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Abstract

We modelhippocampaplacecells andhead-directiorcells by combin-
ing allothetic (visual) andidiothetic (proprioceptve) stimuli. Visualin-
put, providedby avideocameraon a miniaturerobot,is preprocessely
asetof Gabofrfilterson 31 nodesof alog-polarretinotopicgraph.Unsu-
pervisedHebbianlearningis employedto incrementallybuild a popula-
tion of localizedoverlappingplacefields. Placecellssene asbasisfunc-
tionsfor reinforcementearning. Experimentakesultsfor goal-oriented
navigationof amobilerobotarepresented.

1 Intr oduction

In orderto achieve spatiallearning,bothanimalsandartificial agentseedto autonomously
locate themseles basedon available sensoryinformation. Neurophysiologicafindings
suggesthespatialself-localizatiorof rodentds supportedy place-sensitieanddirection-
sensitve cells. Placecellsin therat Hippocampugrovide a spatialrepresentatioim allo-
centriccoordinategl]. A placecell exhibits a highfiring rateonly whentheanimalis in a
specificregion of theenvironmentwhich defineshe placefield of thecell. Head-direction
cellsobsenedin thehippocampaformationencodeheanimals allocentricheadingn the
azimuthalplane[2]. A directionalcell firesmaximally only whenthe animal’s headingis
equalto the cell's preferred direction regardlessof the orientationof the headrelative to
thebody; of therat’s location,or of theanimal's behaior.

We asktwo questions(i) How do we getplacefieldsfrom visualinput[3]? This question
is non-trivial giventhatvisualinput dependsn the directionof gaze.We present com-
putationalmodelwhich is consistenivith severalneurophysiologicalindingsconcerning
biological head-directiorandplacecells. Place-codinganddirectionalsenseareprovided
by two coupledneuralsystemswhich interactwith eachotherto form a singlesubstrate
for spatialnavigation (Fig. 1(a)). Both systemgely on allotheticcues(e.g.,visual stimuli)
aswell asidiotheticsignals(e.g.,proprioceptve cues)to establishstableinternalrepresen-
tations. The resultingrepresentatiorconsistsof overlappingplacefields with properties
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Figure1: (a) An overview of the entire system. Dark grey areasareinvolved in spacerepresen-
tation, whereadight grey component$orm the head-directiortircuit. Glossary:SnC:hypothetical
shapshotells,sEC:superficialentorhinalcortex, mEC: medialentorhinalcortex, DG: dentategyrus,

CA3-CA1L: hippocampusgproper NA: nucleusaccumbensVIS: visual bearingcells, CAL: hypo-

theticalcalibrationcells,HAV: headangularvelocity cells,PSC:postsubiculumADN: anterodorsal
nucleus,LMN: lateralmammillarynuclei. (b) A visual sceneacquiredby the robot during spatial
learning.Theimageresolutionis 422 x 316 pixels. Theretinotopicsamplinggrid (white crosses)s

employedto samplevisualdataby meansof GabordecompositionBlackcirclesrepresenimaximally

respondingsaborfilters (the circle radiusvariesasa function of thefilter's spatialfrequeny).

similar to thoseof hippocampaplacecells. (i) What's the useof placecellsfor navigation
[1]? We shaw thatarepresentatioby overlappingplacefieldsis anatural‘statespace’for
reinforcementearning. A directimplementatiorof reinforcementearningon realvisual
streamswould be impossiblegiven the high dimensionalityof the visual input space.A
placefield representatiomxtractsthe low-dimensionaliew-manifold on which efficient
reinforcementearningis possible.

To validateour modelin realtask-ewironmentcontexts, we have testedit on a Khepera
miniaturemobilerobot. Visualinformationis suppliedoy anon-boardvideocameraEight
infrared sensorgrovide obstacledetectionand measureambientlight. Idiothetic signals
areprovidedby therobot’s dead-reckningsystem.The experimentalsetupconsistof an
open-filedsquarearenaof about80 x 80 cmin astandardaboratorybackgroundFig. 1(b)).

The vision-basedlocalization problem consists of (i) detecting a corvenient low-
dimensionakepresentationf the continuoushigh-dimensionalnput space(imageshave
aresolutionof 422 x 316 pixels), (ii) learningthe mappingfunctionfrom the visual sen-
sory spaceto pointsbelongingto this representation.Sinceour robot moveson a two-
dimensionabpacewith acamergointingin thedirectionof motion,the high-dimensional
visual spaceds not uniformly filled. Rather all input datapointslie on alow-dimensional
surfacewhichis embeddedh a Euclidearnspacevhosedimensionalityis givenby thetotal
numberof camerapixels. This low-dimensionabescriptionof the visual spaces referred
to asview manifold[4].

2 Extracting the low-dimensionalview-manifold

Hippocampaplacefieldsaredeterminedy acombinatiorof highly-processedultimodal
sensonstimuli (e.g.,visual,auditory, olfactory andsomatosensonyues\whosemutualre-
lationshipscodefor theanimallocation[1]. Neverthelessexperimentson rodentssuggest
thatvision playsaneminentrole in determiningplacecell actvity [5]. Here,we focuson



thevisual pathway, andproposea processingn four steps.

As afirst step,we placea retinotopicsamplinggrid on theimage(Fig. 1(b)). In total we
have 31 grid pointswith highresolutiononly in alocalizedregion of theview field (foveg),
whereagperipheralareasarecharacterizedby a low-resolutionvision[6]. At eachpointof
thegrid we place24 Gaborfilters with differentorientationsandamplitudes.Gaborfilters
[7] provide a suitablemathematicaimodelfor biological simplecells[8]. Specifically we
employ a setof modifiedGaborfilters[9]. A modifiedGaborfilter f;, tunedto orientation
¢; andangularfrequeny w; = ¢, corresponds$o a Gaussiarin the Log-polar frequengy
planeratherthanin thefrequeng domainitself, andis definedby the Fourierfunction

G(€,¢) = A e~ (6=8)*/208  o=(9=01)*/205 1)
whereA is anormalizationterm,and (¢, ¢) arecoordinatesn the Log-polarFourierplane
& 0) = (log I[(wa, wy)ll, arctan(wy/wfc)) 2

A key propertyof the Log-polarreferencdrameis thattranslationsalong¢ correspondo
rotationsin theimagedomain,while translationsalongé correspondo scalingtheimage.
In ourimplementationyve build a setof 24 modifiedGaborfilters, 7 = { fi(wi, ¢;) |1 <
1 <3,1<j < 8}, obtainedby taking3 angularfrequeny ws, w2, ws, and8 orientations

¢17"';¢8-

As asecondstep,we take themagnitudeof theresponsesf theseGabofrfiltersfor detecting
visualpropertieswithin videostreamsWhile theGaboffilter itself haspropertiegelatedto

simplecells,the amplitudeof the complex respons@loesnot dependon the exactposition
within the receptve field and hasthereforepropertiessimilar to cortical complex cells.

Thus,givenanimage(z, y), we computethe magnitudeof the responsef all f; filters

for eachretinalpoint §

2 2 %
ri(@) = (( S Re(fi(@) 1G+3)) + (3 Im(fi(@) - 1G + D)) ) 3)
whereZ variesovertheareaoccupiedby thefilter f; in the spatialdomain.

Thethird stepwithin the visual pathway of our model,consistof interpretingvisual cues
by meansof neuralactvity. We take a populationof hypotheticalsnapshotells (SnC
in Fig. 1(a)) one synapsedownstreamthe Gaborfilter layer. Let k be anindex over all
K filters forming the retinotopicgrid. Givena new image!, a snapshotell s € SnCis
createdvhichrecevesafferentsfrom all f filters. Connectiondrom filters f; to cell s are
initialized accordingto ws;, = 7, Vk € K. If, atalaterpoint, therobotseesanimagel’,
thefiring actity 5 of cell s € SnCis computeddy

Ts = 67(% Zk ‘7Vk7wsk‘)2/202 (4)

wherer, arethe Gaborfilter responseso imagel’. Eq. 4 definesa radial basisfunction
is filter spacethat measureshe similarity of the currentimageto the imagestoredin the
weightswg,. Thewidth o determineghe discriminationcapacityof the systemfor visual
sceneecognition.

As final step, we apply unsupervisedHebbianlearningto achiese spatial coding one
synapseadownstreanthe SnClayer (SECin Fig. 1(a)). Indeed,the snapshotell actiity
r, definedin Eq. 4 dependn the robot’s gazedirection,anddoesnot codefor a spatial
location. In orderto collectinformationfrom several gazedirections,the robottakesfour
shapshotsorrespondingo north, east,south,andwestviews at eachlocationvisited dur-
ing exploration. To dorthis, it reliesontheallocentriccompass$nformationprovidedby the
directionalsystem[2, 10]. For eachvisited locationthe robot createdour SnC snapshot
cells,which areboundtogetherto form a placecell in thesEClayer. Thus,sECcell activ-
ity depend®n a combinationof severalvisualcues which resultsin non-directionaplace
fields(Fig. 2(a))[11].
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Figure2: (a) A sampleof spatialreceptve field for a SECcell in our model. The lighter a region,
the higherthe cell’s firing ratewhentherobotis in thatregion of thearena.(b) A typical placefield
in the CA3-CALl layerof themodel.

3 Hippocampal CA1-CAS3 placefield representation

Whenrelying on visual dataonly, the statespacerepresentatiorencodedby placecells
doesnotfulfill the Markov hypothesig12]. Indeed distinctareasof the ervironmentmay
provide identicalvisual cuesandleadto singularitiesin the view manifold (sensoryinput
aliasing). We employ idiothetic signalsalongwith visual informationin orderto remove
suchsingularitiesandsolve the hiddenstateproblem. An extra-hippocampapathintegra-
tor drives Gaussian-tunedeuronsmodelingself-motioninformation(mEC in Fig. 1(a)).
A fundamentatontribution to build the mEC idiothetic spacerepresentatiomomesfrom
head-directiorcells (projectionB in Fig. 1(a)). As the robot moves, mEC cell activity
changesaccordingto self-motionsignalsandto the currentheadingof the robot as es-
timated by the directional system. The firing actwvity r,,, of a cell m € mEC is given
by rp, = exp(— (54 — 5m)?/20?), wheres,, is the currentrobot positionestimatedoy
dead-rechkning, s, is the centerof thereceptve field of cell m, ando is the width of the
Gaussiariield.

Allothetic andidiothetic representation§.e., SEC and mEC placefield representations,
respectiely) converge onto CA3-CA1 regions to form a stable spatial representation
(Fig. 1(a)). Ontheonehand,unreliablevisualdataarecompensatetbr by meansof path
integration. On the otherhand,reliablevisualinformationcancalibratethe pathintegrator
systemandmaintainthedead-reckningerrorboundecdvertime. Correlationalearningis
appliedto combinevisual cuesandpathintegrationovertime [11].

After learning,the CA3-CA1 spacerepresentatiortonsistsof a populationof localized
overlapping place fields (Fig. 2(b)) covering the two-dimensionalworkspacedensely
Fig. 3(a) shows an exampleof distribution of CA3-CA1 placecells afterlearning. In this
experiment,the robot, startingfrom an empty population,createdabout1000 CA3-CA1l
placecells.

In orderto interpretthe information representedy the ensembleCA3-CA1 patternof

activity, we employ populationvectorcoding[13, 14]. Let 5 bethe unknavn robot’s lo-

cation, r;(3) thefiring actwvity of a CA3-CA1 placecell i, and s; the centerof its place
field. The populationvector ' is given by the centerof massof the network activity:

7= Y,81i(8)/>,r(5). Theapproximationy’ ~ 5 is goodfor large neuralpopula-
tionscoveringthe ervironmentdenselyanduniformly [15]. In Fig. 3(a) the centerof mass
codingfor therobot'slocationis representeddy the blackcross.

4 Action learning: Goal-oriented navigation

The above spatialmodel enableshe robot to localize itself within the ervironment. To
supportcognitive spatialbehaior [1], the hippocampactircuit mustalsoallow therobotto
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Figure 3: (a) The ensembleactiity of approximatelyl000 CA3-CA1 placecells createdby the
robotduring spatiallearning.Eachdotis the centerof a CA3-CA1 placecell. Thelighter acell, the
higherits firing rate. The black crossis the centerof massof the ensemblectivity. (b) Vectorfield
representationf a navigationalmapslearnedafters trials. Thetargetarea(about2.5 timesthearea
occupiedby therobot)lies in upperleft cornerof thearena.

learnnavigationalmapsautonomously Our CA3-CAL1 populationprovidesan incremen-
tally learnedcoarsecodingrepresentatiorsuitablefor applyingreinforcementearningfor

continuoushigh-dimensionabtatespaces.Learningan action-\aluefunction over a con-
tinuouslocationspaceendavs the systemwith spatialgeneralizatiorcapabilities.

We apply a Q()\) learningscheme[16] to build navigationalmaps. The overlappinglo-
calizedCA3-CA1 placefields provide a naturalsetof basisfunctionsthat canbe usedto
learna parameterizeform of the Q()\) function[17]. Notethatwe do not have to choose
parameterdik e width andlocation of the basisfunctions. Rather the basisfunctionsare
createchutomaticallyby unsupervisetearning.Ourrepresentatioalsosolvestheproblem
of ambiguousnputor partially hiddenstate412], thereforehecurrentstateis fully known
to the systemandreinforcementearningcanbe appliedin a straightforvardmanner

Let ; denotethe activation of a CA3-CAl placecell i. Eachstates is encodedby the
ensemblglacecell activity vectori(s) = (r1(5),12(5), . . ., rn(5)), wheren is thenumber
of createdplacecells. Vectorsi”and@ have the samenumberof componentsThe state-
actionvaluefunctionQ,, (S, a) is of theform

Qu(5,a) = (@) 7(5) = Zw? ri(8) (5)

where s, a is the state-actiorpair, and @* = (w{,...,w?) is an adjustableparameter

’ n

vector The learningtask consistsof updatingthe weight vectorw* to approximatethe
optimalfunctionQ; (5, a). Thestate-aluepredictionerroris definedby
0 = Ryp1 +7y max Q¢(5¢11,a) — Qe(5, ayr) (6)

whereR;. 1 is theimmediatereward,and0 < ~ < 1 is a constantiscountingfactor At
eachtime steptheweightvectorw® changesccordingto

Wiy = Wy + adi€y (7)

where0 < o < 1isaconstantearningrateparameterande; is theeligibility tracevector
Duringlearning theexploitation-explorationtrade-of is determinedy ane-greedypolicy,
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Figure 4: Two other samplesof learnednavigational maps. The obstacle(dark grey object)is
“transparent’with respecto vision, while it is detectableby the robot’s infrared sensors.(a) The
maplearnedby therobotafter 20 training paths.(b) The maplearnedby the robotafter 80 training
trials.

with 0 < € < 1. As aconsequencet eachstept the agentmight eitherbehae greedily
(exploitation) with probability 1 — ¢, by selectingthe bestactiona; with respectto the
Q-valuefunctions,a; = argmax,Q:(5%,a), or resortto uniform randomactionselection
(exploration) with probabilityequalto e.

The updateof the eligibility tracedependsn whetherthe robot selectsan exploratoryor
anexploiting action. Specifically thevectore; changesccordingo

VN YACt_1 if exploiting
¢ =17(5) + { 0 if exploring 8)

where0 < X < 1isatrace-decaparametefl7], ands(3;) istheCA3-CAlvectoractivity.
We startwith &, = 0.

Learningconsistsof a sequencef training pathsstartingat randompositionsand deter

minedby thee-greedypolicy. Whentherobotreacheshetarget,anew trainingpathbegins
atanew randomlocation. Fig 3(b) shavs an exampleof navigationalmaplearnedafter 5

trainingtrials. Fig. 4 shons someresultsobtainedby addingan obstaclewithin the arena
after the placefield representatiomasbeenlearned. Map of Fig. 4(a) hasbeenlearned
after 20 training paths. It containspropergoal-orientednformation,whereast doesnot

provide obstacleavoidanceaccurately. Fig. 4(b) displaysa navigationalmaplearnedoy

the robot after 80 training paths. Due to longertraining, the map provides both appro-
priate goal-orientedand obstacleavoidancebehavior. The vectorfield representationef

Figs.3(b) and4 have beenobtainedby rasteringuniformly over theernvironment.Many of

sampledocationswere not visited by the robot during training, which confirmsthe gen-
eralizationcapabilitiesof the method. Thatis, the robotwasableto associat@ppropriate
goal-orientedactionsto never experiencedspatialpositions.

Reinforcementearningtakeslongtrainingtime whenapplieddirectly on high-dimensional
input spaceg17]. We have shovn thatby meansof anappropriatestatespacerepresenta-
tion, basednlocalizedoverlappingplacefields,therobotcanlearngoal-orienteehavior
afteronly 5 trainingtrials (without obstacles)Thisis similar to the escapelatformlearn-
ing time of ratsin Morris watermaze[18].

!Notethat,this doesnotreallyimpair therobot’s goal-orientedehaior, sinceobstacleavoidance
is supportedy alow-level reactive moduledrivenby infraredsensors.
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