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Abstract

We modelhippocampalplacecellsandhead-directioncellsby combin-
ing allothetic(visual)andidiothetic (proprioceptive)stimuli. Visual in-
put,providedby avideocameraonaminiaturerobot,is preprocessedby
asetof Gaborfilterson

���
nodesof a log-polarretinotopicgraph.Unsu-

pervisedHebbianlearningis employedto incrementallybuild a popula-
tion of localizedoverlappingplacefields.Placecellsserveasbasisfunc-
tions for reinforcementlearning.Experimentalresultsfor goal-oriented
navigationof a mobilerobotarepresented.

1 Intr oduction

In orderto achievespatiallearning,bothanimalsandartificial agentsneedto autonomously
locatethemselvesbasedon available sensoryinformation. Neurophysiologicalfindings
suggestthespatialself-localizationof rodentsis supportedby place-sensitiveanddirection-
sensitive cells. Placecells in therat Hippocampusprovidea spatialrepresentationin allo-
centriccoordinates[1]. A placecell exhibits ahighfiring rateonly whentheanimalis in a
specificregionof theenvironment,whichdefinestheplacefieldof thecell. Head-direction
cellsobservedin thehippocampalformationencodetheanimal’sallocentricheadingin the
azimuthalplane[2]. A directionalcell firesmaximallyonly whentheanimal’s headingis
equalto the cell’s preferred direction, regardlessof the orientationof theheadrelative to
thebody, of therat’s location,or of theanimal’sbehavior.

We asktwo questions.(i) How do we getplacefieldsfrom visual input [3]? This question
is non-trivial giventhatvisual input dependson thedirectionof gaze.We presenta com-
putationalmodelwhich is consistentwith severalneurophysiologicalfindingsconcerning
biologicalhead-directionandplacecells. Place-codinganddirectionalsenseareprovided
by two coupledneuralsystems,which interactwith eachotherto form a singlesubstrate
for spatialnavigation(Fig. 1(a)).Bothsystemsrely on allotheticcues(e.g.,visualstimuli)
aswell asidiotheticsignals(e.g.,proprioceptivecues)to establishstableinternalrepresen-
tations. The resultingrepresentationconsistsof overlappingplacefields with properties�
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(a) (b)

Figure1: (a) An overview of the entiresystem. Dark grey areasare involved in spacerepresen-
tation,whereaslight grey componentsform thehead-directioncircuit. Glossary:SnC:hypothetical
snapshotcells,sEC:superficialentorhinalcortex, mEC:medialentorhinalcortex, DG: dentategyrus,
CA3-CA1: hippocampusproper, NA: nucleusaccumbens,VIS: visual bearingcells, CAL: hypo-
theticalcalibrationcells,HAV: headangularvelocity cells,PSC:postsubiculum,ADN: anterodorsal
nucleus,LMN: lateralmammillarynuclei. (b) A visual sceneacquiredby the robot during spatial
learning.Theimageresolutionis �	�
����
��
� pixels.Theretinotopicsamplinggrid (white crosses)is
employedtosamplevisualdatabymeansof Gabordecomposition.Blackcirclesrepresentmaximally
respondingGaborfilters (thecircle radiusvariesasa functionof thefilter’sspatialfrequency).

similar to thoseof hippocampalplacecells. (ii) What’s theuseof placecellsfor navigation
[1]? Weshow thatarepresentationby overlappingplacefieldsis anatural“statespace”for
reinforcementlearning.A direct implementationof reinforcementlearningon realvisual
streamswould be impossiblegiven the high dimensionalityof the visual input space.A
placefield representationextractsthe low-dimensionalview-manifold on which efficient
reinforcementlearningis possible.

To validateour model in real task-environmentcontexts, we have testedit on a Khepera
miniaturemobilerobot.Visualinformationis suppliedby anon-boardvideocamera.Eight
infraredsensorsprovide obstacledetectionandmeasureambientlight. Idiothetic signals
areprovidedby therobot’sdead-reckoningsystem.Theexperimentalsetupconsistsof an
open-filedsquarearenaof about��������� cmin astandardlaboratorybackground(Fig.1(b)).

The vision-basedlocalization problem consists of (i) detecting a convenient low-
dimensionalrepresentationof the continuoushigh-dimensionalinput space(imageshave
a resolutionof ������� ����� pixels),(ii) learningthemappingfunction from thevisualsen-
sory spaceto pointsbelongingto this representation.Sinceour robot moveson a two-
dimensionalspacewith acamerapointingin thedirectionof motion,thehigh-dimensional
visualspaceis not uniformly filled. Rather, all input datapointslie on a low-dimensional
surfacewhich is embeddedin aEuclideanspacewhosedimensionalityis givenby thetotal
numberof camerapixels. This low-dimensionaldescriptionof thevisualspaceis referred
to asview manifold[4].

2 Extracting the low-dimensionalview-manifold

Hippocampalplacefieldsaredeterminedbyacombinationof highly-processedmultimodal
sensorystimuli (e.g.,visual,auditory, olfactory, andsomatosensorycues)whosemutualre-
lationshipscodefor theanimallocation[1]. Nevertheless,experimentson rodentssuggest
thatvision playsaneminentrole in determiningplacecell activity [5]. Here,we focuson



thevisualpathway, andproposea processingin four steps.

As a first step,we placea retinotopicsamplinggrid on the image(Fig. 1(b)). In total we
have

���
grid pointswith highresolutiononly in a localizedregionof theview field (fovea),

whereasperipheralareasarecharacterizedby a low-resolutionvision [6]. At eachpoint of
thegrid we place��� Gaborfilters with differentorientationsandamplitudes.Gaborfilters
[7] provide a suitablemathematicalmodelfor biologicalsimplecells[8]. Specifically, we
employ a setof modifiedGaborfilters [9]. A modifiedGaborfilter �� , tunedto orientation!#"

andangularfrequency $�%�&('*),+ , correspondsto a Gaussianin theLog-polar frequency
planeratherthanin thefrequency domainitself, andis definedby theFourierfunction-.0/2143 !65 &87:9�'<;>= ) ; )@?BADCFE@G�HIC J 9<'K;>=MLN;4L + ADC,E@G�HIC O (1)

where 7 is anormalizationterm,and
/P143 !Q5

arecoordinatesin theLog-polarFourierplane/2143 !Q5 & R2S�TVUWU / $�X 3 $�Y 5 U2U 3�Z�[]\�^@Z�_`/ $aY�b*$aX 5 (2)

A key propertyof theLog-polarreferenceframeis thattranslationsalong
!

correspondto
rotationsin theimagedomain,while translationsalong

1
correspondto scalingtheimage.

In our implementation,we build a setof ��� modifiedGaborfilters, cd&feK�� / $a% 3 !#"<5 U �0gh gi� 3 �jglkmg �on , obtainedby taking
�

angularfrequency $qp 3 $ G 3 $sr , and � orientations! p 3�tut�t*3 !	v .
As asecondstep,wetakethemagnitudeof theresponsesof theseGaborfiltersfor detecting
visualpropertieswithin videostreams.While theGaborfilter itself haspropertiesrelatedto
simplecells,theamplitudeof thecomplex responsedoesnot dependon theexactposition
within the receptive field and hasthereforepropertiessimilar to cortical complex cells.
Thus,givenan imagew /Pxs3zy 5 , we computethe magnitudeof the responseof all �
 filters
for eachretinalpoint {|

}  / {| 5 & ~X
� ' / �  / {x 5]5 9,w / {|�� {x 5 G � ~X w�� / �  / {x 5@5 9�w / {|�� {x 5 G

�
C

(3)

where {x variesover theareaoccupiedby thefilter �� in thespatialdomain.

Thethird stepwithin thevisualpathway of our model,consistsof interpretingvisualcues
by meansof neuralactivity. We take a populationof hypotheticalsnapshotcells (SnC
in Fig. 1(a)) onesynapsedownstreamthe Gaborfilter layer. Let � be an index over all�

filters forming the retinotopicgrid. Given a new image w , a snapshotcell ��� SnCis
createdwhichreceivesafferentsfrom all ��� filters. Connectionsfrom filters �
� to cell � are
initialized accordingto �V�z��& } � , �`��� � . If, at a laterpoint, therobotseesanimagew	� ,
thefiring activity } � of cell �V� SnCis computedby

} ��&�' ;`= �� �o� � � ;4�>� � � ADC]E]G�HIC (4)

where} � arethe Gaborfilter responsesto imagewN� . Eq. 4 definesa radialbasisfunction
is filter spacethatmeasuresthe similarity of thecurrentimageto the imagestoredin the
weights� �z� . Thewidth � determinesthediscriminationcapacityof thesystemfor visual
scenerecognition.

As final step, we apply unsupervisedHebbianlearning to achieve spatial coding one
synapsedownstreamthe SnClayer (sECin Fig. 1(a)). Indeed,the snapshotcell activity} � definedin Eq. 4 dependson the robot’s gazedirection,anddoesnot codefor a spatial
location. In orderto collect informationfrom severalgazedirections,therobot takesfour
snapshotscorrespondingto north,east,south,andwestviews at eachlocationvisiteddur-
ing exploration.To dothis, it reliesontheallocentriccompassinformationprovidedby the
directionalsystem[2, 10]. For eachvisited locationthe robot createsfour SnCsnapshot
cells,which areboundtogetherto form a placecell in thesEClayer. Thus,sECcell activ-
ity dependson a combinationof severalvisualcues,which resultsin non-directionalplace
fields(Fig. 2(a))[11].
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Figure2: (a) A sampleof spatialreceptive field for a sECcell in our model. The lighter a region,
thehigherthecell’s firing ratewhentherobotis in thatregion of thearena.(b) A typical placefield
in theCA3-CA1 layerof themodel.

3 Hippocampal CA1-CA3 placefield representation

Whenrelying on visual dataonly, the statespacerepresentationencodedby placecells
doesnot fulfill theMarkov hypothesis[12]. Indeed,distinctareasof theenvironmentmay
provide identicalvisualcuesandleadto singularitiesin theview manifold(sensoryinput
aliasing). We employ idiotheticsignalsalongwith visual informationin orderto remove
suchsingularitiesandsolve thehiddenstateproblem.An extra-hippocampalpathintegra-
tor drivesGaussian-tunedneuronsmodelingself-motioninformation(mEC in Fig. 1(a)).
A fundamentalcontribution to build themEC idiotheticspacerepresentationcomesfrom
head-directioncells (projectionB in Fig. 1(a)). As the robot moves,mEC cell activity
changesaccordingto self-motionsignalsand to the currentheadingof the robot as es-
timatedby the directionalsystem. The firing activity }<� of a cell ��� mEC is given
by }<� &f����� /z��/ {�*� � � {� � 5 G�bu�o�NG 5 , where {�*� � is the currentrobot positionestimatedby
dead-reckoning, {� � is thecenterof thereceptive field of cell � , and � is thewidth of the
Gaussianfield.

Allothetic and idiothetic representations(i.e., sEC andmEC placefield representations,
respectively) converge onto CA3-CA1 regions to form a stable spatial representation
(Fig. 1(a)). On theonehand,unreliablevisualdataarecompensatedfor by meansof path
integration.On theotherhand,reliablevisual informationcancalibratethepathintegrator
systemandmaintainthedead-reckoningerrorboundedovertime. Correlationallearningis
appliedto combinevisualcuesandpathintegrationover time [11].

After learning,the CA3-CA1 spacerepresentationconsistsof a populationof localized
overlappingplace fields (Fig. 2(b)) covering the two-dimensionalworkspacedensely.
Fig. 3(a)shows anexampleof distribution of CA3-CA1 placecellsafter learning. In this
experiment,the robot, startingfrom an emptypopulation,createdabout

� ����� CA3-CA1
placecells.

In order to interpret the information representedby the ensembleCA3-CA1 patternof
activity, we employ populationvectorcoding [13, 14]. Let {� be the unknown robot’s lo-
cation, }  / {� 5 the firing activity of a CA3-CA1 placecell � , and {�  the centerof its place
field. The populationvector {� is given by the centerof massof the network activity:{� &  {�  }  / {� 5 b  }  / {� 5 . The approximation {�(  {� is good for large neuralpopula-
tionscoveringtheenvironmentdenselyanduniformly [15]. In Fig. 3(a)thecenterof mass
codingfor therobot’s locationis representedby theblackcross.

4 Action learning: Goal-orientednavigation

The above spatialmodelenablesthe robot to localize itself within the environment. To
supportcognitivespatialbehavior [1], thehippocampalcircuit mustalsoallow therobotto
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Figure3: (a) The ensembleactivity of approximately�@¡�¡
¡ CA3-CA1 placecells createdby the
robotduringspatiallearning.Eachdot is thecenterof a CA3-CA1 placecell. Thelighter a cell, the
higherits firing rate. Theblackcrossis thecenterof massof theensembleactivity. (b) Vectorfield
representationof a navigationalmapslearnedafter ¢ trials. Thetargetarea(about �I£¤¢ timesthearea
occupiedby therobot)lies in upper-left cornerof thearena.

learnnavigationalmapsautonomously. Our CA3-CA1 populationprovidesan incremen-
tally learnedcoarsecodingrepresentationsuitablefor applyingreinforcementlearningfor
continuoushigh-dimensionalstatespaces.Learningan action-valuefunctionover a con-
tinuouslocationspaceendowsthesystemwith spatialgeneralizationcapabilities.

We apply a Q(¥ ) learningscheme[16] to build navigationalmaps. The overlappinglo-
calizedCA3-CA1 placefieldsprovide a naturalsetof basisfunctionsthat canbeusedto
learna parameterizedform of theQ(¥ ) function[17]. Notethatwe do not have to choose
parameterslike width andlocationof the basisfunctions. Rather, the basisfunctionsare
createdautomaticallyby unsupervisedlearning.Ourrepresentationalsosolvestheproblem
of ambiguousinputor partiallyhiddenstates[12], thereforethecurrentstateis fully known
to thesystemandreinforcementlearningcanbeappliedin a straightforwardmanner.

Let }  denotethe activation of a CA3-CA1 placecell � . Eachstate {� is encodedby the
ensembleplacecell activity vector {} / {� 5 & / } p / {� 5 3 } G / {� 5 3�tut�tu3 }K¦ / {� 5@5 , where§ is thenumber
of createdplacecells. Vectors {} and {� have thesamenumberof components.Thestate-
actionvaluefunction ¨ �

/ {� 3u© 5 is of theform

¨ �
/ {� 3�© 5 & / {�«ª 5D¬ {} / {� 5 &

¦
 M­ p ��ª 

}  / {� 5 (5)

where {� 3u© is the state-actionpair, and {� ª & / � ª p 3�tut�tu3 � ª¦ 5 is an adjustableparameter
vector. The learningtaskconsistsof updatingthe weight vector {� ª to approximatethe
optimalfunction ¨ ��

/ {� 3u© 5 . Thestate-valuepredictionerroris definedby®,¯ & � ¯2° p �²±�³ Z �ª ¨ ¯ / {� ¯2° p 3�© 5 � ¨ ¯ / {� ¯ 3�© ¯ 5 (6)

where
� ¯2° p is the immediatereward,and � g ± g´�

is a constantdiscountingfactor. At
eachtimesteptheweightvector {� ª changesaccordingto

{� ª¯2° p &d{� ª¯ �¶µ ®F¯ {' ¯ (7)

where� g µ g·�
is aconstantlearningrateparameter, and {' ¯ is theeligibility tracevector.

Duringlearning,theexploitation-explorationtrade-off is determinedby an ¸ -greedypolicy,
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Figure 4: Two other samplesof learnednavigational maps. The obstacle(dark grey object) is
“transparent”with respectto vision, while it is detectableby the robot’s infraredsensors.(a) The
maplearnedby therobotafter �z¡ trainingpaths.(b) Themaplearnedby therobotafter ¹@¡ training
trials.

with � g ¸ g´�
. As a consequence,at eachstepº theagentmight eitherbehave greedily

(exploitation) with probability
� � ¸ , by selectingthe bestaction

© �¯
with respectto the

Q-valuefunctions,
© �¯ & Z�[ T ³ Z � ª ¨

¯ / {� ¯ 3u© 5 , or resortto uniform randomactionselection
(exploration) with probabilityequalto ¸ .
Theupdateof theeligibility tracedependson whetherthe robotselectsanexploratoryor
anexploiting action.Specifically, thevector {' ¯ changesaccordingto

{' ¯ &»{} / {� ¯ 5 � ± ¥`{' ¯ ; p if exploiting� if exploring (8)

where� g ¥ g(�
is atrace-decayparameter[17], and {} / {� ¯ 5 is theCA3-CA1vectoractivity.

We startwith {',¼j& {� .

Learningconsistsof a sequenceof training pathsstartingat randompositionsanddeter-
minedby the ¸ -greedypolicy. Whentherobotreachesthetarget,anew trainingpathbegins
at a new randomlocation. Fig 3(b) shows anexampleof navigationalmaplearnedafter ½
training trials. Fig. 4 shows someresultsobtainedby addinganobstaclewithin thearena
after the placefield representationhasbeenlearned. Map of Fig. 4(a) hasbeenlearned
after ��� training paths. It containspropergoal-orientedinformation,whereasit doesnot
provide obstacleavoidanceaccuratelyp . Fig. 4(b) displaysa navigationalmaplearnedby
the robot after ��� training paths. Due to longer training, the mapprovidesboth appro-
priategoal-orientedandobstacleavoidancebehavior. The vectorfield representationsof
Figs.3(b)and4 havebeenobtainedby rasteringuniformly over theenvironment.Many of
sampledlocationswerenot visited by the robot during training,which confirmsthe gen-
eralizationcapabilitiesof themethod.That is, therobotwasableto associateappropriate
goal-orientedactionsto neverexperiencedspatialpositions.

Reinforcementlearningtakeslongtrainingtimewhenapplieddirectlyonhigh-dimensional
input spaces[17]. We have shown thatby meansof anappropriatestatespacerepresenta-
tion, basedonlocalizedoverlappingplacefields,therobotcanlearngoal-orientedbehavior
afteronly ½ trainingtrials (withoutobstacles).This is similar to theescapeplatformlearn-
ing timeof ratsin Morris water-maze[18].¾

Notethat,thisdoesnotreally impair therobot’sgoal-orientedbehavior, sinceobstacleavoidance
is supportedby a low-level reactive moduledrivenby infraredsensors.
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