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Abstract

We havedevelopeda virtual fishtankin which computer
uses are representecby animatedfish. The actionsand
interactionsof the fishin the tank are meantto reflectthe
actionsof uses in thereal world. Our first attemptat cre-
ating a programmingervironmentthat allowed peopleto
customizetheir own fish did not work very well because
usess did not want to explicitly write programsto control
their fish. Maintainingthefishtankmetaphorwe attempted
to solvethis problemby havingusess teachfishratherthan
write code We borrowedideasfrom the literature on pro-
gramming by demonstation and developeda methodof
programmingby conditioningin which uses demonstate
behavios and alsoreward (or feed)fish that are behaving
appmopriately Revardsgiveusestheability to definehigh-
level behavios (setsof specificmovementsland comple
relationshipsbetweersituationsandresponses.

1. Introduction

Thefishtankis a virtual spacen which peopleandpro-
gramscanberepresentedsanimatedish. This spacewas
initially conceved asa fun way of representingpeoplein-
volvedin a synchronoughatsession.Onceimplemented,
however, thefishtankbecamea generaframenork for sup-
porting groupawarenesandgroupinteraction[1]. In gen-
eral, fish in the tank canrespondto external events(e.g.,
tapsor mouseclicks on the screen)andto internal events
(e.g., the presenceor motion of other fish or objectsin
the tank), and can also generatenew events(e.g., moving
from one point to anothey or delivering a text messagéo
the tank). We have obsenred that the tank is especially
compellingwhendisplayedon a large screerwith atouch-
sensitve surface(seeFigurel).

A fishcanbethoughtof asasocialproxy[2]. Thatis, an
individual fish canstandin for anindividual personwhen
interactingwith otherswho are“in the tank” at the same
time. Suchfish are social proxiesto the extent that their

Figure 1. A user tapping on the large-screen
fish tank display in our lab.

behaior in the tank corveys aspectsf their behaior in
the real world. For example,whena group of peopleare
actively encgagedin a cornversation their fish might school
together following eachotheraroundin the tank. But if a
particularpersonis not actively involvedin chattingor oth-
erwiseinteractingwith othersthis personsfishmightswim
away from otherfish in the tank. The mereappearancef
afish in the tank might signify a persons availability. In
theseand otherways, the fish, their appearanceandtheir
behaior canall be usedrepresenandaffect whatis actu-
ally happeningamonga groupof people.

We have tried to keepall aspectof the tank within the
metaphorof fish swimmingaroundin atank (cf. [3]). For
instance peopleinteractwith the systemby tappingon the
screenand peopleare representedby whatlook like fish,
and the fish move or swim in distinctly fish-like ways—
thereareno menusscrollbars,or windows. Of coursewe
have hadto take somelibertieswith the metaphor;for in-
stancepurfish cantalk, whichis corveyedby little bubbles
of text that float upward from their mouths. In ary event,



we believe therearemary benefitsto sticking closeto the
fish tank metapharincluding simplicity of interactionand
leveragingpeoples ability to gain useful, high level infor-
mationaboutthe stateof the group by simply glancingat
the tank. Perhapsmore importantly we believed that the
fish metaphomwould enablepeopleto be creatie in deter
mining how their fishlook, move, andbehae.

1.1. Fish ProgrammingisHard

We createda Java-based-ish DevelopmenKit for peo-
ple to implementandprogramtheir own fish. This FishDK
allowed programmerso specializea Fi sh classto control
afish’s appearancandbehaior. To do this, a fish devel-
operwould write codeto handlevariouseventssuchastaps
on the screen,to navigate the tank with the help of a li-
brary of geometryfunctions,andto interactwith otherfish
with thehelpof aninternalfish positionandvelocity model.
Programmersvereleft ontheirown to figureouthow to de-
terminea persons statein theworld (e.g.,basedon email,
motion sensorstelephonesetc), andhow to representhat
statethroughfish appearancandbehaior.

Our hopewasthat the fish tank would provide a space
in which peoplerepresentethemselescreatvely andfos-
teredgroupawarenessandinteraction. The succes®f the
tankdependon groupmembers’abilitiesto programtheir
own fish. Yetevenfor ourcomputeiscienceesearchyroup,
fishprogrammingurnedoutto befar moredifficult thanwe
hadanticipated.Thougha coupleof us hadgreatfun writ-
ing fish, few peopleoverall found the enegy andtime to
write the codeto respondto fish tank eventsandto move
fish aroundthe tank. We wereleft wonderinghow to make
fish programmingeasier

In what follows, we describeour newv approachto fish
programmingfirstin generatermsandthenmoreformally.
We have adaptegrogrammingoy demonstratiotio thefish
tank, adding the notion of rewardsto reinforce behaior.
Our contrikution lies in the applicationof the generalend-
userprogrammingapproachto this domain,aswell asin
our novel useof rewards. In addition,we discussour end-
user programmingapproachin the contet of developing
fish that act as social proxies, cornveying formation about
the stateof theuserby theirappearancandbehaior in the
tank.

2. Fish Programming by Conditioning

Our primary goal is to enablepeopleto createfish that
canactassocialproxies,corveying somethingabouta per
sonsstatethroughappearancandbehaior, andsupporting
naturalinteractionswith othersin the tank. Following the
fish tankmetaphoyrwe beganto conceve of “programming
a fish” as“teachinga fish”. The experienceof training a

fish to behae oughtto be somavhatlik e the experienceof
trainingarealanimalor pet,requiringbothdemonstrations
andrewards. Onemight wantto teacha fish to follow an-
otherfish,to swim“aggresasiely,” to swimin an“SOS” pat-
tern,andsoon. In thesecasesit might make sensdo shov
the fish how to move, andthento feedthe fish whenit be-
havesappropriatelyBecaus@urnew fishprogrammingap-
proachcombinesdemonstratiorwith revardsmuchasthe
operantonditioningof behaiorist psychologywe call our
approactprogrammingby conditioning(PBC).

Like training an animal, programmingis an attemptto
transfera modelof actiity from onesystem(e.g.,thehead
of the traineror programmer}o another(e.g.,a dogor a
computersystem).Unliketrainingananimal,programming
by writing coderequiresusinga definitelanguagehatboth
programmerand computerunderstandwhich meansthat
programmeandcomputersystemneednot assumeor infer
arything aboutwhatwasmeantoy somespecifictermor ac-
tion. Like trainingananimal,programmingoy demonstra-
tion requiresthe computersystemto infer whatwasmeant
by the specificactionstaken, asthe sharedanguagdeaves
muchunstatedIn the caseof trainingafishin ourtank,for
example, whendemonstratingbehaior suchasmoving to
theleft, thefish mustnot only determinethe direction, left,
but alsothe conditionsunderwhich to move left, suchas
whenit reachesa certainhorizontalpositionin the tank or
whenthereis anotherfishimmediatelyto theright (cf. [4]).
Consideredhis way, teachinga fish by demonstratiomuns
into all the familiar programming-by-demonstratiqorob-
lemsof generalizingrom examples(e.g.,[5]). By adding
rewardsto programmingby demonstrationye believe we
have a novel way of facilitatinggeneralization.

2.1. Why Programming by Conditioning?

Our PBC approachimproves programmingover our
original Fish DK along two dimensions: abstractionand
programmeexperienceseeFigure2.1). First, the abstrac-
tion level movesfrom concernsof absolutepositioningto
thoseof relative positioningandthento aggreation of re-
sponse@to large-scaldehaiors. Secondtheprogrammer
experiencechangedrom writing codeto direct manipula-
tion of thefishandthenfinally to training. We now consider
thesetwo dimensionsn moredetail.

Shaowvn alongthe vertical axisin Figure2.1, “program-
mer experience”refersto the way in which the usersex-
presshow they wanttheirfishto behae. We chosethisterm
by analogyto “userexperience€, asusersandprogrammers
arethe samein this context. At oneextremeis goodold-
fashionedcoding, which involveslearninga programming
language developmenttools, andthe fish applicationpro-
gramminginterface (API). In the middle is programming
by demonstrationwhich for thefish tankmight involve di-
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Figure 2. How to improve the fish program-
ming experience .

rectly manipulatingthefish to indicateactions.The system
would usetheseexamplesto creategeneralrulesto spec-
ify how thefish actsin the tank. Correctingor reinforcing
behaior might be doneby providing additionalexamples.
Finally, atthe otherextremeis PBC,which addsthe notion
of “reward” to programmingby demonstrationThis allows
the userthe opportunityto cementbehaiors that the fish
hascorrectlyinferredandexecuted.

The horizontalaxis, “level of abstractiori, refersto the
kinds of conceptrogrammersanexpressto the system.
At one extreme, positionsand actionsin the tank are re-
ferredto in absoluteterms(e.g.,move from coordinatea, b
to coordinatec, d at velocity v). This hasthe advantageof
beingsuccinct,but in mostcasesds not how a programmer
would think abouta fish’s actions. The next level refersto
motion relative to other objects,or to responseso events
(e.g.,move towardawall, or move away from anapproach-
ing fish). This abstractiorievel mightbesufiicientfor mary
tasks,but it restrictsthe userfrom referringto sequences
of actionsthattogethemake up a large-scaleébehaior. In
the fish tank, the highestlevel of abstractiorrefersto ag-
gregationsof actionsor responses—speakimijyectly about
large-scalebehaiors (e.g.,a usermight wanta fish to “be
afraid” of anotheifish).

As mentionedwe arefollowing the fish tank metaphor
to discover whetherit malessensdor usergo programfish
in the sameway thatthey usethefish tank[6]. Peoplepro-

gramfish by directly moving themaroundthe screenpro-
viding anexampleof appropriatebehaior. Of course this
strainsthe metaphorf the fish tank—Hut only alittle. Af-
ter all, peoplecantrain dogsto sit by pressingdown on
thedogs’backs.Therelationshipbetweerthemanipulation
andwhatthefish shoulddois atthelowestlevel of abstrac-
tion: if thefishis in positiona andthe userdragsthe fish
to positiond at velocity v, thenthe next time thefish is in
positiona it shouldmave to b at velocity v. Unfortunately
thingsbecomemorecomplicatedvhenattemptingo gener
alize the conditionsunderwhich the fish shouldmove this
way, aswell aswhatit meansto move “this way”. The
usermight want the fish to move away from anotherfish,
or the usermight want the fish to move to a specificspot.
It is not easyto seehow the usercan expressthe former
by directly moving the fish. As a result, programmingby
examplemustrely on the systemto male inferences.Our
third level of abstractionthe ability to characterizendre-
fer to setsof responsesr actions seemainattainablaising
only the constrainingmechanisnof dragging. This is why
we introducedrewards.

Thereward mechanisnenabledhe userto interactwith
thefish ata higherlevel of abstractiorbecause¢he rewards
refer generallyto how the fish hasbeenbehaing rather
thanspecificallyto a certainaction. For example,if a user
wantsa fish to be “shy” he or shecanreward it after sev-
eraleventsin which thefish swimsslowvly andswimsaway
from otherfish, thus associatinghesetwo responsesnd
makingit morelik ely to correlateheseactionsin thefuture.
Onedrawbackof the conditioningapproachis thereliance
onserendipity—thatheuserwill obsere fish performinga
sequencef actionsthatoughtto bereinforced.

3. New Fish Programming M odel

The userprovides a fish with examplesof actionsand
with positive rewardsfor sequencesf actions. By paying
attentionto thesedataandwhenthey aregiven,afish ought
to be ableto (1) generatenew actionsthat are like those
given in the examples,and (2) combineactionsin a way
thatis like theactionsequencethathave beenrewarded.

3.1. Givea Fish an Example

Peoplewho usedour original fish tank often wantedto
dragtheir fish aroundwith the mouse(or equivalently, with
their fingers when using a touch screen). This intuitive
action seemedhe obvious sort of thing to leveragewhen
addingend-useprogrammingsupport. Thus,we allow the
userto watchtheactity in thetankand,atary time,draga
fishto wherehe or shewantsit to go. For instancetheuser
might dragit toward anotheffish if the userwantsonefish
to follow the other



More precisely the exampleprovided by the useris in-
terpretedas moving the fish from aninitial to afinal loca-
tion in thetime periodbetweerthe mouseclick andmouse
releaseevents. The fish recordsthe nbve actionandthe
initial st at e. In the caseof nove, the actionis simply
a velocity in a particulardirection. The st at e is a snap-
shotof all attributesthefish canpayattentionto in thetank.
A st at e is comprisedof the relative motion of all other
fish andthe walls, aswell asthe currentlocationand mo-
tion of itself. Thesearereferredto asat t ri but es of the
st at e. Most attributes,suchasvelocity, take on numeric
values. To facilitate generalizationgextra attributescanbe
added;for example,thereare attributesfor the relative ve-
locity of “the left wall” and“any wall”. Likewise,the state
could containinformationaboutthingsoutsideof thetank,
suchasinformationaboutthe useror aboutthe weather In
additionto stateattributes therearefishtankevent s, such
aswhenausertapson thescreeror whenafish changegli-
rection.A historyof theseeventsareincludedin thest at e
information, eachassociatedavith relevancescoresthatdi-
minishovertime.

A fish remembergachexampleit is given. Over time,
a fish develops a library of examples. By continuously
comparingthe currentstatein the tank to this library, the
fish candeterminewhenandhow to react. This library or
exanpl e-t abl e lookslikethis:

Sl — Al
S2 — A2

The exanpl e-t abl e mapsfrom states S to ac-
tions A. Bothstate andacti on arerepresentecs
tablesof attribute-\aluepairs:

al = U
az = V3

An acti on may include the valuesfor the attributes x
andy of the new direction/\elocity vector A st at e may
containmary attributesincluding, for instance the direc-
tion/velocity vectorfor every otherfishin thetank.

3.2. How Fish Generalize

Whennot recordingexamples a fish continuouslysam-
plesthe stateof thetank. Thefish needgo respondo situ-
ationsthatarelike theinitial statesof the storedexamples.
Oneapproachmight be to simply compareall attributesof
the currentstateto all attributesof the example statesto
find caseswhereall of the attributes match. This might
work well preciselyin thosecircumstancesvhenthe cur-
rent statematchesan examplein the table, but this would

happerrarely And, moreimportantly this is probablynot
whattheuserwantedo corvey. For instancetheusermight
mean“when nearthe wall” ratherthan“when in position
x,y goingatvelocity v with left wall at distanced andfish
1 in positiona, b and..”

Our fish generalizatiorprocessworks by groupingsets
of examplesaroundtheattributesthey havein common.For
instanceall examplesin which afishis moving awvay from
a particularapproachindish will be groupedtogether We
maintainthegroupingsof examplesasedn stateattributes
inthegeneral i zat i on-t abl e:

a — Gl,GQ,...

U !
az — G1,Gy, .

whereay, ... representsll the attributesof a st at e and
eachG representa gener al i zati on. A general -

i zat i on is composedf asetof exanpl es [E,...]. The
exanpl es it containsare similar to eachother with re-
spectto the associatedttribute. The meaningof theterm,
“similar” will dependon the particularimplementation—
for example,one could divide the rangeof possiblevalues
into 10 bucketsanddropeachexampleinto theclosestone.
Eachexanpl e occursexactly oncein eachrow.

Whena fish examinesthe attributesof the currentstate
of thetank; it triesto find appropriategeneralization$G;)
inthegener al i zat i on-t abl e for eachattribute (a;).
There may or may not be a general i zati on corre-
spondingto the currentvalue of a particularstateattribute.
If ary general i zati ons arefound, then the current
stateresembles setof examplestateswith respecto one
attribute. If mary gener al i zat i ons arefound,thenthe
currentstateresemblesnary setsof examplestateswith re-
spectto mary attributes. If, for instance several examples
shaved the fish moving away from a particularfish, and
severalothersexamplesshovedthefish moving away from
the left wall, thenthe currentstatemight be that the fish
is nearthat particularfish and is nearthe left wall. In this
casetwo potentiallyappropriategeneralizationfiave been
found.

3.3. How Fish Decide What to Do

A fish must chosean actionin response€o its current
circumstancesRecallthateachgener al i zat i on con-
tainsasetof exanpl es, andthateachexamplecontainsa
st at e andanact i on. A fishoughtto actlikeit hasbeen
taughtto act—takingactionsthataresomeha basednthe
examplesit hasbeengiven. In this contet, we usearather
literal interpretatiorof like: We defineanopt i on-r ange
asasetof attribute-\aluepairsin whichtheat t ri but es
areidenticalto thosefor anaction,but in which the values



specify ranges of possiblevaluesthat representhe vari-
ation of valuesin the examplesgiven. For example,the
opti on-ranges thatcorrespondo thegener al i za-

ti on of “being nearthe left wall” would allow for much
leeway in moving up, moving down, andmaving right, but
would exclude moving left. An opti on-range canbe
thoughtof asthedisjunctionof theact i ons from eachof
theexanpl es inageneral i zati on.

Thus,for eachgeneralizationafish computes rangeof
options. If thereis only onegeneralizationthena new ac-
tion canbeeasilybasednthatrange.ln ary event,to create
a new action, the fish cansimply chooserandomnumbers
for eachattribute boundby the minimum and maximumof
the range. To take into accountmore thantwo examples,
the fish canusea probability distribution in which greater
weightis givento the partsof the rangethat correspondo
moreexamplesit hasseen.

3.4. How to Reconcile Ranges of Options

If morethanonegeneralizatiortontainsanattributethat
correspondso the currentstate thesecompetingsituations
must reconciledby meming their opti on-ranges. A
trivial solutionwould be to pick one at randomandthrow
theothersout. A morerealisticsolutionwould be basedn
theintersectionof theopt i on- r anges. For example,it
might be easyto melgeopt i on- r anges whenafishis
moving into a cornerof thetank. In this casethefish might
be nearboththe left wall andthetop wall. Theopt i on-
range for the generalizationof being nearthe left wall
of the tank might be move up, move down, or move right.
Theopt i on- r ange for thebeingnearthetop of thetank
might be move left, move down, or move right. Takingthe
intersectiorof these we seethatthe fish canmove right or
move down.

Reconcilinggeneralizationsgs more difficult whenthe
intersectionof opt i on-r anges yields no action. This
might happen,for example, if one generalizatiorsaysto
flee from a fish, but anotherpusheshe fish into a corner
In this case,oneopt i on- r ange mightallow only mov-
ing left, andanotheronly moving right. They aremutually
exclusive. Of coursethisis areal problemthatcould only
be avoidedby alittle planningor preparationput for sim-
plicity ourfish only reactto events.In this case acoupleof
heuristicsmight help: (1) favor theopt i on- r ange with
theleastvariation,(2) favor theopt i on- r ange thatpre-
scribeghegreatestelocity, (3) pick oneatrandom.

3.5. How Fish Decide When to Act
Choosingwvhento actcanbeasdifficult aschoosinghowv

to actin someprogramming-by-demonstraticystemg4].
In ourapproachhowever, it is trivial. After afishcomputes

anopti on-range, it checksto seewhetherthe last ac-
tion was containedn thatrange. If it is not, thenthe fish
choosesandexecutesa new action. In otherwords, a fish
only reactswhencircumstancelave changed.

3.6. GiveaFish aReward

Whena userobseresa fish performingsequencef ac-
tionsthathe or sheapproesof, the userrewardsthefish by
feedingit. For example,if the fish fleesfrom otherfish a
few timesin arow, the usercandrop somefood next to the
fish, encouraginghefish to be shy. In additionto reinforc-
ing theactionthefish hadjusttaken,our rewvardmodelalso
reinforcesthe associatiorof recentactionsto increasethe
chancethatthey occurin sequencen the future. Rewards
arehow the usercommunicatespproval of anaggreation
of actions(alsocalledabehavio).

Internally, rewards are assignedto general i za-
ti ons in the form of incrementinga wei ght w—thus,
gener al i zat i ons really consistof asetof exanpl es
and a wei ght . The higherthe wei ght , the more the
opti on-range correspondingto that general i za-
tion will weighin theacti on chosen. This wei ght
value is particularly helpful in situationsin which two
opt i on-r anges conflictwith eachother astheonewith
thelowerwei ght canbediscarded.

Uponreceving areward,afish considersts mostrecent
act i ons andincrementsthe weight of the gener al -

i zat i on onwhoseopti on-range thatacti on was
based. The assignediei ght is inversely-proportionato

the time betweenactionandreward. So the weightis in-

creasednuchmorefor an actionthatoccurredonesecond
prior to the reward thanfor an actionthat occurred8 sec-
ondsprior. For instance the time-weightcurve probably
oughtto be exponentialratherthanlinear, droppingto near
zeroafterabout10 seconds.

Anotherpossibilityis thatseveralgener al i zat i ons
contrikute to the final opti on-range. This is easyto
deal with: the weight can be incrementedproportionally
to the similarity betweenthe opt i on- r ange associated
with eachgeneral i zati on and the final opti on-
range.

In addition to evaluating generalizationsrelative to
one another rewards also increasethe likelihood that
generalizationswill group togetherin a sequence. To
achieve this, a list of generalizationsand weight pairs
(thegeneral i zation-hi story-1i st)isaddedoa
generali zati on:

G:[E,..],w (G w',...)

whereG’ mightbeary othergener al i zat i on, includ-
ing G itself, however eachG canonly occuroncein this
list. In additionto incrementingheweightw of G, rewards



incrementthe value of w’ for G’ whereG’ is the general-
izationusedin the previousaction.If mary generalizations
wereinvolved, this canbe handledasdescribedreviously.
Considerthe casein which a fish chooses new action
basedon mary generalizationsG, ...]. The fish looks up
thepreviousgeneralizatiorz’ in thegener al i zat i on-
hi story-1ists for eachG. If it finds G’ in thislist, it
incrementgheweightit is associatingvith G' by anamount
scaledinversely with the time since the previous action.
This augmentedveight is thenusedto favor that general-
izationover otherswhenchoosinganaction.
Thecombinatiorof examplesandrewardsallowsthefish
to associatehainsof actions.Theseassociationgareestab-
lishedby rewardinga fish whenit executesan appropriate
sequencef steps.Sucha sequencenight correspondo a
large-scalesophisticatedehaior, suchaschasinganother
fish, ratherthanto low-level action,suchasmoving left.

4. How Fish See People

We have focusedon a modelof how a fish canlearnto
behae wheninstructedby a personthroughexamplesand
rewards.As mentionedhowever, our largergoalis to make
afish’s behaior reflectthe stateof a user Doing so poses
two problems:(1) how to find outaboutthestateof theuser
and(2) how to malke thefish reactto this state.

Therearemary waysto instrumentanofficeto revealin-
formationabouta users state.For example,onecanlook at
incomingandoutgoingemail,to whomsomeonas talking
on the phone,or even who elseis in the office (e.g.,[7]).
More low-level information can be gatheredwith motion
detectorandlooking atthe stateof the screersaver or key-
boardandmouseevents(e.qg.,[8]).

Onceattributesof a users stateare available electroni-
cally, thereare several wayswe might work theminto the
fish’s model of the world. The simplestapproachwould
be to think of a personas having a small numberof de-
tectablestateshe or shewould like reflectedin the tank,
suchas“at home”,“available”, “busy”, “out-to-lunch”,and
soforth. The usermight thenteachthe fish how to behae
in eachof thesesituations. For example,whenthe users
stateis “at home’, the usercould direct the fish to swim
off the screen.Internally, the fish would groupall the ex-
amplesit hadlearnedby the stateof the user maintaining
anexanpl e-t abl e andageneral i zati on-tabl e
correspondingo eachstate.This approachmightwork rea-
sonablywell, but doesnot seemparticularly elegant. Fur-
thermore,the fish would not be ableto sharebehaiors it
hadlearnedfrom onestatewith thoseit learnedn another

A more interestingapproachwould be to incorporate
aspectsof the users external world stateinto the inter
nal st at e thatthe fish is aware of. Becauseour model
avoids makingary assumptiongboutthe meaningof state

attributes, fish canrespondto thingsin the real world just
aseasilyasthey respondo stateandeventsinsidethetank.
For example,afishmightlearnto respondo auserentering
the office (basedon motiondetectorsn the office) just asit
hadlearnedo respondo beingapproachedy anotheffish.
Likewise,ausermightdragafish towardanothetusersfish
immediatelyafter sendingthat useremail, offering the fish
arewardafterit followstheotherusersfishfor abit. In this
casethe users fish could learnthis “following” actionand
repeatit in the future, asthe rewardwould have associated
thegener al i zat i on tied to theattribute of having sent
mail to a particularuserwith thegener al i zat i on tied
to theactionof following a particularfish.

5. Conclusion

Fish programmingis doneby demonstratindoehaiors
andrewardingappropriateactions.We have formalizedour
programmingmodel by describinghow to go from exam-
plesto generalizationshow generalizationdigurein to ac-
tion selection,and how rewards can be usedto reinforce
actionsand associateactionswith one another Our new
fish programmingmodel startsfrom the assumptiong1)
that fish usersoughtto be fish programmersand (2) that
fish oughtto be programmedy draggingthemaroundthe
tankandfeedingthemwhenthey behae appropriatelyWe
think this approactits the fish tankmetaphoffairly well—
or atleastbetterthanexplicitly writing codeto controlfish.

Instructibleagentsor systemdearnthrougha corversa-
tional procesdetweenhe userandthe systemin theform
of examples,hints, and questiong(e.g.,[9, 10, 11]). The
goal of instructibleagentsis to discover (a) what the user
is doingand(b) whenthe userwantsthis actionperformed
within a certaintaskmodel; for example,graphicaleditor
layout [12], or text recognition[13]. The approachtaken
here differs significantly in that fish are trained as social
proxiesanddo not performdetailed,direct control, or task
dependenactions. The fish or socialagenthasthe task of
displayingtheusersactiitiesandpersonalityto otherusers
in the group. In otherwords, thefish is not aninterfaceto
performexplicit tasks put ratherarepresentatioof theuser
to facilitategroupmembeiinteractions Sinceusersarecre-
ating a representatiorf themseles, they are creatingan
agentthatis like themgenerally ratherthanagentsor spe-
cific, specialcasgobs. Anotherbenefitof thefish tankover
instructibleagentds thatthe metaphomllows for (1) thedi-
rect mappingof training animalsto training fish and (2) a
simple,pre-&isting mentalmodelof whatfish know.

Onedravbackwe notedwith the rewardsmechanisnis
its relianceontheuserobservinghefish performingthese-
guenceof actionsto bereinforced.Perhapghe userhasin
mind behaiors that he or shewould like to reinforce,but
the sequencenly occursinfrequently Oneway to allevi-



atethis potentialproblemwould be to have the fish cycle
throughsomedifferentresponseafteranexample,thusin-

creasingthe likelihood of the desiredsequenceppearing.

Anotherapproachwould beto addnegative aswell asposi-
tive feedbackthusallowing the userto corvey moreinfor-
mation. By reducingthe probability that fish will perform
undesirablesequenceghefish is morelik ely to exhibit the
sequencethe userwantsto reinforce. But all thingsbeing
equal,we would preferto avoid punishment.

Thoughwe tendto think that usersoughtto be creatve
with thewaythey representheir own statein thetank,with-
out acommonvisuallanguageit might be difficult for one
userto understanadvhatanothetis trying to corvey. For ex-
ample,one users fish might swim slowly to indicatethat
the useris deepin thoughtand should not be disturbed,
whereasanotherusermight useslov movementto signal
availability. Onewayto handlethiswould beto seedheen-
vironmentby preloadingthe fish's exanpl e-t abl e. In
this case fish would startwith an off-the-shelfpersonality
anduserswould beableto make minor adjustments$o cus-
tomizetheir fish. This approachwould alsosave time for
thosetoo busyto tell their fish everything andwould avert
the potentially confusingexperienceof having a fish that
initially doesnt reactto arything.

Althoughwe have areasonablyvell-definedplanof how
our PBCfishtankshouldwork, we have notyetcompletely
implementedit. Doing so is clearly the next step. The
codefor the graphicaluserinterface (the fish tank) is be-
ing extendedto allow for draggingandrewardinginterac-
tions. Most of the work is in codingthe fish to learnac-
cording to the designpresentechere. We are somavhat
concernedaboutperformanceasthe samplingof the state
would befrequentandtheir mightbealot of data,but there
aremary potentialoptimizations,suchascachingstaticor
infrequentlychangingvaluesandonly factoringin the state
of nearbyfish, walls, andsoforth.

In summarywe have developeda fish tank ervironment
for creatingsocialproxies,enablingawarenessndinterper
sonalinteractionin ourwork group.Becauseave foundthat
traditional programmingof the fish did not catchon with
all membersf our lab, we have adaptedporogrammingby
demonstrationio the fish tank setting. In the end,we hope
theold sayingis correct:“Give usersa fish developmenikit
andthey’ll write codefor a day—letusersteachtheir fish
andthey will trainthemfor alifetime”

References

[1] S.Farrell, “Socialandinformationalproxiesin afish-
tank} in Extendedbstiactsof the Confeenceon Hu-
manFactors in ComputingSystem¢CHI 2001) New
York, 2001,ACM Press.

[2]

[3]

[4]

[5]

[6]

(8]

[9]

[10]

[11]

[12]

[13]

T. Erickson,D. N. Smith,W. N. Kellogg,M. Laff, J.T.
Richards,andE. Bradner “Socially translucensys-
tems: social proxies,persistentorversation,andthe
designof "babble”; in Proceeding®fthe Confeence
on HumanFactors in ComputingSystemgCHI '99),
New York, 1999,ACM Press.

T. D. Erickson, “Working with interfacemetaphors,
in The art of human computer interface design
B. Laurel,Ed. Addison-Wesley, 1990.

D. WolberandB. A. Myers, “Stimulus-responspbd:
Demonstratingvhenaswell aswhat; in Your wishis
my command: Programmingby example H. Lieber
man,Ed., pp. 321-344 Morgan Kaufmann,2001.

H. Lieberman, Your wishis my command:Program-
ming by example MorganKaufmann,2001.

B. Nardi, A small matterof programming: Perspec-
tiveson endusercomputing MIT PressCambridge,
MA, 1993.

H. YanandT. Seller, “Context-awareoffice assistant,
in Proceedingof the Confeenceon Intelligent User
Interfaces ACM PressNew York, 2000.

P. P. Maglio, R. Barrett,C. S.CampbellandT. Seller,
“An architecturefor developingattentive information
system$, Knowledg-BasedSystemsvol. 14, pp.
105-1122001.

H. Liebermanand D. Maulsby “Instructible agents:
Softwarethatjust keepsgettingbettef” IBM Systems
Journal, vol. 35, pp.539-556,1996.

P. Maes, “Agentsthat reducework andinformation
overload; Communication®fthe ACM, vol. 37, no.
7, pp.31-40,1994.

D. C. Smith,A. CypherandJ.Spohrer“Kidsim: Pro-
grammingagentswithout a programminglanguagé,
Communication®f the ACM, vol. 37, no. 7, pp. 54—
67,1994.

H. Lieberman,“Mondrian: A teachablegraphicaled-
itor,” in Watch what| do: Programmingby demon-
stration, A. Cypher Ed. MIT PressCambridge:MA,
1993.

H. LiebermanB. A. Nardi,andD. J. Wright, “Train-
ing agentgo recognizeext by example’ in Your wish
is mycommandProgrammingby example H. Lieber
man,Ed., pp. 227-244Morgan Kaufmann,2001.



