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Abstract

Wehavedevelopeda virtual fishtankin which computer
users are representedby animatedfish. The actionsand
interactionsof the fish in the tank are meantto reflectthe
actionsof users in thereal world. Our first attemptat cre-
ating a programmingenvironmentthat allowed peopleto
customizetheir own fish did not work very well because
users did not want to explicitly write programsto control
their fish.Maintainingthefishtankmetaphor, weattempted
to solvethis problemby havingusers teachfishratherthan
write code. We borrowedideasfromthe literature on pro-
grammingby demonstration and developeda methodof
programmingby conditioningin which users demonstrate
behaviors andalso reward (or feed)fish that are behaving
appropriately. Rewardsgiveuserstheability to definehigh-
level behaviors (setsof specificmovements)and complex
relationshipsbetweensituationsandresponses.

1. Introduction

Thefish tankis a virtual spacein which peopleandpro-
gramscanberepresentedasanimatedfish. This spacewas
initially conceived asa fun way of representingpeoplein-
volved in a synchronouschatsession.Onceimplemented,
however, thefishtankbecameageneralframework for sup-
portinggroupawarenessandgroupinteraction[1]. In gen-
eral, fish in the tank can respondto external events(e.g.,
tapsor mouseclicks on the screen)andto internalevents
(e.g., the presenceor motion of other fish or objects in
the tank), andcanalsogeneratenew events(e.g.,moving
from onepoint to another, or delivering a text messageto
the tank). We have observed that the tank is especially
compellingwhendisplayedon a largescreenwith a touch-
sensitivesurface(seeFigure1).

A fishcanbethoughtof asasocialproxy [2]. Thatis, an
individual fish canstandin for an individual 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 displa y in our lab.

behavior in the tank conveys aspectsof their behavior in
the real world. For example,whena groupof peopleare
actively engagedin a conversation,their fish might school
together, following eachotheraroundin the tank. But if a
particularpersonis not actively involvedin chattingor oth-
erwiseinteractingwith others,thisperson’sfishmightswim
away from otherfish in the tank. The mereappearanceof
a fish in the tank might signify a person’s availability. In
theseandotherways, the fish, their appearance,andtheir
behavior canall be usedrepresentandaffect what is actu-
ally happeningamongagroupof people.

We have tried to keepall aspectsof the tank within the
metaphorof fish swimmingaroundin a tank (cf. [3]). For
instance,peopleinteractwith thesystemby tappingon the
screen,andpeoplearerepresentedby what look like fish,
and the fish move or swim in distinctly fish-like ways—
thereareno menus,scrollbars,or windows. Of course,we
have hadto take somelibertieswith the metaphor;for in-
stance,ourfishcantalk, which is conveyedby little bubbles
of text that float upward from their mouths. In any event,



we believe therearemany benefitsto sticking closeto the
fish tank metaphor, including simplicity of interactionand
leveragingpeople’s ability to gain useful,high level infor-
mationaboutthe stateof the groupby simply glancingat
the tank. Perhapsmore importantly, we believed that the
fish metaphorwould enablepeopleto be creative in deter-
mininghow their fish look, move,andbehave.

1.1. Fish Programming is Hard

We createda Java-basedFish DevelopmentKit for peo-
ple to implementandprogramtheirown fish. ThisFishDK
allowedprogrammersto specializeaFish classto control
a fish’s appearanceandbehavior. To do this, a fish devel-
operwouldwrite codeto handlevariouseventssuchastaps
on the screen,to navigate the tank with the help of a li-
braryof geometryfunctions,andto interactwith otherfish
with thehelpof aninternalfishpositionandvelocitymodel.
Programmerswereleft ontheirown to figureouthow to de-
terminea person’s statein theworld (e.g.,basedon email,
motionsensors,telephones,etc),andhow to representthat
statethroughfishappearanceandbehavior.

Our hopewasthat the fish tank would provide a space
in which peoplerepresentedthemselvescreatively andfos-
teredgroupawarenessandinteraction. The successof the
tankdependson groupmembers’abilitiesto programtheir
own fish. Yetevenfor ourcomputerscienceresearchgroup,
fishprogrammingturnedoutto befarmoredifficult thanwe
hadanticipated.Thougha coupleof ushadgreatfun writ-
ing fish, few peopleoverall found the energy and time to
write the codeto respondto fish tank eventsandto move
fish aroundthetank. We wereleft wonderinghow to make
fishprogrammingeasier.

In what follows, we describeour new approachto fish
programming,first in generaltermsandthenmoreformally.
Wehaveadaptedprogrammingby demonstrationto thefish
tank, addingthe notion of rewards to reinforcebehavior.
Our contribution lies in theapplicationof thegeneralend-
userprogrammingapproachto this domain,as well as in
our novel useof rewards. In addition,we discussour end-
userprogrammingapproachin the context of developing
fish that act as social proxies,conveying formation about
thestateof theuserby theirappearanceandbehavior in the
tank.

2. Fish Programming by Conditioning

Our primary goal is to enablepeopleto createfish that
canactassocialproxies,conveying somethingabouta per-
son’sstatethroughappearanceandbehavior, andsupporting
naturalinteractionswith othersin the tank. Following the
fish tankmetaphor, we beganto conceive of “programming
a fish” as “teachinga fish”. The experienceof training a

fish to behave oughtto besomewhat like theexperienceof
traininga realanimalor pet,requiringbothdemonstrations
andrewards. Onemight want to teacha fish to follow an-
otherfish,to swim“aggressively,” to swimin an“SOS” pat-
tern,andsoon. In thesecases,it mightmakesenseto show
thefish how to move, andthento feedthefish whenit be-
havesappropriately. Becauseournew fishprogrammingap-
proachcombinesdemonstrationwith rewardsmuchasthe
operantconditioningof behaviorist psychology, wecall our
approachprogrammingbyconditioning(PBC).

Like training an animal,programmingis an attemptto
transfera modelof activity from onesystem(e.g.,thehead
of the traineror programmer)to another(e.g.,a dog or a
computersystem).Unliketrainingananimal,programming
by writing coderequiresusingadefinitelanguagethatboth
programmerand computerunderstand,which meansthat
programmerandcomputersystemneednotassumeor infer
anythingaboutwhatwasmeantby somespecifictermor ac-
tion. Like trainingananimal,programmingby demonstra-
tion requiresthecomputersystemto infer whatwasmeant
by thespecificactionstaken,asthesharedlanguageleaves
muchunstated.In thecaseof trainingafish in our tank,for
example,whendemonstratingabehavior suchasmoving to
theleft, thefish mustnot only determinethedirection,left,
but also the conditionsunderwhich to move left, suchas
whenit reachesa certainhorizontalpositionin the tankor
whenthereis anotherfish immediatelyto theright (cf. [4]).
Consideredthis way, teachinga fish by demonstrationruns
into all the familiar programming-by-demonstrationprob-
lemsof generalizingfrom examples(e.g.,[5]). By adding
rewardsto programmingby demonstration,we believe we
have anovel wayof facilitatinggeneralization.

2.1. Why Programming by Conditioning?

Our PBC approachimproves programmingover our
original Fish DK along two dimensions:abstractionand
programmerexperience(seeFigure2.1). First, theabstrac-
tion level movesfrom concernsof absolutepositioningto
thoseof relative positioningandthento aggregationof re-
sponsesinto large-scalebehaviors. Second,theprogrammer
experiencechangesfrom writing codeto direct manipula-
tion of thefishandthenfinally to training.Wenow consider
thesetwo dimensionsin moredetail.

Shown alongthe vertical axis in Figure2.1, “program-
mer experience”refersto the way in which the usersex-
presshow they wanttheirfishto behave. Wechosethisterm
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 demonstration,which for thefish tankmight involve di-
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Figure 2. How to impr ove the fish program-
ming experience .

rectly manipulatingthefish to indicateactions.Thesystem
would usetheseexamplesto creategeneralrules to spec-
ify how thefish actsin the tank. Correctingor reinforcing
behavior might bedoneby providing additionalexamples.
Finally, at theotherextremeis PBC,which addsthenotion
of “reward” to programmingby demonstration.Thisallows
the userthe opportunityto cementbehaviors that the fish
hascorrectlyinferredandexecuted.

The horizontalaxis, “level of abstraction,” refersto the
kinds of conceptsprogrammerscanexpressto the system.
At one extreme,positionsand actionsin the tank are re-
ferredto in absoluteterms(e.g.,move from coordinate�����
to coordinate����	 at velocity 
 ). This hastheadvantageof
beingsuccinct,but in mostcasesis not how a programmer
would think abouta fish’s actions.Thenext level refersto
motion relative to otherobjects,or to responsesto events
(e.g.,move towardawall, or moveawayfrom anapproach-
ing fish). Thisabstractionlevel mightbesufficientfor many
tasks,but it restrictsthe userfrom referring to sequences
of actionsthat togethermake up a large-scalebehavior. In
the fish tank, the highestlevel of abstractionrefersto ag-
gregationsof actionsor responses—speakingdirectlyabout
large-scalebehaviors (e.g.,a usermight wanta fish to “be
afraid” of anotherfish).

As mentioned,we arefollowing the fish tank metaphor
to discoverwhetherit makessensefor usersto programfish
in thesameway thatthey usethefish tank[6]. Peoplepro-

gramfish by directly moving themaroundthescreen,pro-
viding anexampleof appropriatebehavior. Of course,this
strainsthemetaphorof thefish tank—but only a little. Af-
ter all, peoplecan train dogsto sit by pressingdown on
thedogs’backs.Therelationshipbetweenthemanipulation
andwhatthefishshoulddo is at thelowestlevel of abstrac-
tion: if the fish is in position � andthe userdragsthe fish
to position � at velocity 
 , thenthe next time the fish is in
position � it shouldmove to � at velocity 
 . Unfortunately,
thingsbecomemorecomplicatedwhenattemptingto gener-
alize theconditionsunderwhich thefish shouldmove this
way, as well as what it 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 make inferences.Our
third level of abstraction,theability to characterizeandre-
fer to setsof responsesor actions,seemsunattainableusing
only theconstrainingmechanismof dragging.This is why
we introducedrewards.

Therewardmechanismenablestheuserto interactwith
thefish at a higherlevel of abstractionbecausetherewards
refer generallyto how the fish has beenbehaving rather
thanspecificallyto a certainaction. For example,if a user
wantsa fish to be “shy” he or shecanreward it after sev-
eraleventsin which thefish swimsslowly andswimsaway
from other fish, thus associatingthesetwo responsesand
makingit morelikely to correlatetheseactionsin thefuture.
Onedrawbackof theconditioningapproachis thereliance
onserendipity—thattheuserwill observefishperforminga
sequenceof actionsthatoughtto bereinforced.

3. New Fish Programming Model

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

3.1. Give a Fish an Example

Peoplewho usedour original fish tank often wantedto
dragtheir fisharoundwith themouse(or equivalently, with
their fingers when using a touch screen). This intuitive
actionseemedthe obvious sort of thing to leveragewhen
addingend-userprogrammingsupport.Thus,we allow the
userto watchtheactivity in thetankand,atany time,draga
fish to whereheor shewantsit to go. For instance,theuser
might dragit towardanotherfish if theuserwantsonefish
to follow theother.



More precisely, theexampleprovidedby theuseris in-
terpretedasmoving the fish from an initial to a final loca-
tion in thetime periodbetweenthemouseclick andmouse
releaseevents. The fish recordsthe move actionand the
initial state. In the caseof move, the action is simply
a velocity in a particulardirection. Thestate is a snap-
shotof all attributesthefishcanpayattentionto in thetank.
A state is comprisedof the relative motion of all other
fish andthe walls, aswell asthe currentlocationandmo-
tion of itself. Thesearereferredto asattributes of the
state. Most attributes,suchasvelocity, take on numeric
values. To facilitategeneralization,extra attributescanbe
added;for example,thereareattributesfor the relative ve-
locity of “the left wall” and“any wall”. Likewise,thestate
couldcontaininformationaboutthingsoutsideof thetank,
suchasinformationabouttheuseror abouttheweather. In
additionto stateattributes,therearefishtankevents, such
aswhenausertapsonthescreenor whenafishchangesdi-
rection.A historyof theseeventsareincludedin thestate
information,eachassociatedwith relevancescoresthatdi-
minishover time.

A fish rememberseachexampleit 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
example-table lookslike this:

�
��� ������ � ���
����� �����

The example-table maps from states
�

to ac-
tions

�
. Both state andaction are representedas

tablesof attribute-valuepairs:

� ��� 
 �� � � 
 ������ �����
An action may include the valuesfor the attributes �
and � of thenew direction/velocity vector. A state may
containmany attributesincluding, for instance,the direc-
tion/velocity vectorfor every otherfish in thetank.

3.2. How Fish Generalize

Whennot recordingexamples,a fish continuouslysam-
plesthestateof thetank. Thefish needsto respondto situ-
ationsthatarelike the initial statesof thestoredexamples.
Oneapproachmight be to simply compareall attributesof
the currentstateto all attributesof the examplestatesto
find caseswhereall of the attributesmatch. This might
work well preciselyin thosecircumstanceswhenthe cur-
rent statematchesan examplein the table,but this would

happenrarely. And, moreimportantly, this is probablynot
whattheuserwantedto convey. For instance,theusermight
mean“when nearthe wall” ratherthan“when in position����� goingat velocity 
 with left wall at distance	 andfish�

in position ��� � and...”
Our fish generalizationprocessworks by groupingsets

of examplesaroundtheattributesthey havein common.For
instance,all examplesin which a fish is moving away from
a particularapproachingfish will begroupedtogether. We
maintainthegroupingsof examplesbasedonstateattributes
in thegeneralization-table:

� � � ! � � !"� � ������ � � !$# � � !"#� � ���������� �����
where � � � ����� representsall the attributesof a state and
each

!
representsa generalization. A general-

ization is composedof a setof examples %'&(� ����� ) . The
examples it containsare similar to eachother with re-
spectto theassociatedattribute. Themeaningof the term,
“similar” will dependon the particular implementation—
for example,onecoulddivide the rangeof possiblevalues
into 10bucketsanddropeachexampleinto theclosestone.
Eachexample occursexactlyoncein eachrow.

Whena fish examinesthe attributesof the currentstate
of thetank, it tries to find appropriategeneralizations* !,+.-
in thegeneralization-table for eachattribute */�10 - .
There may or may not be a generalization corre-
spondingto thecurrentvalueof a particularstateattribute.
If any generalizations are found, then the current
stateresemblesa setof examplestateswith respectto one
attribute. If many generalizations arefound,thenthe
currentstateresemblesmany setsof examplestateswith re-
spectto many attributes. If, for instance,severalexamples
showed the fish moving away from a particularfish, and
severalothersexamplesshowedthefishmoving away from
the left wall, then the currentstatemight be that the fish
is nearthatparticularfish and is nearthe left wall. In this
case,two potentiallyappropriategeneralizationshave been
found.

3.3. How Fish Decide What to Do

A fish must chosean action in responseto its current
circumstances.Recallthat eachgeneralization con-
tainsasetof examples, andthateachexamplecontainsa
state andanaction. A fishoughtto actlike it hasbeen
taughtto act—takingactionsthataresomehow basedonthe
examplesit hasbeengiven. In this context, we usea rather
literal interpretationof like: Wedefineanoption-range
asa setof attribute-valuepairsin which theattributes
areidenticalto thosefor anaction,but in which thevalues



specify ranges of possiblevaluesthat representthe vari-
ation of valuesin the examplesgiven. For example, the
option-ranges thatcorrespondto thegeneraliza-
tion of “being nearthe left wall” would allow for much
leeway in moving up, moving down, andmoving right, but
would excludemoving left. An option-range canbe
thoughtof asthedisjunctionof theactions from eachof
theexamples in ageneralization.

Thus,for eachgeneralization,afishcomputesarangeof
options. If thereis only onegeneralization,thena new ac-
tioncanbeeasilybasedonthatrange.In any event,to create
a new action,the fish cansimply chooserandomnumbers
for eachattributeboundby theminimumandmaximumof
the range. To take into accountmore than two examples,
the fish canusea probability distribution in which greater
weight is given to thepartsof therangethatcorrespondto
moreexamplesit hasseen.

3.4. How to Reconcile Ranges of Options

If morethanonegeneralizationcontainsanattributethat
correspondsto thecurrentstate,thesecompetingsituations
must reconciledby merging their option-ranges. A
trivial solutionwould be to pick oneat randomandthrow
theothersout. A morerealisticsolutionwould bebasedon
the intersectionof theoption-ranges. For example,it
might be easyto mergeoption-ranges whena fish is
moving into acornerof thetank. In thiscase,thefishmight
benearboth the left wall andthe top wall. Theoption-
range for the generalizationof being near the left wall
of the tank might be move up, move down, or move right.
Theoption-range for thebeingnearthetopof thetank
might bemove left, move down, or move right. Takingthe
intersectionof these,we seethat thefish canmove right or
move down.

Reconcilinggeneralizationsis more difficult when the
intersectionof option-ranges yields no action. This
might happen,for example, if one generalizationsaysto
flee from a fish, but anotherpushesthe fish into a corner.
In this case,oneoption-range might allow only mov-
ing left, andanotheronly moving right. They aremutually
exclusive. Of course,this is a real problemthatcouldonly
beavoidedby a little planningor preparation,but for sim-
plicity ourfishonly reactto events.In thiscase,acoupleof
heuristicsmight help: (1) favor theoption-range with
theleastvariation,(2) favor theoption-range thatpre-
scribesthegreatestvelocity, (3) pick oneat random.

3.5. How Fish Decide When to Act

Choosingwhento actcanbeasdifficult aschoosinghow
to actin someprogramming-by-demonstrationsystems[4].
In ourapproach,however, it is trivial. After afishcomputes

anoption-range, it checksto seewhetherthe last ac-
tion wascontainedin that range. If it is not, thenthe fish
choosesandexecutesa new action. In otherwords,a fish
only reactswhencircumstanceshave changed.

3.6. Give a Fish a Reward

Whena userobservesa fish performingsequenceof ac-
tionsthatheor sheapprovesof, theuserrewardsthefishby
feedingit. For example,if the fish fleesfrom otherfish a
few timesin a row, theusercandropsomefood next to the
fish,encouragingthefish to beshy. In additionto reinforc-
ing theactionthefishhadjust taken,our rewardmodelalso
reinforcesthe associationof recentactionsto increasethe
chancethat they occurin sequencein the future. Rewards
arehow theusercommunicatesapproval of anaggregation
of actions(alsocalledabehavior).

Internally, rewards are assignedto generaliza-
tions in the form of incrementinga weight 2 —thus,
generalizations reallyconsistof asetof examples
and a weight. The higher the weight, the more the
option-range correspondingto that generaliza-
tion will weigh in the action chosen. This weight
value is particularly helpful in situations in which two
option-ranges conflictwith eachother, astheonewith
thelowerweight canbediscarded.

Uponreceiving areward,afishconsidersits mostrecent
actions and incrementsthe weight of the general-
ization on whoseoption-range that action was
based.The assignedweight is inversely-proportionalto
the time betweenactionandreward. So the weight is in-
creasedmuchmorefor anactionthatoccurredonesecond
prior to the reward thanfor an actionthat occurred8 sec-
ondsprior. For instance,the time-weightcurve probably
oughtto beexponentialratherthanlinear, droppingto near
zeroafterabout10seconds.

Anotherpossibilityis thatseveralgeneralizations
contribute to the final option-range. This is easyto
deal with: the weight can be incrementedproportionally
to the similarity betweentheoption-range associated
with eachgeneralization and the final option-
range.

In addition to evaluating generalizationsrelative to
one another, rewards also increasethe likelihood that
generalizationswill group together in a sequence. To
achieve this, a list of generalizationsand weight pairs
(thegeneralization-history-list) is addedto a
generalization:

!43 %5&6� ����� ) ��27�8*.% ! # ��2 # ) � ����� -
where

!$#
might beany othergeneralization, includ-

ing
!

itself, however each
!

canonly occuroncein this
list. In additionto incrementingtheweight 2 of

!
, rewards



incrementthe valueof 2 #
for

! #
where

! #
is the general-

izationusedin thepreviousaction.If many generalizations
wereinvolved,this canbehandledasdescribedpreviously.

Considerthe casein which a fish choosesa new action
basedon many generalizations% ! � ����� ) . The fish looks up
thepreviousgeneralization

! #
in thegeneralization-

history-lists for each
!

. If it finds
!"#

in this list, it
incrementstheweightit is associatingwith

!
by anamount

scaledinversely with the time since the previous action.
This augmentedweight is thenusedto favor that general-
izationoverotherswhenchoosinganaction.

Thecombinationof examplesandrewardsallowsthefish
to associatechainsof actions.Theseassociationsareestab-
lishedby rewardinga fish whenit executesan appropriate
sequenceof steps.Sucha sequencemight correspondto a
large-scalesophisticatedbehavior, suchaschasinganother
fish, ratherthanto low-level action,suchasmoving left.

4. How Fish See People

We have focusedon a modelof how a fish canlearnto
behave wheninstructedby a personthroughexamplesand
rewards.As mentioned,however, our largergoalis to make
a fish’s behavior reflectthestateof a user. Doing soposes
two problems:(1) how to find outaboutthestateof theuser,
and(2) how to make thefish reactto this state.

Therearemany waysto instrumentanofficeto revealin-
formationaboutauser’sstate.For example,onecanlook at
incomingandoutgoingemail,to whomsomeoneis talking
on the phone,or even who elseis in the office (e.g., [7]).
More low-level information can be gatheredwith motion
detectorsandlookingat thestateof thescreensaveror key-
boardandmouseevents(e.g.,[8]).

Onceattributesof a user’s stateareavailableelectroni-
cally, thereareseveral 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. Theusermight thenteachthefish how to behave
in eachof thesesituations. For example,whenthe user’s
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
anexample-table andageneralization-table
correspondingto eachstate.Thisapproachmightwork rea-
sonablywell, but doesnot seemparticularlyelegant. Fur-
thermore,the fish would not be able to sharebehaviors it
hadlearnedfrom onestatewith thoseit learnedin another.

A more interestingapproachwould be to incorporate
aspectsof the user’s external world state into the inter-
nal state that the fish is aware of. Becauseour model
avoidsmakingany assumptionsaboutthemeaningof state

attributes,fish canrespondto thingsin the real world just
aseasilyasthey respondto stateandeventsinsidethetank.
For example,afishmight learnto respondto auserentering
theoffice (basedonmotiondetectorsin theoffice) just asit
hadlearnedto respondto beingapproachedby anotherfish.
Likewise,ausermightdragafishtowardanotheruser’sfish
immediatelyaftersendingthatuseremail,offering thefish
arewardafterit followstheotheruser’sfishfor abit. In this
case,theuser’s fish couldlearnthis “follo wing” actionand
repeatit in thefuture,astherewardwould have associated
thegeneralization tied to theattributeof having sent
mail to a particularuserwith thegeneralization tied
to theactionof following aparticularfish.

5. Conclusion

Fish programmingis doneby demonstratingbehaviors
andrewardingappropriateactions.Wehave formalizedour
programmingmodelby describinghow to go from exam-
plesto generalizations,how generalizationsfigurein to ac-
tion selection,and how rewardscan be usedto reinforce
actionsand associateactionswith one another. Our new
fish programmingmodel startsfrom the assumptions(1)
that fish usersought to be fish programmers,and (2) that
fish oughtto beprogrammedby draggingthemaroundthe
tankandfeedingthemwhenthey behave appropriately. We
think this approachfits thefish tankmetaphorfairly well—
or at leastbetterthanexplicitly writing codeto controlfish.

Instructibleagentsor systemslearnthrougha conversa-
tional processbetweentheuserandthesystemin theform
of examples,hints, and questions(e.g., [9, 10, 11]). The
goal of instructibleagentsis to discover (a) what the user
is doingand(b) whentheuserwantsthis actionperformed
within a certaintaskmodel; for example,graphicaleditor
layout [12], or text recognition[13]. The approachtaken
herediffers significantly in that fish are trainedas social
proxiesanddo not performdetailed,directcontrol,or task
dependentactions.Thefish or socialagenthasthe taskof
displayingtheuser’sactivitiesandpersonalityto otherusers
in thegroup. In otherwords,thefish is not an interfaceto
performexplicit tasks,but ratherarepresentationof theuser
to facilitategroupmemberinteractions.Sinceusersarecre-
ating a representationof themselves, they are creatingan
agentthatis like themgenerally, ratherthanagentsfor spe-
cific, specialcasejobs.Anotherbenefitof thefishtankover
instructibleagentsis thatthemetaphorallowsfor (1) thedi-
rect mappingof training animalsto training fish and(2) a
simple,pre-existing mentalmodelof whatfishknow.

Onedrawbackwe notedwith therewardsmechanismis
its relianceontheuserobservingthefishperformingthese-
quenceof actionsto bereinforced.Perhapstheuserhasin
mind behaviors that he or shewould like to reinforce,but
the sequenceonly occursinfrequently. Oneway to allevi-



ate this potentialproblemwould be to have the fish cycle
throughsomedifferentresponsesafteranexample,thusin-
creasingthe likelihoodof the desiredsequenceappearing.
Anotherapproachwouldbeto addnegativeaswell asposi-
tive feedback,thusallowing theuserto convey moreinfor-
mation. By reducingthe probability that fish will perform
undesirablesequences,thefish is morelikely to exhibit the
sequencestheuserwantsto reinforce.But all thingsbeing
equal,wewouldpreferto avoid punishment.

Thoughwe tendto think thatusersoughtto becreative
with thewaythey representtheirown statein thetank,with-
out a commonvisual language,it might bedifficult for one
userto understandwhatanotheris trying to convey. For ex-
ample,oneuser’s fish might swim slowly to indicatethat
the user is deepin thoughtand shouldnot be disturbed,
whereasanotherusermight useslow movementto signal
availability. Onewayto handlethiswouldbeto seedtheen-
vironmentby preloadingthe fish’s example-table. In
this case,fish would startwith an off-the-shelfpersonality
anduserswould beableto make minor adjustmentsto cus-
tomizetheir fish. This approachwould alsosave time for
thosetoo busyto tell their fish everything, andwould avert
the potentially confusingexperienceof having a fish that
initially doesn’t reactto anything.

Althoughwehaveareasonablywell-definedplanof how
ourPBCfish tankshouldwork, wehavenotyetcompletely
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 coding the fish to learnac-
cording to the designpresentedhere. We are somewhat
concernedaboutperformance,asthe samplingof thestate
wouldbefrequentandtheirmightbea lot of data,but there
aremany potentialoptimizations,suchascachingstaticor
infrequentlychangingvalues,andonly factoringin thestate
of nearbyfish,walls,andsoforth.

In summary, we have developeda fish tankenvironment
for creatingsocialproxies,enablingawarenessandinterper-
sonalinteractionin ourwork group.Becausewe foundthat
traditionalprogrammingof the fish did not catchon with
all membersof our lab, we have adaptedprogrammingby
demonstrationto thefish tanksetting. In theend,we hope
theold sayingis correct:“Giveusersafishdevelopmentkit
andthey’ ll write codefor a day—letusersteachtheir fish
andthey will train themfor a lifetime.”
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