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Abstract. We introducemathematicallyrigorousmetricson agentexperienceshav-
ing varioustemporalhorizons.Sensorimotorvariablesaccessibleto the agentare
treatedas information-theoreticsourcesmodelledas randomvariables.The time
seriesfrom the sensorimotorvariablesover a given temporalregion for different
behavioural contexts groundan agent-basedview of the agent's own experiences,
andthe information-theoreticdifferencesbetweensensorimotorexperiencesinduce
a metric spacestructureon the setof the agent's possibleexperiences.This could
allow anautonomousmobile robot to locateandnavigatebetweenits sensorimotor
experienceson a geometriclandscape(an experientialmetric space) whosepoints
areits possibleexperiencesof agiventemporalscopeandin whichnearbypointsare
similarexperiences.

1 Moti vation and Overview

In orderto mathematicallyformalizeandexploit thenotionof temporallyextended
episodesof experiencefor autonomousrobots,we develop real-timecomputable
information-theoreticmetricson a robot's sensorimotorexperienceshaving a given
temporalhorizon.Theseareillustratedwith a particularrobotic example,andnext
applicationsto ontogeneticrobotsarediscussed.

2 ExperienceMetrics: The Geometryof Experience

2.1 Inf ormation SourcesasRandomVariables

Considera sensoror effectorthatcantake on varioussettingsor valuesmodeledas
a randomvariableX 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
“alphabet”X = f x1; : : : ; xm g of possiblevalues.(Theapproachclearlygeneralizes
to continuoustimeandvaluesetswith appropriatechanges.)

2.2 Entr opy and Inf ormation Distance

Entropy is the information-theoreticmeasureof uncertaintyintroducedby Claude
Shannon[10] andits unitsarebits. TheentropyH (X ) of a sensoror actuatorX is
thenH (X ) = �

P
x 2 X p(x) log2 p(x), wherep(x) givestheprobabilityof valuex

beingtaken.Conditionalentropy H (X jY ) of a randomvariableX given Y is the
amountof uncertaintythat remainsaboutthe valueX given that the valueof Y is
known.

H (X jY ) = �
X

x 2 X

X

y2 Y

p(x; y) log2
p(x; y)
p(y)

;

wherep(x; y) isgivenby thejoint distributionof X andY.1 Theinformationdistance
betweenX andY is

d(X ; Y) = H (X jY ) + H (YjX ):

Thissatis�esthemathematicalaxiomsfor ametric:

1. d(X ; Y) = 0 if andonly if X andY areequivalent.2

2. d(X ; Y) = d(Y; X ) (symmetry)
3. d(X ; Y) + d(Y; Z ) � d(X ; Z ) (triangleinequality).

Thesatisfactionof theseaxiomsis shown by Crutch�eld [1]. Thusd de�nes a geo-
metricstructureonany spaceof jointly distributedinformationsources.

2.3 SensorimotorVariableswith Time Horizons

For a particularagent,in a particularenvironment,considera sensorimotorvari-
able X . Its distribution will be affectedby the agent-environmentinteraction.In
the context of a particularenvironmentand beginning from a particularmoment
in time t0 until a later momentt0 + h (h > 0), we regardthe sequenceof values
x(t0); x(t0 + 1); : : : ; x(t0 + h � 1) takenby aninformationsourceX astime-series
datafrom a new randomvariableX t 0 ;h , the sensorimotorvariable with temporal
horizonh for sensor(or actuator)X startingat timet0, dependingonsituatedexpe-
rience.

1 Weassumeapproximatelocalstationarityof thejoint distributionof randomvariablesrep-
resentingthesensorimotorvariablesoveratemporalwindow andthatthiscanbeestimated
closelyenoughby samplingthesensorimotorvariables.

2 For informationsources,“equivalence”refersto re-codingequivalence. Thatis, thevalues
of X area functionof thoseof Y andviceversa.See[1].
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2.4 Inf ormation DistancebetweenTime-ShiftedSensorimotorVariables

A particularrobotengagesin variousbehavioursandinteractionsin a particularen-
vironment,andwe considertwo of its sensorimotorvariablesX andY. (Possibly
X = Y.) Considerthe valuestaken by X beginning at time t0 andthoseof Y be-
ginning at time t1. (Possiblyt0 = t1.) Considerthe two-componentrandomvari-
ableXt 0 ;h � Yt 1 ;h with horizonh, whosedistribution is estimatedfrom thevalues
(x(t0 + i ); y(t1 + i )) 2 X � Y . The �rst componentherecomesfrom X , starting
from time t0, andsecondcomponentcomesfrom Y with a temporalshift of t1 � t0

units,startingfrom time t1. We canalsoestimatetheprobability joint time-shifted
distribution andtheinformationdistanced(X t 0 ;h ; Yt 1 ;h ) betweenX duringthe�rst
temporalregionandY duringthesecondtemporalregionby measuringthefrequen-
ciesof occurrenceof values(x t 0 + i ; yt 1 + i ) asi runsfrom 0 to h � 1.

Clearly thereare issuesrelatedto the sizeof the temporalhorizonh andalso
thenumberof valuesX andY maytake thataffect theaccuracy of theseestimates.
Also in practice,independentsamplesof timeshiftedsensorimotorvariablesarenot
available.3

2.5 ExperienceMetric

Considerthesetof all sensorimotorvariablesavailableto anagent.Supposethereare
N such,X 1; : : : ; X N . Let E(t; h) = (X 1

t;h ; : : : ; X N
t;h ) be the (ordered)setof these

variablesconsideredovera temporalwindow of sizeh startingat t. We call E (t; h)
theagent'sexperiencefrom time t having temporalhorizonh.

Let E = E(t; h) andE 0 = E(t0; h) beexperiencesof anagentfrom time t and
t0, respectively, bothwith horizonsizeh. De�ne ametriconexperiencesof temporal
horizonh as

D(E; E 0) =
NX

k=1

d(X k
t;h ; X k

t 0;h );

whered is theinformationdistance.

Theorem1 D is a metricon thesetof experiencesof an agenthavinga �xed tem-
poral horizonh.

Proof: Thatthemetricaxiomsholdsfor D follows from thefactthatthey holdcom-
ponentwise,sinced is a metric. �

As a corollary, wenotethatD = 1
N D, theaverageexperiencedistancepersensori-

motorvariable, is alsoa metricon thesetof experiencesof anagenthaving a �x ed

3 Previouswork on sensoryreconstructionandsensorimotorlearningby Olssonet al. [8, 7]
canbeconsideredasusingaslargeaspossiblehorizon(startingt 0 = 0 andh thenumber
of observationsmade).Sometimesalsotemporalshiftsby a smallamountt 1 � t0 to study
temporalcorrelationsin information(suchasoccur, e.g.in opticalor tactile�o w) [9].
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temporalhorizonh. Theunitsof D arebits andthoseof D arebits persensorimo-
tor variable.ThusD providesa geometricstructureon thesetof experiencesof an
agent.4

3 AutonomousRobot Experiments

3.1 Experimental Set-up

Sensorimotorvariabledatafor a SONY AIBO robot programmedwith behaviour-
basedtechniquesto explore a 2m � 2m environmentweregatheredpreviously to
studyinformationdistancecharacterizationsof sensorimotorinteractions[3]. These
dataarereanalyzedhereusingthe toolsof theexperiencemetric introducedabove
for temporalhorizonof size40 with resolutionof � ve valuesfor eachsensorimotor
variableX (i.e. jX j = 5), wheretime is measuredin units of approx.100 msec.
More detailsof programminganddata-gathering,sensitivity to parameters,andex-
aminationof otheraspectsof the temporalexperiencemetric aredescribedin [4].
The seventy-sevensensorimotorvariablesusedcanbe partitionedinto two classes
(read-only)variables(41 “sensors”)and(read-write)variables(36 “motors”) – see
Table1.

Table 1. AIBO TelemetryCollected

Sensors # Motors #

IR-Distance 1 Leg JointPositions 12

Accelerometers 3 HeadJointPositions 4

Temperature/Battery2 Tail JointPositions 2

Buttons 8 Motor Force/ Duties 18

Visual 27

TotalSensors 41 TotalMotors 36

Datafrom sensorimotorvariableswassampledat approximately10 timesper sec.
Figure1 shows thetrajectoryof therobotin thearenalasting90.3seconds.For this
dataset,theexperiencemetricwasusedto examinethesimilarity of 17sensorimotor
experiencesendingat thewaypointsshown.

3.2 Results

Figure2 showsa localneighborhoodin theexperientialmetricspacefor experiences
in this dataset:Centeringat walk5 (seecaption)theclosestexperiencesin thedata
setarethe temporalregion walk9 leadingup to waypoint9, lying just beyondthe

4 More detailedproofsandothermetricson sensorimotorexperience(in the senseof this
paper)aregivenin [5].
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Fig. 1. Trajectoryof theautonomouslywanderingAIBO robotin 2m� 2m arena.Numbered
waypointsmark endsof temporalwindows considered.For each,behaviour in the temporal
horizon(h = 40) werecharacterizedby externalobserversaseitherwalk (circles)or turn
(squares);waypoint1 involvedtherobot's start-up .

ball of radius40 bits centeredat walk5 (w5), followedby walk11 (w11), which
lies within the ball of radius60 bits. Turns(pre�x edt ) andstartup s1 lie further
away.

Figure3 shows a dendrogramresultingfrom completelinkageclusteringof the
experiencesusingtheexperiencemetricD . Generally, clustersconsistof experiences
externally characterizedby humanobserversaseitherwalking or turning, but the
robot-centeredmetricsplitsoff somesubclustersandgives�ner distinctions.

4 Discussionand Conclusion

We have shown how an autonomousrobot can apply a metric (computedin real-
time) to assessthe similarity of its experiencesin a geometricspaceconsistingof
its possibleexperiencesover a given sizetemporalhorizon,andthat thesetendto
agreewith externalobserver notionsof similarity. The next stepsareto apply this
experiencemetric to allow the robot to help it to re-engagein known experience,
to predict andexplore experiencesnearthe boundariesof its previously mastered
behavioursandexperiences(cf. [12, 11, 2, 6]).

We remarkthat the systematiccomparisonof experienceat different temporal
horizonsis possibleusing restrictionmappingsand the experiencemetric at the
shorterscales[5]. Morever, asdevelopmentprogresses,�ne resolutionon sensori-
motorvariablescouldbemappednaturallyontoan initial coarseresolutionof sen-
sorimotorvariablesto scaffold ontogeny.
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Fig. 2. Local neighborhood in the experiencemetric space.For the sensorimotorexperi-
encewalk5 (w5) endingat waypoint5 with a temporalregion with horizonof size40 and
resolution(binsize)of 5 valuespersensorimotorvariable,experientialdistancesto otherexpe-
riencesin thedataarevisualized.Pointsareexperienceshuman-characterizedeitheraswalk ,
turn or start-up denotedby �rst letterw, t , or s followedby waypointnumber(seeFig-
ure1). Horizontalaxis (resp.vertical axis) shows contribution in bits to experiencedistance
from “sensory”read-onlyvariables(resp.“motor” read-writevariables).Experiencedistance
to the experienceat the origin is the sum of thesetwo coordinates.Dotted lines show the
boundaryof theballswith radii 10-80aroundexperiencewalk5 . Caveat:Distancesbetween
otherexperiencesdepictedare generally much larger thanthey appearin thelocal picture.
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