacks the meta-lingual markers betweenclauses. It also tends to come in installments and re�nements, and makes use of topic-comment sentence structure. The following example illustrates what could be taken as anexample of two fragments, or as an example of a topic-comment sentence (d92-1 utt5).so from Corning to Bathhow far is thatCrystal (1980) presents some additional problems with viewing speech as sentences andclauses. So not only does speech lack the punctuation marks of written text, but it alsolacks its syntactic well-formedness.Although speech cannot always be mapped onto sentences, there is wide agreement thatspeech does come in sentence-like packages, which are called utterances. So, the questionarises as to how a hearer can determine where one utterance ends and the next starts.From work done in linguistics, there is agreement that there are a number of factors thatcontribute to this, including intonation, pauses, and syntactic structure. But, no one hasmade a computation model that can deal with turns with more than one utterance unit.Even if segmenting a turn into utterance units is not needed for syntactic and semanticanalysis, which is unlikely, it is necessary for correcting fresh starts and detecting discoursemarkers.To illustrate how di�cult segmenting a turn can be, consider the following single turnfrom a problem solving dialogue (d93-13.1 utt36).I don't know if I can give any help on that either let's see it takes one hour toload or unload any amount of cargo on a train so I guess that would be an hourno matter how many boxcars you haveThe hearer must segment this into individual utterances. Consider the \or" halfway through.This could be a discourse marker, signaling that the speaker is giving a second alternative,that being a request to unload the oranges. Or, it could signal a speech repair; thus thespeaker is saying that it takes an hour to unload a boxcar, but not necessarily an hour toload one. Or, it could be part of the sentential content, so either loading or unloading takesan hour.Another example that illustrates the di�culty of segmenting a turn occurs on the phrase\no matter". It could end the preceding utterance, leaving the �nal utterance as the question\how many boxcars you have". (The ungrammaticality of this utterance cannot rule it out,since function words such as \do" are often shortened, and so hard to detect.) The otherpossibility is that \no matter" is part of the last clause; thus the speaker is saying that ittakes an hour, no matter how many boxcars that one has. Below, we give a hand-segmentedtranscription of this turn, giving the interpretation that is suggested by the intonation.I don't know if I can give any help on that eitherlet's seeit takes one hour to load or unload any amount of cargo on a trainso I guess that would be an hourno matter how many boxcars you have4



So, a �rst step to understanding the content of a turn is to identify where each utteranceunit starts and stops.1.1.3 Discourse MarkersPhrases such as \so", \now", \�rstly," \moreover", and \anyways", are referred to asdiscourse markers in discourse analysis. They are conjectured to give the hearer informationabout the discourse structure, and so aid the hearer in understanding how the new textrelates to what was previously said (Litman and Hirschberg, 1990).Although, some discourse markers, such as \�rstly", and \moreover", are not commonlyused in spoken dialogue, as noted above by Brown and Yule (1983), there are a lot of otherdiscourse markers that are employed. These discourse markers are used to achieve a varietyof e�ects: signal an acknowledgment or acceptance, hold a turn, signal a speech repair, stallfor time, or signal an interruption or the return from one. These uses are concerned withthe interactional aspects of discourse rather than adding to the content. These phrases,we feel, play a crucial role in understanding a turn, and so it is important that they beidenti�ed.Consider the following utterance (d92-1 utt37).three hoursthen from Dansville to CorningThe �rst part of the utterance \three hours", is repeating what the other conversant justsaid, which was a response to the question \how far is it from Avon to Dansville". Afterrepeating \three hours", the speaker then asks the next question, \from Dansville to Corn-ing". Only by properly recognizing that \then" is acting as a discourse marker to relatethe two questions, rather then as part of the content of a single utterance, will the otherconversant properly understand the speaker's turn.1.1.4 Incremental UnderstandingUnlike written text, spoken dialogue understanding requires that the speaker's turn beunderstood incrementally, as the turn progresses, rather than waiting for the end of thespeaker's turn. The following example illustrates how the hearer is in fact able to jump inand interrupt a speaker if a problem arises (d91-6.1 utt10).User: so we should move the engine at AvonEngine EtoSystem: engine E oneUser: engine E oneto BathIn the excerpt above, the hearer interrupts the speaker after \to" is uttered in order tocorrect the identity of the engine to be used. So, the hearer must be incrementally under-standing the speaker's turn in order to realize that a mistake was made. In fact, turn-taking,5



which is negotiated by the two conversants, depends on the hearer having understood, orhaving not understood, what the speaker is saying (Sacks, Scheglo�, and Je�erson, 1974).What this means is that any solution to identifying speech repairs, utterance units anddiscourse markers must be able to do so while processing the speech incrementally, ratherthan waiting till the end of the turn.1.2 Thesis ProposalBefore we propose how these problematic issues in spoken dialogue can be resolved, we needto examine the alternative. Is it possible to structure the interaction between the user andthe system so as to remove these problematic issues (Oviatt, 1994). Is it possible to makeproblem-solving dialogues more like the queries in the ATIS domain? In the ATIS domain,the user is allowed to think o�-line and presses a button when he wants to speak. As well,the user is not expecting help in making the plan; he only expects answers to the queriesthat he makes. One could argue that a goal in understanding dialogue should be to �ndways in which to constrain the user's actions in order to make understanding easier. Butwe feel that for problem-solving tasks such restrictions will inhibit the participants' abilityto collaborate in the task at hand.Given that a goal of spoken dialogue research should not be to �nd ways to constrain themanner in which participants interact, we need to determine how the above problems canbe tackled. Given that we must do incremental processing, these problems|detecting andcorrecting speech repairs, segmenting a turn into utterance units, and identifying discoursemarkers|cannot wait till the end of the turn before they are resolved. They must beresolved online, as the speech is spoken. Hence, we can not rely on a syntactic or semanticanalysis of the entire turn.Furthermore, since these problems concern interactional activity, rather than transac-tional ones, we feel that they are best handled outside of the range of syntactic and semanticprocessing. Consider, modi�cation repairs. These repairs are often accompanied by a re-tracing of some of the text, which is postulated as a device that the speaker uses to enablethe hearer to determine the correction (Levelt, 1983). Such retracing results in cross-serialword correspondences, which cannot be expressed in most grammar formalisms. Instead,they can easily be found by a pattern matcher outside the formalism (Bear, Dowding, andShriberg, 1992; Heeman and Allen, 1994a). Furthermore, the detection of these repairs isnot signaled by a clearly de�ned edit signal (cf. Labov, 1966). Rather, there are a numberof clues, including word correspondences, presence of a word fragment, presence of editingterms, and prosodic clues that signal speech repairs, and these clues need to be combined(Nakatani and Hirschberg, 1993; Heeman and Allen, 1994b). Combining multiple clues is atask that also does not �t well into most grammar formalisms.In this thesis proposal, we address how these issues in spoken dialogue can, for themost part, be resolved using local context, in order words, without analyzing the entireturn. In fact, we feel that these issues can be resolved as they are encountered, within asmall window of words of their occurrence. The local clues that can be employed includelexical knowledge, intonational knowledge, as well as syntactic knowledge. The result will6



be an analysis of the turn with speech repairs, utterance boundaries, and discourse phrasesmarked.Although some syntactic and semantic knowledge might be needed to resolve someinstances, we feel that the majority will not. This means that for the most part these issueswill be resolved outside of syntactic and semantic processing and so those modules will havea chance to deal with the impoverished conditions found in spoken dialogue.1.3 Related Work1.3.1 Utterance UnitsThe segmentation of spoken speech into utterance units touches on several areas of research.Halliday (1967) proposed that intonation serves to break up the speech into informationalunits. Gee and Grosjean (1983) proposed that the intonational structure is the basic struc-ture in language processing. In fact, we believe it is probably the best way to segment aturn into smaller parts, such as installments, re�nements, and clauses, which exhibit moreregular syntactic structure from a text standpoint. However, �nding intonational bound-aries reliably is a problem that is just starting to be addressed, and will prove di�cult sincethe acoustic clues alone are probably too impoverished. \When we consider spontaneousspeech (particularly conversation) any clear and obvious division into intonational-groupsis not so apparent because of the broken nature of much spontaneous speech, including asit does hesitation, repetitions, false starts, incomplete sentences, and sentences involving agrammatical caesura in their middle" (Cruttenden, 1986, pg. 36).The de�nition of utterance units can bene�t from the work done on grounding. Spo-ken dialogue does not involve one-way understanding. The participants work together toachieve mutual understanding of what is said. Clark and his colleagues (Clark and Wilkes-Gibbs, 1986; Clark and Schaefer, 1989; Clark, 1992) have shown that an important part ofdialogue is obtaining mutual understanding of the contributions to the dialogue, and theyrefer to this process as grounding. In fact an overhearer, who is not part of the ground-ing process, is less likely to understand the dialogue than the participants in the dialogue(Clark and Schober, 1989). These contributions might correspond to utterance units; sothe intonational boundaries would then have an intentional interpretation.Utterance units also need to be related to speech acts, which are the result of viewing lan-guage as action (Grice, 1957; Austin, 1962; Searle, 1969). Speakers act by way of their utter-ances to accomplish various e�ects. The actions include such things as promising, informing,and requesting. Starting with Cohen and Perrault (1979) and Allen and Perrault (1980),there has been considerable work done in formulating a computational model of speech ac-tions and in stating the e�ects of such actions on the participants involved. Speech actionshave also been extended to grounding and turn-taking (e.g., Traum and Hinkelman, 1992;Novick, 1991). 7



1.3.2 Speech RepairsPrevious work in speech repairs has examined di�erent approaches to detecting and cor-recting speech repairs. One of the �rst was Hindle (1983), who added grammar rules to adeterministic parser to handle speech repairs. This work was based on research that indi-cated that the resumed text of a speech repair replaces text of the same category. However,Hindle assumed an edit signal would mark the interruption point, a signal that has yet tobe found. Another approach, taken by Bear, Dowding, and Shriberg (1992), uses a patternmatcher to look for patterns of matching words. In related work, Dowding et al. (1993)employed a parser-�rst approach. If the parser and semantic analyzer are unable to makesense of an utterance, they look for speech repairs using the pattern matcher just men-tioned. A number of researchers have also looked at intonational characteristics of speechrepairs (O'Shaughnessy, 1992; Lickley, Shillcock, and Bard, 1991; Lickley and Bard, 1992;Bear, Dowding, and Shriberg, 1992; Nakatani and Hirschberg, 1993). Of these, Nakataniand Hirschberg have tried using these intonational features to detect speech repairs. Theyused hand-transcribed features, including duration, presence of fragments, presence of �lledpauses, and lexical matching.1.3.3 Discourse MarkersMany researchers have noted the importance of discourse markers (Cohen, 1984; Reichman-Adar, 1984; Sidner, 1985; Grosz and Sidner, 1986; Litman and Allen, 1987), both fordetermining discourse structure and for interpreting anaphoric reference. Little has actuallybeen done in identifying them in spoken dialogue. One exception is work done by Litmanand Hirschberg (1990), who looked at how intonational information can disambiguate lexicalitems that can either be a discourse marker or have a sentential reading.1.4 ContributionBy making use of local context, we expect that a number of problems in dialogue under-standing can be resolved, without the aid of syntactic and semantic analysis of the wholeturn. The most important contribution will be to show that speech repairs can be detectedand corrected using local clues. This will show that this phenomenon can be resolved beforesyntactic and semantic processing, and hence will simplify those processes.Second, we will show that turns can be segmented into individual contributions, earlyon in speech understanding. This will undoubtedly use a combination of intonational in-formation and local syntactic information. Again, this result will show that latter moduleswill not have to deal with this complexity in spoken dialogue understanding.A third contribution will be the identi�cation of discourse markers. Many lexical itemsthat can be discourse markers can also act as part of the content of a larger contribution.For instance, phrases like \okay", \alright", can be the adjective in an utterance, can bepart of a speech repair, or can stand on their own as an acknowledgment. We will showthat these can be tagged as for which role that they are playing.8



These contributions will be summed up in an algorithm that will take as input theword transcriptions and intonational phrase markings, and it will mark the parts of speechrepairs, tag discourse markers, and segment turns into utterance units. This algorithm willrun incrementally and will output the tags so higher level processing can take advantage ofthem.On a more theoretical note, our work will give a better understanding of how conversantsinteract in a dialogue to deal with the local phenomena that can hinder understanding. Aswell, our work on utterance units will show that they are intonationally marked, and thatconversants use them as the unit of exchange, and so are the cornerstone of theories ongrounding.
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Chapter 2Related WorkThe problems of detecting and correcting speech repairs, and identifying utterance unitsand discourse markers has received a lot of attention in the literature. Some of the rele-vant literature is in the �eld of computational linguistics, while the rest lies in philosophy,linguistics, psychology, and sociology. We start with a literature review of intonation, sinceintonation interacts with all the issues that we want to address. We then move to speechrepairs, utterance units, and discourse markers. At the end of the chapter, we present workdone in speech actions and conversational analysis. Speech actions captures how languageusage relates to the mental state of an agent, so it gives a long range outlook as to whatwe can do as far as representing the content of a turn. Conversation analysis is concernedwith the study of actual dialogues and describing the phenomena that arise in it. So thisarea will help us better understand the issues that arise in analyzing a speaker's turn.2.1 Intonational PhrasesWhen people speak, they tend not to speak in a monotone. Rather, the pitch of their voice,as well as other characteristics, such as speech rate and loudness, varies as they speak. (Pitchis also referred to as the fundamental frequency, or f0 for short.) The study of intonation isconcerned with describing this phenomenon and determining its communicative meaning.For instance, as most speakers of English implicitly know, a statement can be turned intoa question by ending it with a rising pitch.2.2 Representing IntonationPierrehumbert (1980) presented a model of intonation patterns. Her model describes Englishintonation as a series of highs (H) and lows (L). (The formulation that we use is a slightvariant on this, and is described by Pierrehumbert and Hirschberg (1990).) The lowest levelof analysis is at the word level, in which stressed words are marked with either a high orlow pitch accent. The next level is the intermediate phrase, which consists of at least onestressed word, plus a high or low tone at the end of the phrase. This phrasal tone controls11



the pitch contour between the last pitch accent and the end of the phrase. The highest levelof analysis is the intonational phrase, which is made up of one or more intermediate phrasesand ends with an additional high or low tone, the boundary tone, which controls how thepitch contour ends. Together with the phrasal tone, an intonational phrase can end in fourdi�erent ways, H+H%, H+L%, L+H%, and L+L%.2.2.1 Intonation and SyntaxMany researchers have observed that intonational boundaries result in fragmented con-stituents (e.g., Gee and Grosjean, 1983). Researchers are addressing how parsing can in-teract with intonational boundaries. There seems to be a consensus that the intonationalboundaries play an important part in disambiguating utterances, so can not be ignored.Price et al. (1991) found that hearers can resolve most syntactic ambiguous utterancesbased on prosodic information. Bear and Price (1990) explored how to make a parser useautomatically extracted prosodic features to rule out extraneous parses. The prosodic infor-mation was represented as a numeric score between each pair of consecutive words, rangingfrom zero to �ve, depending on the amount of preboundary lengthening (normalized dura-tion of the �nal consonants) and the pause duration between the words. Marcus and Hindle(1990) and Steedman (1990) also examined the role that intonational phrases play in pars-ing; but in their cases, how to represent the content of a phrase, which is often incompletefrom a syntactic standpoint.Not only is prosodic information available to help in resolving syntactic ambiguity, butas Beach demonstrated (1991), hearers also have the capacity to use it at an early point inthe sentence. Beach used the beginning parts of sentences that were ambiguous betweenminimal attachment and non-minimal attachment. The hearers had to determine if thenoun phrase following a verb was a direct object or the subject of a sentence complement.Beach recorded sentences with appropriate prosodic patterns in terms of the duration ofthe verb and the pitch on the noun phrase and had the hearers judge the initial parts ofsentences, such as \Jay believed the gossip ...". Beach found that hearers could do the task,even when the noun phrase was removed. In a second experiment, Beach found that pitchand duration act like cue trading relations.2.2.2 Intonation and PragmaticsIntonation has long been thought to be related to pragmatics. Important work in this areawas done by Halliday (1967), who proposed that intonation gives information about givenversus new information. In fact, he claims, speakers break their thoughts into informationunits, which are realized phonologically by intonation.Pierrehumbert and Hirschberg (1986; 1990) looked at the role that intonation playsin discourse interpretation. They claim that the choice of tune \[conveys] a particularrelationship between an utterance, currently perceived beliefs of a hearer or hearers, : : :andanticipated contributions of subsequent utterances : : : [and] that these relationships arecompositional |composed from the pitch accents, phrase accents, and boundary tones thatmake up tunes" (Pierrehumbert and Hircshberg, 1990, pg. 271). In their theory, pitch12



accents contain information about the status of discourse referents, phrasal tones aboutthe relatedness of intermediate phrases, and boundary tones about whether the phrase is\forward-looking" or not.Intonation can also give information about discourse structure. Grosz and Hirschberg(Grosz and Hirschberg, 1992; Hirschberg and Grosz, 1992) investigated whether subjectscould segment a dialogue based on Grosz and Sidner's theory of how discourse structurerelates to the intentional and attentional state of the participants (1986). As their corpus,they used AP news stories read by a professional newscaster. They had a group of sub-jects segment the stories based on text alone, and another group use the spoken stories tosegment. Subjects had to identify the local structural features of direct quotes and paren-theticals, and global structural features such as the beginning of a new discourse segment,and the ending of a segment. They found considerable agreement between subjects in seg-menting the dialogues. They also found that intonational features, namely pitch range ofan utterance, pauses between utterances, and change in pitch range from one utterance toa next, correlate with the segmentation that the subjects produced. They found, however,that \the relationship between structure and intonational features is sometimes a complexone|a given discourse structural feature may be signaled by several intonational variables,which may or may not be independent" (Grosz and Hirschberg, 1992, pg. 432).Nakajima and Allen (1992) also found that the intonation contour can be used to giveinformation about the local discourse structure. In their work, they used a corpus of spokendialogues, not text read by a trained speaker. They found that the onset frequency, �nalpitch, and pitch ratio (of �rst peak of current utterance to �rst peak of previous utterance)can be used to distinguish whether the utterance unit is a speech act continuation, a topicshift, topic continuation, or an elaboration.Lastly, research has indicated that intonation plays a signi�cant role in turn-taking.Ford and Thompson (1991) claim that intonational phrase endings almost always involvegrammatical completion and semantic completion, and hence these units will be a majorcomponent of the turn-taking protocol. So, participants in a conversation can use intona-tional clues to determine where a new turn could start.2.2.3 Detecting Intonational BoundariesDetecting intonational boundaries is very di�cult. Instead, most research work has exam-ined how durational clues, such as preboundary lengthening and pausal durations, correlatewith boundary types. Ostendorf et al. (1990) and Wightman et al. (1992) have found thatif they normalize the duration of consonants following the last vowel in a word to takeaccount of its normal duration, then these durations correlate with the type of intonationaltone (no tone, phrasal tone, or boundary tone) that follows the word. However, this workhas mostly concentrated on read speech, which is not plagued by speech repairs.Another line of attack is to automatically classify intonational boundaries. Wang andHirschberg (1992) have looked at predicting intonational phrases from textual information,such as category of the current word, category of the constituent being built, distance fromlast boundary, and the presence of a predicted accent. They used an automatic classi�erto discover which types of information were most informative. This work is relevant for it13



shows that there are textual clues that predict intonational boundaries and that they canbe learned, and so can be used to augment acoustic clues.2.3 Speech RepairsMost of the current work in detecting and correcting speech repairs starts with the seminalwork of Levelt (1983). Levelt was primarily interested in speech repairs as evidence forhow people produce language and how they monitor it to ensure that it meets the goals itwas intended for. From studying task-oriented monologues, Levelt put forth a number ofclaims. The �rst is that when a speaker notices a speech error, she will only interrupt thecurrent word if it is in error. Second, repairs obey the following well-formedness rule (exceptthose involving syntactically or phonologically ill-formed constructions). The concatenationof the text before the interruption point (with some completion to make it well formed)followed by the conjunction \and" followed by the text after the interruption point mustbe syntactic well-formed. For instance, \did you go right { go left" is a well-formed repairsince \did you go right and go left" is syntactically well-formed; whereas \did you go right{ you go left" is not since \did you go right and you go left" is not.Third, Levelt hypothesized that listeners can use the following rules for determiningthe extent of the removed text (the continuation problem). If the last word before theinterruption is of the same category as the word before, then delete the last word beforethe interruption. Otherwise, �nd the closest word prior to the interruption that is the sameas the �rst word after the interruption. That word is the start of the text to be removed.Levelt found that this strategy would work for 50% of all repairs (including fresh starts), get2% wrong, and have no comment for the remaining 48%.1 In addition, Levelt showed thatdi�erent editing terms make di�erent predictions about whether a repair is a fresh start ornot. For instance, that \uh" strongly signals an abridged or modi�cation repair, whereas aword like \sorry" signals a fresh start.2.3.1 Intonational CluesOne area that Levelt only brie
y touched on was how prosody can be used in detectingand correcting speech repairs. In work done with Cutler (Levelt and Cutler, 1983), theyshowed that lexical stress often marks lexical repairs, repairs in which the speaker utteredthe wrong word. They also suggested that intonation can play a bigger part in detecting arepair and determining its correction.A number of other researchers have also explored the role that intonation plays in detect-ing speech repair. Lickley, Shillcock and Bard (1991) found that the hearer could performthe task using low-pass �ltered speech, which removes segmental information, leaving whatamounts to the intonation contour. From this, Lickley and Bard (1992) proposed that sincepeople are often unaware of speech repairs, the speech processing mechanism must have veryearly access to them. They found that subjects were able to recognize speech repairs after(and not before) the onset of the �rst word following the interruption point and before they1Levelt incorrectly calculated the percent that this algorithm gets correct to be 52%.14



were able to recognize the word. This shows that listeners are able to use prosodic cluespresent across the interruption point without recourse to lexical or syntactic knowledge.Other researchers have been more speci�c in terms of which intonational clues are useful.O'Shaughnessy (1992) suggests that duration and pitch can be used. Bear, Dowding, andShriberg (1992) discuss acoustic clues for �ltering potential repair patterns, for identifyingpotential cue words of a repair, and for identifying fragments. Nakatani and Hirschberg(1993) suggest that speech repairs can be detected by small but reliable di�erences in pitchand amplitude and by the length of pause at a potential interruption point. However, noneof these results have been incorporated into a system that automatically detects speechrepairs.2.3.2 Computational ApproachesPrevious computational work has explored a variety of approaches to detecting and correct-ing speech repairs. A way to compare the e�ectiveness of these approaches is to look at theirrecall and precision rates. For detecting repairs, the recall rate is the number of correctlydetected repairs compared to the number of repairs, and the precision rate is the number ofdetected repairs compared to the number of detections (including false positives). But thetrue measures of success are the correction rates. Correction recall is the number of repairsthat were properly corrected compared to the number of repairs. Correction precision is thenumber of repairs that were properly corrected compared to the total number of corrections.One of the �rst computational approaches was by Hindle (1983), who addressed theproblem of correcting self-repairs by adding rules to a deterministic parser that wouldremove the necessary text. Hindle assumed the presence of an edit signal that would markthe interruption point, and was able to achieve a recall rate of 97% in �nding the correctrepair. For modi�cation repairs, Hindle used three rules for expuncting text. The �rst rule\is essentially a non-syntactic rule" that matches repetitions (of any length); the secondmatches repeated constituents, both complete; and the third, matches repeated constituents,in which the �rst is not complete, but the second is.However, Hindle's results are di�cult to translate into actual performance. First,his parsing strategy depends upon the \successful disambiguation of the syntactic cate-gories." Although syntactic categories can be determined quite well by their local con-text (as is needed by a deterministic parser), Hindle admits that \[self-repair], by its na-ture, disrupts the local context." Second, Hindle's algorithm depends on the presenceof an edit signal; so far, the abrupt cut-o� that some have suggested signals the repair(cf. Labov, 1966) has been di�cult to �nd, and it is unlikely to be represented as a binaryfeature (cf. Nakatani and Hirschberg, 1993).The SRI group (Bear et al., 1992) employed simple pattern matching techniques fordetecting and correcting modi�cation repairs.2 For detection, they were able to achieve arecall rate of 76%, and a precision of 62%, and they were able to �nd the correct repair 57%2They referred to modi�cation repairs as nontrivial repairs, and to abridged repairs as trivial repairs;however, these terms are misleading. Consider the utterance \send it back to Elmira uh to make OJ".Determining that the corrected text should be \send it back to Elmira to make OJ" rather than \send itback to make OJ" is not trivial. 15



of the time, leading to an overall correction recall of 43% and correction precision of 50%.They also tried combining syntactic and semantic knowledge in a \parser-�rs" approach|�rst try to parse the input and if that fails, invoke repair strategies based on word patternsin the input. In a test set containing 26 repairs (Dowding et al., 1993), they obtained adetection recall rate of 42% and a precision of 84.6%; for correction, they obtained a recallrate of 30% and a recall rate of 62%.Nakatani and Hirschberg (1993) investigated using acoustic information to detect theinterruption point of speech repairs. In their corpus, 74% of all repairs are marked by aword fragment. Using hand-transcribed prosodic annotations, they trained a classi�er ona 172 utterance training set to identify the interruption point (each utterance contained atleast one repair). On a test set of 186 utterances containing 223 repairs, they obtained arecall rate of 83.4% and a precision of 93.9% in detecting speech repairs. The clues that theyfound relevant were duration of pause between words, presence of fragments, and lexicalmatching within a window of three words. However, they do not address the problem ofdetermining the correction or distinguishing modi�cation repairs from abridged repairs.Young and Matessa (Young and Matessa, 1991) have also done work in this area. Intheir approach, speech repairs are corrected after a opportunistic case-frame parser analyzesthe utterance. In fact the aim of their work is to detect and correct any misunderstandingsthat the parser makes, be them speech repairs, ungrammatical or ill-formed utterances, oreven utterances that cannot be represented in the case-frame representation. Their system�rst looks for parts of the input utterance that were not used by the parser, and then usessemantic and pragmatic knowledge (of the limited domain) to correct the interpretation.For instance they use knowledge about slot-�ller constraints and relations among slot �llersin order to make sense of the input that hasn't been resolved. For speech repairs, they makeuse of functional equivalence heuristics (Matessa and Young, 1994) and report correctionrates between 95 and 99% of all fresh starts and modi�cation repairs.We feel that this approach addresses speech repairs too late in the process. There isgood evidence that semantic knowledge is not needed to process speech repairs, and sowhen a less restricted setting is used, in which participants can carry on a collaborativedialogue, analysis at the semantic level might be too late to deal with the complexities.Their techniques will probably only work in limited domains as the syntactic and semanticanalysis is very domain dependent.2.4 Utterance UnitsFrom our review of the literature, there does not seem to be any computational workin segmenting a turn into utterance units. Current computational approaches, such asemployed in the ARPA data collection (MADCOW, 1992), allow the user to think o�-line, with turn-taking \negotiated" by the user pressing a button when he wants to speak.More relevant research has been done in the �elds of linguistics and psychology, in spokenlanguage generation, and in developing spoken dialogue transcription schemes.An interesting question concerning utterances is whether a listener is able to predictthe end of an utterance. Although such a result should not be surprising, given theories16



of intonation, it is not clear if intonational clues su�ce. Using read speech, Grosjean(1983) took sentences in which the base part of the sentences could be continued by aprepositional phrase. He found that listeners at the potentially last word were able todetermine if the utterance was over, and if not, how much remained. Grosjean also foundthat pitch, duration, and amplitude clues on the potentially last word correlated with theresults.In other work, Gee and Grosjean (1983) discuss performance structures, which are basedon such experimental paradigms as measuring pauses between words, recall, and relatednessjudgments. The structures that are derived are found to be relatively invariant acrosstasks, and are supposed to capture the psychological reality of the linguistic structure of anutterance. However, these structures do not always correspond well to syntactic structure,which tend to be right branching, rather than being more balanced, as what tends to happenwith performance structures.Gee and Grosjean put forward a model to account for the performance structures thatarise. Their model builds up intermediate phrases and intonational phrases based on syn-tactic constituents. Every time a head of a phrase is encountered, unless it is a functionword (such as a preposition), it is posited as ending the current intermediate phrase. Theyalso have rules for building these intermediate phrases into intonational phrases. With thismodel, which works on local information in a fairly left to right manner, they are ableto better account for performance data, as well as unify prosody with linguistic structure.They suggest the following.[The] prosodic structures re
ect properties of the logical form of the sentence.This suggests the possibility that such structures are not just prosodic structures,but really a basic linguistic structure, perhaps the only one, or at least the criticalone in processing (pg. 448).Although Gee and Grosjean were not trying to explicitly account for spoken dialogue,this theory of performance structure, in terms of intonational phrases, helps solidify therelationship between utterance units and linguistic theory.Using Gee and Grosjean's model of how linguistic content can be broken into intonationalphrases, Bachenko and Fitzpatrick (1990) tried doing speech generation from text. Theyfound that Gee and Grosjean's model falls short of providing a comprehensive theory, sincetheir rules were too limited and the syntax too under-speci�ed to achieve good coverage.However, it did provide them with the theoretical framework from which to proceed.The next work of relevance is that of Nakajima and Allen (1992; 1993), which wasdone as part of the Trains project. As we mentioned above, they were interested in usingprosody to determine discourse structure. Since they used spoken dialogues, they wereforced to deal with the issue of de�ning utterance units (UU). They proposed the followingprinciples.Grammatical Principle: Place the UU boundary where a period could be put. In caseof conjunction, the UU boundary is set just before the conjunction.17



Pragmatic Principle: The UU should correspond to a basic speech-act. In other words,UU should represent the speaker's basic intention. Note that this does not rule outthe case where one speech act continues over several UUs.Conversational Principle: AUU boundary should be placed whenever the speaker changes.This includes the case of short acknowledgments such as hnn-hnn or yes.Prosodic Principle: The UU boundary is placed whenever a medium length or longerpause occurs. The pause threshold is set to 750 msec which is a bit longer than thepauses called search pauses or repair pauses.This formulation of utterance units only indirectly makes use of intonation, and is verysubjective, especially for the pragmatic principle, which runs the risk of being circular.In later work done in the Trains project, the segmentation into utterance units waschanged to correspond \roughly" to intonational phrases (Gross, Allen, and Traum, 1993).The end of an utterance unit would be signaled by one of the following: a boundary tone,a pause in speech longer than a single beat, or a resetting of the pitch level, starting anew intonational phrase. The last option is presumably for fresh starts or when the speakerinterrupts herself; thus the interruption point can signal an utterance boundary. The secondoption will also catch some of the modi�cation speech repairs as well as pauses in the middleof an intonational phrase. Of course, this will not cause a problem in the Trainsmodel, dueto the presence of a continuation and a repair grounding move (Traum and Hinkelman,1992).2.5 Discourse MarkersMany researchers have noted the importance of discourse markers (Cohen, 1984; Reichman-Adar, 1984; Sidner, 1985; Grosz and Sidner, 1986; Litman and Allen, 1987). These markersserve to inform the reader about the structure of the discourse|how the current part relatesto the rest. For instance, words such as \now", \anyways" signal a return from a digression.Words such as \�rstly" and \secondly" signal that the speaker is giving a list of options.The structure of the text is also important because in most theories of discourse, it helpsthe listener resolve anaphoric references.Spoken dialogue also employs a number of other discourse markers that are not asclosely tied to the discourse structure. Words such as \mm-hm" and \okay" function asacknowledgments. Words such as \well", \like", \you know", \um", and \uh" can act as`�llers'. Due to their lack of sentential content, and their relevance to the discourse process(including preventing someone from stealing the turn), they are also regarded as discoursemarkers.Little has actually been done in identifying them in spoken dialogue. One exception iswork done by Litman and Hirschberg (1990), who looked at how intonational informationcan distinguish between a discourse marker or sentential reading for a set of ambiguouslexical items. This work was based on hand-transcribed intonational features and onlyexamined discourse markers that were only one word long. The corpus consisted of segments18



from a radio call in show \The Harry Gross Show: Speaking of Your Money" (Pollack,Hirschberg, and Webber, 1982). They found that discourse uses of such words are either anintermediate phrase by themselves, or they are �rst in an intermediate phrase and eitherde-accented or have a L� accent. Sentential uses were either in the middle of a phrase or, if�rst, bore a H� accent. Litman and Hirschberg found that the hand-coded acoustics cluesdisambiguated the usage of non-conjunct discourse markers (other than \and"s and \or"s)93.4% of the time, while a part-of-speech tagger correctly identi�ed 75% of them.2.6 Speech ActionsOne of the big developments towards relating language usage to the mental state of agentshas been to view language as actions (Grice, 1957; Austin, 1962; Searle, 1969). Speakersact by way of their utterances to accomplish various e�ects. The actions in this case arespeech actions, and include such things as promising, informing, and requesting. Taking thisapproach has allowed utterances to be given an intentional account. The work on speechact analysis is relevant to this thesis proposal because the utterance units that we want toidentify undoubtedly have an intentional account.Not only can actions be analyzed by themselves, but these actions can also be used ina plan-based approach. This idea was �rst suggested by Bruce (1975), and formalized byCohen and Perrault (1979), who developed a system that takes an agent's goal and �ndsa speech action that will accomplish it, and by Allen and Perrault (1980), who, given anobserved action, try to determine the agent's goal. This work was based on the STRIPSplanning formalism (Fikes and Nilsson, 1971), in which actions are represented by a pre-condition list, an add list, and a delete list. The preconditions state the propositions thatmust be true for an action to be executed, the add list gives the propositions that willbe true after the action has been executed, and the delete list gives the propositions thatwill not hold. The STRIPS formalism was expanded by Sacerdoti (1975) so that actionsinclude a decomposition list, which allows actions to be built from more primitive actions.Although STRIPS su�ers from serious de�cits (Allen, 1990), its simplicity has attractedmany followers. Below we give an example of one of Allen and Perrault's speech actions.INFORM(?speaker,?hearer,?prop)prec: ?speaker KNOW ?prope�ect: ?hearer KNOW propbody: hearer BELIEVE speaker WANT hearer KNOW propThe work of Cohen, Allen, and Perrault has been extended to account for stretches ofspeech longer than a single utterance by �nding a complete plan, and for dealing withaspects beyond informs and requests.Litman and Allen's work (1987) focused on showing how clari�cations can be handledin a plan-based formalism. Just as speakers can execute domain actions, they can alsoexecute discourse actions, such as identify-parameter. Plan recognition starts with asurface speech action, which is then chained to a discourse action, through decomposition.19



The discourse action in turn might refer to another plan, such as referring to an action in adomain plan. This will cause the appropriate action to be added to an existing domain plan(through plan elaboration) or will cause a new plan to be created if the appropriate plandoesn't exist. By doing this plan reasoning, Litman and Allen are able to make sense ofsuch things as clari�cation dialogues, and changes in topic. They also employed linguisticknowledge about discourse markers to help guide the plan recognition problem.The thrust of Traum's work (Traum, 1991; Traum and Hinkelman, 1992) is on pro-viding a computation model of grounding. Grounding is the process where conversationalparticipants add to the common ground of a conversation (Clark and Schaefer, 1989; Clarkand Brennan, 1990). Traum models the grounding process by proposing that utterancesmove through a number of states, pushed by grounding acts, which include initiate, con-tinue, repair, request repair, acknowledge, and request acknowledge. Once an utterance hasbeen acknowledged, it will reside in mutual belief as a proposal of the person who initiatedit. By modeling the grounding process, Traum can better deal with how participants inconversation collaborate, and can account for the abundance of acknowledges that tend tooccur.Heeman and Hirst (Heeman and Hirst, 1992; Hirst et al., 1994) have also done workbased on the work of Clark and his colleagues (Clark and Wilkes-Gibbs, 1986; Clark andSchaefer, 1989). In this case, it was in providing a computational model of how participantscollaborate in accomplishing the linguistic task of referring. Their speech acts includespeci�c acts for referring and actions for collaborating in building a plan for the referringexpression, such as s-accept for accepting a plan, s-postpone for postponing a judgmentuntil more is added, s-reject for rejecting a part of a plan, and s-actions for addingadditional actions to a plan. With these, Heeman and Hirst are able to account for thefragments that tend to occur in such dialogues in terms of speech actions related to thecollaborative task. Although based on similar psycholinguistic models, this work di�ers fromTraum's in that Heeman and Hirst assume that being in a collaborative state sanctions theacceptance of actions that further the collaborative task.2.7 Conversation AnalysisConversation Analysis is a sub�eld of sociology that is concerned with the study of ac-tual dialogues in order to discover recurring patterns.3 Work done in this �eld is startingto enter into computation approaches to natural language (e.g., Traum and Allen, 1994;McRoy, 1993), for it allows expectations and social norms to be used in understanding aspeaker's utterance, thus short-circuiting means-end reasoning about the other participant'stop-level goals and beliefs, and in deciding what to do next. The contributions made in the�eld of conversation analysis are also of interest in this proposal, for they shed light on thenotion of utterance units.3A good introduction to this �eld is contained in Levinson (1983) and in Fox (1987).20



2.7.1 Turn-TakingOne of the most obvious features of dialogue is that for the most part only one person istalking at a time. In fact, conversation can be divided into turns. But how do conversantsco-ordinate how long each will speak for and who will speak next. Sacks, Scheglo� andJe�erson (1974) propose that there is a turn-taking protocol, and they give rules governingit. The basic unit is the turn-constructional unit, and these units are the lowest element atwhich a change in speaker can occur. These units can be sentential, clausal, phrasal, andlexical constructions (pg. 702). After each turn-constructional unit, there is a transitionrelevance place, where either the current speaker can select the next speaker, as in asking aquestion to a particular person, or the next speaker can self-select.2.7.2 Adjacency PairsAdjacency pairs are pairs of consecutive utterances produced by di�erent speakers. Aspeaker's utterance is often in
uenced by what the other conversant just said. In fact,Scheglo� and Sacks (1973) claim that there is a preferred response for each utterance typeand a less preferred second. For instance, the preferred response to a question is the answer.In fact the �rst part makes the second part conditionally relevant. If the recipient does notrespond with the preferred response, but instead with the less-preferred second, then thisresponse should be marked.2.7.3 ExchangesAlong the lines of adjacency pairs are exchanges. Here, rather than concentrate on pairsof utterances across a change in speaker, we are interested in �nding a unit of analysisthat we can break a dialogue into. From theorizing about the function of intonation indiscourse, Coulthard and Brazil (1981) propose that dialogue is made up of transactions,and that these units are the \largest structural unit of discourse" (pg. 88). Transactions aremade up of exchange structures, with each part being marked intonationally. For instancean eliciting exchange would have a structure along the lines of the following: initiation,response, followup.2.7.4 RepairsThe fourth focus of conversation analysis deals with repairs. Repairs, in this case, areany attempts to �x previous utterances because they were insu�cient for what they wereintended. Repairs can be initiated (noticed) by the speaker or by the other participant, theycan be made either, and they can happen in the same turn as the utterance or later on.Scheglo�, Je�erson, and Sacks (1977) propose that self-initiated, self-repairs in the sameturn are most preferred, and least preferred are other-initiated, other-repairs.21
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Chapter 3Completed WorkIn this section, we present the work that has been completed as part of this thesis proposal.This work provides a lot of the foundation which the thesis is based on. The �rst sectionoutlines the work done on collecting a corpus of spoken dialogues, and tools and standardsfor transcribing the events that we are interested in. The second section discusses our workon detecting and correcting two types of speech repair|modi�cation repairs and abridgedrepairs.3.1 Dialogue CorpusAs part of the Trains project (Allen and Schubert, 1991), which is a long term researchproject to build a conversationally pro�cient planning assistant, we are collecting a corpusof problem solving dialogues. The dialogues involve two participants, one who is playingthe role of a user and has a certain task to accomplish, and another, who is playing the roleof the system by acting as a planning assistant. The �rst set of dialogues were collected in1991 by Gross, Allen, and Traum (1993), and they discuss the manner in which this wasdone and provide transcriptions. In 1992 and 1993, more dialogues were collected, this timeusing the Waves software (Entropic Research Laboratories), which allowed time-alignedword transcriptions to be produced. We describe the manner in which these dialogues werecollected in a technical note (Heeman and Allen, 1994e). These dialogues, along with theword transcriptions, will be available on CD-ROM. In all, the entire corpus consists of 112dialogues totaling almost eight hours in length and containing about 62,000 words and 6300speaker turns.3.1.1 Dialogue ToolsAlthough there are tools and standards for annotating single speaker spoken utterances,such as the WAVES software (Talkin, 1989), and the ToBI annotation scheme (Silvermanet al., 1992; Beckman and Hirschberg, 1994; Beckman and Ayers, 1994), such resourcesdo not exist for dialogues. So, we have built a toolkit and guidelines for bridging the gapbetween dialogues and single speaker utterances (Heeman and Allen, 1994d). The toolkit23



addresses the problem of setting up the initial dialogue audio �le, obtaining a breakup ofthe dialogue into single speaker utterances �les, printing the contents of a dialogue, and inupdating the breakup. The guidelines give rules for segmenting the dialogue into utterance�les, so that local phenomena, such as speech repairs, are not separated.3.1.2 Annotated Speech RepairsThe second aspect of the corpus work has focused on developing an annotation scheme forspeech repairs (Heeman and Allen, 1994c). This work is based on the work done by Bear etal. (1993), but extends it to better deal with overlapping repairs. The annotation schemeallows the user to label the word correspondences that exist between the removed text andthe resumed text. We annotate this using the labels m for word matching and r for wordreplacements (words of the same syntactic category). Each pair is given a unique index.Other words in the removed text and resumed text are annotated with an x. Also, editingterms (�lled pauses and clue words) are labeled with et, and the moment of interruptionwith int, which will occur before any editing terms associated with the repair, and afterthe fragment, if present. The annotation scheme also allows the interruption point to beindexed and the word labels to refer to its interruption point, thus allowing overlappingrepairs to be annotated. Below is a sample annotation, with removed text \go to oran-",editing term \um", and resumed text \go to" (d93-14.2 utt60).go| to| oran-| um| go| to| Corningm1| m2| x| int| et| m1| m2|A speech repair can also be characterized by its repair pattern, which is a string that consistsof the repair labels (word fragments are labeled as -, the interruption point by a period,and editing terms by e). The repair pattern for the example is mm-.emm.3.2 Detecting and Correcting Speech RepairsIn our corpus of problem solving dialogues, 25% of turns contain at least one repair, 67%of repairs occur with at least one other repair in the turn, and repairs in the same turnoccur on average within 6 words of each other. As a result, no spoken language system willperform well without an e�ective way to detect and correct speech repairs. In the following,we present research that has been reported elsewhere (Heeman and Allen, 1994b; Heemanand Allen, 1994a), in which we address the problem of detecting and correcting modi�cationand abridged speech repairs using local clues. This work is empirically based and we usethe Trains dialogue corpus for training and test data.3.2.1 Repair IndicatorsIn order to correct speech repairs, we �rst need to detect them. If we were using prosodicinformation, we could focus on the actual interruption point (cf. Nakatani and Hirschberg,24



with withTotal Fragment Editing TermModi�cation Repair 450 14.7% 19.3%Word Repetition 179 16.2% 16.2%Larger Repetition 58 17.2% 19.0%Word Replacement 72 4.2% 13.9%Other 141 17.0% 26.2%Abridged Repair 267 46.4% 54.3%Total 717 26.5% 32.4%Table 3.1: Occurrence of Types of Repairs1993); however, our initial work was restricted to lexical clues, and so we need to be morelenient.Table 3.1 gives a breakdown of the modi�cation speech repairs and the abridged repairsin the training set, based on hand-annotations of the repairs.1 Modi�cation repairs arebroken down into four groups, single word repetitions, multiple word repetitions, one wordreplacing another, and others. In the second and third columns, we give the percentage ofthe repairs that include fragments and editing terms.This table shows that strictly looking for the presence of fragments and editing termswill miss at least 41% of speech repairs. So, we need to look at word correspondencesin order to get better coverage for detecting repairs. In order to keep the false positiverate down, we restrict ourselves to the following types of word correspondences: (1) wordmatching with at most three intervening words, denoted by m-m; (2) two adjacent wordsmatching two others with at most 6 words intervening, denoted by mm{mm; and (3)adjacent replacement, denoted by rr. Table 3.2 gives the number of repairs in the trainingcorpus that can be detected by each clue, based on the hand-annotations. For each clue, wegive the number of repairs that it will detect in the �rst column. In the next three columns,we give a breakdown of these numbers in terms of how many clues apply. As the tableshows, most repairs are signal by only one of the 3 clues.Although the m{m clue and mm{mm clue do not precisely locate the interruptionpoint of a repair, we can, none the less, detect them; in fact, we can detect 97.7% (708/725)of all the repairs. But, we still will have a problem with false positives, and detecting theextent of the repair.3.2.2 Determining the CorrectionBased on the work done at SRI (Bear, Dowding, and Shriberg, 1992), we next looked at thespeech repair patterns in our annotated training corpus. If we can automatically determinethe pattern, then the deletion of the removed text along with the editing terms gives the1Eight repairs were excluded from this analysis. These repairs could not be automatically separated fromother repairs that overlapped with them. 25



Total 1 clue 2 clues 3 cluesFragment 190 127 58 5Editing Terms 232 164 63 5m-m 331mm{mm 94 412 296 111 5rr 59others 9 n.a. n.a. n.a.Total 717 587 116 5Table 3.2: Repair Indicatorscorrection. Since the length of the pattern can be quite long, especially when editing termsand word fragments are added in, the number of possible templates becomes very large. Inour training corpus of 450 modi�cation repairs, we found 72 di�erent patterns (not includingvariations due to editing terms and fragments). All patterns with at least 2 occurrences arelisted in Table 3.3.m.m 179r.r 72mm.mm 41mr.mr 17mx.m 15mmm.mmm 14rm.rm 12m.xm 6mmr.mmr 5m.xxm 5x.xx 4x. 4
mmx.mm 4mrm.mrm 3mmmr.mmmr 3mm.mxm 3r.xr 2mxxx.m 2mx.mx 2mmrm.mmrm 2mmmx.mmm 2mmmm.mmmm 2m.mx 2Table 3.3: Repair Patterns and Occurrences3.2.2.1 Rules for Adding to the PatternRather than doing template matching, we build the repair pattern on the 
y. When apossible repair is detected, the detection itself puts constraints on the repair pattern. Forinstance, if we detect a word fragment, the location of the fragment limits the extent ofthe editing terms. It also limits the extent of the resumed text and removed text, and sorestricts word correspondences that can be part of the repair.In this section, we present the rules we use for building repair patterns. These rules not26



only limit the search space, but more importantly, are intended to keep the number of falsepositives as low as possible, by capturing a notion of `well-formedness' for speech repairs.The four rules listed below follow from the model of repairs that we presented in theintroduction. They capture how a repair is made up of three intervals|the removed text,which can end in a word fragment, possible editing terms, and the resumed text|and howthe interruption point follows the removed text and precedes the editing terms.1. Editing terms must be adjacent.2. Editing terms must immediately follow the interruption point.3. A fragment, if present, must immediately precede the interruption point.4. Word correspondences must straddle the interruption point and can not bemarked on a word labeled as an editing term or fragment.The above rules alone do not restrict the possible word correspondences enough. Basedon an analysis of the hand-coded repairs in the training corpus, we propose the followingadditional rules.Rule (5) captures the regularity that word correspondences of a modi�cation repair arerarely, if ever, embedded in each other. Consider the following exception.how would that { how long that would takeIn this example, the word correspondence involving \that" is embedded inside of the corre-spondence on \would". The speaker actually made a uncorrected speech error (and so nota speech repair) in the resumed text, for he should have said \how long would that take."Without this ungrammaticality, the two correspondences would not have been embedded,and so would not be in con
ict with the following rule.5. Word correspondences must be cross-serial; a word correspondence cannotbe embedded inside of another correspondence.The next rule is used to limit the application of word correspondences when no corre-spondences are yet in the repair pattern. In this case, the repair would have been detectedby the presence of a fragment or editing terms. This rule is intended to prevent spuriousword correspondences from being added to the repair. For instance in the following exam-ple, the correspondence between the two instances of \I" is spurious, since the second \I"in fact replaces \we".I think we need to uh I needSo, when no correspondences are yet included in the repair, the number of interveningwords needs to be limited. From our test corpus, we have found that 3 intervening words,excluding fragments and editing terms is su�cient.6. If there are no other word correspondences, there can only be 3 interveningwords, excluding fragments and editing terms, between the �rst part andthe second part of the correspondence.27



The next two rules restrict the distance between two word correspondences. Figure 3.1shows the distance between two word correspondences, indexed by i and j. The intervals xand y are the sequences of words that occur between the marked words in the removed textand in the resumed text, respectively. The word correspondences of interest are those thatare adjacent, in order words, the ones that have no labeled words in the x and y intervals.mi � � �|{z}x mj � � � int � � �mi � � �|{z}y mjFigure 3.1: Distance between correspondencesFor two adjacent word correspondences, Rule (7) ensures that there is at most 4 inter-vening words in the removed text, and Rule (8) ensures that there are at most 4 interveningwords in the resumed text.7. In the removed text, two adjacent matches can have at most 4 interveningwords (jxj � 4).8. In the resumed text, two adjacent matches can have at most 4 interveningwords (jyj � 4).The next rule, Rule (9), is used to capture the regularity that words are rarely droppedfrom the removed text, instead they tend to be replaced.9. For two adjacent matches, the number of intervening words in the removedtext can be at most one more than the number of intervening words in theresumed text (jxj � jyj+ 1).The last rule, Rule (10), is used to restrict word replacements. From an analysis ofour corpus, we found that word replacement correspondences are rarely isolated from otherword correspondences.10. A word replacement must either only have fragments and editing termsbetween the two words that it marks, or there must be a word correspon-dence in which there are no intervening words in either the removed textor the resumed text (x = y = 0).3.2.2.2 An ExampleTo illustrate the above set of well-formedness constraints on repair patterns, consider theexample given above, \I think we need to { uh I need." The detection clues will mark theword \uh" as being a possible editing term, giving the partial pattern given below.I think we need to uh| I needet| 28



Now let's consider the two instances of \I". Adding this correspondence to the repairpattern will violate Rule (6), since there are four intervening words, excluding the edit-ing terms. The correspondence between the two instances of `need' is acceptable though,since it straddles the editing term and there are only two intervening words between thecorresponding words, excluding editing terms.Even with the correspondence between the two instances of `need', the matching betweenthe `I's still cannot be added. There are 2 intervening words between \I" and \need" in theremoved text, but none in the resumed side, so this correspondence violates Rule (9). Theword replacement of \we" by the second instance of \I", does not violate any of the rules,including Rule (10), so it is added, resulting in the following labeling.I think we| need| to uh| I| need|r| m| et| r| m|3.2.2.3 AlgorithmThe algorithm for labeling potential repair patterns encodes the assumption that speechrepairs can be processed one at a time. The algorithm runs in lockstep with a part-of-speechtagger (Church, 1988), which is used for deciding possible word replacements. Words arefed in one at a time. The detection clues are checked �rst. If one of them succeeds, andthere is not a repair being processed, then a new repair pattern is started. Otherwise, if theclue is consistent with the current repair pattern, then the pattern is updated; otherwise,the current one is sent o� to be judged, and a new repair pattern is started.When a new repair is started, a search is made to see if any of the text can contributeword correspondences to the repair. Likewise, if there is currently a repair being built,a search is made to see if there is a suitable word correspondence for the current word.Anytime a correspondence is found, a search is made for any additional correspondencesthat it might sanction.Since there might be a con
ict between two possible correspondences that can be addedto a labeling, the one that involves the most recent pair of words is preferred. For instance,in the example above, the correspondence between the second instance of \I" and \we" ispreferred over the correspondence between the second instance of \I" and the �rst.The last issue to account for is the judging of a potential repair. If the labeling consistsof just cue phrases, then it is judged as not being a repair.2 Otherwise, if the interruptionpoint of the potential repair is uniquely determined, then it is taken as a repair. This will bethe case if there is at least one editing term, a word fragment, or there are no unaccountedfor words between the last removed text part of the last correspondence and the resumedtext part of the �rst correspondence.2This prevents phrases such as \I guess" from being marked as editing terms when they have a sententialmeanings, as in \I guess we should load the oranges."29



3.2.2.4 Results of Pattern BuildingThe input to the algorithm is the word transcriptions, augmented with turn-taking markers.Since we are not trying to account for fresh starts, break points are put in to denote thecancel, and its editing terms are deleted (this is done to prevent the algorithm from tryingto annotate the fresh start as a repair). The speech is not marked with any intonationalinformation, nor is any form of punctuation inserted. The results are given in Table 3.4.Training TestSet SetDetection Recall 94.9% 91.5%Detection Precision 55.8% 45.3%Correction Recall 89.2% 85.9%Correction Precision 52.4% 42.5%Table 3.4: Results of Pattern MatchingThe pattern builder gives many false positives in detecting speech repairs due to wordcorrespondences in 
uent speech being mis-interpreted as evidence of a modi�cation repair.Also, in correcting the repairs, word correspondences across an abridged repair cause theabridged repair to be interpreted as a modi�cation repair, thus lowering the correction recallrate.3 For example, the following abridged repair has two spurious word correspondences,between \need to" and \manage to".we need to { um manage to get the bananas to Dansville more quicklyThese spurious word correspondences will cause the pattern builder to hypothesize that thisis a modi�cation repair, and so propose the wrong correction.3.2.3 Statistical FilterWe make use of a part-of-speech tagger to not only determine part-of-speech categories(used for deciding possible word replacements), but also to judge modi�cation repairs thatare proposed by the pattern builder. For modi�cation repairs, the category transitionprobabilities from the last word of the removed text to the �rst word of the resumed texthave a di�erent distribution than category transitions for 
uent speech. So, by giving thesedistributions to the part-of-speech tagger (obtained from our test corpus), the tagger candecide if a transition signals a modi�cation repair or not.Part-of-speech tagging is the process of assigning to a word the category that is mostprobable given the sentential context (Church, 1988). The sentential context is typicallyapproximated by only a set number of previous categories, usually one or two. Good part-of-speech results can be obtained using only the preceding category (Weischedel et al., 1993),3About half of the di�erence between the detection recall rate and the correction recall rate is due toabridged repairs being misclassi�ed as modi�cation repairs.30



which is what we will be using. In this case, the number of states of the Markov model isN , where N is the number of tags. By using the Viterbi algorithm, the part-of-speech tagsthat lead to the maximum probability path can be found in linear time with respect to thenumber of words to be tagged.Figure 3.2 gives a simpli�ed view of a Markov model for part-of-speech tagging, where Ciis a possible category for the ith word, wi, and Ci+1 is a possible category for word wi+1. Thecategory transition probability is simply the probability of category Ci+1 following categoryCi, which is written as P (Ci+1jCi), and the probability of word wi+1 given category Ci+1 isP (wi+1jCi+1). The category assignment that maximizes the product of these probabilitiesis taken to be the best category assignment.���� ����-P (Ci+1 jCi)P (wijCi)Ci Ci+1P (wi+1 jCi+1)Figure 3.2: Markov Model of Part-of-Speech Tagging3.2.3.1 A Simple Model of Speech RepairsModi�cation repairs are often accompanied by a syntactic anomaly across the interruptionpoint. Consider the following example, \so it takes two hours to go to { from Elmira toCorning" (d93-17.4 utt57), which contains a \to" followed by a \from". Both should beclassi�ed as prepositions, but the event of a preposition followed by another prepositionis very rare in well-formed speech, so there is a good chance that one of the prepositionsmight get erroneously tagged as some other part of speech. Since the category transitionsacross interruption points tend to be rare events in 
uent speech, we simply give the taggerthe category transition probabilities around interruption points of modi�cation repairs.By keeping track of when this information is used, we not only have a way of detectingmodi�cation repairs, but part-of-speech tagging is also improved.To incorporate knowledge about modi�cation repairs, we let Ri be a variable that in-dicates whether the transition from word wi to wi+1 contains the interruption point of amodi�cation repair. Rather than tag each word, wi, with just a category, Ci, we tag itwith Ri�1Ci: the complex tag consisting of the category and the presence of a modi�cationrepair.4 This e�ectively multiplies the size of the tagset by two. From Figure 3.2, we seethat we now need the following probabilities, P (RiCi+1jRi�1Ci) and P (wijRi�1Ci).To keep the model simple, and ease problems with sparse data, we make several inde-pendence assumptions.(1) Given the category of a word, a repair before it is independent of the word. (Ri�1 andwi are independent, given Ci.) So P (wijRi�1Ci) = P (wijCi).4Changing each tag to CiRi would result in the same model. We chose Ri�1Ci since it simpli�es thedevelopment of the model that we propose in Figure 3.3.31



(2) Given the category of a word, a repair before that word is independent of a repairfollowing it and the category of the next word. (Ri�1 is independent of RiCi+1, givenCi.) So P (RiCi+1jRi�1Ci) = P (RiCi+1jCi).Another manipulation that we can do is use the de�nition of conditional probabilitiesto rewrite P (RiCi+1jCi) as P (RijCi) � P (Ci+1jCiRi). This manipulation allows us to viewthe problem as tagging null tokens between words as either the interruption point of amodi�cation repair, Ri = �i, or as 
uent speech, Ri = �i. The resulting Markov model isshown in Figure 3.3. Note that the context for category Ci+1 is both Ci and Ri. So, Ridepends (indirectly) on the joint context of Ci and Ci+1, thus allowing syntactic anomaliesto be detected.5 ���� �������� ����HHHHHHj������* ������*HHHHHHjCi Ci+1Ci�iCi�iP (wijCi) P (wi+1 jCi+1)P (Ci+1jCi�i)P (�ijCi)P (�ijCi) P (Ci+1jCi�i)Figure 3.3: Markov Model of RepairsTable 3.6 gives results for this simple model running on our training corpus. In orderto remove e�ects due to editing terms and word fragments, we temporarily eliminate themfrom the corpus. Also, for fresh starts and change-of-turn, the algorithm is reset, as ifthey marked the end of a sentence. To eliminate problems due to overlapping repairs, weinclude only data points in which the next word is not intended to be removed (based onour hand annotations). This gives us a total of 19587 data points with 384 modi�cationrepairs, of which the statistical model found 169 of them, and a further 204 false positives.This gives us a recall rate of 44.2% and a precision of 45.3%. In the test corpus, there are98 modi�cation repairs, of which the model found 30, and a further 23 false positives; thisgives a recall rate of 30.6% and a precision rate of 56.6%.From Table 3.1, we can see that the recall rate of fragments as a predictor of a modi�-cation repair is 14.7% and their precision is 34.7%.6 So, the method of statistically taggingmodi�cation repairs has more predictive power, and so should be used as a clue for detect-ing them. Furthermore, this method is doing something more powerful than just detectingword repetitions or category repetitions. Of the 169 repairs that it found, 109 were wordrepetitions and an additional 28 were category repetitions. So, 32 of the repairs that werefound were from less obvious syntactic anomalies.5Probabilities for 
uent transitions are from the Brown corpus and probabilities for repair transitions arefrom the training data.6The precision rate was calculated by taking the number of fragments in a modi�cation repair (450�14:7%)over the total number of fragments (450 � 14:7% + 267 � 46:4%).32



3.2.3.2 Adding Additional CluesIn the preceding section we built a model for detecting modi�cation repairs by simply usingcategory transitions. However, there are other sources of information that can be exploited,such as the presence of fragments, editing terms, and word matchings. The problem is thatthese clues do not always signal a modi�cation repair. For instance, a fragment is twice aslikely to be part of an abridged repair than it is to be part of a modi�cation repair. Oneway to exploit these clues is to try to learn how to combine them, using a technique such asCART (Brieman, Friedman, and Olshen, 1984). However, a more intuitive approach is toadjust the transition probabilities for a modi�cation repair to better re
ect the more speci�cinformation that is known. Thus, we combine the information such that the individual piecesdo not have to give a `yes' or a `no' answer, but rather, all can contribute to the decision.Fragments: Assuming that fragments can be detected automatically (cf. Nakatani andHirschberg, 1993), the question arises as to what the tagger should do with them. Ifthe tagger treats them as lexical items, the words on either side of the fragment will beseparated. This will cause two problems. First, if the fragment is part of an abridged repair,category assignment to these words will be hindered. Second, and more important to ourwork, is that the fragment will prevent the statistical model from judging the syntacticwell-formedness of the word before the fragment and the word after, preventing it fromdistinguishing a modi�cation repair from an abridged repair. So, the tagger needs to skipover fragments. However, the fragment can be viewed as the \word" that gets tagged as amodi�cation repair or not. (The `not' in this case means that the fragment is part of anabridged repair.) When no fragment is present between words, we view the interval as anull word. So, we augment the model pictured in Figure 3.3 with the probability of thepresence of a fragment, Fi, given the presence of a repair, Ri, as is pictured in Figure 3.4.Since there are two alternatives for Fi|a fragment, fi, or not, f i|and two alternatives forRi|a repair or not, we need four statistics.���� �������� ����HHHHHHj������* ������*HHHHHHjCi Ci+1Ci�iCi�iP (wijCi) P (wi+1 jCi+1)P (Ci+1jCi�i)P (�ijCi)P (�ijCi) P (Ci+1jCi�i)P (Fi j�i)P (Fij�i)
Figure 3.4: Incorporating FragmentsFrom our training corpus, we have found that if a fragment is present, a modi�cationrepair is favored|P (fij�i)=P (fij�i)|by a factor of 28.9. If a fragment is not present, 
uentspeech is favored|P (f ij�i)=P (f ij�i), by a factor of 1.17.33



Editing Terms: Editing terms, like fragments, give evidence as to the presence of amodi�cation repair. So, we incorporate them into the statistical model by viewing them aspart of the \word" that gets tagged with Ri, thus changing the probability on the repairstate from P (FijRi) to P (FiEijRi), where Ei indicates the presence of editing terms. Tosimplify the probabilities, and reduce problems due to sparse data, we make the followingindependence assumption.(3) Given that there is a modi�cation repair, the presence of a fragment or editing termsis independent. (Fi and Ei are independent, given Ri.) So P (FiEijRi) = P (FijRi) �P (EijRi).An additional complexity is that di�erent editing terms do not have the same predictivepower. So far we have investigated \um" and \uh". The presence of an \um" favors arepair by a factor of 2.7, while for \uh" it is favored by a factor of 9.4. If no editing termis present, 
uent speech is favored by a factor of 1.2.Word Matchings: In a modi�cation repair, there is often a correspondence between thetext that must be removed and the text that follows the interruption point. The simplesttype of correspondence is word matchings. In fact, in our test corpus, 80% of modi�cationrepairs have at least one matching. This information can be incorporated into the statisticalmodel in the same way that editing terms and fragments are handled. So, we change theprobability of the repair state to be P (FiEiMijRi), where Mi indicates a word matching.Again, we assume that the clues are independent of each other, allowing us to treat thisclue separately from the others.Just as with editing terms, not all matches make the same predictions about the occur-rence of a modi�cation repair. Bear, Dowding, and Shriberg (1992) looked at the numberof matching words versus the number of intervening words. However, this ignores the cat-egory of the word matches. For instance, a matching verb (with some intervening words)is more likely to indicate a repair than say a matching preposition or determiner. So, weclassify word matchings by category and number of intervening words. Furthermore, ifthere are multiple matches in a repair, we only use one, the one that most predicts a repair.For instance in the following repair, the matching instances of \take" would be used overthe matching instances of \will", since main verbs were found to more strongly signal amodi�cation repair than do modals (d93-18.3 utt43).how long will that take { will it take for engine one at DansvilleSince the statistical model only uses one matching per repair, the same is done in collectingthe statistics. So, our collection involves two steps. In the �rst, we collect statistics on allword matches, and in the second, for each repair, we count only the matching that moststrongly signals the repair. Table 3.5 gives a partial list of how much each matching favors arepair broken down by category and number of intervening words. Entries that are markedwith \{" do not contain any datapoints and entries that are blank are below the baselinerate of 0.209, the rate at which a modi�cation repair is favored (or actually disfavored)when there is no matching at all. 34



Number of Intervening WordsCat 0 1 2 3 4 5DT 935.5 38.5 2.7 2.2 0.7 0.8IN { 171.7 59.6 22.9 10.4 6.3IS 490.0 55.8 5.9 3.2MD { 6706.5 199.8 37.1 12.4 2.4NN { 68.0 32.2 10.4 0.3 0.2NNP 144.3 9.2 6.2 6.7 3.3 2.8PREP 16433.6 2.8PRP 8242.3 15.2 2.9 1.2 0.5RB 25.2 19.4 6.9 6.4 3.9 3.6TO 5170.7 1.6 0.5 0.4VB 5170.6 216.3 71.5 31.2 18.1 7.0Table 3.5: Factor by which a repair is favoredThe problem with using word matching is that it depends on identifying the removedtext and its correspondences to the text that follows the interruption point. However, a goodestimate can be obtained by considering all word matchings with at most eight interveningwords. This is in fact what we did for obtaining the results reported in Table 3.6, which isdiscussed next.3.2.3.3 Results of Statistical ModelTable 3.6 summarizes the results of incorporating additional clues into the Markov model.The �rst column gives the results without any clues, the second with fragments, the thirdwith editing terms, the fourth with word matches, and the �fth, with all of these cluesincorporated. Of the 384 modi�cation repairs in the training corpus, the full model predicts305 of them versus 169 by the simple model. As for the false positives, the full modelincorrectly predicted 207 versus the simple model at 204. So, we see that by incorporatingadditional clues, the statistical model can better identify modi�cation repairs.Simple Frag- Edit WordModel ments Terms Match FullTraining:Recall 44.0% 50.0% 45.1% 76.5% 79.4%Precision 45.3% 47.8% 46.5% 54.9% 59.6%Testing:Recall 30.6% 43.9% 32.7% 74.5% 76.5%Precision 56.6% 62.3% 59.3% 58.4% 62.0%Table 3.6: Results of Markov Models35



3.2.4 Overall ResultsAs we mentioned in Section 3.2.2.4, the pattern builder on its own gives many false positives.These are due to word correspondences in 
uent speech being mis-interpreted as evidenceof a modi�cation repair, and due to word correspondences across an abridged repair causingthe abridged repair to be interpreted as a modi�cation repair. This results in a correctionrecall rate of 86% on the test corpus, but a precision rate of 43%. However, these rates canbe improved by coupling the pattern builder with the statistical model, which will eliminatemost of the false positives.Potential repairs found by the pattern builder are divided into two groups. The �rstincludes abridged repairs, and modi�cation repairs involving only word repetitions. Theseare classi�ed as repairs outright. The rest of the modi�cation repairs are judged by thestatistical model. Any potential repair that it rejects, but which contains a word fragmentor �lled pause is accepted as an abridged repair. Table 3.7 gives the results of the combinedapproach on the training and test sets. Training TestCorpus CorpusDetectionRecall 91% 83%Precision 96% 89%CorrectionRecall 88% 80%Precision 93% 86%Table 3.7: Overall ResultsComparing our results to others that have been reported in the literature must be donewith caution. Such a comparison is limited due to di�erences in both the type of repairsthat are being studied and in the datasets used for drawing results. Bear, Dowding, andShriberg (1992) use the ATIS corpus, which is a collection of queries made to an automatedairline reservation system. As stated earlier, they removed all utterances that containedabridged repairs. Using a technique based on simple pattern matching, they obtained adetection recall rate of 76% and a precision of 62%, and for correction, a recall rate of 43%and a precision of 50%. It is not clear whether their results would be better or worse ifabridged repairs were included. Dowding et al. (1993) used a similar setup for their data.They employed a \parser-�rst" strategy; if the utterance could not be syntactically andsemantically interpreted as is, they looked for the simple patterns of Bear, Dowding, andShriberg. As part of a complete system, they obtained a detection recall rate of 42% anda precision of 85%; and for correction, a recall rate of 30% and a precision of 62%. Lastly,Nakatani and Hirschberg (1993) also used the ATIS corpus, but focused only on detection.They used a classi�er that they trained on hand-coded acoustic and textual clues. Theirtest corpus consisted entirely of utterances that contained at least one repair. This makesit hard to evaluate their results, reporting a detection recall rate of 83% and precision of94%. Testing on an entire corpus would clearly decrease their precision. As for our own36



data, we used a corpus of natural dialogues that were segmented only by speaker turns, notby individual utterances, and we focused on modi�cation repairs and abridged repairs, withfresh starts being marked in the input so as not to cause interference in detecting the othertwo types.The performance of our algorithm for correction is signi�cantly better than other pre-viously reported work, with a recall rate of 80.2% and a precision rate of 86.4% on a fairtest. While Nakatani and Hirschberg report comparable detection rates, and Hindle reportsbetter correction rates, neither of these researchers attack the complete problem of bothdetection and correction. Both of them also depend on externally supplied annotations notautomatically derived from the input. As for the SRI work, their parser-�rst strategy andsimple repair patterns cause their rates to be much lower than ours. A lot of speech repairsdo not look ill-formed, such as \and a boxcar of { and a tanker of OJ", and \and bring{ and then bring that orange juice," and are mainly signaled by either lexical or acousticclues.3.2.5 Overlapping RepairsOne novel aspect of our algorithm is that it handles overlapping repairs. Two repairsoverlap if part of the text is used in both repairs. Such repairs occur fairly frequently in ourcorpus, and for the most part, our method of processing repairs, even overlapping ones, ina sequential fashion appears successful. Out of the 725 modi�cation and abridged repairsin the training corpus, 23% of them are overlapping repairs, and our algorithm is able todetect and correct 86.6% of them, which is just slightly less than the 88% correction recallrate for all modi�cation and abridged repairs in the training corpus.Consider the following example (d93-14.2 utt26), which contains four speech repairs,with the last one overlapping the �rst three.and pick up um the en- I guess the entire um p- pick up the load of oranges atCorningThe algorithm is fed one word at a time. When it encounters the �rst \um", the detectionrule for editing terms gets activated, and so a repair pattern is started, with \um" beinglabeled as an editing term. The algorithm then processes the word \the", for which it can�nd no suitable correspondences. Next is the fragment \en-". This causes the detectionrule for fragments to �re. Since this fragment comes after the editing term in the repairbeing built, adding it to the repair would violate Rule (2) and Rule (3). So, the algorithmmust �nish with the current repair, the one involving \um". Since this consists of just a�lled pause, it is judged as being an actual repair.Now that the algorithm is �nished with the repair involving \um", it can move on to thenext one, the one signaled by the fragment \en-". The next words that are encountered are\I guess", which get labeled as editing terms. The next token is the word \the", for whichthe algorithm �nds a word correspondence with the previous instance of \the". At thispoint, it realizes that the repair is complete (since there is a word correspondence and allwords between the �rst marked word and the last are accounted for) and so sends it o� to37



be judged by the statistical model. The model tags it as a repair. Deleting the removed textand the editing terms indicated by the labeling results in the following, with the algorithmcurrently processing \the".and pick up the entire um p- pick up the load of oranges at CorningContinuing on, the next potential repair is triggered by the presence of \um", whichis labeled as an editing term. The next token encountered, a fragment, also indicates apotential repair, but adding it to the labeling will violate Rule (2) and Rule (3). So, thepattern builder is forced to �nish up with the potential repair involving \um". Since thisconsists of just a �lled pause, it is accepted. This leaves us with the following text, withthe algorithm currently processing \p-", which it has marked as a fragment.and pick up the entire p- pick up the load of oranges at CorningThe next word it encounters is \pick". This word is too far from the preceding \pick" toallow this correspondence to be added. However, the detection clue mm{mm does �re,due to the matching of the pair of adjacent words \pick up". This clue is consistent with\p-" being marked as the word fragment of the repair, and so these correspondences areadded. The next token encountered is \the", and the correspondence for it is found. Then\load" is processed, but no correspondence is found for it, nor for the remaining words. So,the repair pattern that is built contains an unlabeled token, namely \entire". But due tothe presence of the word fragment, the interruption point can be determined. The repairpattern is sent o� to be judged, which tags it as a repair. This leaves the following text notlabeled as the removed text nor as the editing terms of a repair.and pick up the load of oranges at CorningDue to the sequential processing of the algorithm, as the above example demonstrates, andits ability to commit to a repair without seeing the entire utterance, overlapping repairs donot pose a major problem.Some overlapping repairs can cause problems however. Problems can occur when wordcorrespondences are attributed to the wrong repair. Consider the following example (d93-15.2 utt46).you have w- one you have two boxcarThis utterance contains two speech repairs, the �rst is the replacement of \w-" by \one",and the second the replacement of \you have one" by \you have two". Since no analysisof fragments is done, the correspondence between \w-" and \one" is not detected. So, ourgreedy algorithm decides that the repair after \w-" also contains the word matches for \you"and \have", and that the occurrence of \one" after the \w-" is an inserted word. Due to thepresence of the partial and the word matching, the statistical model accepts this proposal,which leads to the erroneous correction of \one you have two boxcars," which blocks thesubsequent repair from being found. 38



3.2.6 ConclusionThis section described a method of locally detecting and correcting abridged and modi�-cation speech repairs. Our work shows that a large percentage of speech repairs can beresolved prior to parsing. Our algorithm assumes that the speech recognizer produces asequence of words and identi�es the presence of word fragments. With the exception ofidentifying fresh starts, all other processing is automatic and does not require additionalhand-tailored transcription.There is an interesting question as to how good the performance can get before a parseris required in the process. Clearly, some examples require a parser. For instance, we can notaccount for the replacement of a noun phrase with a pronoun, as in \the engine can take asmany um { it can take up to three loaded boxcars" without using syntactic knowledge. Onthe other hand, we can expect to improve on our performance signi�cantly before requiringa parser. The scores on the training set, as indicated in Table 3.7, suggest that we do nothave enough training data yet. In addition, we do not yet use any prosodic cues.
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Chapter 4Future DirectionWe propose that the problems of detecting and correcting speech repairs, identifying ut-terance units, and identifying discourse markers can be solved using local context. Thiswould allow these problems to be resolved before syntactic and semantic processing. In thefollowing, we outline the work that needs to be completed.4.1 Segmenting a TurnOne of the problems that we need to tackle is how utterance units can be identi�ed in spokendialogue, where the utterance units are the contributions to a dialogue. We feel that thesecontributions correspond to intonational phrases. Our intuitions are in agreement withHalliday (1967), that speakers segment their speech into chunks, and that the phonologicalrealization of this is the intonational phrase. So, as a �rst step we need to give strongerevidence of this hypothesis; and second, we need to address how they can be detected.4.1.1 Evidence for the Intonational PhraseMuch work has been done on grounding. Clark and colleagues (Clark and Wilkes-Gibbs,1986; Clark and Schaefer, 1989; Clark and Brennan, 1990) have done an impressive job ingiving psychological support for the hypothesis that conversants collaborate in understand-ing. What hasn't been done is to identify the unit of grounding, which we claim is theintonational phrase. Due to implicit acceptance, it is not possible to give direct supportthat the intonational phrase is the unit of grounding. We can, however, ask subjects to la-bel possible acknowledgment points in a dialogue, and compare this to where transcribers,trained in prosody, marked intonational phrases.The subjects would be given instructions to mark places in a dialogue where they feela \uh-huh" could be uttered. In American English, the \uh-huh" is viewed as an acknowl-edgment of understanding, and so its placement would mark points in the dialogue that thesubjects felt grounding could take place.In a preliminary set of experiments, we had two subjects, untrained in prosody, mark adialogue with possible acknowledgments. We also had two transcribers, trained in prosody,41



mark intonational phrase boundaries. The results are preliminary, but there seems to besome de�nite correlation between these two measures. More work is needed to better de�nethe instructions, and for comparing the results from the two annotation methods.4.1.2 Detecting Intonational PhrasesIt is unlikely that intonational phrases can be detected using only prosodic information.\When we consider spontaneous speech (particularly conversation) any clear and obviousdivision into intonational-groups is not so apparent because of the broken nature of muchspontaneous speech, including as it does hesitation, repetitions, false starts, incompletesentences, and sentences involving a grammatical caesura in their middle" (Cruttenden,1986, pg. 36). Syntactic considerations will also play a part. Hence, it might be possibleto combine the various clues using a hidden Markov model, in much the same way that wedetect modi�cation repairs (Heeman and Allen, 1994b).At our disposal for detecting intonational phrases, we have the following resources. First,some of the Trains dialogues have been hand-annotated with prosodic features, includingintonational boundaries. This corpus can be used for training and test data. Second, wehave the HTK toolkit for signal analysis. These tools allow the user to construct and traincontinuous hidden Markov models. Third, there is the possibility of collaborative work withother researchers on extracting prosodic features. With these resources, and our previousexperience with using hidden Markov models for detecting syntactic anomalies, we shouldbe able to detect utterance endings by combining these clues.4.2 Speech RepairsAs discussed in the previous chapter, we have already investigated two types of speechrepairs, those being modi�cation repairs and abridged repairs. However, there is still moreto do with these two types, and, as well, fresh starts need to be accounted for. What ismissing from our previous work is a model of how the segmentation of a turn into utteranceunits and the identi�cation of discourse markers interacts with speech repairs.4.2.1 Modi�cation and Abridged RepairsOur completed work in this area (Heeman and Allen, 1994b; Heeman and Allen, 1994a) hasexamined how modi�cation and abridged repairs can be detected using only local context.The context that we used consisted of lexical clues, word correspondences, and syntacticwell-formedness. Good results have been achieved using just these factors. However, oneproblem for this model is how to account for turns like the following (d93-8.3 utt79).that's all you needyou only need one tankerHere, the local clues that we use force an interpretation in which \you only need" is hypoth-esized as replacing \you need". To avoid such problems we need to incorporate prosodic42



clues into our mode. Nakatani and Hirschberg (1993) have explored this area using hand-transcribed clues. The challenge will be to incorporate clues that can be automaticallydetected.We also need to model how modi�cation repairs interact with intonational phrases. Wefeel that modi�cation repairs can only be in a certain relationship to intonational phrases.Either the modi�cation repair is completely contained in an intonational phrase, or themoment of interruption is at an intonational boundary. Of course, this is not much helpin the above example, for the hypothesized interruption point would be at the intonationalphrase boundary.4.2.2 Fresh StartsFor fresh starts, the hearer is faced with the problem of determining the extent of theremoved text. In simple exchanges, the speaker undoubtedly cancels back to the beginningof her turn. However, in spoken dialogue, this is often not the case, and the hearer hasthe task of determining the extent, with relatively few lexical clues. One hypothesis is thatfor fresh starts, the speaker intends to cancel back to the beginning of the intonationalphrase. If this is true, then this would give evidence that intonational phrases play a specialrole in understanding. Furthermore, one could hypothesize that in order to play this role,intonational phrases must be the grounding unit, and so fresh starts simply cancel thecurrent unit.If speech repairs are local to intonational phrases, and so the grounding unit, then thiswould simplify models of incremental processing, for speech repairs would not enter into thepicture, since they would be locally resolved. In fact, our work on detecting and correctingmodi�cation and abridged repairs (Heeman and Allen, 1994b; Heeman and Allen, 1994a)shows that most of these can be resolved using only using local context and prior to high-level syntactic and semantic analysis.4.3 Discourse MarkersIn our work on detecting and correcting modi�cation and abridged repairs, we use a sim-plistic model of determining if a given phrase is an editing term. Due to the frequency ofphrases like \okay" and \yeah" to mark acknowledgments, we do not allow them as editingterms, which leads to some speech repairs going undetected.So, we need to better model discourse markers. A prime indicator will be intonationalboundaries. Litman and Hirschberg (1990) show that discourse markers are intonationallydistinct from sentential uses. In another part of their study, they showed that they couldalso be detected using a part-of-speech tagger, although not as reliably as with intonationalclues. We feel that by incorporating a part-of-speech tagger, with intonational clues andwith a model of utterance units, we should be able to reliably detect them in spoken dialogue.43
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