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Abstract

Complete physically embodied agents present a powerful medium for tretigavien of
cognitive models for spatial navigation. This paper presents a robaegsrobot, called a
micromouse, that parallels many of the behaviours found in its biolagioaterpart, the rat.
A cognitive model of the robot is presented and its limits investigafienits are found to
exist with respect to biological plausibility and robot applicabilityisl proposed that the
fundamental representations used to store and process informatitwe éireiting factor. A
review of the literature of current cognitive models finds a lackmoflels suitable for
implementation in real agents, and proposes that these models thiyahave not been
developed with real agents in mind. A solution to this conundrum is proposedisinof
guidelines for the development of future spatial models.

1 Introduction

This paper presents a complete physically embodied agent for a compatet savigation
task; namely exploring and solving a large maze. This agent was dedrmgmedan
engineering perspective, rather than the biologically inspired designsseidlia this special
issue. However, the process of engineering design reveals key dbpeet® relevant to the
design of biologically plausible cognitive models of spatial navigation .ta3ksse aspects
range from issues in sensor and motor interfacing to issues irptesertation of space. This
paper reviews current biologically inspired models of maze navigatiorc@amdasts their
design with practices adopted in our engineered solution. We argue thrdemto develop
accurate and useful models of spatial navigation, such models should lbatezl/an a
framework that embodies the agent in space and time (whether realistically simulated)
and interfaces to sensors and actuators (either real oricadlijstirtual).

Our robot, CUQEE IlI, is a micromouse (see Figure 1). The rolast developed to
compete in national and international micromouse competitions: corapstitthere maze
solving robots compete against the clock to find the fastest path tentre of an unknown
maze, and then run the remembered path. CUQEE Ill has been highbgssdutat these
contests, winning the Australian contests in 1995 and 1996, and winning thigiquest
international APEC contest in 1997. The robot is self-contained, penfgrail necessary
computation for maze navigation, exploration and solving on its own micropoo¢es®al
time. Real time for this robot means generating robust behavioumewes at speeds of up
to 5ms', making decisions as it passes through junctions at around".1Tims cognitive
processes developed for this robot produce rapid and reliable spatialtioavigghaviour,
and, in contrast to biological agents, the processes are well wudkrst
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Figure 1: Photograph of CUQEE III. The robot measures 250 mm across thednsor sving, but the body fits
in the palm of the hand. The robot weighs a mere 260 g.

The behaviour observed in the robot bears similarities to the mazgtianibehaviour
observed in rats. As robot designers, we have had to address issysserating these
behaviours and their integration in a complete functioning system. Thigsgrotdownbhill
inventiort has produced a well understood complete model of spatial navigation, wich
will present in this paper. The robot haseaplorebehaviour that is used to investigate the
maze to build a spatial representation, anda&igating behaviour that is used when
negotiating sections of the maze that appear in the spatial mapoldtealso has low level
reactive behaviours for corridor following and corner navigation, and highezl le
motivational behaviour for generating the best contest winning strategweAwsill later
show, parts of the overall behaviour bear similarities to spdmt@viours of a rat in a maze,
as well as the obvious similarity in the overall behaviour. We adb highlight the key
limitations of the robot, and illustrate the reasons for thos¢dliions.

We now seek to extend our model beyond its current limitations, anduraee to the
literature for inspiration from biology. Our review of literatuntrasts our experience with
the downhill invention of a complete agent with other less complete sfime¢he generation
of individual behaviours or cognitive processes derived from the uphill amabysthe
behaviour and corresponding neuroanatomy of the rat.

The following section (Section 2) describes the robot and its taskgAitive model of
the robot is presented, based on our knowledge as the robot's creatdsehd@weur of the
robot is then compared and contrasted with rat behaviour, and the extbet mblogical
similarity established. Based on these findings, we propose a numimmedgits that might be
gained from a neural implementation of the robot's cognitive modelo8&cteviews current
cognitive models of spatial navigation and investigates them with tegpdlse cognitive
model of the robot. The review shows that these models could not forrathe of a
complete navigation system, and highlights the difficulties with makingomplete
biologically plausible agent using these models. The final sectionidfet) proposes a
framework for the development of complete biologically plausible modelspatial
navigation.

2 The Robot

This section presents a description of our maze solving robot, CUQ&EIillustrates the
internal workings of a real spatial navigating agent. The task aftiat is presented as an
overview of the rules for the micromouse contest. A description gblilgsical construction

A term used by Valentino Braitenberg [Braitenberg, 1984] to highlight trasptes of invention, in contras
the hard work of analysisiphill analysis).
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of the robot follows, sufficient to describe the operation of the rotooh fa behavioural
perspective. We present a cognitive architecture of the robothibas ghe operation of the
various processes and algorithms required to control a contest winning robot.

The description is then compared with CUQEE's biological counterprartrat. We
present the key similarities and differences between CUQEEawvioeir and the behaviour of
a rat in a maze. This comparison sets the scene for a distegsiurrent spatial navigation
models from our perspective as robot builders, which follows in Segtion

2.1 The Micromouse Contest

The overall behaviour of the robot is defined, in many respects, by tee aifl the
micromouse contest. The contest takes place in a large maeee(R2) with reconfigurable
walls. The robot tries to find the centre of the maze (the gsialtjng from one of the corners
facing in a clockwise direction. After finding the goal, the robot eahtinue to explore until
it has found the fastest path from the start to the goal. Withsthation in mind, the robot
then runs as quickly as possible from start to goal. The winner gobtitest is the robot that
achieves the lowest score, where the score is calculateddrasieel time for final run, plus a
component of the exploration time. Typically the score formula is $onggelike:

Score = Run time + 1/30 Explore time

The maze itself has 16 x 16 cells, with each cell being 180 x 18hmdimensions. The
floor of the maze is painted matt black, and the walls are white red tops. The
configuration of the walls is revealed only after all robots have baeded in to the judges.
The robot dimensions are limited to 250 x 250 mm, allowing the robot to |able abp of
walls for navigation purposes. The robot may not jump over or knock down Wadisobots
must be completely self contained with no external sources of powsnguutation. The
robot handlers may not provide strategies to the mouse during the stastiedyme.

] |
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Figure 2: The maze used in the 1996 Australian micromouse championships.
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2.2 Overview of the robot hardware

CUQEE Il interacts with the maze through its sensors and acsu@igure 3). The actuators
are a pair of drive wheels arranged in wheelchair fashion on eaittherof the robot. The
sensors are arranged to hang over the walls to detect the distandéd body of the robot to
walls on either side and straight ahead. The sensors also deétisenor not a wall is present
under the sensor. The side sensors have a range of 80 mm and thenBonhase a range of
100 mm. Odometric sensors are also attached to each wheel tbtdetdistance travelled
and current velocity of the robot. It must be noted that the odometersndg supply
estimates, as the robot often slips as it moves with high veledind accelerations. As
odometers are on both wheels, both location and orientation information chamiveed by
path integration. There is no compass sensor to explicitly defineair@ntThe robot weighs
260 g, and fits in the palm of your hand.

Wall

Sensors .

Wall

|
=

Figure 3: The mechanical layout of CUQEE.

The on-board microprocessor is not computationally powerful by modern standards

(around 1 MIPS (Million Instructions Per Second)). The processor isnptresponsible for

the cognitive processes involved in navigating and solving the maze, butlswupeeorm

low level functions such as sensor reading and motor control. The low fiewaions
consume about 50% of the processor time leaving 0.5 MIPS to performogmétive
processes. This lack of processing power combined with the high spetdtiatthe robot
moves has lead to a parsimonious approach to algorithm design. Thisgogrammurn has
produced an elegant solution to the spatial navigation problem.

2.3 Cognitive architecture of the robot

In this section we present the cognitive architecture of the robmtway that is consistent
with our knowledge of the operation of the underlying algorithms and proc¥¢sasse the
term cognitive architecturdgo refer to the complete set of processes involved in combining
perception and memory of perception into the correct action to performabe navigating
task. The architecture (Figure 4) has three levels of compet@rsotrema level, a cognitive
level and a motivational level.
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Figure 4: The cognitive architecture of CUQEE has three levels. The tdexs is implemented as schemas
which interface in a reactive manner with the world. The cogniével instantiates schemas to perform the
spatial navigation task. The cognitive level operates virtually witbgaitive map of the maze. A motivational

level generates goals, and determines the contest winning strategy.

The lowest level of competence is the schema level. The schum®a@sn this level bear
resemblance to those used in psychology, neurology and brain theory. Thechemmais
probably overused: we use a definition that relates strongly to itenus#otics [Arkin,
1989], but we add some restrictions to the definition that are impaootant architecture.

A schema is an adaptive reactive controller that uses primitiveactiens with the
environment to generate a pattern of action.

The use of the termreactive here implies that schemas have only limited state
information [Gat, 1994], and do not generate or access memory. Scltedynas interaction
with the environment and one another to produce emergent behaviour, ascésdhfor
so-called behaviour-based robots ([Brooks, 1990], [Payton, 1986], etc). Schama
instantiated by the more competent cognitive level. A typical schiestantiation might be
“travel down a corridor for three squares”. The schema is thponsble for keeping the
robot centred in the corridor, and observing kinaesthetic values and seadargs to
determine when the schema should terminate. Note that a schemhaabbé instantiated by
"go to square 12, 10" as this would require knowledge of the internal eapatsn of the
world and the robot's position in the world: that is, the action would nedative.

The cognitive level manages the issues of representation and planngngedponsible
for maintaining the map of the maze and using that map to plan acti@beloyireg schemas.
Action is planned by generating solutions to the maze with respect tuttent goal. The
cognitive level maintains a virtual presence of the robot in thenmiteepresentation of the
maze. By evaluating the solutions at the point of virtual presenaeltbe can plan action to
achieve the goal. The cognitive processes act at a tactichldewnerating plans to meet the
immediate needs.

The definition of the goal and the speed at which the robot travelrategic issues.
The strategy is defined by the highest level of competence, which vee cubbed the
motivational level. A key factor in the success of the robot ightsty to choose when to cut
exploring and generate a fast run, and its ability to choose an apprgpésd. To quit
exploring too early may lose the robot valuable seconds in its fast rurp lmantinue
exploring may be wasteful and cause a profitless increase in exmigoanalty. Similarly the
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robot must judge its speed as does a racing driver: too much speedusayhmrobot to
crash, but if the robot is too conservative it will lose anyway. Gpedetermined by the tyre
force applied during that run. The robot is always accelerating,ellatitety or cornering so
that force is always being applied to the tyres. A larger forceeases the likelihood of slip
and hence accidents; lower forces increase the margin for error.

To best interpret the current situation the robot must maintaihat salues that it can
use to judge the most appropriate strategy for a given maze. The tioatheael employs its
strategy by instantiating the appropriate cognitive processes

2.3.1 Schema Level

There are five fundamental motor schentasn( straight diagonal spot turnandwait) and
two perceptual schemas. The motor schemas are competitiv@nhith single schema being
active at one time. These schemas run in parallel with thegtest schemas and the higher
level cognitive and motivational processes. This ability allows CEI@Emnove and solve the
maze at the same time. CUQEE never stops moving in the maleeexploring, unless it
reaches a dead end. This constant motion is in contrast to mosiith@mice which stop
every time they need to solve the maze. The following summarisdsetaviour of each
motor schema:

Turn: This schema operates in three phases, a constant velocity plthser@bot rounds the
bend at the determined velocity and radius, and two transition phasgesrabot enters and
exits the turn. The transition phases are required to ensure dbastant force is applied to
each tyre as the robot goes from pure translational to combined ticaradland rotational

motion. The schema uses odometric information to control the turn prafig¢ sensor

information in the final phase to align with the new corridor.

Straight: When travelling a corridor the robot uses its sensor informationaiatamn its

central position, and uses odometric information to decide whetherobwe should be
accelerating or braking. Sensor information is also used to calibrat@dometers: the
spacing of any openings that the robot passes is well defined allowing wbdatemetric

estimates.

Diagonal: Many maze designers add a staircase pattern to the mazes(Bjgimtended to
slow the mouse down as it executes the consecutive turns. Most \\ass$dnticromice are
designed to negotiate the staircase pattern in a procedure known asd'rthenidiagonal”
[Otten, 1990]. To execute this schema the robot must first tdrantbthen negotiate the
diagonals of the consecutive squares. This procedure requires andiffigpeoach to corridor
sensing and odometric calibration, as the robot encounters a compléfetgndicorridor
geometry.

2t may be argued that under many interpretations of a schema, thesseoda the cognitive level ¢
themselves schemas. For the purposes of this paper, we adopt niteoddfiat schemas are reactive proce
that do not access internal representations.
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Figure 5: A section of the maze from the 1996 Australian micromouse champiortbhtfeatures a stair case
pattern.

Spot Turn: When the mouse reaches a dead end, it needs to do an about fesente r
exploring. This type of turn is significantly different to the moving tuimesna as there is no
translational component.

Wait: In order to comply with some contest rules, it is sometimesssary to make the robot
come to a standstill in the goal square or start square. Even wbeuntiag this schema the
robot continues to adjust its position relative to the corridor, givintatappearance of
twitching with eagerness to run!

In addition to the motor schemas, two perceptual schemas transfersensor data into
range information for the motor schemas and wall information for tjieehievel cognitive
processes. As with the motor schemas, these perceptual scamm@asely reactive. They
operate on current sensor information with no reference to interpadsentations of the
world.

2.3.2 Cognitive Level

The cognitive processes involved in maze navigation are depicted in bigliney act upon
a virtual representation of the world - a map of the maze. The immaonstructed from
information gathered from the perceptual schemas. The maze regptiesetakes advantage
of the orthogonal grid structure of the maze. The grid of 16 x 16 calépissented as an
array of 16 x 16 map entries. Each map entry contains 8 bits, fopréseat the presence or
absence of the four walls, and four to indicate which of the fous\wal been visited.
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Figure 6: The flow of information between different cognitive processes. Thedsyurce is the map which
stores the maze. This map is constructed by a map building praussrabe recalled by a map recall process.
The recall module plans paths using the solutions to the maze caddojathe maze solver. Action is generated
by an action instantiation module, with action integration during refal. physical action of the robot is
accompanied by virtual movement in the location maintenance module, prowhdinthé¢ low level schemas
indicate a satisfactory execution of action.

Paths to the goal may be found using a flood fill technique. The basicfillcaddorithm

Is best described in terms of a distance calculation. The athreddlgorithm is to flood the
maze with the distance (number of cells) from each square touthent goal. The goal
square is given a value of zero, and joining squares are given a vabme.of he list of
joining squares is recorded, and called the tails. The algorithmramsnthrough the list of
tails and places a two in each square that is adjacent tb Adgicency is determined by
checking for the presence of walls in the map. The tail ligtas updated to reflect the new
adjacent squares and the algorithm reiterates until no tailefara the list. CUQEE uses a
modified version of this algorithm which computes time instead ofraistay taking account
of the acceleration capabilities of the robot. This ensures WQEE takes the path that is
shortest in time rather than shortest in distance.

The mouse uses the time from each location in the map to the cgoanfor the
purposes of map construction and maze recall. In order to construce@ltdthe maze
model, the robot requires a sense of its own current location andatinarin the map. The
location and orientation of the robot is maintained by performing the acticie virtual
maze as well as the physical maze. Virtual action is peddrhby reflecting the effect of
motor schema instantiation in the map, and ensuring that the schesnaffeeted by
verifying information from the perceptual and motor schemas.

Map construction involves not only using perceptual information to build the looép,
also involves directing the search through the maze to areas thabmain a faster route to
the goal. In areas where no wall information is recorded, the sadgemes that there are no
walls. This optimistic assumption directs the mouse towards sjtiza possibly contain a
faster path, while maintaining a minimal explore pattern. Asilve maze information comes
in, CUQEE re-solves the maze. In fact, CUQEE solves thee rhafore it enters the next
square so that it can continue searching without hesitation. Thissledeogit 300 ms to
complete the flooding algorithm. When CUQEE enters a square thatdtasce, it looks at
the solution and chooses the square with the lowest flood value, whielsee{s the square
that is closest in time to the goal.
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Similarly, maze recall uses the flood values to determine abiedt path through the
maze. Maze recall uses another feature that recognisegveatlsactions may be integrated
into a single action that may be executed more efficiently. For @eanmh the maze recall
process recognises consecutive straight moves, it will continue tatvghe path through
the maze until it encounters a turn. The consecutive straight malde wntegrated into a
single straight move that takes advantage of the uninterrupted stoaighlt up more speed.
Similarly, two turns in the same direction are combined to prodigiegée U-turn, or two
turns in opposing directions are used to initiate a diagonal manoeuvre.

2.3.3 Motivation Level

At the highest level, the robot must evaluate its strategy in wirthengontest. The primary
function of the motivational level is in defining the current goal. Apde strategy is to
initially set the centre as the goal, and when that goal is achs®tehe start as the goal. This
cycle is repeated until the robot notes that it did not perform any etiploon its way to the
current goal. This means that the robot has found the fastest patioaidliacrease its speed
to attempt to achieve a better time.

This type of strategy is wasteful of explore time as the robdtspédnd a lot of time in
sections of the maze that have already been explored. CUQEEg)\stisasomewhat more
sophisticated: it generates sub-goals that prevents excessive runronghthexplored
sections of the maze. CUQEE may decide to attempt a fast farebe has completely
explored all possible options, by noting that the time to explore will probadd more
penalty to the score than the benefits of having a marginally shortel3QEE also makes
decisions about how fast to run based on the complexity of the maze deddtieof the
path.

The effort that has been placed at the motivational level has falhiodsomely for
CUQEE. In the highly challenging APEC championships, the shortest patowtred over
100 squares in the maze and contained many treacherous combinations &tdbats.that
used the same strategy as they would in a smaller simpler eithee failed to reach the
centre with a fast run, or failed on the first increment of dp€JQEE recognised the
difficulty of the maze and proceeded with caution, allowing the rob@acirits top speed to
win the contest. Not only did CUQEE have the fastest run, it alsored the maze in about
half the time of other robots. This was partially due to the usalmfjoals in exploration, and
partially due to the efficiency of running navigation schemas and cognitoeegses in
parallel.

2.4 Similarities to Rat Behaviour

The behaviour of the robot in the maze, while not neuroethological in nahows some
similarities to real rodent behaviour. One obvious similarity it bloéh solve mazes and can
recall them for fast runs through the maze. The more specifivibenal similarities between
CUQEE and real rodents are of greater interest.

In [O'Keefe & Nadel, 1978] it is proposed that the rodent (and indeed Muma
hippocampus is the location of a cognitive map. This proposal is based upavottkeon the
place units within the hippocampus. Their main argument is that l|atalégation
(point-to-point navigation in an learnt environment) is performed using ptaes stored in
the hippocampus. They propose that the spatio-cognitive process of locglatioavis built
on lower levels of taxon and praxic navigation. Taxon and praxic navigatioreacBve
behaviours, and as such fall within the definition we use for sch@massimilarity between
this hierarchy of biological spatial navigation and the architecturgepted for CUQEE is
readily apparent.
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The arguments of O'Keefe and Nadel add specific details at bo#uralogical and
functional level to the model presented by [Tolman, 1932]. Tolman's argfionentognitive
map was in contrast to popular models of his time in that it argueathfallocentric cognitive
map that stores the relations between objects, not so much thenselzetween the objects
and the agent. CUQEE's allocentric map of the maze fits tiehof navigation.

Cognitive map based models argue that the allocentric map must ceuatfailent
information to perform dead reckoning, also called path integration.iftatiration is the
ability to move in the environment based solely upon kinaesthetic informattmyut
external sensory input. It has been shown ([Tolman, 1932], [Galll&@Q], [Redish, 1997])
that rodents are capable of using dead reckoning. Gallistel arguedetithreckoning is a
critical feature to any navigational strategy. CUQEE uses deekbming in its motor
schemas, relying on odometric information to judge when to start datedeto enter a
corner, or when to shift from transition phase to constant velocity mognghen executing a
turn schema. The dead reckoning parameters come from the cognitivedsee on metrics
derived from the map.

The robot behaviour that can result from errors in dead reckoning, l@saaskable
similarity to the behaviour observed in rodents. In the case of the redpatiments, a
number of corridors were shortened or lengthened after the animaksahnattbd run the maze
"fast” ([Gallistel, 1990], [Redish, 1997]). The results wdrat tthe rats would make major
mistakes (such as running full tilt into walls) that indicated thatrodent was using limited
external sensory information, and relying on the internal model to navigd@EE makes
similar mistakes when walls are changed from the learnt niazgich circumstances, the
robot will career into the unexpected walls, relying on its intemmadel of the world rather
than its sensors. Similarly, CUQEE ignores unexpected openings andontihue to
navigate around non-existent walls as if they are still presemilaBibehaviour has been
noted in biological agents [Gallistel, 1989].

CUQEE's mapping system stores the same type of information thebenst®red in any
navigational map structure that is to be successful. That ismége stores enough
information to enable the robot to navigate the environment in an effro@mber. The map
effectively stores the landmarks at each place in the maze wailtimghe spatio-temporal
relationships between them. In order to do this the map needs to toenauael in nature,
this bears strong correlation with the observations of rodents @§@&lliL990], [Redish,
1997], [O'Keefe & Nadel, 1978]). Multi-modal sensory data includes bgstarnal and
internal sensory information. The external information is used te sttwrmation about the
walls within the environment. The kinaesthetic information helps dpvethe
spatio-temporal relationships within the map. It is this kina@sti@&ormation, which is
used for dead reckoning, that forms thetric of the map.

Gallistel argues that cognitive maps have a metric nature, anchétac information is
part of the rat's cognitive map. In contrast, the use of kinaesin&rmation provides
metric information implicitly. Furthermore, this information dsrectly related to the
movement that can be generated by the robot. In the case of CUR@Eihdesthetic data at
the schema level is represented by how far the wheels haveddavali the higher levels this
is represented by the movement of the current position throughout the mapt(trel size
of the cells in the map).

The enforced correspondence of the physical motion and virtual motion kbatpiace
in CUQEE also occurs in rats. In [McNaughton and Nadel, 1990], McNaughtiwed that
rats that were prevented from moving did not register activity ihifhgpocampus, even if the
rat was carried through the environment. In other words, if the mobenss do not carry
out successfully the rat does not update the cognitive representatlargj CUQEE will
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not register an action in the location module unless confirmation o&dtian returns from
the appropriate motor schema.

CUQEE's method of maze solution involves generating local informatie@act cell
about the time required to reach the goal square. These timgsrmmated by starting at the
goal and spreading activity to all parts of the cognitive map. [Mata890] proposes that
spread of activation, as used in her path finding algorithm, is biolbgisusible and is
similar to methods proposed by [McNaughton, 1989]. It should be noted that CG:QISE
the shortest path (in time) to the goal based on its cognitive mage iBhevidence that rats
find the shortest path [Gallistel, 1990], though it is not made eWather this is shortest
temporally or spatially.

According to [O'Keefe and Nadel, 1978] a rat chooses it goal locatssdlman internal
values which are generated in response to the animal's needs aed @(msnger, thirst,
shelter, mate). These goal locations are reflected in the hipposa but the mechanism that
produces them is located elsewhere. Similarly, CUQEE choasgsat location based on a
separate mechanism that evaluates current needs in terms of pgathgciastest possible run
from the start to the centre of the maze.

25 Dissimilarities to Rat Behaviour

The similarities just discussed are not intended to demonstrateCWWQEE's cognitive
architecture is an accurate reflection of the rat's actgiitve model. Rather it highlights
that the overall structure of the architectureeis/ successful at solving the mapping problem
in the given maze; successful to the extent that it can be argumddptimal. In fact this
optimum is a point of difference between the two. For example,dihet requires only a
single pass of the environment to perform learning, while rats tyypregjuire several passes
to learn the structure of the maze. The robot's search is higklstetirand near optimal,
whereas rats perform a combination of random and directed searcholdtesolved the
maze illustrated in Figure 2 in less than one minute, and perfolraddst run in 12 seconds.
While there are no results for a real rodent in this mazaylglthe robot is at least an order of
magnitude faster, if the rodent could learn this maze at alkeraee results that are not of
particular concern as robot designers, but illustrate some difeegeimc terms of using
CUQEE as a cognitive model.

Another condition where the robot demonstrates behaviour quite differents to i
biological counterpart is disorientation. In this situation, the rolbotisal location disagrees
with the its actual location in the real world. Real rodentscoenpensate and then recover
from this condition. CUQEE is capable of detecting disorientationsblirnited in its ability
to recover.

Generally, the robot will become disoriented by losing traction at tpgkds which in
turn leads to an increase in navigational error. The motor schéteagpato compensate for
these errors, but can not always react sufficiently to prevesitisian with a wall. Collisions
cause greater loss of traction which causes the robot to slip &gaguently, such collisions
are fortuitous as they tend to push the robot in the opposite direction iaftihleerror and
remove some of the speed. The motor schemas take advantage ofdiestérd correction
and bring the robot back in line. However if a collision is sufficiefd#tge, the schema will
recognise that all is lost and that further attempts at navigatepointless or risk damage to
the robot. In this case, the motor schemas will report the dattiee cognitive processes
which in turn prompt the motivational level. The motivational leveltsty in this situation is
to remove power from the motors and light an LED that prompts for intwvention.
Processes for recovering from disorientation are difficult to imple, and are of little value
in the context of the contest.
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The robot can also be disoriented by blocking passages along the known shtirtést pa
this situation, a rat will recover and find a new path. CUQEEnkasuch provision, as the
rules of the contest preclude the changing of the maze. A remappility faculd be trivial
to add to the motivational level, providing that the robot could recover thaminitial
collision.

The most significant difference between the robot and the rat islhlés reliance on the
well defined structure of the maze. The robot cannot navigate in enamarthat are not
readily represented as an orthogonal grid. The rat, on the other hamtkardy handle any
physical arrangement. This discrepancy stems from the heart@fgh#ive processes of the
animal and the animat - the cognitive map.

The robot's cognitive map is made feasible by the grid structure ohdkze. Having a
fixed number of cells arranged in a grid makes the storage of topologji@dnships simple.
Having fixed cell widths and orthogonality makes the inference of distamdeorientation
metrics simple. Having a reliable and accurate internal repr&son of the environment
makes the codification of the navigating processes simple. Taketh&aggular structure of
the maze and the problem requires a quite different solution.

This difference is disturbing from both a cognitive modelling perspeeativea robot
building perspective. The core of the model is shown to be lacking in bothgical
plausibility and robotic useability. The solution must be a change in therlyinde
representation of the cognitive map. A solution based on neuroethologicaplesnends
itself to cognitive modelling and shows promise for revealing a sup@fatic engineering
approach.

3 Cognitive Models of Spatial Navigation

The previous section shows that CUQEE is a complete maze naviggenty but that its
similarity to real rodents is limited by its internal repreagah, and hence its applicability as
a basis for a cognitive model is limited. The aim of this eads to review the literature in
search of solutions or partial solutions in spatial navigation that dmildsed to form a
navigating animat that displays more of the characteristics of nieriga rats. This review
focuses on models that can be implemented using neural techniques.

In general, researchers of these models have not set out to buildetosydtems, or
systems that can operate in the framework of a complete sy$temintention of these
models has been to illustrate specific aspects of spatial nmgdedind navigation.
Nevertheless, as robot builders, we must look to these systemmsfwration in the
construction of complete animats. The comments made in this ranevwased on our
perspective as constructionists. As such we are bound to comment suntétdity of the
model for use in a complete agent even if this was not the autiterisiéd use of the work.

The review is presented at each of the levels that were igénitif CUQEE's cognitive
architecture: the schema level, the cognitive level and the motiaatievel. The review
concludes with current models that span two or more levels.

3.1 Schema Level

This review of the schema level of navigation relates to reaotivatimulus-response (SR)
models of navigation that are based upon biological evidence. The extraictie@haviour
from neuroanatomy is a difficult problem (uphill analysis), and progretisis area mostly
relates to animals that use SR as a basis for navigation. Ayaatkd example is the work on
the sea sludiplysia[Kandel, 1976] which describes neural mechanisms for various reflex
behaviours; the behaviour of the slug is described in terms of neuratyadthis idea is
taken further by [Beeret al, 1990] with their simulated cockroacPeriplaneta
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Computatatrix based on the neural pathways of the American cockréamiplaneta
Americana The simulated cockroach shows that complex motor schemas such asrunni
with a variable gait can be achieved using neural mechanismsif, [(3®0a] similarly
modelled visually guided behaviour in the hove®lyritta pipiensbased on neuroethological
evidence. CIliff dubs this process of building complete simulations wéwsoethological
process as computational neuroethology (CNE) [CIiff, 1990b].

These and other CNE examples (for example [Webb, 1996]) are cuiiernitéd to the
schema level; they do not model cognitive processes based on interaaénggtions. There
is no doubt that reactive models can be used to create useful ratmoexaiple, [Connell,
1990] has shown that complex behaviour can emerge from the combination ofanemas
(or behaviours) with his soda can collecting robot, Herbert. Howevez thalso no doubt
that we are looking for something more in our simulation of the rat nagaehaviour than
SR behaviour ([Tolman, 1932], [Gallistel, 1990], [Redish, 1997]).

The CNE models of navigation provide useful building blocks as the perceptibn a
action tools of higher cognitive processes. In [Wyeth, 1997] it is showrsitihale models
based on Braitenberg vehicles [Braitenberg, 1984] can perform thesenéteof spatial
navigation task in structured environments. More complex schemas basddEom@iels
provide an interface to environments with less structure, by providingr loettnore relevant
perception and more sophisticated motor techniques. However, they do ndhsgiveblem
of rat-like navigation which requires an internal representation ofeth@onment, and
processes that can build and interpret that representation to gugtdné relevant schemas.

3.2 Cognitive Level

The review of the cognitive level shows a variety of approaches. Dogiggs shown here
are based in the choice of representation used in building the spabial m

3.2.1 Self Organising Maps

Of the systems that can form spatial maps of an environment basegplamation, the
majority use self organising maps (SOMs) [Kohonen, 1995] to generastribuded neural
representation of the environment. [Smart, 1994] and [Nehmzow, 1990] pseséninodels
embedded in real robots. The architecture is shown to be capabldirng dath actual sensor
data and of generating a representation. However, the representatibmited to
distinguishing different landmarks, with no notion of topology or spatio-temporal
relationships between landmarks. As such, it can not be used asithé®obaath planning or
any meaningful cognition. The representation could be used in a reacthienfa For
example, a landmark could be associated with a goal, so thatefet perceived some goal
directed response may ensue. However, as we have stated eatliarse more than SR
behaviour. Rats tend to have "place learning" rather than the "redpans@g" of the SR
style models ([Tolman, 1932], [Redish, 1997], [Hampson, 1990]).

[Krose & Eecen, 1994] show that topological relationships may be gethénateSOM
by using richer sensory input. Their approach is to develop a represemasiemsor space
rather than any notion of real space. The system produces a repi@sebt# the authors
admit that the topological information generated is not useable for tiavigaurposes. A
complete system based on SOMs was constructed by [Tani & Fukumara, TBéy| too,
built a sensor based representation of the environment and used thsgmgtien to build a
relationship between sensor space and motor action. The relationshgeté¢he SOM and
motor action was one-to-one, making this another SR model. It might &e thatt a similar
effect can be generated by the simplest of training algorithms awdrket(gradient descent
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of linear units) without the need for intermediate representatiassillustrated by
[Nehmzow, 1995] and [Wyeth, 1997].

None of these systems form maps that contain the necessary sfatiadation to
generate path plans. This makes them unsuitable for use in a coapiets, and is contrary
to the observed biological data. An exception is [Nagral, 1992] who also use a SOM to
represent the environment, but rely on the Cartesian coordinates odbibterather than
sensory input to generate the topology. Here, the representation iseueegidth planning
but the model of the sensory input lacks credibility from a biologicaspeetive and
useability from a robotics perspective.

[Scholkopf & Mallot, 1995] argue that the mapping performed by SOM stylgonies,
which is to cluster similar features together, is not appropioatéeveloping a cognitive map
of the environment. Rather information should be clustered according tto-tgmaporal
similarity. They argue that the SOM's incorrect emphasis onatuge of the mapping is due
to the lack of consideration for the output representation of the mahile e input
representation is considered in detail, and with a view to reatista, there is often no
consideration for what kind of output representations are required fom#ze recall
processes. As a result of this, the maps are strongly linkedeinsary sense, but are weakly
linked in a spatio-temporal and an action sense. As robot buildeegyree that the lack of
representational power of the map creates difficulties in usaaghap in a complete system.

3.2.2 Recurrent Networks

[Hetherington & Shapiro, 1993] simulate hippocampal place fields usingv@nkestructure
based around recurrent structures [Elman, 1990]. The agent is licadedquare arena
represented by an 8x8 grid. The inputs to the network are a set offfute representing the
location of the goal cue around the wall (one at each corner and dre antre), and the
angle subtended to each of the 12 cues around the environment (on a 360 degrestet
constant orientation). The hidden layer of units was trained to rbarefre trajectories from
each possible start position to each possible goal position. The higéerolaunits shows
place-field-like properties to various areas within the environmedt r@sponds to the
constellation of visual stimulus rather than individual stimulus [&f&& Nadel, 1978], and
[Redish, 1997]. Finally the recurrent connections allow the persestefcthe place
representation after the visual stimulus is removed.

The authors present the model to produce some predictions about the ngtlaeeof
units. These are:

1. place fields should not persist in unfamiliar environments, becdgseeturrent
connections are experience dependent modifications ,

2. place cells with overlapping place fields should have stronger rat@woenections
than non-overlapping place cells (on average), and

3. the location of place fields should not be modulated by the goals, tia¢hpresence
or absence of place fields should be altered when different goatsdeeavailable.

The study shows place fields alone do not give relationships in environgistan¢es
orientations and actions), but connections between place cells émcaonnections in this
case) can store such information and they argue that this can be ptetdpaths and actions.

The authors clearly state that their model is, in its present, funsuitable for mapping
and path planning. There is also no consideration of orientation, nor & kimaxesthetic
information included in the inputs to the map. This limits the dappticability of the model
to a complete system. It does however illustrate that neurasesgations can contain at least
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a representation of topology and distance that is independent of sensomusstion
motivational goal.

3.2.3 Association of Places and Views

The models proposed by Schmajuk [Schmajuk & Thieme, 1992] and Scholkopf [Scholkopf &
Mallot, 1995] both take the approach that the maze can be broken up in® giaceiews.

The cognitive map developed is then one that represents the relatiohshiesen the
different places and views within the maze and not the distancesentations between
them. In both models the maps are used by higher level cognitive psycdesgpdan and
execute paths to the goal. The models differ in their structuréoeimalviour, due to the
assumptions made about the nature of the relationships between plhegsnws. Schmajuk
assumes that there is a one-to-one correspondence between theptheesvs within the
maze. In contrast, Scholkopf argues that in the real world thayebmamore than one view

of the same place (for instance turning on the spot).

Schmajuk's cognitive architecture consists of two main partsjretsstiggested by
[Tolman, 1932]; a cognitive map and an action system. The map congtsutpological in
nature in that it stores adjacencies between places but not dsstanorientations. The
cognitive map is responsible for both the real-time predictions ofigveto be seen from a
place, and also the fast-time predictions of where to go to readotal. The important point
is that the map is not goal driven in nature, as suggested first loyaiol In various
simulations, the architecture is shown to be capable of reproducerg laarning and the
detour behaviour observed in real rats.

The key to the operation of this model is the dual nature of the netwWigikpass filters
are placed on recurrent connections in the place-view associatioarkeiine network is
able to generate fast predictions about the path to the goal usingabesent connections.
The speed of these predictions prevents modification of the placeadseciations. The
slower real-time predictions are filtered out and do not causerreet activity. The
feed-forward operation of the network maintains the topological integfritye map.

The model proposed by [Scholkopf & Mallot, 1995] uses similar principlébanthe
map relates places to views. Scholkopf and Mallot extend Schmajal's by recognising
that in real environments there is generally more than one viewgigea place. A cognitive
map is then developed from a directed graph relating the adjacentiesvaéws within the
maze-like environment. In the neural architecture, proximity in rep relates to
connectedness of the views in the world, not of similarities betweefeature vectors of the
views. The distance measure of the map is also different int tisgthe minimum number of
synapses that must be passed between the two units. The ardhit@strincludes
knowledge of "how" to get from one node to the next by using afferent connefrboms
motor representations such as "forward" or "back".

In the simulation of the architecture, the agent's position and drenia the virtual
maze is represented by the ordered pair of the current place andiaewognitive map is
built by allowing an agent to randomly "walk" through the maze environmentninast to
Schmajuk's model, there is not a specific neural construct to perfaze recall. Instead an
algorithm is presented in which a "higher" cognitive system intevatiisthe map in order to
make predictions about where to go. This higher cognitive system wgcthahges the
activations within the network, thus the dual nature of Schmajuk's nsddst.

The main difficulties with the use of these models in a compeienat are the
assumptions made about the place-view system. These assumptions timeltetpiirements
for unigueness of views and the one-to-one correspondence of views to (pldtesgh
Scholkopf attempts to improve the place-view relationships). Thig issespecially critical
in the low sensory resolution systems found in robots such as CUQEE.owlt three



COGNITIVE MODELS OF SPATIAL NAVIGATION FROM A ROBOT 16
BUILDER'S PERSPECTIVE

sensors, every T-junction looks identical. Schmajuk's model does not reedigai junctions
may appear completely different depending on the angle of approach. The shodkl
produce different place fields for the different views, an arguntiegit is supported by
biological evidence [McNaughtoet al, 1983]). Lack of attention to realistic sensory input
makes the use of these models impractical for a physically embsyditsin.

These problems aside, it is difficult to see benefits in the tiegninaps presented in
place-view models over CUQEE's cognitive map. The models' plélserepresent distinct
positions in the maze, as does CUQEE, and distance metrickerved from topological
information, as does CUQEE. As such the model of the placearellat least as limited in
applicability and plausibility as CUQEE's.

3.3 Motivational Level

We do not expect to find biological inspiration at a motivational |I6&¥6IQEE does not get
hungry, thirsty or desire sex. Of more interest are issues infacitey a symbolically
programmed motivational level with the sub-symbolic computation at the to@gievel.
These issues are beyond the scope of this paper. The reader may[Caomdit & Meyer,
1994], [Werner, 1994], and [Toates & Jensen, 1990] for some results istutg of
motivation.

3.4 Systems that Span Levels

The robofToto[Mataric, 1990] represents a system that spans the cognitivelmmdastevels
and has some of the features we have identified as important inieegnéps. The robot is
not based on a neural network architecture, but bears similaatesnectionist models in
that it uses parallel competing processes and graph based repi@seiaaspace. The map
is a graph of landmarks with connectedness representing closenessnofa in the graph
represents a particular landmark encountered in the environment. dastdothe Schmajuk
and Scholkopf models, there is metric information stored in the maghveids in path
planning. Furthermore there is action information stored which givesrelagionships
between nodes and how to get to the connected nodes. Mataric arguestitisahformation
is required, not only to plan the shortest path, but also to distinguistedyetaimilar
landmarks that are in different locations. The graph connections arenidyina nature
allowing multiple connections. This means that a particular landmak be a branching
point for more than two paths (consider a 5 way intersection for example

The path planning system spreads activation from the goal node, throughoutvbri.ne
Navigating to the goal is then an emergent behaviour, where the robot sdediizh
landmark to go to next based upon which leads to the shortest path to theThwmalis
determined by the original spread of activation. Mataric's reshitsv that the robot can
work successfully in an office environment with low resolution, noisyaenshich reveal a
handful of distinct landmarks.

This complete model, built to operate in an unstructured environmemhamgsdesirable
features as a model for navigation. As a robot, the chief limitat in the exploration
strategy which is limited to following boundaries. This is an ineffitmaze solver, and will
not solve mazes where the goal is not connected to the outside lveakey argument against
biological plausibility is the choice of representation. Neverthgl@ssconnectionist
architecture that displayed many of Toto's properties would be a stemidate for a
cognitive model for maze navigation.

Complete models such as Toto and CUQEE quickly reveal their liomsats they are
forced to cope with real sensors and real action. The difficidbies/n in using partial neural
solutions in a real animat presents a need for complete connechomils of spatial
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navigation. The interfaces connecting the animat to the real wbddsensory and motor
interfaces, are the perhaps the most important in the entirensydhadequate or
inappropriate representation of data at these points determines e@hdness of the
architecture.

Other researchers [Yeap, 1990], [CIiff, 1990b], and [Prescott, 1994F argued for
development of complete animat systems. The arguments centre andgsapresentation.
Incomplete systems can choose arbitrary representations of daa¢ghahe inputs and the
outputs, yet these representational issues should be consideredndirfbramost. The
development of the architecture becomes a matter of course fromading While this is
understating the difficulties in developing a neural structure that thasnecessary
representational abilities for spatial navigation, it does highligat the determination of
these representations is much more critical than the developm# afchitecture. If the
representations of data are not realistic, or don't properly représe data, then the
architecture will not work in a complete animat.

3.5 In Summary

The spatial navigation abilities of CUQEE are limited in applidg and plausibility by the
internal representation of the environment: the cognitive map. Whileegigw shows that
systems that address the schema level abound, existing models oftiieve level vary
greatly depending on their implementation of cognitive maps. All have aytlyare
insurmountable difficulties for the robot builder. SOMs map sensoesgaat not allocentric
space making path planning impossible. Current implementations of mdcurearal
structures do not address issues of orientation or kinaesthetic itiformdodels based on
the associations of places to views make unreasonable assumptionshaboaiure of the
world and lack the metric information needed for path planning. In shwatexisting
implementations of cognitive maps do not offer a way forward for the rbbibding
community.

4 Cognitive Model Wish List

This paper has presented a robot that can learn to run through anrsmélar fashion to a
maze solving rat. In the process of building this robot from an engingeensgective, we
have inadvertently created a machine that displays characteofticdent behaviour in the
maze. It is proposed then that the models used for the developmentaifdhare applicable
to the behaviour of the rodent. In saying this, we would hope to be abledalaetter robot
by closer studies of biological models of spatial navigation. Our rewviethhe biological
models reveals a significant disparity between the charaateristithose models and the
needs of the robot builder. It also follows that many of the existing wegmodels of spatial
navigation are lacking in plausibility, as they cannot be used to foomplete system.

The study of CUQEE and the review of the literature has reveatad key aspects of
cognitive models of spatial navigation. In this section we highlightspeds that are highly
desirable for the purposes of building better robots, and also, we bdbewsonstructing
more plausible models. Certainly, as robot builders, we envisagthana of applications for
robots that can navigate as reliably and swiftly as CUQEE, but trushged environments
rather than the confines of the maze. This work cannot proceed ahfpvathout a better
model for spatial navigation. While recognising that navigation reséamtogressing with
different agendas in mind, we have compiled a cogent wish list fogatau models that suit
the robots of the future.

1. Navigation must be considered as a whole.



COGNITIVE MODELS OF SPATIAL NAVIGATION FROM A ROBOT 18
BUILDER'S PERSPECTIVE

Models that split navigation into small pieces, and consider only singsfaects of the
navigation problem, run the risk of getting the interfaces wrong. Modaigatifal navigation

should reflect all levels of navigational competence from taxont{veamavigation to locale

(cognitive) navigation, and make it clear how the systems inter&iodlarly, models of

navigation should place equal importance on exploration and recall. Buildiag #hat can't

be recalled is of no value. While it is possible to recall a malt by others, or supplied by
the user, maps that are built internally, or at least updatedchatite more accurately
represent the environment within the animat's ability to perceive it

2. Navigation models must interface with a real world

There is little point in building models that operate in toy worlds &iliirf real worlds. Toy
worlds bear little resemblance to the rich, real worlds in wbiological navigation systems
evolved. While simplified environments present opportunities for isolaspgcific
behaviours for evaluation, models also require a reality check tatstber they can cope
with natural environments. As Wish 1 has already highlighted, this sedgsinvolves
providing a world interface so that the model can be tested beyond agsiviglem.

3. Maps should be maps

There is little value in a street map that tells you only, "Ydukmow you are in Ann Street
because you can see the bank, and you will know you are in George Steesebyguou can
see the bakery." . Clearly such a description does not allow theuswpto navigate
efficiently from the Ann Street to George Street. This is dlgument against maps that
operate in sensor space, or rely solely on place-view associaktiaps must illustrate
topology and spatio-temporal metrics, or provide methods of inferendesk® properties, to
be useful as navigational aids.

4. Use biological components to build biological structures

This paper has shown that the representation of the cognitive magers igsue in the
determining the functionality of a navigating agent. If the aim of ésearch is to mimic a
biological process, it is clear that the representation should teglually sound. Given the
importance that Wishes 1 and 2 place on treating the process asea avitblon providing
realistic contact with the world, it follows that biological computseshould be used
throughout the cognitive structure. Biological components refer to acoeptaddels of
neuron function.

This wish list presents a challenge for spatial navigation rese@ as we develop the next
generation of biologically plausible robots.

5 Acknowledgements

We gratefully acknowledge the assistance of Janet Wiles fooh@nents on the early drafts
of this paper, and her guiding thoughts in its construction. We thank MarkzSonuhis
comments on the later drafts and his efforts in proof reading.

6 References

Arkin, R.C. (1989). Motor schema-based mobile robot navigaliba, International Journal
of Robotics Researchiol. 8, no. 4, pp. 92-112.



19 WYETH AND BROWNING

Beer, R.D, Chiel, H.J. and Sterling, L.S. (1990). A Biologieatspective on Autonomous
Agent DesignRobotics and Autonomous Systems$, pp 169-186.

Braitenberg, V. (1984)Vehicles: Experiments in Synthetic PsychoJogyT Press, Cam-
bridge, MA.

Brooks, R.A. (1990). Elephants Don't Play Ché&ssbotics and Autonomous Systevad. 6,
pp. 3-15.

Cliff, D. (1990a). The Computational Hoverfiyrom Animals to Animats: Proceedings of the
First International Conference on Simulation of Adaptive Behayithe MIT Press: pp.
87-96.

Cliff, D. (1990b). Computational Neuroethology: A Provional Manifesimm Animals to
Animats: Proceedings of the First International Conference on Simulatiddapbtive
Behaviour The MIT Press: pp. 29-39.

Connell, J. (1990Minimalist Mobile RoboticsSan Diego: Academic Press, Inc.

Donnart, J., & Meyer, J. (1994). A heirarchical classifieteaysimplementing a motivation-
ally autonomous animaErom Animals to Animats: Proceedings of the Third Interna-
tional Conference on Simulation of Adaptive Behayiobe MIT Press: pp. 144-153.

Eichenbaum, H. & Cohen, N. (1988). Representation in the hippocampusdtMhigipocam-
pal neurons encodd@?ends in Neuroscience, 1dp. 244-248.

Eichenbaum, H., Wiener, S., Shapiro, M., & Cohen, N. (1989). Theniaajen of spatial
coding in the hippocampus: a study of neural ensemble acfigitynal of Neuroscience,
9, pp. 2764-2775.

Elman, J. (1990). Finding structure in tin@agnitive Sciencegp. 179-212.

Gallistel, C.R. (1989). Animal Cognition: The Representation of §péiecne and Number.
Annual Review of Psychology 198®l 40, Palo Alto, California, pp. 155-189.

Gallistel, C. R. (1990)The organization of learningczambridge, MA: MIT Press.

Gat, E. (1994) Behaviour Control for Robotic Exploration of Planetary &sf&EE Trans-
actions on Robotics and Automati@gugust 1994.

Hampson, S. (1990Lonnectionistic Problem SolvinBirkhauser, Boston.
Hetherington, P. & Shapiro, M. (1993). A simple network model simsilaifgpocampal place
fields: Il. Computing goal-directed trajectories and memory fi@dbavioral Neurosci-

ence, 107No. 3: pp. 434-443.

Kandel, E.R. (1976 Cellular Basis of BehavipMW.H. Freeman and Company.



COGNITIVE MODELS OF SPATIAL NAVIGATION FROM A ROBOT 20
BUILDER'S PERSPECTIVE

Kohonen, T. (1995)Self-organizing mapdlew York: Springer.

Krose, B., & Eecen, M. (1994). A self-organizing representatioseator space for mobile
robot navigationProceedings of the IEEE/RSJ/GI International Conference on Intelli-
gent Robots and Systems IROS\dnchen: pp. 9-14.

Mataric, M. (1990)A Distributed Model for Mobile Robot Environment-Learning and Navi-
gation.Masters Thesis. MIT Artificial Intelligence Laboratory, Ml

McNaughton, B. (1989). Neuronal mechanisms for spatial computation anchatfon stor-
age. In L. Nadel, L. Cooper, P. Culicover, & R. Harnish (Ed&lral connections, men-
tal computationLondon: MIT Press.

McNaughton, B., Barnes, C., & O'Keefe, J. (1983). The contributbm®sition, direction,
and velocity to single unit activity in the hippocampus of freely moving Ex{serimen-
tal Brain Research, 5pp. 41-49.

McNaughton, B., & Nadel, L. (1990). Hebb-Marr networks and the neurobialogipresen-
tations of action in space. In M. A. Gluck & D. E. Rumlhart (fdseuroscience and
Connectionist TheonHillsdale, NJ. Lawrence Erlbaum Associates, pp. 1-63.

Muller, R. & Kubie, J. (1989). The firing of hippocampal placescptiedicts the future posi-
tion of freely moving ratslournal of Neuroscience, fp. 4101-4110.

Najand, S., Lo, Z., & Bavarian, B. (1992). Application of self-oigeng neural networks for
mobile robot environment learnindeural Networks in Robotickd. Bekey, G., Gold-
berg, K. Kluwer Academic Publishers, Dordecht. pp. 85-96.

Nehmzow, U. & Smithers, T. (1990). Mapbuilding using self-organising arésmn "Really
Useful Robots"From Animals to Animats: Proceedings of the First International Con-
ference on Simulation of Adaptive Behavjdure MIT Press, pp. 152-159.

Nehmzow, U. (1995). Flexible control of mobile robots through autonomous competenc
quisition.Measurement and Conttolol. 28, pp. 48-54.

O'Keefe, J. & Nadel, L. (1978)The Hippocampus as a Cognitive M&xford, Clarendon
Press.

O'Keefe, J. & Speakman, A. (1987). Single unit activity in théa@bocampus during a spa-
tial memory taskExperimental Brain Research8, pp. 1-27.

Otten, D. (1990). Building MITEE Mouse lIl. PartQircuit Cellar Ink.pp. 40-51.

Payton, D.W. (1986) An Architecture for Reflexive Autonomous Vehicle ©HriEEE In-
ternational Conference on Robotics and Automafiqn1838-1845.



21 WYETH AND BROWNING

Prescott, T. J. (1994). Spatial learning and representation in tankiram Animals to Ani-
mats: Proceedings of the Third International Conference on Simulation of Aeldwiv
haviour, The MIT Press: pp. 164-173.

Redish, A. D. (1997)Beyond the Cognitive Map: Contributions to a Computational Neuro-
science Theory of Rodent Navigatidthd Thesis. Computer Science Department &
Center for the Neural Basis of Cognition, Carnegie Mellon UniwerBittsburgh.

Roitblat, H. L. (1994). Mechanisms and process in animal behavior:lsnodanimals, ani-
mals as modelsz=rom Animals to Animats: Proceedings of the Third International Con-
ference on Simulation of Adaptive Behavjdure MIT Press: pp. 12-21.

Schmajuk, N. A., & Thieme, A. D. (1992). Purposive behavior and cognii@pping: A
neural network modeBiological Cybernetics, 6 p. 165-174.

Scholkopf, B. & Mallot, H. (1995). View-based cognitive mapping and patimpig. Adap-
tive Behaviour, 3No. 3:, pp. 311-348.

Smart, W. & Hallam, J. (1994). Location recognition in rats and soBobm Animals to Ani-
mats: Proceedings of the Third International Conference on Simulation of Ael&wiv
haviour, The MIT Press: pp. 174-178.

Tani, J. & Fukumura, N. (1994). Learning goal-directed sensory-based ti@vigha mobile
robot.Neural Networks, Mo 3, pp. 553-563.

Toates, F., & Jensen, P. (1990). Ethological and psychological modualstightion-towards
a syntehsis=rom Animals to Animats: Proceedings of the First International Conéere
on Simulation of Adaptive Behaviodihe MIT Press: pp. 194-205.

Tolman, E. C. (1932Purposive Behavior in animals and mbiew York: The Century Co.

Webb, B. & Hallam, J. (1996) How to Attract Females: FurtRebotic Experiments in
Cricket PhonotaxisFrom Animals to Animats: Proceedings of the Fourth International
Conference on Simulation of Adaptive Behavidtie MIT Press: pp. 75-83.

Werner, G. (1994). Using second order neural connections for motivationhafibel
choicesFrom Animals to Animats: Proceedings of the Third International Conferenc
Simulation of Adaptive Behavigurhe MIT Press: pp. 154-161.

Wyeth G.F. (1997) Neural Mechanisms for Training Autonomous RoPot&eedings of
Mechatronics and Machine Vision in Practice Conferepedl. IEEE Computer Society
Press, in press.

Yeap, W. K. & Handley, C. C. (1990). Four important issues in cagniiappingFrom Ani-
mals to Animats: Proceedings of the First International Conference oul&iom of
Adaptive BehavioyiThe MIT Press: pp. 176-183.



