Robust Understanding in aDialogue SystemJames F. Allen, Bradford W. Miller,Eric K. Ringger, Teresa SikorskiDept. of Computer ScienceUniversity of RochesterRochester, NY 14627{james, miller, ringger,sikorski}@cs.rochester.eduhttp://www.cs.rochester.edu/research/trainsAbstractThis paper describes a system that leads us to believe inthe feasibility of constructing natural spoken dialoguesystems in task-oriented domains. It specifically addressesthe issue of robust interpretation of speech in the presenceof recognition errors. Robustness is achieved by acombination of statistical error post-correction,syntactically- and semantically-driven robust parsing, andextensive use of the dialogue context. We present anevaluation of the system using time-to-completion and thequality of the final solution that suggests that most nativespeakers of English can use the system successfully withvirtually no training.1. IntroductionWhile there has been much research on dialogue, therehave been very few actual dialogue systems because of thedifficulties in constructing robust systems. Given wellover twenty years of research in this area, if can�t constructa robust system even in a trivially simple domain thenthat bodes ill for progress in the field. Without workingsystems, we are very limited in how we can evaluate theworth of various theories and models.The prime goal of the work reported here was todemonstrate that it is feasible to construct robust spokennatural dialogue systems. Thus we were not seeking todevelop new theories of dialogue, but rather to developtechniques to enable existing theories to be applied inpractice. We chose a domain and task that was as simpleas possible yet couldn�t be solved without thecollaboration of the human and system. In addition, therewere three fundamental requirements on the system:¥it must run in near real-time;¥the user should need minimal training and not beconstrained in what can be said; and¥the dialogue should result in something that can beindependently evaluated.At the start of this experiment in November 1994, we hadno idea whether it was possible. While researchers werereporting good accuracy (95%) for speech systems insimple question-answering tasks, our domain wasconsiderably different with a much more spontaneous formof interaction.We also knew that it would not be possible to directly usegeneral models of plan recognition to aid in speech actinterpretation (as in Allen & Perrault, 1980, Litman &Allen 1987, Carberry 1990), as these models would not beanywhere close to real time. Similarly, it would not befeasible to use general planning models for the systemback end and for planning its responses. We could not, onthe other hand, completely abandon the ideas underlyingthe plan-based approach, as we knew of no other theorythat could provide an account for the interactions. Ourapproach was to try to retain the overall structure of plan-based systems, but to use domain-specific reasoningtechniques to provide real-time performance.Dialogue systems are notoriously hard to evaluate as thereis no well-defined �correct answer�. So we cannot giveaccuracy measures as is typically done to measure theperformance of speech recognition systems and parsingsystems. This is especially true when evaluating dialoguerobustness, which results from many different sourcesincluding attempts to correct speech recognition errorsmade, to use semantic knowledge to interpret fragments,and to use dialogue strategies that kept the dialogueflowing efficiently despite recognition and interpretationerrors.The approach we take is to use task-based evaluation. Wemeasure how well the system does at helping the usersolve the problem. The two most telling measures aretime-to-completion and the quality of the final solution. Inthe evaluation described later in this paper, we show thatall our subjects we able to use TRAINS-95 to solveproblems with only minimal training. We also evaluatedthe overall effectiveness of our robust processingtechniques by comparing spoken dialogues with keyboarddialogues by the same subjects. Even with a 30% worderror rate, speech turned out to be considerably moreefficient than keyboard.2. The Task and Example SessionThe domain in TRAINS-95 is simple route planning. Theuser is given a map on a screen showing cities,connections and the locations of a set of trains (see Figure1), and a verbal specification of a set of destination citieswhere trains are needed. The task is to find the mostefficient set of routes possible. The route planner used bythe system is deliberately weak so that interaction isneeded to find good plans. Specifically, the planner cannotfind routes longer than four hops without an intermediatecity, and when it can generate a route, it randomly selectsamong the possibilities.1appeared in: Proc. 34th Meeting of the Association for Computational Linguistics, June 1996.

Typically, the examples in papers on dialogue systems arecarefully hand-constructed and designed to show offspecific system capabilities. Such examples, however,give little feeling for how robust the system is. Muchmore revealing is how the system responds to unplannedinteractions with naive users, and how it deals with theinteraction when things start to go wrong. As a result, wewon�t present any examples here in which everything wentsmoothly. Rather, we present dialogues that stress thesystems capabilities, better illuminating what works andwhat areas require further improvement.The dialogue below was with a non-computer person whohas used the system a few times before. In the transcripts,we show the input as it was produced by the speechrecognizer in ALL CAPS followed by what was actually said.If the recognition was perfect we just show the speechrecognition output. The dialogue contains a significantnumber of errors and has a 30% word error rate. Thesystem display is also shown at key points1. In thisproblem, the engines start at Detroit, Montreal and Albanyand the goal is to get trains to Milwaukee, Lexington andWashington.S:Ok. I think I�m ready to start.U:OKAY LET’S SEE CONTAIN FROM DETROIT TO WASHINGTONOkay. Let�s take a train from Detroit to Washington.S:What route would you like to get from Detroit toWashington?U:LET�S GO VIA TOLEDO AND PITTSBURGHS:(displays Figure 2) The terminal at city Scranton isdelaying traffic due to localized heavy winds. Theterminal at city Baltimore is delaying traffic due tolocalized heavy winds. An additional five hours will beneeded to travel through them due to decreasedvisibility.U:NOW LET’S TAKE THE TRAIN FROM DETROIT TO WASHINGTOND S_X ANYNo. Let�s take the train from Detroit to Washington viaCincinnatiS:(displays Figure 3) Okay.U:OKAY IT THAT�S OKAY NOWOkay that that�s okay nowS:Pardon Me?U:UP OKAY NOW LET�S TAKE THE TRAIN FROM MONTREAL TOLEXINGTONOkay. Now let�s take the train from Montreal toLexington.S:I need help choosing a route from Montreal toLexington.U:LET’S GO P_M TO TRYLet�s go via DetroitS:(displays a route to Detroit but not on to Lexington) Isthis OK?U:YES NOW LET�S GO TO LEXINGTONS:Yep.U:OKAY NOW ADD STATE THE LAST TRAIN AND GO FROM

1 We apologize for the figures. The actual system uses color displays. The best way to present examples is by video. A quicktime movie can be found as TRAINS95-v1.3-Pia.qt.gz at http://www.cs.rochester.edu/research/trains/clips.2

Albany

Atlanta

Baltimore

Buffalo

Burlington

Boston

Charleston

Charlotte

Chicago

Cincinnati

Cleveland

Columbus

Detroit

Indianapolis

Lexington

Milwaukee

Montreal

New York

Philadelphia

Pittsburgh

Raleigh

Richmond

Scranton

Syracuse

Toledo

Toronto

Washington

Figure 1: The initial scenario

Albany

Atlanta

Baltimore

Buffalo

Burlington

Boston

Charleston

Charlotte

Chicago

Cincinnati

Cleveland

Columbus

Detroit

Indianapolis

Lexington

Milwaukee

Montreal

New York

Philadelphia

Pittsburgh

Raleigh

Richmond

Scranton

Syracuse

Toledo

Toronto

Washington

Figure 2: The proposed route

Albany

Atlanta

Baltimore

Buffalo

Burlington

Boston

Charleston

Charlotte

Chicago

Cincinnati

Cleveland

Columbus

Detroit

Indianapolis

Lexington

Milwaukee

Montreal

New York

Philadelphia

Pittsburgh

Raleigh

Richmond

Scranton

Syracuse

Toledo

Toronto

Washington

Figure 3: The corrected route

ALBANY TO O_O’SOkay Now let�s take the last train and go from Albanyto Milwaukee.S:No. What city are you trying to have the engine atMontreal arrive at, if I caught your drift. I don�tunderstand where we are sending the engine atAlbany to.U:ME A JET ADD ALBANY NEEDS TO GO TO MILWAUKEEThe engine at Albany needs to go to Milwaukee.S:Tell me a route to use to get from Albany to Milwaukee,please.U:I’D GO VIA BUFFALOS:(displays a route through Toronto and Buffalo) Yes.U: GO B_X SYRACUSE AT BUFFALOGo via Syracuse and Buffalo.S: (displays Figure 4) yeah.U: THAT’S COULD I CANThat�s great. I�m doneS: Hey, its the programming.U: I_NEED DONEI�m done3. The SystemThe TRAINS-95 system is organized as shown in Figure5. At the top are the I/O facilities. The speech recognitionsystem is the SPHINX-II system from CMU. The speechsynthesizer is a commercial product: the TRUETALKsystem from Entropics. The rest of the system was builtat Rochester. The display supports a communicationlanguage that allows other modules to control the contentsof the display. It also handles keyboard input. The speechrecognition output is passed through the post-processordescribed in section 4. The parser, described in section 5,accepts input either from the post-processor (for speech) orthe display manager (for keyboard), and produces a set ofspeech act interpretations that are passed to the discoursemanager, described in section 6. The discourse managerbreaks into a range of subcomponents handling reference,speech act interpretation and planning (the verbalreasoner), and the back-end of the system: the problemsolver and domain reasoner. When a speech act is plannedfor output, it is passed to the generator, which constructs asentence and passes this to both the speech synthesizer andthe display.The generator is a simple template-based system. It usestemplates associated with different speech act forms thatare instantiated with descriptions of the particular objectsinvolved. The form of these descriptions is definedindividually for each class of objects in the domain.In order to stress the system in our robustness evaluation,we used the ATIS language model provided from CMUrather than a model based on TRAINS data. This systemyields an overall word error rate of 30%, as opposed to a20% error rate that we can currently obtain by usinglanguage models trained on our TRAINS corpus. Whilethis accuracy rate is significantly lower than often reportedin the literature, remember that most speech recognitionresults are reported for read speech, or for non natural-dialogue applications such as ATIS. Natural dialoguesystems encourage a more spontaneous form of speechthat is much more difficult to recognize.4. Statistical Error CorrectionThe following are examples of speech recognition (SR)errors that occurred in the sample dialogue. In each, thewords tagged REF indicate what was actually said, whilethose tagged with HYP indicate what the speechrecognition system proposed, and HYP’ indicates theoutput of SPEECHPP, our post-processor. While thecorrected transcriptions are not perfect, they are typically abetter approximation of the actual utterance. As the firstexample shows, some recognition errors are simple word-3Speech RecognitionSphinx-IIDisplaySpeechGenerationPostProcessorChartParserDisplayManagerGeneratorDiscourseManagerVerbalReasonerProblemSolverDomainReasonerReference

Figure 5 : The TRAINS-95 System Architecture

Albany

Atlanta

Baltimore

Buffalo

Burlington

Boston

Charleston

Charlotte

Chicago

Cincinnati

Cleveland

Columbus

Detroit

Indianapolis

Lexington

Milwaukee

Montreal

New York

Philadelphia

Pittsburgh

Raleigh

Richmond

Scranton

Syracuse

Toledo

Toronto

Washington

Figure 4: The final routes for-word confusions:HYP: GO B_X SYRACUSE AT BUFFALOHYP’: GO VIA SYRACUSE VIA BUFFALOREF: GO VIA SYRACUSE AND BUFFALOIn the next example, a single word was replaced by morethan one smaller word:HYP: LET’S GO P_M TO TRYHYP’: LET’S GO P_M TO DETROITREF: LET’S GO VIA DETROITThe post-processor yields fewer errors by effectivelyrefining and tuning the vocabulary used by the speechrecognizer. To achieve this, we adapted some techniquesfrom statistical machine translation (such as Brown et al.,1990) in order to model the errors that Sphinx-II makes inour domain. Briefly, the model consists of two parts: achannel model, which accounts for errors made by the SR,and the language model, which accounts for the likelihoodof a sequence of words being uttered in the first place.More precisely, given an observed word sequence O fromthe speech recognizer, SPEECHPP finds the most likelyoriginal word sequence S by finding the word sequence Sthat maximizes the expression Prob(O|S) * Prob(S), where¥Prob(S) is the probability that the user would uttersequence S, and¥Prob(O|S) is the probability that the SR produces thesequence O when S was actually spoken.For efficiency, it is necessary to estimate thesedistributions with relatively simple models by makingindependence assumptions. For Prob(S), we train a word-bigram "back-off" language model (Katz, 87) from hand-transcribed dialogues previously collected with theTRAINS-95 system. For P(O|S), we build a channelmodel that assumes independent word-for-wordsubstitutions; i.e.,Prob(O | S) = Pi Prob(oi | si)The channel model is trained by automatically aligning thehand transcriptions with the output of Sphinx-II on theutterances in the (SPEECHPP) training set and bytabulating the confusions that occurred.We use a Viterbi beam-search to find the S that maximizesthe expression. This search is the heart of our post-processing technique but is widely known so is notdescribed here (see Forney (1973) and Lowerre (1986)).Having a relatively small number of TRAINS-95dialogues for training, we wanted to investigate how wellthe data could be employed in models for both the SR andthe SPEECHPP. We ran several experiments to weighour options. For a baseline, we built a class-based back-off language model for Sphinx-II using only transcriptionsof ATIS spoken utterances. Using this model, theperformance of Sphinx-II alone was 58.7%. Note that thisfigure is lower than our previously mentioned average of70%, since we were unable to exactly replicate the ATISmodel from CMU.First, we used varying amounts of training dataexclusively for building models for the SPEECHPP; thisscenario would be most relevant if the speech recognizerwere a black-box and we did not know how to train itsmodel(s). Second, we used varying amounts of thetraining data exclusively for augmenting the ATIS data tobuild a language model for Sphinx-II. Third, we combinedthe methods, using the training data both to extend thelanguage model in Sphinx-II and to then train SPEECHPPon the newly trained system.The results of the first experiment are shown by thebottom curve of Figure 8, which indicates the performanceof the SPEECHPP over the baseline Sphinx-II. The firstpoint comes from using approx. 25% of the availabletraining data in the SPEECHPP models. The second andthird points come from using approx. 50% and 75%,respectively, of the available training data. The curveclearly indicates that the SPEECHPP does a reasonablejob of boosting our word recognition rates over baselineSphinx-II. We did not use all of our available data, sincethe remainder was used to determine the test results viarepeated leave-one-out cross-validation.Similarly, the results of the second experiment are shownby the middle curve. The points reflect the performance ofSphinx-II (without SPEECHPP) when using 25%, 50%,and 75% of the available training data in its LM. Theseresults indicate that equivalent amounts of training datacan be used with greater impact in the language model ofthe SR than in the post-processor.Finally, the outcome of the third experiment is reflected inthe uppermost curve. Each point indicates the4

55

60

65

70

75

80

0 5000 10000 15000 20000 25000

% Word Accuracy

# Trains-95 Words in Training Set

Performance of Sphinx-II with Speech-PP

Performance of Sphinx-II

Performance of Speech-PP

Figure 6: Post-processing Evaluation

performance of the SPEECHPP using a set of modelstrained on the behavior of Sphinx-II for the correspondingpoint from the second experiment. The results from thisexperiment indicate that even if the language model of theSR can be modified, then the post-processor trained on thesame new data can still significantly improve word tunable or not, the post-processor is in neither case the channel model by relaxing the constraint thatreplacement errors be aligned on a word-by-word basis.We employ a fertility model (Brown et al, 1990) thatindicates how likely each word is to map to multiplewords or to a partial word in the SR output. For more

5. Robust ParsingGiven that errors are inevitable, robust parsing techniquesare essential. We use a pure bottom-up parser (using thesystem described in (Allen, 1995)) in order to identify thepossible constituents at any point in the utterance basedon syntactic and semantic restrictions. Every constituentin each grammar rule specifies both a syntactic categoryand a semantic category, plus other features to encode co-occurance restrictions as found in many grammars. Thesemantic features encode selectional restrictions. most ofwhich are domain-independent. For example, there is nogeneral rule for PP attachment in the grammar. Rather

, locational modification (e.g., in Chicago and so on.The end result of parsing is a sequence of speech actsrather than a syntactic sentence. Viewing the output as asequence of speech acts has significant impact on the formand style of the grammar. It forces an emphasis on conventional speech acts (e.g., That�s good is aCONFIRM, Okay is an CONFIRM/ACKNOWLEDGE,Let�s go to Chicago is a SUGGEST, and so on).

classifying such utterances as sentences would miss thepoint.Thus the parser computes a set of plausible speechact interpretation based on the surface form, similar to the

We use a hierarchy of speech acts that encode differentlevels of vagueness, including a TELL act that indicatescontent without an identified illocutionary force. Thisallows us to always have an illocutionary force identified,

The final interpretation of an utterance is the sequence ofspeech acts that provides the �minimal covering� of theinput - i.e., the shortest sequence that accounts for theinput. If an utterance was completely uninterpretable, theparser would still produce an output - namely, a TELL act

For example, consider an utterance from dialogue 2 that

Okay now I take the last train in go fromAlbany to is. The best sequence of speech acts to coverthis input consists of three acts:

a CONFIRM ( a TELL, with content to take the last train (Now I a REQUEST to go from Albany (go from Albany)Note that the to is at the end of the utterance is simplyignored as it is uninterpretable. While not present in theoutput, the presence of unaccounted words will lower theparser�s confidence score that it assigns to the now let�s take the last trainand go from Albany to Milwaukee. Note that while theparser is not able to reconstruct the complete intentions ofthe user, it has extracted enough to continue the dialoguein a reasonable fashion by invoking a clarificationsubdialogue. Specifically, it has correctly recognized theconfirmation of the previous exchange (act 1), andrecognized a request to move a train from Albany (act 3).Act 2 is an incorrect analysis, and results in the systemgenerating a clarification question that the user ends upignoring. Thus, as far as furthering the dialogue, the

6. Robust Speech Act ProcessingThe dialogue manager is responsible for interpreting thespeech acts in context, formulating responses, andmaintaining the system�s idea of the state of the discourse.It maintains a discourse state that consists of a goal stackwith similarities to the plan stack of Litman & Allen(1987) and the attentional state of Grosz & Sidner (1986).

the domain or discourse goal motivating the segment the object focus and history list for the segment information on status of problem solving activity(e.g., has the goal been achieved yet or not).A fundamental principle in the design of TRAINS-95 wasa decision that, when faced with ambiguity it is better tochoose a specific interpretation and run the risk of makinga mistake as opposed to generating a clarificationsubdialogue. Of course, the success of this strategydepends on the system�s ability to recognize and interpretsubsequent corrections if they arise. Significant effort wasmade in the system to detect and handle a wide range ofcorrections, both in the grammar, the discourse processingand the domain reasoning. In later systems, we plan to specifically evaluate whether this decision was the correct

The discourse processing is divided into referenceresolution, verbal reasoning, problem solving and domain

Reference resolution, other than having the obvious job ofmatching noun phrases mentioned by the user to objectsthe system knows about, also may reinterpret the parser�sassignment of illocutionary force if it has additionalinformation to draw upon. One way we attain robustnessis by having overlapping realms of responsibility: onemodule may be able to do a better job resolving a problembecause it has an alternative view of it. On the other hand,it�s important to recognize another module�s expertise aswell. It could be disastrous to combine two speech actsthat arise from I really <garbled> think that�s good.

instance, since the garbled part may include

Since the other, it�s important to keep in mind that speech actsthat have no firm illocutionary force due to grammaticalproblems, may have little to do with what the speaker that match patterns in the input speech acts and thediscourse state. These rules allow robust processing in theface of partial or ill-formed input as they match at varyinglevels of specificity, including rules that interpretfragments that have no identified illocutionary force. Forinstance, one rule would allow a fragment such as to Avonto be interpreted as a suggestion to extend a route, or anidentification of a new goal. The prioritized rules are usedin turn until an acceptable result is obtained.The problem solver handles all speech acts that appear to

It is also based on a set of prioritized rules, this timedealing with plan corrections and extensions. These rulesmatch against the speech act, the problem solving state,and the current state of the domain. If fragmentaryinformation is supplied, the problem solver attempts toincorporate the fragment into what it knows about thecurrent state of the plan.As example of the discourse processing, consider how thesystem handles the user�s first utterance in the dialogue,Okay let�s send contain from Detroit to Washington.

a TELL involving mostly uninterpretable words a TELL act that mentions a route (from Detroit to

The discourse manager sets up its initial conversation stateand passes the act to reference for identification ofparticular objects, and then hands the acts to the verbalreasoner. Because there is nothing on the discourse stack,the initial confirm has no effect. (Had there beensomething on the stack, e.g. a question of a plan, theinitial confirm might have been taken as an answer to thequestion, or a confirm of the plan, respectively). Thefollowing empty tell is uninterpretable and hence ignored.While it is possible to claim the �send� could be used toindicate the illocutionary force of the following fragment, the parser separated out the speech act indicates there mayhave been other fragments lost. The last speech act couldbe a suggestion of a new goal to move from Detroit toWashington. After checking that there is an engine atDetroit, this interpretation is accepted. The planner isunable to generate a path between these points (since it isgreater than four hops). It returns two items:

an identification of the speech act as a suggestion of agoal to take a train from Detroit to Washington a signal that it couldn�t find a path to satisfy the goalThe discourse context is updated and the verbal reasonergenerates a response to clarify the route desired, which isrealized in the system�s response What route would youlike to get from Detroit to Washington?

AS another example of robust processing, consider aninteraction later in the dialogue in which the user�sresponse is misheard as

Now let�s take the trainfrom Detroit to Washington do S_X Albany (instead ofNo let�s take the train from Detroit to Washington via

Since no explicit rejection is identifiedbecause of the recognition error, this utterance looks like aconfirm and continuation on with the plan. Thus theverbal reasoner calls the problem solver to extend the pathwith the currently focused engine (engine1) from Detroitto Washington.The problem solver realizes that engine1 isn�t currently inDetroit, so this can�t be a route extension. In addition,there is no other engine at Detroit, so this is not plausibleas a focus shift to a different engine. Since engine1originated in Detroit, it then decides to reinterpret theutterance as a correction. Since the utterance adds no newconstraints, but there are the cities that were justmentioned as having delays, it presumes the user isattempting to avoid them, and invokes the domainreasoner to plan a new route avoiding the congested cities.

While the response does not address the user�s intention togo through Cincinnati due to the speech recognitionerrors, it is a reasonable response to the problem the useris trying to solve. In fact, the user decides to accept theproposed route and forget about going through Cincinnati.

In other cases, the user might persevere and continue withanother correction such as No, through Cincinnati

Robustness arises in the example because the system usesits knowledge of the domain to produce a reasonableresponse. The primary goal of the discourse system tocontribute to the overall goal of helping the user solve aproblem with a minimum number of interactions, is bestserved by the �strong commitment� model; typically it�seasier to correct a poor plan, than having to keep trying toexplain a perfect one, particularly in the face ofrecognition problems. For further detail on the problemsolver, see Ferguson et al (1996).7. Evaluating the System issue of how well the system works overall. To explorehow well the system robustly handles spoken dialogue, wedesigned an experiment to contrast speech input withkeyboard input. The experiment evaluated the effect ofinput medium on the ability to perform the task and was evaluated in terms of two metrics: the amount of timetaken to arrive at a solution and the quality of thesolution. Solution quality for our domain is determined by

Sixteen subjects for the experiment were recruited fromundergraduate computer science courses. None of thesubjects had ever used the system before. The procedurewas as follows:

The subject viewed an online tutorial lasting 2.4

The subject was then allowed a few minutes to

All subjects were given identical sets of 5 tasks toperform, in the same order. Half of the subjects wereasked to use speech first, keyboard second, speechthird and keyboard fourth. The other half usedkeyboard first and then alternated. All subjects weregiven a choice of whether to use speech or keyboardinput to accomplish the final task.

After performing the final task, the subject completed

An analysis of the experiment results shows that the plansgenerated when speech input was used are of similarquality to those generated when keyboard input was used.However, the time needed to develop plans was

Overall, problems were solved using speech in 68% of thetime needed to solve them using the keyboard. Figure 7shows the task completion time results and Figure 8 givesthe solution quality results, each broken out by task.Of the 16 subjects, 12 selected speech as the input modefor the final task and 4 selected keyboard input. Three ofthe four selecting keyboard input had actually experiencedbetter or similar performance using keyboard input duringthe first four tasks. The fourth subject indicated on hisquestionnaire that he believed he could solve the problemmore quickly using the keyboard; however, that subjecthad solved the two tasks using speech input 19% fasterthan the two tasks he solved using keyboard input.Of the 80 tasks attempted, there were 7 in which the statedgoals were not met. In each unsuccessful attempt, thesubject was using speech input. There was no particulartask that was troublesome and no particular subject thathad difficulty. Seven different subjects had a task wherethe goals were not met, and each of the five tasks was left

A review of the transcripts for the unsuccessful attemptsrevealed that in three cases, the subject misinterpreted thesystem’s actions, and ended the dialogue believing thegoals were met. Each of the other four unsuccessfulattempts resulted from a common sequence of events.After the system proposed an inefficient route, wordrecognition errors caused the system to misinterpretrejection of the proposed route as acceptance. Thesubsequent subdialogues intended to improve the route

T 1T 2T 3T 4Avg 1-4

T 5T 1T 2T 3T 4Avg 1-4

T 5Figure 7: Time to Completion by TaskFigure 8 : Length of Solution by Task were interpreted to be extensions to the route, causing the

8. DiscussionThere are few systems that even attempt to provide robust,real-time performance in natural dialogue. The Pegasussystem (Seneff et al, 1995) supports spoken dialogue, butwith little mixed initiative or support of clarification andcorrection. The Duke system (Smith and Hipp, 1994)supports only a very limited vocabulary and grammar and

Out approach here is clearly bottom-up rather than top-down. We have attempted to build a fully functionalsystem in the simplest domain possible, and now plan toincrease the complexity of the domain and focus on theproblems that most significantly degrade overallperformance. This leaves us open to the criticism that weare not using the most sophisticated models available. Inan extreme case, consider our generation strategy.Template-based generation is not new and is clearlyinadequate for more complex generation tasks. In fact,when starting the project we thought generation would bea major problem. However, the problems we expectedhave not arisen. While we could clearly improve theoutput of the system even in this small domain, thecurrent generator does not appear to drag the system�sperformance down. We approached other problemssimilarly. We tried the simplest approaches first and thenonly generalized those algorithms whose inadequacies

Likewise, we view the evaluation as only a verypreliminary first step. While our evaluation might looklike we�re addressing an HCI issues of whether speech or not our goal. Rather, we used the modality switch as away of manipulating the error rate and the degree ofspontaneous speech. While keyboard performance is notperfect because of typos (we had a 5% word error rate onkeyboard), it is considerably less error prone than speech.All we conclude from this experiment is that our robust viable interface in such tasks even with high word errorrates. In fact, it appears to be more efficient than thekeyboard equivalent. Furthermore, subjects preferred thespeech interface when given the choice (cf. Rudnicky,

Despite the limitations of the current evaluation, we areencouraged by this first step. It seems obvious us thatprogress in dialogue systems is intimately tied to findingsuitable evaluation measures. And task-based evaluationseems one of the most promising candidates since itmeasures the impact of a proposed technique on theeffectiveness of the interaction rather than an abstractaccuracy figure that may only have little effect on the

Another area where we are open to criticism is that weused algorithms specific to the domain in order to produceeffective intention recognition, disambiguation, anddomain planning. Thus, the success of the system may bea result of the domain and say little about the plan-basedapproach to dialogue. To be honest, with the currentsystem, it is hard to defend ourselves against this. This isis a first step in what we see as a long ongoing process.To look at it another way: if couldn�t successfully build asystem by employing whatever we could, then there is

One of the key research issues for TRAINS-96 is todevelop a domain-independent plan reasoning �shell� thatmanages the plan recognition, evaluation and constructionaround which the dialogue system is structured. This shellis then instantiated by domain specific reasoningalgorithms to perform the actual searches, constraintchecking and intention recognition. The structure of themodel remains constant across domains, but the actualdetails of constructing plans will always be domain

While there are clearly many places in which our system dialogue systems. More importantly, it will allow us to much more systematic way, supported by empirical

This work was supported in part by ONR/ARPA grantsN0004-92-J-1512 and N00014-95-1-1088, and NSF grantIRI-9503312. And many thanks to Alex Rudnicky, RonaldRosenfeld and Sunil Issar at CMU for their help with theSphinx-II system. Finally, this work would not have beenpossible without the efforts of George Ferguson on theTRAINS system infrastructure and model of problem

James F. Allen. 1995.

Second Edition, Benjamin-Cummings, Redwood City,

James F. Allen, George Ferguson, Brad Miller, and EricRingger. 1995. Spoken dialogue and interactiveplanning. In

. of the ARPA SLST Workshop,Morgan Kaufmann, San Mateo, California.James F. Allen and C. Raymond Perrault. 1980.Analyzing intention in utterances, Artificial Intelligence

Peter F. Brown, John Cocke, Stephen A. Della Pietra,Vincent J. Della Pietra, Frederick Jelinek, John D.

Lafferty, Robert L. Mercer and Paul S. Roossin. 1990.A Statistical Approach to Machine Translation.

omputational Linguistics 16(2):79--85.Sandra Carberry. 1990. Plan Recognition in NaturalLanguage Dialogue, MIT Press, Cambridge,

Cohen, P.R. and Perrault, C.R. 1979. Elements of a plan-based theory of speech acts, Cognitive Science 3:177-

George M. Ferguson, James F. Allen and Brad W. Miller,

Assistant, to appear in Proc. Third Conference onArtificial Intelligent Planning Systems (AIPS-96)

G. E. Forney, Jr. 1973. The Viterbi Algorithm. Proc. of

Barbara Grosz and Candace Sidner. 1986. Attention,intention and the structure of discourse.

12(3).Elizabeth Hinkelman and James F. Allen, TwoConstraints on Speech Act Ambiguity, Proc. ACL,

X. D. Huang, F. Alleva, H. W. Hon, M. Y. Hwang, K.F. Lee, and R. Rosenfeld. 1993. The Sphinx-II SpeechRecognition System: An Overview. Computer, Speech

Slava M. Katz 1987. "Estimation of Probabilities fromSparse Data for the Language Model Component of aSpeech Recognizer." In IEEE Transactions onAcoustics, Speech, and Signal Processing. IEEE. pp.

Diane Litman and James F. Allen. A plan recognitionmodel for subdialogues in conversation.

Bruce Lowerre and Raj Reddy. 1986. The Harpy SpeechUnderstanding System In Trends in Speech RecognitionSpeech Science Publications, Apple Valley, Minnesota.Reprinted in Waibel, 1990: 576-586.Eric K. Ringger and James F. Allen. 1996. ErrorCorrection via a Post-Processor for Continuous SpeechRecognition. To appear in

. of the IEEEInternational Conference on Acoustics, Speech, andSignal Processing. IEEE.Stefanie Seneff, Victor Zue, Joseph Polifroni, ChristinePao, Lee Hethington, David Goddeau, and James Glass.1995. The Preliminary Development of a DisplaylessPEGASUS System. Proc. of the Spoken LanguageSystems Technology workshop, Jan. 1995. MorganKaufmann, San Mateo, California.Ronnie Smith and Richard D. Hipp, 1994.

Natural Language Dialog Systems: A Practical

Alex Waibel and Kai-Fu Lee, editors. 1990. Readings inSpeech Recognition. Morgan Kaufmann, San Mateo,

Appendix 1Here is a complete transcript of post-correction repairs for

REF: NO LET’S TAKE THE TRAIN FROM DETROIT TO WASHINGTON VIA

S_X ANYHYP’: NOW LET’S TAKE THE TRAIN FROM DETROIT TO WASHINGTONDO S_X ALBANY)

REF: OKAY NOW LET’S TAKE THE TRAIN FROM MONTREAL TO

HYP: UP OKAY NOW LET’S TAKE THE TRAIN FROM MONTREAL TO

HYP’: UP OKAY NOW LET’S TAKE THE TRAIN FROM MONTREAL TO

HYP: LET’S GO P_M TO TRY

REF: OKAY NOW LET’S TAKE THE LAST TRAIN AND GO FROM ALBANY

HYP: OKAY NOW ADD STATE THE LAST TRAIN AND GO FROMALBANY TO O_O’S

REF: UH GO VIA BUFFALOHYP: I’D GO VIA BUFFALOHYP’: UH GO VIA BUFFALOREF: GO VIA SYRACUSE AND BUFFALOHYP: GO B_X SYRACUSE AT BUFFALOHYP’: GO VIA SYRACUSE VIA BUFFALO

HYP: THAT’S COULD I CAN

Appendix B: A Keyboard DialogueU: Let’s take the train in Charlotte to LexingtonS:

U:S:U:Let’s move from Toronto to Washington

What route would you like to get from Toronto to through Montreal.

Is this ok?

S:from Montreal, let’s take the train south through

S:S: Is this ok?

Yes, now let’s move the train in Boston to

S: OK

S: City New York is congested due to unusually heavy

S: An additional 5 hours will be needed to travel through

S: OKU: How about going through Albany.S: YepU: I’m sorry, can we move the train in Boston to

S: It would take a far more powerful and expensivecomputer than me to figure the answer to that one

I’m sorry, can we move the train from Boston to

But, Your routes cross at City Baltimore.

Trains will take an additional 5 hours to move

U:Let’s move from Boston to Philadelphia