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Abstract. We introducemathematicallyrigorousmetricson agentexperiencedhav-
ing varioustemporalhorizons.Sensorimotowariablesaccessibldo the agentare
treatedas information-theoreticsourcesmodelledas randomvariables.The time
seriesfrom the sensorimotowariablesover a given temporalregion for different
behaioural contects groundan agent-basediew of the agents own experiences,
andtheinformation-theoretiaifferencedetweensensorimotoexperiencesnduce
a metric spacestructureon the setof the agents possibleexperiencesThis could
allow anautonomousnobile robotto locateand navigate betweenits sensorimotor
experienceon a geometriclandscapgan experientialmetric space whosepoints
areits possibleexperience®f agiventemporalscopeandin which nearbypointsare
similar experiences.

1 Motivation and Overview

In orderto mathematicallyformalizeandexploit the notion of temporallyextended
episodesof experiencefor autonomougobots,we develop real-time computable
information-theoretienetricson a robot's sensorimotoexperiencesaving a given
temporalhorizon. Theseareillustratedwith a particularrobotic example,and next
applicationgo ontogeneticdobotsarediscussed.

2 ExperienceMetrics: The Geometry of Experience

2.1 Information SourcesasRandom Variables

Considera sensorr effectorthatcantake on varioussettingsor valuesmodeledas
arandomvariableX changingwith time, taking valuex(t) 2 X, whereX is the
setof its possiblevalues.For simplicity in this paper we take time to be discrete
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(i.e. t will denotea naturalnumber)andallow X to take valuesin a nite setor

to continuougime andvaluesetswith appropriatechanges.)

2.2 Entropy and Information Distance

Entropy is the information-theoretianeasureof uncertaintyintroducedby Claude
Shannor{10] anghts unitsarebits. Theentopy H (X)) of a sensoror actuatorX is
thenH (X) = «2x P(x)log, p(x), wherep(x) givesthe probability of valuex
beingtaken. Conditionalentopy H (XjY) of a randomvariableX givenY is the
amountof uncertaintythat remainsaboutthe value X giventhatthe valueof Y is
known.

X X .
Uy . p(x;y).
H(X]Y) = XZXyZYp(x,y)logz oly)

wherep(x; y) is givenby thejoint distributionof X andY .! Theinformationdistance
betweenX andY is
d(X;Y) = H(XjY)+ H(YjX):

This satis esthe mathematicafxiomsfor ametric

1.d(X;Y) = 0if andonlyif X andY areequialent?
2.d(X;Y) = d(Y; X) (symmetry)
3.d(X;Y)+ d(Y;Z) d(X;Z) (triangleinequality).

The satishctionof theseaxiomsis shavn by Crutch eld [1]. Thusd de nesageo-
metricstructureon any spaceof jointly distributedinformationsources.

2.3 SensorimotorVariables with Time Horizons

For a particularagent,in a particularenvironment, considera sensorimotowari-
able X . Its distribution will be affected by the agent-emironmentinteraction.In
the context of a particularervironmentand beginning from a particularmoment
in time to until a latermomentty + h (h > 0), we regardthe sequencef values

datafrom a new randomvariable X,.», the sensorimotorvariable with tempogl
horizonh for sensoi(or actuator)X startingattimetg, dependingn situatedexpe-
rience.

! We assumepproximatdocal stationarityof thejoint distribution of randomvariablesrep-
resentinghesensorimotovariablesoveratemporalWwindow andthatthis canbeestimated
closelyenoughby samplingthe sensorimotowariables.

2 For informationsources‘equivalence’refersto re-codingequivalenceThatis, thevalues
of X areafunctionof thoseof Y andvice versa.See[1].
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2.4 Information DistancebetweenTime-Shifted SensorimotorVariables

A particularrobotengageén variousbehaioursandinteractionsn a particularen-
vironment,and we considertwo of its sensorimotovariablesX andY. (Possibly
X = Y.) Considerthe valuestaken by X beginning attime to andthoseof Y be-
ginning attime t;. (Possiblyty = t;.) Considerthe two-componentandomvari-
ableX:,.n  Yi,:n With horizonh, whosedistribution is estimatedrom the values
(X(to + i);y(t1 + 1)) 2 X Y. The rst componentherecomesfrom X, starting
fromtime to, andseconccomponentomesfrom Y with atemporalshiftoft; to

units, startingfrom time t;. We canalso estimatethe probability joint time-shifted
distribution andthe informationdistanced(Xi,h; Yt,:n ) betweenX duringthe rst

temporalregionandY duringthe secondemporalregion by measuringhefrequen-
ciesof occurrencef values(Xty+i; Yt,+i) asi runsfromOtoh 1.

Clearly thereareissuesrelatedto the size of the temporalhorizonh and also
thenumberof valuesX andY maytake thataffecttheaccurag of theseestimates.
Also in practice independensamplef time shiftedsensorimotowariablesarenot
available?

2.5 ExperienceMetric

Considethesetof all sensorimotovariablesavailableto anagentSuppose¢hereare
N such,X1;:::; XN Let E(t; h) = (X :::::X{},) bethe (ordered)setof these
variablesconsideredveratemporalwindow of sizeh startingatt. We call E (t; h)
theagents experiencerom timet having temporalhorizonh.

LetE = E(t; h) andE? = E(t% h) be experience®f anagentfrom time t and
t% respectiely, bothwith horizonsizeh. De ne ametricon experience®f temporal
horizonh as

X
D(E;EO) = d(th;(h ;thg;h);
k=1
whered is theinformationdistance.

Theorem1 D is a metricon the setof experience®f an agenthavinga xed tem-
poral horizonh.

Proof: Thatthe metricaxiomsholdsfor D follows from thefactthatthey hold com-
ponentwisesinced is a metric.

As acorollary, we notethatD = Ni D, theaverage experiencadistanceper sensori-
motorvariable, is alsoa metric on the setof experience®f anagenthaving a x ed

3 Previouswork on sensoryreconstructiorandsensorimototearningby Olssonetal. [8, 7]
canbe consideredisusingaslarge aspossiblehorizon(startingto = 0 andh thenumber
of obsenationsmade).Sometimeslsotemporalshiftsby a smallamountt;  to to study
temporalcorrelationsgn information(suchasoccur e.g.in opticalor tactile o w) [9].
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temporalhorizonh. The unitsof D arebits andthoseof D arebits per sensorimo-
tor variable. ThusD providesa geometricstructureon the setof experiencef an
agent?

3 AutonomousRobot Experiments

3.1 Experimental Set-up

Sensorimotowrariabledatafor a SONY AIBO robot programmedvith behaiour-
basedtechniquedo explorea2m  2m ernvironmentwere gatheredoreviously to
studyinformationdistancecharacterizationsf sensorimotointeractiong3]. These
dataarereanalyzedhereusingthe tools of the experiencemetric introducedabove
for temporalhorizonof size40 with resolutionof ve valuesfor eachsensorimotor
variableX (i.e.jXj = 5), wheretime is measuredn units of approx.100 msec.
More detailsof programminganddata-gatheringsensitvity to parametersandex-
aminationof otheraspectof the temporalexperiencemetric are describedn [4].
The seventy-s@en sensorimotorariablesusedcan be partitionedinto two classes
(read-only)variables(41 “sensors”)and (read-write)variables(36 “motors”) — see
Tablel.

Table 1. AIBO TelemetryCollected

Sensors #|Motors #

=

IR-Distance Leg JointPositions (12
Accelerometers 3|HeadJointPositions| 4

Temperature/Battefy 2| Tail JointPositions | 2

Buttons 8|Motor Force/ Duties| 18|
Visual 27|
Total Sensors 41|Total Motors 36

Datafrom sensorimotovariableswas sampledat approximatelyl0 times per sec.
Figurel shavsthetrajectoryof therobotin the arenalasting90.3secondsFor this
dataset,theexperiencemetricwasusedto examinethesimilarity of 17 sensorimotor
experiencegndingat the waypointsshavn.

3.2 Results

Figure2 shovsalocal neighborhoodn the experientialmetricspacedor experiences
in this dataset:Centeringatwalk5 (seecaption)the closesiexperiencesn thedata
setarethe temporalregion walk9 leadingup to waypoint9, lying just beyondthe

4 More detailedproofs and other metricson sensorimotoexperience(in the senseof this
paper)aregivenin [5].
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Fig. 1. Trajectoryof theautonomouslyvanderingAIBO robotin 2m  2marenaNumbered
waypointsmark endsof temporalwindows consideredFor each,behaiour in the temporal
horizon(h = 40) werecharacterizethy externalobserersaseitherwalk (circles)or turn
(squares)waypointl involvedtherobot's start-up

ball of radius40 bits centerecat walk5 (w5), followedby walk11l (w11), which
lies within the ball of radius60 bits. Turns (pre xedt ) andstartup sl lie further
away.

Figure3 shaws a dendrogranresultingfrom completelinkage clusteringof the
experiencesisingtheexperiencanetricD . Generallyclustersconsistof experiences
externally characterizedy humanobseners as either walking or turning, but the
robot-centerednetricsplits off somesubclusterandgives ner distinctions.

4 Discussionand Conclusion

We have shovn how an autonomougobot can apply a metric (computedin real-
time) to assesghe similarity of its experiencesn a geometricspaceconsistingof
its possibleexperiencesver a given sizetemporalhorizon,andthat thesetendto
agreewith external obsener notionsof similarity. The next stepsareto apply this
experiencemetric to allow the robot to helpit to re-engagen known experience,
to predictand explore experiencesearthe boundariesf its previously mastered
behaioursandexperiencegcf. [12, 11, 2, 6]).

We remarkthat the systematiccomparisonof experienceat differenttemporal
horizonsis possibleusing restriction mappingsand the experiencemetric at the
shorterscaleg5]. Morever, asdevelopmentprogressesne resolutionon sensori-
motor variablescould be mappednaturallyonto aninitial coarseresolutionof sen-
sorimotorvariablego scafold ontogely.
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Local picture at experience walk5
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Fig. 2. Local neighborhoodin the experiencemetric space.For the sensorimotoexperi-

encewalk5 (w5) endingat waypoint5 with a temporalregion with horizon of size40 and
resolution(bin size)of 5 valuespersensorimotovariable experientialdistanceso otherexpe-

riencesn thedataarevisualized Pointsareexperiences©iuman-characterizestheraswalk ,

turn orstart-up  denotedy rst letterw, t , or s followedby waypointhumber(seeFig-

ure 1). Horizontalaxis (resp.vertical axis) shavs contritution in bits to experiencedistance
from “sensory”read-onlyvariables(resp.“motor” read-writevariables) Experiencelistance
to the experienceat the origin is the sum of thesetwo coordinatesDotted lines shaw the

boundaryof the ballswith radii 10-80aroundexperiencewalk5 . Caveat:Distanceetween
otherexperienceslepictedare generlly mud larger thanthey appearin thelocal picture.
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