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ABSTRACT

In our researclon Commonsenseeasoningwe have found

thatanespeciallyimportantkind of knowledgeis knowledge
thatrelatesto humangoals Thisis especiallytrue whenap-

plying Commonsensezasoningo interfaceagentswe need
to recognizegoalsfrom useractions(plan recognition),and

generatesequencesf actionsthat implementgoals (plan-

ning). We alsooftenneedto answemoregeneralquestions
aboutthe situationsin which goalsoccur, suchaswhenand

wherea particulargoalmightbelik ely, or the expecteddura-

tion to succes®r achiezement.

In pastwork on Commonsensknowledgeacquisitionusers
have beendirectly asked for suchinformation. Recently
however, anothempproacthasemeged—toenticeusersnto

playinggameswheresupplyingthe knowledgeis the means
to scoringwell in thegame thusmotivatingthe players.This

approachhasbeenpioneeredby Luis von Ahn andhis col-

leagueswhoreferto it asHumanComputation

CommonConsensus afun, self-sustainingveb-basedame,
that both collects and validatesCommonsens&nowledge
abouteverydaygoals. It is basedon the structureof the TV
gameshav Family Feudt. A smalluserstudygave promis-
ing results: users nd the gamefun, knowledge quality is
very good,andtherateof knowledgecollectionis rapid.

ACM Classi cation: H.3.3[INFORMATION STORAGE
AND RETRIEVAL]: InformationSearchandRetrieval; 1.2.6
[ARTIFICIAL INTELLIGENCE]: Learning

Keywords: knowledgeacquisition,commonsensagames,
goals,contexts,commonsensknowledgeretrieval

INTRODUCTION
CommonConsensus anon-linegame designedo motivate
usersto contribute Commonsensknowledgeaboutpeoples
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everydaygoalsto alargeknowledgebase A knowledgebase
of goalsandassociatedhformationwill sene asaresource
for intelligentinterfaceso modelthemotivationsandactions
of theirusers We seekto makethegameentertainingenough
to motivate playersto contritute, while making sureto get
knowledgethatanswerghequestionghatinterestusandthat
representsonsensuknowledgeaccordingto ourusers.

Collecting Commonsense Knowledg e from Volunteer s

A major disparity betweencomputersand humansis that
computersdo not have the vastresourceof everydayknowl-
edgethat we humansrely on to solve-problemsand com-
municate. Information suchas “people sleepat night” and
“doorscanbeopened’mayappeatrivial andimplicit to peo-
ple, but knowledgeaboutsuchfundamentapatternss absent
in standardcomputersoftware. The problemof acquiring
this enormoushody of knowledgeis known to the arti cial
intelligencecommunityasthe knowled@ acquisitionbottle-
ned.

The rst projectto work toward this goal was Cyc [9]; a
large, continuing effort to representand reasonwith com-
monsens&nowledgethatis input by knowledgeengineers.
Over a decadelater, the OpenMind [20] project demon-
stratedhatthelnternetcanbeusedor distributedknowledge
collection,particularlycommonsensknowledge,which, by
de nition, is non-epertandpossessely everyone.Subse-
quently mary similar projectshave beendeveloped[2] [8]
[22] that collect knowledgefrom volunteersand storeit in
variousrepresentationsThe OpenMindproject, for exam-
ple, maintainsthe knowledgein basicEnglishstatements.

Motiv ating Volunteer s to Contrib ute

If we expectto continuecollecting knowledgefrom volun-
teers,we mustfocuson waysto motivatethemto contribute
high-qualityknowledge[ 3]. Althoughwe have collectedsig-
ni cant knowledgefrom projectslike OpenMind,we arefar
from possessinghe billions of “piecesof knowledge” that
are estimatedto be involved with humanintelligence[16].

This challengeis exacerbatedby the fact that the number
of volunteercontributorstendsto drop over the life of the
project.

In 2004,von Ahn andcolleaguestartedouilding web-based
gameawhich senethedualpurpose®f acquiringknowledge
and providing entertainmento their users. Notable such



efforts include the ESP Gamefor annotatingimages[21];
Peek-a-boonmg gamedesignedor segmentingobjectsin im-
ageqd23]; andVerbosity agamefor collectingcommonsense
knowledge[22].

Goal-Oriented Commonsense Knowledg e

Having a large amountof knowledgeis just one part of
the commonsenseeasoningproblem: we also needgood
waysto retrieve, representaind reasonwith this knowledge
[15]. Particularly importantto retrieval and reasoningis
knowledgeabouthumangoals the desiredworld statesto
which plansare developedin orderto solve problems. In
knowledge-basedpplicationstherelevantbackgroundknowl-
edgeis a function of the currenttaskor goal. For example,
dependingontheusers goal,anMP3 le canbeviewedas:
a song,a singletrack for a mix, a sourceof information,or
incriminatingevidenceof piracy! Althoughtherehave been
a few attemptsto characterizehumangoals,like Maslown's
Hierarchyof HumanNeeds[13], to our knowledge,this is
the rst large-scaleattemptto collect and describea large
numberof everydaycommonsensgoals.

We planto usethe goal-relatecknowledgewe collectto im-
prove the retrieval of Commonsens&nowledge. A users
currentgoalscanbe usedto Iter irrelevant Commonsense
knowledgefrom alargeknowledgebase.Today mary appli-
cationsof Commonsensknowledgerely on relatively sim-
ple matchingtechniqueswvhen retrieving knowledge. The
simplestof thesefall back on Information Extractiontech-
nologiessuchaskeyword matchingandprobabilitiesof word
co-occurrencsuchasLatentSemanticAnalysisto matchup
goalswith statement®f their methodsand results. More
comple structuraltechniquegperformlimited kinds of rea-
soningover semanticnetworks, suchasthe spreadingacti-
vationreasoningn ConceptNef11], Case-BaseReasoning
andstructure-mappingnalogy Planrecognizerglsohave a
limited capabilityto recognizevhena sequencef actionsis
consistentvith thedesireto accomplisha certaingoal.

But in orderto do planrecognition,generationmonitoring,
anddeluggingover a wide spectrunof everydaysituations,
it is desirableto collect enoughexplicit knowledge about
goalsto reducethe burden of inferring every detail about
goal-orientedbehavior from rst principles. When asled,
peopleare often quite articulateaboutwhy they are doing
someeverydaytask,eventhoughthey typically leave outthis
knowledgein normaldiscourseThusanapplicationthatex-

plicitly asksuserdor goal-orientedxplanationscanquickly

amass largecollectionof goalknowledge.

Design Objectives for the Game

We developeda game CommonConsensughathasthefol-

lowing characteristicsl) providesentertainmento theusers
andthusmotivationto contribute;2) de nesthequality of an
answerby the numberof consentinganswersand3) avoids
corvergenceby replenishingseedquestionswith common
answers. In this sectionthesepropertiesare explainedin

moredetail:

Motivating volunteers to contribute knowledge Ourresearch
group's prior knowledgeacquisitionprojects[20] have the
problemof attrition: contributionsfrom volunteerstendto

diminish quickly over time. With CommonConsensusye
soughtwaysto motivate more usersto contribute and con-
tinueto contributecommonsensienowledge.Althoughcom-
monsens&nowledgeprovidersmaybein shortsupply Inter-
netgamingis tremendoushpopularandpeoplespendmary
hoursplaying web-basedjames.Recently researcherbave
attemptedo “tap” thishumanresourcdoy developingknowl-
edgecollectiongameghat are attractve to Internetgamers.
To motivateusersto contribute, we developeda competitive
multi-player gamewhere usersrace againsteachother to
contribute commonsens&nowledge. Usershave found the
scoringanduserinteractionelementf thegameenjoyable,
anda small userstudysuggestedhat mostsubjectsenjoyed
thegameandwould returnto compete.

Automatic knowledge validation by consensus Common-
senseknowledgebasedevelopedby volunteeramustantic-

ipate noisy data,which comesin the form of misspellings,
incorrectinformation, and, most commonly knowledge at

varying levels of detail. This granularity problemleadsto

knowledgethatis dif cult to reasorwith reliably. Thegame
structureof CommonConsensufherentlyprovidesa data-
validation mechanism:the scoresfor players' answersare
computedoy countingthe numberof otherpeoplewho con-

tributedthe sameanswer The more peopleagreeon a spe-
ci ¢ answerthemorecon dencewe havethatthis answeiis

valid.

Foursubjectevaluatedhedataobtainedduringtheusertest-
ing andall of theanswersvhereatleastonethird of all users
had enteredwere consistentlymarked as excellentanswers
for the question. This consensusnechanisntansene asa
way to screerdata.For example whenuserswerepresented
with the question:Whatare somethingsyou would useto:
cookdinner? their aggrejateanswergravitatedtoward the
superordinat@andbasiccategories[14]. The mostcommon
answergby thenumberof uniqueusers)vere:food (7), pots
(3), pans(3), meat(3), knife (2), oven(2), microwave (2)...
We alsocollectedspeci ¢ and atypicalanswersjike garlic
pressandobscureanswerslik e cansbut they hadalow count
(in this case,1). It shouldbe notedthatthereis a trade-of
involved with only usingthe popularanswers:mary good
uncommoranswersareneglected.

Goals as questions and answers: a continuous supply of
questions We are collecting rst-person goals, which we
de ne asa verb and at leastone object (e.g., “to write an
email”). Goalscanberepresenteth ahierarchywhereeach
goalmayhave parentandchildrengoals.A planis aspeci c
sequencef sub-goalsandeachparentgoal canhave mary
particularsequencesf sub-goals(plans). In otherwords,
theremaybe mary waysto satisfya goal (with the email ex-
ample:“open Gmail”, “use your Blackberry”areboth valid
sub-goals)andeachof thosewayscanbe expressedisa se-
riesof sub-goals.

The hierarchicalnatureof goalsallows us to askquestions
thatretrieve parentor childrengoals.Whenmary userssug-

gesta particulargoalasananswer(andit is in thein niti ve

form of the verb: to [verb]), that answeris recycledinto a

new seedquestion.



If the questionis too high level, too low level (i.e., actiong
like“grab; “see”and"“turn”) or is malformed,we have pro-
vided a way for usersto " ag' “bad questions™by clicking
on a button during the questioninground. The possiblyob-
scuregoalis thenmovedto atablewherewe canreview and
removeit if necessary

GAME ARCHITECTURE

The gamemodelis analogoudo the television gameshov

FamilyFeudwherecontestantareaskedto answera trivial,

open-endedjuestionand are rewardedbasedon the com-
monality of their answersOn the gameshaw, the scoresare
determinedby polling the audiencebeforethe shav; how-

ever, ourgamemodelcomputeghe scoredynamicallybased
on the answersfor the givenroundor, if therearetoo few

playerstheanswerdrom prior gamesareemployed.

Figure 1: This is the answer box where the user sub-
mits answers into a text box. Below the box, all an-
swers are listed, and next to them, the red bars appear
and change size to indicate how many other players
also have entered that answer.

Hereis anoverview of atypical roundof CommonConsen-
sus.First, asinglegoalis selectedrom a databasef goals.
Thegoalis embeddedhto oneof six questiontemplates:

1. Whywouldyouwantto X ?

2. Whatis something/oucando if youwantedto X ?

3. Whatis anothergoal similarto X ?

4. Abouthowlongwouldit taketo X ?°

5. Whatare somethingsyouwoulduseto X ?

2|n this framawvork, anactionis justa sensorimotogoal.

3This questionis a specialcase:only one answercanbe selectecandthe
mostcommonanswer‘wins.”

6. Whee are someplacesyouwould X ?

The rst two questionsaredesignedo accumulatgarentand

childrengoalsfor agivengoal. Answersto thethird question
provide orthogonatonnectiondetweergoals.Certaintypes

of answersto thesequestionsare recognizedas candidates
for usein futurequestions.

In gure 1, userswere asled to describeobjectsrelatedto
the goal “watcha movie!” Usersareencouragedo supply
as mary answersas possible. Only uniquestringscan be
enteredand userscannotenterthe sameanswertwice. Af-
ter eachansweris enteredijt is comparedwith the otheran-
swersto seeif anotheuserhasenteredhesameanswer The
playerrecevesimmediatefeedbackn theform of a expand-
ing redbarthatindicateshow mary otherusershave entered
thesameanswer

Scoring Answers: ldentifying the Most Common Knowl-
edge

After thetimer haselapsedeachuserrecevesascore(asum
of the numberof uniqueuserswho provided the samean-
swer)andall of the answersand scoresare displayed(see
gure 2). Whenthreeplayersor fewer areplaying, answers
from prior game-roundsreusedasstockanswers.

Figure 2: This screen displays the points a user has
earned for that round. Answers are grouped into cat-
egories by semantic similarity, and each answer has
its own row. Scores are calculated by the number of
unique users who have voted for category of answer.

Determining Semantic Similarity in Answers We took apre-
emptive measureagainstuser frustration by designingthe
gameso thatvirtually identicalanswersvould be scoredas



thesame.To this end,we built a programthatquickly deter
mineswhethertwo sentencesre “the same”or not* Sim-
ilarity is a vagueconceptthatis dif cult for both manand
machineto asses$4]. With the primary considerationbe-
ing speedand performancepredictability we regardedtwo
stringsasthesaméf, afterremoving stopwordsandexpand-
ing contractionsall wordsareidenticalor sharea common
lineagein WordNet's inheritancehierarchieg7]. .

Why collect goals?

We are representingour goalsin a hierarchicalstructure,
whereeachgoal can have parentgoals, children goalsand
sidewvays“analogousgoals”. Otherinformation,suchasre-
latedobjects]ocationsanddurationcanbeattachedsprop-
ertiesof thegoals.Herearesomeof thepotentialusedor this
sortof knowledge:

Identifying goals from context, and context from goals Plan
recognitionandplangeneratiorareimportantcomponentsf
Commonsenseeasoning Systemshatplanor infer ausers
goalwould bene t from having knowledgeabouthow goals
arerelatedandthe characteristicsf thesegoals.

Roadi€g[10] is anintelligentuserinterfacefor consumeelec-
tronicsbasedninteractingabouttheusers goalsratherthan
the speci ¢ functionsof the consumeeelectronicsdevicesit
controls. Roadiecontainsboth a plannerfor mappingfrom
goalsto proceduresnda planrecognizerfor mappingfrom
proceduralstepsto possiblegoals. The usercan expressa
goal in naturallanguage for example,“l wantto recorda
song”. The systemconstructsa set of context-dependent
stepsthat canaccomplishthe goal, displaysthe stepsto the
user andinsofar asis possible software controlling the de-
vices can perform stepsautomatically Roadiecanalsore-
trieve goalsfrom device interactions:Turning on the power
to a DVD playerindicatesa possiblegoal of “watchinga
movie” or “listening to a CD”. Furtheractionsby the user
constrairthe possibleinterpretation®f the actions.

Application context providesa natural Iter for relevance.
For example,in the CommonConsensusxampleabove, the
useris asledwhatyou needto watcha movie. Answerslike
“a DVD player”or“a videocassetteecorder'wouldgenerate
possibilitiesfor Roadieto interpretthe“watchamovie” goal,
but “popcorn” doesnot, becauseRoadieintersectsits goal
knowledgewith its knowledgeof consumeelectronics.

Creo/Miro/Adeq[6] is asetof browsertoolsthatallow users
to recordgoal-orientedMeb proceduresisingProgramming
by Example.They useCommonsenseeasonindor thegen-
eralizationstepnecessaryo abstractway a procedurdrom
particularexamples.Miro recognizeshe occurrencef pos-
siblegoalsonaWebpagethatcanbesatis edby procedures
recordedwith Creo.

Constructing a model of common human goals We believe
an extensvie resourceof everydayhumangoalswould be a
greatasseto areaswithin thearti cial intelligenceandcog-
nitive sciencecommunities. Thereare a lot of interesting
guestionsthat could be investigatedwith sucha resource:
How differentlydo peopleplan? We couldlook athow mary

4http://webmedia.mit.edu/ dusin/Pair-A-Phrasel.0.targz

usersagreeon the sub-goalshey suggest.How do people

categgorizeand classifygoals;in whataspectsare two goals

“similar"? Looking at the ways userssuggestanalogous
goalswould helpshedlight onthesequestions.

Goalknowledgeis alsocritical for applicationsvhich model
the attitudesandbehaiors of a useror community We can
usetheserepresentationsf mary users'goalsto build acar
icatureof a community’s goalsand problemsolving strate-
gies. Having arich goal structuremay prove a goodway to
modelsimilaritiesanddifferenceamongcultures,andeven-
tually, amongindividuals (for example,by comparingtheir
goalsagainstprototypicalcommonsenseodels). Having a
rich usermodelwould be usefulin customizingplans(i.e.,
planningto accommodatenultiple goalslike “to save time;
“to save moneg/”) and predictinghow a usermay reactto a
situation.

Using goals to retrieve context-sensitive plans Common-
sense&knowledgeis defeasableSimilar to theintendedsense
of anambiguousvord, thetruth of agivenassertiordepends
on the context in which it is used[12]. Whensolving ev-
erydayproblemsin a changingernvironment,it is usefulto
attachknowledgeto “affordances:"how the knowledgecan
be used,andwhich goal stateghatknowledgeis helpful for
moving towards.

Thewholeof commonsenseasoningnvolvessolvingmary

small problems,and having a taxonomyof goalswould be
useful for classifyingproblemsand coordinatingproblem-
solvers. The waysto accomplishthe goal watch a movie
variesgreatly dependingon surroundingcontext, for exam-
pleif youwereon a dateversusanairplane.Having knowl-

edgeof the possiblethingsandplacesassociatedavith a goal
is a steptowardsrecognizingthe contextual informationfor

thatgoal.

Reasoning with meta-knowledge about goals Knowledge
abouta goalcanbe usefulevenwhenthe systemhasno way
to achieve that particulargoal. Meta-information,suchas
thetypical time it takesto completea goal,canbe usefulfor
applicationsuchasintelligentcalendar$17] andto-dolists.

EVALUATION
User Interactions: Was it fun?

An 11-persoruserstudywas conductedo surwey whether
usersenjoyedplayingthe gameandwereaskedto comment
on their overall interactionin the context of an entertaining
experience Theusersall playedeachotherfor 20to 30 min-
utes(30to 45 roundsof questions)andthenweredirectedto
completea userinteractionsurey with optionalcomments
andfeedback.

From the feedbackwe collected,10 of the 11 subjectsen-
joyedplayingthegameand8 claimedthey would play again.
Most usersidenti ed the multi-userinteractionasthe most
entertainingaspectof the game. One user suggestedhat
the anxiety producedby the timer could contribute to more
spellingmistales. Overall, we weresatis ed with theusers'
reactionsandin the nearfuture we planto openthe gameto
alargeraudience.



Assessing the quality of the data

After the 11-persorstudywascompletedwe hadcollected
549 unigueanswersout of a total 800 answers On average,
eachroundcontributedatleast18 answersor 27 perminute.

To assesthequality of the11-persordata,wetookarandom
sampleof 40 answersand asked four otheruniquesubjects
to judgethe answersn relationto the questions.In our ex-
perienceagreemenamongthe judgesis typically high, soa
large numberof subjectss not neededor this phaseof the
evaluation.All of theanswerghatwereenteredndividually
by atleast3 userg(36.7%)of wererankedas“excellent” an-
swersby all four judges. Unfortunately useranswersonly
overlappedn a small percentagef the answersand mary
of theansweravith asmallnumberof voteswherewerealso
considered‘excellent” by all four judges. Here, a larger
scaleusertestwould signi cantly reducethis problem, as
lower-priority answersvould garnemmorevotes.

31.4% of the answerswere contributed by more than one
user After testingthe sample we hypothesizedhatall an-
swerswhereat leastone-thid of the usershadagreedupon
would be highly ranked by the judges. Therewere 39 such
answerspor 7% of all uniqueanswerswhich we asled the
samefour judgesto rank. Consistentvith our hypothesisall
39 of theseanswerswere ranked as “excellent” by the hu-
manreviewers. In the public releaseof the game,we plan
to extendthe length of the questioninground so that more
overlappinganswersareaccumulated.

RELATED WORK

The mostcloselyrelatedwork is Von Ahn et al.'s gamefor
collecting Commonsens&nowledge, Verbosity [22]. As
mentionedabove, we were inspired by their more general
researctprogramHumanComputationwhich ervisionsus-
ing multiplayergamedor knowledgeacquisition.Verbosity
usesthe structureof the parlor gameTabooto encouragea
pair of playersto input generalCommonsenséacts. Com-
mon Consensuss more focusedon the speci ¢ areaof ac-
quiring knowledgeaboutgoals,ratherthanfactsin general.
Indeed oneof thetemplatesn Verbosity “X is usedfor Y”,
doesoftenelicit goals,andsomeof ourtemplatesouldalso
be importedinto Verbosity Oneproblemwith Verbosityis
thatthe prohibition of thetaboowords,the centralconstraint
of the game,also hasthe effect of discouragingthe most
straightforvard way of expressingthe knowledge, thereby
introducingartifactsinto the resultingknowledge. Lik e the
ESPgame[21], but unlike Verbosity CommonConsensus
encouragethe userto explicitly chooseanswerghatmatch
whatthey expectananorymouspersorto say ratherthanjust
arything thatcountsasa true answerto the question.It thus
ensureghat usersare motivatedto respecthe “commonal-
ity” of knowledge.

The website43Things.comalso collectsgoalsfrom users,
andin turn it providesa way for usersto nd otherusers
who have the samegoals,evenif they are uncommon.We
have found mostof 43Things.coms goalsto betoo abstract
andhigh-level for the type of everydayknowledgewe wish
to collect. For example,this websitehasgoalsof the nature
“spendmoretime with family,” and“make adifferencen the
world” which containrich informationabouthumanvalues,

socialandself knowledge,but arefar from the foundational
level of everydayactities we arecurrentlyinvestigating.

The Human Computationparadigmfor collectionof Com-
monsens&nowledgewasrecentlyappliedin a gamecalled
TheFACTory, aJavaappletonCycorp'sWebsite®. It presents
arandomlychoserfactfrom Cyc'sdatabaseg.g.“Earachds
a symptomof conjunctvitis”, andasksthe userwhetherit is
true,false,don't know, or doesnt make senselnterestingly
thegamecanactuallydisagreewvith you, in thecasethatyour
answerdiffers signi cantly from the majority of otherusers
or a high-con denceanswer The FACTory is intendedasa
single-(human)playegame with the otherplayersonly im-
plicitly andasynchronouslyepresenteésthe Cyc consen-
sus.

More generally CommonConsensusoucheson the areaof
KnowledgeAcquisitionin Al [1]. Muchof knowledgeacqui-
sition, asit hasbeentraditionally performedin ExpertSys-
temsandKnowledge-Base®&ystemsis concernedvith elic-
iting from informantsproblem-solvingrationaleas well as
speci ¢ contet-dependenactions. Understandinghe goal
of theinformantis centralfor theknowledgeengineeto g-
ure out how to representhe informant's expertisein rule-
basedorm, andhow to generalizeheinformant'sexperience
from a speci ¢ situation. However, knowledgeacquisition
work hastraditionally beenperformedin highly specialized
domainssuchas medicineand engineeringand little work
hasbeendonein acquiringgeneralgoal-baseanodelsof ev-
erydayactiities. Recentwork on Web mining of Common-
sense&knowledge[5] and[19] alsoholdsoutthepromisethat
someknowledgeof goalscould be inferredindirectly from
Webmaterialintendedfor humanreaders.

Therehave beenalsoseveralattemptgo theoreticallymodel
therelationshipbetweergoalsandactions for example Belief-
Desire-Intentiormodels[ 18] in multi-agentsystemsanddi-
aloguemodelsin naturallanguageprocessing. Again, our
emphasisereis on collectingknowledgethatcouldthenbe
reformulatedo sene asinputto suchmodels.

Commonsens&nowledgebasessuchas OpenMind, Cyc,
and ThoughtTeasurealready contain considerableknowl-
edgeabout everyday goals and actiities as as a result of
their generalkollectionof Commonsensknowledge.Open-
Mind'soriginal“activities” (templateshatsenedasprompts
for knowledgeenterersjncludedseveral that, lik e the tem-
plate“X is usedfor Y”, tendto (but not always)encourage
the userto expressgoals. It wasour desireto expandupon
theseandharnesghe power of gamingthatled to the devel-
opmentof CommonConsensus.

CONCLUSION

1. Why would youwantto collectknowledg aboutgoals?

 To createbetterintelligentUserInterfaces(3)

 Improve our ability to do Commonsenseeasoning3)
« Understandwumanthinking better(3)

e Havefun(3)

Shttp://game yc.com



2. Whatis somethingyou cando if you wantedto collect

knowledg aboutgoals?

 CreateagamecalledCommonConsensu$3)
» Give CommonConsensus someuserso play (3)
» Use CommonConsensugnowledgeto build betterin-

terfaceq(3)

» Write a paperaboutCommonConsensug3)

3. Whataresomeplacesyou would collectknowledg about

goals?

* MIT Medialab (3)
* Ul 2007(3)
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