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Abstract
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1 Intro duction

On the International SpaceStation (ISS), astronauts executethousands of complex proceduresto
maintain life support systems, ched&k out spacesuits, conduct scienceexperiments and perform
medical exams,amongtheir many tasks. Today, when carrying out these procedures,an astronaut
usually readsfrom a PDF viewer on a laptop computer, which requiresthem to shift attention from
the task to scroll pages.

This report describes Clarissa, an experimental voice-enabledprocedure reader developed at
NASA Amesduring athree year project starting in early 2002,which enablesastronautsto navigate
complex proceduresusing only spoken input and output (there is also a corventional GUI-style
display, for situations where it is feasible for the astronaut to watch the screen). We hope that
this will o er signi cant advantagesfor carrying out hands-and eyes-busytasks in the challenging
ervironment of microgravity. Clarissa has a vocabulary of about 260 words and supports about
75 di erent commands,including reading steps, scrolling forwards or badkwards in the procedure,
moving to an arbitrary new step, reviewing non-current steps, adding or removing voice notes,
displaying pictures and setting alarms or timers. The software wasinstalled on the ISSin January
2005. To the best of our knowledge, Clarissais the rst spoken dialogue systemin space.

The overall architecture is described in Section 2; rst, howewver, we presert a sample session,
chosento illustrate the key designissues.The systemruns on a standard A31p IBM laptop under
Windows 200¢t. The astronaut user puts on a headsetincluding a noise-cancellingmicrophone,
and starts Clarissaby clicking on anicon. After the systemhascomeup, all userinput is in spoken
form; the system responds both by speaking and by changing the visual display. In the dialogue
shown in Figures 1, 2 and 3, userturns are marked asU j,, systemturns as S,.

U1 Load EMU chedout procedure

S1 Loading EMU chedout procedure...

U, Stop talking

S, <beep

U3 [to colleague] The EMU Chedout procedureis for maintenance on the American spacesuits.
It can be doneon from 1to 3 of them at a time.

Sz [systemdoes not respnd]

Us Goto step 14

Ss You needto completestep 1 rst, step 15...

Us Undo

Ss  We are at note beforestep 1. Step 1: are you working on EMU1?
Ug Yes

Se Answer was\y es". Step 1. on EMU2?

Us No

Sy Answer was\no". Step 1. on EMU3?

Ug No

Sg Answer was\no". Powering up ...

Figure 1. Example sessionwith Clarissa (part 1)

1This is the only con guration permitted on the ISS.



Ug Goto step48
Sg Note beforestep 48
U0 Next
S10 Step 48: While depressingSOP manual override (50 secondsmaximum).
At SOP, chek SOP interstage gauge. At DCM, ched status suit p, nominal and stable.
To minimize SOP usage,remenber the values. | will askfor them onceyou releasethe
manual override and say complete.
Ui11 Complete
S11 No completion record in normal mode. Step 48: what is the suit pressurefor EMU1?
U, 5.2
Si12  5.2,valueis o nominal high. Report value to MCC before procedingto next step.
Uiz No, | said 3.7
Si3  [changesthe display to 3.7] 3.7, value is nominal.
Step 48: What is the interstage gaugereading for EMU17?

U4 500
Si4 Isdry LCVG to be lled for EMU1?
Uiz Yes

Si5  Step 49: for EMUL only: cooling loop jumper, disconnectfrom multiple water connector.
Ui Next
Si16  Step 50: for EMUL only, dry LCV G, connectto multiple water connector

Figure 2: Example sessionwith Clarissa (part 2)

This dialogue illustrates many of the key designissuesin the Clarissa project. First, consider
the relationship between the written and spoken versions of the procedure, which often dier in
various ways. For example, the written version states at the beginning that the procedure can
be valid for one to three suits, and trusts the users' (considerable) intelligence to know how to
interpret the text accordingly. The spoken versionmust in cortrast be explicit about adjusting the
spoken output to the speci ¢ suits used, as for examplein turns 11 and 14 and 15. There are also
seweral written constructions which cannot be directly transposedinto the spoken modality, like
the table in turns 10{14 and the steps bracketed by the vertical bar in turns 15{17. In addition,
ISS proceduresare complex formal documerts, typically represening hundreds or even thousands
of hours of work, which have to undergoa lengthy sign-o processbeforethey can be approved for
use: this raisesthe question of how adequatelyto demonstrate that the spoken versionis still valid,
despite the fact that it di ers in various ways from the written one. All theseissuesare discussed
further in Section 3.

The next point concernsthe user languagesupported by the system. In general, any type of
spoken dialogue systemhasto steera coursebetweentwo basic strategies. At one end, the system
cantry to adapt to the user. The implementors collect data represening what userswould ideally
liketo be ableto say; a commonway to do this is to useWizard of Oz methods. The systemis then
con gured to perform as well as possibleon the sample data, usually using statistical techniques.
At the other end of the scale,the burden of adaptation is put on the user: the systemis designed
to o er a prede ned range of coverage,which the useris required to learn. In practice, of course,
somecompromisebetweenthesetwo positions is normal.

For many applications, the robustnessinherert in the data-driven approad makesit the prefer-
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U7 Goon

Si17  Step 51: for EMUL only, perform 1.525,LCVG WATER FILL, steps6to 17.
Do you want to load this procedure?

Uig Yes

Sig  Starting procedure: LCV G water Il procedure. Step 6 At DCM...

Uig Goto step 20

S19 Step 20: this is after the last step you are supposeto execute.
Say closethe procedureto exit the procedure,otherwise LCV G, disconnectfrom...

Uy Closeprocedure

Sy0 Do you want to closeLCVG water Il procedure?

U,y Yes

S;1 Closing current procedure. The EMU chedout procedureis now active.

Figure 3: Example sessionwith Clarissa (part 3)

able choice. Astronauts, howewer, are very far from being typical users;they are highly intelligent,
willing to investtime in learning to usethe system, and in most casescome from an aeronautics
badground where useof controlled languageis the norm. For this kind of user, a designedcoverage
approad hasclear attractions; performancefor expert usersis better, and it is easierto recon gure
the systemin responseto changesin the speci cation. Theseissuesare discussedin Section 4.

Robustnesswith respect to variation in user languageis not particularly important for an
application like Clarissa. Howewer, two other kinds of robustnessare critical. Since the whole
point of the systemis to support hands- and eyes-freeoperation, recognition hasto be performed
in an \op en-mic" mode. This implies that the system needsto be able to reject spoken input
(\cross-talk™) not intended for it, asillustrated in turn 3. Our approad to handling cross-talk is
described in Section 5. Robustnessis also crucial at the level of dialogue managemen For the
usual reasons,recognition can never be completely accurate; if the system misrecognisesjt must
be easyfor the userto undo or correct the misrecogition, as for examplein turns 3 and 13. Our
approad to dialogue managemet, describedin Section6, supports an elegart and robust handling
of correction moves.

1.1 A note on versions

The lengthy certi cation and sign-o processrequired by NASA meansthat software actually
deployed in spacetypically lags behind the latest developmernt version, and for these reasonsthe
version of Clarissa described in this paper di ers in somerespects from the one currently installed
on the ISS. In general,our focusis on presering what we think are the bestsolutions to the design
problems we have encourtered, rather than on strict historical accuracy

2 System Overview

The Clarissa system consistsof a set of software modules, written in sewral di erent languages,
which communicate with ead other through the SRI OpenAgent Architecture [Martin et al., 1999.
Commands can be issued either using voice, or through the GUI. This section gives an overview
of the system as a whole. We start by listing the dierent types of supported functionalities
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(Section 2.1), and then describe the main modules (Section 2.2) and the information ow between
them (Section 2.3).

2.1 Supported functionalit y

The system supports about 75 individual commands,which can be accessedising a vocabulary of
about 260 words. Many commands can also be carried out through the GUI. The main system
functionality is as follows. In ead case,we briey describe the type of functionality, and give
examplesof typical commands.

Navigation: moving to the following step or substep (\next”, \next step", \next substep"),
going badk to the preceding step or substep (\previous", \previous substep"), moving to a
named step or substep(\go to step three", \go to stepten point two").

Visiting non-current steps, either to preview future steps or recall past ones (\read step
four”, \read note beforestep nine"). When this functionality is invoked, the non-current step
is displayed in a separatewindow, which is closedon returning to the current step.

Opening and closing procedures(\op en E M U chedout procedure”, \close procedure"). It is
possibleto have multiple proceduresopen simultaneously, and to move betweenthem freely.

Recording, playing and deleting voice notes (\record voice note", \play voice note on step
three point one", \delete voice note on substeptwo").

Setting and cancelling alarms (\set alarm for v e minutes from now", \cancel alarm at ten
twerty one").

Showing or hiding pictures (\show gure two", \hide the picture™).
Changing the TTS volume (\increase volume", \quieter").
Querying status (\where are we", \list voice notes", \list alarms").

Commands assaiated with \challenge verify mode". This is a special mode suitable for
particularly critical parts of a procedure, which aggressiely asksfor con rmation on eadh
step. The user can directly enter or exit this mode (\enter challenge verify mode", \exit
challenge verify mode"), or else set challenge verify mode on a specied step or range of
steps (\set challenge verify mode on stepsthree through twelve™). When in challenge verify
mode, the user must explicitly con rm that ead step has beencompleted (\v eri ed", \step
three complete™); if they fail to do so, the system enters into a con rmation subdialogue.
Other subdialoguesare entered if the user attempts to skip stepsor move badkwards in the
procedure. The systemkeepsa databaseof completed, uncompletedand skipped steps,which
can be accessedy commandslike \list completed" or \list skipped".

Responding to system questions. Most of the dialogue is user-initiativ e, but the system can
enter short information-seekingsubdialoguesin certain situations. There arethree main types
of system question:

{ Yes/no questions. The usercanrespond with a yes/no word (\y es”, \a rmativ e", \no",
\negative").



{ First choice/second choice questions. These are used at some branch points in proce-
dures. The usercan respond \ rst choice" or \second choice".

{ Numerical value queries. The user can respond with a speci c value (\zero", \eleven",
\eight thousand two hundred four”, \sixty one point v e"), or give a null response(\no
value").

Undoing and correcting commands. Any command can be undone (\undo”, \go badck") or
corrected (\no | said increasevolume”, \I meart exit review mode"). In some cases,the
command can be expressedelliptically (\no | said three point one", \I meart step four").

2.2 Mo dules

The main software modules of the system are the following:

Speech Pro cessor Handleslow-level speed recognition and speed output.
Semantic Analyser Converts output from the speed processolinto abstract dialoguemove form.
Response Filter Decideswhether to acceptor reject the user's spoken input.

Dialogue Manager Converts abstract dialogue movesinto abstract dialogue actions, and main-
tains discoursecornext.

Output Manager Converts abstract dialogue actions into concrete responses.

GUI Mediates corventional screenand keyboard basedinteraction with the user.

We describe eadh of them in more detail in the rest of this section. Interactions between the
modules are described in Section 2.3.

2.2.1 Speech Pro cessor

The Speet Processomoduleis built ontop of the commercialNuanceToolkit platform [Nuance, 2003,
and is implemented in C++ using the RecEngine API. The top-level functionalities it provides
are speet recognition and spoken output. Speed recognition can be carried out using either
a grammar-basedor a statistical language model; speet output can be either through playing
recordedwav les, or by usinga TTS engine.

The Speed Processors'soutput from speed recognition always includes a list of words, eath
tagged with a con dence score. When using a grammar-basedlanguage model, it also includes a
logical form represettation de ned by the grammar. Note that the grammar's \logical forms" and
the dialogue manager's\dialogue moves" are not the same. Grammar-basedlanguagemodels are
derived from a general linguistically motivated uni cation grammar, using methods described in
Sections4.1 and 4.3. Statistical languagemodels are trained using standard methods.

The main technical challenge when building the Speeti Processormodule was to make all
processingfully asyndironous, and provide ne-grained cortrol over \barge-in" (interruptions by
the userwhile the systemis talking). The default method provided by Nuancefor dealing with this
situation is \start of speed barge-in"; when the user interrupts the system, it immediately stops
talking. This is however completely inappropriate for a system which usesan open microphone
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processingmodel, since the system should only stop talking if it decidesthat input is meaningful
and directed towards it. The Speed Processomrmodule is thus con gured soasto stop talking only
in responseto an explicit abort signal, sert from the Dialogue Manager. The details are presened
a little later, in Section2.3.

2.2.2 Semantic Analyser

The Semaric Analyser is implemented in SICStus Prolog. It receives the output of the Speet
Processor(a string of words, possibly combined with a logical form), and corverts it into a dialogue
move. The methods usedto do this combine hand-coded patterns and corpus-derived statistical
information, and are described in Sections4.2 and 4.3. Figure 6 shavs examplesof the dierent
levels of represettation, cortrasting logical forms with dialogue moves.

2.2.3 Response Filter

Sincerecognition is carried out in open microphone mode, at least someof the speed input needs
to be rejected. This function is performed by the ResponseFilter. The ResponseFilter receives
the surfaceinput from the recogniser(a list of words tagged with con dence scores),and produces
a binary judgemert, either to acceptor to reject. It is implemented in C using Support Vector
Machine techniques described in Chapter 5.

2.2.4 Dialogue Manager

The Dialogue Manager is implemented in SICStus Prolog. It accepts dialogue moves from the
Semartic Analyser and the Output Manager, and producesa lists of abstract dialogue actions as
output. It also maintains a dialogue state object, which encadesboth the discoursestate and the
task state. The Dialogue Manager is entirely side-e ect free, and its operation is specied by a
declarative update function

f : State Move! State Actions

This is described further in Section 6.

2.2.5 Output Manager

The Output Manager acceptsabstract dialogue actions from the Dialogue Manager, and corverts
them into lists of procedurecalls. Executing thesecalls results in concretesystemresponses,which
caninclude production of spoken output, sendingdisplay requeststo the GUI, and sendingdialogue
movesbad to the Dialogue Manager. The Dialogue Manager is implemented in SICStus Prolog.

226 GUI

The GUI is written in Java Swing, and mediates normal keyboard and screenbasedinteraction
with the user. It acceptsinput from the Output Managerin the form of display requests. It can
also corvert keyboard input from the userinto dialogue moves, which are sert to the Dialogue
Manager.



2.3 Information ow

Section 2.2 describesthe software modules at the level of functionality. For reasonsof e ciency,
they are not all implemened as separate OAA agerts, since OAA messagepassingintroducesa
tangible overhead. Instead, the modules are conbined into three larger OAA agerts, as follows:

Speech and response Iter agent This agert combines the two software modules written in
C-derived languages,namely the Speet Processorand ResponseFilter.

Semantic analysis, dialogue and output manager This agern combinesthe three Prolog-based
agerts: the Semartic Analyser, the Dialogue Manager, and the Output Manager.

GUI agent The GUI module forms a standalone agert.

The following example illustrates the ow of control when responding to a simple voice com-
mand. The system has got as far as step 2.1 in the current procecure,and the user now speaks
the command\go to step three point two". The Speet Processorproducestwo outputs, a surface
result consisting of a list of words annotated with con dence scores:

go:71 to:65 step:62 three:65 point:56 two:16

and a \logical form":

[[imp,
form(imperative,
[[go,
term(pro,you,[]),
[to,term(null,
step,
[[number,[decimal,3,2]]]) 11 )l

The surfaceresult is passedto the Response Filter, resulting in an \accept" classi cation. The
ResponseFilter makesthis decisionusing a Support Vector Machine trained on seeral thousand
labelled examples:in this case,its \justi cation” for acceptingis mostly the high averagecon dence
score,and to alessextent the commonwords and bigrams. The list of words and the logical form are
now passedto the Semaric Analyser, which converts them into the \dialogue move" represenation

go_to([decimal,3,2])

Note the di erence betweenthe logical form and the dialogue move: the logical form is a linguisti-
cally motivated represenation derived from the generalbasegrammar, while the dialogue move is
a domain-speci ¢ represenation.

The dialogue move is how passedto the Dialogue Manager, which invokes an \up date rule”
acting on the dialogue move and the previous dialogue state object S, , a list of key/value pairs.
The result is a new dialogue state Sy, and an abstract action which consists of reading out the
contents of step 3.2. The Dialogue Manager then computeswhich other actions it needsto perform
by comparing the states S, and Syy:. In this case,the only relevant di erence is in the location
componert, which marks the current step in the procedure; the valuesin Sj, and Sy are [2,
1] and [3, 2] respectively. Sincethe valuesare dierent, the Dialogue Manager adds a second
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abstract action, which causesthe GUI to scroll from step 2.1to 3.2. The processinginvolved here
is described in more detail in Section 6.

The two abstract actions (a reading action, and a scrolling action), are passedto the Output
Manager, which cornverts them into concrete procedure calls. When these calls are executed, the
rst one results in sending a messageto the Speet Processoragert to play a list of recorded
wav les; the secondresults in a messageo the GUI, which causesit to scroll from 2.1to 3.2.

It would also have beenpossibleto issuethe samecommandthrough the GUI, by opening the
\Mo ve" dialogue box and entering the number of the step on the keyboard. In this case,the GUI
starts by sendingthe samedialogue move,

go_to([decimal,3,2])

to the Dialogue Manager. Subsequeh processingis exactly the same as if the command had
beenissuedthrough the voice modality. In particular, irrespective of the modality of the original
command, the user would be able to correct it by voice, for example by saying \undo” or \no i
meart go to three point three".

3 Writing voice-navigable documents

The problem of represening written documerts for spoken usecan be surprisingly complex. In the
caseof Clarissa, seweral important and potentially con icting constraints had to be satis ed by the
design of the procedurerepresenation. First, sincelSS proceduresare critical formal documerts
that typically re ect hundreds or even thousands of person-hoursof e ort, including a lengthy
approval process,it is not feasibleto replace them with a new structure. Second,although the
assaiated visual display is required to faithfully reproducethe o cial procedures,reading out the
proceduresverbatim is unworkable. Third, the NASA procedurewriting community must accept
the spoken version as equivalert in content to the original procedure, or it cannot be formally
approved as a valid substitute in the safety-critical ervironment of the ISS. And nally , all proce-
dure speci ¢ information must be incorporated into the procedurerepresenation, rather than the
browser code, to enable use of the sameprocedurebrowser for many procedures.

Our approad to satisfying these cortraints represens proceduresin an XML format that con-
tains all the text and layout information presern in the original written procedure,together with
additional information which speci es how the text is to be read out in the cortext of procedure
execution. For ead procedure,an XML le is compiled into an HTML display documenrt which
will exactly mimic the appearanceof the original paper documert, and also an annotated structure
that can be followed by the dialogue managerand which will permit the text to be augmerted and
paraphrasedwhere appropriate to enableit to be read aloud in a natural manner.

The browser treats this compiled XML proceduresas data. This makesit possibleto drop in
an updated procedurewithout re-compiling the ertire Clarissa system. Clarissa currently handles
v e International SpaceStation procedures. These proceduresare fairly elaborate; they average
approximately 53 stepsead and require an averageof 980 lines of XML to represen them.

Given that the spoken version can, and in a number of casesmust, dier from the original
written version of the procedure, we are compelled to addressthe question of how much, and in
what ways the versionscan dier. A basic designprinciple in Clarissais that the spoken version
models what a human would read aloud while using the documert to do a task. In some parts
of the proceduresthe written and spoken versionsare the sameand in others they diverge. The
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Are you working
on EMU1?

Are you working
on EMU3?
Step Title: Configuring for EMU Comm
Step 1.1: Mission Control and IV, Powering up...

Step 20: check status suit P 0.4 ...

Question: for EMU1, What is ) ]
suit P? Question: for EMU2, What is

suit P?

Figure 4: Adding voice annotations to a table

divergencesare the major sourceof complexity in the XML represertation. Thesedivergencesarise
from basic di erences betweenthe modalities and perhapseven more crucially from the fact that
the spoken version must be adequatefor possiblevaluesof the document's dynamic content aswell
asthe documert's use.

In some cases,the di erences are minor: wording for uent speed often diers from highly
abbreviated and/or acronym lled text. For example: \H20 viv $ MSB" would read better as
\w ater valve, disconnect from micro-sample bag". In other cases,visual and spoken structures
are sodi erent that even if onewanted to read that part of the document verbatim, it would not
be clear how to do it. Tablesare a clear example. Visually, a table provides information in the
formatting. One can scantop and side headersto understand what the valuesin a table cell mean
or what kind of material should be lled in to the table cell. Lines typically individuate the cells.
What should a spoken version of a table be like? How do you \read" lines separating cells, or
\read" the spatial layout of the table? A human reading aloud would probably not give details of
the formatting or read all the headersbut would presen the table information in a way motivated
by how the table neededto be used. Was the table to be read out, or lled in? In what order
should cells be read?

Figures 4 and 5 illustrate the relationship betweenthe written and spoken versionsusing the
procedurefragments that we have already seenin the dialogue from Figures 1, 2 and 3. Black text
in the speed bubbles indicates material that is unchanged from the written version. Grey text
represerns material added or paraphrasedby the dialogue system. Figure 4 illustrates a casein
which a table is usedto elicit valuesfrom the userand record them. In this proceduremaintenance
is done on between one and three spacesuits (EMUs). At the beginning of the procedure the
spoken systemadds queriesabout which EMUs will be usedsothat it can restrict its later activity
to only the relevant columns of the table. To Il in the table, a human reader would likely elicit
the valueshby incorporating the column and row headerinformation into a query or directive for
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Question: For EMU1: Is dry

LCVG to be filled, yes or no? Step 49: For EMUT only,
Cooling loop jumper must be

disconnected from Multiple ...

Step 50: For EMU1
only, dry LCVG must
be connected to ...

Step 52: For EMU1 only, Step 51: For EMU1 only,
Perform procedure 1.505, perform procedure 1.525, LCVG
EMU Water Recharge, ... Water Fill, steps 6 to 17 ...

Figure 5: Adding voice annotations to a group of steps

ead cell. The systemfollows this strategy, assaiating a query to the userwith ead cell. Oncethe
user answers, the information is displayed in the relevant cell of the table.

Figure 5 illustrates another variant on initial collection of information for usein customising
behavior in later steps. In this casethe system queriesthe user on which EMUs will have a
componert, the LCVG, lled during the procedure. This information from the user allows the
system to construct the appropriate step pre x For EMU1 only, and traverse only the EMU1
column of tables in the LCV G Water Fill Procedure,if the userchoosesat step 51 to jump to that
procedure. Note in both this exampleand in Figure 4 that languagemust be addedfor reading out
symbols, and someof the abbreviations and acronymn. Also, words such as procedure, in Figure 5
are added for spoken naturalnessand clarity.

3.1 Structure of the procedure XML representation

The typesof divergencesdbetweenthe written and spoken versionsdiscussedabove have motivated
dewvelopmert of appropriate XML structures to encale them. The most interesting casesare the
following:

\In visible" and \inaudible" constructs: The spoken and visual versions of a procedure can
dier for a particular item. In other cases,there could be material that should only be
spoken or only be displayed. Attributes are usedin the XML to mark material that should
be displayed and not spoken (\inaudible™) or spoken and not displayed (\in visible”). For
example, all the queriesassaiated with table cells are invisible as are the questionsto the
user at about how which EMUs are being processed.

Conditional text and speech: Some steps apply only when certain conditions are met. This
structure supports selectinga subsetof procedurestepsto executebasedon various conditions.
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If avisible step is conditional, and its conditions are not met, the visual display grays it out,
and it is not read.

Eliciting values: Written procedureshave implicit and explicit conditions basedon values that
a human user will have accessto, but a computer system may not. For example, questions
about which items will be processedpor queriesto the userfor valuesto be Il in to a table.
The ValueStep XML is structure designedto elicit valuesfrom the user. When a value is
obtained from the user in a ValueStep, the user's responseis assignedto a variable. The
minimum and maximum approved valuesare tested by the systemand the systemis able to
warn the userif a value is out of range.

Tables: The useof a table in executing a procedureis to collect the relevant valuesand record
them in the appropriate cells. For ead table cell, there is an assaiated questionto the user
eliciting the appropriate value. Each table cell question is part of an invisible ValueStep.
The structures AddendumList and Addendum implemert the inclusion of additional spoken
information about a value beyond the min and max. For example, low value out of range
may necessitatethe user contact mission cortrol while a high value might not require this.

SpeechBefore: Supports material to be spoken in the introduction of a step, before the step
number. In Figure 5 SpeetBefore is used as a verbal marker of the scope of the initial "If
dry LCVG isto be lled". It is setin the exampleto For EMUL only

Setting variables: Usedto setvariables neededin execution of steps. Variables are usedto store
and manipulate valuescollected from the user. Variables are alsousedto control conditional
text and speed behavior.

3.2 Representing task-related discourse context

As we have already seen,procedureswill frequertly needto encale requeststo acquire information
from the user. This information will then becomepart of the task-related discoursecortext, and
is stored asthe bindings of variables de ned in the procedure. Later stepsmay accesshe variable
bindings so asto make decisionsabout conditional steps, using suitable XML constructs.

The useof corntext variables createsproblems when conbined with the requiremert that users
should be able to move around freely in the procedure. Supposethat a value for variable V is
acquired at step 5, and is then usedas part of a condition occurring in step 10. If the user skips
straight from step 4 to step 10, V will be unbound, and the condition will not be evaluable. In
situations like these,we would like the dialogue managerto be ableto alert the userthat they need
to executethe earlier step (in this case,step 5) before moving to step 10.

In the generalcase,this problem appearsto be quite intractable; useof a su cien tly expressie
variable-setting languagecan require arbitrarily complex reasoningto determine which stepsneed
to be executedin order to give a binding to a speci ¢ variable. A workable solution must involve
restricting the way in which variables may be set. The solution we have implemented is fairly
drastic, but was su cien t for the purposesof the initial Clarissa project: for ead variable V, we
only permit V to be assigneda value in at most oneprocedurestep, sothat it is possibleto assaiate
V with the stepin which it can potentially receive a value. If ajump resultsin attempted evaluation
of an unbound variable, the dialogue managercan then tell the userthat they rst needto execute
the relevant earlier step. An example of this behaviour can be seenin turn Sy in Figure 1.
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3.3 The design and appro val pro cess

The critical requiremert when creating a voice version of a procedureis that the result should in
a strong sensebe the samedocumert asthe original. The procedurewriting community at NASA
is very focussedon safety considerations,and any new version of a procedurehasto go through a
lengthy sign-o procedure. Extending this procedureto include voice documerts has beenone of
the unexpected challengesof the Clarissa project.

During the design phase, our experience has beenthat it is unproductive to shov the XML
directly to the procedure writers, who generally do not have a badkground that makes it easy
for them to work with this kind of format. Instead, we split the documert into independert
modules, and for eady module write down scenariosexhaustively describing all possible ways in
which the documert module can be read out by the browser. Sincethe browseris interactive, these
scenariosare in the form of interactive dialoguesbetweenthe user and the system. The scenarios
serne as speci cation documerts in the interaction between procedure writers and voice system
implementers, and are re ned until they cornvergeto a mutually agreedsolution.

Using such written scenarioscurrently imposespractical restrictions on the typesof structures
that can be usedin procedure documerts, since overly general constructions are not amenable
to exhaustive description in this form. Additionally, these scenariosare dicult to keepup to
date when requiremerts and implementation details force changes. An interesting question for
future researt is how to dewelop ways to generate such scenario documerts that both permit
more expressive communications between documert writers and speet dewelopers and that are
amenableto automation. Having a tool to automatically generate expected system dialogue for
common scenarioswould also bene t Quality Assuranceteams who needto validate sud spoken
dialogue system code. For the Clarissa system, suc validation is how done using manual testing,
but this will not scaleacceptablyto a systemthat needsto handle thousandsof possibleprocedure
documerts.

4 Grammar-based recognition

As described in Section 2, Clarissa usesa grammar-basedrecognition architecture. At the start of
the project, we had seweral reasonsfor choosingthis approad over the more popular statistical one.
First, we had no available training data. Second,the systemwasto be designedfor experts who
would havetime to learnits coverage;although there is not a great dealto befound in the literature,
an earlier study in which we had beeninvolved [Knight et al., 2001 suggestedhat grammar-based
systemsoutperformed statistical onesfor this kind of user. A third considerationthat a ected our
choice was the importance of \op en mic" recognition; there was again little published researd,
but folklore results suggestedhat grammar-basedrecognition methods had an edgeover statistical
onesheretoo.

Obviously, noneof the above argumerts are very strong. We thus wanted to implemernt a frame-
work which would allow us to compare grammar-basedmethods with statistical onesin a method-
ologically sound way, and also retain the option of switching from a grammar-basedframework to
a statistical one if that later appearedjustied. The Regulus[Rayner et al., 2003 Regulus, 2005
and Alterf [Rayner and Hockey, 2003 platforms, which we have dewveloped under Clarissaand other
earlier projects, are designedto meet theserequiremerts.

The basic idea behind the Regulus platform is to construct grammar-basedlanguage models
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using example-basedmethods driven by small corpora. Since grammar construction is now a
corpus-driven process,the same corpora can also be used to build normal statistical language
models, facilitating a direct comparison between the two methodologies. On its own, howewer,
Regulus only permits comparison at the level of recognition strings. Alterf extendsthe paradigm
to the semariic level, by providing a uniform trainable semartic interpretation framework which
can work on either surface strings or logical forms. Sections4.1 and 4.2 provide an overview of
Regulusand Alterf respectively, and Section 4.3 describeshow we have usedthem in Clarissa.

Exploiting the special properties of Regulus and Alterf, Section 4.4 presens an evaluation of
Clarissa's speet understanding componert, including a methodologically sound comparison be-
tweenthe implemented grammar-basedarchitecture and a plausible statistical/robust courterpart.
In terms of speed understanding on in-domain utterances, our bottom-line conclusionis that, at
least for this application, grammar-basedmethods signi cantly outperform statistical ones. Sec-
tion 5 goeson to shawv that grammar-basedmethods also o er signi cant advantagesfor the task
of detecting cross-talk.

4.1 Regulus

The core functionality provided by the Regulus Open Source platform is compilation of typed
uni cation grammarsinto annotated context-free grammar language models expressedin Nuance
Grammar Speci cation Language (GSL) notation [Nuance,2003. GSL language models can be
cornverted into runnable speet recognisersby invoking the Nuance Toolkit compiler utilit y, sothe
net result is the ability to compile a uni cation grammar into a speed recogniser.

Experiencewith grammar-basedspoken dialogue systemsshows that there is usually a substan-
tial overlap betweenthe structures of grammars for di erent domains. This is hardly surprising,
sincethey all ultimately have to model generalfacts about the linguistic structure of English and
other natural languages.lIt is consequetly natural to considerstrategieswhich attempt to exploit
the overlap between domains by building a single, general grammar valid for a wide variety of
applications. A grammar of this kind will probably o er more coverage(and hencelower accuracy)
than is desirable for any given speci c application. It is however feasibleto addressthe problem
using corpus-basedtechniques which extract a specialisedversion of the original generalgrammar.

Regulusimplemerts a version of the grammar specialisation scheme which extends the Expla-
nation Based Learning method described in [Rayner et al., 2003. There is a general uni cation
grammar, loosely basedon the Core LanguageEngine grammar for English [Pulman, 1994, which
has beendeweloped over the courseof about ten individual projects. The semariic represerations
produced by the grammar are in a simpli ed version of the Core LanguageEngine's Quasi Logical
Form notation [van Eijck and Moore, 1992.

A grammar built on top of the general grammar is transformed into a specialised Nuance
grammar in the following processingstages:

1. The training corpusis corverted into a \treebank” of parsedrepresenations. This is done
using a left-corner parser represenation of the grammar.

2. The treebank is usedto produce a specialisedgrammar in Regulus format, using the EBL
algorithm [van Harmelen and Bundy, 1988 Rayner, 1988.

3. The nal specialisedgrammar is compiled into a Nuance GSL grammar.
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4.2 Alterf

Alterf is another Open Sourcetoolkit, whosepurposeis to allow a cleanconbination of rule-based
and corpus-driven processingin the semaric interpretation phase. Alterf characterisessemartic
analysis as a task slightly extending the \decision-list" classi cation algorithm [Yarowsky, 1994
Carter, 200Q. We start with a setof semanticatoms, ead represerting a primitiv e domain concept,
and de ne a semaric represenation to be a non-empty set of semartic atoms. For example, in
Clarissa we represen the utterances

pleasespeak up
setan alarm for v e minutes from now
no i said go to the next step

respectively as

fincrease _volumeg
fset alarm, 5, minutesg
fcorrection, next _stepg

whereincrease _volume, set _alarm, 5, minutes, correction and next _step are semaric atoms.
As well as specifying the permitted semartic atoms themsehes,we alsode ne a target model which
for eath atom speci es the other atoms with which it may legitimately combine. Thus here, for
example, correction may legitimately combine with any atom, but minutes may only combine
with correction , set _alarm or a number.

Training data consistsof a set of utterances, in either text or speed form, ead tagged with
its intended semartic represertation. We de ne a set of feature extraction rules, ead of which
assaiates an utterance with zero or more features. Feature extraction rules can carry out any
type of processing.In particular, they may involve performing speet recognition on speet data,
parsing on text data, application of hand-coded rules to the results of parsing, or somecormbination
of these. Statistics are then compiled to estimate the probability p(aj f) of ead semartic atom a
given ead separatefeature f , using the standard formula

pajf) = (Nf+ 1)=(Ns + 2)

where N¢ is the number of occurrencesin the training data of utterances with feature f, and N2
is the number of occurrencesof utterances with both feature f and semartic atom a.

The decading processfollows [Yarowsky, 1994 in assumingcomplete dependencebetweenthe
features. Note that this is in sharp contrast with the Naive Bayes classi er [Duda et al., 200(,
which assumesompleteindependen@. Of course,neither assumptioncan betrue in practice; how-
ewver, asargued in [Carter, 2000, there are good reasonsfor preferring the dependencealternative
asthe better option in a situation where there are many features extracted in ways that are likely
to overlap.

We are given an utterance u, to which we wish to assigna represertation R(u) consisting of a
set of semartic atoms, together with a target model comprising a set of rules de ning which sets
of semariic atoms are consistent. The decaling processproceedsas follows:

1. Initialise R(u) to the empty set.
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2. Usethe feature extraction rules and the statistics compiled during training to nd the set of
all triples If ; a;pi wheref is a feature assaiated with u, a is a semartic atom, and p is the
probability p(aj f) estimated by the training process.

3. Order the setof triples by the value of p, with the largest probabilities rst. Call the ordered
setT.

4. Remove the highest-ranked triple H ;a;pi from T. Add ato R(u) i the following conditions
are ful lled:

p p for somepre-speci ed threshold value p;.

Addition of a to R(u) results in a set which is consistent with the target model.

5. Repeat step (4) until T is empty.

Intuitiv ely, the processis very simple. We just walk down the list of possiblesemartic atoms,
starting with the most probable ones,and add them to the semartic represenation we are building
up when this doesnot conict with the consistencyrules in the target model. We stop when the
atoms suggestedare too improbable, that is, have probabilities below a speci ed threshold.

4.3 Using Regulus and Alterf in Clarissa

We now describe the details of how we have usedthe Regulusand Alterf platforms in Clarissa. The
Clarissa Regulusgrammar is composedof the generalRegulusgrammar and the generalfunction-
word lexicon, together with a Clarissa-speci ¢ domain lexicon containing 313lemmas,which realise
857 surfacelexical rules. (Most of the di erence is accouried for by verbs, which in the Regulus
grammar have v e surfaceforms). Table 1 summarizesthe data for the domain-speci c lexicon.

POS #En tries Examples | Example contexts
Lemmas | Words
Verb 129 645 | cortinue | \contin ue"
go \ go to step three”
put \ put a voice note on step six"
Noun 99 127 | caution \read caution beforestep eleven”
alarm \list alarms "
mode \enter challenge verify mode"
Number 25 25 zero v er | \set alarm for ten zero v er"
Interjection 20 20 copy \ copy goto step three"
Preposition 15 15 on \giv e me help on navigation”
Adjective 15 15 skipped \list skipp ed steps”
Adverb 10 10 louder \speaklouder "
[ Total [ 313 | 857 ] | |

Table 1. Summary information for Clarissalexicon. For ead part of speed, we give the number
of lexicon ertries, examplewords, and example cortexts.
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As sketched in Section4.1, the grammar is corverted into a specialisedform using an example-
based method driven by a training corpus, and then compiled into a CFG languagemodel. The
training corpuswe usefor the current version of the system corntains 3297 examples;of these, 1349
have been hand-constructed to represern speci c words and constructions required for the appli-
cation, while the remaining 1953 are transcribed examplesof utterances recorded during system
dewelopmert.

The parametersguiding the grammar specialisation processhave beenchosento producea fairly
\at" grammar, in which many noun-phrasesbecomelexical items. This re ects the generally
stereotypical nature of language in the Clarissa domain. The specialised uni cation grammar
contains 491 lexical and 162 non-lexical rules; Table 2 shavs examples of specialised grammar
rules, together with assaiated frequenciesof occurrencein the training corpus. The specialised
grammar is compiled into a CFG language model containing 427 non-terminal symbols and 1999
corntext-free productions. Finally, the training corpusis useda secondtime to perform probabilistic
training of the CFG language model using the Nuance compute-grammar-probs utilit y, and the
resulting probabilistic version of the languagemodel is compiled into a recognition padage using
the nuance-compile utilit y.

On a 1.7GHz P4 laptop running SICStus 3.8.5, the whole compilation processtakes approxi-
mately 55 minutes. This divides up as about 30 minutes to parsethe training corpus, 10 minutes
to extract the specialisedgrammar from the parsed treebank, 10 minutes to perform uni cation
grammar to CFG language model compilation, and 5 minutes for probabilistic grammar training
and Nuance recognisercompilation.

\ Rule | Freq | Example |
S--> VNP 606 | \[delete] [the voice note]"
NP --> NUMBER 511 | \[one hundred thirt y sewen]"
ADJ --> next 508 | \no i said [next]"
NP--> step NUMBER 481 | \play voice note on [step four]"
SIGMA--> INTERJECTIOMNP 344 | \[no i meart] [four point one]"
S-> VPNP 321 | \[go] [to] [row one]"
S --> V NPPOSIMODS 295 | \[set] [timer] [for two minutes]"
NUMBER> NUMBEPRoint NUMBER278 | \[t werty v €] [point] [nine]"
S->V 259 | \[speakup]"
POSIMODS-> P NP 228 | \set alarm [at] [three zero six]"
V --> go back 108 | \[go bak]"
S --> V NPNP 78 | \[show] [me] [ gure one]"
NP --> the voice note 40 | \cancel [ the voice note |"
S --> V P NPPOSIMODS 28 | \[go] [to] [the note] [before step one]"
NP --> what procedure 12 | \[ what procedure] are we on"
S --> NPV NP 11 | \[what] [is] [the current step]"
V -->  exit 6 | \[exit] review mode"
NP --> value 3 | \[value]is unde ned"

Table 2: Examples of rules in specialisedversion of Clarissa grammar. For ead rule we give the
corntext-free skeleton, the frequency of occurrencein the training corpus, and an example.

16



Surface
\no i said goto step v e point three"

Logical form

[[interjection, correction],
[imp,
form(imperative,
[[go.
term(pro, you, []),
[to, term(null, step, [[number, [decimal,5,3]DIIDI]

Alterf output
[correction, go_to, [decimal,5,3]]

Dialogue move
correction(go _to([decimal,5,3]))

Figure 6: Examplesshowing di erent levels of represenation for a Clarissautterance. We shaw the
surfacewords, the generallogical form produced by the Regulus grammar and derived recogniser,
the list of semaric atoms produced by Alterf, and the dialogue move.

Semartic represenations produced by the Clarissa grammar are general domain-independert
logical forms. By construction, the samerepresenations are produced by the specialisedgrammar
and the derived recogniser. The Alterf padkage is usedto corvert these general represenations
into unordered lists of semariic atoms; a nal post-processingstagetransforms Alterf output into
the \dialogue moves" used as input by the dialogue manager. Figure 6 shons examplesof these
di erent levels of represenation.

Recall that the Alterf algorithm requires de nition of feature extraction rules, so that it can
then trained to acquire assaiations between extracted features and cooccurring semartic atoms.
We have experimented with three dierent kinds of feature extraction rules: surface N-grams,
hand-coded surface patterns and hand-caoded logical form patterns.

SurfaceN-gram features are the simplesttype. First, the recognisedstring is tokenisedusing a
phrase-smtting grammar that identi es numbers, times, durations in minutes and seconds,and a
few other similar typesof expression.Bigrams and trigrams are then extracted from the tokenised
string. Thus for examplethe string \go to step v e point three" would be tokenisedas

[*start*, go, to, step, [decimal5,3], *end?*]
and yields the trigrams

[*start*, go, to] [go, to, step],
[to, step, [decimal,5,3]] [step, [decimal,5,3], *end*]

When calculating assaiations, Alterf replacesnumbersand similar constructs with generictokens:
after this replacemen, the trigrams above become
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[*start*, go, to] [go, to, step],
[to, step, *decimal_number*] [step, *decimal_number*, *end*

Thusin this caseAlterf will not derivean assaiation betweenthe trigram [to, step, [decimal,5,3]]
and the semartic atom [decimal,5,3] , but rather betweenthe generictrigram [to, step, *decimal .number*]
and the genericsemartic atom *decimal _-number*.

Unsurprisingly, we discovered that surfaceN-gram featureswere not particularly reliable. (Fig-
ures are preserntied in Section 4.4 supporting this corntention). We then implemented two more
setsof feature extraction rules, which de ned di erent typesof hand-coded patterns. The rst set
consistsof corvertional phrasal patterns over the tokenisedrecognition string, written in a simple
string-matching language;the secondset encadesstructural patterns in the logical form. Examples
of string-based and logical-form-based patterns are shavn in Figure 7. The version of Clarissa
described here has 216 string-based patterns and 305 logical-form-basedpatterns. The patterns
have beendeweloped and debuggedusing the 3297 utterance training corpus: on this corpus, eah
set of patterns has a classi cation error rate of about 0.5%.

4.4 Evaluating speech understanding performance

Having described the speet understanding architecture, we now present an evaluation. There are
a large number of typesof experiment which we could potertially have carried out. Given limited
resources,we decidedto focus on two main questions:

How doesthe Regulusgrammar-basedframework compareagainsta more corvertional frame-
work using a classN-gram languagemodel and a set of phrase-sptting rules?

How do dierent types of features compare against eat other? In particular, are logical-
form-basedpatterns more e ectiv e than string-based or N-gram patterns, and is it useful to
conbine seweral typesof pattern?

The next issueto resolwe is the choice of appropriate performancemetrics and test data. Given
that we are essenially interested in speet understanding performance, the obvious metric is se-
mantic error rate, by which we will speci cally mean the proportion of utterances which fail to
receive a correct semartic interpretation after Alterf processing. For completeness,we will also
presert gures for Word Error Rate (WER) and Sertence Error Rate (SER).

The choice of appropriate test data raisesinteresting questions. Initially , we had decided to
follow standard practice, and collect data from naive subjects who had had no previous exposureto
the system. We did in fact perform a data collection of this kind, but comparisonof the results with
the small amount of data we had from prospective astronaut usersrevealed a serious mismatch.
Astronauts are exceptionally intelligent and capable individuals, who had a strong motivation to
learn to usethe system;the naive subjects were normal people,with no particular reasonto want
to acquire the relevant skills. The performance gures re ected this imbalance,with the astronauts
scoring enormously better than nearly all of the naive subjects.

Our conclusionwas that data collected from naive subjects was not useful, and that a much
better t came from the data recorded by system dewvelopers during the course of the project.
Although the dewelopers know the system a little better than the astronaut users, our intuitiv e
obsenation was that the di erence was not large, and that the astronauts would probably catch
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String-based patterns

% decrease"” or "reduce" followed by “volume"
%indicates the atom decrease_ volume

surface_pattern([decreas efre duce,’. .., volume], decrease_volume).

% “back" not following “go" and at the end
%indicates the atom previous_line
surface_pattern([not_wor  d(go),ba ck, *en d*] , previous_line).

% "put" followed by ““voice note"
%indicates the atom record_voice_ note
surface_pattern([put,'.. .,V oice,note], record_voice_note).

Logical-form-based patterns

% “decrease” or “reduce" with object an NP whose head is “volume"
%indicates the atom decrease_volume

If pattern([decrease, ,t erm(_,volume, ) ],de cre ase_volu me).
If_pattern([reduce,_,ter m(_,volu me,_ )], decrease_volume).

% “back" used as an interjection

% indicates the atom previous_line

If _pattern([interjection ,back],p revious _lin e,back).

% put"  with object an NP whose head is ““voice_note"

%indicates the atom record voice note
If pattern([put, ,term(_ ,voi ce_note, ), _],r ecord_voice note).

Figure 7: Examples of string-basedand logical-form-basedpatterns usedin Clarissa.
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up after only a relatively short period of use’. The dewvelopers' superior knowledge of the system
was also counterbalancedto someextert by the fact that seweral of them were not native American
spealers, whereasall the relevant astronauts were.

We are of courseaware that this is not an ideal situation from the point of view of experimental
design, but the virtual impossibility of getting signi cant quantities of astronaut time forced us
to adopt a compromise: this appearedto be the bestone. The gures below are thus basedon a
sample of 8158in-domain utterances (23369words) collected and transcribed during the courseof
the project. By \in-domain”, we mean here that the utterances expressedcommandsmeaningful
in the context of the Clarissatask, and that the system should ideally have respondedto them;
we do not necessarilyimply that the utterances were all syntactically well-formed or within the
coverage of the grammar. Behaviour on out-of-domain data, where the best responseis to ignore
the utterance, is consideredin Section5. The data had not previously beenusedfor developmert
purposes,and can reasonablybe consideredas unseen.

In order to comparethe Regulus-basedecogniserwith a cornverntional architecture, we usedthe
Nuance SayAnything © tool and the same 3297 utterance training set to build a standard class
N-gram model. We de ned three classesfor numbers, times, and objects that could be displayed
using the \show" command. Raw recognition performance gures for the two recognisersmeasured
in terms of WER and SER, are shown in Table 3.

| Recogniser] WER | SER |
GLM 6.27% | 9.79%
SLM 7.42% | 12.41%

Table 3: WER and SER for the Regulus-basedrecogniser(GLM) and a corverntional classN-gram
recogniser(SLM) trained on the samedata.

The main experimental results are preseried in Table 4. Here, we cortrast speed understand-
ing performancefor the Regulus-basedrecogniserand the class N-gram recogniser, using seeral
di erent sets of Alterf features. For completeness,we also presen results for simulated perfect
recognition, i.e. using the referencetranscriptions. We usedsix di erent setsof Alterf features:

N-grams: N-gram featuresonly.

LF: Logical-form-basedpatterns only.

String:  String-based patterns only.

String + LF: Both string-basedand logical-form basedpatterns.
String + N-grams: Both string-basedand N-gram features.
String + LF + N-grams: All typesof features.

As can be seen,the GLM performs very considerably better than the SLM. The best SLM version,
S-3, hasa semartic error rate of 9.6%, while the best GLM version, G-4 has an error rate of 6.0%,

2None of the astronauts usedthe system for more than a total of one hour. We had originally expressedconcern
that this would not give them adequate time to learn to useit e ectiv ely; after watching a sample training session,
we were forced to admit that we had underestimated their capabilities.
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a relative improvemert of 37%. Part of this is clearly due to the fact that the GLM anyway has
better WER and SER than the SLM. Howewer, Table 3 shows that the relative improvemert in
WER is only 15%(7.42%versus6.27%),and that in SER is 21%(12.41%versus9.79%). The larger
improvemert by the GLM version at the level of semaric understanding is most likely accourted
for by the fact that it is able to use logical-form-basedfeatures, which are not accessibleto the
SLM version. Although logical-form-basedfeaturesdo not appearto be intrinsically more accurate
than string-basedfeatures (contrast rows T-2 and T-3), the fact that they allow tighter integration
betweensemaric understanding and languagemodelling is intuitiv ely advantageous.

It is interesting to note that the combination of logical-form-basedfeatures and string-based
featuresoutperformslogical-form-basedfeaturesalone (rows G-4 and G-5). Although the di erence
is small (6.0% versus 6.3%), a pairwise comparison shows that it is signi cant at the 1% level
according to the McNemar sign test. There is no clear evidencethat N-gram features are very
useful. This supports the standard folk-lore result that semariic understanding componerts for
command and control applications are more appropriately implemented using hand-coded phrase-
spotting patterns than generalassaiational learning techniques.

Version | Rec Features Errors

Rejected | Incorrect | Total
T-1 Text N-grams 7.3% 5.9% 13.2%
T-2 Text LF 3.1% 0.5% 3.6%
T-3 Text String 2.2% 0.8% 3.0%
T-4 Text String + LF 0.8% 0.8% 1.6%
T-5 Text | String + LF + N-grams 0.4% 0.8% 1.2%
G-1 GLM N-grams 7.4% 9.7% 17.1%
G-2 GLM LF 1.4% 4.9% 6.3%
G-3 GLM String 2.9% 4.8% 7.7%
G-4 GLM String + LF 1.0% 5.0% 6.0%
G-5 GLM | String + LF + N-grams 0.7% 5.4% 6.1%
S-1 SLM N-grams 9.6% 11.9% | 21.5%
S-2 SLM String 2.8% 7.4% 10.2%
S-3 SLM String + N-grams 1.6% 8.0% 9.6%

Table 4: Speet understanding performancefor 8158test sertencesrecorded during developmert,
on 13 dierent con gurations of the system. The \Rec" column indicates either simulated per-
fect recognition (\T ext"), recognition using the Regulus-derived grammar-basedlanguage model
(\GLM™) or recognition using a classN-gram language model (\SLM"). The \F eatures" column
indicates the Alterf featuresused.

Finally, Table 5 preseris a breakdowvn of speed understanding performance, by utterance
length, for the best GLM-based and SLM-based versions of the system. There are two main
points we want to make here. First, speed understanding performanceremains respectable even
for the longer utterances; second,the performanceof the GLM-based versionis consistenly better
than that of the SLM-basedversion for all utterance lengths.
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Length | #Utts Best GLM (G-4) Best SLM (S-3)

WER \ SER \SemER WER \ SER \SemER
3049 | 5.7% | 3.5% | 25% | 6.3% | 4.2% | 3.5%
1589 | 12.0% | 12.0% | 8.7% | 14.6% | 18.4% | 14.6%
950 7.2% | 12.8%| 7.2% | 10.4%| 15.2% | 15.4%
1046 | 7.6% | 14.8%| 9.9% 7.7% | 15.6% | 14.7%
354 57% | 14.4%| 9.0% 6.1% | 19.8% | 10.8%
543 | 2.8% | 11.1%| 7.2% | 4.1% | 15.3%| 9.8%
231 | 3.0% | 16.0%| 3.5% | 4.6% | 19.5% | 6.5%
178 | 4.4% | 14.6%| 45% | 3.6% | 16.3%| 5.7%
174 | 3.9% | 20.1%| 9.2% | 4.0% | 20.7% | 10.3%

O ONOO|O A WDNF-

Table 5: Speed understanding performance, broken down by utterance length, for the best GLM-
basedand SLM-basedversionsof the system(cf. Table 4). Results are omitted for the small group
of utterances of length 10 or more.

5 Rejecting user speech

Section4 preseris gures describingthe performanceof the speed understanding componert of the
system, assumingthat the task can be described asthat of taking an input utterance constituting a
valid systemcommand, and assigninga correct semairic interpretation to it. This characterisation,
however, omits an important dimension. At least someof the time, we know that input speed will
not consist of valid system commands. The most common reasonfor this will be cross-talk the
user may break o addressingthe systemto corversewith another person, but his® remarks will
still be picked up the microphone and subjected to speet recognition. There is alsothe possibility
that the userwill say somethingthat is outside the system's sphereof competence, either though
carelessnessr becausethey are uncertain about its capabilities.

We will referto the choice betweenacceptingand rejecting output from the speed recogniseras
the \accept/reject decision”. Usually, the speet recogniserproducesa con dence scoreas part of
its output, and the accept/reject decisionis made simply by rejecting utterances whosecon dence
scoreis under a speci ed threshold. A recert exampleis [Dowding and Hieronymus, 2003, which
reported an accuracy of 9.1% on cross-talk identi cation using the con dence threshold method.

In this rest of this section, we will show that adapted versionsof standard kernel-basedmethods
from the documernt classi cation literature can substartially improve on the baseline con dence
threshold approad. First, howewer, we de ne the problem more precisely

5.1 The Accept/Reject Decision Task

We rst needto introduce suitable metrics for evaluating performanceon the accept/reject task.
We can de ne the following three categoriesof utterance:

Type A: Utterances directed at the system, for which a good semartic interpretation was pro-
duced.

3All the prospective astronaut userstrained so far happen to be male.
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Typ e B: Utterances directed at the system, and to which the system could in principle respond,
but for which the semaric interpretation produced was incorrect. Usually, this is due to
faulty recognition.

Type C: Utterancesnot directed at the system, or directed at the systembut to which the system
has no adequateway to respond.

We would like to accept utterances in the rst category and reject utterances in the second
and third. If we want to measureperformanceon the accept/reject task, the most straightforward
approad is a simple classi cation error rate. Ultimately, however, what we are most interestedin is
measuring performanceon the top-level speet understanding task, which includesthe recognition
task, the semartic interpretation task, and the accept/reject task described here.

Constructing a sensiblemetric for the top-level task involves taking accourt of the fact that
someerrors are intuitiv ely more seriousthan others. In a Type A error, the user can most often
correct by simply repeating himself. In a Type B or C error, the user will typically have to wait
for the systemresponse,realisethat it is inappropriate, and then undo or correct it, a signi cantly
longer operation. This analysis suggeststhat errors should not all be courted equally, but rather
be weighted to de ne a lossfunction. We alsoneedto remenber that someutterances produce no
semairic interpretation at all. Obviously, these utterances can only be rejected. We consequetly
split classB into BO (no interpretation) and B1 (bad interpretation), and classC into CO (no
interpretation) and C1 (irrelevant or bad interpretation).

It is not easyto give clearjusti cations for particular choicesof weights. A reasonablecandidate,
which we will usein the rest of this paper, is given in Table 6. This re ects the obsenations that
it generally appearsto take about twice as long to recover from a false accept as a false reject,
and that a false acceptof a cross-talk utterance a ects not only the user, but alsothe personwith
whom they are having the side conversation. Note that classB utterances (incorrect recognitions)
are always errors, but carry a heavier penalty when acceptedthan when rejected. We divide the
total weighted scoreover a given corpus by the maximum possiblelossvalue, giving a normalised
lossfunction whosevalue is always betweenO and 1.

Class Score
Reject | Accept
A 1 0
BO 1 1
Bl 1 2
Cco 0 0
Ci1 0 3

Table 6: Weights for the top-level loss function. \Accept" and \Reject" refer to the decision
made by the classi er; utterancesin the classesB0O and CO are always rejected, irrespective of the
classi er's decision.

The discrepancybetweenthe local lossfunction assaiated with the classi er and the task-level
lossfunction raisesthe issueof how to align classi er objectiveswith task-level ones. In this initial
work, we simplify the problem by decouplingthe speet understanding and accept/reject subtasks,
using separatemetrics. Sincethe weighting on the task metric penalisesfalse acceptsmore heavily
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Figure 8: Examples of recognition results. Each word is tagged by a numerical con dence value.
Positive hypothesesshould be accepted,negative onesrejected.

than false rejects, we intro duce an asymmetric loss function on the classi er score,which weights
false acceptstwice as heavily as false rejects. We will refer to this asthe u, metric, and useit as
the Iltering task metric to comparedi erent parameter settings.

5.2 An SVM-based approach

There are seweral information sourceswhich could potertially be usedasinput to the accept/reject
classi cation problem. So far, we have limited oursehesto the surface result returned by the
Nuance recogniser,which consistsof a list of words, ead tagged by a humerical con dence value.
Figure 8 shaws examplesof typical recognition results, grouped as\p ositive" (should be accepted),
and \negative" (should be rejected).

As already noted, the usualway to make the accept/reject decisionis through a simple threshold
on the average con dence score; the Nuance con dence scoresare of course designedfor exactly
this purpose. Intuitiv ely, however, it should be possibleto improve the decision quality by also
taking accourt of the information in the recognisedwords. Looking through our data, we could
seeexampleslike the last one listed under \Negative" in Figure 8, which had high enoughaverage
con dence scoresto be accepted, but contained phrasesthat were clearly very implausible in the
context of the application. In the other direction, we noticed that the con dence scoresfor seweral
commonshort utterances(in particular \y es" and \no") appearedfor somereasonto be arti cially
depressedthese utterances could safely be acceptedwith a lower con dence threshold than usual.
We wanted a method that could identify and exploit patterns like these.

The accept/reject decisionis clearly a kind of documert classi cation problem. It is well known
[Joachims, 1999 that margin-basedclassi ers, especially Support Vector Machines(SVM), getgood
results for this kind of task. Our original intuition, when beginning this piece of work, was that
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standard SVM-baseddocumert-classi cation tools could be applied successfullyto the accept/reject

decisiontask; in practice, due to its stability and ready availability for researt purposes,we used
Joachims's SVM-light platform [Joadims, 2005. There were two key issueswe neededto address
in order to apply SVM-light to the new task. First, we had to construct a suitable kernel function,

which would de ne similarity between two recognition results; this kernel would needto re ect

the fact that the objects were not text documerts, but speed documerts which had beenpassed
through a noisy channel. Second,we had to take accourt of the asymmetric nature of the cost
function.

5.2.1 Choosing a kernel function

As recognition results consist of sequence®f words tagged with con dence scores,the kernel func-
tion must be basedon this information. The simple bag of word represenation, as traditionally
usedto represen written documerts, losesthe important con dence scoreinformation, and is un-
likely to produce good results. Preliminary experiments not reported here con rmed that this was
indeed the case.

We consequetly modi ed the bag of words represeration, so asto weight ead word by its
assaiated con dence score. This meansthe the recognition result is initially mapped into a vector
in an V -dimensionalspace,whereV is the vocabulary size;the componert on eat dimensionis the
con dence scoreon the relevant word, or zeroif the word did not occur in the recognition result. If
a word occurs multiple times, the con dence scoresfor ead occurrenceare summed;it is possible
that a\max" or\min" operator would have beenmore appropriate, but multiple word occurrences
only obtained in about 1% of the utterances. We also added an extra componert to the vector,
which represered the averageof all the word con dence scores.

By using di erent kernel functions on the vector spacerepresenation, we were able to take
into accourt various kinds of lexical patterns. In particular, nonlinear polynomial kernels of de-
greeN encade unordered cooccurrencesof N words (unordered gappy N-grams). In practice, we
found that valuesof N higher than 2 gave no additional gains. We also experimented with string
subsequencéernels[Lodhi et al., 2003, but thesefailed to improve performanceeither, while be-
ing computationally much more expensive. In the experiments reported below, we thus restrict
oursehes to linear and quadratic kernels, represerting unigram and unordered nonlocal bigram
information.

5.2.2 Making the cost function asymmetric

There are at least two ways to intro duce asymmetric costsin standard SVM implemertations. Re-
call that SVM is optimizing a mixed criterion, which combines classi cation errors on a training set
and a measureof complexity related to the margin concept ([Shave-Taylor and Cristianini, 2004,
p. 220). The simplest method is to penalizethe distance to the margin for misclassi ed examples
more highly for false positives than for false negatives. This can be done directly using the |
parameter in the SVM-light implementation.

The drawbadk to the rst approad is, however, that the algorithm is not really optimising the
utilit y function, but a more or lessrelated quarntity [Navia-Vazquezet al., 2004; this prompted
us to investigate the use of calibration as well. Calibration [Bennett, 2003 aims at transforming
SVM scoresinto posterior probabilities in a way that is independert from the classpriors (basically
P(s(x) j Class) where s(x) is the score assaiated with obsenation x). The optimal Bayesian
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decision can then be adapted, once the new class priors are known (P (Class)), as well as error
costs. For a binary problem (accept/reject) with equal cost of errors for all negative examples,
when the classdistribution can be assumedto be the sameon both training and test sets, it is
sucient to approximate P(Class = A j s(x)), asthe optimal Bayes decisionis then basedon
minimizing the expected lossfunction.

In our case,the u; function penalisesfalse acceptstwice as heavily asfalserejects: the optimal
decisionrule is thus to acceptthe utterance if

(2P (Class= B or Cjs(x))) < P(Class= A j s(x))

or, equivalertly, if P(Class = A j s(x)) > 2=3. WeusedIsotonic Regressior{Zadrozry and Elkan, 2003
to realize the mapping from SVM-scoresinto approximate posterior probabilities.

5.3 Experiments

A corpus of 10409recorded and labelled spoken utterances was used in order to investigate the
impact of three factors on classi cation and task performance:

Classier We usedthree typesof classier: a simple threshold on the average con dence score;
an SVM with a linear kernel; and an SVM with a quadratic kernel. The SVM classi ers used
a set of features consisting of the averagecon dence scoretogether with the weighted bag of
words over the total vocabulary.

Asymmetric Error We usedtwo di erent techniquesto deal with asymmetric error costs: the |
intrinsic parameter of SVM-light, and the recalibration procedureusing Isotonic Regression.
Recall that recalibration aims at optimising the u, lossfunction at SVM classi cation level,
and not the task-level lossfunction. Without recalibration, the decisionthreshold on SVM-
scoresis 0.

Recognition Wecontrasted GLM and SLM methods, speci cally usingthe bestGLM-basedrecog-
niser (G-4) and the best SLM-basedrecogniser(S-3) from Table 4.

For ead choice of parameters,we performed 10 random splits (training/test sets) of the initial
set of labelled utterances, learned the model on the training sets, and evaluated the lossfunctions
on the corresponding test sets. The nal scoreswere obtained by averaging the lossfunctions over
all 10runs. Table 7 preseris results for the most interesting cases.

5.4 Analysis of results
The following conclusionscan be drawn from the gures in Table 7. Eadch of theseconclusionswas
con rmed by hypothesistesting, using the Wilcoxon rank test, at the 5% signi cance level.

5.4.1 Impro vement on baseline performance

The SVM-basedmethod is very considerablybetter than the baselinecon dence threshold method.
The averageclassi cation error fell from 9.4%for the bestbaselinecon guration (GT-1) to 5.5%for
the best SVM-basedcon guration (GQ-3), arelative improvemen of 42%. In particular, the false
acceptrate for cross-talkand out-of-domain utterancesimproved from 8.9% (closeto the 9.1%cited
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ID Rec | Classier | j Error rates

Accept/reject classi cation Task
Classes All Us
A \ B \ C

ST-1 | SLM | Threshold | 1.0 | 5.5% | 59.1% | 16.5% | 11.8% | 15.1% | 10.1%
SL-1 | SLM Linear 10| 28%| 37.1%| 9.0%| 6.6% | 8.6% | 7.4%
SL-2 | SLM Linear 05]|49% | 30.1%| 6.8%| 7.0%| 81%| 7.2%
SQ-1| SLM Quad 10| 2.6% | 23.6%| 85%| 55% | 7.0%| 6.9%
SQ-2 | SLM Quad 05|4.1% | 18.7%| 7.6%| 6.0%| 7.0%| 7.0%
SQ-3 | SLM Quad/r 10| 4.7%| 18.7%| 6.6%| 6.1%| 6.8% | 6.9%

GT-1 | GLM | Threshold | 0.5 | 7.1% | 48.7% | 8.9% | 9.4% | 10.7%| 7.0%
GL-1 | GLM Linear 10| 28%| 48.5%| 8.7%| 6.3%| 83%| 6.2%
GL-2 | GLM Linear 05|4.7% | 43.4%| 6.0%| 6.7% | 7.9% | 6.0%
GQ-1 | GLM Quad 10| 2.7%| 37.9%| 68%| 53%| 6.7%| 57%
GQ-2 | GLM Quad 05|4.0% | 26.8%| 6.0%| 55%| 6.3%| 5.6%
GQ-3 | GLM Quad/r 10| 43%| 28.1%| 4.7%| 55%| 6.1% | 5.4%

Table 7: Performanceon accept/reject classi cation and the top-level task, on 12 di erent con g-
urations of the system. \Threshold" = simple threshold on averagecon dence; \Linear" = SVM
classi er with linear kernel; \Quad" = SVM classi er with quadratic kernel; \Quad/r* = recali-
brated version of SVM classi er with quadratic kernel;\j" = value of SVM-light ] parameter;\A"

= in-domain and correct semartic interpretation; \B" = in-domain and incorrect or no semartic
interpretation; \C" = out-of-domain; \All* = standard classi er error rate over all data; \u," =
weighted averageof classi er error using up weights; \T ask” = normalised task metric score.

in [Dowding and Hieronymus, 2003) to 4.7%, a 47%relative improvemert, while the error rates on
the other individual classesalsoimproved. On the task performancemetric, the improvemert was
from 7.0%to 5.4%, or 25%rrelative.

5.4.2 Kernel types

Quadratic kernelsperformed better than linear (around 25%rrelative improvemern in classi cation
error); however, this advantage is less marked when considering the task metric (only 3 to 9%
relative increase). Though small, the dierence is statistically signi cant. This suggeststhat
meaningful information for ltering lies, at least partially, in the co-occurrencesof groups of words,
rather than just in isolated words.

5.4.3 Asymmetric error costs

We next considerthe e ect of methods designedto take accouri of asymmetric error costs (cf.
Section 5.2.2). Comparing GQ-1 (no treatment of asymmetric error costs) with GQ-2 (intrinsic
SVM-optimisation using the j-parameter) and GQ-3 (calibration), we seethat both methods pro-
duce a signi cant improvemert in performance. On the u, lossfunction that both methods aim to
minimise, we attain a 9% relative improvemen when using calibration and 6% when using intrinsic
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SVM optimisation; on the task metric, thesegainsare reducedto 5% (relativ e) for calibration, and
only 2% for intrinsic SVM-optimisation, though both of theseare still statistically signi cant. Error
rates on individual classesshow that, as intended, both methods move errors from false accepts
(classesB and C) to the lessdangerousfalserejects (classA). In particular, the calibration method
managesto reducethe false acceptrate on cross-talk and out-of-domain utterances from 6.8% on
GQ-1to 4.7% on GQ-3 (31% relative), at the cost of an increasefrom 2.7%to 4.3% in the false
reject rate for correctly recognisedutterances.

5.4.4 Recognition metho ds

Using the con dence threshold method, there was a large di erence in performance between the
GLM-based GT-1 and the SLM-basedST-1. In particular, the false acceptrate for cross-talk and
out-of-domain utterances is nearly twice as high (16.5% versus 8.9%) for the SLM-based recog-
niser. This supports the folklore result that GLM-based recognisersgive better performanceon the
accept/reject task.

When using the SVM-basedmethods, howeer, the best GLM-based con guration (GQ-3) per-
forms about as well asthe best SLM-basedcon guration (SQ-1) in terms of averageclassi cation
error, with both systemsscoringabout 5.5%. GQ-3 doesperform considerably better than SQ-1in
terms of task error (5.4% versus6.9%, or 21% relative), but this is due to better performanceon
the speed recognition and semartic interpretation tasks. Our conclusionhereis that GLM-based
recognisersdo not necessarilyo er superior performanceto SLM-basedoneson the accept/reject
task, if a more sophisticated method than a simple con dence threshold is used.

5.45 Relativ e error rates on individual classes

A deeper look at the error rates by individual classesshaws that, for all methods, by far the largest
error rates are obsened for the B category This is not surprising: experienceand intuition tell
us that the hardest decisionproblem is distinguishing between correctly recognisedin-domain and
incorrectly recognisedin-domain utterances. What makesit dicult is that \incorrect" is often
better characterisedas \partially correct”, sothere is much lessinformation on which to basethe
decision.

For example, a problem in any domain which involves English numbers is the well-know \-
teen/-ty" ambiguity | \thirt y" soundsa lot like \thirteen", and soon. If the usersays\go to step
thirt y" but the systemrecognisesgo to step thirteen”, the correct action is to reject, but there is
little information available to support the decision: basically, we needcon dence to be low on the
word \thirt y", but our obsenation is that this is atypical. There are a number of similar generic
caseswhere partial recognition happenseasily We can contrast this with distinguishing between
A and C classutterances| cross-talk recognition results tend to look very di erent from correct
in-domain ones,since cross-talk recognition is usually completely wrong rather than just partially
wrong. The decisionproblem is thus intuitiv ely simpler.

5.5 Summary and conclusions

We have described a simple and generaltechnique that allows standard SVM-baseddocumert clas-
si cation methods to be applied to the accept/reject problem for speed understanding systems
implemented on top of standard recognition platforms. This is particularly important for systems
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that use open mic speed recognition. We have preseried results of experimernts carried out on a
state-of-the-art command and cortrol system, showing that our method gives substartial perfor-
mance improvemerts compared to the standard method of using a threshold on the recognition
con dence score.

We are currently extending the work described here in two di erent directions. First, we are
implemerting better calibration models, which in particular will allow us to relax the assumption
that the classdistributions are the samein the training and test data; second,we are investigating
what further gains can be obtained from use of word-lattice recognition hypothesesand rational
kernels[Ha ner et al., 2003 Cortes et al., 2004. We expect to be able to report on both of these
issuesin the near future.

6 Side-e ect free dialogue management

A spoken languagesystemthat carriesout a commandand control task typically divides into three
main componerts: the input module, the output module, and the dialogue manager. The input
module processespokeninput, and cornverts it into abstract utterance represenations using speed
recognition, semaric analysis,and other techniques. The output module processesbstract action
requests,and transforms them into concrete external actions, sud as speaking, updating a visual
display, or moving a real or simulated robot. Mediating betweenthe input and output modules,
we have the dialogue manager(DM), which at the most basic level transforms abstract utterance
represerations into abstract action represenations.

Most spoken language systemshave somenotion of cortext, which typically will include the
precedingdialogue, the current state of the task, or both. For example, considerthe reaction of a
simulated robot to the command\Put it on the block”. This might include both remenbering a
recertly mentioned object to sene asa referert for \it" (dialogue context), and looking around the
current sceneto nd an object to serwe as a referert for \the block” (task context). The DM will
thus both accesghe current context asan input, and update it asa result of processingutterances.

In most dialogue systems,contextual information is distributed through the DM aspart of the
current program state. This meansthat processingof an input utterance involves at least some
indirect side-e ects, sincethe program state will normally be changed. If the DM makesprocedure
calls to the output module, there will also be direct side-e ects in the form of exterior actions.
As ewery software engineerknows, side-e ects are normally considereda Bad Thing. They make
it harder to designand debug systems, since they render interactions between modules opaque.
The problem tends to be particularly acute when performing regressiontesting and evaluation; if a
module's inputs and outputs depend on side-e ects, it is dicult or impossibleto test that module
in isolation. The upshot for spoken language systemsis that it is often dicult to test the DM
exceptin the context of the whole system.

In this section, we will describe an architecture which directly addressedhe problems outlined
above, and which has beenimplemented in Clarissa. There are two key ideas. First, we split the
DM into two pieces:a large piece,comprising nearly the whole of the code, which is completely side-
e ect free, and a small piecewhich is responsible for actually performing the actions. Second,we
adopt a consistert policy about represening conexts asobjects. Both discourseand task-oriented
contextual information, without exception, is treated as part of the cortext object.
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6.1 Side eect free dialogue management

Clarissaimplements a minimalist dialogue managemem framework, partly basedon elemerts drawn
from the TRIPS [Allen et al., 200qJ and TrindiKit [Larssonand Traum, 200Q architectures. The
certral conceptsare those of dialogue move information state and dialogueaction. At the beginning
of eadh turn, the dialogue manageris in an information state. Inputs to the dialogue managerare
by de nition dialogue moves, and outputs are dialogue actions. The behaviour of the dialogue
managerover a turn is completely speci ed by an update function f of the form

f : State Move! State Actions

Thus if a dialogue move is applied in a given information state, the result is a new information
state and a set of zero or more dialogue actions. As in [Allen et al., 2004, the dialogue manageris
bracketed betweenan input managerand an output manager The input managerreceives speed
and other input directed to the dialogue manager, and transforms it into dialogue move format.
The output manager takes dialogue actions produced by the dialogue manager, and transforms
them into concrete sequence®f procedure calls meaningful to other componerts of the system.

In the Clarissa system, most of the possibletypes of dialogue moves represen spoken com-
mands. For example, increase(volume) represeis a spoken command like \increase volume" or
\speak up". Similarly, go_to(step(2,3)) represerts a spoken command like \go to step two
point three". The dialogue move undo represerts an utterance like \undo last command” or
\go bad" Correction utterances are represened by dialogue moves of the form correction(X) ;
so for example correction(record(voice _note(step(4)))) represerts an utterance like \no, |
said record a voice note on step four". There are also dialogue moves that represen non-speet
ewverts. For example,a mouse-clik on the GUI's \next" button is represerted asthe dialogue move
gui _request(next) . Similarly, if an alarm goeso at time T, the messagesert from the alarm
agert is represened as a dialogue move of the form alarm _triggered(T) . The most commontype
of dialogue action is a term of the form say(U), represening a requestto speak an utterance ab-
stractly represenied by the term U. Other typesof dialogue actions include modifying the display,
changing the volume, and so on.

The information state is a vector, which in the current version of the system contains 26 el-
emerts. Some of these elemers represen properties of the dialogue itself. In particular, the
last _state elemer is a badk-pointer to the precedingdialogue state, and the expectations ele-
ment encadesinformation about how the next dialogue move is to be interpreted. For example, if
a yes/no question has just beenasked, the expectations elemern will cortain information deter-
mining the intended interpretation of the dialogue movesyes and no.

The novel aspect of the ClarissaDM is that all taskinformation is alsouniformly represerted as
part of the information state. Thusfor examplethe current _ocation elemen holdsthe procedure
step currently being executed, the current _alarms elemern lists the set of alarms currently set,
assaiating ead alarm with a time and a message,and the current _volume elemen represens
the output volume, expressedas a percertage of its maximum value. Putting the task information
into the information state hasthe desirable consequencedhat actions whosee ects can be de ned
in terms of their e ect on the information state need not be specied directly. For example,
the update rule for the dialogue move go_to(Loc) speci es among other things that the value of
current _location elemen in the output dialogue state will be Loc. The speci ¢ rule does not
alsoneedto say that an action needsto be producedto update the GUI by scrolling to the next
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location; that can be left to a generalrule, which relates a changein the current Jocation to a
scrolling action.

More formally, what we are doing here is dividing the work performed by the update function
f into two functions, g and h. g is of the sameform asf, i.e.

g: State Move! State Actions

As before,this mapsthe input state and the dialogue move into an output state and a setof actions;
the di erence is that this setnow only includesthe irr eversibleactions. The remaining work is done
by a secondfunction

h: State State! Actions

which maps the input state S and output state S°into the set of reversible actions required to
transform S into S© the full setof output actions is the union of the reversible and the irreversible
actions. The relationship betweenthe functions f , g and h can be expressedas follows. Let S be
the input state, and M the input dialogue move. Then if g(S;M) = IS%A4i, and h(S;S9 = A,,
we dene f (S;M) to be iS®o(A1 [ A»)i, where o is a function that maps a set of actions into an
ordered sequence.

In the Clarissa system, h is implemented concretely as the set of all solutions to a Prolog
predicate which contains one clausefor eat type of di erence between states which can lead to
an action. Thus we have for example a clausewhich says that a di erence in the current volume
elemerts between the input state and the output state requires a dialogue action that sets the
volume; another clausewhich says that an alarm time presert in the current _alarms elemen of
the input state but absen in the current _alarms elemen requiresa dialogue action which cancels
an alarm; and so on. The ordering function o is de ned by a table which assaiates ead type
of dialogue action with a priority; actions are ordered by priority, with the function calls arising
from the higher-priority items being executed rst. Thus for example the priority table de nes a
load _procedure action asbeing of higher priority than a scroll  action, capturing the requiremert
that the systemneedsto load a procedureinto the GUI beforeit can scroll to its rst step.

6.2 Specic issues
6.2.1 \Undo" and \correction" moves

As already noted, one of the key requiremerts for Clarissa is an ability to handle \undo” and
\correction" dialogue moves. The corvertional approad, asfor exampleimplemented in the Com-
mandTalk system[Stent et al., 1999, involveskeepinga \trail* of actions, together with a table of
inverseswhich allow eadt action to be undone. The extendedinformation state approad described
above permits a more elegan solution to this problem, in which corrections are implemented using
the g and h functions together with the last _state elemern of the information state. Thus if we
write u for the \undo" move, and I(S) to denote the state that S's last _state elemer points to,
we can de ne g(S;u) to be H(S);;i , and hencef (S;u) will be H(S); o(h(S;I(S)))i. Similarly, if we
write ¢(M) for the move which consistsof a correction followed by M , we cande ne f (S;c(M)) to
be iS%o(A [ h(S;SY)i, where S®and A are de ned by g(I(S);M) = hSCAj.

In practical terms, there are two main payos to this approad. First, code for supporting
undos and corrections shrinks to a few lines, and becomestrivial to maintain. Second,corrections
are in general faster to execute than they would be in the corvertional approad, since the h
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function directly computesthe actions required to move from S to S rather than rst undoing the
actions leading from I(S) to S, and then redoing the actions from I(S) to S When actions involve
non-trivial redrawing on the visual display, this di erence can be quite signi cant.

6.2.2 Con rmations

Con rmations are in a sensecomplemenrary to corrections. Rather than making it easyfor the
user to undo an action they have already carried out, the intent is to repeat back to them the
dialogue move they appear to have made, and give them the option of not performing it at all.
Con rmations can alsobe carried out at di erent levels. The simplest kind of con rmation edoes
the exact words the system believed it recognised. It is usually, however, more useful to perform
con rmations at a level which involvesfurther processingof the input. This allows the userto base
their decisionabout whether to proceednot merely on the words the systembelieved it heard, but
alsoon the actions it proposesto take in response.

The information state framework also makespossiblea simple approad to con rmations. Here,
the key idea is to comparethe current state with the state that would arise after responding to the
proposedmove, and repeat badk a description of the di erence betweenthe two statesto the user.
To write this symbolically, we start by introducing a new function d(S;S9, which denotesa speet
action describingthe di erence betweenS and S° and write the dialogue movesrepresetting \y es"
and \no" asy and n respectively. We can then de ne fconf (S;M), a version of f (S;M) which
performs con rmations, as follows. Supposewe have f (S;M) = IS% Ai. We de ne f¢on (S;M) to
behScont ; d(S; SYi, whereSgons is constructedsothat f (Seonf ;Y) = HS® Ai andf (Seont ;N) = hS;;i .
In other words, Scons IS by construction a state wherea \y es" will have the samee ect asM would
have had on S if the DM had proceededdirectly without asking for a con rmation, and where a
\no" will leave the DM in the samestate asit was beforereceivingM .

There are two points worth noting here. First, it is easyto de ne the function f .oy precisely
becausef is side-e ect free; this lets us derive and reasonabout the hypothetical state S°without
performing any external actions. Second,the function d(S;S9 will in general be tailored to the
requiremerts of the task, and will describerelevantdi erences betweenS and S° In Clarissa, where
the critical issueis which procedure steps have been completed, d(S;S9 describesthe di erence
between S and S®in theseterms, for example saying that one more step has been completed, or
three stepsskipped.

6.2.3 Querying the environmen t

An obvious problem for any side-e ect free dialogue managememn approac arisesfrom the issue
of querying the ervironment. If the DM needsto acquire external information to complete a
response,it may seemthat the relationship betweeninputs and output can no longer be speci ed
as a self-cortained function.

The framework can, however, be kept declarative by splitting up the DM's responseinto two
turns. Supposethat the DM needsto read a data le in order to respond to the user'squery. The
rst turn respondsto the user query by producing an action requestto read the le and report
bad to the DM, and an output information state in which the DM is waiting for a dialogue move
reporting the contents of the le; the secondturn respondsto the le-contents reporting action by
using the new information to reply to the user. The actual side-e ect of reading the le occurs
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outside the DM, in the spacebetweenthe end of the rst turn and the start of the second.Variants
of this schemecan be applied to other casesn which the DM needsto acquire external information.

6.2.4 Regression testing and evaluation

Regressiontesting and evaluation on corntext-dependert dialogue systemsis a notoriously messy
task. The problemisthat it is dicult to assenble areliable test library, sincethe responseto eadt
individual utterance is in generaldependert on the context produced by the precedingutterances.
If an utterance early in the sequenceproducesan unexpected result, it is usually impossibleto
know whether results for subsequen utterances are meaningful.

In our framework, regressiontesting of contextually dependert dialogueturns is unproblematic,
sincethe input and output cortexts are well-de ned objects. We have beenable to construct sub-
stantial libraries of test examples,where eah exampleconsistsof a 4-tuple HinState, DialogueMove,
OutState, Actionsi. Theselibraries remain stable over most system changes,except for occasional
non-downward-compatible redesignsof the dialogue context format, and have proved very useful.

7 Summary and conclusions

We have preserted a detailed description of a non-trivial spoken dialogue system, which carries out
a potentially usefultask in a very challenging ervironment. In the courseof the project, we have
addressedse\eral generalproblems and developed what we feel are interesting and novel solutions.
We concludeby summarising our main results.

7.1 Pro cedures

The problem of cornverting written proceduresinto voice-navigable documerts is not as simple as
it looks. A substartial amount of new information needsto be added, in order to make explicit the
instructions which were implicit in the original documert and left to the user'sintelligence. This
involves adding explicit state to the reading process. Jumps in the procedure can leave the state
inconsistert, and it is not trivial to ensurethat the systemwill always be able to recover gracefully
from these situations.

7.2 Recognition

For this kind of task, there is reasonableevidencethat grammar-basedrecognition methods work
better than statistical ones. The extra robustnessof statistical methods doesnot appearto outweigh
the fact that the grammar-basedapproadc permits tighter integration of recognition and semartic
interpretation. Speed understanding performancewasvery substartially better with the grammar-
basedmethod. We were able to make a clear comparison between the two methods becausewe
useda carefully constructed methodology which built the grammar-basedrecogniserfrom a corpus,
but there is no reasonto believe that other ways of building the grammar-basedrecogniserwould
have led to inferior results.
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7.3 Response ltering

The SVM basedmethod for performing response ltering that we have deweloped is considerably
better than the naive threshold basedmethod. It is also completely domain-independert, and o ers
seweral possibilities for further performancegains. We considerthis to be one of the most signi cant
researd cortributions made by the project.

7.4 Dialogue management

The fully declarative dialogue managemen framework that we have implemented is applicable to
any domain, like ours, where the dialogue state can be fully specied. If this condition is met,
our method is simple to implement, and o ers a clean and robust treatment of correction and
con rmation moves. Perhaps even more signi cantly, it also permits systematic regressiontesting
of the dialogue managemem componert as an isolated module.

7.5 General

The challenge of creating a dialogue system to support procedure execution on the ISS posed
a number of interesting researt problems. It also demanded production of a prototype system
robust enoughto passthe rigorous software approval processrequired for deploymert in space.We
have now reated a point in the project where we think we can claim that the resear® problems
have beensolved. The system as a whole performs solidly, and people both inside and outside
NASA generally experienceit asa mature pieceof production-level software. This includes se\eral
astronauts with rst-hand experienceof using other procedure viewers during spacemissions.

As described earlier, we have beenable to carry out detailed testing of the individual system
componerts. We would now like to addressthe bottom-line question, namely whether Clarissa
actually is an ergonomicwin comparedto a corvertional viewer. Obviously, hands- and eyes-free
operation is an advantage. This, however, must be balancedagainst the fact that reading from a
screenis faster than reading aloud.

Basedon initial studies we have carried out within the dewvelopmert group, our impressionis
that tight usability experiments are not straightforward to design; an astronaut who is using a
speet-enabled procedurereader has to make non-trivial changesin his normal work practices, in
order to fully exploit the newtechnology. In other words, the challengeis now to learn how to work
e cien tly together with a voice-enabledautomatic assistart. We are currently discussingthese
issueswith training and work practice groups at NASA, and hope to be able to report on them in
a later paper.
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