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Abstract

Less than half of the individuals of working age with visual
impairments are employed, and a significant barrier to em-
ployment is effective computer access. Some of the screen
reader applications offer some help but have limited con-
text sensitivity and are of limited use in applications with
dynamic “interfaces” like web pages. Sophisticated screen
readers provide aid through application-specific scripts but
their full potential is reduced by a users’ limited awareness
of the scripts and the difficulty in programming and modify-
ing scripts. Technologies such as plan recognition and the au-
tomation and optimization of script generation that provide a
more adaptive interface for the user will significantly improve
computer accessibility to the visually impaired. In this paper,
we discuss the addition of probabilistic plan recognition ca-
pabilities and supporting framework to an industry leading
screen reader to improve accessibility of computers to the vi-
sually impaired at work and at home. We discuss both the un-
derlying model-based probabilistic procedural model as well
as the system developed.

Intr oduction

Effective accesso computerss becomingncreasinglycru-
cial for academi@ndvocationalsuccessilt is predictedthat
60 percentof U.S. jobswill requirecomputerskills within
the next ®ve years(U.S. Departmentof Education1996).
Currently lessthan half of the individuals of working age
with visualimpairmentsareemployed (McNeil 1993),and
asigni®cantbarrierto employmentis effective computerac-
cess.In particulay manipulatingnformationon the WWW,
our applicationfocus, is rapidly becominga crucial com-
puterskill.

Screenreaders,applicationsthat audibilize the text on
computerscreensprovide somesupport. For example,a
visually impairedusermusthit the downarrow or tab keys
to move to a subsequenline of text, which is audibilized
(readaloudto the uservia text to speechtechnologylasthe
userperformsthe navigation. Whenweb browsing, another
keystroke movesfrom link to link, audibilizingthelink con-
tents (text and URL). However, manually ®nding relevant
informationandlinks on web pagescaninvolve dozensif
not hundredspf manualnavigationactions,is very dif®cult
to repeat,and takes substantiatime to wait for text to be
read.
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Scriptscan automatesuchnavigation tasks,but the few
screerreaderghatsupportscriptsarestill limited in anum-
ber of ways. For example,usersneedto learnthat scripts
exist beforethey caninvokethem(usuallywith akey combi-
nationthat'sboundto ascript),andtherearedifferentscripts
associateavith differentapplicationge.g.,onesetof scripts
for a particularword processaranotherset of scriptsfor
a differentword processorwith somescriptsappliableto
both),anothersetof scriptsfor a particularspreadsheet,.).
Knowingwhich scriptsareavailableandhow to invokethem
presents steegearningcurveto new andevenintermediate
users.

Often the userwould be bestsuitedwith a fully or par
tially customizedscript. Writing scriptsis typically a very
dif®cult prospectfor mostusers,andary developmentthat
makesgeneratingor customizingscriptscangreatlybene®t
auser Screerreadersatthetime our projectstarteddid not
provide any mechanisnior userdo easilycreatenew scripts
norto easilymodify them,relyinguponstandaraditingand
deluggingparadigmghatarent tailoredto the visually im-
paired.

Futhermore a fundamentalaw in all screenreadersis
thatthey generateéheir outputbasedstrictly uponan appli-
cation'svisualdisplaywithoutany regardto thecurrentcon-
text of the application(Raman1997). Giventhat browser
applicationschangdittle or not at all while the underlying
data—thewebpageghatarethereal focusof theuser—can
changeredically from web pageto web page,the current
screenreaderfunctionality and scripts provide little more
than a startingpoint to the user Failing to appreciatethe
stateof an applicationand the users goals causesscreen
readerdo 1) provide unnecessarinformation, 2) overlook
relevantconnectiondetweeroutputin differentpartsof the
display and3) fail to emphasizespeciallyimportantdata.

Theresearctperformedandthe software developeddur-
ing this projecthasbeenfocusedon a sophisticatedcreen
reademwith scriptingcapabilitycalledJAWS 1. First, JAWS
hasbeenextendedto simplify and speedscript generation.
This has beendone by developing a macro recordey de-
veloping algorithmsto reasonaboutthe goal of the setof
macro-recordedctions,anddevelopingalgorithmsthatrea-

1Freedom Scientific Blind/Low Vision Group, 11800 31st
Court North, St. Petersburg, Florida 33716.



sonabouthow to producea scriptthatis muchshorterand
more ef®cient than that producedusing a typical simple
macrorecorderscheme. In addition, we have developed
the infrastructurerequiredto recognizeexisting scriptsto

identify when the useris manually performinga task for

which a scriptis available. Performingthis detectionand
subsequentiyotifying the userof this facthasthe potential
to save the usertremendoudime. This sameinfrastructure
alsosupportaisingexisting scriptsasthe basisfor recogniz-
ing scriptssimilar to the users particularneedshatcanbe
usedwith minimal tailoring, further simplifying andspeed-
ing scriptgeneration.In summary what this meansto the

enduseris 1) thatthey will bemadeawareof theexistanceof

the scriptsthatthey areperformingmanuallyandinstructed
onhow to executethematchingscript,2) thatthey will beal-

lowedto make errorsduringscriptgeneratiorandweb page
navigation andstill be ableto constructvely performthose
tasks,3) thatthey will ®nd it mucheasierto generatenen
scriptsthat are compactand ef®cient, and 4) that they will

beabletailor existing scriptssigni®cantlyeasier

Enhancing A ScreenReader: Overview

One capability that provides a signi®cantimprovementin
screerreadettechnologiess theability to identify theusers
intentionsasthe useris performinga task. This capability
calledplan recognition, canprovidesassistanceéo the user
aswell asto provide useful contectual informationto our
scriptgeneratiorandoptimizationextensiongdiscussede-
low. Our planrecognitionmechanisnis basedon the AS-
PRN (AutomatedSynthesiof PlanRecognitionNetworks)
systems$ probabilistic modeling theoriesand implementa-
tion (Huber1996; Huber, Durfee,& Wellman1994). AS-
PRNtakesproceduressits input,in thiscaseJAWS scripts,
andproducespeciallyconstructegbrobabilisticmodelsthat
we call PlanRecognitionNetworks (PRNs,a particularin-
stantiatiorof belief networks)thatmodelsthoseprocedures.
Becausd’RN computationgrebasecdn probabilisticmod-
els and relationships,belief networks are well suited for
dealingwith uncertain,con icting, or extraneousnforma-
tion, somethingoftenencounteredh userinterfaces.Other
plan recognitionalgorithmsusing probabilisticrepresenta-
tions, for example ((Kaminka, Pynadath,& Tambe2002;
Paek & Horvitz 2000; Goldman, Geib, & Miller 1999)),
might be applicableto screenreadersput only ASPRNis
basedon the directly executableplan representationshat
are crucial to this domain. Furthermoreuserswill almost
certainlydeviate from standardasktemplatesvhetherit be
intentionallyor unintentionallysomethinghon-probabilistic
representatiorschemege.g., (Broverman,Huff, & Lesser
1987;Vilain 1990;Goodman& Litman 1990))cannotdeal
with in anaturalor pragmatiovay.

Our systems designis shovn in Figure 1. All of the
componentsllustratedin Figure 1 have beenimplemented
and are operational. The JAWS screenreaderis centralto
all of our currentwork, providing a good basisof exist-
ing functionality andinternalrepresentationfr improving
computeraccesgo thevisually impaired.

The Script Library maintainsall of JAWS' application-
speci®cscripts, eachof which accomplishes small, spe-

Ci®c, task. The commerciallydistributed versionof JAWS
comeswith alarge corpusof scripts. Thesescriptsareuse-
ful only for usingapplicationdik e InternetExplorerin ways
thatarenot contentspeci®c. The pre-&isting JAWS scripts
werethereforeof limited usefor web access.Early feed-
back from visually-impairedclients of The Lighthouseof
Houstor? suggestedhatwe initially concentraten several
tasksthatthevisuallyimpairedfrequentlyperformwith web
browserge.g. retrieving aweatherforecastpnlinepurchas-
ing, checkingstockticker values)ratherthananything job-
speci®c. With this in mind, we developedscriptsfor per
forming eachof thesetasksandalsoa numberof subscripts
that perform commonrudimentaryfunctions. The latter of
thesethelow-level subscriptsultimately play animportant
rolein distinguishingbetweerscriptswhenmultiple strate-
giescanbe usedinterchangeablyvithin a single high-level
task and when multiple high-level tasksare differentiated
basedn which stratgjiesareused.

Before a userinteractswith the system,we presentthe
scriptsin the Script Library to ASPRNfor corvertioninto
PRNSs. The resultingPRN ®les are collectedand placedin
whatis calledthe PRNLibrary.

The Script Generationinterface (SGI) takes a macro-
recorded sequenceof user actions (from the Macro
Recorder)and createsan optimized script which is then
addedto the Script library and passedhroughASPRN to
createa PRNto addto thePRNLibrary. In additionto script
optimization,the SGI presentsan interface’ to the userso
thatthe pre-andpost-optimizedscriptcanbe reviewed and
modi®edby the userin a numberof waysbeforebeingac-
ceptedor rejected.

ThePlanRecognitiorEngine(PRE)accessethe PRNsin
thePRNLibrary andusesheseprobabilisticmodelsin com-
binationwith informationaboutthe useractionsandcontext
to determinewvhetherandhow bestto assistheuser At the
currenttime, the PRE is usedprimarily by the SGI during
macro-recordedcriptoptimization.

Constructing Belief Networks
Structure

The execution o w that ASPRN follows is shown in Fig-
ure2. ASPRN®rst parsesa JAWS script®le, possiblycon-
tainingmary JAWS scriptsandfunctionde®nitions(thefor-
mer possiblyinvocableby users the latter only accessible
attheprogrammingdevel), into ageneridnternalprocedural
model. Thisinternalobject-orientedepresentatioprovides
a reusableframawvork into which to parseproceduralcon-
structsubiquitousto programminganguages:

e Simplesequencesf actions
e Hierarchicalinvocation(e.g.,subfunctionssubgoals)

e Conditional execution (e.g., IF-THEN-ELIF-ELSE in
programmingand scripting languagedike JAWS, AND
andOR constructsn Al/agentlanguages)

°The Lighthouse of Houston, 3602 West Dallas, Houston,
Texas, 77019.

3Tested and evaluated to make sure it is accessible to the visu-
ally impaired
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Figurel: Architecturaldiagramof ourenhancedcreerreadersystem.
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Figure 2: The ASPRN processof taking a JAWS script and constructinga specially-designedelief network called a Plan

RecognitionNetwork (PRN).

o lteration(e.g.,WHILE andDO loops)

For simple, abstractexamplesof JAWS instance®f the
constructdisted above, seeFigure4(A), (B), (C), and(D),
respectiely. The JAWS scripting languageis a comple,
fully featuredprogramminglanguagejncluding all of the
above programmingconstructsabove as well as features
suchasdeclaration@nduseof constantandvariables pa-
rametergo function, value returnsfrom functions, events,
andnestedBle inclusiort*

ASPRNcomputesa PRNtopographyasednthesyntac-
tic natureof the procedureparsed(seebelow). After this,
the conditionalprobability valuesassociatedvith the PRN
instancearecomputedbasedon a domain-independeiro-
ceduralmodel. The proceduralconstructsn JAWS scripts
canbeinstantiatednto PRNsfor any possiblecombination
of chaining,nesting,andhierarchicalinvocation(exceptre-
cursion)and resultsin a coherentprobability distribution
overtheentirenetwork.

For dehuggingandanalysigpurposesASPRNnext deter
minesavisuallayoutfor the PRNfor whenit is loadedinto
belief network visualizationapplications. Finally, ASPRN
writes out the completedPRN into a ®le (in eitherBIF or
DNET formats- standardormatsfor belief network ®les)
for addingto the PRN Library and subsequentise by the
PRE.

The basicmodelingtheories,algorithms,and key appli-
cation conceptsfrom the original ASPRN system(Huber
1996; Huber, Durfee, & Wellman 1994) were modi®edin
a coupleplacesto suit the speci®csof the JAWS scripting
language.For example,the agentplan languagesnodeled
to dateallow for multiple possibleplansfor eachsubgoal

“Describing all of the details of the JAWS scripting lan-
guage is beyond the scope of this paper, but can be found at
www.freedomscientific.com/fs_support/doc_scriptfunction.asp.

invocation,unlike JAWS scripts (and most high-level pro-
gramminganguages)n whichthereis a uniquefunctionor
macrode®nition for eachcall in a script. This resultedin
muchsimplerPRNsdueto the removal of the necessityto
modelthe one-to-map relationship.Conditionalexecution
semanticalsodifferedenoughbetweeragentanguagesand
JAWS scriptsto warranta signi®cantmodi®cation. In this
caseagentplanscontainedAND/OR constructghatarenot
mutually exclusive asthey arein standardF-THEN-ELSE
styles of conditionalexecution. In this situationtoo, the
resultingPRNsare simplerthanthosefor agent-basethn-
guages.

More detailsof how ASPRN createshelief networks for
thevariousJAWS scriptprocedurakonstructsareshovn in
Figure3 andFigure4. NoteagainthatduringPRNconstruc-
tion, ASPRNcomposesheindividual belief network pieces
built for eachscript constructinto a single fully-connected
belief network. In Figure 4, ovals represenrandomvari-
ablesandarcsrepresenprobabilisticrelationshipsetween
variables Belief network nodesarecreatedn aregular, sys-
tematicway. Eachnodeis associatedvith a certainseman-
tic type by ASPRN, accordingto the JAWS script element
thatit is modeling. Four semantidypesare currentlymod-
eled: eachscript noderepresents script, whetherthat par
ticular scriptis beingexecuted;eachaction noderepresents
a script action/function,i.e., whetherthat action hasbeen
performed;anevidence nodeis associateavith eachaction
nodeto modelthe®delity of the systems ability to correctly
sensewhenthe actionhasbeenperformed(typically a do-
main speci®crelationship);and eachcondition nodesrep-
resentthe booleanexpressionsof IF-ELIF conditionsand
WHILE loops.

ConnectionbetweerPRNnodesarecreatedn aregular,
systematiavay. ASPRNmaintainsa semantianodelof the
arcsbetweennodes,rememberinghe reasonthe link was



Procedure Construct_PRNs {
for each top_level _script {
create_procedure_node top_| evel _scri pt_name
Map_Procedure top_| evel _script

}
Cal cul ate_Probabilities
}

Procedure Map_Procedure {
for each construct in procedure {
Map_Construct construct
l'ink_constructs prior_construct construct
}
}

Procedure Map_Construct {Sequence} {
for each construct in sequence {
Map_Construct construct
l'ink_constructs prior_construct construct
}
}

Procedure Map_Construct (IF-ELlIF-THEN-ELSE) {
for each branch in construct {
create_condi ti on_node branch_conditi on_expression
for each construct in the branch {
Map_Const ruct construct
link_constructs prior_construct construct
link_constructs construct condition_node
}
}
}

Procedure Map_Construct (Iteration) {
create_condition_node | oop_conti nuation_expression
for each construct in |oop body {

Map_Construct construct
link_constructs prior_construct construct
link_constructs construct condition_node

link_constructs construct construct_after_| oop
link_constructs construct_after_|l oop condition_node

}

Figure 3: Pseudocoddor ASPRNs key modeling algo-
rithms.

createdbetweena parentnodeand a child node. The arc
semanticereatedby ASPRN for JAWS scriptsare parent

script arcsthatoriginateat a scriptnodeandterminateat all

nodesdirectly relatedto the script, prior action links that
originateat an actionnodeandterminatein a nodefor the
next executableaction(s) evidence links thatoriginateat an
actionnodeandterminateat its evidencenode,and condi-

tion links thatoriginateatactionnodeghatprovideevidence
for their truth valueandterminateat a conditionnode.

In all casesascriptnodeis connectedo eachof its com-
ponentactionswith alink. A link is also createdbetween
actionnodesf the actionsthey representaireconsecutiein
ascript,with thearcgoingfrom the prior actionto theposte-
rior action,to modelthetemporalorderof execution.Figure
4(A) illustratesthis, shoving how a sequencef actionsin
a scriptis corvertedinto a linearly connectectonstruction
of randomvariablesrepresentinghe orderof the actionsin
the sequence.As mentionedabove, eachscript primitive
actionalsohasan associatedvidencenodethatis usedto
modelthe reliability of obsenationsandis typically where
obsenationsare ascribedto during plan recognition. Our
modelingof temporalrelationshipdetweeractionsmay be
changedo a 2-stepor 3-steptemporalmodelin thefutureif
it is deemedhdvantageous.

In Figure4(B), we illustratehow iterationis modeled.In
this case the actionsequencevithin theloop is modeledn
isolation. ASPRN then constructsa conditionnoderepre-
sentingthe loop continuationexpression.All of the actions
insidethe WHILE loop consituteevidencethattheloop ex-
pressionis true, so an arc is addedfrom all of the actions
within theloopto this conditionnode.Furthermorethe ®rst
actionjust pastthe loop re ects negatively uponthe truth
value of the loop condition (as do the subsequenactions,
but ASPRN doesnot model this) and an arc is addedbe-
tweenthe nodefor this actionandthe conditionnode. The
evidencenodesdn thisandsubsequennodelsarenotshavn
to save space.

Figure4(C)illustrateshow JAWS' conditionalbranching
is modeled First, theactionsequencefr eachbranch(i.e.,
the IF branch,any ELIF branch,any ELSE branch)is con-
structedn isolation,with theonly links createdat this point
beingto eachaction nodefrom the parentscript and ary
prior actions. Becausehereis a condition expressionas-
sociatedwith eachbranch,exceptfor the ®nal ELSE action
sequencea new conditionnodeis createdo represeneach
of theseexpressionsA link is thencreatedrom eachaction
in a branchto its respectie condition node, re ecting the
truth valueof the expression.

JAWS scriptsareoftennestedwith scriptsinvoking func-
tionsandotherscripts. Figure4(D) illustrateshow a multi-
level scriptis modeled.In sucha casethescriptof function
beinginvokedis ®rsttreatedik e any otheraction,with links
createdo it from thenodesrepresentingheinvoking script,
ary prior action,etc.,andfrom it to any conditionnodesand
subsequenactions. Thenthe script node for the invoked
script/functionis treatedasif it wereatop-level scriptnode
andits own scriptis thenconstructedrecursvely.

Functionandscriptargumentsarenot modeledwithin the
belief network topology or probabilitiesexplicitly, but are



maintainedaspartof the descriptionof eachbelief network

nodefor subsequentisewhenaddinguserobsenationsas
evidenceduring the plan recognitionprocess. This repre-
sentsa signifant improvementover the ASPRN described
in (Huber, Durfee,& Wellman1994;Huber& Durfee1995;

Huber1996)asit allowsfor muchbetter®delity in matching
obsenationswith PRNactionnodes.

Probabilities

To specifythe probabilitiesfor eachPRN, we identi®edall
classe®f combination®f arcsfor eachnodetypethatmight
ariseandspeci®edvaluesfor eachstatevaluefor eachtype
of variable(GOAL, ACTION, CONDITION, andEVIDENCE).
Throughcarefulselection sometrial anderror, andquite a
bit of experienceapplyingPRNSsto problemswe have deter
minedagenericsetof prior andconditionalprobabilitiegthat
work well acrossmultiple domains(Huber& Hadley 1997;
Huber & Simpson2003). The pattern—basedpproachto
probability determinationthat we constructedrequiresa
fairly large numberof patterng(32). However, this mecha-
nismsigni®cantlyreduceghetotal numberof manualprob-
ability assessmentgquiredto createfully speci®edPRNSs,
which is its primary purpose. It shouldbe notedthat the
probabilitiesencodedio notrepresenactualstatisticalrela-
tionshipshetweerdomainactionsandscripts(e.g.,top-level
scriptsare given equivalent priors), but the structuraland
execution/obseration relationshipsbetweenscript compo-
nents.As such,the posteriorgproducedoy the PRNsdo not
representrue statisticalposteriors(e.g.,0.10doesnot rep-
resenta 10%chanceof occurrenceput canbe evaluatedor
relative changeandcomparingvaluesbetweemodes.

An ASPRNnodes conditionalprobability tableis deter
minedby the combinationof the node’s own semanticsand
the semanticf the arcsincomingto the node. For exam-
ple, an action nodewith an arc from a parentscript node
anda prior actionnodewill have a differentprobability ta-
ble thananactionnodewith anarcfrom aparentscriptnode
but no prior action. It will alsobe differentfrom anaction
nodewith anarc from a parentscript nodeanda prior ac-
tion that's actuallya scriptnode.Thesepatternscalledcon-
ditioning casesare usedto specify a probability value for
ary variablesgiven a particularset of incomingarcswith
speci®edparentstatevalues.The conditioningcasepatterns
representedvithin ASPRN are an exhaustie list of possi-
ble combinations.Theseentriescoincidewith the possible
arc semanticglassi®cationspneentry for eachof the four
arc semanticclassi®cationdisted above. Eachentry is
apair, ( ;) ,where € { DONTCARE, NONE, ONE,
ONEORNONE, ONEORMORE, ALL} is a constraintspec-
i®cation,and € { Inactive, Active, Achieved } || { Not-
Performed, Performed } || { False, True } is alist of parent
statevaluesthat must satisfy the entry's constraintspeci®-
cation(for script,action,andconditionnodesrespectiely).
Thesemanticaissociatewith eachpossibleconstrainspec-
i®cationis givenbelow.

e DONTCARE - Ignoreary incomingarcswith thisentry's
semanticclassi®cationl.e., the nodeis independentvith
respecto arcswith this semantics.

e NONE - No arcswith this entry's semantiaclassi®cation
may have a parents statevaluespeci®edwithin

e ONE — Only oneof the arcswith this entry's semantic
classi®cationmay have a parents statevalue speci®ed
within

e ONEORNONE - Eitherno arc, or only onearcwith this
entry's semanticclassi®cationrmay have a parents state
valuespeci®edwithin

e ONEORMORE - At leastoneof thearcswith this entry's
semanticclassi®cationmust have a parents statevalue
speci®edwithin

e ALL — All of the arcswith this entry's semanticclassi-
®cationmusthave a parents statevalue speci®edwithin

Tablel shavsanexampleof afully speci®edpattern.The
patternshavn in this ®gure matcheghe casedor anaction
(notthe ®rst action)in a simplesequencef actionswhere
the parentgoal hasthe stateActive andthe actionimmedi-
atelyprior to thevariablefor which this probabilityis being
speci®eds eitherlnactive (it couldbeascript node)or Not-
Performed (it could be anaction node). All incomingarcs
with other semanticsareignored. This probability pattern
doesnot apply to the ®rst actionof a simplesequencelue
to the constraintspeci®catiornthat one (not zero, not more
thanone)incomingarcmustbefrom avariablerepresenting
the actionimmediatelyprecedingthe actionfor which the
probabilityis beingspeci®ed.

Associatedwith eachconditioning casepatternis a set
of probabilitiesto assigndependinguponthe statevalue of
thevariablefor which theconditionalprobabilitiesarebeing
determined.In the caseof ascript node, ( ;) ={0.95,
0.04,0.01} correspondindo the statevaluesof {Inactive,
Active, Achieved} respectiely, while for an ACTION node,

( ;) =1{0.95,0.05}, whichwould correspondo state
valuesof {Notperformed, Performed}. All conditionalprob-
ability tableentriesfor all variablesin the planrecognition
network that have a conditioningcasethat meetsthis crite-
rion have their valuessetaccordingto this particularsetof
values.In short,PRNsstartwith agenericcase-basenhodel
of the syntactic temporal,andcausalelationshipbetween
belief network nodes hotthe actualin-usestatisticalproba-
bilities (which caneventuallybelearned).

Runtime Operation

In this section,we brie y describehow ourenhancedAWS
systemworks. All of thecomponentdlustratedin Figurel
have beenimplementedandareoperational.

The modeof assistancdully implementedat this point
is during the generationof scripts. In this mode,the user
invokesthe MacroRecordetto startrecordingactions(pos-
sibly containingmistalesof varioustypes) performstheac-
tionsrequiredto achieve a particulartask,andthenturnsthe
Macro Recorderoff. The SGl is theninvoked, which uses
the PREto analyzethe sequencef actionsand eventsin
orderto optimizethe raw recordedccommandandeventse-



Script sequence

(A) Modeling sequences of actions/events
Actionl
Action2

Action3
EndScript i .

(B) Modeling iteration (WHILE loops)
Script loopy

Actionl

while (condition==True)

WhileActionl
WhileAction2
endWhile
Action2
EndScript

(C) Modeling conditional branching (IF-THEN-ELIF-ELSE-ENDIF)

Script branchy
if (value==1) then
IfActionl
IfAction2
elif (value==2) then
ElifActionl
ElifAction2
else
ElseActionl
ElseAction2
endif
EndScript

(D) Modeling functions and sub-script invocations

Script multilevel
Actionl @
subfunction()
Action3 @
Function subfunction
funcActionl @ @

funcAction2
EndFunction

Legend:

Arcs: parent script prior action>
parentscripl —_prioraction__ evidenc

Figure4: PRNconstructghatmodelvariousJAWS scriptconstructs.

Perforntcri pt Tab()
Per f ornScri pt Tab()
Perforntcri pt Tab()
Per f ornScri pt Tab()
Perforntcri pt Tab()
Per f ornScri pt Tab()

Arc Semantics .
Q I Classification Eg:;g: g:: BE $gg8
ONE Active Parent Script Perfornscri pt Tab()
ALL Inactive, Prior Action Per f or nBcri pt Tab()
NotPerformed | Per f or nScri pt Tab()
DONTCARE | ANY Prior Branch Per f or mScri pt Enter ()
DONTCARE | ANY Loop Condition Vi t For W ndowW t hName( " CNN. cont')
DONTCARE | ANY Negative Loop Conditions Per f ornScri pt Tab()
Per f ornScri pt Tab()
Tablel: An exampleof anASPRNprobability pattern.This ?5;;&;;??;!- )pt | EFi nd()
patternmatchesall non—®rst—actioractionsof a sequence TypeKey("i")
(indicatedby a  valueotherthanANY in the Prior Action TypeKey("p")
row) within a plan wherethe parentgoalis Active andthe TypeKey("Enter")
previousaction/subgoaih the sequencés eitherlnactive or TypeKey("9")
NotPerformed. TypeKey("2")
Thereare31 othersuchpatternsde®nedthatcover all mod- TypeKey("0")

TypeKey("5")
TypeKey("6")
TypeKey("Enter")

elednetwork possibilities.

Figure5: The pre-optimizedscript for readingweatherat
CNN.com(asrecordedoy the MacroRecorder).



Script checkWat her ()
Movet oLi ne(39)
Perforntcript Enter()
Wi t For W ndowW t hName( " CNN. cont')
Movet oLi ne( 3)
Per forncri pt | EFi nd()
Macr oSet W ndowText (" zi p")
Ent er Text (" 92056")
EndScri pt

Figure6: The post-optimizedscriptfor readingweatherat
CNN.com.

checkWeather_s0

checkWeather_s0 Inactive 950

Active 4.00
Movetol/ifa0 Achieved 10) ¢
MovgloLipgh_e checkWeather_s0

Inactive 656
Active 234
Achieved  11.0

EnterﬁsO_
{WaitForivindywiithName0 )
{ WaitFof ﬁddyu\l\f’ﬁh[\lame[]_e) checkWeather. <0
(Mool TBTY hactive 140
|| (1&Finds0") Aclive 451

i‘ Achieved 40.0

.
MacroSetyWindowText0

[ ¥
{ MacrgSepfvindonTexdt_e ")
L I3
(EnterTex0 y+{ EnterText0_s ")

checkWeather_s0
Inactive oos|

Active 14.5
Achieved 855

Figure7: Left, the PRN constructecdby ASPRN (evidence
nodesnot shavn). Right, the probability distribution for
the scriptbeingperformedby the userwith no obsenations
(i.e., priors) at top, MoveToLine obsened (second),Enter
obsenred(third), andall actionsobsened(bottom).Notethe
gradualprogressiorfrom Inactive to Achieved (i.e., com-
pleted).

quence ThePREusesASPRNS API to make obserations
at several levels within the PRNs: at evidencenodeswhen
thereis uncertaintyrelatedto correlatingMacro Recorder
entrieswith scriptactions;atactionnodeqonelevel upfrom
the evidencelevel) whenthis canbe donewith surety;and
atthe scriptnodeswhenthis canbe directly ascertainedy
obsenationg. The PREthenusesthe ASPRNAPI to trig-
ger Bayesianupdatingin the PRNsandto querythe PRN
for the posteriorsof nodesof interest. Basedon the values
of the posteriordrom the PRE,the SGI makesdecisionson
how bestto optimizethe scriptby replacingmultiple Macro
Recorderaw actionswith a singlemacroor functioninvo-
cation.Theusercanreview andmodify the optimizedscript
in anumberof waysbefore®nally acceptingor rejectingit.
Acceptancer rejectionof thereplacemensuggestionsvill
be usedby plannedfuture Bayesianearningcapabilitiesto
adjustthe internal PRN modelsto tailor the modelsto the
user

During what we considernormal use of the extended
JAWS system, the user will be navigating betweenand
within web pageswhile JAWS obsenresthe users actions
andscreereventsand“pipes” themto the PRE.After each
obseredaction/eent,the PREaddsthis informationasev-
idenceinto the PRNsin the PRN Library andinvokesbelief
updating.The PREsortsthescriptsbasedn posteriomprob-
abilitiesto determinghemostlik ely scriptbeingpursuedy
theuser

As anexample theuserrecordedhemacroshovnin Fig-
ure5. Thisrelatively lengthy overly verbosescriptwasop-
timzedby thesysteminto thescriptshovn in Figure 6. Fig-
ure 7 illustrateshow PRNposteriorgeactto evidenceof the
usersactiong

PRNs modeling scripts that are close but do not quite
matchthe evidencepatterndo not reactasstronglyandre-
sult in lower posteriorprobabilities, allowing the PRE to
discriminatebetweenalternatves. Oncea scripthasa suf®-
ciently high likelihoodof beingpursued(initial userstudies
have determinedoughlyappropriatevaluefor this but more
needto be performed)the systemcaninform the userthat
a script exists that can performtheir task much more ef®-
ciently or is closebut needsto be tailored slightly for the
users currenttask. The Bayesianearningcapabilitiesthat
will beaddedat a laterstagewill take theusers acceptance
or rejectionof thissuggestiomndgraduallyadjusthe PRNs
to the users preferencegthe rate of which will alsobe de-
terminedthroughuserstudies). This modeof operationis
almostfully implementedlackinguserpromptingfor assis-
tanceand ®nal integration of the action/erent “pipe” with
the PRE.

S5These are currently ascribed with certainty, but observations to
ASPRN can also be made as likelihood values.

®Evidence can be made at condition nodes as well but we have
not yet needed to do this.

"It is beyond the scope of this paper to describe how such a net-
work behaves for all observation patterns (e.g. those with irrelevant
or erroneous actions). For more details refer to (Huber, Durfee, &
Wellman 1994; Huber 1996).



Future Work

Thereremainsa large numberof future researchand im-
plementationissuesin additionto the possibilitiesalluded
to earlier For example, we have performedsomeinitial
usertrials with experiencedAWS userdo evaluatethe sys-
temin wholeandin part, mary moreaspectf the system
needto be evaluatedin more depth before actually ®eld-
ing it. For example,a numberof variationsand special-
izationsof PRN topographieand conditionalprobabilities
needto be explored to determinethe optimal con®gura-
tion for screenreadertasks. There are tradeofs in mod-
eling accurag and computationaleffort that must be ex-
plored to ®nd the correctbalance. Also, while we have
an internal object-orientedproceduralmodel, we have yet
to take advantageof recentobject-orientedprobabilistic
modeling research(e.g., (Barry, Laskey, & Brouse2000;
Pfeffer et al. 1999). Explicitly modelingtypical userde-
viations/errorgCalistri-Yeh 1991)couldalsobeusedto ad-
vantage

With respectto applicationdomains,our work to date
with the visually impaired hasfocusedalmostexclusively
on tasksthat are performedon the World Wide Weh Our
continuingwork will alsofocus on the vocationaland ed-
ucationalusesof the proposedsoftware involving off-line
applications.In addition,a formal experimentwill be con-
ductedto examinethe proposedsoftware's ability to reduce
thetime andcostassociateavith (1) makinga worksiteac-
cessibldor thevisually impairedand(2) traininga visually
impairedemployeeto useanaccessiblevorkstation.
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