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Abstract

To navigate successfully in a novel environment
a robot needs to be able to Simultaneously
Localize And Map (SLAM) its surroundings.
The most successful solutions to this problem so
far have involved probabilistic algorithms, but
there has been much promising work involving
systems based on the workings of part of the
rodent brain known as the hippocampus. In this
paper we present a biologically plausible system
called RatSLAM that uses competitive attractor
networks to carry out SLAM in a probabilistic
manner. The system can effectively perform
parameter self-calibration and SLAM in one-
dimension. Tests in two dimensional
environments revealed the inability of the
RatSLAM system to maintain multiple pose
hypotheses in the face of ambiguous visual input.
These results support recent rat experimentation
that suggest current competitive attractor models
are not a complete solution to the hippocampal
modelling problem.

1 Introduction

The objective of this work is to produce a navigati
system based on the rodent hippocampus that céoriper
Simultaneous Localisation And Mapping (SLAM) in
medium scale real world environments using onlyovis
and odometry information. The general approach to
implementing SLAM has been to model all the aspetts
the problem in a probablistic manner. Various rodth
have used Kalman filters [Dissanayadeal, 2000] and
Markov localisation [Thrun, 2000]. We describe atsyn
of competitive attractor networks that are usedesnlve
probabilistic interactions between sensor infororatand
internal models of pose and environment. This aeur
approach known as RatSLAM has the potential to
sidestep some of the problems facing existing tecles.
This paper focuses on the RatSLAM systemd
the advantages it offers over conventional SLAM
development to date. Current probabilistic methfms
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mapping such as the EM (Expectation Maximisation)
approach involve a challenging and computationally
expensive algorithm especially when a fine map @sid
used. Many attempts at SLAM have used either lasers
sonars as their primary sensors, not vision whiclhe
primary sensor for both the rodents that our Rat®@LA
system is modelled on and also our human selveg. B
modelling a real biological system and using a setype
that is actually used by rodents as their primamyssr,
the RatSLAM system should be able to achieve similar
navigation and mapping performance as its bioldgica
inspiration.

By using a competitive attractor network
structure our RatSLAM system is able to take amhiguo
visual input and maintain multiple location beliefs
simultaneously. Network dynamics allow these liglte
compete with each other as time progresses ungl on
eventually wins. Visual input during competitiomnc
strengthen the belief in one or more of the possibl
locations. Path integration becomes a neural gsce
rather than an explicit mathematical one.

1.1 Probabilistic Methods

Probabilistic localisation of a robot using the Mark
assumption combined with mapping using the
expectation-maximisation algorithm has been shanet
an effective way of performing SLAM on a real robot
[Thrun, 1997, 1998]. Implemented on a large mobile
tour-guide style robot called MINERVA the system was
able to perform SLAM using laser and vision sensors
an unprepared museum environment filled with people
To localize itself the robot attempted to estimate
a posterior distribution over the space of its pose
conditioned on the available observation and actiata.
The Markov assumption, that the past is independént
the future given full knowledge of the current etats
used to simplify the problem. By using Bayes rube
theorem of total probability and by exploiting thkarkov
assumption twice the current belief state of tHeotdy, is
obtained.
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Equation 1 shows a constantnormalizing the
product of the desired posterior and integral oé th



posterior over the last pose. The varialblés the map
that the robot uses to localize itself. The exatoh-
maximization algorithm was used to perform mapgirg
this particular robot. This mapping technique ratiés to
estimate themode of the posterior based on pose and
sensor readings. The algorithm calculates a segueh
maps with higher and higher likelihoods - this ferthe
expectationstep. The most likely map is then chosen —
themaximisatiorstep.

Other mapping techniques have been used — the
SLAM algorithms employ Kalman filters but requireath
features can be uniquely identified in an environtme
[Castellanoset al, 1999; Leonard and Durrant-Whyte,
1992]. Most real environments contain lots of araltig
and do not support this assumption restricting this
technique to specialized areas.

There are significant implications to how our
system might interface with a vision sensor when
compared to this robot. By using a laser as a g§ym
sensor the robot received precise geometric infooma
about distances to all objects on its scanningeplavith
human body interference) — our vision system giseso
such preciseness. In fact our vision system doegwven
attempt to extract geometric or shape informatimmf a
scene, rather it attempts to remember and idenktiéy
appearanceof a scene as it moves.

The occupational grid maps that are formed by
MINERVA are relatively high resolution, strictly
cartesian ones, achievable due to the accuradyedaser
scanner but with a high computational load (off+idoa
computers supplemented the robot’s processing power
The RatSLAM system uses a coarse representation and
also does not necessarily produce a strictly dartamap
(or need to).

1.2 Biological Inspired Localisation

Experimental work has shown that there exist attlaso
distinct populations of cells in the rodent hippogas
known asplace cellsfMcNaughtonet al, 1983; O'Keefe
and Dostrovsky, 1971] ankead-direction cellfRanck,
1984; Taubeet al, 1990]. Place cells are associated with
certain physical locations of the robot and likesviead-
direction cells are associated with certain origots of
the robot.

One specific head direction model involved a
population of head angular velocity cells, direstibcells,
and anticipatory directional cells [Arleo, 2000]The
directional cells were set up so that each was mmalky
activated when the robot was facing in a certaiadtion,
with a Gaussian drop off in activation as the ratobhed
away from the preferred direction. The head argula
velocity cells’ activity was dependent on both #lign and
magnitude of the rotational velocity, and the apttory
cells anticipated the head direction cells’ acyivity a
constant time period. Activity in all three cejpes had
been observed in experimental work.

In addition a place cell model was developed
with each place cell being maximally activated whiea
robot was at a certain location, the activity diiogpoff in
a 2D Gaussian manner as the robot moved away fiam t
location. Activity in both sets of cells was priria
shifted around by ideothetic input (path integnaftio
Allothetic input (visual cues in this case) was dige
relocalize the Khepera robot. Results showed tiotr
capable of navigating the environment whilst kegp&n
reasonably accurate idea of its pose.

This research was carried out in a specially
designed 800 mm by 800 mm white arena with barcoded
walls and an unmoving distant light marker. Thbato
did not move in real time and offboard processirasw
used. Exploration and homing behaviours were
alternated, with learning deactivated during homingo
evidence was presented of the robot being ablerionm
global localisation or recover from kidnapping.

This approach is partly the inspiration for the
RatSLAM system although we use a coarser place cell
network, with an allothetic module that is alwaysnied
on. The arena used was highly prepared — oursushm
sparser with many ambiguous views, and we have no
‘distant’ bearing reference. The exploration aodhfjing
stages are replaced in our system by one movement
scheme with learning and recalibration ‘always fsom
initialisation.

2 The RatSLAM System

2.1 The Hippocampus

The hippocampus is generally accepted to be this s
navigation in rodents and has been studied extelysiv
Experiments have shown that certain cells respond
maximally when a rat is at a certain location (plaode
cells) and that others respond when it is oriedtatea
certain direction (head direction cells). Our systuses
competitive attractor networks to maintain a popataof
head direction and place code cells.

2.2 Competitive Attractor Networks

Competitive attractor networks are a type of neural
network that usually converge to a stable pattefn o
activation across their units. The network unié® be
arranged in many configurations, but generally eaait
will excite units close to itself and inhibit tho$erther
away, which leads to a clump of activity known as a
activity packeteventually dominating. Activity injected
into the network near this winning packet will tetwl
move that packet towards it. Activity injected favay
from it will create another packet that competethwhe
original. If enough activity is injected the newgket can
‘win’ and the old packet disappear. This network
structure is used to represent the head directidnptace
code cells.

2.3 Overall System

Figure 1 shows the basic model. The robot's pase i
represented by the activity in the two networks.heal
encoder information is used to perform path intiégna
by injecting activity into both the networks theyeb
shifting the current activity packets. Vision infeation is
converted into a local view representation which if
familiar, injects activity into the place code ahéad
direction cells that are associated with that djpetical
view.
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Figure 1 — Pose is represented by activity in thegcode and
head direction networks. This pose is updatedicoaly by
path integration and local view activity input.

2.4 Allothetic Association

The robot’s camera and vision processing modulesean
coloured cylinders and report on their distance and
relative bearing from the robot, and associated
uncertainties [Prasser and Wyeth, 2003]. A three-
dimensional matrix of local vision cells encode® th
cylinder colour (type), distance and bearing. aed
local view cells are constantly being associateth \he
head direction and place code cells that are highly
activated at that time through strengthening ofgivied
connections between them.

The following explains the association process
for a head direction cell. The first three subssriof
reference where in this three dimensional locaiviell
matrix the connection starts and the fourth supsdhe
head direction cell to which it goes. Here thegheiis
increased by an amount proportional to the proadct
activity in the head direction cel and view cellV minus
some decay constant.
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2.5 Network to Physical Transformation

Together the head direction and place code networks
model the three parameters describing the robatse p-
two cartesian co-ordinates and an orientation biia
Population vector decoding [Arleo, 2000] has besadu

to translate network activity into a perceived pbgb
location of the robot. In this case simply pickifg most
highly activated head direction and place codesosts
found to give an adequate network to physical co-
ordinates transformation. The direction and positi
associated with these cells was used as the petteiv
robot’s pose.

3 Head Direction Cells

We model a system of head direction cells, withhegll
tuned maximally to a certain preferred robot oi¢ion.
The activity of each cell drops off in a Gaussiashion
as the robot orientation moves away from its prefér
direction. When the activity of all the head dtrec cells
is viewed as a bar graph one can seadivity packet
representing the current perceived direction of rhteot.
This activity packet smears outwards when there is
rotational movement but becomes a narrow focusedt pe
in the absence of it.

To achieve this behaviour the cells are fully
interconnected by weighted links making the cedst jof
a type of competitive attractor network. Iteratiasf the
head direction network consist of the following seqce
of actions:

1. Activity input from the local vision cells

2. Competitive attractor network dynamics
3. Activity input from the path integration process
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Figure 2 — The head direction network consistslot8lls with
preferred directions spread evenly over 360 degre@stal
activity in the network is normalized.

An example activity packet in the head direction
network is shown in Figure 2. This packet showfoisa
rotating robot with it smeared over a range of alsixty
degrees. When stationary the packet narrows t@rcov
only about fifteen degrees. This smear has a small
spread than suggested by activity measured in toden
hippocampi but gave us better results.

3.1 Allothetic Orientation Calibration

Path integration in the system must have a compahiat
compensates for odometry error that compounds over
time. One method of keeping the error bounded isse
visual input to calibrate the robot’s idea of poséhen

the robot sees a scene previously encountereautinent
perceived position can be compared with the pasitio



associated with that scene.

In this case whenever a familiar scene is
encountered activity is injected into the head diom
cells associated with it. However if the robotasgating
the associated activity from the local view musshéted
somewhat according to the rotation speed and drect
before being injected into the head direction cellghe
amount of shift required is linearly related to the
rotational velocity by a constant value.

e=k,w (3)

The current view cell activityy is projected
through the association weightsto add to the activity
injected through a vision influence constantinto the
head direction cellg.
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Figure 3 — Schematic showing local view cell atyivbeing
projected through association links to a ¢elh an array storing
allothetic input. Activity inL is injected directly into the head
direction cells.

3.2 Competitive Attractor Dynamics

In most environments there exist situations wheme a
agent may exist in multiple ambiguous locations. A
competitive attractor network can maintain seveedks
of activity representing these positions that cam b
reinforced by further allothetic input to the syste This
type of network allows peaks close together to
complement each other whilst peaks far apart compet
Each cell is connected to every other cell and
itself by excitatory weights. The self-connectegight is
the largest, with values dropping off in a discrete
Gaussian manner for connections to more distans.cel
Equation 6 shows a discrete Gaussian distributibn o
variances’, with normalization across the distribution,
being used to form a matrix that stores the excitatory
weight values between all of the cells.

(6)

6= e
u

The activity in each of the head direction cells is

projected through the appropriate excitatory weigho
the head direction cefl.

N
E = Eit + dj Ejt )

i
j=0

Global inhibition based on the total activity in
the network is performed in equation 8 — this easuhat
without external input smaller activity packets Iwil
gradually ‘die out'.

i=0 (8)
E"™ =maxE' +(10- v), 0)

3.3 Ideothetic Input

The final step is to input the activity obtainedrT path
integration of the odometry input. The angulaoedl is
used to find the index shift required for projentiof the
current head direction activity packet to its aptted
future location. Since the shift is a non-integeit the
cells are discrete entities, when projecting frouaent
head direction cell to a future anticipated one, dhtivity
is split across two cells.

lo]o]o.do.4 0] 0]

o

[of1]o]o]o]o]

Figure 4 — The discrete nature of the cell repriadiam means
activity that is shifted by arbitrary amounts mhstredistributed
across cells.

Following input of ideothetic activity, one last
multiplicative normalisation step is performed.

Eit+1 = Eit ©)

Figure 5 shows a snapshot of activity in the three
components of the head direction network, the fadiot
input activity, the ideothetic input activity anllet current
head direction cell activity. Although the ideaibenput
activity packet is only slightly offset from the rcent
head direction activity packet, this is suffici¢ntproduce
the desired movement.
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Figure 5 — Ideothetic input is a projection of therent head
direction activity forwards in time, causing therrant activity
packet to shift, in this case to the left. Theothlétic input
mainly reinforces the head direction peak althotngie is some
visual ambiguity represented by activity input ther locations.

4 Place Code Cells

We model a matrix of place code cells, each celétlto
be maximally activated when the robot is at a djmeci
location. A coarse representation is used, witthgdace
cell representing a physical area of approximagZ$p
mm by 250 mm. This is quite different to most poes
approaches involving place cells that have useduahm
finer resolution. To illustrate the coarsenesg, thbot
covers an area roughly represented by only foucepla
cells. The place field size to robot size rationpares
favourably with that observed in nature - the stglibce
fields formed by our place cells have areas of alfod
m?, compared to a robot area of about 0.6 aratio of
about two. Place fields recorded in healthy ratgehan
area of about 0.056 niSaveet al, 1998], compared to a
rat ‘area’ of about 0.015 Tna ratio of about three.

To simulate a system of place code cells a
competitive attractor network arrangement simitathat
used for the head direction network is used. Tais are
arranged in a two-dimensional matrix with full
excitational interconnectivity between all cellsThe
excitational weights are created using a similacidite
Gaussian distribution as in (6) but in two dimensio
rather than one. The activation of each place drelps
off in a two-dimensional Gaussian fashion as theoto
moves away from the cell's preferred location.

Iterations of the place code network consist of
the following sequence of actions:

Competitive attractor network dynamics
Activity input from path integration process
Activity input from allothetic sources

4.1 Competitive Attractor Dynamics

The dynamics were a two-dimensional version of ¢hos
used for the head direction cells. A two dimenalon
Gaussian distribution was used to create the dacjta
weights for each cell. These weighted connections were
used to project the activity from each cglin thel by |
matrix to the cell being updated.

(10)

The main difference between the place code and
head direction networks is that there was no wiapzd
for the place code network — cells at one edgehef t
matrix did not project strongly to cells at the opjpe
edge of the matrix. To minimize boundary effects a
buffer layer of cells was used around the edgabetell
matrix.

4.2 Ideothetic Input

The current activity packet in the place code nekwe
projected to its anticipated position depending the
velocity of the robot.

Because the amount this anticpated activity is
shifted from the current state is not usually a lho
number of cells but rather a fraction, each celttvity is
projected such that it is split between four cétlsuble
the number for the head direction network because w
have gone from a 1D to 2D network structure).
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Figure 6 — Projected ideothetic activity is spliadtionally
between cells.

The robot orientation is not usually known
exactly — rather it is represented by a numberighli
activated head direction cells. As such the idetith
input is treated on an individual basic for eachache
direction cell and its associated activity level.

z=N x=1 y=1

t+l _ ~ t t t
G =G+ E f(V)Cx+i+is,y+j+js

(11)

z=0 x=0 y=0

V= f (Vabs' Z)

The activity levels in a each of four celsare

multiplied by a fractional function dependent oroeity
, which is itself a function of head direction celtlex z

and the absolute velocity of the robéjs (the four cells
are selected based anaind } which are functions of).
This is then multiplied by the activity level in&ahead
direction cellE. The sum of this process repeated for all
head direction cells is used as ideothetic inpat @ded
to the current place code cell activiy

4.3 Allothetic Input

The need for calibration of the robot's positionings
visual input is especially important when considgrits
location, with the normal problem of slight erroirs
orientation quickly leading to large positional &g as
translation occurs. Unlike for the head directgystem,
there is no compensation for current movement ef th
robot when injecting allothetic input into the ptacode
cells. The place code cells are relatively morarse than
the head direction cells and as such are not astisento
allothetic input slightly lagging where it should.b
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Figure 7 — Activity in the view cells is projectéd each place
code cell through weighted connections.

The place code activity level is increased by
the activity projected from the view cells through the
association weights and the overall influence constant
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Figure 8 — The place code cells are arranged il &y551
square grid. Total cell activity is normalized aswicell activity
can be though of as a rudimentary probability aftpéocated at
the cell's corresponding physical location. Hemnere are two
possible locations with one being much more prodabl
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Figure 9 — Allothetic input is projected into thé By 51 grid of
place code cells whenever visual input is receiv@dis figure
shows the corresponding allothetic input for Fig8refrom a
vision perspective there is equal probability oingelocated in
two different locations.

Figure 8 shows a sample of the activity levels in

each place cell (it shows activation levels in aby151
grid of place cells). There is one major peak @éspnting
the most probably location of the robot, with amwth
small peak that is starting to grow. This smalhlpdas
not been created through ideothetic input, rathgr b
allothetic input as shown in Figure 9. From a pure
visual perspective, the robot is equally sure itnigwo
different locations, represented by the two peakshe
same size.

In this particular case the small peak in Figure 8
will compete with the larger peak but will not wimless
further allothetic input is received supporting #maaller
peak and not the larger one. This illustratesathiéity of
the place code network to deal with ambiguous Visua
input. Figure 10 shows that view cells throughnirey
can end up projecting to more than one locatiorthi
place cell network.

Figure 10 — Weightmap showing strength of connestifrom
one particular view cell to a rectangular sectiérplace cells.
The association between this vision cell and thecelcode
network has been trained during exploration suekh dtivity in
this view cell projects strongly into one area &fge cells and
weakly into several other areas.

5 Experimental Setup

The system is implemented both in simulation andaon
robot. A Pioneer2-DXE robot from ActivMedia camyi

a 400 MHz AMD K6-2 processor performs on board
processing of the vision and interfaces with theare A

1.1 GHz laptop connected to the robot by an ad hoc
wireless link provides the main processing grurd ams

the two networks which take the majority of the
processing power. A CCD camera is mounted atrthre f
top of the robot with an effective field of view about 40
degrees.



Figure 11 — The Pioneer robot in the two by two rmet
experimental arena with coloured cylinders arrangedind the
perimeter.

The initial arena is a flat two by two metre area
of linoleum in our lab with masking tape markingeth
boundaries. Just outside the arena coloured ®jsndre
placed in various configurations, one such shown in
Figure 11. The vision system reports colour, distaand
egocentric orientations of cylinders. Becausewis&®n
system is trained to recognize rectangular areassmfid
uniform colour it occasionally picks up background
objects such as posters and people’'s socks. The
competitive attractor dynamics deal easily withstlow
intensity ‘noise’.

Figure 12 — The simulator displays the simulated jperceived
robot positions and orientations, and the actilétyels in both
the head direction and place code networks.

The simulator mimics the kinematics of the
pioneer robot and the vision system. Although no
provisions for sensor noise and vagaries of theomot
control system have yet been built into the program
simulates the robot sufficiently well for it to hesed in
system development. It also models the threshfadds
movement on the real robot such as how close thetro
tries to get to a specified pose before moving dh®
next command.

6 Results

Three stages of testing were carried out. Thet firs
involved seeing if the robot could self-calibrateet
parameters it used to convert odometry informatidn
path integration in the networks. The second was
attempting one dimensional SLAM in a cylinder based
world.  The last stage involved two dimensional
movement and testing the ability of the robot tayst
localized.

6.1 Odometry Calibration — 1D

The robot’s ability to calibrate the parameterd ttmvert
wheel encoder information into path integration was
tested both in simulation and on the robot. Thests
were run with the robot spinning on one spot irylander
world. Extending this to two dimensions and tratishal
movement is harder but can be reasonably expectbd t
possible if the 1D case is viable.

Simulation

The system reached the stage where it could pbrfect
self-calibrate in a noiseless environment with @erf
odometry using a filtering technique on the visi@s,
expected.

Robot Platform

Due possibly to control parameters that have nenbe
tuned optimally, rotation of the robot is somewjeaky
although it's average angular velocity over a ldimge
period is very close to that commanded. The besilts
were achieved when the filter gain K was set tatiatly
low values to compensate for the variability in thgual
velocity.

8 1| — Network Velocity - - - Vision Velocity --- Command Velocity}
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Figure 13 - Odometry calibration was achieved withbout
fifty seconds of the test beginning. Once cormctbe
calibration parameters stay unchanged as evidemgetie last
two cycles in the graph.

Figure 13 shows the network self-calibrating
itself as the robot spins at approximately five réeg per
second in 125 degree alternating turns. The actual
encoder velocities from the robot vary by about %800
when supposedly doing a constant velocity turn asd
such are not reported here. The vision velanitye is
filtered.

Path integration in the head direction network is
initially very wrong but corrects itself significdp by
twenty five seconds into the trial and is accugdter fifty
seconds. The long calibration times are due to the
sparsity of the cylinders — only two in this pautar trial.



6.2 One-Dimensional SLAM
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Figure 14 — The robot is able to correct its oaéon after a
revolution. Note the false correction in orierdatthat occurs at
around 80 seconds.

By spinning the robot through a number of largeudag
turns, in an arena with two cylinders of the sameuwr,

the robot is able to perform one-dimensional SLAM.
Vertical segments of the network curve above (afpanh
those from -180 to 180 degrees which represent
wrapping) occur when the robot is relocalising wfual
input. At about 80 seconds into the experimerd,rtbot
corrects its orientation but not to the correcediion —
this is due to the ambiguity of having two idenllica
coloured cylinders. A second reorientation jumpladut

200 seconds matches up the perceived and actual

orientations of the robot, which it maintains fbetrest of
the experiment.

6.3 Localisation Ability in 2D

Simulation

Network Tracking |
— - Simulated Robot

Figure 15 — Over the short term the system is @bieack the
robot’s position effectively. Each grid squaréhis approximate
size of the area represented by one place celln2B®y 250
mm.

In simulation the robots are able to track the t@bo
position quite well for short periods of time awim in
Figure 15. Each grid square is 250 mm by 250 mdcisin
represented roughly by one place code cell. Theork
manages to keep the robot localised to within rbughe
place code cell of its actual position for the estti of the
test. The system was also able to recover wheragiged
although successful relocalisation did not alwagsuo,
depending mainly on how long it was after kidnafobe
a familar scene was seen.

On longer runs the network’s tracking ability
proved to be unstable. Over the period of an hbar
robot became lost and its perceived location maveli
outside its two by two metre arena.
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Figure 16 - Positional tracking error remains srf@llabout 20
minutes before starting to grow in an unboundednean

Actual Robot

The system was implemented on the real robot anitbsi
results to in simulation were obtained, althougé thal
could not be run for as long. The RatSLAM systens wa
able to keep the robot localized for short testadans
only. Because the robot was moving based on its
perceived position, not its actual position, a $reabr in
pose usually compounded quite rapidly and the tests

to be terminated before the robot collided witheclts
outside the arena.

7 Discussion

7.1 Overview

The results revealed two problems with the RatSLAM
system which are discussed here, with a solution
presented for one of them. Following this the al§sion
moves onto biologically plausible ways in whichsratay

or may not get around the major of these problem&
conclude with where the work can go from here.

7.2 Analysis of Results

There are two flaws in the RatSLAM system develoiped
this paper, one minor and one very significant.cdse
the head direction networks and place code netwweks
separate entities, when the robot relocalised dtsition
through viewing of a familiar scene, it didn't nesarily
snap back to the associated robot orientation s Whe
opposite occurred too, reorientation but no reisatibn.
Arleo [Arleo, 2000] dealt with this problem by
having a place code network which could relocdlisen
a familiar scene, combined with a head directiotwoek
with an extra recalibration constraint. The headation
network not only needed a familiar scene to recaté
orientationbut alsothat the robot perceive itself to be
located at a position associated with that scefidis
solves the localisation problem and allows the tdioo
perform position tracking assuming it has a goodugih
exploration behaviour, and it is thought it woultsca
allow the robot to recover from kidnapping, althbugp



results were presented. If the robot was kidnapiped
would wander until seeing a familiar scene. Atttha
moment the robot would not immediately re-orientate
itself since its perceived location would not be tne
associated with that scene. However it would rise

its position, after whichit could then re-orientate itself
since it now had the perceived position associatid

the scene. The movement behaviour would need to
realize it was relocalising and stop to allow the
reorientation to occur.

The major flaw with the system is that it cannot
maintain multiple pose hypothesesAlthough it can
maintain multiplelocation hypotheses, each place code
activity packet is associated with the same heeettion
activity — different place code packets cannot have
different orientations associated with them. Iftégaous
visual input suggests two possible poses, thesespos
cannot be verified or denied through further robot
movement and visual input because path integratitin
moveall place code packets in the same net direction of
all possible head directions.

In any environment where the robot regularly has
insufficient allothetic information during stagesf o
movement, and if the visual information it doesaittcan
be ambiguous, this will severely limit its perfomca.

Figure 17 — Shows the overhead view of the roket @ircle) at
two moments in time where it has associated theeptaode
activity packet (grey shading) and orientation desy of the
robot with an identical view of two cylinders. Rigure 18 the
robot re-encounters this scene.

L./

Figure 18 — at some later time the robot encourttegssame
scene and injects activity supporting the two paleslocations
and two possible head directions. The robot néedsove to
receive further visual input and determine whictsifion and
orientation is correct. There is only one hea@dation network
containing both orientation possibilities. Therefeach activity
packet in the place cells is associated waitith head direction
possibilities. Ideally to maintain multiple posgplotheses under
further movement the location possibility in thé lef diagram
would move downwards. However because it now hsecand
direction associated with it (dotted upwards arr¢igt should
really only be associated with the other locatiassibility it
will move in the net direction (blue arrow).

7.3 Biological Comparison

Are rats able to maintain multiple pose hypothesredo
they achieve their navigation ability without newgglito?

Experiments in which rats are trained to searchihat
midpoint of two markers but are then given only ane
the test show the rat searching in two possiblations
relative to the single marker, as if treating thetrker as
first being one and then the other of the origitvabd
[Redish, 1999]. This suggests the possibilityved {pose
hypotheses being maintained given ambiguous visual
input but to confirm one would need to see two\étgti
peaks existing in the place cells - other explamatiare
possible.

When exposed to environments that have
sections that are identical in both appearancepagsical
orientation, rats seem to be able to constructdigtinct
hippocampal maps that overlap yet are significantly
different [Skaggs and McNaughton, 1998]. When rats
were effectively kidnapped from one identical regio
another, their place fields initially fired as He rat had
not been kidnapped but then in some of the ratseptall
firing changed to represent the rat’s true phydizehtion
- partial remapping occurred when faced with an
ambiguous situation.

When faced with a conflict of distal and local
cues the entire spatial representation in the lipppus
can split into opposing representations [Knierifi02].
This work shows that several predictions that aurre
competitive attractor models make do not happen,
although it points out that there is a wealth oédfic
evidence and theory that supports them as well.

The author has not yet come across any place
cell activity recordings from a real rat faced with
ambiguous visual input that show multiple peaksngei
maintained for any length of time. Although itpsssible
that a rat can switch between multiple maps maiethi
by the same set of place cells, no evidence of them
concurrently updating multiple maps has been found.
Rather rats seem to keep only one map in ‘active’
memory at any one time, using path integrationgepkit
updated and possibly switching maps if prompted by
visual input. Whether maps remain unchanged betwee
being unselected and reselected is unknown.

7.4 Conclusion

From the robotocist’s perspective this RatSLAM siyste
has shown a limitation in the ability of a placedeo—
head direction type system to perform effectiveigation
and localisation, not to mention SLAM. It showstth
rats, although possessing impressive navigatidityahie
nonetheless probably limited by this inability t@imtain
and update concurrently multiple hypotheses of pobe.
the context of developing a neurologically inspjred
effective robotic SLAM system, further extensionsttod
RatSLAM system that overcome this limitation are
needed.
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