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Summary

When animals explore an environment, they store useful spatial information in
their brains. In subsequent visits, they can recall this information and thus avoid
dangerousplacesor �nd againa food location. This abilit y, which may be crucial for
the animal's survival, is termed \spatial learning".

In the late 1940s,theoretical considerationshave led researchersto the conclusion
that rats establisha \cognitiv emap" of their environment. This spatial representation
can then be usedby the animal in order to navigate towards a rewarding location. In
1971,researchershave for the �rst time found direct evidencethat the hippocampus,
a brain areain the limbic system,may contain such a cognitive map. The activit y of
neuronsin the hippocampusof rats tends to be highly correlated with the animal's
position within the environment. These\place cells" have sincebeenthe target of a
large body of research.

Apart from spatial learning, the hippocampus seemsto be involved in a more
generaltype of learning, namely in the formation of so-called\episodic memories".
Models of hippocampal function could thus provide valuable insights for the under-
standing of memory processesin general.

Insights from animal navigation could also prove bene�cial for the designof au-
tonomous mobile robots. constructing a consistent map of the environment from
experience,and using it for solving navigation problems are di�cult tasks. Incor-
porating principles borrowed from animal navigation may help building more robust
and autonomousrobots.

The main objective of this thesis is to develop a neural network model of spatial
learning in the rat. The systemshould be capableof learning how to navigate to a
hidden reward location basedon realistic sensoryinput. The systemis validated on
a mobile robot.

Our model consistsof several interconnectedbrain regions,each represented by a
population of neurons.The model closelyfollows experimental results on functional,
anatomical and neurophysiological properties of theseregions. One population, for
instance,models the hippocampal placecells. A head-directionsystemcloselyinter-
actswith the placecellsand endows the robot with a senseof direction. A population
of motor-related cellscodesfor the direction of the next movement. Associations are
learnt betweenplacecellsand motor cellsin order to navigate towardsa goal location.

This study allows us to make experimental predictions on functional and neuro-
physiologicalpropertiesof the modelledbrain regions. In our validation experiments,
the robot successfullyestablishesa spatial representation. The robot can localise
itself in the environment and quickly learnsto navigate to the hidden goal location.
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Zusammenfassung

Wenn ein Tier seine Umgebung erkundet, werden n•utzliche Informationen in
seinemGehirn gespeichert. Zu einem sp•ateren Zeitpunkt k•onnen dieseInformatio-
nen abgerufenwerden und dem Tier helfen, gef•ahrliche Orte zu umgehenoder eine
zuvor entdeckte Nahrungsquellewiederzu�nden. Dieselebenswichtige F•ahigkeit wird
\r•aumlichesLernen" genannt.

Um 1948 haben Verhaltensforscher aus theoretischen Gr•unden postuliert, dass
die Ratte eine \k ognitive Karte" ihrer Umgebungerstellt. Diese Karte wird dann
verwendet, um einen Zielort aufzusuchen. 1971wurde zum ersten Mal ein direkter
Hinweis gefunden,dassder Hippocampus, eine Gehirnregion im limbischen System,
einekognitive Karte enthalten k•onnte. Die neuronaleAktivit•at im Hippocampusder
Ratte scheint im Zusammenhangmit dem Aufenthaltsort desTiers zu stehen. Diese
sogenannten \Ortszellen" sind seither dasZiel vieler wissenschaftlicher Studien.

Der Hippocampus scheint nicht nur am r•aumlichen Lernen, sondern an einer
generellerenForm von Lernenbeteiligt zu sein,n•amlich an der Bildung von \episodis-
chem Ged•achtnis". Mathematische Modelle dieserHirnregion k•onnten wichtige Bei-
tr•agezum Verst•andnis von Ged•achtnisfunktionen leisten.

Aus den Navigationsmechanismenbei Tieren gewonneneEinsichten k•onnten sich
auch beim Entwurf von autonomenRobotern alsn•utzlich erweisen.Die auf Erfahrung
basierteErstellung einer Umgebungskarte und derenGebrauch f•ur Navigationsprob-
lemesind komplizierte und schwierige Aufgaben. Das Einbinden von Prinzipien aus
der Tiernavigation k•onnte helfen, fehlerunanf•alligere und autonomere Roboter zu
konzipieren.

Das Hauptziel dieser Doktorarbeit liegt in der Entwicklung eines Modells f•ur
r•aumliches Lernen bei der Ratte mittels einesneuronalenNetzwerks. Das System
soll in der Lagesein, in einer realistischen Umgebungan einenversteckten Zielort zu
navigieren. Das Systemwird auf einemmobilen Roboter getestet.

UnserModell besteht ausmehrerenvernetztenGehirnregionen,wobei jede durch
eine Zellpopulation repr•asentiert wird. Dabei werden funktionelle, anatomische und
neurophysiologische Eigenschaften dieserRegionenber•ucksichtigt. Eine Population
modelliert zum Beispieldie Ortszellen im Hippocampus.Ein Richtungssysteminter-
agiert st•andig mit den Ortszellenund stattet den Roboter mit einemOrientierungs-
sinn aus. Eine Population von Aktionszellen kodiert die Richtung der n•achsten Be-
wegung. F•ur die Zielgerichtete Navigation werdenAssoziationenzwischen Ortszellen
und Aktionszellen gelernt.

Die vorliegendeStudie erlaubt funktionelle und neurophysiologische Voraussagen
•uber die modellierten Gehirnregionen.In unserenExperimenten erstellt der Roboter
erfolgreich Umgebungskarten, mit derenHilfe er sich lokalisierenkann. In kurzer Zeit
lernt er, zum versteckten Ziel zu navigieren.
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Chapter 1

In tro duction

When animals �nd an interesting place such as a food source, they can somehow
store in their brains the location wherethe food was found. Later, when the animal
is again near this \rewarding location", they are able to recall this information and
�nd the food again.

In order to study and compareanimal performance,experiments often usesimilar
environments. Probably the most frequently used setups are the 8-arm maze and
the water maze (�gure 1.1). In the 8-arm maze, food is placed at the end of each
arm. The animal is put on the central platform, from where it enters the arms and
retrieves the food. After somearms have beenvisited, the animal is removed from
the mazefor a while. When it is put on the central platform again, it only enters
arms that have not beenvisited yet. In the water maze,a small platform is placedat
a �xed location just under the surfaceof the cylindrical swimming-pool. The animal
can escape from the water by climbing onto the platform. The water is madeopaque
such that the platform is not visible. After a few learning trials, the animal directly
swimsto the platform from any location of the maze.

How can animalsdo that? This is the main questionwe addressin this thesis. In
the following, we arguewhy this is an interesting questionand why research should
be donein order to comecloserto an answer.

1.1 Motiv ation

The task of memorising the locations of interesting placesand �nding them again
later is termed \spatial learning". Over the last twenty �v e years,enormousprogress
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Figure 1.1: Frequently used environments for animal experiments: (a) 8-arm maze,
(b) Water maze

has been made in understanding brain fuunction in generaland spatial learning in
particular. For instance, it is today undisputed that the hippocampal formation, a
brain areain the limbic system,is involvedin spatial learning. But why is it important
to know how spatial learning or the brain in generalworks? We proposetwo reasons
why this could be of interest.

Understandingbrain functions could help curing neurologicaldiseasesand disor-
ders. Spatial learning seemsto be a very basic function of the brain. If understood,
it could provide valuable information in a much broader �eld of application. For
instance,the hippocampus,which has such a predominant role in theoriesof spatial
learning, is involved in much more generalbrain functions. Patients with hippocam-
pal damageshow severede�cits for several typesof learningand memory, in particular
for the so-calledepisodic memory.

A secondreasonwhy understandingthe brain could be bene�cial is that we may
use the principles of brain function and incorporate them into man-madeartefacts.
Mobile robots, for instance,could bene�t from theoriesof spatial learning in animals
in order to becomemore autonomousand robust, and hencemore \in telligent".

Now, we turn to the questionwhy there is the needfor yet another model. Obvi-
ously, wearenot the �rst to proposea neural mechanismsunderlying spatial learning.
Many proposalsexist in which a simulated animal (which we will call \agent" from
now on) localisesitself in an environment and learns to navigate to a rewarding lo-
cation. However, we �nd that in noneof the existing neural spatial learning systems,
the agent can localiseitself in a realistic environment without the useof a compass
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or a salient visual cue. Secondly, when combining information from multiple sensory
systems,existing models do not adapt the importance of each sensoryinput to the
environmental conditions, e.g. the illumination. Finally, agents in existing models
learn to approach the target by moving, at each time step, in a direction drawn from
a small discreteset.

The objectiveof this thesisis to �ll thesegaps. Wedevelopa biologically plausible
spatial learning system. The agent should be able to: (i) Localiseitself and navigate
in a realistic environment without the needof a compassor a known salient stimulus.
(ii) Learn to weigh the relative importance of di�eren t sensorysystemsaccordingto
the environmental conditions. (iii) E�cien tly learn to �nd a rewarding location while
allowing movements in arbitrary continuousdirections.

1.2 Metho ds

In order to achieve the aim of the thesis,we make useof several tools and methods.
The two most important tools we employ are described here.

Arti�cial neural networks: The nerve cells in the brain are also termed \neurons".
The brain contains an incredibly large number of neurons, and each neuron
is connectedto many other neuronsby \synapses". Every synapsehas a cer-
tain \e�cacy" for transmitting information from the presynapticneuronto the
postsynaptic cell. The e�cacy of a synapseis \plastic". It can be increasedor
decreased,which is thought to be the underlying principle of \learning". Neu-
rons communicate with each other by transmitting short pulsescalled \spikes".
It is not known how information is coded in thesetrains of spikes. In this the-
sis, we usea simpli�ed model of a neuron, called a \rate coded neuron". The
activit y of neuron i is expressedas the mean spike rate r i in someshort time
window � t. Our network of arti�cial neuronsis synchronisedby a global clock
of period � t. This simpleneuronmodel makesit feasibleto simulate a network
of thousendsof interconnectedneurons. Therefore, arti�cial neural networks
are also termed \connectionist networks".

Mobile robot platform: In order to validate our model, we implement it on an au-
tonomousKhepera1 mobile robot. The Khepera is equiped with a cameraand
other sensors(see5.1). We also employ a simulated Khepera robot in our test
experiments.

1The Khepera mobile robot manufactured by K-Team (http://k- team.com/)

http://k-team.com/
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1.3 Results and Con tributions

In this thesis, a new connectionist model of the interactions between several brain
areasinvolvedin spatial learningis proposed.Each areahostsa population of neurons
which serves a particular purpose. The model is validated on a real and simulated
mobile robot in three visually rich and one impoverished environment. The main
results and contributions of this thesisare:

� The modelled neuronsshare �ring properties with real neuronsof the corre-
sponding brain area. The interconnectionsbetweenmodelled areasare based
on experimental results. The model is thus biologically plausible.

� In all test-environments, the systemestablishesan allocentric spatial represen-
tation of position and heading. Their spatial �ring is similar to what hasbeen
reported in electrophysiologicalexperiments in rats.

� When the agent is placedin a familiar environment and disoriented, the learnt
spatial representation (position and heading)is recalibratedwithin four seconds
using visual input. No compassor salient directional cue is necessaryfor this
recalibration.

� The system learns to weigh visual and tactile sensoryinput according to the
illumination [274].

� In all exploredtest environments, the model successfullylearnsto directly nav-
igate to a hidden goal from any location after 20 learning trials. During and
after learning, the robot's direction of movement is not limited to a discreteset
of headings[273].

� This work allows us to make testable experimental predictions on the �ring
properties of place cells as well as functional and behavioral implications of
lesionsin th modelled brain regions.

1.4 Structure of the thesis

This thesiscontains somenecessarybackground for our model in the �rst four chap-
ters. Chapter 5 describesthe conditions in which our model is tested. In chapters 6
to 8, our contributions are described in detail. The topics of the chapters are:

Chapter 2 providesa reviewof experimental and modelling resultsconcerningspatial
representations in animals. A large part is devoted to experimental studies of
the rat's hippocampal formation.
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Chapter 3 is dedicatedto animal navigation. In particular, we describe what kinds of
strategiesare usedby animals. Furthermore, sometypical experimental tasks
are presented. An outline of previousmodels for animal navigation is given.

Chapter 4 is a brief introduction into the theory of reinforcementlearning. It provides
the fundamentals to the understandingof our proposednavigation model.

Chapter 5 describesthe environments we usedto validate our model. Four di�eren t
setupswhich we often refer to are introduced. Furthermore, the preprocessing
of the sensoryinput to our model is described.

Chapter 6 presents our model for the construction of a cognitive map. We describe
how visual and movement-related information is combined into stable and con-
sistent spatial representation. This chapter contains the main contributions of
this thesis.

Chapter 7 provides a simple abstract model of multimodal integration. A gating
network learnsto weighsensorymodalities accordingto the environmental con-
ditions.

Chapter 8 contains our proposal for a mechanism of animal learning. It combines
our spatial representation and a reinforcement learning mechanism in order to
achieve goal-directedbehaviour in continuousstate and action spaces.

Chapter 9 summarisesthe contributions of this thesis. Variousexperimental predic-
tions of our model arediscussed.A comparisonto the previousmodelsoutlined
in chapters 2 and 3 is also given. Finally, a list of limitations of our systemis
establishedand somefuture directions of interest are suggested.
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Chapter 2

Spatial represen tations in animals

Animals use various navigation strategies to solve a spatial task (seesection 3.3).
While a simple stimulus-responsebehaviour is su�cien t for solving easytasks such
asnavigating towards a visible goal location [56], moresophisticatedmechanismsare
required to navigate in a complexenvironment. Tolman [293] �rst suggestedthat an-
imals are using \cognitiv e maps" for solving such complexnavigation tasks in 1948.
Such a cognitive map contains information about the context of the task. It should,
for instance,enablethe self-localisationof the animal and support navigation by indi-
cating the positionsof interesting locationssuch as food sourcesor dangerousplaces.
In 1971,O'Keefe and Dostrovsky [197] discovered that neuronsin the hippocampus
of the rat discharge as a function of the animal's position and heading in its envi-
ronment. It was quickly suspected that these \place cells" could be the neuronal
substrate of a cognitive map. The rat's hippocampusand its place cells thus have
beenstudied extensively for the last 25 years.

In this chapter, we review the literature on cognitive maps and other represen-
tations of spacethat are likely to support animal navigation. The �rst part details
the involvement of the hippocampus in spatial learning. Next, a simpler type of
representation termed \path integration" is discussed. Then, we review important
biological background on the multisensory maps in the superior colliculus, which is
the inspiration for our model of multimodal integration (chapter 7). Finally, selected
previousmodelsare outlined.

7
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2.1 The rat hipp ocampus

The startling discovery of placecells in the hippocampus[197] createda whole new
�eld of research on the involvement of the hippocampusin spatial learningand naviga-
tion. The activit y of place cells in the hippocampusis highly correlatedwith the rat's
spatial location in its environment. If every location in the environment is coveredby
such placecells,e�erent neuronscould thus decode the rat's spatial location only by
consideringthe placecells' activit y [100,99,237,336]. This placecode may form the
basisof a complexspatial learning system. This sectionreviewsexperimental results
which reveal key properties of hippocampal placecells.

2.1.1 Anatom y

The hippocampalformation (HF) is a limbic brain areawhich occupiesa considerable
percentage of the rat's brain (�gure 2.1 (a)). It includes the hippocampus(HPC),
entorhinal cortex (EC) and the subicular complex(SbC) [7,8].

The hipp ocampal formation

Inputs to HF: EC is a target of most higher cortical associative areas.HF can there-
fore operateon highly processedsensoryinformation from all sensorymodalities [42].
Through the fornix bundle, the hippocampal formation receivesa�erent connections
from subcortical areas,in particular cholinergic and GABAergic projections from the
medial septum. Cholinergic input targets mainly the excitatory pyramidal and gran-
ule cells, as well as inhibitory GABAergic interneurons. GABAergic septal neurons,
on the other hand, selectively synapseon GABAergic interneuronsonly [91].

Outputs of HF: There are two main outputs of the HF: One pathway leaves the
HF through the subiculum and projects to subcortical areas. It innervates thalamic
nuclei, amygdala and{via the fornix �bre bundle{nucleusaccumbens(NA) [329,149].
A secondpathway projects to many cortical areasthrough EC [126].

Internal connectivity in HF: EC is the primary sensoryinput area of the HPC.
It consistsof a medial (mEC) and a lateral (lEC) region. Figure 2.1 (d) shows a
more detailed diagram of the HF internals. HPC can be further divided in: dentate
gyrus (DG) and the cornu ammonis (CA). CA has four subregions,but CA1 and
CA3 are the most prominent [7,329,8]. SbC is composedof the subiculum (Sb), the
pre-subiculum(prSb) and para-subiculum(paSb) [7]. The simpli�ed 
o w of sensory
information can be divided into the following stages(�gure 2.2): (i) EC receives
sensoryinformation from associative cortical areasand transmit them to DG, CA3,
CA1 and Sb via the perforant path (pp). (ii) DG mossy cells strongly bias CA3
pyramidal cells via the mossy�bres. (iii) CA3 projects to CA1 and Sb through the
Sha�er-collaterals (sc). (iv) CA1 cells synapseon Sb{as well as EC neurons. (v) Sb
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Figure 2.1: Hippocampusanatomy. All pictures adapted from [8]. (a) Schematic rat
brain with highlighted hippocampus. (b) Coronal section. (c) horizontal section. (d)
schematic illustration of (c). EC: entorhinal cortex. HPC: hippocampus. DG: dentate
gyrus. CA1/3: cornu ammonis subregions. Sb: subiculum. PrSb: pre-subiculum.
PaSb: para-subiculum. pp: perforant path. mf: Mossy �bres. sc: Sha�er collaterals.
fx: fornix
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Figure 2.2: Schematic illustration of the HF internal interconnections. See�gure 2.1
for a description of the labels.

sendsits output via the fornix (fx) to subcortical regions,but also to EC. (vi) EC
projects back to cortical areas.

Entorhinal cortex

Entorhinal cortex is the cortical gateway to the hippocampus. A distinction can be
made betweenthe medial and the lateral areas. EC follows the generalneo-cortical
architecture of a six-layered structure that has been extensively studied [141, 329,
126]. Neverthelesswe do not make a distinction betweenlayers of EC for reasonsof
simplicity and focuson the di�erences betweenthe medial and the lateral areas.

Inputs to EC: Both mEC and lEC receive projections from sensoryassociative
areas(visual, auditory and somatosensory)as well as from the parietal, temporal
and frontal areasvia perirhinal and postrhinal cortices[329,283,126,152]. Olfactory
information from the olfactory bulb and piriform cortex is conveyed directly and via
perirhinal cortex [141,331,249,152,30,332,127]. The subiculum as well as CA1 send
their output mainly to mEC, but alsoto lEC. DG andCA3 don't innervate EC [7,329].
Pre-subiculumalsosynapseson mEC.

Outputs of EC: EC cortical e�erents target primarily perirhinal, orbitofrontal
and piriform cortices, but parietal, temporal, frontal and occipital areas are also
innervated [60,329,126]. Via the perforant path, EC conveysmultisensoryinformation
from its cortical a�erents to DG, CA3, CA1 and Sb [7,329].
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Internal connections in EC: Neurons in the deepregionsconnect to cells in the
super�cial layer of EC [7,329,8]. There is alsoevidencefor strongsynaptic innervation
from the lateral to the medial region [221].

Den tate gyrus

DG granule cellsreceive processedsensoryinput from EC. Granule cellsthen project
to mossy cells. Mossy cells laterally contact other mossy cells as well as strongly
project to CA3 [55,8,115]. Throughout the entire life, neurogenesisoccurs in the rat
DG. Stem cells migrate into the granule layer and di�eren tiate into fully functional
and networked granule neurons[24,143,54,115].

Corn u ammonis or hipp ocampus prop er

The hippocampusproper consistsof four subregionsCA1-CA4, with CA1 and CA3
being the most distinguishable. Place cells have originally beenfound in CA1 pyra-
midal cells in 1971[197].

Inputs to CA: The CA3 region receivesstrong projection from DG via the mossy
�bres. Both CA1 and CA3 are also innervated by EC via the perforant path [7, 5,
329,8,115].

Outputs from CA: CA1 an CA3 pyramidal cells connect to subiculum via the
Sha�er �bre bundle. The angular bundle connectsCA1 to EC (perforant path) [6].

Internal connections in CA: CA3 neurons laterally send outputs to other CA3
neurons via the Sha�er collaterals. Also via the Sha�er �bres, CA3 connects to
CA1 [7,5,8].

Subiculum

The subicularcomplex(SC) consistsof the subiculum(Sb), the pre-subiculum(prSb),
whosedorsal part forms the post-subiculum(poSb) and the para-subiculum(paSb).

Inputs to SC: The main input to Sb originates in CA1 and EC [6]. The paSb
is innervated by the retrosplenial cortex whereasprSb is reached from areasin the
temporal and parietal lobes, as well as from thalamic nuclei, which project onto
poSb[40].

Outputs from SC: Via the fornix �bre bundle, Sb projects on the nucleus ac-
cumbens(NA) and the septal complex. Sb also innervatesentorhinal and prefrontal
cortex, amygdala and the thalamus. prSb and paSbalsosynapseon EC [7,329].

Internal connections in SC: Within SC, Sb projects to prSb and paSb and prSb
alsosynapseson paSb[7,329].
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2.1.2 Hipp ocampal EEG

The hippocampal EEG shows distinct patterns depending on the rat's behaviour.
During motion (active or passive [98]), the EEG shows a 6{12Hz oscillation called
theta rhythm [199, 41, 264]. Theta is also observable during sensoryscanning (eg.
sni�ng) and REM-sleep[46]. On top of that, �ring is synchronisedto a gammaoscil-
lation of 40{100Hzthroughout the wholehippocampalformation [53,59]. Subcortical
cholinergic and GABA-ergic inputs from the septal region seemto be responsiblefor
generating the hippocampal theta rhythm [326, 44, 173, 113]. When septal input is
inactivated, the CA3 place�elds aredisrupted whereasthe CA1 �elds are una�ected.
Simultaneously, acquisitionof placelearning tasksis impaired [37] and errorsin work-
ing memory increasesigni�cantly [178].

While eating, drinking or awake-immobility aswell asin slow-wavesleep,however,
the EEG shows large �eld high irregular amplitude signature, termed sharp waves.
During each sharp wave event, a high frequencyripple volley of 140{200Hzoccurs
[53, 52]. It is speculated that theta/gamma wavessynchronise input from cortex to
hippocampus,whereassharpwaves/ripplesmodulate output from hippocampusback
to cortex [53].

2.1.3 When do place cells �re?

Hippocampal placecells �re at rates of up to 50Hz when the rat traversesa speci�c
portion of the environment whereasit is almost completely silent otherwise [195].
The shape of place �elds varies: The �ring rate can be distributed approximately
like a circular Gaussianin 2d (samevariance in all directions), but it may also be
elongated in one dimension (especially along walls) or in rare caseshave multiple
peaksof activit y [189,195,163,324].

Sensory cues

Distal vs. proximal cues: In many experiments in various mazes(seesection 3.4),
rats can seelocal landmarkswithin the maze(such ascornersor irregularities on the
mazewalls) as well as distal cuesoutside of the maze(ie. posterson the walls) [196,
174, 187, 189, 200, 253, 36, 221, 28, 334, 195, 58]. When the arena is rotated, the place
�elds generallystay relative to the distal cues[196,174,200,253,334,58]. If, however,
a reward is given relative to a local cue, place cells can learn to �re relative to
this cue and ignore distal cues. This is particularly true for place cells near the
landmark [28,29,108].

Directionality: Place cells �re at speci�c locations in an environment. However,
a place cell may �re independently of the rat's heading or it may �re only when
the rat is oriented in a speci�c direction. In general,open �eld environments tend
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to produce omnidirectional �ring [163, 186, 158, 195]. In linear tracks, radial mazes
and squareloops, where the rat's tra jectory is stereotype, place cells which �re at
a speci�c location are silent when running in the opposite direction [163, 159, 107,
167, 169]. Firing is also directional in an open environment where the rat is not
forced{but motivated (by food) to run in a square loop [159]. This suggeststhat
it's the experiencedtra jectory or local views{not the maze type{which determines
directionality.

Non-visual sensorycues: Place cells are strongly in
uenced by vision. However,
somatosensory, olfactive and internal (path integration) cuesseemto contribute to
the formation and maintenanceof place�elds [120,241,242,145,146,233]. When land-
marks are removed from an explored environment, the place code is not necessarily
disrupted [196,120,217,187,200]. Stableplace�elds canalsobeestablishedin the dark
and they persistwhenthe light is turned on after exploration [220,158,242]. Rats that
have been blinded shortly after birth can show normal place �elds as adults [241].
Congenitally blind and deaf rats follow local cueswhen the maze is rotated [120]
and show landmark-relative �ring (but only after the �rst contact with a local land-
mark [242]). A placecode establishedin normal lighting conditions persistsfor up to
8 minutes when turning o� the light [220]. It is suggestedthat this time is bridged
by path integration. Cleaning the 
o or during or between experiments, however,
decreasesthis persistenceto 2 minutes. Not cleaning the 
o or, on the other hand,
strongly increasesthe stabilit y and coherenceof the placecode even in the presence
of visual cues,suggestingan important role of olfactory cues[242].

Environmentgeometry: Place�elds havebeenshown to stretch if the environment
is resized [187]. In rectangular arenas, �elds that are centred at a certain ratio
between walls are centred at the sameratio when the environment is stretched in
onedimension[195].

Small or gradual changes:When cue cards are slightly rotated during a session,
place �elds follow the cue rotation whereasthey don't if the rotation is large and
quick [234]. In an environment with multiple landmarks, place cells can be stable
when removing some{but not all landmarks [196,187,200]. This suggeststhat place
cells learn to ignore unstable landmarks if there are su�cien t other cuesavailable.

Sequential activ ation

Phaseprecession: In the behaving rat, the �ring times of placecellsin CA is synchro-
nisedto the phaseof theta. The relationship betweenplacecell �ring and theta phase
dependson the animal's experience: When the naive rat traversesthe place �eld of
cell i , it �res at the constant phase� i = � 0

i . After many repetitions of traversingthe
place �eld, � i starts depending on the position of the rat within the �eld: When the
rat enters the �eld, the cell still �res at � 0

i . As the rat movestowards the centre and
the far end of the �eld, however, the �ring phase� i decreasessystematically. This



14 CHAPTER 2. SPATIAL REPRESENTATIONS IN ANIMALS

shift is termed phaseprecession. It is a temporary e�ect and seemsto have van-
ished on the following day [199, 264]. There are someinteresting consequencesdue
to phaseprecession:(a) The phaseof �ring provides additional information about
the rat's location within a place �eld [41]. (b) Within one theta cycle, two place
cells with adjacent �elds �re in the same order as the order of activation due to
the rat's movement [264, 130]. This temporal compressionmight be important for
learning sequenceson a behavioural timescalein the framework of spike timing de-
pendent plasticity, which requires a much shorter timescale [170]. Models of how
phaseprecessioncould emergeare proposedin [300,35,153,168,111]

Experience dependentShift: If the sametra jectory is repeatedmany times, CA1
placecellson that tra jectory start to enlargetheir �elds backwardsand becomeasym-
metric [167,168]. This can be viewed asa mechanismto predict future location [188].
However, this e�ect vanishesovernight and is not persistent acrossenvironments: A
placecell with asymmetric �eld in a well-known environment can show a symmetric
�eld in an unfamiliar environment. It has beenproposedthat this asymmetric shift
is necessaryto producephaseprecession[168], but seealso [125].

Replayduring sleep: Placecellswhich wereactive during an experimental session
are more likely to be activated during subsequent sleep [213, 259]. Furthermore,
cells which are co-activated during a session(becausetheir �elds overlap) also show
correlated �ring during sleep[325]. The temporal order of �ring is also correlated.
This suggeststhat recent sessionsmay be replayed during sleep,possibly helping to
consolidatethe acquiredepisodic memory [263].

Con text dependence

multiple environments: In any environment, only a subset of 10-25 percent of all
pyramidal cellsare active. All other cellsare completelysilent [291]. Placecellsseem
to be randomly attributed to these subsetsand any cell may be active in several
environments. If it is, however, the place �elds in those environments are totally
unrelated [142,291]. Whenever an animal is returned to a familiar environment, place
cellsshow �elds consistent with previoussessionsin the sameenvironment [189,292].

No topology: Place cells are not topologically arranged in the hippocampus. If
two place cells code for a neighbouring place in an environment, they neednot be
anatomical neighbours in the rat's brain. Neighbours in the hippocampusneedn't
show neighbouring place�elds either [196,142,187,291]

Tuning speed: It is not clearhow long it takesto establisha placecode. Placecells
have beenobserved to get tuned persistently the �rst time the rat traversesthrough
the cell's receptive �eld [119]. However, further investigation shows that it can take
from 10{30 minutes, or even hours until the placecode is stable [324,284].

Non-spatial determinants: Placecellsare alsosensitive to information other than
the rat's location. For instance, their �ring activit y dependson speed,orientation,
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task, reward, odour or tone discrimination and many other variables [163, 158, 159].
In general,the hippocampusseemsto encode and memorisethe whole context of an
episode, in which spatial information is only onepart.

Remappings:Entire placecodescan suddenlyand instantly switch to a di�eren t
representation for the sameenvironment. This event is termed a \remapping". A
di�eren t subsetof place cells may be active for each task in the sameenvironment.
The subsetsneedn't be disjoint and and placecells seemto be randomly attributed
to those subsets. Cells that are active in several tasks may have di�eren t place
�elds [159]. The e�ect largely resembles the caseof multiple environments.

Place cells outside the hipp ocampus prop er

Place cells have mainly been recordedin CA. However, the other areasof the hip-
pocampal formation alsohost cellswith spatial �ring properties:

Dentategyrus(DG): DG granule cellsshow directional placecellsin the radial arm
maze.Their place�elds aresigni�cantly smallerthan for CA pyramidal neurons[135].
Granule cellsalsoexhibit phaseprecession[264,106].

Subiculum (Sb): In the subiculum place cells show lessspatial speci�cit y than
in CA [23]. Firing depends not only on place, but also on speed of motion [162].
Dependingon the tra jectory constraints, CA place�elds may be omnidirectional (eg.
in open �eld exploration). Subicular place �elds, however, are directional even in
open environments [258]. Sb placecellsalsopreserve their topology acrossscaledand
reshaped environments: The �eld of a place cell in a squareenvironment is on the
sameposition and hasthe sameshape in a round arena. In a scaledenvironment, the
place�eld scaleswith the environment [258,255,257]

Entorhinal cortex (EC): Similarly to Sbplacecells,neuronsin the medial entorhi-
nal cortex (mEC) preserve �ring topology acrossreshaped environments. Placecells
are also likely to be active in any environment, in contrast to CA placecells, which
may becomesilent or code for a completely di�eren t place [221]. Place �elds in EC
are alsolessspatially speci�c than in CA. They �re in all regionsof the arena,with a
peakat its dedicatedposition [221,89,90]. CA placecells,however, are silent outside
of their �eld. EC �ring is alsomodulated by theta [179].

2.2 Path in tegration

Homing by dead reckoning (HDR) is the abilit y to return to the starting point of
a journey, eg. the nest location, without using allothetic cues [22, 177]1. This is

1Allothetic cuesmeansthat the sourceof information is outside of the animal. Visual input for in-
stanceis allothetic. In contrast, idiothetic cuesare internally generated.Vestibular or proprioceptive
cuesare examplesof idiothetic sensoryinput.
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Figure 2.3: Path integration as a spatial representation (shadedarea). The essential
building blocks are: (i) A memory of the spatial variablesto integrate, (ii) sensorswhich
provide displacement information in various formats, and (iii) an update function which
transforms from sensoryspeci�c frame into the common frame of the memory.

consideredan easytask and a wide variety of speciescan solve it (seesection 3.3.1
for a review of behavioural experiments on HDR). In this section, we focus on the
spatial representation neededfor HDR. In this thesis, we call this representation a
Path integrator (PI). It is lesscomplex than a hippocampal cognitive map. Indeed,
an intact hippocampusis not necessaryfor HDR [4].

In its simplestform, a path integrator is a systemcomposedof three modules(�g-
ure 2.3): (i) a memoryof spatial variables(e.g. the position and headingof the agent)
in an arbitrary coordinate frame. (ii) Sensoryinput (e.g. optic 
o w, vestibular, pro-
prioceptive etc.) which provide relevant information about the changeof the spatial
variables in sensor-speci�c arbitrary coordinate frames. (iii) An update mechanism
which transformsand combinesall sensoryinformation into the commonframeof the
spatial memory. Additionally , an external signal may recalibrate the path integra-
tor's memory in order to remove drifts or resetthe spatial variablesto a known initial
state.

In our terminology, we focuson the memoryaspect of PI|the storageand update
of the agent's position and headingfor example,and not on the navigation part, such
as using the stored values for homing. Other de�nitions of PI are more similar
to what we term HDR. They include a simple navigation strategy basedon vector
subtraction and excludeallothetic input for the update (seesection3.3.1and compare
�gures 3.2 and 2.3),

The outputs of a PI system are the spatial variables which allow the animal to
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localiseitself or other places(food, nest). For someHDR tasks, only the egocentric
bearing of the nest needsto be integrated [260]. Let us focus on the more common
view, where path integration represents the animal's location in spacewith respect
to some referencepoint (e.g. the nest). Often, a distinction is made between a
head-direction and a position system. In our terminology, they both take part in
path integration. The output of the PI then is the current position ~p = (x; y) and
heading� of the agent.

The input is a small displacement signalsincethe last update. This input consists
of internally generated(idiothetic) cues,such as motor e�erent copy, vestibular and
proprioceptive input aswell asexternal (allothetic) cues(e.g. optic 
o w), which can,
when available, reducethe e�ect of systematicdrifts [103,43,176,164].

Independently of the origin of the input signal,path integration contains memory2,
in the form of the stored position and heading.

The questionof how the animalsperform PI is not known, but several brain areas
areknown to berelatedto PI. Candidatesfor the neural locusof the position systemin
mammalsinclude the hippocampus[162,238], subiculum [228], para-subiculum[228]
and entorhinal cortex [228, 255, 256]. However, animals with hippocampal lesions
are still capableof HDR [4], which is not consistent with [162, 238]. Brain areas
suspectedto be involved in a headdirection systemare: The postsubiculum[222,288],
anterodorsal[285,31,139] and laterodorsal[180,179], nucleiof thalamusand the lateral
mammillary nuclei (LMN) [150,268].

2.3 Multimo dal in tegration

Multimo dal integration is the processof combining information from di�eren t sen-
sory organsinto a commonrepresentation. The multimodal experienceand its origins
have beenintenselystudied during the last 50 years. Psychologistsand psychophysi-
cists werethe �rst to examinemultimodal integration and its development in human
infants.

Piaget [216] stressesthe fact that infants explore their environment actively and
particularly like multisensory experiences. This motivation may be important to
maximise information acquisition. Intermodal correlationsare then establishedwith
touch being the referenceto which other modesare correlated to.

Gibson[103] puts a strong emphasison intersensoryaspectsfor perceptionof self-
motion. Not only vestibular and proprioceptive information from musclesand joints,
but also vision and maybe others may contribute to the percept of motion. One
consequenceis that touch would not necessarilybe more trustworthy than any other
sense(see[43] for a review of thoseearly psychophysical experiments).

2When we just usethe term \memory", we refer to working memory, seesection 3.3
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From evolutionary thoughts, Marks [157] concludesthat a union exists between
sensesalready at birth and a di�eren tiation takes place during early stagesin life.
All sensessharesomecommoncharacteristicsand thereforea commonrepresentation
exists for all sensorymodes.

More recently, lesion studies aim at �nding brain areaswhich are important for
multisensoryperception. It hasbeenrevealedthat the superior colliculus (SC) seems
to play a major role in spatial orientation and intersensoryprocessing[270]. SClesions
result in severesensory(especially visual) neglectand spatial orientation de�cits. In
order to �nd out how this brain regionparticipates in multimodal integration, a series
of electrophysiological experiments try to characterise the properties of individual
neuronsin superior colliculus [270]. The following sectionsummarisesthe results of
theseinvestigations.

2.3.1 Superior colliculus

The superior colliculi (SC) are two \hills" on the dorsal surfaceof the midbrain. In
lower animals, they are known as the optic tectum. SC is a seven-layeredstructure,
but most commonly, only two parts are distinguished: The three most dorsal layers
form the super�cial , the four layers below are the deep part. In contrast to the
inferior colliculi which arepurely auditory, the superior colliculi receiveat leastvisual,
auditory and somatosensoryinputs. The left colliculus processesinput of the right
sensoryhemisphereand vice versa [270]. When referring to the superior colliculus
(singular), we addressany oneof the two bumps if not speci�ed otherwise.

Super�cial layer: The super�cial layer is mainly devoted to visual processing.In
primates, SC is well known for its implication in saccadiceye movement. There is a
large body of research on this topic, see[333] for a review. In the cat, oculomotor
re
exes also seemto be in
uenced by SC: If a target appears in the visual �eld, a
speci�c subset of SC neuronsseemto initiate an orienting movement to bring the
target into the view centre. The direction and amplitude of the shift seemsto be
coded by a population of SC neurons[191, 192]. Once the target is �xated, another
set of neurons�res tonically while the target is in the centre [191]. It has also been
shown that theseshift-neuronsform a topological map [192,270].

Deep layer: Deep layer neuronsrespond to visual, auditory and somatosensory
stimuli. They are innervated by ascendingsubcortical sensorystructuresaswell asby
descendingcortical areas.The cortical a�erents origin in sensorycortical areasandare
thereforemainly unimodal. Somecells in deepSC respond only to a singlemodality.
The majorit y of its output neurons,however, seemsto be multimodal. They respond
to a combination of visual, auditory and somatosensorystimuli. E�erent projections
target nuclei of the thalamus, the oppositesuperior colliculus,and{via two pathways{
brain stem and spinal cord [270,305].

The various unimodal sensoryneuronsin SC form topological maps. There are
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maps for at least visual, auditory and somatosensorystimuli. Neuronsseemto rep-
resent the spatial location of important stimuli's origins. It is not always clear in
which coordinate frame objects are encoded, but there are indications that visual
maps are retinotopic, whereasauditory maps are head-centred and somatosensory
mapsare body-centred [72,270,171,308]. Motor neuronswhich serve the purposeof
orienting the sensoryorgans(eyes,ears,head,body) towards interesting stimuli are
alsoorganisedin topological maps.

The majorit y of the SC'soutput neuronsseemto be multimodal. As they respond
to a combination of topologically arrangedunimodal cells, multimodal neuronsalso
form a map like structure [72, 214, 270, 171, 308]. It is not clear how the input from
di�eren t frames are combined, but as the receptive �elds of unimodal neuronsare
large, it has been suggestedthat a small displacement of one map (eg. due to a
exocentric eye position) would not completelydisrupt the multimodal map. Another
possibility is that unimodal mapsare coded in motor-error coordinates with respect
to the dominant sense[214,270].

An interesting property of multimodal units in SC is multimodal enhancement:
Presenting a visual or auditory stimulus aloneis much lesse�ectiv e in making it �re
than presenting the stimuli together. In order to enhancethe responseof a neuron,
the spatial and temporal location of the stimuli have to coincide. If a sound is not
coming from the samelocation than the visual stimulus, however, the response is
depressed[270,306]. Recent experiments enforcethe belief that cortical input to SC
is necessaryto producemultimodal enhancement [307,133,132]. The enhancement is
not present at birth, but rather developsthrough experience[309]. The distribution of
uni{and multimodal cellsstrongly dependson the species.In primatesand cats,most
unimodal cellsarevisual and multimodal neuronsarepredominantly visual{auditory,
whereasin the rat, somatosensoryunits are the most numerousand tactile{visual are
the most commonmultisensory cells [71,317,270].

Recent experiments also show that the basalganglia{to which SC is reciprocally
connected{usesimilar enhancement and depressionprocessingthan SCand thusmod-
ulates sensoryactivit y in the superior colliculus [131]. The basalgangliaare thought
to be involved in selectingan appropriate motor responsein con
icting behavioural
situations. In sections3.3.2and 4.4, the relation of the striatum (a region of the
basalganglia) to animal navigation is further discussed.In particular, during \taxon
navigation" (section 3.3.2), rats seemto make use of superior colliculus to orient
themselvestowards a goal location.

In the rat, over 80 percent of 93 cells measuredin superior colliculus show theta
�eld activit y temporally coincident with spatial �ring in hippocampus(seesection
2.1.2). It is suggestedthat superior colliculus may be linked to hippocampal theta-
generatingstructures [194]. In rats performing a spatial memory task, spatial �ring
patterns (tuned to place,orientation, or both) have beenfound in SC [57].
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Figure 2.4: Place cell model proposed by Sharp (1991): (a) system architecture.
Shaded areas mean winner-take-all competition. (b) Environment with eight land-
marks. Sensorycells encode the view consideringonly the distance d (t ype 1), or the
distance d as well as bearing � to dedicated landmarks (t ype 2).

2.4 Previous mo dels of hipp ocampal place cells

2.4.1 Sharp (1991)

The model proposedby Sharp [254] builds on visual cells that encode the agent's
distanceand bearing to several landmarks in the environment. Three layersof simu-
lated rate-code neuronsand Hebbian-type learning betweenthem results in a spatial
representation similar to hippocampalplacecells. The circular environment contains
eight landmarks evenly spacedon the wall (�gure 2.4).

In the �rst layer, two typesof neuronsencode the agent's view of the simulated
environment. Each cell is \responsive" to oneor several landmarks. Type 1 neurons
�re whenever the agent is within a certain rangeof its landmark, i.e. distanced to the
landmark is smaller than a neuron-speci�c maximum. The sizeof this range varies
among cells and can extend over the centre point of the arena. Type 2 cells also
only �re when the distanced to the landmark is within a given characteristic limit.
An additional requirement, however, is that the agent's bearing � with respect to its
landmark lies within a cell-speci�c limit. The sizeof thesereceptive bearing angles
variesfrom 80� to 170� . The tuning of thesecells(which landmarksat what distance
and bearing rangeactivate a given cell) of both typesof cells is random and remains
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�xed throughout the experiments.
The intermediate layer is comprisedof three populations of 20 neurons. Each

cell j receivesinput hj =
P

i wj i from all sensoryneuronsi of the �rst layer. In each
cluster, the cell j � with the largest input h�

j = maxj hj �res with a rate of h�
j . All

other cellsare silent [235]. A neuronalimplementation of this winner-take-all (WTA)
schemecould be lateral interconnectionswithin each cluster. All three active cellsof
this layer are eligible for Hebbian type learning on their input synapseswj i . Sharp
proposesentorhinal cortex as location for this layer.

The three activecellsof the secondlayer project their activit y onto the third layer,
which consistsof one cluster of 20 neurons. The sameWTA mechanism as in the
entorhinal layer is appliedhere,and again,the winner-neuronadaptsits weights using
Hebbian learning. In this layer, which is proposedto be located in the hippocampus,
placecellswith omnidirectional place �elds are reported by Sharp for simulations in
the circular environment. When the movement of the agent is restricted to follow
paths like in an eight-arm-maze, simulated place cells are unidirectional, which is
consistent with recordingsin rats.

This model relies on an abstract visual systemwhere the exact distancesto the
eight landmarks are available. All eight landmarks are alsoperfectly distinguishable
by the sensorycells. In the absenceof light, this model can not sustain spatial
�ring due to the lack of a path integrator. Rats can, however, maintain place �elds
in the dark [220, 158, 242]. Finally, a winner-take-all mechanism is applied to the
modelledentorhinal cortex and hippocampus.Experimental data however suggestsa
distributed and redundant coding of placein the hippocampal formation.

2.4.2 Burgess et al. (1994)

Burgesset al. [41] o�er a model of placecellsconsistingof four layers of neurons,as
depicted in �gure 2.5 (a). Visual cells are basedon distancesto landmarks placed
near the walls. The e�ect of theta-phaseprecessionis reproducedby the system.

A set of 15 sensorycells is attributed to each landmark of the environment. Per
theta cycle,sensorycell i �res a number of spikesn i which dependson the di�erence
between the actual distance to the landmark and its speci�c preferred distance di .
The tuning curves are large and of triangular shape, and the preferred distances
uniformly cover the environment.

One layer above, each cell in entorhinal cortex (EC) receives input from two
prede�ned sensorycells i and j and �res bni � nj =2c spikes. The two a�erent sensory
cellsare chosensuch that each is coding for a di�eren t landmark and the location of
their peak �ring activities coincideswith the centre of the entorhinal cell's receptive
�eld. The angle � between the agent's heading and the egocentric orientation of
the place-�eld centre determines the phase(with respect to the theta rhythm) at
which spikes are �red (�gure 2.5 (b)): If j� j < 60� , the cell �res at a \late" phase,
if 60� < j� j < 120� , the phaseis \middle", and elsethe cell �res \early" in the theta
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Figure 2.5: Place cell model proposedby Burgesset al. (1994): (a) systemarchitec-
ture. Shadedareasmean winner-take-all competition. EC: Entorhinal cortex, HPC:
Hippocampus,SUB: subiculum. (b) � Phaseprecession:Firing of EC neuronsis \late"
when the angle j� j between agent heading and place �eld centre is < 60� , \middle"
when 60� < j� j < 120� and \early" when j� j > 120� . The shadedareais the place-�eld
centre, which is, by construction, located betweenthe two landmarks.

cycle. Burgesset al. postulate that phaseprecessionas seenin hippocampal place
cells is generatedin EC, which forwards this information to its target structure.

Each neuron in the EC layer connects to half of the cells in the hippocam-
pus (HPC). The synaptic weight is binary (0 or 1). Initially , most connectionsare
turned o�. A Hebbian-type learning rule allows thesesynapsesto be switched on if
the pre{and postsynaptic cells are both maximally active. The input to each place
cellsin HPC is proportional to the sumof presynapticspikesat active synapses.Neu-
rons in the HPC layer are clustered into �v e groups of 50 neurons. In each group,
only the four cellswith largest inputs are allowed to �re spikes[235].

Each HPC place cells projects to half of the cells in the subicular layer (SUB)
of the model. The sameHebbian learning procedure as between EC and HPC is
implemented here. The only di�erence is that in SUB, cells are arranged in ten
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Figure 2.6: Architecture of the model proposedby Wan, Redishand Touretzky. Dur-
ing exploration, landmark information (t ype T, distance r and egocentric bearing � )
is combined with head direction � to produce allothetic landmark bearing � . The
allothetic bearing memory stores (T; r; � ). Path integration updates position (x; y).
Place cells useall this information to tune their receptive �elds.

groups of 25 neurons. As a consequence,each cell has to compete with lesscells,
which results in larger place�elds as in HPC.

The allothetic input to this model is algorithmic. It consistsof the exact distance
to the arena walls. Furthermore, the mechanism which determines the phase of
�ring with respect to the theta rhythm dependson the bearing to the cell's centre of
receptive �eld. It is not clearhow the rat can computethis bearing. This model does
not include a path integrator and is thus incapableof producing spatial �ring in the
dark.

2.4.3 Wan, Redish and Touretzky (1994, 1996, 1997)

The systemby Wan, Redishand Touretzky [310,296,228,229] consistsof separatepop-
ulations for the local view, headdirection, path integrator and placecode(�gure 2.6).
All populations interact with each other in order to form a consistent representation
of space.

The visual input providesthe systemwith information about landmarks. In their
simulated environment, the type Ti , distance r i and bearing angle � i to each land-
mark i enters the local view system. The compassbearing � ik of landmark i , viewed
from place (x; y) is then calculated and stored. This calculation also requiresinfor-
mation about the agent's current heading� which is provided by the headdirection
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system.
The headdirection systemkeepstrack of the compassbearing � of the agent by

integrating angular velocity signalsform vestibular cuesand e�erent motor copiesof
motor commands.If the agent is disoriented, the current headingcan be resetby the
local view systemby comparingthe egocentric and compassbearing of landmarks.

The path integrator updates the agent's position (x; y) within the environment
by summingup motor e�erencecopies.When reentering a familiar environment, the
internal state of the path integration systemmay be incorrect. It can, however, be
recalibrated using visual input. This is donevia the placecode module.

The placecode population combinesinformation about the local view and the in-
ternal path integration system. Each newly recruited placeunit tunesto the following
parameters: (i) Type T, distanced and compassbearing � of two randomly chosen
landmarks, (ii) retinal angle di�erence � = � i � � j betweentwo (possibly di�eren t)
randomly selectedlandmarks, (iii) position information (x; y) given by path integra-
tion. Placeunits compute a \fuzzy conjunction" of their inputs in which terms that
are unavailable or thought incorrect drop out.

This model relieson an abstract allothetic input which featuresa perfect measure
of the landmark type, distance and bearing. The computations in the model are
performedin an algorithmic instead of a neuronalway.

2.4.4 Gaussier and colleagues (1998, 2000, 2002)

The modelsby Gaussierand colleagues[96,95,97] relieson the detectionof landmarks
in real panoramic camera images. Spatial information is coded by the transition
betweenplaces(�gure 2.7).

In a �rst step, visual featuresare extracted from the panoramic view. For each
detected landmark in turn, its type and compassbearing (the agent has a built-in
compass)are represented in a merged\what" and \where" matrix. The type neu-
rons form a winner-take-all network, whereasthe compassbearing network supports
generalisationby \spreading" activit y to neighbouring neurons.

When a placeseemsinteresting (e.g. closeto a goal location), a placecell of the
placerecognition layer is recruited and units from the view-matrix connectto it. At
each time step, the activit y of placecells is calculated in two steps: First, the initial
activation acti of placecell i is determinedaccordingto

acti = 1 �
1

� N i
�

NX

k=1

Vik � [vk j� ik � � ik j � + � (1 � vk)] (2.1)

where N is the number of detected landmarks in the current time step, N i is
the number of visible landmarks when placecell i was recruited, � ik is the compass
bearing of landmark k viewed from place i , � ik is the compassbearing of the same
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Figure 2.7: Architecture of the model proposedby Gaussierand colleagues.Land-
mark type and bearing are extracted and merged in a recognition matrix. Place cells
compete with each other implementing a winner-take-all (WT A) mechanism. Place
cells allow the following layer to predict potential future placesby associating the de-
layed place of the previous time step (e.g. place A) with the current place. After
transition learning, possiblefuture places(e.g. B or C) can be predicted.

landmark viewed from the current position. Vik is set to oneif landmark k wasvisible
when cell i was recruited or zero otherwise. vk is set to one if landmark k is visible
from the current location and zero otherwise. j:j � is the absolute value modulo � .
Second,a winner-take-all mechanism resetsthe activities of all but the winning cells
to zero. The placerecognitionmodule is attributed to cellsin entorhinal cortex (EC)
and dentate gyrus (DG).

A delay in the placerecognition layer allows the next layer to learn place transi-
tions: Previouslyactive cellsconnectto transition cellsusinga Hebbian-type learning
rule.

Allothetic input to this system is provided by a real camera. However, these
cameraimagesare alignedusing an arti�cial compass.In the placerecognition layer,
a winner-take-all mechanism suppressesall but one neuron. This is in contradiction
with experimental data which reveals the distributed and redundant nature of the
hippocampal place code. In the absenceof visual input, this model does not work
due to the lack of a path integration component.

2.4.5 Arleo et al. (2000, 2001)

Arleo et al. [13,14,16,15] proposea spatial learning systembasedon low-level feature
extraction of real cameraimagesfrom a miniature robot. Idiothetic representations
are calibrated using visual stimuli (�gure 2.8).

The feature extraction module transforms the high-dimensional camera image
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Figure 2.8: Architecture of the model proposedby Arleo et al. Low-level visual fea-
tures are extracted and stored in view cells (VC) which drive visual placecells (VPC).
Vestibular cuesupdate the headdirection (HD) systemaswell asa population of path
integration cells (PIC). VPC and PIC convergeonto a population of place cells (PC).
Synapsesare modi�ed using a Hebbian learning. HD and PIC are constantly recali-
brated by VPC to keepthe representations consistent.

into a �lter-based representation. Two Alternativ esare described. (i) Linear vision
camera: Walsh-like �lters are tuned to various patterns and spatial frequencies.(ii)
2d camera: A set of modi�ed Gabor �lters are tuned to di�eren t orientations and
spatial frequencies.A log-polar retinotopic samplinggrid is placedon the imageand
the �lter set applied to each \retina" point.

At each time step, the agent takesfour \snapshots", onein each cardinal direction.
For each orientation, the �lter activities are stored in \view cells" (VCs).

An unsupervisedgrowing network schemeis employed which recruits visual place
cells(VPCs) whennecessary. Synapsesfrom VCsto VPCs areinitialised and modi�ed
using a Hebbian-type learning rule. VPCs are suggestedto occupy super�cial lateral
entorhinal cortex.

Vestibular input drives populations of head direction (HD) and path integra-
tion (PIC) cells. PIC is postulated to be located in super�cial medial entorhinal
cortex, whereasthe HD systemis is distributed acrossante{and laterodorsal thala-
mic nuclei, lateral mammillary nuclei and postsubiculum. Position information from
VPC is usedto recalibrate path integration. Similarly, the bearing angleto a salient
landmark (a lamp) in conjunction with VPCs are usedto recalibrate the headdirec-
tion system.

PIC and VPC project to placecells in the hippocampusproper (PC). The same
unsupervisedgrowing network schemeand Hebbian learning is applied to PCs. Re-
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alistic place�elds are reported for both visual systems.
In this model, four real camerasnapshotsprovide the visual stimulus for a place.

However, the imagesmust always be taken in the four cardinal directions. Even
a small error in the estimation of the heading impairs the construction of a repre-
sentation and the localisation of the agent. Furthermore, the sensorypreprocessing
assumesa foveal vision. The rat, in contrast, doesnot seemto have a fovea [124].

2.5 Mo dels of multimo dal in tegration

Most robotic systemsmake use of explicit probabilistic sensormodels to represent
measurements and their uncertainty [302,160].

As representation of the environment, occupancygrids [77, 302, 160], stochastic
maps [48] or biologically inspired hippocampal place cells [13, 14] are successfully
used. The hippocampal place code di�ers from the other representations in that it
doesn't contain the information of free vs. occupiedspace,but rather associates the
agent's location directly with the corresponding sensorialmeasurement.

Somesystemsuse sensorfusion techniques to enhancethe quality of the spa-
tial representation. Probabilistic methods [48, 302] as well as neural networks [160]
are employed to integrate multimodal information into one coherent representation.
Those techniquesaim at reducing the uncertainty present in the probabilistic map.
Most of these systemsrely on representations and operations which are not easily
mapped to neuronalproperties or brain areas.

Biologically inspired spatial learning systems[96,95,14,16,97], on the other hand,
mostly focuson a singleallothetic modality and thus don't proposea solution to the
integration of multiple allothetic sensoryinformation.
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Chapter 3

Animal navigation

In this chapter, we review experimental and modelling studiesof animal navigation.
Animals show variousbehaviours whensolvingnavigational tasks. The selectionof an
appropriate strategy dependson the task's complexity and on the available sensory
input. The basalgangliaseemto play an important role in navigation. In particular,
they are suspectedto be involved in the processof selectingan appropriate strategy.
Therefore, it is necessaryto brie
y review the basal ganglia in order to understand
the following sections. One factor which determinesthe complexity of a task is its
memory requirements. An appropriate navigation strategy thus relies on a suitable
memory system. For this reason,we present an overview of the properties of various
types of memoriesbefore the introduction of a common taxonomy for navigation
strategies. Then, we review experimental data on behavioural, neurophysiological,
and lesion studies which aim at discerning those strategiesand �nding their neural
substrates. The �nal sectionpresents previousmodels of animal navigation relevant
to our work.

3.1 The basal ganglia

The basal ganglia (BG) is a brain area comprisedof several nuclei in the fore{and
midbrain (�gure 3.1). BG is known to be involved in motor-disorderssuch asParkin-
sonor Tourette. It is suggestedthat the BG resolvesthe con
ict of competing motor
programsby inhibition of all but the selected[116,122,175].

The striatum is the main input structure of BG. It is innervated by almost all
cortical areasand the hippocampus. The substantia nigra pars reticulata (SNr) as

29
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Figure 3.1: Basal ganglia. (a) para-sagittal view (adapted from [116]). (b) Coarse
functional diagram of the basal ganglia: The dorsal path is thought to be involved in
orienting behaviours whereasthe ventral stream is important for more complex spatial
navigation. Ctx: cortex. HPC: hippocampus. SNr/SNc substantia nigra pars reticu-
lata/compacta. VTA: ventral tegmental area. GPi: Globus pallidus pars interna. NA:
nucleusaccumbens. CPu: caudate putamen. Th: Thalamus. SC: superior colliculus.

well asthe internal part of the globuspallidus (GPi) are the main outputs of the BG.
They project mainly to the thalamus (and thus indirectly to cortex) aswell as to the
superior colliculus (SC) [320,116,8,175].

Dopaminergicneuronsin the BG{namely the substantia nigra parscompacta(SNc)
aswell asthe ventral tegmental area(VTA){b oth project back to the striatum. They
tend to synapseon the same spines than cortical and hippocampal a�erents and
seemto be involved in the processingof reward signalswhich could possibly mod-
ulate synaptic plasticity in the striatum [92, 251, 266, 122, 248]. In particular, they
might signal errors in the prediction of rewards, a component which is at the coreof
reinforcement learning mechanisms[122,248] (cf. chapter 4).

Two almost separatecircuits can be distinguished: Caudate-putamen(CPu) re-
ceivesits input from cerebralcortex and is the entry point to the dorsalpath, whereas
the nucleusaccumbens(NA), which is innervated by hippocampusand cortical areas,
is the �rst stageof the the ventral pathway. The paths are termed dorsaland ventral
becauseCPu and NA occupy the dorsal and ventral areasof the striatum. Both
pathways contain a direct inhibitory and an indirect excitatory pathway from input
to output [3, 265, 267]. These two pathways could re
ect two di�eren t navigation
strategieswhich compete for the executionof motor programs[116,175]. The dorsal
path could, for instance,be responsible for taxon navigation while the ventral path
supports a localenavigation strategy [211,161,210,321] (cf. section3.3).
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3.2 Memory systems

Each of the navigation strategiesdiscussedin sections3.3.1{ 3.3.4 makesuseof par-
ticular computations and operations relevant for the task. For instance,visual input
must be encoded, stored and recalledin order to comparethe current to an already
experiencedsituation. Theseoperationsmust be supported by somekind of memory.

Depending on the research area, di�eren t aspects of memory systemshave been
investigated and led to di�eren t, but overlapping, terminologies. Our taxonomy of
navigation strategies,like many others, focuseson the underlying neural substrates.
However, their memory requirements are of equal importance. For each strategy,
we state what kind of memory is involved and what other type is not needed. It
is therefore important to �rst de�ne what we mean by \memory" and relate the
di�eren t typesto existing terminologiesof memory. Thuswe start with our de�nition
of di�eren t typesof memory beforeturning to navigation strategies. We distinguish
three typesof memory. For each of them, we'll summarisebehavioural or functional
properties, theoretical considerations,and neural substratesand mechanisms.

Long-term memory (LTM): A longterm memorysystemcanstorea very largeamount
of experiences.Thosememoriesarerelatively stableover yearsor evenlifetimes.
There are three typesof LTMs: Episodic memory refersto a rich multi-sensory
personalexperienceanchored in time and space,as for examplethe �rst date
with your beloved. Semanticmemory concernsfacts of the world, as for exam-
ple knowing that Bern is the capital of Switzerland. Episodic and semantic are
also termed declarative memory. Procedural, or non-declarative memory refers
to skills, like playing squashor riding a snowboard. The processof storing
somethingin LTM is called learning.

The learning speedseemsto vary betweendi�eren t brain areas. In hippocam-
pus, for instance,it is extremely fast: Oneexposureis su�cien t to permanently
memorisethe experience. This type of memory is also termed reference mem-
ory [202,203,129,236,226]. In cortex, on the other hand, learning is suggestedto
be slow [136,137]. This slownessmight be important for generalisation:Unim-
portant and variable details areaveragedout and only the underlying principles
are learnt [328,26,327].

The neuronal correlate of LTM is a stable modi�cation of the properties of
neuronsand, in particular, their synapses.It has beensuggestedthat LTM is
the e�ect of long-term potentiation and {depression(LTP/L TD) of synaptice�-
cacy[17,18,32]. Experiments show that if two connectedneuronsarestimulated
such that presynapticaction potentials are repeatedly followed by postsynaptic
spikes, the synapsecan be potentiated. Conversely, the synapse'se�cacit y is
decreasedif the postsynaptic neuron �res just before the presynaptic neuron.
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This e�ect is termedspike-timing-dependentplasticity (STDP) [156,27,151] and
may bea mechanismto form LTM. The temporal window for STDP is 20� 40ms.
Once a potentiation is induced, during a period of minutes or hours following
LTP induction, the synapseundergoesa processof consolidation in which the
modi�cation is �xated [147]. Retention of such a potentiation is beyond hours
or days [62, 73, 74]. In this thesis, we follow this interpretation of LTM and
assumethat it involvesmodifying synaptic e�cacies.

Short-term memory (STM): Short term memoryis a storageof recent events for short
time spans. An example could be to remember whether or not you already
added sugar to your co�ee, or, what the contents of the last paragraph was.
Someshort-term memoriesmay becomepart of long-term memoryby a process
called consolidation, but others just vanish. A variety of conditions, including
normal aging, can diminish or destroy short-term memory, while leaving long-
term memory intact.

It is not clearwhat neuronalmechanismsare responsiblefor STM. There is also
no cleardistinction betweenSTM and working memory(seebelow). Somede�-
nitions group them together asoneclass.Here,however, we make a distinction
basedon theoretical considerations. We de�ne STM as a gradually decaying
trace of past events. The quality and strength of the trace is slowly fading away,
and more recent events may overwrite this memory at any time. The timescale
should be in the order of secondsor minutes. This memory may be related to
LTP in that it could \bridge" the temporal gap until the synaptic modi�cation
is consolidated.

Potential neuronal mechanisms for our type of STM are slowly varying con-
centrations of chemical agents in the synapses. For instance, a burst of in-
coming spikeshas beenshown to facilitate synaptic transmissionfor short pe-
riods of time [303, 67, 337]. It has beensuggestedthat the presynaptic neuro-
transmitter releaseprobability is transiently increased,resulting in this short-
term-facilitation of the synapse[299, 250]. Postsynaptic concentrations of cal-
cium [322,243,316] only decay slowly and might implement a short-term mem-
ory trace postsynaptically. Calmodulin-dependent protein kinase II [122, 205]
and neuromodulators such as dopamine [207] have been shown to modulate
short-term, as well as long-term potentiation.

Working memory (WM): Working memory, like short term memory, is limited to
a short period of time. The di�erence between WM and STM is that WMs
are thought to be symbolic instancesthat can readily be manipulated. They
contain everything that is important for immediateprocesses,such asthinking,
calculating, etc. Classical experiments have shown that in humans, WM is
limited to \sevenplus minus two" items, irrespectiveof the typeand complexity
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of items used[172]. WM seemsto be correlated with intelligence(as assessed
by intelligencetests)

Theoretically, we can think of WM as \states". Each item to be remembered
is locked in such a state. In contrast to STM, we de�ne WM to be a non-
decaying memory. Its retention time is in the order of secondsor minutes.
Working memory operations are quick: Information may be stored, recalledor
overwritten in a switching rather than gradual manner.

WM may be implemented by sustained activit y as proposed by discrete or
continuous attractor network models [9, 10, 335, 227, 238, 272]. WM relies on
LTP to tune the synaptic e�cacies for attractor networks. Once tuned, no
further modi�cation of synapsesis necessaryfor WM.

Clearly, thesetypesof memoryare not always distinguishable. Theoretically, it is
mainly the timescalewhich separatesthem. Nevertheless,we think it useful to ask
which typeof memoryis involvedfor each of the navigation strategiespresented in the
following sections. In particular, working memory seemsto be a key distinguishing
factor.

3.3 Navigation strategies in animals

There areseveral taxonomiesfor navigation strategiesproposedin the literature [293,
198,94,297,321]. We present herea mixture of theseclassi�cations, with the aim of
simplicity and relevancefor this thesis.

3.3.1 Homing by dead-rec koning

The abilit y of an animal to return to the starting point of a journey, eg. the nest lo-
cation, without usingexternal cuesis often termed path integration or dead reckoning
in the literature [22,177,313,315,80,79,314]. It implies that during the entire journey,
a displacement and headingvector is continuously updated. In this thesis,however,
we will call this abilit y homing by dead reckoning (HDR), becauseit explicitly sug-
geststhat not only the updating and storing of spatial information, but also its use
is included in this term. We reserve the notion of path integration to the capability of
storing spatial information and continuously adding small displacement information
to this representation of space(seesection 2.2). Figure 3.2 schematically illustrates
(gray area) what we mean by HDR. It is important to note that the update of the
spatial variable reliesonly on idiothetic (internal) cues,such as motor e�erent copy,
vestibular cuesor proprioception|but not, e.g. optic 
o w, becauseit relies on the
illumination of the environment.
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Figure 3.2: Homing by dead reckoning: The capability of returning to the initial
location of a journey by only using idiothetic cues. This requiresstoring and updating
two quantities: egocentric bearing � of the target as well as its distance d.

The distanceand bearing of the nest location continuously needsto be updated
and stored. This operation requiresworking memory. A subsetof the more general
path integrator (section2.2) might be used,whereonly idiothetic cuesare considered
for the update.

Transformingthe idiothetic input into a distanceand bearingupdate needsto be
learnt. This transformation might be stored in a long term memory. It is, however,
environment independent and needsto be learnt only once. After the transformation
hasbeenlearnt, it is usablein all environments and tasks.

Cataglyphis desert ants may travel thousandsof body lengths in a journey for
food|and still return to the nest location in a straight line [313, 315, 314]. If the
straight return path is blocked by newly inserted large barriers, the ant avoids the
obstacleand, at the edgeof the obstacle,directlyhead towards the nest [314]. They
seemto usethe sun as polarising orientation cue[313,314]. Other invertebrates,e.g.
spidersor beesare alsoHDR-capable.

More recently, homing capabilities are also studied in mammals. Gerbils [177],
hamsters [78, 81, 80, 79, 260], rats [293, 319, 25] and many other speciesshow HDR
abilit y. The homing capability is usually tested in the dark, by luring the animal
in a curvy path away from its nest, and then startle the animal as a motivation
to quickly return to the \save" home. Depending on the experimental design, the
animal only needsto keep track of the egocentric bearing of the nest. Indeed, it is
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demonstratedin [260] that homing performancemay increasesigni�cantly if the nest
is at the periphery, rather than the centre of an enclosedarena.

When the animal is allowed a brief view of the environment at the end of the
outward journey, the homing is more accurate. This and other similar experiments
indicate that the path integrator canbe recalibratedusingvisual information [81,79].

3.3.2 Taxon navigation

Taxon navigation is the strategy of orienting and moving towards a salient stimulus.
For instance,�nding a visible food sourcecan be achieved by taxon navigation. This
categoryincludesthe casewherethe food is hidden, but a distinct landmark is placed
at its location. All the animal has to do is learn to detect the landmark, rotate until
it is straight ahead,and move forward.

Such a mechanismis often termed stimulus-responsenavigation, becausea proper
action can be associated to each percept [293,198]. No working memory is required
for this type of navigation. A long-term memory, however, is neededto learn and
store the correct responseto the possiblesignals. In this thesis,we may usethe terms
"stimulus-response", or "memoryless" interchangeablyfor a mechanism that doesn't
involve working memory.

The following brain-areasseemto be involved in taxon navigation: Superior col-
liculus [270], caudateputamen[211,161,210,321] and posteriorparietal cortex [11,271]

3.3.3 Praxic navigation

Sometaskscanbe solvedby just executinga sequenceof motor actions. For instance,
if the relation betweenentry-p oint and goal location in an environment never changes
betweentrials, the goal can be found without taking external cuesinto account. In
contrast to HDR, where this motor program is trivial (namely a straight line), the
term praxic navigation is usedfor complexmotor responses.

Suppose that the complex motor response can be divided into a sequenceof
straight tra jectories. Storing the order of the components may be seenasa long-term
memory process. But in order to know the current position within the component
(or the position within the entire sequence),the animal has to usepath integration.
Therefore,praxic navigation requiresworking memory.

There is evidencethat posterior cingulate cortex [164,278,50,49,230] and caudate
putamen [161,210] contribute to praxic navigation.

3.3.4 Lo cale navigation

While taxon navigation is su�cien t to navigate towardsa landmark, locale navigation
enablesthe animal to reach any point in an environment. The animal combinesmany
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spatial and temporal aspects of the environment or the task and storesthem in the
form of a cognitive map [293,198].

Such a spatial representation allows the animal to localise itself in the environ-
ment and plan routes from oneplaceto another. It thereforesupports navigation to
an invisible goal. As in taxon navigation, a long-term memory may store the asso-
ciations of place and direction of the goal. This memory is often termed reference
memory [226] in the context of locale navigation. Working memory is not required
for this task.

However, this is only oneaspect of localenavigation. The cognitive map needn't
be purely spatial. More generally, a context is represented. This includes temporal
relationshipsbetweenevents. Considerthe following task: An animal starts at placeA
and in a �rst stagehas to go left to reach placeB. Then, it has to return to A and
in a secondstage go right to place C. The choice of going left or right at A thus
dependson the stageof the task. This task can be solved by localenavigation and it
requiresworking memory.

The localesystemis the most complexof thosedescribed here. Not surprisingly,
many brain areascontribute in building and using the cognitive map. The most
relevant brain areasfor localenavigation are: Hippocampus[197,196,163,200,189,187,
165,259,135,324,199,158,139,159,195,263,169,168], entorhinal cortex [23,221,179],
subiculum [23,190,258,255] and nucleusaccumbens[76,279,320,39].

3.4 Common navigation tasks

In this section,we present somefrequently usedexperimental setupsfor spatial nav-
igation tasks. We review someof the results which lead to the taxonomy of rodent
navigation discussedin section3.3.

3.4.1 Water maze

The water maze(�gure 3.3(a)) was introducedby Morris in 1981[183]. It is a cylin-
drical arenaof 1{2m diameter, �lled with water. Milk or paint is addedto the water
in order to make it opaque. A platform is located somewherein the pool where the
animal can escape from the water. If the platform is slightly submergedso that the
animal can't seeit, the setup is termed hidden water maze, in contrast to the visible
water maze, where the platform sticks out of the water. Sometimesthe position of
the (maybe hidden) platform is indicated by a strong visual landmark directly above
the platform; this is termed cued water maze.

Rats with hippocampallesionsareunableto �nd the platform in the hidden water
mazetask [184, 185]. Instead, they circle the arena at a �xed, but correct distance
from the wall. Lesionsof the �m bria fornix �bres, which connectthe hippocampusto
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Figure 3.3: Frequently used environments for navigation experiments: (a) Water
maze,(b) 8-arm maze,(c) T maze,(d) small enclosedenvironment with cue card, (e)
open environment with local objects, (f ) linear track

the nucleusaccumbens,also impair the rats in the hidden, but not the visible water
mazetask [76, 209]. If, however, the rats always start from the samelocation, even
fornix-lesionedanimals can learn to �nd the hidden platform. Theseresults suggest
that the hippocampusis neededfor locale,but not for praxic navigation.

Whereashippocampal lesionsleave the animal with someinformation (e.g. the
distanceto the wall), lesionsto the subiculum, post-subiculumor anterior thalamic
nuclei, which are all part of the head-direction system, produce severe de�cits if
the platform is hidden. If the platform is visible, however, performanceremains
normal [185, 279, 287]. Hence, the head-direction system seemsto play a role in
locale,but not in taxon navigation.

Learning to swim directly to the hidden platform takes the rat in the order of
20 trials. After this task has been learnt, relocating the platform results in much
shorter training time of around 5 trials [88]. If the platform is moved every day,
but left at a �xed position during all sessionsof a day, the rat learns to escape to
the platform after the �rst trial from day 6 onwards [269]. This suggeststhat some
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knowledgeor experiencecan be reusedwhen the location of the platform changes.
More precisely, the rat may build a spatial representation which is independent of the
goal location.

Caudate-putamenlesions, in contrast, impair navigation in the cued or visible
water mazetask [209,161]. If well-trained rats in the visible or hidden platform task
are tested with a visible platform at a new location, hippocampal lesionsmake rats
escape on the newplatform whereascaudatelesionedrats swim to the location where
the platform had beenduring training [161,66]. When the hidden platform is moved
from trial to trial, but always cued with a salient landmark, fornix1 lesionsdon't
decreaseperformancewhereascaudate lesionsdo. Conversely, caudate lesionsdon't
a�ect navigation to a location-stablehidden platform, whereasfornix lesionsdo [209].
This suggeststhat caudateputamen is involved in taxon, but not locale navigation.
Conversely, the hippocampusand nucleusaccumbens are important for locale, but
not for taxon navigation.

3.4.2 Radial arm mazes

Several typesof radial mazes,most notably the eight-arm mazeshown in �gure 3.3(b),
plus-maze(basically a 4-arm radial maze) and the T-maze (�gure 3.3(c)), are em-
ployed to investigaterodent navigation. Popular experiments in radial mazesinclude
working memory versuslong-term referencememory tasks2.

In the non-rebaited8-arm maze,reward is given in somearms, but the reward is
not re�lled after consumption. This task is also termed win-shift task. In most win-
shift task, a delay is imposedto the rat after somearms are visited. This reducesthe
possibility that the animals usea praxic strategy to solve this task, i.e. just execute
a stored motor program. On the average,rats visit more than seven di�eren t arms
in their �rst eight choices.This is a sign of working memory, sincethe animals have
to remember which arms they have recently visited [204]. Arms that are not baited
in any of the training trials are not visited in probe trials [202]. The abilit y to avoid
never baited arms does not require working memory, but it depends on long-term
(reference)memory only.

If the arms are rotated during the imposeddelay after the third arm visit, it is
revealedthat the rats seemto identify the remaining arms by the distal (extra-maze)
cues[204]. Hippocampus lesionedrats, however, make working memory and refer-
encememory errors, i.e. they reenter already visited arms and search the unbaited
arm [129].

Rats can also be trained to honour local cuessuch as 
o or texture and ignore
distant landmarks [202]. After rotating the arms, rats don't enter the cuedunbated

1the fornix �bre bundle connectsthe hippocampusto the nucleusaccumbens,seesection 2.1.1
2referencememory in our terminology is a form of long term memory which stores information

related to spatial contexts
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arm even with hippocampal lesions.They do, however, make working memoryerrors
(reenter already visited arms) [129]. Theseresults show that an intact hippocampus
is required for spatial working memory as well as for memorisinga spatial context
(referencememory), whereasfor locally cued mazed that can be solved by taxon
navigation, hippocampal lesionshave no e�ect.

In a plus-maze,rats easily learn to go to a speci�c place(eg. the arm that points
to the west) regardlessof their starting arm. More learning is required to make them
always turn in a certain direction independently of the starting arm [294]. Indeed,
when rats are trained for eight days to go from the south arm to the west arm, they
will also go to the west arm when starting from the north in a test trial on the
ninth day. After another eight days of south to west training, however, they turn
left (into the east arm) in a test trial from the north. Caudate lesionedanimals,
in contrast, always go to the west arm, while hippocampal lesionsproduce a left-
turning behaviour [208, 210]. This nicely shows that hippocampal-dependent locale
navigation is learnt �rst, but canbeoverruledby caudate-dependent praxic navigation
after further training.

3.4.3 Unrestricted arenas

Small environments surroundedby walls (�gure 3.3(d)) or open �eld environments
like in �gure 3.3(e) where the animal's movement is unrestricted have been used
to study the properties of place cell �ring as well as the behavioural response to
various manipulations. Rectangularas well as circular environments of various sizes
are employed. In someexperiments, local objects are placedin the arena.

In a closedrectangularenvironment whereall cornersare distinguishable,rats are
trained to run from any of eight starting positions to a speci�c corner to �nd food.
When the rats are disoriented, the rats run to the opposite corner almost 50%of the
time [51]. When the rats arenot disoriented, however, they choosethe right direction
in morethan 75%of the cases[155]. In other experiments, it hasbeenshown that head
direction cellsdo not follow external cuesif the cueis unstableover trials, whereasit
strongly in
uences headdirection cell �ring if it is [164,262,286,139]. These�ndings
suggestthat the head-directionsystem is mainly in
uenced by idiothetic input but
can be resetby a stable allothetic cue,but not by an unstableallothetic signal.

In a circular arena,placecellsrotate with local landmarksonly if they are pushed
against the walls. If they are put in the interior of the arena, place �elds do not
follow landmark rotations [58]. However, in an open arena with an arrangement of
distinguishablelocal landmarks, gerbils or rats can learn to �nd food relative to the
landmarksevenif the wholearrangement is movedin the environment and the animals
start from a di�eren t location in each trial. They search at the correct distancesand
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bearings3 from each landmark if one or two of the landmarks are removed [56, 29].
Indeed,electrophysiologicalrecordingsshow that hippocampalplace�elds can follow
nearby local landmarks insteadof distal cuesif the landmark is relevant for �nding a
reward [108].

3.4.4 Linear trac ks

A linear track is an environment wherethe animal canonly movealongonedimension.
In a loop environment (�gure 3.3(f )), for instance,the rat canonly move in onedirec-
tion. In other variants, the animal movesback and forth betweentwo endpoints of a
short straight track. Its movement is thus extremely restricted and controllable. For
this reason,numerousexperiments study placecell activit y under thoseconditions.

If a rat shuttles betweena movable start box and a �xed goal location, a con
ict
situation between the local view and internally generatedmovement signalscan be
created. When the start box is moved closer to the goal location, the sequenceof
place cell activit y is acceleratedto compensatefor the shorter travel distance [107].
In the dark, however, the placecells�re with respect to the moved starting box [106].
This suggeststhat under normal lighting conditions, visual cuesand path integration
continuously interact to keepa consistent representation whereasin the dark, place
cellsaredrivenby path integration [106]. This is consistent with experiments wherea
placerepresentation establishedin the dark persistswhenthe light is turned on [158].

Place�elds are directional in a linear track: A cell active on the outward journey
generally isn't active on the way back [107, 166, 106]. It has beensuggestedthat a
di�eren t referenceframe is usedfor the two paths [296,228,238].

Well trained rats show asymmetricplace�elds in linear tracks. The �eld enlarges
againstthe direction of movement. This shift results in a representation that predicts
future locations [188,167,166,169].

3.5 Previous mo dels of ro dent locale navigation

Several models have beenproposedin the literature to emulate the reviewed animal
navigation strategies. In this chapter, we present a brief overview of models which
are related to our proposal (chapter 8). They all concernrodent locale navigation,
for it is this navigation strategy which is alsoaddressedby our model.

3.5.1 Burgess et al. (1994)

Here we describe how Burgesset al. [41] use the spatial representation summarised
in section2.4.2 for navigation. The place cells in the subiculum (SUB) project to a

3Here, the bearing is de�ned with respect to the direction given by a vector betweenlandmarks
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population of eight goalcells(GC). A headdirection (HD) systemwhich alsocontains
eight cellswith �xed one-to-oneconnectionsto GCsattributes a direction to each GC.
Theseconnectionsare,however, gatedby a reward signal,such that goalcellsareonly
activated if a HD cell is active and a reward is delivered.

Every time the agent reachesa rewarding location, it looks in all eight directions.
In each of them, a reward is deliveredat the late phaseof the � cycle. Hebbian-type
learning is then applied to the binary synapsesfrom SUB to GC. Placecells �ring at
the late phaseof � tend to have receptive �elds locatedahead of the present position.
The goalcell coding \north", for instance,is thus contacted by subicular cellslocated
to the north of the goal. As the receptive �elds of subicular placecellsare very large,
the �elds of GCs are also large. This allows the systemto estimate its bearing and
distancewith respect to the goal location from almost any placeof the environment
after only one trial.

This model postulatesgoal cells in the subiculum which are su�cien t localenavi-
gation. This is in contradiction to experimental data wherefornix lesionsimpair rats
in the hidden water maze [76, 279, 209]. Furthermore, the goal cells in this model
create a global basin of attraction towards the goal. Local information such as ob-
staclesare not taken into account. Finally, this learning mechanism also su�ers a
\distal reward" problem becauseonly thoseplacecells whose�elds contain the goal
may learn placeto action associations.

3.5.2 Bro wn and Sharp (1995)

The model by Brown and Sharp [39] (�gure 3.4) is basedon a simpli�ed version of
the spatial representation outlined in section 2.4.1. A population of \motor" cells
in nucleusaccumbensreceivesspatial information from the hippocampal placecells.
Togetherwith a headdirection system,the model learnsto perform movement com-
mandswhich lead to a rewarding location. Nucleusaccumbenscellsare separatedin
two clusters of 60 motor neuronsand the sameamount of inhibitory interneurons.
Each of the 60 placecells is connectedto a unique interneuron of each cluster. Each
interneuron in turn projects to a unique subset of 59 motor cells, which form the
output of the navigation system. Thesesynapsesare �xed.

Every time the agent encounters a rewarding position in the environment, head
direction cellsmodify their synaptic weights to the active motor unit using a reward-
modulated Hebbian-type learning rule. An exponentially decaying memory trace of
pre{ and postsynapticcoactivation enablesthe agent to propagatereward information
along its tra jectory. Most recently active synapsesare strengthenedmost, while the
changein synaptic e�cacy for previously active synapsesis smaller.

In test trials, the two active motor units compete for action selection.A left turn
is performedif the \left" motor unit is moreactive than the right and vice versa. The
model is able to solve the hidden water mazetask.
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Figure 3.4: Navigation architecture proposedby Brown and Sharp (1995): Nucleus
accumbens (NA) consists of two populations; one for right turns, the other for left
turns. Each placecell (PC) hasa �xed connection to an inhibitory neuron in each NA
cluster. Each interneuron is connectedto a unique subset of excitatory output cells,
containing all but one \motor" cells. Head direction (HD) cells learn to select left or
right turn motor cells by reinforcement-modulated Hebbian learning.

This model updates its place-actionmapping only when a rewarding location is
encountered. Placesthat are far away from the goal are only associated to actions
using a global temporal activit y trace. The existenceof such long memory traces in
animals is still an open question. Temporal di�erence learning rules 4.1 don't su�er
this limitation.

3.5.3 Abb ott and cowork ers (1996, 1997)

The work by Abbott and coworkers[34,101] suggeststhat hippocampalregionCA3 is
the neural substratefor navigation maps. Learning on the recurrent CA3 connections
using spike timing dependent plasticity results in a shift of receptive �elds towards
the goal location. Initially , CA3 place cells have perfectly Gaussianreceptive �elds
with high overlap. Training consistsof repeatedtrials, endingwhenthe agent reaches
the goal location. This procedureintroducesan inhomogeneity with respect to the
experiencedtra jectories: No path can lead from the target to other placesbecause
trials end at the goal location.

Navigation mapsto multiple targets canbe represented simultaneously: Placecell
activit y is modulated by the distanceto the target location. After learning,navigation
mapsto multiple targets can be recalled. Routesto novel target location can alsobe
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generatedby superposition of the learnedmaps.
The learning rule used in this model producesa shift of the place �elds in the

direction opposite to the goal location. In order to use this shift for navigation,
the original place �eld centres are accessedexplicitly to calculate the agent's next
movement, which is a biologically implausible operation. Furthermore, this model of
locale navigation is entirely concentrated in the hippocampus. It is not consistent
with the impairments reported in the hidden water mazefollowing fornix or nucleus
accumbenslesions[76,279,209].

3.5.4 Gaussier and cowork ers (1998, 2000, 2002)

The navigation model by Gaussierand coworkers [96, 95, 97] is basedon the spatial
representation reviewed in section 2.4.4. A transition prediction network basedon
placecells\prop oses"candidatefuture places(see�gure 3.5). Competition within the
transitions recognition layer selectsthe most active transition (e.g. node BD, leading
from placeB to placeD). This competition is biasedby a goal planning layer. Motor
actions are associated to transitions using Hebbian-type learning.

The goal-planning layer contains units which code for the same transitions as
the recognition layer. Here, however, the transition units are interconnectedwith
constant synaptic weights wij < 1. Whenever a motivation input activates a node
(e.g. DG1, the transition from placeD to goal G1), this activit y A0 = 1 propagates
back to all other transitions. Activities A i = maxj (wij A j ) are calculated iterativ ely
until the network settles in a stable state. Once stabilised, node activities are set
accordingto their distanceto the goal location. Theseactivities bias the competition
in the transition recognition layer, such that transitions which lead to the goalon the
shortest path are favoured.

According to this model, locale navigation is implemented in the hippocampus,
which is in contradiction with experimental data, suggestingthat the fornix projection
to nucleusaccumbensis necessaryto solve the hidden water mazetask [76,279,209].
The goalplanning layer operateson the symbolic placetransition nodes. The shortest
path to the goal in this layer needn't correspond to the shortest path in the real
environment.

3.5.5 Foster et al. (2000)

The model proposed by Foster et al. [88] (�gure 3.6) is based on an actor-critic
architecture for temporal-di�erence (TD) reinforcement learning (seesection4.1). A
layer of placecells (PCs) with perfectly tuned Gaussianreceptive �elds provides the
navigation systemwith the agent's position within its environment.

A \critic" neuron c receives input from each PC i . Its �ring rate r c =
P

i wci r i

represents the estimated\v alue" of the current agent position. The critic alsooutputs
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Figure 3.5: Navigation architecture proposedby Gaussierand coworkers: Transition
predictions are madein CA3 (not shown) and propagatedto the CA1 network. There,
winner-take-all (WT A) competition selects the most active transition and executes
its attributed motor command. Competition is biasedby transition units in the goal
planning system which, according to motivation, back-propagates transitions to goal
locations (e.g. DG1) through the network.

a reinforcement signal � in the form of a temporal di�erence of current and previous
activities (i.e. position value prediction error). This signal is usedto improve value
estimation by modifying a�erent connectionweights wci towards � � r i and thus reduce
the error � .

An actor network consistingof eight neuronsis responsible for selectingactions.
Each cell a codes for a direction of movement and receives a�erent connectionsof
strengths wai from each PC i . Actions are selectedstochastically, but cells with
a high �ring rate r a =

P
i wai r i are favoured over cells with low �ring rates. The

weights wai are modi�ed usingHebbian-type learning, modulated by the critic's error
signal � .

Using this mechanism, navigation to a stable hidden goal location can be learnt
in about ten trials. When a learnt target is relocated, however, relearning the new
location takeslongerdueto interferencewith the previousgoal location. To overcome
this di�cult y, a coordinate system(CS) is added to the model: The CS consistsof
�v e neurons: two of them represent the current position of the agent (x; y), the next
two code for a goal location (xg; yg) to be learnt, and the remaining neuron is an
action neuronacoord. The mapping of placecell activit y to coordinates(x; y) is learnt
using TD-learning. Each time the reward is found (i.e. at the end of each trial),
the current estimatedcoordinates(x; y) are copiedinto the the goal memory (xg; yg).
The \abstract" action acoord neuron competes with all other actor cells for action
selection. Its activit y, however, doesn't depend on the agent location, but on how
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Figure 3.6: Navigation architecture proposed by Foster et al.: An actor-critic ar-
chitecture is employed to learn a navigation map. Places are coded by a place cell
population (PCs). The actor selectsactions whereasthe critic estimates the quality
of theseactions. The critic also generatesa reinforcement signal signal � which guides
learning of better actions and quality estimations. A task-independent coordinate sys-
tem (CS) is learnt from placecell activit y. Once learnt, CS can store the goal location
and proposegoal-oriented actions acoord by vector subtraction.

well the coordinate systemis tuned. Modi�cation of its weight wcs is similar to other
actor neurons, i.e. modulated by � . Whenever acoord is selected,the direction of
movement � is given by vector subtraction of goal{and current coordinates.

During learning, the agent's movement is restricted to eight prede�ned headings.
Furthermore, learningdoesnot generaliseto neighbouring directions. The coordinate-
systemmodule, onceadapted,createsa global basinof attraction. Local information
such asobstaclesare then completely ignored. The direction of the next movement is
algorithmically calculatedby explicitly accessingthe coordinatesof the goal location,
which is not biologically plausible.

3.5.6 Arleo et al. (2000, 2001)

Arleo et al. [14, 16] propose a locale navigation system using reinforcement learn-
ing [280]. It is basedon the spatial representation outlined in section 2.4.5. Each
place cell projects to four \action cells", coding for north, south, east and west re-
spectively (�gure 3.7). The synaptic strengthsrepresent a \navigation map" and are
modi�ed usinga reward-basedlearningmethod: Supposethat the agent is at placeA.
The activit y r i (s) =

P
j wij r j of action cell i dependson place cell activities r j and

synaptic weights wij . It estimatesthe \v alue" of action ai (s). When taking action ai ,
the agent reachesplaceB and gainsaccessto action valueestimatesof the newplace.
The weights wij are adapted to correct for bad estimatesat the previousplaceA. In
particular, Watkins Q(� ) (seesection4.1) is used. This model can learn to navigate
from any place in the environment to a hidden goal location. During learning, only
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Figure 3.7: Navigation architecture proposedby Arleo et al.: Place cells (PCs) drive
a set of four action cells (ACs). Connectionsstrengths wij are modi�ed by a reinforce-
ment learning rule.

one of the four actions can be taken (winner-take-all mechanism). Once the naviga-
tion map is learnt, however, generalisationto continuousactions can be achieved by
interpolating betweenthe discreteactions.

A \reward expectation cell" (REC) learns to associate place cell activit y with
the goal location G0 using a Hebbian-type learning rule. REC is highly active at G0

beforelearning. When the location of the goalhasbeenlearnt, the reward is expected
and the cell is silent at G0. If the reward is relocated to placeG1, however, REC is
strongly depressedat G0. This depressiontriggers the relearning of the navigation
map. Goal location G0 will then be forgotten.

During learning, the agent's movement is restricted to four prede�ned headings.
Becausethere is no generalisationmechanismin action space.the learningtime would
increaseif more headingswereallowed.



Chapter 4

Reinforcemen t learning

In this chapter, we review a learning method termed \reinforcement learning" (RL).
Our model of rodent localenavigation (chapter 8) employs a form of RL, the basesof
which are given here. Instead of giving a completereview, we focuson someaspects
and problemsof RL that are important for our model.

Reinforcement learning (RL) [280], sometimesalsocalled trial-and-error learning
aims at achieving a goal by continuousinteraction betweenan agent and an environ-
ment. The agent perceivessome,but not all propertiesof the environment. Basedon
this information, it takesan action The environment responds to the agent's action
by moving it to a di�eren t situation The environment sometimesresponds with a
special reward signal to tell the agent whether or not its actions are good. RL is a
classof methods which aimsat optimising the agent's behaviour in order to maximise
the reward.

(s,a   )p       w

Agent
Environment

action a

reward r

state s

Figure 4.1: Agent-environment interaction in reinforcement learning (adapted
from [280]). The task is to maximise the return by tuning the parameters ! of the
policy � (s;a j ! ).
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States, actions and policies

At each discrete1 time stept, the agent perceivesthe environment via the state st 2 S
whereS is the setof all possiblestates. It then selectsandexecutesanaction at 2 A(st )
whereA(st ) denotesall possibleactionsavailable in state st . At the beginningof the
next time step, it receives a reward r t+1 2 R and endsup in state st+1 . Note that
the reward is a scalar, while the states and actions are vectors. The agent has to
decide which action to executeat each time step, given the perceived state. This
can be described as a mapping of the states to actions. This mapping is called a
policy � (s;a j ! ) where! is a vector of tunable parameters:

� (s;a j ! ) = Prf at = a j st = s; ! t = ! g (4.1)

It speci�es the probability of selectingaction a when in state s, given the param-
eters ! . A policy which always selectsthe action which seemsbest accordingto the
current information is called a greedy policy. It tries to maximise rewards according
to the current knowledgeeven if this would prevent accessto moreabundant rewards
in the future. An � -greedy policy selectsthe greedyaction most of the time, but with
small probability � randomly choosesbetweenother available actions. This general
schemeof reinforcement learning is depicted in �gure 4.1.

Rewards and returns

Wementioned earlier that the objectiveof learningwasto maximisethe reward. Here
we focuson tasks that have a terminal state, which meansthat at sometime step tT

the trial or episode terminates. The expected return R(st ) is then de�ned asthe total
reward from time t up to the end of the trial:

R(st ) = r t+1 + r t+2 + r t+3 + : : : + rT =
TX

k= t+1

r k (4.2)

If the task only provides a reward at the terminal state, but several paths with
di�eren t lengths lead to that \goal state", R(st ) would equal rT for all states st .
Thus R(st ) of equation 4.2 would not be very informative. One way to solve this
problem is to give a negative at each time step. Another approach is to give more
importanceto immediatewith respect to future rewards. Equation 4.3 takesthis into
account and de�nes the discounted expected return:

R(st ) = r t+1 + 
 r t+2 + 
 2r t+3 + : : : + 
 (T � t � 1)rT =
T � t � 1X

k=0


 kr t+1+ k (4.3)

1We only consider the time-discrete casehere, but generalisationsto continuous time have been
proposed[68,69]
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where 
 2 [0; 1] is termed discount rate. It determineshow important a future
return is if it were received at the present time. The higher 
 the more far-sighted
is the agent. If 
 = 0, future rewards are worth nothing. For the remainder of this
thesis, we always refer to the discounted version when speaking of return. The RL
task now consistsin tuning the parameters! of policy � (s;aj! ) such as to maximise
the discounted expectedreturn.

Mark ov prop ert y

The agent's state vector is a summaryof what the agent knowsabout the environment
at the present time. It usually consistsat least of preprocessedimmediate sensory
input. But it may also be constructed by taking a sequenceof sensoryinputs into
account, ie. contain a form of working memory. From the state variable, the agent
can then calculatethe probabilities of future statesand rewards for potential actions,
as formulated in equation 4.4:

Prf st+1 = s0; r t+1 = r 0jst ; at ; r t ; st � 1; at � 1; r t � 1; : : : ; r 1; s0; a0g (4.4)

This \prediction" of how the environment responds takes the whole sequenceof
states, actions and rewards into account. If, however, the state itself includes all
relevant information, the agent is said to have a Markov state representation. It
allows the prediction of future states without knowing how the current state came
about:

Prf st+1 = s0; r t+1 = r 0jst ; atg (4.5)

In other words, the Markov property meansthat equation4.4equalsequation4.5.
State transitions are memoryless:Once a new state is reached, the sequenceof all
previousstatesis forgotten. This doesnot mean,however, that the state vector itself
may not contain a memory of the past. Whether or not a representation is Markov
dependsalsoon the task and on the environment's dynamics.

Value functions and Bellman equation

In order to plan an appropriate action, the agent has to estimate how good it is to
be in somestate, and how much an action is worth in that state. Theseexpected
returns are called value functions. They depend on what actions the agent will take
in the future, ie. on the agent's policy � . The state value function V � (s) de�ned in
equation 4.6 tells the agent how much return to expect when in state s:

V � (s) = E � f Rt jst = sg (4.6)
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where E � f :g denotesthe expected value when following policy � . Similarly, an
action value function Q� (s;a) is de�ned for taking action a at state s, following
policy � thereafter:

Q� (s;a) = E � f Rt jst = s;at = ag (4.7)

Probably the most important property of value functions is that they follow a
recursive relationship to their previousor successorvalue. For policy � , state s and
action a, action valuessatisfy the following equality relation:

Q� (s;a) =
X

s0

Pa
s! s0

h
R a

s! s0 + 
 �
X

a0

� (s0; a0)Q� (s0; a0)

| {z }
V � (s0)

i
(4.8)

whereP a
s! s0 denotesthe probability that state s0 is reached when taking action a

in state s. R a
s! s0 is the expected value for the reward received when action a leads

from state s to s0. Equation 4.8 is called the Bellman equation for Q� . The state
value function satis�es a similar Bellman equation. Theserecursive relationshipsare
important becausethey can propagatea known (or well estimated) value back to a
previousstate (or state-action pair).

Valuefunctionscanserveasquality measurefor policies: if a policy � yieldshigher
expectedreturn than anotherpolicy � 0 for all states,� is a better policy than � 0. More
formally: � > � 0 if V � (s) > V � 0

(s) 8s 2 S. Policies that are better or equal than
all other policiesare termed optimal policies � � . They sharethe sameoptimal state
and action value functions V � (s) andQ� (s) respectively:

V � (s) = max
�

V � (s) 8s 2 S

Q� (s) = max
�

Q� (s) 8s 2 S
(4.9)

The goalof reinforcement learning is to estimatethe optimal policy by estimating
the optimal value functions. The Bellman equation forms the basis of many ap-
proaches for approximating these functions. In the following, we will focus on one
such method: Temporal di�erence-learning.

4.1 Temp oral di�erence learning

One of the most important methods to estimate the value functions is temporal dif-
ference (TD) learning. It learns directly from experienceand iterativ ely updates
estimatesbasedon other learnt estimateswithout waiting for the end of the trial.
Several variants of TD-learning have beenproposed.
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Sarsa and TD(0)

Sarsa is a TD learning method that estimates the action value function Q from
experience.

At every time step, the estimation Q(st ; at ) is updated accordingto equation4.10.
� is the step sizeor learning rate of the systemand � t is the reward prediction error
or TD-error (equation 4.11). It corresponds to the di�erence between the actual
reward r t+1 and the predicted reward Q(st ; at ) � 
 Q(st+1 ; a�

t+1 ).

Q(st ; at ) = Q(st ; at ) + � Q(st ; at ) = Q(st ; at ) + � � � t (4.10)

� t =
�
r t+1 + 
 Q(st+1 ; a�

t+1 ) � Q(st ; at )
�

(4.11)

whereQ(st+1 ; a�
t+1 ) equalszero if st+1 is a terminal state.

Sarsais an on-policy method becauseit updatesQ� by actually following policy � .
This is manifestedin equation 4.11 in the term Q(st+1 ; a�

t+1 ) wherea�
t+1 corresponds

to the action selectedby policy � . For small learning rates � , Sarsaconvergesto an
optimal policy � � and action value function Q� if all state-action pairs are visited an
in�nite number of times and if the policy convergesto the greedypolicy [261]. TD(0)
is like Sarsaexcept that the state valuesare estimated. TD(0) convergesunder the
sameconditions as Sarsa[282,63,128].

Q-learning

Q-learning, in contrast to Sarsais an o�-p olicy algorithm. It optimisesaction values
by using the best, rather than the selected action (equation 4.12) for the update
(equation 4.10):

� t =
h
r t+1 + 
 max

a
Q(st+1 ; at+1 ) � Q(st ; at )

i
(4.12)

Q-learning directly estimatesQ� while following an arbitrary policy. Like Sarsa,
it also convergesif all state-action pairs are tried inde�nitely . There is, however, no
needfor the action selectionto convergeto the greedypolicy [311,312,128].

Actor-critic architectures

Sarsaand Q-learning both estimate the action value function only. Actor-critic sys-
tems separatethe estimation of the state value function and the policy optimisation.
The critic receivesthe reward feedback from the environment and estimatesthe state
value function. The actor adjusts its policy to maximise the return. Learning in
both actor and critic is driven by a TD error signal generatedby the critic. This
architecture is shown in �gure 4.2. It has beensuggestedthat the brain implements
an actor-critic architecture [122].
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Figure 4.2: Actor-critic architecture. The critic generatesthe TD error signal that
drives learning in both actor and critic (adapted from [280]).

4.2 Eligibilit y traces

So far the value functions have beencalculated on the basisof a neighbouring state
or state-action pair only. Eligibility traces (ETs) extend this idea to bene�t from
estimatesthat lie further away in time. ETs can be combined with almost any TD
learning variant. An ET is a memory of previously occurred states or state-action
pairs. The update of the value function estimatescan then be donefor all statesand
actions eligible for learning. For Q-learning, an eligibilit y trace et (s;a) at time t can
be de�ned as follows:

et (s;a) =
�


 �e t � 1(s;a) + 1 if (s;a) = (st ; at )

 �e t � 1(s;a) else

(4.13)

For undiscounted returns (
 = 1:0), this trace decays exponentially with a trace
decay factor of � . When the future rewards are discounted, however, the ET decays
at least with the discount rate. With eligibilit y traces, the update � Q(st ; at ) of
equation 4.10extendsto:

� Q(st ; at ) = � � � t � et (s;a) (4.14)

Equations 4.13and 4.14make all previously visited state-action pairs eligible for
learning. Most recent actions get more \credit" for the current estimate of expected
return and their valuesare modi�ed to a greater extent than for decisionstaken far
in the past. TD( � ) is a natural extensionof TD(0) in that it usesan eligibilit y trace.
It has been shown that TD( � ) convergesto the optimal policy under constraints
similar to TD(0) [63, 64, 128]. For Q-learning, eligibilit y traces are valid only until
a non-greedyaction is taken [311]. This considerablyreducesthe bene�t of ETs for
Q-learning. Other variants of o�-p olicy TD methods seemto work well in practise
but their convergenceis still an open question[215], but seealso [219].
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4.3 Con tin uous spaces and generalisation

One of the problemsin reinforcement learning is that the learning speedhighly de-
pendson the dimensionalitiesof the stateand action spaces.A relatedissueis the case
of continuousspaces.Both problemscan be solved by using function approximation
for the state and action values.

The key idea is that updating an estimate for a speci�c state also a�ects the
estimatesof similar states.

This idea thus applies to the problem of continuous states/actions as well as to
generalisation.In specialcases,convergencehasbeenproved, whereasother casesare
known to diverge[105,20,298,281,219,218]. In our model (chapter 8), we implicitly
usefunction approximation to generalisein continuousstate and action spaces.

4.4 Relation to animal learning

There is increasingevidencethat dopamine is involved in reward-related learning.
Dopaminergic neurons (DNs) have been found in the substantia nigra pars com-
pacta (SNc) and in the ventral tegmental area (VTA). They project to the dorsal
striatum (caudate putamen), the ventral striatum (nucleus accumbens) and most
parts of neocortex [245]. DNs show regular or tonic �ring patterns, as well as tran-
sient or phasic�ring activit y. DNs phasicactivit y is related to primary rewards [121],
predicted reward [244,12,247], as well as novel stimuli which could be implicated in
attention shifting [225,245], but not to aversive stimuli [245].

In a conditioning learning task, DNs are �rst active at to onsetof Unconditioned
reward stimulus (US). During learning, this activit y shifts from the US to the con-
ditioned stimulus (CS) which predicts the US (reward) irrespective of the sensory
modality of the usedstimuli [248,121]. If a fully learnt CS is shown in combination
with a newstimulus, DN activit y remainsat the onsetof the CSandbehavioural learn-
ing of the association of the new stimulus with reward fails. This is called \blo cking"
and suggeststhat a fully predicted reward inhibits learning of a new stimulus-reward
association and that the DN activit y plays the role of a reward predictor [304,245].

More speci�cally, phasicdopaminereleasecould be the biological implementation
of the TD-error of reinforcement learning [122,248,275,276,277,70] and code for the
di�erence of actual minus expectedreward.

In the striatum, dopaminergicneuronstend to synapseon the samespinesthan
a�erent axons from cortical areas. It is therefore possible that DNs in
uence or
modulate either synaptic transmissionor synaptic plasticity of cortico-striatal con-
nections [92, 251, 266]. There are at least two possibilities how DNs can in
uence
learning. First, dopamine has been shown to focalise cortico-striatal transmission,
which only allows the strongestsignalsto pass[207,244,225,245]. This can be seen
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as a gating signal which only enablesthe most important inputs to reach the post-
synaptic neuron. If a behavioural responseis required after the CS in order receive
the reward, the shift from US to CS in the dopaminergicneuronscould serve as an
advanceinformation which results in an attentional focus and more preciselearning
of the response[245]. Alternativ ely, phasic dopamine releasemight directly in
u-
enceplasticity in the target area. In striatum, prefrontal cortex and hippocampus,
dopamineagonistsenhancesynaptic potentiation whereasantagonists impair poten-
tiation [206,207,109,138]. Recent experiments have electrically stimulated dopamine
neuronsin substantia nigra to simulate a reward prediction error. This resulted in
potentiation of cortico-striatal [323,231] projections. Prefrontal and auditory cortex
alsoshow potentiation if a phasicdopaminereleaseis simulated [21,33].

Other neuromodulators havebeensuspectedto correspond to reinforcement learn-
ing variables. Serotonin may regulate the discount rate of future rewards (equa-
tion 4.3). Indeed,rats with depletedserotoninlevelstend to impulsively favour small
immediate over larger, but delayed rewards [69,181,70]

Noradrenalineseemsto be involved in the control of arousaland relaxation and is
suspected to govern the exploration-exploitation tradeo� (parameter of the policy �
in 4.1) [69,70]. Activit y of noradrenergicneuronsis correlated with the accuracyof
action selection,especially in urgent situations [19,301]

Acetylcholine may regulate the speed of learning (� in equation 4.10) [69, 70].
In hippocampus, striatum and cortex, acetylcholine modulates synaptic plasticity
[224,212].



Chapter 5

Sensory input

In this chapter, the sensoryinput to our model of spatial learning presented in the
remainderof this thesis is described.

Perceptualmodels for spatial learning largely fall in two categoriesbasedon how
the sensoryinput is generated: (i) Relatively simple mathematical models [254, 41,
296, 228, 229] and (ii) real-world input [96, 13, 14, 95, 16, 97]. A great advantage of
mathematical models of input data is that there is no limitation as to what aspects
of the world-agent relation is perceivable by the agent. Furthermore, perfect control
can be exertedover the noiselevel in the input.

On the other hand, this freedomcan have disadvantagesas well: One problem is
that the arti�cial agent might be allowed to accessvariablesthat are not perceivable
by an animal. Or, conversely, the agent might not receivea relevant stimulusnecessary
to produce an essential property of cognitive maps. Secondly, a major drawback
of mathematical models lies in the fact that it is impossibleto recreatea realistic
setup which is directly comparableto animal studies. Finally, applications of the
model other than understandingbrain functions, for examplea commercial robotic
application, only makes senseif the systemcan operate in a real environment. For
thesereasons,we chooseto simulate our model in realistic environments and propose
a biologically plausiblecomputational mechanism to processsensoryinput.

First, the environments we usedfor testing the model are presented. Then, it is
shown how the visual input acquiredby the agent is processed.Finally, a description
of how we emulate tactile and vestibular sensoryinput is given.
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5.1 Test environmen ts

The experiments of chapter 6 are run in four di�eren t setups. Oneof them includesa
real Khepera1 mobile robot [182,86,85], and the remainingthreearesimulations of the
Khepera robot. All of them emulate a rat in an experimental arena. Experiments in
chapter 7 are only run in the real robot setup, but not in the simulated environment.
We usethe term \agent" when speakingof similarities betweenthe robot, simulated
robot or sometimeseven the rat.

The simulated robot hasthe advantagethat it is morereliableandeasierto handle.
For instance,it takesno time to move the simulated robot, but the speedof the real
robot is of course limited. On the other hand, a simulation, even when carefully
designed,never capturesall aspectsof the real world. It is thereforeusefulto test the
principles on the real robot, and supplement the results using simulation.

Before discussingthe various setups in detail, somecommon features are out-
lined. The Khepera is equipped with a CCD camera with adaptive gain control,
eight proximit y sensorsand two odometers|one for each wheel (cf. �gure 5.1 (a)).
Vision is the most important input to our model, but we also usethe odometer and
the proximit y sensors.The simulator mimics the real Khepera robot by emulating
its sensoryinput and performing similar movements. The rat's �eld of view spans
270� {320� and dependson the rat's head angle [1, 124]. In our system, this view of
the world is projected onto a cylindrical screenaround the agent and transformed
into a digital image of 800� 316 pixels with 256 grey-valuesper pixel. For reasons
of simplicity, the agent's movement is decomposedinto two primitiv es: (i) In-place
rotation and (ii) forward movement. At each time step, the agent �rst rotates to the
desiredheadingand them movesforward. After this movement, a sensory\snapshot"
of the environment is acquired.

\O�ce": The real rob ot setup

A Khepera miniature mobile robot is placed in an 80cm� 60cm arena on a table in
a normal o�ce. The arena is surroundedby borders of 3cm height. The Khepera's
camera has a view-angle of approximately 60� (see �gure 5.1). Four pictures in
directionsseparatedby 60� aremergedinto a singleimageI of approximately � = 240�

by rotating the robot in-place. Note that this rotation is only performedin order to
acquire a panoramic view. In order to achieve an approximation of a cylindrical
projection, the camera-lensdistortion is �rst compensatedfor. Then, the image,
which is recordedby a 
at CCD sensor,is transformedsuch asto simulate a projection
onto a cylinder. An example view is shown in �gure 5.2. For the experiments in

1The Khepera mobile robot manufactured by K-Team(http://k- team.com/) is a modular plat-
form popular for research and education.
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chapter 7, a large rectangular-shaped object is placed in the arena to increasethe
amount of tactile input to the system.

\Buildings": Arti�cial structures

This and the following environments emulate the Kheperarobot in a 77� 77cmsquare
arena. Imagesare pasted to virtual walls placed outside of the arena. The view of
the virtual world is projected onto a cylindrical screenwhich covers a view angle
of 280� usinga standard computergraphicsalgorithm. In the \Buildings" setup, four
walls are placed in a squarearound the environment and decoratedwith pictures of
buildings and other man-madestructures. An exampleof what the agent seesis given
in �gure 5.3.

\Da vos": Natural environmen t

Mountains may not bea natural habitat for rats, but buildings probably aren't either.
Nevertheless,we also test our model in a natural scenewhich contains lessstructure
than the man-madeobjects of the previous two setups. Here, a panoramic view of
the Swissmountain village of Davos is pasted onto a big cylinder surrounding the
arena. Thus, unlike the previoussetup, the walls are not 
at. This results in a more
beautiful view of the alps (�gure 5.4).

\Minimal": Imp overished sensory input

The previous environments all provide rich visual stimuli. In most animal experi-
ments, however, the view is restricted to a small number of well-de�ned cues. In
order to emulate such an impoverishedenvironment, four walls are placedin a square
around the arena. In the centre of each wall, onesimplegeometricalobject is placed.
The objects are a �lled black square,a �lled white circle, a triangle and a double
cross.The background of each wall is coveredwith noiseof low contrast (�gure 5.5).

5.2 Visual pro cessing

Place �elds of hippocampal neurons in the rat respond to external, most notably
visual, aswell as internal sensorialcues[196,174,58,220,158,80]. In modelsof spatial
cognition, arti�cial sensorsare employed to provide the neural systemwith percep-
tions of the world. This sensoryinput can not be used directly. It needsto be
preprocessedbefore it is passedon to our neural network model. Here we present
how the visual input from the camerais decomposedand its dimensionality reduced.
The processingis inspired by neuronalproperties in primary visual cortex.
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Figure 5.1: (a) The Khepera robot and its sensors.(b) View of the \O�ce" environ-
ment with the Khepera robot.

Figure 5.2: A view taken by the Khepera in the \O�ce" environment. Four camera
imagesare mergedinto one panoramic view, covering about 240� .
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Figure 5.3: A view taken by the virtual Khepera in the \Buildings" environment.
Pictures of buildings are pasted to four walls placed around the arena.

Figure 5.4: A panoramic view of the alps around Davos is pasted onto a cylinder
around the arena.

Figure 5.5: A simpleobject is placedin the centre of each of the four walls surrounding
the environment. The walls are also covered by low contrast noise. Here, at a viewing
angle of 270� , only three objects are visible.
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5.2.1 Gab or �lters

The normalisedimage data I (x; y) 2 [� 1:0; 1:0] is represented using a set of Gabor
wavelets G. These �lters are sinusoidal waves modulated by a Gaussianwindow
function [93, 148]. They respond to edgesin the image much like complex cells in
visual cortex area V1 [123, 61, 134]. The 2-dimensionalcomplex Gabor wavelet in
spacedomain is de�ned as:

G(x; yj� x ; � y; ! ) = e� x2=2� 2
x � e� y2=2� 2

y � ei! x (5.1)

where � 2
x is the variance of the Gaussianwindow in the direction of the wave

propagation, � 2
y is the variance in the orthogonal direction and ! is the frequency2

of the sinusoidal wave. Depending on the phaseof the sine wave, a distinction is
madebetweenthe real part < (G) and the imaginary part = (G) (�gure 5.6). For an
illustration of the 2d-versionof < (G), see�gure 5.7.

(a) (b)

Figure 5.6: Gabor �lters in 1 dimension. Red arrow indicates wavelength � of: (a)
real part < (G) (b) imaginary part = (G). Green arrows indicate standard deviation �
of the Gaussianenvelope (in green).

In the Fourier domain, a Gabor �lter with frequency! and variances� 2
x and � 2

y
is a Gaussiancentred around the frequency! and with variances1=� 2

x and 1=� 2
y :

G(x; yj� x ; � y; ! ) F� ! G(! x ; ! y j� x ; � y; ! ) = A � e� � 2
x (! x � w)2=2 � e� � 2

y (! y � w)2=2 (5.2)

The �lter in equation5.1respondsbestto a vertical bar of width 2� =! (in [pixels]).
In order to detect larger and smallerbarswith arbitrary orientation, a family of �lters

2In this example, it is actually the angular velocity, but for the sake of simplicit y, we'll use the
term \frequency" to refer to either frequencyor angular velocity
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(a) (b)

Figure 5.7: Illustration of Gabor �lters in 2 dimensions

with varying frequenciesand orientations hasto be applied to the imageI (x; y). This
�lter set is created by scaling and rotating the mother wavelet of equation 5.1. A
schematic illustration of such a set of �lters in the 2d-frequencydomain is given
in �gure 5.8. The ellipses represent the iso-value curves for a cut at e� 0:5A (see
equation 5.2). The principal axesof the ellipsesthen correspond to the variancesof
the Gaussians.

We use three wavelengths(� 2 f 75; 50; 25g[pixels]) and eight orientations which
are uniformly distributed in [0; � ]. As we use circular Gaussians(� x = � y = � ),
the ellipsesare circles in our case. Furthermore, we �x the window size to half the
wavelength (� = �= 2).

Gabor �lters have an in�nite support becauseof the Gaussianwindow. We cut
the �lters at a distance of 3� from the centre which cuts o� values smaller than
� 1:1% of the maximal value A. All �lters of the samefrequency are cut to the
samedimensions. Then, all negative valuesare scaledsuch as to achieve a mean of
zero. This makesthe �lters insensitive to shifts in luminance. Finally, all valuesare
scaledin order to get L2-normalised�lters (

P
x;y G(x; y) � G(x; y) = 1, wherex is the

complexconjugateof x).
The �lter value f j k(x; y) for frequencyj and orientation k is given by the magni-

tude of the complex�lter responseto the imageI at position(x; y):

f j k(x; y) =
q

(< (Gj k(x; y)) � I )2 + (= (Gj k(x; y)) � I )2 (5.3)

where � denotes the convolution operator. Combining the two complex parts
guaranteesa responseto an edgein the whole rangeof the �lter window.
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Figure 5.8: The set of Gabor �lters in Fourier domain, where they are Gaussians.
The ellipsesare iso-value curves for a cut at e� 0:5A (seeequation 5.2). Filter Gj k is
tuned to frequency ! j and orientation � k (j 2 f 1; :::; nf r eqg; k 2 f 1; ::; nor ieg). We use
nf r eq = 3 and nor ie = 8

5.2.2 Arti�cial retina

The mobile agent constantly acquirespanoramicviewsof its environment during test
experiments. The image resolution is r x � r y = 800� 316 gray-level pixels in the
range [� 1:0; 1:0]. This high-dimensionalspaceneedsto be transformed into a more
convenient representation for further processing.

We employ the set of Gabor �lters described in section5.2.1and apply them to a
small set of samplingpoints in the imageI . Thesesamplingpoints form an arti�cial
rectangularretina. On each retinal point, the �lter vector ~f , composedof all responses
to frequenciesj and orientations k, is calculatedaccordingto equation 5.3.

The distance(� x ) betweenadjacent retinal points in x must be in relation to the
�lter envelope size,parametrisedby � x . First, we note that a rotation of the agent
producesa translation of the image in x. Supposethat an agent rotation translates
the imagesuch that a feature which was located at a sampling point is now exactly
between this and the neighbouring point. The distance between retina points in
x direction has to be small enoughto still \see" this landmark. In the y direction,
there is no such constraint becausethe tilt-angle of the robot camerais constant.

We require that the sum of envelopes placed on the retinal points of one row
remains approximately constant over the width of the image. This is achieved if
� x doesn't exceed2� x (see�gure 5.9). Becausethe sum of all �lter envelopes is ap-
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Figure 5.9: Approximately constant sum of Gabor �lter envelopesdisplacedby 2�

proximately constant, a landmark betweentwo retina points canbe locatedwith high
accuracyif a population decoding schemeis used[100,324,237,336,239]. Furthermore,
all �lters must completely lie inside the image.

An example of the retinal responseis shown in �gure 5.10 for the \Buildings"
environment. The retina consistsof 15 columnsand 3 rows. On each point, the �lter
vector ~f j for the lowest wavelength � j = 50[pixels] is represented by a blue line. It
indicates the direction and \strength" (line length) of edgesin its neighbourhood.

5.3 Tactile and vestibular input

Tactile input

The rat's whiskersare highly sensitive organs. On each side, there are � 30 \macro-
vibrissae" of of 10{60mm length, arranged in 5 rows of 4{7 whiskers positioned be-
tweeneye and mouth. In each row, the length of the vibrissaeincreasesfrom rostral
to caudal [38]. They are mainly involved in spatial tasks and object shape recogni-
tion [38]. The 40{70 \micro-vibrissae" are located near the mouth and mostly point
downwards. Their small length (< 7mm) and high spatial density makes them well
suited for their implication in �ne texture discrimination [47, 38]. When exploring
objects, rats rhythmically move their whiskerswith a frequencyof � 8Hz. The max-
imal excursionis around 30� . This active whisking increasesthe sensoryrange and
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Figure 5.10: Responseof the rectangular retina with 15 columns and 3 rows applied
to a view from the \Buildings" environment. The blue lines indicate the direction and
\strength" (line length) of edgesnear each retinal point.

may facilitate the detection or discrimination of objects [47,82].
The Kheperarobot is equippedwith eight infrared light sensorswhich measurethe

ambient light as well as proximit y to an object. The rangeof the proximit y sensors
depend on the surfacematerial of the object. For painted wood (which is usedin our
experiments), the detectableproximit y rangesfrom around 3 to 5cm. Below 3cm, the
sensoris saturated and above, it is unableto detect the object (�gure 5.11). Between
those bounds, the responseis roughly linear. If an object is not placed exactly in
front of the robot, but at an angular displacement � , the sensorvalue decreases
almost linearly with � . At � � 70� , the responseis zero.

2cm

Odometer Motor

Proximity sensors

Figure 5.11: Schematic illustration of the Khepera's sensors. Proximit y sensors
detect objects from around 2 to 5cm.
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\T actile" input from each of the eight infrared proximit y sensorsis scaledto [0; 1].
0 meansno detectableobject, 1 meansan object very closeto the robot is detected. A
vector~s(tk) containing all sensorvaluesrepresents the agent's tactile input at time t k .
Tactile cells(TCs) are recruited to storeand translate this input to neuronalactivit y.
A TC's activit y r tc(~s(t j )j~s(tk)) depends on the mean distance between the current
sensorvaluesat time t j and it's stored value over all eight sensors,as expressedin
equation 5.4.

r tc(~s(t j )j~s(tk)) = e
�

( k~s( t k ) � ~s( t j ) k ) 2

2k tc � 2
tc (5.4)

where ktc = 8 is a normalisation factor and � = 0:8 determinesthe sensitivity
of TCs. In practise, the sensorsare unfortunately almost binary. Recently, other
groupshaveproposedrobotic systemsequippedwith real rat whisker arrays for object
detection and discrimination [82,110,83].

Vestibular input

The Khepera's odometers are used to emulate vestibular or proprioceptive input
to our system. After each movement, we use standard trigonometric formulas to
calculatethe incremental distance(� x; � y) and heading� � in an external Cartesian
frame (�gure 5.12):

� � =
dR � dL

B

R =
dL + dR

2� �

� x0 = R sin� �

� y0 = R(1 � cos� � )

� x = � x0cos� � � y0sin�
� y = � x0sin� + � y0cos�

(5.5)

where dL and dR denote the distance travelled by the left and the right wheel
respectively and B is the distancebetweenthe two wheels.
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Figure 5.12: Calculating the idiothetic update.



Chapter 6

Spatial represen tation in the
hipp ocampus: A new mo del

Neuronsin all parts of the hippocampal formation seemto be important for solving
spatial learning tasks. In particular, granule cells in dentate gyrus (DG) as well as
pyramidal cells in the CA1 and CA3 regionof the hippocampus(HPC) �re in strong
correlation with the rat's position in the environment [196, 174, 187, 189, 200, 253,
36, 221, 28, 334, 195, 58]. Entorhinal cortex (EC) is the \gateway" to HPC. Highly
processedmultimodal (visual, olfactive, vestibular, tactile, somatosensory, auditory)
information from EC reach HPC via the perforant path [232,330,221].

Activit y in postsubiculum (poSb) neurons is correlated with the animal's head
direction [222, 288, 289, 31]. Damageto the poSb results in severe de�cits in spatial
behaviours [287].

In this chapter, a new connectionistmodel of the relation betweenEC, poSband
HPC is presented. It is able to learn spatial representations basedon combining
allothetic and idiothetic information. Experimental results are obtained by imple-
mentation of the model on a real and simulated mobile robot platform.

6.1 Arc hitecture

The architecture of our model is inspiredby the anatomical �ndings reviewed in 2.1.1.
Nevertheless,a functional, rather than an anatomical,terminology for the components
of the model is used. Each component is described in turn, results are presented and
a mapping to anatomical structures in the brain is proposed.

67
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Figure 6.1: Architecture for learning spatial representations. Local view (LV) cells
process,store and comparevisual stimuli. We model two typesof local view cells: Mul-
ticolumn cells (MCC) and column-di�erence cells (CDC). CDCs drive cells in the allo-
thetic placecode (APC) module and MCCs calibrate the headdirection system(HD).
Internal cuesdrive the idiothetic place code (IPC) and HD. APC calibrates IPC and
they both project to the combined place code (PC).

The spatial representation consistsof �v e interconnectedmodules(�gure 6.1): (i)
The local view module storesand comparessensoryinput. (ii) The head direction
systemcontinuouslyupdatesthe agent's senseof orientation. (iii) The allothetic place
code estimatesthe agent's position within the environment basedon the local view.
(iv) The idiothetic place code keepstrack of the agent's position by integration of
internal motion cues.(v) The combined placecode links the allothetic and idiothetic
codesand forms the output of the system.

The head direction system together with the idiothetic place code forms a path
integrator (PI) (seesection2.2).

6.2 Lo cal view

The local view module receivesvisual input from the columnsof the arti�cial retina
described in section5.2.2. Its purposeis to extract information which is relevant for
the construction of a spatial representation. A previous view stored at time t k can
be comparedto the current view at time t j by de�ning a similarit y measurebetween
two setsof �lter activities. This measureis implemented by visual neuronsdescribed
in this section.
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The choiceof a comparisonfunction dependson what transformationsthe imageis
subject to. The agent's local view in an environment dependson two variables,namely
position and heading. Accordingly, we will call an agent's movement a \rotation"
if it only changesthe heading. If only the agent's position is changed, and that
only by a small amount, we call it a \step". Independently of the environment, a
rotation producesa translation alongthe horizontal axisof the view. A step,however,
causesa complicated and environment-dependent transformation. We assumethat
translations along the vertical axis are not possible, i.e. the agent does not look
up or down, only left or right. While this holds for the mobile robot, it is only an
approximation for the rat.

One of the problemsis that if the visual cuesare far away, a step producesonly a
small changein the view, whereasa rotation always producesa big, but predictable
change.For a spatial representation, however, the visual systemmust permit the dis-
crimination of both headingand position. Wetherefore\read" the retinal information
in two ways: One neural population tries to discriminate well betweenheadingsbut
not position, and vice versafor a secondpopulation. Both should have broad tuning
curvesin order to provide good generalisationof known samplesto new views.

Neural substrate: In our model, only low-level featuresare used to drive the
spatial learning system. There is no notion of objects, landmarks or other high-level
structures. This is a strongly simpli�ed view of the input systemto the hippocampus.
An anatomical locusof this processingstageis thereforehard to determine. We just
note here that the posterior parietal as well as perirhinal and postrhinal corticesare
the main inputs to entorhinal cortex, the gateway to the hippocampus. Hencethese
regionsmay be involved in processing(storing and comparing) the local view.

6.2.1 Multicolumn cells

Multicolumn cells(MCCs) aim at discriminating headingsregardlessof position. The
receptive �elds should span a large rangeof headings,i.e. translations of the image
should not causea drastic changein activit y.

This is achievedby combining information from neighbouring retinal columns. For
each retinal column i positioned at x i , the weighted sum of �lter activities ~h(x i ; tk)
at time tk , not the activities ~f (x i ; tk) themselves,are stored/compared:

~h(x i ; tk) = c0 � ~f (x i ; tk) +
dncols =2eX

j =1

cj � [ ~f (x lef t (i;j ) ; tk) + ~f (xr ight (i;j ) ; tk)] (6.1)

where lef t(i; j ) = ji � j j and r ight(i; j ) = (ncols � 1) � ji + j � (ncols � 1)j are
the j th column indices to the left and right of the current column i . In the centre,
lef t(i; j ) = i � j and r ight(i; j ) = i + j . Near the borders,however, columnswhich
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would lie outside of the imageare mirrored on the left and right borders. Note that
vector ~f in equation6.1 is composedof the �lter responsesfrom all rows of column i .
The weights cj are sampledfrom a GaussianN c, the standard deviation � c [pixels] of
which determinesthe amount of translation invariance. Figure 6.2showsthe weighted
sumof the GaussianGabor �lter envelopes. Similarly to �gure 5.9, the receptive �eld
of the �lter vector at column x i is represented by its envelope. For the sum, however,
each envelope is weighted by a factor cj according to its distance j to the central
column. The resulting weighted sum illustrates the receptive �eld of one element of
the vector ~h, placedat the central column of the imageat pixel 400.
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Figure 6.2: The receptive �eld is enlarged by combining neighbouring columns in
a weighted sum. blue: Plain �lter envelopes. black: Gaussian weighing window N c

(standard deviation � c = 100[pixels] indicated by line). red: Enlarged receptive �eld
by weighted sum of plain �lter envelopes(shifted vertically by � 1)

When a small stimulus is translated on the image,the plain Gabor �lters canonly
seeit in a small rangede�ned by their envelopes. The weighted sum described above
enlargesthe receptive �eld without losing discrimination capability. If h(x i ) is tuned
to detect a stimulus at position x i , the shifted stimulus can be detectedover a broad
range,but only when it is in the central location x i , h(x i ) is at its maximum.

A translation of the image is causedby a rotation of the agent. It is therefore
useful to test the �lter responseand the weighted sum with respect to the agent's
heading. To keep everything as simple as possible,a virtual environment with an
\optimal" stimulus as the only visual cue at a heading of 0� is used. The retina
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only contains one row and each retina point only contains one Gabor �lter f . The
stimulus, shown in �gure 6.3 (a) is optimal in the sensethat it activatesmost strongly
the vertical Gabor �lter f of the central column when the agent's headingis 0� .

Three responsesare shown versusthe agent's heading in �gure 6.3 (b): (i) The
plain responseof Gabor �lter f (x i ) at the central column x i is sharply tuned but
doesnot respond to the stimulus if the bearing angle is greater than � 25� . (ii) The
uniform sum

P
j f j of all columnsj . Due to the relation betweencolumndistanceand

�lter width discussedin section5.2.2, the sum is constant within the agent's �eld of
view 	. Here, 	 = 180� so the stimulus can't activate the �lters for headingsgreater
than � 90� becausethe the imageis just gray for thoseheadings.(iii) The weighted
sum h(x i )is broadly tuned, but still discriminateswith respect to heading. Here, the
width � c = � � � r x=	 of the Gaussianneighbourhood function for an image width
of r x = 800pixelsis expressedin degreesof agent rotation and is set to � � = 30� .

(a)

-200 -150 -100 -50 0 50 100 150 200

plain filter
weighted sum

uniform sum

(b)

Figure 6.3: (a) "Optimal" stimulus. (b) Rotation experiment. Retina response to
optimal stimulus versus agent heading: (a) red: �lter response f . green: Weighted
sum h of responsesf . blue: uniform (unweighted) sum of responsesf .
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In order to comparetwo views, a similarit y measuremust be de�ned. At each
time step tk , the agent takesa visual snapshot. The imageis processedas described
above and encoded by a set of MCCs. For each column i , a newly recruited MCC
storesthe feature vector ~h(x i ; tk). The activit y of an MCC represents the similarit y
of a column at time t j with respect to what the cell storedat time tk . The activation
function is:

r mcc(t j j x i ; tk) = e
�

( k~h ( x i ;t k ) 	 ~h ( x i ;t j ) k 1 ) 2

2k � � 2
mcc (6.2)

where~z = ~x 	 ~y is the relative di�erence: Each element l of the normal di�erences
is element-wise divided by ~x, i.e. zl = (x l � yl )=xl . k:k1 denotesthe L1-norm and
k = (nr ows � nf r eq � nor ie) is a normalisation factor (number of rows per retina column,
number of gabor frequenciesand orientations). Thus r mcc depends on the average
relative distance between stored and current �lter activit y. In �gure 6.4, the same
rotation experiment asin �gure 6.3shows, for the optimal stimulus, how MCC activit y
dependson � mcc. The distanced = k~h(x i ; tk) 	 ~h(x i ; t j )k1 doesnot increaselinearly
with the agent's heading. In particular, d saturatesfor headingsgreaterthan 90� . For
this reason,r mcc is not zerofor largeheadings.� mcc thus determinesthe spontaneous
activit y of MCC neurons. In all other experiments, a value of � mcc = 0:25 is used.
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Figure 6.4: MCC activit y for an ideal stimulus. The parameter � mcc determineshow
much background activit y there is.

The receptive �elds (RFs) of 50 cellshasbeenvisually inspectedfor all test envi-
ronments. In �gure 6.5 (a), the RFs of three MCCs are visualised. They are taken
after 1000time stepsof exploration in the \Buildings" environment (seesection5.1).
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A cell's �ring rate r in the contour-plots is codedby colour-temperature. For instance,
dark red corresponds to r = 1:0 and dark blue meansr = 0:0. For each cell, a block
of nine contour plots is shown. Each of the small squaresrepresents the environment.
The eight peripheral imagesillustrate the receptive �eld when the agent is oriented
towards the corresponding direction. For instance, the top-right image shows the
receptive �eld when the agent is facing north-east. The central imageis the average
of all directional plots.

The standard deviation of the Gaussianneighbourhood function of equation 6.1
(which determinesthe factors cj ) is expressedin degreesof agent rotation and is set
to � � = 30� . The rangeof sensitivity thereforespansalmost 180� (see�gure 6.3 (b)).
For realistic visual input, this alsoholds. Nevertheless,a position-sensitivecomponent
in the MCC activit y hasbeenobserved in nearly all RFs we visualised. In about 50%
of the cases,the centre of the directional RFs are not at the sameplacefor di�eren t
directions, asis shown for the cell at the top row of �gure 6.5 (a). In almost all cases,
the meanRF (averagedover the eight directions and shown in the centre of the RF
presentation) is very 
at. This doesnot allow a clean localisation of the agent. The
cell's preferredheading,however, is in most casesclearly distinguishable. In around
a third of the cells observed, a peak of considerableactivit y is present at a wrong
heading. Such a cell is shown at the bottom.

6.2.2 Column di�erence cells

The secondway of reading out the retinal activation should help to discriminate
positions, regardlessof the agent's heading. Supposethat two distinguishable land-
marks l1 and l2 are the only visual cuesin an environment. Let us de�ne d(p) as
the di�erence in the bearing angle to landmarks l1 and l2 when the agent is at loca-
tion p. If the agent has a �eld of view of 360� , the two landmarks are visible for all
agent headingsand the di�erence d(p) is independent of this heading. However, the
bearing di�erence dependson the agent's position, i.e. for most positions p1 and p2,
d(p1) 6= d(p2). This property is exploited by the column di�er ence cells (CDCs).

At every time step tk , a variable number of CDCs is recruited: We considertwo
retinal columnss and s+ � . If the �lters of both columnsare su�cien tly active, their
�lter vector di�erence ~d(� ; s; tk) is stored:

~d(� ; s; tk) stored if � 2 f 3; : : : ; 6g and k ~f (xs; tk)k1 > � cdc and k~f (xs+ � ; tk)k1 > � cdc

~d(� ; s; tk) = ~f (xs; tk) � ~f (xs+ � ; tk) (6.3)

Weset � cdc = 1:0. Such an activit y threshold is particularly usefulin impoverished
environments, wheremost �lter columnsjust seeplain walls. It prevents recruitment
of cellswhich store no relevant information.
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The column distance� should ideally correspond to big angledi�erencesbecause{
at least in enclosedenvironments{big landmark bearing di�erences depend more on
the agent's position than small ones, which makes position discrimination easier.
However, if the agent's �eld of view 	 is smaller than 360� , a big value for � re-
duces the probability that both landmarks are visible at the same time. In our
experiments, 	 equals280� . We allow a rangeof empirically determinedcolumn dis-
tances� 2 f 3; : : : ; 6g which correspondsto bearingdi�erencesbetweenapproximately
50� and 100� .

CDCs shoulddetect at time t j if the di�erence of column �lter activities of a given
distance � has already beenseenand stored at time tk . The comparisonshould be
independent of the agent's heading, i.e. the absolute position of the two columns
spacedby � on the retina should not matter. To achieve this translation invariance
in the retinal image, ~d(� ; s; tk) is comparedwith the most similar column di�erence
at time t j . The �ring rate r cdc(t j j � ; s; tk) of a CDC which stored the di�erence
vector ~d(� ; s; tk) at time tk is given by:

r cdc(t j j � ; s; tk) = e
�

(min i k ~d( � ;s;t k ) 	 ~d( � ;i;t j ) k 1 ) 2

2k � 2
cdc (6.4)

where k is the samenormalisation factor as for MCCs (equation 6.2) and � cdc

determinesthe baseline�ring rate. In our experiments, we set � cdc to 0:1.
The receptive �elds (RFs) of 50 cellshasbeenvisually inspectedfor all test envi-

ronments. In �gure 6.5 (b), the RFs of three CDCs are visualised. They are taken
after 1000time stepsof exploration in the \Buildings" environment (seesection5.1).
A cell's �ring rate r in the contour-plots is codedby colour-temperature. For instance,
dark red corresponds to r = 1:0 and dark blue meansr = 0:0. For each cell, a block
of nine contour plots is shown. Each of the small squaresrepresents the environment.
The eight peripheral imagesillustrate the receptive �eld when the agent is oriented
towards the corresponding direction. For instance, the top-right image shows the
receptive �eld when the agent is facing north-east. The central imageis the average
of all directional plots.

Even though CDCs are translation invariant in the retina frame, their �ring rates
depend on the agent's heading, i.e. CDCs are directional. The reasonis that the
agent's �eld of view (280� ) is smaller than 360� . Sometimes,only one of the two
columns is visible and the other is hidden. Additionally , the di�erence ~d(� ; i; t j )
of column x i and x i + � in equation 6.4 is calculated for all i 2 f 1; : : : ; ncols � � g
where ncols is the number of retina columns. In other words, columns in the retina
are not wrapped around. Nevertheless,rotation invarianceof at least90� waspresent
in all observed cells. The activit y in directions opposite to the main peak is low in all
casesobserved. The two cells in the top and central row show rather cleanposition
tuning. The bottom row displays a cell with a doubly peaked tuning curve. Such
ambiguousRFs hasbeenobserved in roughly 30%of the cells.
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(a) (b)

Figure 6.5: Receptive �elds. See text for interpretation. (a) Multicolumn
cells (MCCs). (b) Column di�erence cells (CDCs)
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6.3 Head direction system

The headdirection (HD) module formsthe most important part of the path integrator
system. Small rotational errors can totally impair the system'sabilit y to build and
maintain a spatial representation. This section describes how the HD systemcom-
binesidiothetic and allothetic information in order to producea stable (non-drifting)
estimate of the agent's heading.

A population of Nhd = 120 directional neuronscodes for the agent's heading �
with respect to an arbitrary �xed compassbearing. Each HD neuron i represents the
heading� i = i � 360� =Nhd.

The �ring rate of HD cellsis calculatedin two stages.First, the current heading�
is estimated. Then, a large activit y pro�le around � is enforcedin the HD system.
Lateral interconnection between HD cells could be the neuronal substrate for such
activit y pro�les. Here,weemulate lateral interactionsby enforcinga Gaussianactivit y
pro�le around �. Formally, the �ring rate r hd

i of HD cell i is:

r hd
i = e

�
( k � � � i k ' ) 2

2� 2
hd (6.5)

wherek:k' 2 [0; 2� ] is the angular distanceand � 2
hd is the angular varianceof the

Gaussianpro�le. In our experiments, a value of � = 60� is used. An exampleof the
HD activit y pro�le is illustrated in �gure 6.6 (a) for a headingof � 105� .
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Figure 6.6: Activit y of the head direction (HD) cell population. (a) Enforced Gaus-
sian activit y pro�le driven by idiothetic cuesfor a heading of � 105� . (b) HD activit y
at the samelocation but driven by allothetic cuesonly.

When the agent moves1, its angular displacement � � i is estimated by dead-
1It is always assumedthat the agent performs \uniform" movements. The movement is uniform

in the sensethat the angular velocity ! remains constant throughout the movement.
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reckoning (odometry) and made available to the HD system when the movement
is completed. The new heading,estimated by idiothetic cues,is then � i = � + � � i ,
where� is the previousheadingestimation.

Any real-world path or headingintegration systembasedon dead-reckoning is sub-
ject to noise,and moreimportantly, to a systematicdrift. In order to keepthe HD rep-
resentation accurate,the local viewsencountered during exploration arecontinuously
associated to their heading direction. In particular, all multicolumn cells (MCCs)
are connectedto all HD cellsand synapsesare activated/modi�ed at each time step
as follows: If a synapsehas zero strength and its pre{and postsynaptic activities r j

and r i are above a threshold � , the synapseis activated and its strength initialised
using a one-shotHebbian type learning rule:

wij = r i � r j ifr i > � and r j > � (6.6)

Onceactivated, the synaptic e�cacy is modi�ed at each time step:

� wij = � � r i (r j � wij ) (6.7)

where � is a small learning rate. After each learning step, weights are renor-
malised: ~wij = wij =(

P
k wik ). The activities of all MCCs j connectedto HD cell i

produce an input potential hi =
P

j ~wij r j at the HD cell i . The allothetic heading
estimate � a is then given as the circular population vector of the input potentials hi :

� a = arctan
� P

i hi � sin(2� i=Nhd)
P

i hi � cos(2� i=Nhd)

�
(6.8)

In �gure 6.6 (b), an exampleinput potential distribution is shown. It is recorded
in the \Buildings" environment after 1000exploration time stepswhenthe agent faces
a headingof � 105� . The activit y is indeedcentred around the correct heading,with
a broad but clearly discriminative distribution.

At each time step, both idiothetic and allothetic heading estimations are deter-
mined. The new estimatedheadingis then calculatedas:

� = � i � � � (� i � � a) (6.9)

� 2 [0; 1] determines the in
uence of the allothetic estimate. A value of zero
meansno allothetic in
uence at all whereasa value of one would completely ignore
idiothetic information. Note that although we explicitly accessangular information
in equations6.5, 6.8 and 6.9 which seemsat �rst sight biologically implausible. How-
ever, if continuous attractors using lateral connections[9, 10, 335, 227, 238, 272] or
a probabilistic activit y transition matrix [117, 118] between HD cells was used for
implementing equation 6.5, the recalibration could be performed without explicitly
accessingangular information.
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The advantage of the idiothetic update is that it is always smooth. There are no
\jumps" if the noise in the dead reckoning systemis not too big. This smoothness
is not present in the allothetic headingestimation. At each time step, the previous
headingis forgotten and a new independent estimation is performed. In other words:
Idiothetic estimation contains memory and allothetic estimation does not. For this
reason, � in equation 6.9 should be small. We use � = 0:1. As an example, the
distributions of � a and � for the \Buildings" environment are shown in �gure 6.7.
While the distribution of � a is centred around zero, the drifting odometry produces
a shift into the distribution of �. The idiothetic noise, however, is smaller than
for the allothetic estimation. This is the reasonwhy the recalibrated headingerror
distribution is narrower.
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Figure 6.7: Headingerror distributions in the explored \Buildings" environment. (a)
Pure allothetic estimation. (b) combined allothetic and idiothetic estimations.

The tracking capability of the HD systemis testedto ensurethat calibration works.
Figure 6.8 (a) illustrates for the explored \Buildings" environment that the non-
calibrated headingerror (� = 0) drifts away whereasthe error for the continuously
calibrated system(� = 0:1) remainsbounded.

The distribution of allothetic heading estimation errors is experimentally esti-
mated for all fully explored test environments. The agent is placed 500 times at
random positions and headings. For each trial, the allothetic heading estimation
error �� a is recorded. Gaussiansare �tted to the distributions. The mean values
are below one degreefor all test environments. The standard deviations for all en-
vironments are shown in �gure 6.8 (b). In a secondseriesof experiments, the agent
navigates for 500 time stepsin each environment, continuously recalibrating its HD
systemaccordingto equation 6.9. The recalibrated headingestimation error �� is
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Figure 6.8: Calibrating the headdirection (HD) systemusing allothetic information.
(a) Heading error over time for pure idiothetic (�� i ) and recalibrated (��) HD sys-
tem. The systematic drift is successfullyremoved. (b) The standard deviations of the
heading estimation errors for all test environments. The higher values are the allo-
thetic estimation errors �� a, whereasthe lower valuesare for the combined allothetic
and idiothetic estimates ��.

recorded. Its standard deviation is also shown in �gure 6.8 (b). It is always smaller
than in the pure allothetic case,which con�rms that idiothetic information is ex-
tremely useful.

Neural substrate: Headdirection cellshave beenfound in several regionsof the
brain. However, the postsubiculum(poSb) , together with anterodorsal (adT) aswell
as lateral mammillary (lmT) nuclei of the thalamus seemto be key brain areasfor
spatial orientation [222,288,289,31]. Damageto poSb, for instance,results in severe
de�cits in spatial behaviours [287]. Neuronsin the subiculum(Sb) show environment-
independent �ring which is correlated to position and heading [258, 255, 257]. We
thereforeproposethat adT, lmT, poSband possiblySb form the neural substrateof
the HD module.

6.4 Allothetic place code

In our allothetic placecode module, a spatial representation basedon visual informa-
tion is constructedfrom experience.In each time step, a new neuron i is recruited if
the current placeis not yet well represented by a su�cien t number of active neurons:

new cell i recruited if
X

k

H(r k � � act) < C (6.10)
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where k runs over all APC neurons,C controls the density of coverage,H(:) is
the Heaviside function and � act is a �ring rate threshold above which neuronsare
consideredactive. We set � act = 0:8, which means80% of the maximum activit y. If
the placeis already well represented, no new cell is recruited.

Supposethat a newcell i hasbeenrecruited. Neuronscoding for the current local
view synapseon the newplacecell i . In particular, a di�erence cell (CDC) j connects
with weight wij to placecell i if its �ring rate r j is high:

wij =

8
<

:

r j (� r i|{z}
=1

) if r j > � act

0 else
(6.11)

This is a thresholded one-shot Hebbian-type rule with learning rate one. The
newly recruited cell should represent the current place. Therefore,it should be max-
imally active (r i = 1) for the current a�erent CDC projection. This is achieved by
tuning the parametersof the neuron'spiecewiselinear activation function:

r i =

8
<

:

0 if � i hi < � low

1 if � i hi > 1
� i h i � � low

1� � low
else

(6.12)

where hi =
P

j wij r j is the input potential to APC neuron i , � low = 0:2 is the
minimal input to activate the neuronand � i = 1=h0

i determinesthe saturation poten-
tial of neuron i , with h0

i standing for the input potential at the time when neuron i
was recruited. At the moment when the cell i is recruited, we have � � hi = 1, and
hencer i = 1. For this reason,r i may be omitted in equation 6.11

The resulting placecode represents the agent's position in the environment. The
agent's encoded position is interpreted by calculating the population vector [100,189,
324,237,34,336,239]:

Pa =
P

i r i � x iP
i r i

(6.13)

where x i is the agent's position where APC i was recruited. The position error
vector � Pa = P � Pa is the di�erence betweenthe real position and the allothetic
position estimate.

To assessthe precisionof the allothetic placecode, the position error distribution
is estimated experimentally for all test environments. First, the agent exploresthe
environment in order to establisha population of APCs. After exploration, the agent
is placed500timesat randompositionsandheadings.For each trial, the position error
vectors� Pa are recorded.Circular two-dimensionalGaussiansare �tted to the � P a.
The meanvaluesfor all environments are below 1cm. The standard deviationsof the
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Gaussian�ts are plotted in �gure 6.9 (a). As an example,the distribution of j� P a j
is shown in �gure 6.9 (b) for the \Buildings" environment.
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Figure 6.9: Allothetic position error distribution. (a) For all test environments,
the standard deviations of circular Gaussians�tted to the position estimation error
vectors � P a are plotted. (b) The distribution of the lengths of the error vectors j� P a j
for the \Buildings" environment.

Examples of the resulting place code are visualised in �gure 6.12 (b) for the
\Buildings" environment after 1000time stepsof exploration. The squarerepresents
the environment. Each dot represents an APC neuron i . Cell i is drawn at the
location where the agent was when i was recruited. Its �ring rate r i is coded by
colour-temperature. For instance, dark red corresponds to r = 1:0 and dark blue
meansr = 0:0. The population vector is indicated by a cross. The agent's heading
is not indicated in the plots. Not all APCs which code for a certain position are
active when the agent is near it. The reasonis that APCs are directional. They
only �re when the agent's headingis near the cell's preferredheading. This becomes
clearerwhen the receptive �elds are discussedin the next paragraph. For most agent
positions, the code is rather disperse.The population vector, however, reliably codes
for the real agent's location, which is indicated in the left column (�gure 6.12(a)). In
someplaces(most notably in the corners), the code is sparse.This is probably due
to the fact that closewalls make nearby placeslook more di�eren t than if the walls
are far away. The last row shows an examplewhere the allothetic estimate deviates
more than usual from the correct value.

The receptive �elds (RFs) of 50 cells has beenvisually inspected for all test en-
vironments. In �gure 6.13 (a), the RFs of three APC neuronsare visualised. They
are taken after 1000 time steps of exploration in the \Buildings" environment (see
section5.1). A cell's �ring rate r in the contour-plots is codedby colour-temperature.
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For instance,dark red correspondsto r = 1:0 and dark blue meansr = 0:0. For each
cell, a block of nine contour plots is shown. Each of the small squaresrepresents
the environment. The eight peripheral imagesillustrate the receptive �eld when the
agent is oriented towards the corresponding direction. For instance,the top-right im-
ageshows the receptive �eld when the agent is facing north-east. The central image
is the averageof all directional plots.

RFs of APC neuronsare rather stereotype. The cells are broadly tuned around
their preferredposition, like the cell in the �rst row of �gure 6.13(a). All APC cells
observed are directional, and they are all activated in a rangeof about 180� around
the preferred agent heading. Cells that code for positions near the cornerstend to
have smaller RFs, as shown for the cell in the centre. The cell shown in the bottom
row hasan unusually large and 
at RF.

Neural substrate: Entorhinal cortex (EC) is the gateway to the hippocam-
pus (HPC). It receivesprocessedmultisensory information from cortex and projects
to HPC. Environment-independent placecellshave beenfound in the medial EC. An
allothetic placecode, however, must depend on the environment. To our knowledge,
no published studies investigate spatial �ring properties in the lateral EC. As this
is the only other pathway to HPC, we postulate that the lateral entorhinal cortex
contains a broadly tuned, environment-dependent allothetic placecode.

6.5 Idiothetic place code

The HD systemdescribed above keepstrack of the agent's current compassbearing.
The idiothetic place code (IPC) module presented in this section implements the
memory for the agent's current position. Together, they work as a path integrator,
i.e. an environment-independent spatial representation.

A population of N ipc = 400simulated neuronsencode the agent's estimatedposi-
tion P i in a Cartesiancoordinate frame. Each IPC neuron j is assigneda prede�ned
preferredposition p j such that a squareregionof spaceis uniformly covered. The �r-
ing rate r j of cell j is a two-dimensionalGaussianwith variance� 2

ipc over the euclidian
distancekP i � p j k2:

r j = e
�

( kP i � p j k2 ) 2

2� 2
ipc (6.14)

As with the HD system,such an activit y pro�le may result from lateral interac-
tions between the IPC neurons. The estimated agent position P i is updated using
dead-reckoning (amount of displacement) as well as HD (direction of movement) in-
formation. Figure 6.12 (a) illustrates the population activities at various placesin
the square\Buildings" environment.
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In order to prevent the estimated agent position P i from drifting away, the rep-
resentation needsto be recalibrated using allothetic information. At each time step,
the idiothetic and allothetic position estimatesP i and Pa are determined. The new
recalibrated position estimate P is then calculatedas:

P = P i � � � (P i � Pa) (6.15)

where� 2 [0; 1] determinesthe in
uence of the allothetic estimate. Similar to the
HD system, a value of zero meansno allothetic in
uence and a value of one would
completely ignore idiothetic information. We used � = 0:1 in our experiments. As
in the HD system,a small value of � keepsthe position estimate smooth, while still
removing systematicdrifts.

In order to calculate the allothetic position estimate P a, we use the position of
allothetic place�eld centres (x i in equation 6.13). This is not a biologically plausible
way of recalibrating the IPC population. Similarly to the HD system,however, we
could associate allothetic placecell activit y to the �ring of idiothetic placecellsusing
unsupervisedHebbian learning and usean attractor network for implementing equa-
tion 6.14. Then, no explicit spatial information would be neededfor recalibration.

This calibration method removesthe systematicdrift inherent in a pure idiothetic
system. This is illustrated in �gure 6.10(a) for the explored\Buildings" environment:
The uncalibrated (� = 0) position error vector length drifts away whereasthe the
error for the recalibrated system(� = 0:1) remainsbounded.

The distribution of the recalibratedposition errors is experimentally estimatedfor
all fully explored test environments. The agent navigates for 500 time stepsin each
environment, continuously recalibrating its IPC systemaccording to equation 6.15.
As for the allothetic placecode, circular two-dimensionalGaussiansare �tted to the
position vector errors � ~P. The standard deviationsof � ~Pa (from �gure 6.9 (a)) and
� ~P are plotted in �gure 6.10 (b). As expected, the recalibrated estimate yields a
narrower distribution than the pure allothetic estimate.

Examplesof the resulting placecodearevisualisedin �gure 6.12(a) for the \Build-
ings" environment after 1000time stepsof exploration. The squarerepresents the en-
vironment. Each dot represents an IPC neuroni . Cell i is drawn at the location where
the agent waswhen i wasrecruited. Its �ring rate r i is coded by colour-temperature.
For instance, dark red corresponds to r = 1:0 and dark blue meansr = 0:0. The
population vector is indicated by a cross. The agent's heading is not indicated in
the plots. Unlike the APC population code in the central column (�gure 6.12 (b)),
IPC cells are only tuned to position, and not to heading. The tuning curvesof IPC
neuronsis determined beforeexploration starts, and cells are uniformly distributed
over the environment.

Neural substrate: The medial entorhinal cortex (mEC) contains neuronswith
spatial �ring correlates.The spatial selectivity of an mEC placecell is lower than in
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Figure 6.10: Calibrating the idiothetic place code using allothetic information. (a)
Position error over time for pure and recalibrated idiothetic place code in the \Build-
ings" environment. The systematic drift is successfullyremoved. (b) The standard
deviations of the position estimation errors for all test environments. The higher val-
uesare for pure allothetic estimatesP a, whereasthe lower valuesare for the combined
allothetic and idiothetic estimatesP.

the hippocampus,but there is a clear peak activit y at the cell's preferred position.
mEC Neuronsare likely to be active in any environment, regardlessof shape and size.
The shape of the place�elds is alsopreserved acrossenvironments [221,89,90]. Place
�elds in the subiculum (Sb) are also environment-independent. They can, however,
be directional [23,258].

We proposethat mEC and possiblySb are the neural substratesfor an idiothetic
place code. mEC is innervated by presubicular neurons[329], which could provide
heading information to update the current position estimate in mEC. The lateral
entorhinal cortex strongly projects to mEC [221], which could serve as a positional
calibration signal using allothetic cues.

6.6 Com bined place code

The idiothetic and allothetic placecellsproject to a layer of combinedplacecode(PC)
neurons (see �gure 6.1). At each time step, place cells are recruited according to
equation 6.10. Synapsesoriginating in the APC and IPC layers are recruited and
initialised as de�ned by equation 6.11. The �ring rate of PC neuron i is given by
equation6.12. The input threshold � low = 0:3 in the PC layer is higher than for APC
neurons.This results in a sparserrepresentation and smaller receptive �elds.
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Additionally , at each time step, weights wij of APC! PC synapsesare modi�ed
using a Hebbian-type learning rule:

� wij = � r i (r j � wij ) (6.16)

wherer i is the �ring rate of PC neuroni and r j is the �ring rate of APC neuronj .
� is the learning rate.

Example population activities are shown in �gure 6.12 (c) for the \Buildings"
environment after 1000 time steps of exploration. The squarerepresents the envi-
ronment. Each dot represents a PC neuron i . Cell i is drawn at the location where
the agent waswhen i wasrecruited. Its �ring rate r i is coded by colour-temperature.
For instance, dark red corresponds to r = 1:0 and dark blue meansr = 0:0. The
population vector is indicated by a cross.The agent's headingis not indicated in the
plots. The environment is denselycovered by place cells. Most place cells near the
encoded position are active. This suggeststhat most cellsare non-directional, unlike
the APC neuronsin the central column(�gure 6.12(b)). The code is alsomoresparse
than the allothetic representation.

The receptive �elds (RFs) of 50 cells has beenvisually inspected for all test en-
vironments. In �gure 6.13 (b), the RFs of three PC neuronsare visualised. They
are taken after 1000 time steps of exploration in the \Buildings" environment (see
section5.1). A cell's �ring rate r in the contour-plots is codedby colour-temperature.
For instance,dark red correspondsto r = 1:0 and dark blue meansr = 0:0. For each
cell, a block of nine contour plots is shown. Each of the small squaresrepresents
the environment. The eight peripheral imagesillustrate the receptive �eld when the
agent is oriented towards the corresponding direction. For instance,the top-right im-
ageshows the receptive �eld when the agent is facing north-east. The central image
is the averageof all directional plots. The majorit y of place cells are heading inde-
pendent, like the cell shown at the top. Place �elds are more compact than in the
APC layer. Around 20%of the observed cellsare to somedegreedirectional. Such a
cell is shown in the central row. We observed one cell only which doesnot respond
in all headings.This cell is shown at the bottom.

Neural substrate: The hippocampalareasare candidate locations for the com-
bined place representation. All regions (dentate gyrus, CA3 and CA1) show clear
spatial �ring properties as well as sparsecoding. The model PC activit y is also
sparserthan in both APC and IPC layers, consistent with experimental data. Our
model of PC is purely feed-forward. As DG and CA3 contain lateral interconnections
whosefunction is not yet resolved, our model best �ts the hippocampal region CA1.
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Figure 6.11: (a) Position and heading error evolution when the agent is disoriented
and inserted into the explored \Buildings" environment. At time step 80, the agent is
again disoriented. (b) Mean number of time steps until the agent is localised for all
test environments.

Entering a familiar environmen t

In order to assessthe performanceof the full system,we test if the model is capable
of localising itself autonomously. We usethe following procedure:

The agent is put at a random position and heading into a familiar environment.
Then, its IPC and HD systemsare randomly initialised. This correspondsto a disori-
entation processoften usedin animal experiments. Next, the agent movesrandomly
in the environment and tries to localiseitself. Using the describedcalibration scheme,
the agent may recalibrate its path integrator usingallothetic cues.At each time step,
the allothetic representation \pulls" the path integrator towardsthe allothetic estima-
tion of position and heading. An exampleof the temporal evolution of the recalibrated
path integrator (HD and IPC modules) estimation errors �� and � P is shown in
�gure 6.11(a) for the \Buildings" environment.

As can be seenin the �rst 10 time steps, the position estimation error heavily
dependson the correct headingdirection: it may even continue to rise for sometime
until the headingerror is su�cien tly low. At time step 80, the agent is again \disori-
ented", but the calibration processcontinuesto \dra w" the idiothetic representation
towards the allothetic estimate in order to producea consistent placecode.

How many time stepsdoesit take until the estimationsare \lo cked" to the correct
values? This question is answered by the next seriesof experiments. In each of the
explored test environments, 100 \disorientation" experiments are performed: The
agent is placedat a random position with random heading. Its IPC and HD systems
are randomly initialised, and the agent starts to move randomly, trying to localise
itself. Whenever the headingand position error estimates�� and � P fall below the
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standard deviations for the allothetic estimates(�gures6.8 (b) and 6.10 (b)) for �v e
consecutive time steps,we concludethat the agent has localiseditself and the trial
is ended. The meanvalue and standard deviations of the trial lengths are shown in
�gure 6.11 (b). If we assumethat the rat \samples" its sensoryinput with a rate
of 8Hz [254, 41], which is in the frequencyrange of the theta rhythm, it takes our
simulated rat around four secondsto localiseitself.
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(a) (b) (c)

Figure 6.12: Population activities in a 770� 770mm environment. Each row shows
the population activit y at a speci�c time step. Crossesindicate the population vectors.
(a) Idiothetic place code, (b) allothetic place code, (c) combined place code
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(a) (b)

Figure 6.13: Directional receptive �eld contour plots. (a) Allothetic place
cells (APCs). (b) Combined place cells (PCs)
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Chapter 7

Towards a mo del of multimo dal
in tegration in the superior
colliculus

When combining information from several sensoryorgansinto a commonspatial rep-
resentation, each sensorymodality must be assigneda certain level of in
uence on the
combined representation. However, the relevanceof information from a speci�c sen-
sory organ dependson the current environmental conditions. An adaptive weighting
schemeis neededto solve this multimodal integration task. In this chapter, a model is
proposedto combine visual and \tactile" information into a commonrepresentation.
It is an extensionto the hippocampal place cell model described in chapter 6. It is
implemented and tested on a Khepera mobile robot platform. The model is inspired
by neuronal properties of the superior colliculus (SC), a layeredmidbrain structure.
Its super�cial areasare involved in oculomotor responsesand the deeplayers (dSC)
processmultimodal information (visual, tactile and auditory). In section2.3.1, some
single neuron and population properties, as well as behavioural implications of SC
are reviewed. To summarise,it is noted that:

� dSC contains separatetopological mapsfor each sensorymodality.

� Thesemapsare combined into multimodal sensory-motormaps.

� Most dSC input neuronsare unimodal, whereasthe majorit y of output cells
show multimodal enhancement.

91
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� SomeSC neuronsshow spatial �ring properties.

� The majorit y of SC neuronsshow theta �eld activit y in situations where hip-
pocampusalsodoes.

Weusesomeof theseaspectsin a simpli�ed model of the deeplayersof the superior
colliculus. The model is rather abstract. It focuseson the \gating" mechanismwhich
learnsto assignappropriate weights to each sensorymodality at each time step.

7.1 Arc hitecture

The di�eren t modalities are combined in the allothetic place code layer (see sec-
tion 6.1). As an example, we addressthe integration of visual and tactile signals,
but the concept could easily be extended to other modalities. The weight of each
senseis modulated by a gating network which learnsto adapt the importanceof each
modality to the current environmental condition. Intermodal correlationsare estab-
lishedusing uni- and multimodal units inspired by neuronsin the superior colliculus.
Figure 7.1 shows the architecture of the system.

IPC

HPC

TCVC

Gater

SC

APC

Odometer

gvc

gtc

Idiothetic Allothetic

Figure 7.1: Architecture of our system for multimo dal integration. Visual (VC) and
tactile (TC) cells are combined in the allothetic place code (APC). Their in
uence is
modulated by the output of a gating network. The superior colliculus (SC) population
storesand comparesintermodal correlations.
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We usethe simpler visual processingproposedby Arleo et al. [16] rather than the
full systemdescribed in sections5.2 and 6.21: Instead of the more or lessheading-
insensitive column di�erence cells,four orientation-sensitive view cells(VCs) code for
the current place. In order to produce a heading independent representation, the
four viewsarealways taken in the four cardinal directions (i.e. north, south, west and
east). This eliminates the problem of orientation versusposition sensitivity in the
visual processing.The idiothetic pathway is similar to chapter 6.

At each time step, the agent turns to each of the four cardinal directions. It
recruits two sensorycells(a visual (VC) aswell asa tactile (TC) cell) which store the
preprocessedsampleof the visual [16] or tactile (section 5.3) input. The recruitment
method for APC neuronsand VC! APC synapsesfollows equations6.10 and 6.11.
Synapsesfrom sensorycells to APC neuronsevolve using the Hebbian learning rule
of equation 6.16. The sameprocedureis implemented one layer downstream in the
PC population.

For reasonsof convenience,wede�ne ~wij = wij =(
P

k wik ) asthe normalisedweight
from the presynaptic neuron j to the postsynaptic cell i . The �ring rate r i of HPC
neuronsi is given by the weighted meanactivit y of its presynapticneuronsj :

r i =
X

j

~wij r j (7.1)

In the APC population, however, the inputs from all presynaptic neuronsof the
samemodality aremodulated by a gating factor gvc or gtc which dependson the envi-
ronmental conditions. This weighing factor is the output of the gating network (sec-
tion 7.3):

r i = gvc � (
X

j 2 VC

~wij r j ) + gtc � (
X

j 2 TC

~wij r j ) (7.2)

7.2 Unimo dal and multimo dal cells

In the deeplayersof superior colliculus (dSC), most of the sensoryinput cellsareuni-
modal, whereasthe majorit y of output cellsrespondsto multiple sensorymodes[270].
Our abstract model of dSCcontain alsofollows this principle. Sensorycells(VCs and
TCs) project to the input layer of dSC which consistsof unimodal visual (UVs) and
tactile (UTs) cells. Those unimodal cells project to multimodal cells (MMs) in the
output layer of dSC. The architecture of the dSC model is shown in Figure 7.2 (a).

Unimodal input cells: Whenever the agent receives strong visual and tactile in-
put simultaneously, a tactile and a visual unimodal cell are recruited. Connections

1 This is mainly due to historical reasons:The results presented in this chapter are the earliest
part of this work. We focus on the gating mechanism and not on the visual processing
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UT
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TC

UV

VC

SC

(a)

<UV> <UT> <MM> <rV> <rT>

g gvc tc

(b)

Figure 7.2: (a) Architecture of the deepsuperior colliculus model. VC: Visual cells,
TC: Tactile cells, UV/UT: Unimodal cells, MM: Multimo dal cells. (b) Architecture
of the gating network. hX Y i : average �ring rate of population X Y . hr V i : average
pixel brightnessof the input image. hr T i : averageactivation of the proximit y sensors.
gvc/ gtc : output gating neurons.

betweenactive TCs and UTs are establishedand their weight �xed using the Heb-
bian learning rule of equation 6.16. Equivalently, VCs are connectedto UVs. The
�ring rate of unimodal cells is given by the weighted meanactivit y of its presynaptic
neurons(equation 7.1).

Multimodal output cells: The most active unimodal cells connect to a newly re-
cruited multimodal cell andsynapticweights areagain�xed accordingto equation 6.16.
The �ring rate r i of multimodal cell i di�ers from equation 7.1 for unimodal cells in
that both UTs and UVs needto be active to trigger the �ring of a multimodal cell.
This nonlinear interaction simulates the e�ect of multimodal enhancement, to which
the majorit y of multimodal dSC cellsseemsto be subject [270,306,132]:

r i = tanh

"

k (
X

j 2 UV

~wij r j ) � (
X

j 2 UT

~wij r j )

#

(7.3)

wherek governs the amount of input drive necessaryto saturate the neuron.

7.3 Learning the gating net work

During the initial exploration of the environment, locationswheremultimodal stimuli
are available are detected and the corresponding visual and tactile input is stored.
Due to the multiplicativ e interaction betweenvisual and tactile input in the activation
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function of MM cells, inconsistenciescan be detected. For instance,if a low obstacle
which cannot be seenby the visual model but sensedby the tactile input is associated
to a particular view, the absenceof the obstacleactivatescorresponding UV cell, but
both UT and MM cellsaresilent. In general,a missingfeatureof a learnt multimodal
stimulus producesactivit y in unimodal, but not in multimodal cells.

In a secondphase,a gating network learns to modulate the importance of vision
and touch according to the current environmental conditions. The gating network
consistsof �v e input neuronswhich are fully connectedto two output neuronsas
shown in �gure 7.2 (b). Each input neuron codesfor the averageactivit y of a popu-
lation. For example,hUVi is the averageactivit y of UV cellsand so on. hrV i is the
averagepixel brightnessof the raw (unprocessed)cameraimage. hrTi is the average
proximit y sensorinput. A high value of hrTi meansthat many obstaclesare very
close.

The output neuronsgvc and gtc provide the gating valuesof equation 7.2. Their
�ring rate is calculated in two steps: First, the weighted sum hvc and htc of their
input activit y is determined according to equation 7.1. In order to keep the total
input strength constant, a soft-max operation follows which keepsthe sum of the
�ring rates gvc and gtc constant:

gvc =
hvc

hvc + htc
and gtc =

htc

hvc + htc
(7.4)

The task is to adapt the synapsesof the network such that the sensorymodality
which is most useful for spatial coding is enhancedwhile the other is suppressed.

The weights betweeninput neuron j with �ring rate r j and gating neuron i with
�ring rate i are updated accordingto a Hebbian-type rule, but the synaptic modi�-
cation � wij is alsomodulated by a reward signal q:

� wij = q � � r i (r j � wij ) (7.5)

The reward q dependson two propertiesof the allothetic placecode: (a) variance�
aroundcentre of massand (b) the number n =

P
k H(r apc� � a) of APC neuronswhich

are more active than � a = 0:8. Positive reward is given if many cells are active and
the placecode is compact(i.e. small variance� ). However, if the varianceis high, the
reward still needsto be positive, becausethe tactile sensoryinput always produces
high variancesdueto the high ambiguity in the sensoryinput. An insu�cien t number
of active cells, however, always results in a negative reward. The equation for the
reward q is:

q = tanh [� a � (n � n0)] � s� tanh [� � � (� � � 0)] (7.6)

The �rst factor evaluatesamount of activit y in the APC layer. If there are more
than n0 = 3 activeAPC, the reward is positive,elseit is negative. � a = 0:5 determines
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Figure 7.3: Evolution of the gating weights for the raw sensory inputs hr V i and
hr Ti to the output gating neurons gvc and gtc . (a): hr V i ! gvc, (b): hr V i ! gtc ,
(c): hr T i ! gtc , (d): hr T i ! gvc.

the slope of the nonlinear curve. It is set so as to saturate to a reward of � 1:0 if
there are more than 10 active APC neurons.

The secondfactor evaluatesthe variance� of the allothetic placecode around its
centre of mass.The parameterss� = 0:25, � � = 0:1 and � 0 = 50cmare set such that
a normal APC variance of 20cm producesa reward of � 1:0 whereasif a variance
of 80cm,which is unusually high, results in a value of � 0:5.

Experiments are conductedon a Khepera mobile robot. An 60� 60cm boarded
arenaplacedon a table in a normal o�ce servesasenvironment. A largerectangular-
shaped object is placed in the arena to increasethe amount of tactile input to the
system. After the environment is explored, a learning phasefor the gating network
begins. The weights of the network are randomly initialised prior to learning.

During learning, the agent movesrandomly in the exploredenvironment and tries
to localiseitself. At each time step, the illumination in the environment is either arti-
�cially turned down to 20%with probability PL or left at its normal value otherwise.
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The pixelsof the raw cameraimagearescaleddown, but Gaussiannoiseis alsoadded
to simulate the reducedquality of visual input in the dark. The Gabor �lters usedto
processthe imageare much moresensitive to edgesthan they are to luminosity. This
meansthat with the light turned down, the �lter activit y might still be high, but it
now only inaccurately represents the imagedue to the increasednoise.

At each time step, the weights are then updated accordingto equation 7.5. Fig-
ure 7.3 shows the evolution of the weights between hrV i as well as hrTi and the
output gating neuronsgvc and gtc . As expected,high luminance in the input image
activatesthe visual gate, whereashigh valuesof the proximit y sensorscontributes to
the tactile gate. Conversely, the luminance does not in
uence the tactile gate and
proximit y sensorsdon't contribute in activating the visual gate.

Once the gating neuronsare tuned, two test-runs are performed: One in normal
lighting conditions, the other with the light dimmed down to 20%. The gating values
are for both tests are plotted against time.

Figure 7.4 (a) shows the gating valuesfor the visual and tactile sensesin the lit
environment. More than half the time, visual input is the only activated modality.
Each time the robot is nearan obstaclehowever, the tactile senseis assigneda slightly
higher importance than vision. The abrupt changesare due to the binary nature of
the tactile sensors.

Figure 7.4 (b) shows the gate values when the illumination is reducedby 80%.
Most of the time, vision and tactile sensesreceive equal importance. Due to the
soft-max operation, both valuesare set to 0:5 Whenever an obstacleis near,however,
the agent reliesmostly on its tactile input. Again, the abrupt changesshow that the
tactile sensorseither don't sensean obstacleor they are saturated by a closeobject.
Indeed, as illustrated in �gure 5.11 on page64, the proximit y sensorsonly have an
e�ectiv e rangeof only � 2cm.

Learning hasbeenperformedby dimming the light down to 20%. In �gure 7.5, it
is illustrated that the activit y of the visual gating neurongvc alsogeneralisesto other
illumination conditions.

The main di�cult y in learning the importanceof sensoryinput lies in determining
the reliabilit y and uncertainty of a percept. We use the averageplace cell activit y
and the activit y variancearound the centre of massas a quality measureto change
the weights of the gating network. However, accessingthe variance in spatial repre-
sentations might be di�cult to motivate biologically.



98 CHAPTER 7. A MODEL OF SUPERIOR COLLICULUS

time

0

0.5

1

ga
te

 v
al

ue

vision
touch

(a)

time

0

0.5

1

ga
te

 v
al

ue

vision
touch

(b)

Figure 7.4: Gate values in open-�eld and border positions. (a) good illumination.
(b) almost no light
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Figure 7.5: Activit y of the visual gating neuron gvc versus illumination. During
learning, the illumination was either normal (100%) or reducedto 20%. However, gvc

generalisesto intermediate illumination conditions.



Chapter 8

A new locale navigation mo del

In this chapter, a new model of rodent navigation is presented. In particular, we pro-
posea locale navigation model accordingto the taxonomy introducedin section3.3.
This type of navigation allows the animal to learn to �nd a stable but hidden re-
ward location in an environment. The navigation system makes use of the spatial
representation learnt accordingto chapter 6.

The hippocampus (HPC) is one of the main a�erent structures of the nucleus
accumbens (NA), the ventral part of the striatum (seebasal ganglia review in sec-
tion 3.1). HPC neuronsprojects to NA via the fornix �bre bundle. Lesionsof the
fornix or nucleusaccumbensimpair the rats in the hidden, but not the visible water
mazetask [76,279,209,318], whereaslesionsin the caudate-putamen,which forms the
dorsal part of the striatum, don't show an e�ect. If the platform is visible or cued,
however, the reverse is true: NA lesionsdon't show an e�ect and caudate lesions
result in a decreasein performance[209, 161, 66]. Theseresults suggestthat NA is
involved in localenavigation and caudate-putamenis not.

The ventral tegmental area(VTA), which{lik e NA{is a part of the basalganglia,
contains dopaminergicneurons(DNs). On top of a regular tonic �ring pattern, DNs
also show transient phasic activit y. This phasic �ring seemsto be related to the
processingof reward signals. In particular, there is evidencethat DNs code for the
di�erence between actual and expected reward, and thus implement the temporal
di�erence error of the reinforcement learning paradigm (chapter 4) [122,248,244,12,
247,304,245].

DNs of VTA also project to nucleus accumbens [320, 247, 149]. They tend to
synapseon the basal part of spineswhich host synapsesfrom cortical [92, 252, 266]
as well as hippocampal [295,251,265,87] a�erent projections. It is thereforepossible
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that DNs modulate either synaptic transmissionor synaptic plasticity of cortical and
hippocampal a�erent connectionsto striatum [122,248,244,275,276,277].

Our model of localenavigation is basedon reinforcement learning (RL, cf. chap-
ter 4) applied to HPC! NA synapses. In particular, we focus on a mechanism by
which statesas well as actions are treated as continuousvariables. Learning quickly
generalisesin both spaces. RL has previously been used to solve navigation tasks
for autonomousmobile agents [39,14,88,16,65]. Somemodelsoperate in continuous
state and/or action spacesusingfunction approximation [14,240,69,65]. However, we
are not aware of any neural model of locale navigation whereboth state and action
spacesare continuous.

In most RL-basedmodels, an eligibilit y trace [280] is used. While such tracesof
past state-actionpairs result in a considerablelearning speed-up,it is not clear if and
how such a memory is available to the brain. We discusssomepossiblemechanisms
for eligibilit y traces,which allow rewarding events to generaliseback in time.

8.1 Arc hitecture

In this model, a spatial representation basedon placecellsand constructedaccording
to chapter 6 servesas state space. It consistsof a population of hippocampal place
cells (PCs) with highly overlapping receptive �elds. Here we focuson the useof this
representation for navigation. PCs project onto a population of action cells (ACs).
As the nucleus accumbens (NA) is (i) a target of the hippocampus, (ii) receives
dopaminergicprojections and (iii) is related to motor behaviour, we postulate NA as
the neuronalsubstratefor ACs. A navigation map is constructedusingreinforcement
learning on PC! AC synapses.

Reinforcement learning has been used for problems where a small discrete set
of actions is available at each state. The number of states is usually discrete and
�nite. The population vector of PCs, however, can be interpreted as the continuous
state variable s which represents the agent's location P 2 R2 in the environment [14].
Similarly, the population vector � ac of the AC layer standsfor the direction of the next
movement and represents a continuous action a. The model is tested on a real and
simulated mobile robot platform (seechapter 5). The architecture of the navigation
systemis shown in �gure 8.1.

8.2 Action cells

A population of Nac = 120 action cells (ACs) code for the motor-commandsof the
agent's next movement. Each AC i represents a particular compassheading� i , which
are uniformly distributed between 0 and 2� . In each time step, the agent gathers
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Figure 8.1: Architecture of our navigation system: A layer of hippocampal placecells
(PCs) represent the environment. Each PC is active in a region of the environment
and their receptive �elds overlap. In order to learn to navigate to the goal, PCs are
connected to action cells (ACs) which code for the direction of the next movement.
The population vectors of both layers allow a continuous interpretation of position
(PCs) and direction of movement (ACs).

sensoryinformation which activatesthe simulated hippocampalplacecode(PC) layer.
Basedon PC activit y, the AC module selectsthe next action.

Each action consistsof two movement commands:(i) An in-place rotation by an
angle � which orients the agent towards the allocentric orientation indicated by the
population vector � ac. (ii) A forward movement of a �xed distance d or until an
obstacleis blocking the way. The step size d is chosenso as to emulate a running
rat. The rate at which the rat processesspatial information is assumedto be related
to the theta rhythm (6{12Hz, seesection2.1.2). At each cycle, the rat \senses"the
world and reactsappropriately. We interpret onetime step of the model asonetheta
cycle, corresponding to a sampling rate of 8Hz [254,41,290,14]. For a running speed
of 48cm/s, we get d = 48=8 = 6cm.

The AC population vector � ac is calculated according to equation 6.8. It de-
termines the allocentric direction of the next movement. The interpretation of this
heading is tied to the population vector of the head direction system(section 6.3),
which de�nes the allocentric angular frame of reference.The rotation angle � is the
angular di�erence betweenthe population vectorsof the HD and AC layers:

� = � hd � � ac (8.1)



102 CHAPTER 8. A NEW LOCALE NAVIGATION MODEL

The activit y of ACs is calculated in two stages. In each stage, ACs code for a
di�eren t property:

Action-evaluation: First, each AC i receives state information from all PCs j and
learnsto attribute a value to each action. This tells the agent which actionsare
good in the current state s. The input potential

hi =
X

j

wij � r j (8.2)

to AC i represents the estimated value Q(s;ai ) for the current state s and
action ai . In traditional Q-learning,an optimal action is a discreteaction whose
Q-value is bigger or equal than all other action values. Here,we take a slightly
di�eren t approach: In contrast to most other models, we don't use the max-
operator to determine the optimal action. Instead, we use the direction of
the AC population vector � ac

h (equation 6.8). � ac
h represents the continuous

action ao which supposedly maximises the return (i.e. the total discounted
future reward), given the current estimation of Q-values. This is called the
\greedy action" becauseit exploits the current estimation of Q-valuesinstead
of trying to improve the estimations by exploration. Therefore,we sometimes
needto take non-greedyactions. This action selectionmethod is described in
section 8.3.2. The optimal action ao is a continuous variable. The Q-values,
however, are only estimated for the discrete set of ACs, ie. Q(s;ao) is not
directly accessible.It is calculatedby linear interpolation of the Q-valuesof the
two nearestdiscreteactions.

Generalisation: As soon as an action is selected,a generalisationmechanism is ap-
plied: A GaussianAC activit y pro�le with variance� 2

ac is enforcedaround the
selectedaction ax (direction � ac). If � � i stands for the angular distance be-
tween� ac and � i , the pro�le can be expressedas

r i = exp(� � � 2
i =2� 2

ac) (8.3)

The �ring rates r i of the AC layer then represent the action which wasselected
for execution. Recurrent connectionswithin nucleusaccumbensor via another
population could be responsiblefor the formation of this \blob" of activit y. In
most neuronalRL models,the update of the Q-valueestimation is proportional
to the activit y of action cells. Traditional RL models employ a winner-take-
all mechanism which inhibits all non-selectedactions. Only the winner neuron
may re�ne the estimation of its Q-value. In our model, however, many action
cellsare active and thus eligible for learning. This results in a generalisationof
learning in action space.
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Figure 8.2: (a) Action evaluation stage: The activit y of action cells represent the
Q-values of the corresponding directional movement. It only depends on the current
place cell activities and is purely feed-forward. The population vector (thin arrow)
points in the direction of the estimated optimal action. (b) Generalisation stage: An
action has been taken (in this case,the optimal action). Then, a Gaussian activit y
pro�le is enforcedaround the selectedaction. This pro�le allows not only the selected{
but also similar actions to learn and forms the basisof the generalisationcapability in
action space

Figure 8.2 illustrates the two stageprocess. In the evaluation stage,which is a
purely feed-forward operation, only the current place cell activities drive ACs. The
current estimation of action values,stored in the synaptic e�cacies of the PC! AC
connections,supports the selectionof an appropriate next action. Oncethis decision
is taken, the lateral interaction becomese�ectiv eanddriveACsabove�ring threshold.
In the example,the \greedy" action is taken.

The separation of the two stagesof AC processingis subject to the following
constraints: First, an action selectionsystem has to be given enoughtime to read
the optimal action � ac

h in the evaluation stage. Secondly, in an implementation of
the learning rule with spiking neurons,the �ring of ACs must closely follow action
potentials emitted by PCs such that the pre{ and postsynaptic spikes fall into the
timing window of spike timing dependent plasticity (seenext section).

Theseconstraints require a precisetiming of the system. It has beensuggested
that di�eren t phasesof theta activate di�eren t processingstagesin hippocampus[140,
114,112]. Similarly, we proposethat the theta-rhythm could provide a separationof
the two stagesin nucleusaccumbens: First, during the late phase,low theta-activit y
allows hippocampal place cells to �re and thus passspatial information to nucleus
accumbens. The pathway of a recurrent loop within NA or involving another area
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is disabledat this time, so as not to interfere with the estimation of Q-values. At a
later phase,when an action is selected,the recurrent loop shapesthe activit y pro�le
of the generalisationstage.

8.3 Learning and eligibilit y trace

Rats quickly learn to navigate to a rewarding location from any placein the environ-
ment. If, in the framework of reinforcement learning, the reward is solely given in
the goal state, the learning procedureis slow becauseonly the last state before the
delivery of the reward may update its estimation of action values. Thus, information
only slowly propagatesback to states further away from the goal state. As a work-
around, a decaying trace of recently active state/action pairs can be kept. Rewards
are then not attributed only to the most recent state/action pair, but to the whole
trace. In reinforcement learning, such a memory1 is termed eligibility trace (ET), be-
causeit keepstrack of all state/action pairs which are eligible for learning. It enables
a generalisationof knowledgeback in time and tremendouslyspeedsup reinforcement
learning algorithms [280].

8.3.1 Neuroph ysiological evidence

The quick learning often observed in animals is an indication that they are equipped
with e�ectiv e generalisationmechanisms. It is, however, unclear, whether or not an-
imals useETs. Synaptic plasticity, and in particular long term potentiation (LTP)
and -depression(LTD) has beensuggestedto be the neuronal mechanism for learn-
ing [17, 18, 32]. Experiments show that repeated application of a spike pairing pro-
tocol, wherepresynapticaction potentials are closelyfollowed by postsynapticspikes
result in a potentiation of the synapse. Conversely, the synapse'se�cacit y is de-
creasedif the postsynaptic neuron repeatedly �res just before the presynaptic neu-
ron [156, 27, 151, 250, 223, 102]. This spike-timing-dependent plasticity (STDP) may
be the neuronalprotocol to induce LTP/L TD.

If the neuronal mechanismsunderlying ETs were also located at synapses,three
requirements must be ful�lled: (i) They must contain a decaying short-term memory
which storesrecent activation, (ii) they induce LTP or LTD the magnitude of which
is modi�able by somereward signal, (iii) the modulation of the induced LTP/L TD
must be possibleafter the synapsehas beenactivated. In the following, experimen-
tal results that are consistent with the idea that synapsescan implement ETs are
discussed.

Synapticmemory: During LTP/L TD induction, Ca2+ ions enter the postsynaptic
cell through NMDA channels [17, 32, 18, 27]. It has been proposed that the pro-

1In the terminology intro duced in section 3.3, this is a short-term memory
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longed change in calcium concentration after synaptic transmission could serve as
ET [322, 244]. More recently, it has beenshown that dendritic depolarisation after
incoming spikes can be sustainedfor hundreds of millisecondsand remains local to
the dendritic branch [243, 316]. This sustaineddepolarisation could also mark the
synapseas\recently active". Calmodulin-dependent protein kinase(CaM-k) 2 is acti-
vated by Ca2+ and is suspected to remain in an activated state for several hundreds
of milliseconds[122], which could implement the requiredSTM. Finally, a short-term
facilitation has beenobserved after synaptic stimulation. This facilitation also lasts
for � 100msand is suggestedto be causedby a higher presynapticneurotransmitter
release[303,299,67,337].

modulation of LTP/L TD: Dopamine seemsto be an important factor which de-
termines the magnitude of synaptic potentiation in LTP induction experiments. In
striatum, prefrontal cortex and hippocampus,dopamine agonistsenhancesynaptic
potentiation whereasantagonists impair potentiation [206,109,138]. In most of these
experiments, the static level of dopamineconcentration is altered several minutes be-
fore the LTP induction protocol begins. This protocol therefore emulates the tonic
activit y of dopaminergicneurons.However, it is the transient or phasicactivit y which
seemsto correspond to the error in reward prediction [246,248,244,84]. In recent ex-
periments, dopamineneuronsin substantia nigra areelectrically stimulated in order to
simulate a phasicactivit y. This resultsin potentiation of cortico-striatal [323,231] pro-
jections. Prefrontal and auditory cortex alsoshow potentiation if a phasicdopamine
releaseis simulated [21,33].

modulation of previousLTP/L TD induction: The processof consolidation is re-
sponsiblefor �xating a memory trace. At a neuronal level, it requiresthe expression
of genesand the synthesis of proteins [62, 73, 147, 74]. Consolidation operatesat a
timescaleof minutes or hours [147]. During this period, the synaptic potentiation
is vulnerable. A cascadeof molecular events change the properties of the synapse
and a disruption of any stagemay block the consolidationof LTP [104,2,201,73]. In
most dopamine-dependent plasticity experiments, the concentration of dopaminergic
agents is altered several minutes before the LTP induction protocol begins. Never-
theless,dopamine administration after LTP induction has no e�ect on LTP [206].
This seemsto be in contradiction to the hypothesisof a delayed rewarding signal in
reinforcement learning. However, low-frequencystimulation after LTP induction|
which normally results in a depotentiation of the synapse|is e�ectiv ely blocked if
dopamineis applied after LTP induction [207,144,154]. Thus, many synapsescould
bepotentiated during an experiment, but only thosethat receive later a dopaminergic
\con�rmation" signal remain strengthened.

Instead of being a synaptic process,the ET could alsobe the result of a network
e�ect. Sustainedneural dischargecould store the trace of recent state/action pairs.

2A postsynaptic protein involved in the induction (but not maintenance) of LTP [205]
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Figure 8.3: Schematic illustration of possiblemechanismsfor eligibilit y traces. Black
triangle: LTP induction. Red curves: LTP with dopamine. Blue curves: LTP without
dopamine. (a) Synaptic memory: A synaptic short-term memory \
ags" recently
active synapses(dashed curve). Dopamine enhancesLTP at 
agged synapses. (b)
Inhibition of depotentiation: Per default, all active synapsesare potentiated. However,
if dopamine is not administered after induction, the synapseis depotentiated. (c)
Replay/Transfer: Dopamine might act on a \replay" of the original synaptic activit y,
which may transfer relevant memoriesto other networks. Dopamine is then available
before the replay is activated and thus standard dopaminedependent plasticit y applies.

Gradedsustainedactivit y{prop osedto implement short term memory{hasbeenfound
in entorhinal cortex [75, 140] and in striatum [246]. Its time-span is in the order of
seconds. For this implementation of short term memory, it is not a problem that
dopaminedoesnot modulate LTP if applied after initial LTP induction, becausethe
neuronal activit y is still present when the reinforcement occurs. Finally, it is also
suggestedthat learning does not occur on the synapsesof the original activit y, but
rather on a \replay" of this activit y which transfersthe memory from onenetwork to
another [45, 207]. As this replay may follow the reward administration, this idea is
consistent with the dopamine-dependent plasticity experiments.

To summarise,therearethreemain proposalson how an eligibilit y tracecanbeim-
plemented in the brain. (i) Biochemicalmarkersmay \
ag" recently active synapses.
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When a reward-related learning signal arriveswithin about 100ms,the synapsemay
be potentiated more than without the reward signal (�gure 8.3 (a)). Instead of a
chemicalmarker, sustaineddecaying neuronalactivit y may serve asshort term mem-
ory which could spanseconds.(ii) Synapsesare potentiated by default. If, however,
a dopaminesignal fails to arrive within a vulnerableperiod of secondsor minutes, the
synapseis likely to be depotentiated (�gure 8.3 (b)). (iii) Reward-basedlearningdoes
not operateon the synapsesthat wereinitially active, but rather on a \replay" of this
activit y, which may also transfer the memory to another network (�gure 8.3 (c)).

In our model of locale navigation, an eligibilit y trace is assumedto operate on
PC! AC synapses.We proposethat ETs are a synaptic processrather than a net-
work e�ect. The time scaleis in the order of seconds.This is not consistent with
the prolongedpostsynaptic calcium Ca2+ or CaM-k concentration, which only lasts
for about 100ms. We therefore proposethat the ET in our system is the result of
dopamine-dependent depotentiation inhibition outlined above[207,144,154]. Further-
more,weextendthe e�ect on LTD: If the dopaminelevel following synaptic activation
is decreased,the synapsewill be depressedrather than potentiated. The trace pij on
the synapsefrom PC j to AC i decays exponentially in time. It is formally expressed
as:

pij (t) = � � pij (t � 1) + r i (t) � r j (t)

where r j and r i are the pre- and postsynaptic rates and � = 
 � � is the time
constant which is composedof a future discount rate 
 = 0:95 and a trace decay
factor � = 0:88 (see equation 4.3. If 
 is set too small, the system could su�er
from a distant reward problem. The rate we usemakessure that Q-valuesare never
discounted more than 70% during the traversal of the entire test environment. � is
set such that the time scaleof the ET is one second,i.e. eight time stepsor theta
cycles.

Eligibilit y traces can be interpreted as a generalisationmechanism in time. Un-
expectedrewards induce an update of the value functions also for previously visited
states. Due to the distributed coding scheme for states and actions in our model,
learning is also generalisedin space,even if ETs were not used. The large tuning
curvesof placecells (�gure 6.13(b)) and densecoverageresult in highly overlapping
receptive �elds. At each position, many placecellsare activated (�gure 6.12(c)) and
thus eligible for learning. The large Gaussianactivit y pro�le enforcedin the action
cell layer of nucleusaccumbensservesthe samepurpose. With each selectedaction,
all similar actionsare alsoeligible for learning. While the high overlap in state space
is due to similarities in the acquiredsensoryinput, i.e. it is purely feed-forward, the
overlap in action spacerequireslateral interactions betweenaction cells.

This temporal and spatial generalisationis illustrated in a visualisation of the
eligibilit y trace (�gure 8.4). For this graph, a set of perfectly tuned Gaussianplace
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(a) (b)

Figure 8.4: Two examplesof the modelled eligibilit y trace. The yellow curvy arrow
shows the agent's path. Each black point represents the receptive �eld centre of a
perfectly Gaussianplace cell (variance � 2). The red drop-shaped form visualisesthe
eligibilit y trace (time constant � ) memorised for each place cell. The inset shows a
schematic exampleof a memorisedsouth-west movement. Due to the generalisationin
action space,similar actions like south-southwest are alsoeligible for learning. (a) long
and narrow trace (� = 4cm, � = 0:88). (b) short but wide trace (� = 8cm, � = 0:56).

cells is generated. Each place cell is represented by a black dot at the centre of its
receptive �eld. The synaptic memory from placecell j to action cell i is visualisedas
a red line, starting at the placecell. The line direction corresponds to the direction
of movement � i associated with cell i . The inset is a schematic enlargement of the
trace for a placecell which memorisesa south-west movement. The drop-shaped ET
meansthat, for instance, the action cell coding for south-south-west is also eligible
for learning. The line length represents the strength pij of the memory trace. In the
exampleto the left, the agent's path is drawn asa yellow curve. Here,the place�elds
are small (� = 4cm) but the trace is long (� = 0:88). To the right, the width of the
Gaussianplace�elds is enlarged(� = 8cm) and the trace shortened(� = 0:56). This
results in a wide generalisationin space,but not time.

8.3.2 Learning algorithm

This section assembles the ideasfrom above and describes the procedurewe use to
learn a navigation map. Similar to animal experiments, the agent is �rst allowed to
explore the arena. During this period, no reward is given. Once the environment is
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fully explored,i.e. placecellsdenselycover the wholesurface,a setof reward training
trials follows. An invisible reward is placedat a �xed location. At the beginning of
each trial, the agent is inserted into the environment at a random location and with
random heading. The trial endswhenthe agent �nds the reward. During thesetrials,
the agent learnsa navigation map.

As in all temporal di�erence learningrules, the environment must besensedbefore
and after each action in order to update the estimation of value functions. These
sensoryinput valuesstemfrom two adjacent time steps.Herewepresent the algorithm
from the beginning of a learning iteration to its end, not from one time step to the
next:

First, the action valuesQ(s(t� 1); ai ), i.e. the input potentials hi to all action cellsi
are calculated. Next, a continuousaction ax (t � 1) is selected.Most of the time, the
optimal action ao(t � 1), i.e. � ac

h is chosen.With a small probability � = 0:2, however,
the new direction of movement is drawn randomly from a Gaussiandistribution with
variance� x = 30� around the current heading. This � -greedypolicy with constant �
balancesexploration versusexploitation [280]. The action selectionprocessis assumed
to operate on a slower time scalethan the processingof sensoryinput. The decision
to either exploreor exploit is only taken every fourth time step, i.e. twice per second.
Then, the AC activit y pro�le is enforcedaround the selectedaction ax (t � 1) and
the eligibilit y trace pij (t � 1) is updated. Here, the time step ends(t � 1 ! t). In
the beginning of the new time step, the agent receives the immediate reward R(t).
The agent processesits input, i.e. the place cell activities and hi (t) are updated.
The standard reward prediction error � (t) for Q-learning is calculated. Finally, the
PC! AC synaptic weights wij from place cells j to action cells i are modi�ed using
the standard RL update rule with learning rate � = 0:001. The following list brie
y
summarisesthesesteps:

1. Calculate action values: Q(s(t); ai ) = hi (t).

2. Selectaction: ax (t) = ao(t) with probability 1 � � (exploitation) or randomly
selectaction with probability � (exploration).

3. Generalisein action space: Lateral connectionsimpose activit y pro�le r i (t)
around the selectedaction ax (t).

4. Update eligibilit y trace pij (t).

5. t ! t + 1. Calculate hi (t + 1).

6. Calculate reward prediction error:
� (t + 1) = R(t + 1) + 
 � Q(s(t + 1); ao(t + 1)) � Q(s(t); ax (t)).

7. Update synaptic strengths: � wij (t + 1) = � � � (t + 1) � pij (t).
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The reward prediction error � (t) canbe interpreted asthe output of dopaminergic
neurons in the ventral tegmental area. One problem which is not addressedhere
is how dopaminergic neurons can processinformation coming from di�eren t time
steps. We assumethat dopamineneuronsreceive action valuesvia a direct and an
indirect pathway, which is consistent with basalgangliaanatomy [3,265,122,175,267]
(cf. section3.1).

One problem of RL is \the curseof dimensionality". When the state-and action
spacesare large, learning all parametersis very slow. In our case,we have � 1000
placecellsand � 100action cells. However, thesestate variablesarenot uncorrelated.
Due to the high overlap, learning quickly generalisesin both spaces.The size of a
place cell's receptive �eld has a physical meaning (a portion of the environment)
whereasin action space,the enforcedactivit y pro�le has a width � = 30� which
represents a range of headings. Both sizesare independent of the number of cells,
and therefore,the learning speedis independent of the number of cells.

8.3.3 Validation in test environmen ts

The model is tested in all simulated test environments. A circular goal area of 7cm
diameter and value Rg = 15 is the only rewarding location. However, each time
the agent hits the wall, it receives a punishment of Rw = � 5. This results in an
obstacle-avoidancebehaviour.

Each trial starts with a random headingat a random location whosedistanceto
the goal is at least20cm. The number of time stepsper trial is a measureof how well
the task hasbeenlearnt. Nevertheless,this \escape latency" doesnot only dependon
the quality of the navigation map. It heavily dependson the starting point, especially
during early learning. As a secondfactor, the � -greedynavigation strategy addsnoise,
especially becausethe choice of exploration or exploitation is only made onceevery
four time steps. In order to get a good estimation of the navigation map'squality, the
escape latency is thereforemeasuredseveral times beforeeach trial. Thesetest-trials
usethe same� -greedynavigation strategy, but learning is disabled.

Figure 8.5 (a) presents the averagenumber of time stepsto �nd the goal versus
the number of learning trials for the \Buildings" environment. After about 20 trials,
the task is learnt. In order to assessthe model for navigation independently of the
model of spatial representation, the sameexperiment is simulated, but insteadof the
learnt place code, a set of perfectly Gaussianplace cells serves as state space. The
escape latency for this perfect place code is shown in �gure 8.5 (b). It is averaged
over 100 instead of only 10 test trials. As expected,the meanescape latency and its
variancedecreasewith the number of trials. The variance,however, starts with a very
large value. The reasonis that our � -greedypolicy doesnot perform well when there
is no information about the goal yet. For instance,the agent could visit someplaces
several times even if they are apparently not rewarding locations. Real animalsshow
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Figure 8.5: Escape latency (in time steps) versus number of trials. (a) For the
\Buildings" environment, the averageof 10 test trials is plotted. (b) The mean es-
cape latency over 100 test trials in an arti�cial simulated environment with perfectly
Gaussian(� = 6cm) tuned place cells as spatial representation.

much moresophisticatedbehaviours and thereforedon't show such a high variabilit y.
The learning algorithm improves the estimations of action values. The input

potential hi to action cell i represents the Q-value for action i . Becausethe state
and action spacesare continuous, the valuescan be estimated for any location and
heading in the environment. In order to visualise the action values, the agent is
placed at regularly spacedsampling points (�gure 8.6). At each point, a line is
drawn in the direction of each action cell's preferred heading. Red lines represent
negative values, blue stands for positive values. The line length is proportional to
the magnitude of the Q-value. Before learning (on the left), the valuesare random
due to the random initialisation of the placecell to action cell connectionstrengths.
After 10 learning trials (on the right), blue lines near the goal indicate that the goal
location is attributed a high value.

An examplenavigation map before learning is shown in �gure 8.7 (a). At each
sample location, a line points in the direction of the population vector � ac

h which
represents the action which is consideredoptimal. The greenarearepresents the goal
location.

The navigation maps in �gure 8.8 are taken for each of the four test environ-
ments (seesection5.1) after 20 learning trials. The task has beenlearnt in all envi-
ronments. In the region below the goal, the navigation map doesnot point towards
the goal in most cases.One reasonis that the starting points of all trials have been
set at a minimum distance of 20cm. It meansthat the agent never starts beneath
the goal. In general,the probability that the agent is located at placep at any time
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(a) (b)

Figure 8.6: The Q-values as estimated by the input potential of action cells. At
each samplepoint of the environment (Black points), the Q-valuesare plotted for all
actions (directions). Blue meanspositive, red negative. The greenarea indicates the
goal location. (a) Before learning. The valuesare random. (b) After 10 trials, regions
near the goal get much higher valuesthan location further away.

step t is higher for central positions than for locations near the walls. Therefore,the
agent approaches the target more often from the north than from the south. As a
consequence,the estimatesof Q-valuesare better for central locations becausethey
have beenadaptedmore often. This is clearly visible alsoin �gure 8.6 (b), wherethe
action valuesbelow the goalareunderestimatedfor northward movements. Secondly,
the generalisationin state space,i.e. the large tuning curvesof placecells, reinforce
the \go-south" actions in placesto the south of the goal even when reaching the goal
from the north. This is alsovisible in �gure 8.6 (b), wherethe areasouth of the goal
falsely shows high positive Q-valuesfor the south-direction, even though going south
would lead the agent near the \dangerous" wall.

In all four test environments, the escape latenciesafter 20 learning trials is around
15 time steps,as shown in �gure 8.7 (b). This correspondsto around four secondsif
onetime step is assumedto correspond to a theta cycle. The 
uctuations are due to
the randomnessof the starting positions and the � -greedypolicy.

8.3.4 Convergence of the algorithm

In all our experiments, we observe that the navigation map and especially escape
latenciesare stable long beforethe Q-valueshave converged. Navigation mapsafter
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Figure 8.7: (a) Navigation map before learning. At each sample location marked
with a black dot, a line points in the direction of the optimal action. The greenarea
is the goal-location. Before learning, the map is random. (b) Averageescape latencies
after 20 learning trials for all environments. From left to right: \O�ce", \Buildings",
\Da vos" and \Minimal".

10 and 100 trials look rather similar, but the changesin Q-valuesare non negligible.
This is illustrated in �gure 8.9.

The convergenceof Q(� ), i.e. Q-learning with eligibilit y traces, is only proved to
convergeif ETs are resetat each exploratory action [311,312]. As it is questionableif
the brain implements such resets,we prefer not to include them in our model. Other
online updateswith eligibilit y tracesfor o�-p olicy learning have beenproposed[215],
but no proof of convergenceexists. Recently, convergenceof new algorithms have
beenproved [219]. Theseare however only valid for o�ine updating, which means
that all estimatesare updated only at the end of each trial. Such an o�ine update
rule doesnot seemto be biologically plausible.

Temporal di�erence learning in continuous spacesusing function approximation
is in generalnot proved to converge [105]. For Q-learning, explicit divergencehas
even been demonstrated [20]. Recently, a new o�-p olicy algorithm with function
approximation and eligibilit y trace hasbeenproved to converge,but only with o�ine
updates[218].

Nevertheless,our model seemsto work with both eligibilit y trace and function ap-
proximation, i.e. generalisationin time and space.No proof of convergence,however,
can be presented.
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(a) (b)

(c) (d)

Figure 8.8: Navigation maps acquired after 20 trials for all test environments (see
�gure 8.7 on how to interpret navigation maps). In all environments, the task has
beensolved. The map has errors in the south of the goal. Theseare due to the large
receptive �elds of the place cells and the inhomogenoussampling (the agent spends
more time to the north than to the south of the goal). (a) \O�ce". (b) \Buildings".
(c) \Da vos". (d) \Minimal".
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(a) (b)

(c) (d)

Figure 8.9: The navigation map convergeswell before the Q-values (see�gures 8.7
and 8.6 on how to interpret the �gures). (a,b) Navigation mapsafter 10 and 100trials.
The map doesnot changemuch. (c,d) Q-valuesafter 10 and 100 trials. The estimates
for action values continues to be improved, but it does not in
uence the navigation
map.
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Chapter 9

Conclusions

Now, at the end of this thesis, we would like to take the time to look back and
summarisewhat hasbeenpresented and put it into a larger context. First, we outline
the contributions of this work to the �eld of spatial learning. As any model of animal
learning, our proposal is basedon certain assumptions. These, together with our
results, allow us to make someexperimental predictions. Other models of spatial
learning in the rat have beenproposedin the literature. We discussthe di�erences
and similarities to those models which are most closely related to our approach.
Finally, we turn to the limitations of our system and propose future directions to
improve our model. We alsoformulate someessential generalquestionsin the areaof
spatial learning that are still open.

9.1 Con tributions

In this thesis, we develop a connectionist model of the interactions betweenseveral
brain areasinvolvedin spatial learning. Each areahostsa population of neuronswhich
servesa particular purpose.Figure 9.1 illustrates the architecture of the full system.
To the left of each population, its functional name is indicated. To the right, we
indicate the proposedneural substrate. We will brie
y discusshow thesepopulations
solve their tasks. First, the construction of cognitive mapspresented in chapter 6 is
summarised. Then, we turn to the simple mechanism for multimodal integration of
chapter 7 and �nally to the localenavigation model detailed in chapter 8.

In order to evaluate our model, we test it on a real mobile robot platform in an
o�ce environment. The cognitivemap formation and localenavigation model arealso

117



118 CHAPTER 9. CONCLUSIONS

Idiothetic input

MCC

CDC
Visual input

GatingMM

UV

UT

Tactile input

ppC
peRC
poRC

poSb
adT
lmT

PC

HD

IPC

calibrate

calibrate

CA1

mEClEC

SC

APC

LV

AC NA

Figure 9.1: The architecture of the full model. The labels to the left of each popu-
lation indicates its function. To the right, the proposedneural substrate is indicated.
Seetext for details.

validated on a simulated agent in three di�eren t virtual environments. Two of them
provide rich realistic visual input whereasthe last is an impoverishedenvironment
similar to what is often usedin animal experiments. In all environments, the agent
successfullyestablishesa spatial representation. It also quickly learns to directly
navigate to a hidden goal location in all cases.

Cognitiv e map

In chapter 6, weproposethat a cognitivemap is comprisedof �v e interacting represen-
tations, each coding for a di�eren t aspect of the agent-environment relation. These
aspects are: (i) the local view (LV), (ii) head direction (HD), (iii) allothetic place
code (APC), (iv) idiothetic placecode (IPC) and (v) a combined placecode (PC).

Local view (LV): Two populationsof neuronsprocessthe input of our arti�cial
retina (section 5.2.2). Multicolumn cells (MCCs) combine information from several
retina points to achieve a gradedresponseto rotations of the agent. Thesecells are
not very sensitive to place. Column di�er ence cells (CDCs) respond to the di�erence
in activit y of two retinal columns. This di�erence dependson the agent's position,
but it is rotation insensitive within somelimits. We proposethat posterior parietal
cortex (ppC), as well as perirhinal (peRC) and postrhinal (poRC) cortices code for
the local view.
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Head direction (HD): A population of head direction cells continuously inte-
gratesidiothetic information in order to track the agent's heading. During exploration
of an environment, multicolumn cellsassociate the current local view with the current
headingusingan unsupervisedHebbiantype learning rule. Due to theseassociations,
idiothetic drift canbeeliminated. Postsubiculum(poSb),anterodorsal(adT) and lat-
eral mammillary (lmT) nuclei of thalamus are the proposedneural substrate for the
headdirection system.

Allothetic pla ce code (APC): At each unknown location, the system re-
cruits an allothetic place cell. This cell is then contacted by active column di�erence
cells using unsupervised learning. Thus, the current local view is associated to the
current place. This results in broadly tuned directional placecells. We postulate that
the lateral entorhinal cortex (lEC) contains such an allothetic spatial representation.

Idiothetic pla ce code (IPC: A population of idiothetic place cells continu-
ously integratespositional increments using internal cues.The headdirection system
provides the direction of the increment. However, the representation continuously
incorporates information from the allothetic place code. This results in a stable
nondirectional representation. Idiothetic drifts are e�ectiv ely removed. We suggest
the medial entorhinal cortex (mEC) as the biological locusof this representation.

Combined pla ce code (PC): The allothetic and idiothetic place represen-
tations converge onto a layer of combined place cells. Hebbian type unsupervised
learning is usedto update synaptic connections.The resulting place�elds are mildly
direction sensitive and more compact than in the purely idiothetic or allothetic cells.
This layer is suggestedto represent placecells in the CA1 regionof the hippocampus
proper.

Our model implements a spatial representation basedon realistic visual input.
Indeed, the results for the real and simulated environments are comparable. The
relevant visual cuesare associated to the correct positions and headingsby an un-
supervised learning rule. We are not aware of any other neural model which can
construct a cognitive map and localiseitself in a real environment without a compass
or a strong polarising visual cue.

Multimo dal in tegration

In chapter 7, we present a simplemodel for multisensoryintegration. It is inspired by
neurophysiologicalpropertiesof the deeplayersof superior colliculus (SC). This brain
area is involved in the alignment of visual, somatosensoryand auditory topological
maps. We propose a gating mechanism which learns to weigh visual and tactile
sensoryinput for the hippocampal placecode.

Unimod al and mul timod al cells (UV, UT, MM): An abstract model of
neuronsin the deeplayers of superior colliculus is proposed. During an exploration
stage,unimodal input cellsstore the visual and tactile stimuli separately. Unimodal
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cellscontact a newly recruited multimodal cell accordingto an unsupervisedHebbian-
type learning rule.

Gating netw ork: After the locations of multimodal coactivation has beenac-
quired, a gating network learns to weigh visual and tactile input accordingto envi-
ronmental conditions.

While sensor-fusionmechanismsin classicalrobotics systemsare quite common,
few biologically inspired solutions have been proposed. Most robotics applications
employ probabilistic methods in the context of \o ccupancy grids", which seemto
be di�cult to relate to brain functions. We do not know of any other biologically
plausible model of spatial representations which learns to weigh sensorymodalities
accordingto the environmental conditions.

Lo cale navigation

In chapter 8, a model of locale navigation is developed basedon hippocampal place
cells and action cells in nucleus accumbens. Reinforcement learning in continuous
state and action spacesis employed.

Action cells (A C): The placecells of our cognitive map project to a layer of
directional action cells thought to be located in the nucleusaccumbens(NA). These
action cellsestimatethe total future reward for each direction of movement. The large
activit y pro�le enforcedaround the selectedaction results in a quick generalisation
in action space. A population vector decoding schemeenablesthe interpretation of
continuousactions.

Reinf or cement learning: In order to learn the navigation map to a hidden
target, a reinforcement learningmethod is usedfor adapting the synaptic connections
form placecellsto action cells. The systemlearnsto navigate to a rewarding location
from anywhere in the environment in around 20 trials.

Eligibility tra ce: Dopamine has been shown to enhancethe long term po-
tentiation of synapses.It has also beenrelated to the reward prediction error used
in reinforcement learning. It remainsunclear, however, how dopaminecan modulate
the potentiation of synapseswhich were active before the animal �nds a reward. A
memory trace is required. We discussseveral biologically plausible mechanismsfor
such an eligibilit y trace.

Our navigation systemneurally implements a reinforcement learning mechanism
in continuous state and action spaces.We are not aware of any other neural model
of localenavigation which is continuous in state and action spaces.
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9.2 Exp erimen tal predictions

In this section, we discusssomepredictions that this work allows us to make. The
predictionsarebasedon the assumptionsand resultsof each component of our system.

Cognitiv e map

Local view: we suggestthat the posterior parietal cortex (ppC) as well as perirhi-
nal (peRC) and postrhinal (poRC) cortices processthe local view. These neurons
should thereforeshow �ring properties selective to the current allothetic sensoryin-
put in general,and visual input in particular. In con
ict situations betweenidiothetic
and allothetic cues,ie. when the rat movesbut the external input remainsstable or
vice verse,theseareasshould follow the allothetic stimulus.

Head direction system: The proposedneural substratesof our headdirection (HD)
system include postsubiculum (poSb), anterodorsal (adT) and lateral mammillary
(lmT) nuclei of thalamus. Our results suggestthat lesionsin ppC,peRC and poRC
should produce drifting idiothetic head direction cells becauserecalibration using
visual input would bedisabled. Lesionsin the idiothetic pathway shouldcausebroadly
tuned HD cells in known environments and impair acquisition of HD tuning in new
environments.

Allothetic place code: Our model proposesthe lateral entorhinal cortex (lEC)
as neural substrate for an allothetic place code. It receives sensoryinput from the
local view module and extracts information relevant to encode the rat's position.
Therefore,lesionsin ppC,peRC and poRC, which convey the local view in our model,
shouldabolish spatial �ring in lateral entorhinal cortex. In con
ict situations between
idiothetic and allothetic cues,lEC cells should follow the allothetic cue. Lesionsin
the idiothetic pathway shouldnot a�ect this area. Finally, we predict that placecells
in lEC are directional.

Idiothetic place code: the medial entorhinal cortex (mEC) and the subiculum(Sb)
arethe suggestedneural substratesof our idiothetic spatial representation. Placecells
in mEC should be mostly non-directional. Disrupting the allothetic pathway and in
particular lesioninglEC! mEC connectionsshouldproducea drifting idiothetic place
code. Lesionsin the idiothetic pathway shouldabolish �ring in mEC. Lesionsin poSb,
adT and ldT, which provide mEC with the animal's heading,should producesevere
inconsistenciesin the idiothetic placecode.

Combined place code: The idiothetic and allothetic representations combine into a
spatial map the locusof which is predictedto bethe hippocampalregionCA1. Lesions
in mEC should leave CA1 with more broadly tuned, purely allothetic, directional
placecells. Lesionsof the headdirection systemshouldseverely disrupt spatial �ring,
except if mEC is also lesioned,which should producesimilar results than disrupting
mEC alone.
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Multimo dal in tegration

In the dark, it should be possibleto establish spatial representations in lEC using
non-visualallothetic cues(olfactive, somatosensoryetc.). If, however, the sameenvi-
ronment is illuminated but contains no visual cues,it should not be possibleto tune
place�elds in lEC becausevision would begivena high weight and suppressthe other
modes,even if the visual input contains no information.

Lo cale navigation

Nucleusaccumbens: Our model postulatesthe existenceof a population of allocentric
directional action cells in nucleusaccumbens(NA). We predict that lesionsin CA1
disrupts directional �ring in NA and impairs locale navigation. DamagingNA itself
shouldalsoimpair localenavigation while leaving the hippocampalplacecode intact.
We proposethat the �ring propertiesof cellsin nucleusaccumbenspredict the future
direction of movement in an allocentric coordinate frame. Wealsosuggestthat lateral
interactions exist within NA. Finally, reward-driven learning should not be impaired
whenblocking plasticity in the hippocampusafter the spatial representation hasbeen
learnt.

Dopamine: Learninga navigation map is suggestedto bedrivenby a dopaminergic
error signal from the ventral tegmental area(VTA). Lesionsin VTA should therefore
impair acquisitionof a newtask but not a�ect the navigation to an alreadylearnt goal
location. Stimulating VTA whenever the rat is at a certain location should resemble
the casewherea reward is given at this location.

Eligibility trace: If eligibilit y tracesare implemented by dopamine-dependent in-
hibition of depotentiation due to low-frequency stimulation, then the blocking of
presynaptic �ring after reward delivery should disrupt learning, becausewith a lack
of low-frequencystimulation, noneof the synapsesget depotentiated.

9.3 Relation to other mo dels

Herewe discussthe similarities and di�erences to existing modelsof spatial learning.
In the caseof our simple superior colliculus (SC) model for multimodal integration,
no comparablemodelsexist. Most experimental work on SC is donein the super�cial
layersin monkeysor cats. Existing modelsof deepSCareon a neuronallevel with the
aim of �nding the mechanismsof multimodal enhancement. We therefore focus our
comparisonon the spatial representation and localenavigation parts of this thesis.
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Bro wn and Sharp (1991, 1995)

Brown and Sharp's model [254, 39] relies on an arti�cial local view system where
the distanceto all uniquely identi�able landmarks is available. In contrast, our sys-
tem usesrealistic cameraimageswithout a high-level object recognition mechanism.
Whereasour model resultsin a highly redundant anddistributed placecodeconsistent
with experimental data, their winner-take-all mechanism prevents all but one place
cell from �ring. Their representation, unlike ours,hasno path integration component
and thereforedoesn't support location-speci�c �ring in the dark.

Our navigation systemis similar to theirs. We alsorely on reward-driven learning
in nucleusaccumbens. Their output neurons,however, code for egocentric directions
whereasour action cellscode for an allocentric direction. While their model needsa
long temporal trace in order to overcomea distal reward problem, our approach does
not su�er such a limitation.

Burgess et al. (1994)

Burgesset al. [41] usea mathematical similarit y measure,namely the euclidian dis-
tance to the arena walls, as allothetic stimulus. Our system relies on real camera
images. Their proposal includes competition in the hippocampus and subiculum.
Our place cell layer does not include lateral connectionsor any other competition
mechanism. In the absenceof allothetic input, their model can not sustain place
cell �ring, whereasour path integrator can drive place cells in the dark. In their
model, the e�ect of phaseprecessionis producedin entorhinal cortex by an abstract
geometricalmechanism. Our model doesnot addressthis issue.

The goal-learningmechanism is also reward-driven in their proposal. However,
their approach su�ers a \distal reward" problem becauseonly thoseplacecellswhose
�elds contain the goal may learn placeto action associations. Our approach is based
on temporal di�erence learning which doesnot su�er this limitation. Localenaviga-
tion is impaired in our model if the connectionbetween hippocampusand nucleus
accumbensis lesioned[76,279,209]. Their systemis not consistent with theseexper-
imental �ndings.

Wan, Redish and Touretzky (1994, 1996, 1997)

The model proposedby Wan, Redishand Touretzky [310,296,228,229] encodesallo-
thetic signalsmathematically by type, distanceand bearingto a setof landmarksand
doesnot work in realistic environments. Another di�erence is that there is no purely
allothetic place code, like our lEC population. In general, their neuronal model is
more abstract.
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Gaussier and colleagues (1998, 2000, 2002)

The systemproposedby Gaussierand colleagues[96,95,97] like our proposalextracts
information from real panoramic camera images. However, their model relies on
a compassfor the construction of a spatial representation whereasours does not
su�er this limitation. Their hippocampusmodel is more detailed than ours in that it
distinguishesbetweena placerecognitionlayer in entorhinal cortex and dentate gyrus,
a transition prediction module in CA3 and a transition recognitionpopulation in CA1.
Nevertheless,their representation doesnot include a path integration component and
can, unlike our systemand the rat, only operate when allothetic input is available.
A winner-take-all mechanism is applied in several of their populations whereasour
approach supports a distributed placecode consistent with experimental data.

According to their model, locale navigation is implemented in the hippocampus,
which is in contradiction with experimental data [76, 279, 209]. Our model, on the
other hand, postulates the implication of nucleusaccumbens. The symbolic nature
of place transitions might reducethe robustnessand the 
exibilit y of their system.
Our distributed approach is at the sametime robust and 
exible. Finally, the output
of their navigation system is an egocentric direction, whereaswe usean allocentric
representation of actions.

Arleo et al. (2000, 2001)

The model by Arleo et al. [14,16,15] alsousesreal cameraimagesin order to establish
a placecode. At each visited location, they take four snapshotsin the four cardinal
directions, whereasour system handles imagestaken in any direction. Their head
direction systemis more detailed in that it models the interaction betweendi�eren t
populations involved in the processingof head direction. Recalibration using allo-
thetic cuesis also performeddi�eren tly. Whereaswe calibrate the HD systemusing
unsupervisedlearningbetweenthe local view representation and HD cells,Arleo et al.
usea stable light sourceat the border of the arenaasa reference.As this directional
cue is not location independent, the association betweenthe allothetic placecode in
entorhinal cortex and the egocentric bearing of the light sourceis learnt in an o�ine
supervised learning stage. Lesionsin entorhinal cortex thus disrupts their heading
calibration. This is in contrast to our systemwhere the calibration dependson the
local view only. In their work, the placecellsin lateral entorhinal cortex arepredicted
to be non-directional whereaswe predict directional �ring.

Finally, our action learning mechanism di�ers from theirs in that it supports
continuous action selection and generalisationin action space. Their system uses
four discreteactions, which meansthat during learning, the agent can only move in
four di�eren t directions in their proposal.
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Abb ot and colleagues (1996, 1997)

Hippocampalplacecellsin Abbott and colleagues'work [34,101] have perfectly Gaus-
sian tuned receptive �elds prior to action learning. They do not depend on allothetic
cueswhereaswe learn the place �elds from real images. After navigation learning,
placecell �ring is sensitive to the goal location in their model whereasour placecells
are task independent.

They proposea goal-oriented navigation mechanism which only dependson the
hippocampus.A navigation map is stored in the CA3 collaterals. This con
icts with
experimental data showing that lesioning the fornix or nucleus accumbens impairs
localenavigation [76,279,209]. Our model is consistent with these�ndings becausea
navigation map is learnt in nucleusaccumbens,which receivesspatial information via
the fornix. In order to generatemovement commands,the original place�eld centres
are accessedexplicitly, which is a biologically implausible operation. In our model,
positions and actions are implicitly coded.

Foster, Morris and Dayan (2000)

The model proposedby Foster,Morris and Dayan [88] reliesa population of perfectly
Gaussiantuned placecellswith no allothetic component. Our place �elds are learnt
by experience.

Their navigation model postulatesa set of eight action neuronswhich code, like
our action cells,for the allothetic direction of movement. Unlike our approach, learn-
ing doesnot generaliseto similar actionsand doesnot allow for continuousdirections
of movement. Their navigation learning rule is basedon an actor-critic temporal
di�erence learning algorithm whereaswe use Q-learning. In order to overcomein-
terferencewith previously learnt goal locations, their model features a coordinate
systemmodule which learns to transform place code activit y into Cartesian coordi-
nates. Oncelearnt, algorithmic vector subtraction replacesthe action selectionbased
on the local view. Local obstacleavoidanceis no longer possible. Our model does
not addressthe quick relearningof a goal location.

9.4 Limitations and perspectiv es

Herewe discusssomelimitations of our approach and proposefuture directionswhich
could improvethe performanceor biologicalplausibility of our model. Wealsoaddress
someessential generalquestionsin the areaof spatial learningthat arestill unresolved.

Path integration: Our path integration system(both IPC and HD system) con-
sists of neuronswith arti�cially tuned receptive �elds. Furthermore, the idiothetic
update and the new �ring rates are algorithmically calculated. Instead, lateral in-
terconnectionsand a plausibleupdate mechanismshouldbe implemented in order to



126 CHAPTER 9. CONCLUSIONS

improve the biological plausibility of our model.
Calibration of IPC: In order to calibrate the idiothetic placecode, we rely on the

APC population vector. This may not be biologically plausible. Direct associations
betweenlocal view or APC cellsand IPC neuronsshouldbe establishedduring explo-
ration. Theseconnections,however, would then needto be weighted appropriately in
order to e�cien tly calibrate the idiothetic representation.

Multiple environments: A hippocampal place cell which is active in a particular
environment is not necessarilyactive in secondenvironment. If it is, however, the cell
doesnot generallycodefor a similar location within the secondenvironment [142,291].
The changein the �ring propertiesoccurssuddenlyand is termeda \remapping" [159].
Our model does not have the capability to perform a \remapping". Indeed, the
underlying principle of this e�ect is still an open question.

Sequence learning: Sequencelearning is the abilit y to storeand retrieve sequential
activation of placecells. Wesuggestthat this is implemented in the CA3 regionof the
hippocampus. The association betweenplacesmight be stored in the lateral inter-
connectionspresent in CA3. Our model, however, doesn't feature sequencelearning.

Directionality of place �elds: Place cells in our combined place code layer are
mainly non-directional. However, hippocampal placecellscan have directional �elds
when the rat's movement is restricted, e.g. in a linear track. We suggestthat the
hippocampal place �elds are initially driven mainly by path integration, and are
therefore non-directional at an early stageof exploration. If, however, a position is
always paired with a particular view, which is the casefor restricted movement but
not in free exploration, allothetic information might becomemore important than
path integration. As our allothetic placecode in lEC is directional, we proposethat
the lEC! CA1 projections becomestronger than mEC! CA1 connections.

Consolidation of cognitive maps: Locale navigation tasks depend on the hip-
pocampusshortly after learning. After a few weeks,however, rats can perform the
task even if their hippocampusis lesioned. It is suggestedthat the cognitive map is
consolidated and transferredto a di�eren t brain region [193]. The mechanismof con-
solidation is, however, an open questionand our model doesnot proposea solution.

Working memory: Our model can not solve working memory tasks. We �nd that
path integration (PI) is extremely useful in order to \smooth" the cognitive map
in time and reproduce the clean place �elds of the hippocampus. PI is a form of
working memory in the sensewe interpret it in this thesis (section 3.2). However,
it is not su�cien t to solve the win-shift working memory task in the radial arm
maze (section 3.4). The task we addressedin this thesis, namely �nding a hidden
goal location, can also be solved by a memorylessstimulus-responsemechanism. In
our model, this would correspond to disabling the PI components.

Relevance of a sensorymode: Our simple model of multimodal integration con-
tains a gating network which learns to adapt the weight of each sensorymode ac-
cording to environmental conditions. Learning is driven by a reward function which
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assessesthe quality of the placecode. An approach basedon the information content
of a sensorysignalcould provide a better estimateof the relevanceof a sensorysignal.

Multiple goal locations: Our model can only store onenavigation map. A natural
extensionwould provide each target with its own population of action cells. A form
of working memory could then specify which target is currently the most interesting,
basedon motivation for instance. This extensioncould solve the win-shift working
memorytask in the radial arm mazementioned above. However, the working memory
would be modelledoutsideof the hippocampus.A di�eren t mechanismcould include
working memory in the form of goal-dependent cells in the hippocampal model and
useonly oneaction cell population. Such an architecture couldalsosolve the win-shift
task.

Di�er ent navigation strategies: We have modelleda localenavigation mechanism.
An interesting extension would be to incorporate other modes of navigation such
as homing by dead reckoning or taxon navigation. A model of the basal ganglia
could then selectan appropriate strategy accordingto motivation, sensoryinput and
complexity of the task.

Action selection: We employ an � -greedypolicy to select the next action in our
navigation model. A sophisticatedmethod which adapts the action selectionto the
current conditions would be an important improvement. For instance, the selection
could dependon a quality estimation of the navigation map, or it could avoid already
visited placesetc.

Finding a soundnavigation learning algorithm: We useQ-learningwith eligibilit y
tracesand function approximation in order to learn a navigation map. The soundness
of such methods is no longeran open question: It hasbeenshown that this approach
may lead to divergence[20]. Nevertheless,our model and many others seemto work
in practice. Obviously, it would be better to �nd soundsolutions. So far, we are not
aware of any proposalof a soundonline temporal di�erence learning algorithm which
usesfunction approximation.

Eligibility trace: We discusssomepotential neuronalmechanism which could im-
plement an eligibilit y trace. They are basedon neuronalproperties which can not be
captured by our rate-coded neurons.A possibleextensionof our work is to transpose
the entire model to the caseof spiking neurons.The mechanism for eligibilit y traces
proposedin section8.3 could then be validated.

Other mazes:Finally, we only test our model in small open-�eld environments. It
would be interesting to run experiments it in all environments of �gure 3.3 (page37)
and comparethe results to animal experiments.
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