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Raumkaognition: Verhaltensleistungen, 1 Introduction: cognition and neurobiology
neur ale M echanismen und evolutionare Skalierung

In the theory of brain function and behavior, two major tradi-
Zusammenfassung. Raumkognitionisteine kognitivesig-  tions can be distinguished. The first one, which may be called
keit, die relativ fiilh im Verlauf der Evolution entstand. Sie the computational approach, attempts to describe mental pro-
eignet sich daher besonders zur Untersuchung der Evolutiogesses as judgements, symbols, or logical inference. The sec-
von stereotypem hin zu kognitivem Verhalten. Der vorliegendeond one focusses on issues such as control, signal flow in net-
Aufsatz definiert Kognition mit Hilfe der Komplexitdes Ver-  works, or feedback; it will be called the systems approach here.
haltens. Dieser Ansatz erlaubt die Frage nach den Mechanisn the field of perception, this distinction is rather old, dating
men der Kognition, gerade so, wie die Neuroethologie nachback at least to Hermann von Helmholtz’ “unconscious infer-
den Mechanismen einfacherer Verhaltenleistungen fragt. Algnces” (Helmholtz 1896) on the one side, and to the Gestaltists
Beispiel fir diesen mechanistischen Ansatz wird das Graphenen the other. Both approaches have different merits. Compu-
Modell der kognitiven Karte vorgestellt. Dabei geht es vor tational approaches easily lend themselves to modelling be-
allem um den Gedanken, daR kognitihigkeiten durch die  havioural competences including psychophysical data (Marr
Skalierung einfacherer, stereotyper Verhaltensmechanismergg2, Mallot 1998), without considering the biophysical pro-
erklart werden knnen. Diese evoluti@re Sicht der Kogni-  cesses in the brain that underly these competences. Systems
tion wird von zwei Arten empirischer Evidenz untérigtt: Ex-  explanations, on the other hand, are closer to the neurophysio-
perimente mit autonomen Robotern zeigen, dal die einfachelagical correlates of mental processes and are therefore useful
Mechanismen taéehlich ausreichen, um komplexes Verhal- in modelling neural activities. Bridging the gap between sig-
ten zu erzeugen; Verhaltensexperimente mit menschlichen Beral flow in the brain and behavioural competences, however,
obachtern in einer simulierten Umgebung (virtuelle Raglit s not easy.
zeigen, daR stereotype und kognitive Mechanismen beim Both approaches can be applied to all aspects of brain
menschlichen Verhalten zusammenwirken. function. This is quite clear for perception, and the respective

approaches have been mentioned above. It is much less clear
Summary. Spatial cognition is a cognitive ability that arose for higher competences such as cognition; indeed, cognition
relatively early in animal evolution. It is therefore very well s often seen as being accessible only with the computational
suited for studying the evolution from stereotyped to cognitiveapproach. The assumed relation of cognition and computation
behavior and the general mechanisms underlying cognitivgs two-fold: First, cognition is often defined introspectively as
abilities. This paper presents a definition of cognition in termsinference and problem solving, i.e., by notions taken from the
of the complexity of behavior it subserves. This approach al-computational approach. Second, the explanations offered by
lows questions about the mechanisms of cognition, just as thghe computational approach even for simple processes such
mechanisms of simpler behavior have been addressed in nels early vision are often formulated in cognitive terms. In
roethology. As an example for this mechanistic view of cogni-fact, Helmholtz’ notion of “unconscious inferences” is a clear
tive abilities, the view-graph theory of cognitive maps will be example of this. For these reasons, researchers who are not
discussed. It will be argued that Spatial Cognitive abilities Caninterested in the Computationa] approach tend to ignore cog-
be explained by scaling up simple, stereotyped mechanisms gfition, whereas others, focussing on computation, might think
spatial behavior. This evolutionary view of cognition is sup- that all central processing is somehow coghnitive.
ported by two types of empirical evidence: robot experiments  There is good reason to believe that this confusion can be
show that the simple mechanisms are in fact sufficient to proayoided if cognition is defined as an observable behavioral
duce cognitive behavior, while behavioral experiments Withphenomenon, and not as a mechanism of mental processing
subjects exploring a computer graphics environment indicatgmallot 1997). The following sections of this paper shall argue
that stereotyped and cognitive mechanisms co-exist in humaghat cognition can be defined by the complexity of the behav-
spatial behavior. ioral competences it supports (Sect. 2), that mechanisms for
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Fig. 1. Four levels of complexity of behavior. Level 1 allows reflex-like behavior based on the wiring and the current sensory input. Level 2
includes spatio-temporal processing of inputs arriving at different sensors and at different times. Learning is introduced at Level 3, by allowing
for plasticity of the spatio-temporal processing. Except for this plasticity, behavior is still determined completely by the sensory input. At leve
4, one sensory input may elicit different behaviors depending on the current goal of the agent. For further explanations see text

non-cognitive behavior can be scaled up to bring about cogthis system will avoid the sources since the sensor closer to
nitive competences (Sect. 3), and that in human spatial cognihe source will receive stronger input; in turn, the motor on the
tion, cognitive and non-cognitive levels of competence coexisside of the source will turn faster, resulting in a turning away
simultaneously (Sect. 4). | hope that the results and ideas réfom the source. In a corridor, the same mechanism will result
viewed in this paper make a contribution to an evolutionaryin centering behavior. Other behaviors that can be realized by
theory of higher-level behavior. this simple stimulus-response wiring are the “attacking” of
sources, or approach and “docking”.
The second level is reached when sensory information

2 Complexity of behavior from various sensors is integrated by interneurons or interneu-
ron networks. New sensory input interacts with the activity
21 Four levels pattern in the interneurons which forms a kind of working

memory. An instructive example of spatio-temporal integra-

Behavior of animals (and robots) may be divided into anumbefion without longterm memory is navigation by path integra-

of levels of complexity, four of which are illustrated in Fig. 1. tion. This type of navigation behavior can be implemented
In the simplest stimulus-reaction situations found already in2/réady on level 2, by continuously updating a representation
individual cells, sensor and effector cannot be distinguished®f the starting point of a path with the instantaneous motion

or are so close together that no neural transmission is nece8f the agent (see also below). .

sary. This level is not illustrated in Fig. 1. By the separation ~ L€amning can be defined as the change of behavior due
of sensor and effector, reflex-like behaviors arise (level 1)0 prior experience. On level three, this is achieved by plastic
Clear illustrations of the surprisingly rich behavioral abilities Modifications of the spatio-temporal processing. Examples in-
of systems endowed with such simple machinery are gi\,ergzlude the fine-tuning of motor programs in skill learning, the
in the thought experiments of Braitenberg (1984). The mos@Ssociation of landmarks (snapshots) and movements in route
commonly known example is probably his “vehicle 3b”, a navigation, or the I_earnlng of trigger stlmull. Memory is long-
platform with two sensors in front and two drives in the rear t8rm, butthe resulting changes of behavior are still stereotyped
receiving inhibitory input from the sensor located on the oppo-N the sense that one stimulus-response pair is simply replaced

site (“contralateral”) side of the vehicle. If the sensors respond?y another.
to stimuli originating from certain sources (e.g., light bulbs),
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Cognitive behavior (level 4) is characterized by goal-de-
pendent flexibility. The behavior of the agent no longer de-
pends exclusively on the sensory stimulus and whatever prio
experience it might have, but also on the goal which is cur-
rently pursued. In the case of navigation, the crucial situation
is the behavior at a bifurcation where one of two motion de-
cisions can be chosen. If the agent is able to do this correctly
with respect to a distant, not currently visible goal, we will call
its behavior cognitive. The difference between route memory
and cognitive maps has been lucidly elaborated by O’Keefea Tropotaxis
and Nadel (1987).

There are also higher levels of complexity in behavior
which are not included in Fig.1. As an example, consider
the behavioral definition of consciousness used in the work of
Povinelli and Preuss (1995). In their view, consciousness is
involved if behavioral decisions are based on assumptions of
what some other individual might know or plan to do.

2.2 Application to spatial behavior

d Recogn.-triggered resp.

Spatial behaviour includes a wide variety of competences thaf Guidance
can be classified based on the type and extent of memory thdjig. 2. Basic mechanisms of spatial behavat.ropotaxis.si andsz
require. For reviews see O’Keefe and Nadel (1978), Collettdenote sources that can be sensed by the agéetth integrations
(1992), Trullier et al. (1997) and Franz and Mallot (1999). start position{r, ¢) current position of start point in egocentric coor-
With respect to the four levels of complexity given in Fig. 1, dinatesc Guidance. The circles surrounding the vehicles symbolize
the following classification can be given: the visual array of the respective positidn; ..., 14 are landmarks.
The “snapshot” visible at positioB has been stored. At a location
A, movement is such that the currently visible snapshot will become

Without memory (no remembered goal). Simple tasks like more similar to the stored one. Recognition-triggered response
course stabilization, efficient grazing and foraging, or obstacl irgr?%gzr:‘taa'nsshgﬁt: rae :garﬁzzgkag‘:] 22t%ﬁ'gzciszzcéa:3fn";'th it
avoidance can be performed without memory. Traditionally, P o9 3 y

. . - some remembered angle is executed
memory-free orientation movements (and some simple move-

ments requiring memory) are called “taxis”{n 1919; see

also Tinbergen 1951, Merkel 1980). An example is illustratedexample depicted in Fig. 2c, a so-called snapshot taken at po-
in Fig.2a: an observer with two laterally displaced sensorssjtion B is stored in memory. By comparing the current view
can travel a straight line between two sources by balancingasiit appears from position A) to the stored reference view (po-
the sensory input in both detectors. A possible mechanism fosjtion B), a movement direction can be calculated that leads to
this behavior is of course Braitenberg's (1984) “vehicle 3b” an increased similarity of current and stored snapshot (Morris
discussed already in Sect. 2.1. While detailed classificationg9g1, Cartwright and Collett 1982, Franz et al. 1998b).
of various types of taxis (see Merkel 1980 for review) have A second type oflandmark-based navigation uses a slightly
not proved very useful in experimental research, the generaicher memory. In addition to the snapshot characterizing a
concept is central to the understanding of the mechanisms qflace, an action is remembered that the observer performs
behavior. when recognizing the respective snapshot. Inthe simplest case,
these actions are movements into specific directions (Fig. 2d),
but more complicated behaviours such as wall following could
Working memory. Working memory of a home position is also be attached to snapshot recognition (e.g., Kuipers and
required for path integration (Fig. 2b). Current egomotion es-Byun, 1991). We will refer to this mechanism as “recogni-
timates are vectorially added to an egocentric representatiofion-triggered response” (Trullier et al. 1997). Chains of re-
of the start position so that the current distance and diFECcognition_triggered responses allow the agent to repeat routes
tion of the start point are always available. This memory isthrough a cluttered environment. Note that recognition-
of the working memory type since the places visited or the-triggered responses act much like the so-called sign or trigger
path travelled are not stored (see Maurer agguinot 1995  stimuli (in GermanSchliisselreize) for innate behavior studied
for review). in classical ethology (Tinbergen 1951, Lorenz 1978).

Long-term memory. Long-term memory is involved in land- Declarative memory. Declarative memory is required to plan
mark-based mechanisms, which use a memory of sensory irand travel different routes composed of pieces and steps stored
formation characteristic of a given place (“local position in- in the memory. At each step, the movement decision will de-
formation”). In guidance, motions are performed in order topend not only on the current landmark information, but also
achieve or maintain some relation to the landmarks. In theon the goal the navigator is pursuing. Following O’Keefe and
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Fig. 3. a Simple maze shown as a directed graph with plagesd corridors:;. b Associated view-graph where each negeorresponds to

one view, i.e., one directed connection in the place graph. Only the edges corresponding to locomotions (“go-labels”) are shown. Simpler plots
of b are possible but not required for our argumemdjacency matrix of the view-graph with labels indicating the movement leading from

one view to another. Go-labels (involving a locomotion from one place to anothdgo left), g. (go right), g, (go backward). Turn-labels

(e.g., probing of corridorsy; (turn left), ¢, (turn right),t, (stay)

Nadel (1978), we use the term cognitive map for a declaraobserver generates a sequence of movement decisions defin-
tive memory of space; a cognitive map in this sense does ndhg a path through the maze. In doing so, he encounters a
necessarily contain metric information nor does it have to besequence ofiews from which he wants to construct a spatial
two-dimensional or “map-like” in a naive sense. memory. In order to study the relation of views, places, and
movements, we make the following simplifying assumptions.
First, we assume that there is a one-to-one correspondence
Sill higher levels? A behavioral competence not touched between directed corridors and views. All views are distin-
upon in this paper is communication about space. Some of thguishable and there are no “inner views” in a place that do not
finest examples of animal communication fall into this cate-correspond to a corridor. Second, one movement is selected
gory, for example, the directions to food sources conveyed byrom a finite (usually small) set at each time step.
the honey bee’s dance language (cf. Hauser 1996); however, With these assumptions, we can constructlee-graph
these examples seem to remain mostly on the level of steredhat an observer will experience when exploring a maze (Fig.
typed behavior. Communication on the cognitive level is of 3b, c). Its elements are:

course the domain of human language. For a comprehensivg Thenodesof the view-graphs are the viewswhich, from
discussion of the relation of spatial cognition and language, tne apove assumption, are simply identical to the corridors
see Herrmann and Schweizer (1998). in the place-graph.
2. Theedgesof the view-graph indicate temporal coherence:
) . two views are connected, if they can be experienced in im-
3 The view-graph approach to cognitive maps mediate temporal sequence. The edges are labelled with

. . o . the movements resulting in the corresponding view se-
This section presents a minimalistic theory of a cognitive map quence.

in terms of a graph of recognized views and movements lead-

ing the agent from one view to another. For a full account of _. g :
this theory, see Séitikopf and Mallot (1995). The view-graph picted in Fig. 3c. Note that all edges starting from the same
' X node will have different movement labels. The unlabelled ver-

generalizes the route memory given as a chain of recognition-. . A .
triggered responses to a cognitive map. A further generaliza§I0n of the view-graph defined here is fimeerchange graph

tion to open environments also using a guidance mechanisr“F'g_l'_'hW"jl.gner 1978) oftth.e p:ﬁce-grap-h.f i the pl
has been presented by Franz et al. (1998a). e view-graph contains the same information as the place-

graph. In fact, the place-graph can be recovered from the
view-graph since each place corresponds to a complete bi-
partite subgraph of the view-graph (for a proof, seedatpf

and Mallot 1995). Using the view-graph as a spatial mem-

ory, however, is a more parsimonious solution. Computation

is simplified in two points. First, in order to construct a view-

is as a graph where the places are the nodes and the corrid gap? nt}(]emory, It 'f‘ not geceszaryhto decu(:ijg Wh'cpﬂ\]’ IeIWE tile d
are the edges. We consider all corridors to be directional bu Ng {o € Same piace. second, when réading out (n€ 1abetie

allow for the existence of two corridors with opposite direc- view-graph, the labels can be used directly as motion com-

tions between any two nodes. When exploring this maze, thénands. Th's IS due to the f"’}Ct that in the V|ew-g.raph, labels
are specified in an egocentric way (e.g., “left”, “right”, etc.).

! The notion of a cognitive map was originally introduced by Tol- In contrast, in a place-graph memory, labels have to be world
man (1948). Tolman used shortcut behavior as an experimental incentered (“north”, “south”, etc.). In order to derive movement

dication of cognitive maps, which is problematic since shortcuts cardecisions from world-centered labels, an additional reference

also be found by simpler mechanisms such as path integration.  direction or compass would be required.

he resulting adjacency matrix with movement labels is de-

3.1 Places, views, and movements

Consider a simple maze composedptdces p1, ..., p, and
corridors ¢y, ..., ¢, (Fig. 3a). One way to think of this maze
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fr > the according movement ceihy;, say) will be active. If a pos-

ﬁ ; itive weight 3, ,; has been learned, the map weight will
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Fig. 4. Wiring diagram of the neural networkf:, ..., f;): feature
vector corresponding to current views, ..., mg: motion input.

v1, ..., Up: View cells. The dots in the view cell distal parts (“den-
drites”) symbolize synaptic weighta.Input weightsp,; : f; — vn
subserve view recognitioth Map layer weightsx,; : v; — v,
represent connections between views. They can be modified by fag_
cilitating weightsgs, »; (c), indicating that viewv,, can be reached

from v, by performing movement.,

3.2 Learning mazes from view sequences

A neural network for the learning of view-graphs from se-
guences of views and movements is shown in Fig. 4; for de-
tails see Sablkopf and Mallot (1995). The network consists
of one layer of “view-cells” {,, in Fig. 4) and a mixed auto-
and heteroassociative connectivity. View input enters the net-
work as a feature vectoyf{ in Fig. 4). For each view-cetl,,
a set of input weightg,,; subserves view recognition. The
input weightsp are learned during exploration of the maze
by a competitive learning rule: if unit; is the most active
unit at timet (the “winner” neuron), its input weights will
be changed in a way such that next time the same stimulus
occurs, the unit will react even stronger. This learning rule
is similar to the one introduced by Kohonen (1982) for the
self-organization of feature maps. Unlike the self-organizing
feature map, learning does not spread to neighboring neurons
in our network. Thus, adjacency in our network will not reflect
view similarity.

View-recognition is facilitated by neighborhood informa-

Convergence. For the toy-maze of Fig. 3a, a network with

8 input lines and 20 view cells (no movement input) con-

verges in 60 presentation steps. By this time, view speci-
ficities together with the appropriate map-layer connec-
tions have evolved.

. Miew recognition. The feed-back connections in the net-

work (Fig. 4b) help recognize the views. If noise is added
to the views, the map layer weights reduce the signal-to-
noise ratio required for recognition by a factor of about two
(3dB). This indicates that the topological structure stored
in the map layer weights is used to distinguish similar, but
distant views.

Maze reconstruction. From the weight matrix, we derive
an estimate of the adjacency matdof the view graph by
deleting the all-zero rows and columns, thresholding the
remaining entries, and suitably reordering the rows and
columns. Using the reconstruction method described in
Schdlkopf and Mallot (1995), the underlying place-graph
could be recovered after about 20 learning steps. This is
due to a redundancy of the view-graph: each place corre-
sponds to an complete bipartite subgraph consisting of the
entries and exits of the place. Thus, if vievis connected

to viewsb andc and viewd is connected to view, a con-
nection from viewd to view ¢ can be predicted. From this
property of the view-graph, optimal strategies for further
exploration of the maze can be derived.

4. Robot Navigation. A modified Khepera robot was used to

explore a hexagonal maze by Mallot et al. (1995). The
robotwas equipped with “two-pixel-vision”, i.e., two infra-
red sensors looking downward to the textured floor. The
sequence of black and white signals obtained when ap-
proaching a junction was used as view input to the net-
work. The robot was able to explore a maze of 12 places
and 24 “views” in about an hour. Afterward, the shortest
paths to all views could be planned and travelled.

tion or expectations implemented by the feedback connectiong 3 \iew-graphs in open environments

shown in Fig. 4b. If view celb; is active at a timé, it will
activate other view cells by means of the “map-weiglis;.

The theory presented so far applies to mazes, i.e., environ-

These map weights thus increase the probability that a unitnents with discrete decision points and strong movement re-
connected to the previous winner unit will be the most activestrictions. In order to apply the view-graph approach to open

one in the next time step. Map weights reflect the adjacencgnvironments, two problems have to be addressed. First, dis-

in the view-graph. Map weights are learned by the simple rulecrete points or centers have to be defined based on sensory

that the weight connecting the past and the present winner ungaliency and strategic importance (e.g., gateways). Second,

will be increased in each time step. a homing mechanism has to be implemented that allows the
The labels of the view-graph are implemented in the net-agent to approach the centers from a certain neighborhood or

work by a set of “facilitating weightsp;, ,; shown in Fig. 4c.  catchment area.

They receive input from a set of movement unitg whose View-based solutions to both problems have been pre-

activity represents the movement decisions (“left”, “right” or sented by Franz et al. (1998a,b). An agent starts the explo-
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from one object to the next (Rothkegel et al. 1998). These
results are well in line with the idea of spreading activation in
a graph of places or views. If mental representations are of the
route type (rather than the map or configuration type), spatial
priming is stronger in the direction of the route than in the
reverse direction (Schweizer et al. 1998). This route direction
effect is difficult to explain if a topographical, coordinate-
based representation would have been learned. In aview-graph
with directed edges, learning one direction does not imply
knowledge of the reverse direction which is in agreement with
the route direction effect.

Following the general logic of our approach, our own ex-
] o ] ] perimental work focuses on direct measurements of behavioral
Fig. 5. Aerial view of Hexatown. The white rectangle in the left performance in a realistic environment. To this end, we have
foreground is view 15, used as the home-position in our experiments 4 riaq out a series of behavioral experiments using the tech-
The aerial view was not available to the subjects nology of virtual reality (Rilthoff et al. 1997, van Veen et al.
1998). The basic structure of the experimental environment,

ration of an open environment (arena) by recording the viewcalled Hexatown, is depu;ted in Fig. 5 (Gillner 1997, Gillner
visible from its initial position. During exploration, the agent @nd Mallot 1998). It consists of a hexagonal raster of streets
continuously monitors the difference between the current viewVhere all decision points are three-way junctions. Three build-
of the environment and the views already stored in memory. 1f19S providing landmark information are located around each
the difference exceeds a threshold, a new view is stored: in thisinction. Subjects can move through the environment by se-
view-graph, this new view is connected to the previously vis-€cting “ballistic” movement sequences (60 degree turns or
ited one. The second problem, approaching a familiar view, idranslations of one street s_egment) by clicking the button_s of
solved by scene-based homing (see Fig. 2c). From a compaf* computer mouse (see_Glllner and Mallpt 1998 for detal!s).
ison of current and stored view, the agent calculates a move\erial views are not available to the subjects. In the version
ment direction which increases the similarity between storedPPearing in Fig.5, the information given to the subjects is
and current view. During exploration, this second mechanisnftrictly view-based, i.e., at any one time, no more than one of
is also used for “link verification”: if the agent encounters a the landmark objects is visible.

view similar to one stored in its memory, it tries to home to this | n€landmarkinformation in Hexatown s strictly confined
view. If homing is successful, i.e., if stored and current view {0 the buildings and objects placed in the angles between the

get sufficiently similar, a link is added to the view-graph. The Stréets. The geometry of the street raster does not contain any

mechanism has been tested with a robot using a panoramigformation since it is the same for all places and approach

vision device navigating an arena with model houses. dlrect|ons: This is important since geometry has been shown
At first glance, the view-graph approach might not seemt© Play animportantrole inlandmark navigation (Cheng 1986,

natural for open environments. However, in a view-based€rmer and Spelke 1994). Hexatown also provides one other

scheme, the manifold of all pictures obtainable from all indi- tYP€e of information, i.e., egomotion as obtained from optical

vidual positions and viewing directions in the arena (the “view lOW- _ _ _

manifold”) cannot be stored completely. The sketched explo- ~ 1h€ most important results obtained with the Hexatown

ration scheme is an efficient way to sample the view-manifolg@nvironment are the following:

and represent it by a graph whose mesh size is adapted to the

local rate of image change, i.e., to the information content of

the view-manifold. The threshold for taking a new snapshot

has to be set in such a way as to make sure that the catchmeRtace vs. view in recognition-triggered response. In system-
areas of adjacent nodes have sufficient overlap. atic experiments with landmark transpositions after route learn-

ing, we could show that recognition-triggered response is trig-

gered by the recognition of individual objects, not of the con-
4 Mechanisms of human spatial behavior figurations of objects making up a place (Mallot and Gillner

1998). After learning a route, each object together with its reti-
One general paradigm for accessing mental representatiomsl position whenviewed from the decision point (left periph-
of space is the measurement of reaction times. In a standarefal, central, right peripheral), is associated with a movement
procedure, a list of items (distractors mixed with objects fromtriggered by the recognition of this object. When objects from
a previously learned spatial arrangement) is presented and thiifferent places are recombined in such a way that their as-
subjects are asked to decide whether the object did or did natociated movement votes are consistent, no effect in subjects’
occur in the spatial arrangement. Reaction time for a giverperformance was found. If however, objects are combined in
item is reduced if the previously presented item happened tinconsistent ways (i.e., if their movement votes differ), sub-
be close to the present one in the spatial arrangment (spatifgcts become confused and the distribution of motion decisions
priming; McNamara et al. 1984, Wenger and Wagener 1990)approaches chance level (see Fig. 6). It is interesting to note
The associated measure of distance is not just metrical distandkat this result is different from findings in guidance tasks
but depends on the connectivity of places (e.g., by streets) an@Poucet 1993, Jacobs et al. 1998), where the configuration of
the number of memorizable objects passed when travellingll landmarks at a place seems to be stored in memory.
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Fig. 6. After learning a route in Hexatown, subjects are tested by releasing them at some point on the route and simulating a translation

towards an adjacent place. Here the subjects are asked to decide whether the route continues left or right. In the control condition (no landmark
replacements) 82% of 160 decisions (40 subjects, 4 decisions at different places) were correct. Landmark replacements had no effect as long
as all landmarks had been associated with the same movement decision during the training phase (middle panel). If landmarks are combined

that “point in different directions”, a significant reduction in performance is found. We conclude that place recognition is not required in route
behavior. Rather, recognition of individual landmarks, or views, suffices. For details, see Mallot and Gillner (1998)

i

encountern released at some position and had to find a landmark shown

— LL |LG|RG|RR LL |LG|RG|RR to them as a printout on a sheet of paper, subjects were able to
+ LL 1101 iLlolololo infer the shortest ways to the goal in the later search tasks (Gill-

S Glo A clolilolo ner and Mallot 1998). Each individual search corresponded to

‘g =clolo B0 o =clo o o a route learning task; the advantage for later search tasks indi-
8 cates that some goal-independent knowledge was transferred
g ;lRel l)\ 0 60 RRIOJO]O & from the known routes to the novel tasks, which is an indi-

DPN  A=1.0 " cation of map knowledge in the sense of O’Keefe and Nadel
_ S ) ~(1978). Other indications of map knowledge were the sub-
Fig. 7. Movement decision histograms obtained from three sub]ectﬁects’ ability to estimate distances in the maze and the sketch

exploring the Hexatown virtual environmeril, left turn 120 de- maps drawn as the last part of the experiment.
greesL G, left turn 60 degrees followed by a translation (“go”) along

the now visible street segmeRG, right turn 60 degrees followed

by a translation along the now visible street segmB#R; right turn . f | d dv diff fland
120 degrees. Only decisions that were false in both search tasks (eHjte"aCtlon of cues. In order to study difierent types of lana-

counters) are inciuded in these histograms. Counts on the diagon&@'k information, we added distal landmarks to the envi-
indicate cases where subjects repeated the decision from the previonment, placed on a mountain ridge surrounding Hexatown
ous encounter (“persitence”). Thersistence rate \ estimates the  (Steck and Mallot 1998). In this situation, various strategies
fraction of decisions due to persistence; for statistical independencéan be used to find a goal: the subjects could ignore the distant
of subsequent encounters, the value= 0 would be obtained. For landmarks altogether, they could rely on the distant ones ex-
details, see Gillner and Mallot (1998) clusively, orthey could use both typesin combination. We tried
to identify these strategies by replacing the distant landmarks
after learning, so that different patterns of movement decisions
Stereotyped behavior. Recognition-triggered response is not could be expected for each of the above strategies. We found
restricted to pure route behavior. In order to study map beithat different strategies are used by different subjects and by
havior, subjects were asked to learn twelve different routes irthe same subject at different decision points. When removing
Hexatown (Gillner and Mallot 1998). While map knowledge one landmark type from the maze after learning, subjects who
was acquired during that experiment (see below), stereotypeblad relied on this landmark type earlier were still able to use
associations of views to movements could also be demonthe previously neglected type. This indicates that both types
strated in this situation. By evaluating the sequences of viewsf information were present in memory but one was ignored
and movement decisions generated by the subjects when nain the cue-conflict situation.
igating the maze, we found a clear tendency to simply repeat
the previous movement decision when returning to an already

known view (see Fig.7). This implies that subjects use thes Discussion: evolutionary scaling of spatial behavior
strategy of recognition-triggered response, which is a stereo-

typed strategy useful in route navigation. The theoretical and experimental work gathered in this paper
is motivated by the following ideas:

Map knowledge. Subjects can acquire map knowledge in a 1. Spatial behavior includes a fair number of different com-
virtual maze. In a series of search tasks where subjects were petences, ranging from stereotyped orientation behavior
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to way-finding and path planning, and further to commu- 10.

nication about space.
2. These competences and their underlying mechanisms form

a hierarchy not only in the sense of increasing complexity 11.

but also in the sense of the evolution of behavior. Sim-

ple mechanisms can be scaled-up to realize more complex2-

competences (see also Mallot et al. 1992, for a discus-
sion of “preadaptations” in the evolution of intelligent sys-
tems). We have shown that recognition-triggered response
can be used as a building block for a cognitive map and
we would like to suggest as a working hypothesis that this
relation reflects the course of evolution.

3. In this mechanistic/evolutionary view, the distinction be-
tween stereotyped and cognitive behavior, clear-cut as it
may seem when looking at Fig. 1, loses much of its strength.
Ifthere are evolutionary connections between recognition- 1 g
triggered response and cognitive maps, why should they

15.

not coexist in the same navigating system? Our data fromy 7,

the Hexatown experiment seem to suggest that this is in

fact the case. 18.
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