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Abstract. This paper presents a computational model which explam$ath
mation of cognitive maps similar to those found in mammalts$ rmway be used
for navigation tasks in open environments (as opposed t@g)ad he model
is inspired by the discovery of place as well as head diraat&lls in the rat's
hippocampus. The modelled cognitive maps consist of maagglogical re-
lations between ‘place cells’ and are generated by a modifesion of the
Kohonen self-organizing map. A model which simulates ptgjidiorces as in
natural systems is applied to extend the relatively spayseldgical map with
metric information. Both the cognitive map and the force elaate closely
related to functions that could be performed in the braine parformance of
the model is tested in navigation experiments with a siredlabbot in an open
environment. The robot is equipped with distance sensatsaatompass, but
has no information about its current coordinate position.

1 Introduction

This work is inspired by the discovery of place cells as wsllh@ad direction cells in the
rat’'s hippocampus. While insects seem to use only a guidandeorientation system for
navigation, mammals are thought to have a mapping systechwiquires the use of spatial
memory. This neural mapping system is callembgnitive mapa term first used by Tolman in
1948 [10]. In the rat’'s hippocampus, cells were detecteciwpreferably fired when the rat
was in a particular portion of its environment, but were &ygndependent of its orientation
and actual view (O’Keefe, 1976 [6]). The area in the envirentrwhere one particular place
cell fires at the highest rate is called tphiace fieldof this cell. Another type of cells were
found which preferably fired when the rat’'s head was turneal¢ertain direction, regardless
of its position in the environment (Taube et al., 1990 [9])y &ploring the environment

for a certain amount of time, a rat creates a representatidhi® environment, in other

words, a map in its brain. After the map has been created, éhsos input can even be
removed (e.g. the light switched off), yet the proper placd head direction cells still fire

during movement (O’Keefe and Speakman, 1987 [7]). Evehytudle place as well as the
head direction representation shifts slightly (Knierimaét 1995 [3]) but in a coordinated
manner, which shows that place and head direction cells@reslsow correlated. These
findings suggest that a mental representation of the envieon is stored in memory which
also contains information about the direction of paths leetwa pair of places.

A neural network model of a navigation system is describettiwkakes into account
these findings. It will be presented in section 2. The neuasrissynapses in this model are
idealised and should not be regarded as biologically t&ahgurons and synapses. However,
they do share some properties with their biological cotedaln section 3, a physical force
model will be presented which resolves the conflict betwexggological and metric map



representations. This model allows for both a flexible togatal map and the advantage of
the higher information content of metric maps.

The navigation scenario presented in section 4 consistsiai@ated environment which
a robot explores by moving through it and receiving sensedli@ck. The information of
both the sensor inputs and the movement direction is fediv@meural network, which rep-
resents the cognitive map. The results will be discussedahan 5.

2 Neural Network Modd

In this section, the computational neural network modehefdognitive map is described. Its
function is to create a topological map of an environmentagal using sensor data as an in-
put to the neural network. The self-organizing cognitivgpreansists of a modified Kohonen
Network [4]. It has some similarities with the self-organg sequence map implemented by
Scholkopf and Mallot [8], who explored view-based navigain mazes.

The main difference between this model and the standard ieheelf-organizing map
is that no assumption about the spatial position of the meuothe cognitive map is made,
and therefore only the connection weights of the winningroeware updated. As there has
not yet been found any obvious correlation between theapatiangement of place cells in
the hippocampus and the spatial arrangement of their platgsfithis change seems more
appropriate. Another important change to the standard Kehmetwork is the enforcement
of the weights between the current winner neuron and theavinauron from one time-step
before. This action is based on the continuous movementechgient in its environment. It
allows for the creation of a topological map without any asston between place cells and
spatial coordinates.

The neural network consists of an input layfer= (fi, ..., fr) with I neurons and an
output layeio = (o, ..., 07) with .J neurons, which are fully interconnected by weight vectors
r;, (j € {1,..., J}). The output layer (or map layer) is also fully interconneciéth itself by
connection weights;, and angleg;, (7, k € {1, ..., J}). A preprocessed input vector of a
place is fed into the input layer and triggers a “winner tai¥sprocess in the output layer.
The activatior:, for each neurom,, in the map layer is calculated using the sufnof four
different terms within a sigmoid functionf, = g(2%) = (1 + e~%)~" with

rh=sl +c+1 -0 (1)

The terms, which will be described in more detail in the fallog subsections, are the feature
similarity s, the connectednesg, the movement valuels and a fixed threshold. The
thresholdd is subtracted to shift the input of the sigmoid function mtowards negative
values, which results in a greater variety of possible ation values. The output neuron
with the strongest activation is deemed the winner neurtsnvéight vector;, as well as its
connectedness and movement value to the last winner, wilpdated.

2.1 Feature Similarity

The feature similaritys, is a measure of resemblance between the received input and an
already perceived view, without the context being taken axtcount. It is measured by the
product of the input vectof and the weight vector, connectingf to a neurorp; in the

output layer,st = S°7_ (firh,). Sincef as well asry, have been normalized, it reaches its
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Figure 1: The neural network structure. The neurons in thatitayer are fully connected to the map
layer neurons. The map layer neurons are fully intercormteftom the beginning of the learning
process, but initially have zero weight.

maximum value whelfi = r,. The weights, of the winner neuron are updated according to
the Kohonen learning rule
rp =rp T H6(f - )

where) is a learning constant. The weight vectors are then noredlia constant length.
This training law gradually aligns the weight vectans of winning neuronso, with the
direction of the normalized input vectofs

2.2 Connectedness

The connectedness is used to bring into account where the network ‘thinks’ ishast
been, as well as the (un)certainty of a connection betweerptaces. The connection value
o, between the winner neuran and the last winner neurasy increases according to the
following formula:

ajy = afpt + y(amax— aj; ') (2)
where~ is a learning constant anghmax is a constant maximum connection weight. In the

activation function, the connectedne4f each neurom, in the output layer to neuronsg
is weighted with the last activatiorj‘1 of the neurons.

2.3 Movement Value

As additional information, an estimation of the directianwhich the agent has just moved
is generated. The length of the travelled path from the l&stepis unknown and can only
be estimated as being the same for all connected places. itogilbal organism, direction
estimation could be taken by using global landmarks as a asmprhis direction sense is
represented by the head direction cells in rats.



The movement angle between two nodes is storegirand is updated each time step
whenoy, is the winner neuron after; by bisecting the stored angh?;l and the input angle
pfnp. The movement valug: ;;, for each node is calculated as

myy, = cos (|pjr — Pinp|)-

The value forp;x — pinp| lies betweert) and27r which modifiesm;, to a value betweer 1
and1.

In the activation function, the movement value of the cotinedetween neuron, and
each neurom; in the output layer is weighted with the last activat'n;?ﬁ1 of the neurons.

J
Il = Z a?ilmjlk
7=1
In a more biologically plausible model, the angle informaticould be modelled sepa-
rately, maybe in the form of head direction cells influending weights between place cells.
Processes like these have been observed in the brain andawa kspresynaptic inhibition
or facilitation.

By inserting the input vectof, the weight vectors, the last activations] ', the map
layer weight vectorsy,, and the movement weight vectars,, %, is expanded to

I

J
1 ~
Ty = Z irik 7 Z (a5 H(afy +my)) — 0 3)
j=1

=1

3 Physical Force M odel

The model introduced in this section allows the extractibmetric information from the
map presented by the neural network in section 2. With thisefanodel, a flexible and
inexpensive topological representation can be presebegdan also be extended with metric
information when required. To get a better idea of the cagminap, it is useful to arrange it
as a graplG = (V, E), where the set of vertices represents the map layer nodes, and the
set of edge# represents the connections between nodes. The only inflamthe cognitive
map contains apart from its topology is angle information.

Between all connected nodes, equally strong springs awereests The model makes use
of the assumption that all edges have approximately the gamgén. The nodes are imagined
as repulsive charges and the edges as springs between teeiw,w) € R? be the distance
vector between nodeand nodev andd(v, w) = ||d(v, w)|| its Euclidean distance. Between
each pair of nodes, there is a forE¢v, w) = Frep(v, w) + Fattr(v, w), the sum of a repulsive
and an attractive force. The repulsive force is caused byghlaeges and the attractive force
is caused by the springs. If the two nodes are not connectadpying, therFagtr(v, w) = 0.

The attractive force is computed according to Hooke’s law:

Fattr(v, w) = vattré (v, w)
and the repulsive force is set to be proportional to the seaquare of the distance,

5(v, w) §(v, w)
F - L = I 2ENIE)
repl ) = R, oy = TP I, w)



Figure 2: Two nodes connected by a spring. The attractiymjlse’e and rotational forces are drawn
next to the processed node. The dashed lines show the remexirdmge orientation. The attractive
and rotational forces are only influenced by nodes direailynected to the current node, whereas the
repulsive forces take into account all nodes in the graph.

whereyrep andyatr are free parameters to adjust the forces. At each step opthegsalgo-
rithm, a nodev is randomly selected and the forégv) = > .., F'(v, w) is calculated.
Then the node is moved in the direction of this force. The graph is balansén the sum
of forces between all nodes

Z (Frep(v, ’U)) + Fa'[tl’(va w))

v,2weV,w#v

is minimal and therefore the potential energy has reachethemam. This minimum is not
necessarily a global one. To get closer to the global minimuimuseful to perturb the graph
with decreasing amplitude.

The algorithm for a fast and stable solution comes from Rerchan and Reingold [2]
and is already implemented in the graph algorithms librdyEeDA [5]. It is a modification
of the original spring-embedder model of Eades [1] and wankanalogy to forces in nat-
ural systems. This algorithm does not solve the edge otientaroblem yet, since it only
implements spring and repulsive forces. Therefore, Ferohén’s spring algorithm has been
modified by adding rotational forcdgot(v, w) to the springs. These forces take into account
the angle information between connected map layer neunaiheineural network (see figure
2).

Frot(v, w) = ~yrot7 (v, w)d(v, w)?*6 ; (v, w)

where (v, w) denotes the angle between the current and the stored edgeation and
d, (v, w) denotes the unit vector normal &dv, w) whose cross product with the preferred
edge direction vector does not contain any negative compeneSincer(v,w) = 7 —
T(w,v), Frot(v, w) = — Frot(w, v).

Both algorithms work for planar as well as for non-planargrs. The cognitive maps
should be mostly planar, however, some few edges can cauasplaarity.

1In R? there are two possibilities for a unit vector normabte, w).
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Figure 3: a) The 2D environment fully explored by the robotheTwhite circles mark the places
where the robot has read its distance sensors. Readingspedoemed every few time steps. b) A
cognitive map resulting from the exploration tour of a) aftee physical force model has been applied.
Each node represents a place cell. One can clearly see the splaice as the obstacles. Node 85 has
been confused at least once with node 23. Connections bhetaaies have been drawn when the
connection weight was greater than zero.

4 Simulations and Results

For the simulations, an open environment (in contrast to aenhas been chosen in which
the agent can move freely in two dimensions. The whole arsari®unded by a border to
keep the agent within the environment it shall explore. Iditoin, some obstacles which
cannot be traversed are placed into the environment (seeef@)u Concerning the neural
network parameters, the learning constantor the weights between input and map layer,
the learning constant for the map layer weightsand the maximal value for the map layer
connection weighteimax were all set ta.3. The activation function thresholtiwas set to
2.5.

4.1 Sensor Input

Eight distance sensors positioned equidistantly arouaddhot’s body are chosen to receive
a very low resolution one-dimensional omnidirectionakWwi. This surround ‘view’ roughly
agrees with the visual field of the rat, which covers 320he sensors have a maximal range
of 15 times the robot’s body size. The sensor reading can jostad according to the current
bearing of the robot. The choice of distances as a sensot hgsunot been chosen for its
biological plausibility, but rather for its simplicity anfr fulfilling a requirement such as
continuity, which is essential for the map building.

The action scenario obeys the following rules: the agentoe@p the environment by
moving through it randomly but smoothly. Obstacle avoidaiscperformed by reading the
three front distance sensors and turning accordingly. \Efesv time steps, the agent transfers
its sensor readings to the neural network presented inose2ti These readings include the
current compass orientation. Using this method, the coagnihap is gradually generated
during exploration. A resulting cognitive map from the eoviment is depicted in figure 3.

4.2 Analysis of the Place Fields

In figure 4, two typical place field pictures for different nbers of map layer neurons are
shown. Noticeable in both pictures is the increased numbglace fields around the obsta-
cles. If one viewed these fields as the place fields of an anmnal might explain them as
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Figure 4: Distribution and shape of the place fields. The gedye of each pixel shows the index of
the neuron with the highest activation for sensor measunésrtaken at this place. Picture a) shows
the typical place fields for a neural network with 50 map layeurons, picture b) uses 200 map layer
neurons.

distinctions between more interesting and less interggilaces for the animal. The expla-
nation for the situation with the robot is obvious: since tiestacles have convex corners,
the distance sensor input changes more frequently anddesisgously due to occlusions. It
happens to be advantageous for an efficient use of the plisgsiece less cells are used for
open spaces than for ‘interesting’ places with many borders

What happens, if one of the map layer neurons “dies”? Thedbsse cell would not
cause a large disturbance of the map (due to the absence ‘@rdmedmother’ cell effect),
since the place field would not stay empty, but is most likelyssimed by the cells of neigh-
boring place fields. This occurs because the cell belongirayparticular place field is the
cell with the highest activation: other cells might have atylightly smaller activation in
parts of this place field. However, if one map layer cell sudgldisappears, the connectivity
of the map is disturbed at this place and has to be relearmadlylo The distribution of the
winner neuron activities for particular places is shown gufe 5. Each place field can be
recognized as being a small activity hill.

Place fields measured in rats look similar to the place figldbése experiments. They
are usually a few times the animal’s body size, circular, stmalv firing rates which decrease

place cell activation in the simulated environment
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Figure 5. Winner neuron activities on a vertical sectiorotigh the place fields in the environment.
The simulated place fields show Gaussian activity distidouas in rat’s place fields.



similarly to Gaussian distributions the further away theisafrom the mass centre of the
place field. When the number of map layer neurons is very sih@laverage place field size
is higher than when using more neurons. However, the whalee@mment is still completely
covered. One also notices that with a high number of neusnrag very small place fields
are generated, which is not very useful.

5 Discussion

In summary, a computational model of cognitive maps has lbessied that could be used
for navigation tasks in open environments. In several siteal robot experiments it has been
shown that a reliable cognitive map can be built during ariegpion tour in a virtual en-
vironment. Even though the virtual environment did not pdevmany orientation cues, the
sensor input for the robot could be kept very low level. Arsthdvantage is that the cogni-
tive map can be created without the robot getting any exténf@mation about its current
coordinate position. Metric representations of the ihittgoological maps have been suc-
cessfully created by implementing a force model which agapphysical forces, as in natural
systems, to the place cells in the cognitive map. Many aspédthe presented cognitive map
model are biologically plausible and extend existing work.
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