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Abstract

Despite years of research into cognitive mapping, the process remains controversial and little understood. A computational
theory of cognitive mapping is needed, but developing it is difficult due to the lack of a clear interpretation of the empirical
findings. For example, without knowing what a cognitive map is or how landmarks are defined, how does one develop a
computational theory for it? We thus face the conundrum of trying to develop a theory without knowing what is computed.
In this paper, we overcome the conundrum by abandoning the idea that the process begins by integrating successive views
to form a global map of the environment experienced. Instead, we argue that cognitive mapping begins by remembering
views as local maps and we empower a mobile robot with the process and study its behaviour as it acquires its “cognitive
map”. Our results show that what is computed initially could be described as a “route” map and from it, some form of a
“survey map” can be computed. The latter, as it turns out, bears much of the characteristics of a cognitive map. Based on
our findings, we discuss what a cognitive map is, how cognitive mapping evolves and why such a process also supports the

perception of a stable world.
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Introduction

Since Tolman’s (1948) seminal paper, there has been much
interest in how spatial representations underlie sentient
spatial cognition and in particular, the idea that human and
some non-human species compute cognitive maps of their
environment. There exists strong empirical evidence that
what is computed is some form of a Euclidean map. For
example, we have, in humans, from the sketch maps we pro-
duce to our abilities to orient to unseen places (e.g. Buchner
and Jansen-Osmann 2008; Ishikawa and Montello 2006)
and, in animals, from observing their foraging behaviour in
the wild (e.g. Luhrs et al. 2009; Normand and Boesch 2009;
Polansky et al. 2015) to their spatial behaviour in controlled
experiments (e.g. Cohen and Bussey 2003; Gallistel 1990).
The discovery of place cells, head cells and grid cells in the
brain provides neurophysiological support that a Euclidean
map is also computed (Jeffery and Burgess 2006; O’Keefe
and Nadel 1978). Yet despite this evidence, the exact nature
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of such a map remains a mystery and this has led some
researchers to argue against the idea that a cognitive map
is computed (Benhamou 1996; Bennett 1996; Mackintosh
2002; Tversky 1993; Wang and Spelke 2002).

Part of the mystery is that a cognitive map is unlike a
cartographic map whereby having computed it, one could
read out where everything is located. The geographers and
environmental psychologists cautioned against this notion of
a cognitive map with an outcry in the 1970’s, “a cognitive
map is not a cartographic map” (Downs and Stea 1973).
Their studies show, for example, that our perceived distance
in the city is affected by seemingly unrelated factors such
as presence of barriers, intersections in routes, direction of
travel and time spent living in the environment (Crompton
2005; Montello 1997; Raghubir et al. 2011). Beck and Wood
(1976), for instance, reported an experiment whereby they
showed how tourists remembered two physically adjacent
structures as being far apart because these structures were
experienced as the last buildings in two different journeys
starting from the same place but moving in opposite direc-
tions. Why is this the case if our cognitive map is a global
metric map of the environment? If not, what kind of a map
is a cognitive map?

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10339-018-0895-0&domain=pdf

204

Cognitive Processing (2019) 20:203-225

Sketch maps produced from investigating the acquisition
of route knowledge in urban areas show that what is learned
is not a metric map of the entire journey. Instead, these maps
show local accuracy (some parts are accurate while others
are either missing or inaccurate) and often such accuracy is
found at the start and end of a journey (e.g. Golledge et al.
1985; Rovine and Weisman 1989). Subjects also learn a list
of landmarks and places visited, the order in which they
were visited and/or a sequence of actions taken at various
choice points in the journey. In other words, what they learn
is a fragmented metric map together with some form of a
topological map (Downs and Stea 1973; Evans 1980; Lynch
1960). However, if a metric map is learned at the start of the
journey, why isn’t a full metric map of the journey learned?
Why does one learn both a metric map and a topological
map? Our map is also found to be systematically distorted
due to various factors such as the regularization of turns and
angles (see review: Koriat et al. 2000) and the alignment and
hierarchical effects (see review: McDonald and Pellegrino
1993). While having a precise and detailed map would be
over-empowering (i.e. we don’t need to know exactly where
everything is), is there a reason to distort what is learned?

The elusive nature of cognitive maps has led some to
argue against the idea, and they offer alternative explana-
tions to account for the behaviour observed. For example, for
rats searching for food in a radial arm maze, Brown (1992)
argues that they could have considered only those alleys not
visited and thus would not need to use a spatial (metric)
map. In the water maze problem, Benhamou (1996) argues
that rats could use some orientation mechanisms and not a
spatial map to locate the platform in the water maze. Ben-
nett (1996) argues that many of the experiments that dem-
onstrate the ability of finding novel shortcuts could be due
to path integration rather than the use of a cognitive map.
Even for humans, the idea has also been challenged. Wang
and Spelke (2002) argue that our map comes from our sym-
bolic reasoning about the environment and not from having
evolved a different cognitive mapping process. More recent
discussions that raised the possibility that insects have cog-
nitive maps have also been debated along similar lines (e.g.
Cheeseman et al. 2014; Cheung et al. 2014). Inferring the
nature of the map from behavioural data is extremely dif-
ficult, especially when researchers do not have an adequate
process model underlying cognitive mapping and cannot
inspect the “program” in one’s head.

To unravel this mystery, a computational model of cogni-
tive mapping is needed to show what is computed and why.
However, and unlike the modelling of perceptual processes,
one faces a conundrum trying to develop a model without
knowing what is computed in it. Note that the problem
cannot be defined away given the controversial nature of
the map. For example, while it has been observed that the
map is inexact and incomplete, one does not know why and
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how inexact or incomplete the map is. Worse, some have
argued that the map could be non-existent. Consequently,
any attempt to define such a map and show how it is com-
puted does not exactly resolve the mystery itself. To solve
this conundrum, we seek a model that has explanatory
power rather than demonstrative power (Yeap 2011). We
note that empirical researchers have proposed and debated
many hypotheses about cognitive mapping. For a model to
be explanatory adequate, we need to demonstrate which
of these hypotheses the model could support and why and
in doing so, we highlight the inadequacy of some of these
hypotheses, correct any misconceptions and provide fur-
ther insights/predictions about cognitive mapping. In other
words, unlike many existing models of cognitive mapping,
our model is not developed specifically to account for some
of these hypotheses. Rather, the model is developed inde-
pendently and tested to see if these hypotheses could be veri-
fied using it. To achieve this, we empower a robot with the
process and study its behaviour and just like studying the
behaviour of different species, we observe its behaviour and
discuss how cognitive mapping works.

We use the word “empower” to emphasize that our
implementation of the model is not about algorithmic per-
formance (i.e. how well or efficient it computes its map) or
about achieving a naturalistic simulation (i.e. how similar it
is when compared with a particular species). For the former,
it means that what is computed in the model will be judged
only loosely. For example, we create a process that computes
an inexact and incomplete map, but we are not concerned
with how inexact or incomplete the map is. Instead, we are
concerned with how the system behaves when empowered
with such a process. For the latter, it means that the sys-
tem itself does not need to be biologically realistic. In our
implementation, we use a wheel-based robot equipped with
a laser and an odometer. It is unlike any other species but
much of what is known about cognitive mapping has come
from studying different species that have a variety of forms
and use different sensors and methods to explore their envi-
ronments. Our robot could be a species of its own, albeit
an artificial one. If it exhibits cognitive-like behaviour and
computes a cognitive-like map, we claim it is empowered
with a process to compute its own cognitive map and, as
we shall soon see, much could be learned from its process
about cognitive mapping. We will refer to a robot designed
for the study of cognitive processes without mimicking any
particular species as an Albot (Yeap 2011).

In this paper, we present our study of cognitive map-
ping using the above approach. In “The process: a modu-
lar, view-based model of cognitive mapping” section, we
develop a novel view-based model of cognitive mapping that
does not compute directly a global metric map of the whole
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environment experienced. Instead, it takes views! as inputs

whereby each view is used as a map of the local environment
visited. A list of such views represents the path traversed.
We show a global map of one’s immediate surroundings
could be obtained by integrating two or more adjacent views
in the list. In “Albot,: a robot empowered with a view-based
process for exploring its environment” and “The experi-
ments: analysing Albot;’s map and process” sections, we
empower a mobile robot with the process and conduct a
series of experiments to investigate the nature of such global
maps computed and the robot’s behaviour as it acquires its
own “cognitive map”. In “General discussion” section, we
show that our model is explanatory adequate by discussing
what perplexing characteristics of cognitive mapping could
be accounted for by our model and what further insights
into cognitive mapping could be gained. In “Conclusions
and future work™ section, we conclude with a discussion of
future work.

The process: a modular, view-based model
of cognitive mapping

Currently there exist two process models for learning about
the spatial environment. The first is based on a logical
idea—a map is computed via the integration of information
from successive views. The second is based on an empirical
observation—many species are observed to remember snap-
shots (2D images) of a place and use them as part of their
navigation strategy (Cartwright and Collett 1982; Graham
and Collett 2002; Pecchia and Vollortigara 2010). Several
algorithms have been proposed for the latter. They show how
remembering snapshots helps insects to navigate towards
their goal (e.g. Cheng 2008; Cheung et al. 2008), creates a
topological network of arbitrarily defined but unique places
(e.g. Kuipers and Byun 1991; Scholkopf and Mallot 1995)
or a qualitative map of the environment (e.g. Wagner et al.
2004) and, more recently, enables route recapitulation (Gaf-
fin and Brayfield 2016; Smith et al. 2007). Since snapshots
cannot be used for orienting to unseen locations, this process
is never referred to as cognitive mapping but rather as an
alternative process for learning about the spatial environ-
ment and which is often proposed for insects.

The first process model, on the other hand, has been
widely accepted by cognitive researchers as the model of
cognitive mapping (e.g. Burgess 2006; Tatler and Land
2011; Wang and Spelke 2002). Cognitive researchers pay
much attention to the frame of reference used when com-
puting such a map and in particular, whether one computes

! Each view is delivered by its sensor(s), which is not necessarily
vision-based and it describes what and where things are out there.

an egocentric map or a non-egocentric map. It is generally
accepted that an egocentric map is computed first, because
it is a form that vision delivers and it is a form that is most
natural for guiding action (Evans 1982). As the map gets
larger, maintaining it would be daunting and at some point,
the information would be transferred into an enduring non-
egocentric map (Burgess 2006; Sholl 2001). Unfortunately,
these researchers overlook two important aspects of this pro-
cess that concern its use as a model of cognitive mapping.
First, they fail to consider the serious effect of sensor noise
that will render any such enduring map useless (for a more
detailed discussion, see Yeap 2014). Interestingly, robotics
researchers face a similar problem when implementing the
process on robots and they identify correctly that the key
problem to solve is simultaneous localization and mapping
or “SLAM”. They developed a neat probabilistic solution for
SLAM that enables robots to compute an exact map of their
environment (for a review of such works, see: Bailey and
Durrant-Whyte 2006; Durrant-Whyte and Bailey 2006). Sec-
ond, if, like the robotics researchers, one could overcome the
distortions and compute a useful map, that map would be,
in Wang and Spelke’s (2002) words, “too all-embracing in
scope and flexibility” and would be unlike a cognitive map.
However, unlike Wang and Spelke who then argue against
the idea that a cognitive map is computed, we argue that it is
the process model underlying cognitive mapping that needs
to be replaced.

McNamara and his co-workers (McNamara 2003; Mou
et al. 2004; Rump and McNamara 2007) offer an interesting
alternative model whereby views are remembered on their
own as descriptions of places visited, using whatever intrin-
sic frame of reference (including but not necessarily limited
to one’s egocentric view) that is most suitable at the time of
coding. These views are not updated with information from
subsequent views of the same place unless the new view
offers a better description, such as being less obstructed or
aligned with more salient axes in the environment. If this
happens, the view is then replaced by the new view. Unfortu-
nately, they offer the same mechanism of updating continu-
ously one’s position and orientation in these views so that
a global metric map of the environment traversed can be
computed. As noted above, without correcting sensor noise,
such a map would be too distorted or, with sensor noise cor-
rected, too exact and detailed as a cognitive map.

Our model

In developing our model, we observe that a view shows not
just what things are in it but also where things are in its
bounded space. Taking a view as input, one instantly has a
map of the local environment that one is about to explore
and could use it to guide one moving in it. For example,
one could use it to decide where to retreat to if a predator
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suddenly appears or where to go next. By tracking local
objects in subsequent views, one could triangulate one’s
position in the map using them, thereby localizing oneself
in the map. By assuming that the world one lives in is stable,
the input view/local map does not need to be updated as one
moves in it. This is because nothing significant would have
changed and new objects appearing in subsequent views are
ignored as they are deemed to lie outside the map. When no
local objects are in view, one has exited the current local
environment. One then takes another view as input and uses
it as a map for the next local environment that one is about
to enter. This process repeats itself as one moves about in
the environment.

Formally, our model is defined as follows: (1) the process
takes the current view as a map of the local environment that
one is about to explore; (2) while moving in it, the process
tracks local objects in view and (3) when no local objects are
in view, repeat step (1). Our model thus computes directly
a list of views (henceforth also referred to as local maps)
rather than a single global metric map. Just like the McNa-
mara et al. model, views remembered are not updated as one
moves in their bounded space. However, unlike in the McNa-
mara et al. model, none of the views is to be replaced by a
“better” subsequent view and there is no continuous tracking
of one’s position in it. For species that do not need to return
“home”, earlier maps can be “forgotten” as one continues to
explore one’s environment. If not, a collection of such views
represents the path one took through the environment and
could be used as input for computing a richer description of
the environment. Computing it first as part of cognitive map-
ping, however, is reminiscent of an old dictum in cognitive
mapping: “a route map is computed first, prior to a survey
map (i.e. a global map)”. Henceforth, we will refer to such
a list of views as a route map.

Being view-based, our model is attractive as a model of
cognitive mapping but in addition, our model is also modu-
lar in Fodor’s (1983) sense, (see also Barrett and Kurzban
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2006; Mandelbaum 2013). Computing a route map is almost
free: one’s perceptual system delivers the views required
automatically and already has various mechanisms for track-
ing objects across views, say, for the perception of persisting
objects (Scholl 2007). The process is thus fast and domain
specific and as noted above, repeats itself continuously. The
process is also automatic and ballistic and, as Mandelbaum
(2015) argues, this means that the process is information
encapsulating.

Could computing a route map provide a sufficient basis
for learning much of the characterizations of cognitive map-
ping found in the literature? A central thesis of cognitive
mapping is that one also learns some form of a fragmented
global metric map that is inexact and incomplete and that
allows one to orient oneself in the environment. As noted
earlier, one way to do so is compute a route map with over-
lapping views (see Fig. 1). In the next two sections, we
empower Albot; with such a process and conduct three sets
of experiments to study its mapping behaviour as it explores
its environment.

Albot,: a robot empowered
with a view-based process for exploring its
environment

In this section, we present three key algorithms for empow-
ering our robot, Albot,, with a view-based process of its
own (Fig. 1). Albot,; is a pioneer-3DX mobile robot (from
MobileRobots Inc., Amherst, NH, USA), equipped with a
180-degree SICK laser scanner and an odometer. Albot;
computes simultaneously a route map and a global map of
its environment as it explores in an office environment. The
three key algorithms required are: (1) an algorithm for track-
ing surfaces across views, (2) an algorithm for adding local
maps to its route map and (3) an algorithm for adding and
deleting information from its global map.
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Fig.2 Albot,’s algorithm for tracking surfaces: the surfaces to be
tracked, held in S, are transformed (4+) onto the incoming view,
V., using the distance moved and the angle turned to get to V.. Any

Fig.3 Creating a route map
and a global map: V,...V; are
five robot viewing positions
and the ellipses indicate the
view boundary for V, and V,. A
route map created using V; and
V, (as opposed to V; and Vs)
would allow one to triangulate
the viewing position of V, in V|
using the tracked surfaces (solid
line) perceived in view V|,
thereby allowing the creation
of a global map that combines
views V, and V,

Tracking local surfaces

The inputs for Albot, are laser points that are converted into
lines denoting surfaces in view. To compute a route map,
Albot, tracks surfaces belonging to its current local environ-
ment that are still in view. However, since Albot,; only uses
these surfaces for triangulating its position in its local envi-
ronment (see “Computing simultaneously a route map and a
global map” section), we implement an algorithm that tracks
only those surfaces that are deemed best for the triangulation
task. Such surfaces would exclude tiny surfaces, surfaces
that can be distorted easily due to perspectival viewing and
surfaces without any occluding point. Albot,; thus uses the
following three criteria to select surfaces for tracking: (1) it
is of a reasonable length (>40 cm), (2) it does not lie parallel
to the robot’s facing direction (i.e. the robot’s viewing angle
of the two endpoints of the surface is no less than 3°) and
(3) it has at least one endpoint that has not been occluded.
All threshold values are selected arbitrarily.

Since Albot, perceives 2D surfaces as lines, there are not
many useful features that one can use for the recognition
task. Consequently, we implement the standard algorithm of
transforming information in one view to the next and find-
ing co-locating surfaces as a method of “recognizing” sur-
faces. A surface is “recognized” as the same if the distance
between the endpoints of two co-located surfaces is less than
40 cm and their view angles are no more than 5 degrees.

t

tracked surface (dotted lines) found “close” to a surface in V/, is iden-
tified as the same surface. These then become the new set of surfaces
to be tracked and described using the coordinate of V,

Figure 2 outlines how the algorithm works (for its pseudo-
code, please see “Appendix 17). Using this algorithm, some
of the tracked surfaces could be missed but what this means
is that Albot, will lose track of these surfaces earlier than
expected. However, this does not affect the process in any
significant manner.

Computing simultaneously a route map
and a global map

We observe that a series of local maps (i.e. views remem-
bered) can be combined to form a global map if the positions
of the origin of each local map in its previous local map are
known. This condition can be achieved if every local map is
created prior to exiting its current local map and at a point
where some of the tracked surfaces are still visible. The lat-
ter enables one to triangulate one’s position in each local
map (Fig. 3). Albot,’s route map is computed as such and is
represented as a list of tuples (V;, R;,y), where V, is the view
remembered and R,  is the coordinates of the robot’s view-
ing position in the previous local map, V;_;.

Albot,’s algorithm for computing both its route map
and global map can now be described. Using the tracking
algorithm (Fig. 2), Albot, continuously tracks surfaces as it
moves in its local environment. Whenever Albot; has less
than four tracked surfaces, S;;, in its current view, V,, it adds
a new local map, (V,, R;y), to its route map (Fig. 4). The
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Fig.4 Albot,’s main routine
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coordinates of the surfaces in V, are then transformed into
that of the global map and these surfaces become part of the
global map. However, we found that it is possible that one
could end up with no trackable surfaces in the current view
and as such Albot; would not be able to localize itself in the
current local map prior to entering the new one. A straight-
forward solution would be to always use the previous view
(Ve_1» R l) instead, i.e. it remembers the previous view as
the next local map since it guarantees that one could local-
ize oneself in it. In the example given in Fig. 3, the route
map will consist of the views V| and V; together with their
respective coordinate positions and not V; and V.

Unfortunately, in the above situation, one finds oneself
immediately in a local environment with few (<4) or no
trackable surfaces in view. This means that Albot; would
need to immediately update its map again, but it could not
now use V,_,; otherwise, it would be in a loop. A switch (a
Boolean variable, used-V,,—see “Appendix 2” for details)
is used to signal that one should use V, instead of V__,;
Note that in the situation where V, has no trackable sur-
faces, Albot; would not be able to localize itself in the map
using triangulation and a simple alternative would be to use
path integration. That both mechanisms, path integration
and triangulation, are needed in Albot,’s process is interest-
ing from a cognitive mapping standpoint since both strate-
gies are widely used among species (e.g. Zhao and Warren
2015). Figure 5 shows Albot,’s updated mapping process
that includes the use of path integration.

“Appendix 2” provides the pseudo-codes for these three
algorithms: the main algorithm, an algorithm for updating
the maps and an algorithm that updates the maps using path
integration. Briefly, to localize the origin of each local map
(i.e. one’s current position) in the previous local map, Albot,
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thus uses either path integration or triangulation. The former
method is a straightforward method using vector addition
and the latter method requires selecting a suitable (or the
best) trackable surfaces, S,;,...S,,, that are in view for trian-
gulation. To do so, Albot, uses two heuristics: one for ruling
out which S;; cannot be used and one for choosing the best
remaining Sy to triangulate its position. The first heuristic
involves computing the average localization point and its
standard deviation from all points afforded by each tracked
surface. Any §;; that generates a localization point whose dis-
tance from the average localization point is greater than the
standard deviation is then ignored. The rationale is that these
points, if not distorted, should be located close together. The
second heuristic for deciding which of the remaining points
best represents Albot,’s position is as follow: observe that
Albot, explores its environment using linear motion, always
knowing how much it turns and moves and therefore it can
roughly localize itself in the current local environment using
path integration. One simple heuristic then is to choose the

Route map, M

Vc/Vc 1 Vc/v\
@/ [3] ~‘ / Global map, M
S

IF |S,| = 0 do path integration until |S | >3
and update the global map for each iteration.
Return S, to the perceptual process

Fig.5 Albot,’s cognitive mapping process
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point generated by the S; closest to Albot,’s position com-
puted via path integration. Once Albot,’s current position
in the previous local map is computed, the current view can
now be added to the route map and its content transferred
to its global map.

Updating the global map

When updating the global map, an immediate problem
arises: how should overlapping information be dealt with?
For robot mapping, such information is often combined
using a best-fit strategy to produce a complete and exact
map. For cognitive mapping, doing so would enable one
to know that one is returning to a familiar place. However,
without correcting sensor errors, overlapping parts do not
necessarily refer to the same part of the physical environ-
ment and as such, any attempt to combine them is futile.
By following the principle of no updating of local maps,
we use an alternative and a more parsimonious strategy
whereby overlapping information is simply deleted rather
than merged. Albot,’s algorithm is described below (for its
pseudo-code, see “Appendix 37).

First, all surfaces in the global map that fall within a
slightly enlarged spatial extent of the incoming map are
identified. We use an area slightly larger than the current
view to remove a bit more of the surfaces in front. The
rationale is that these surfaces, if any, are unlikely to be a
useful part of the current memory. Surfaces are removed
using the following rules: if they belong to the current map,
they are removed immediately (this is the case of overlap-
ping surfaces between the current map and the incoming
map as a result of moving forward); if they belong to past
local maps, either the whole or parts of these old maps are
removed. For example, when surfaces belonging to local
maps 252 and 28 are found, we remove all surfaces belong-
ing to local maps from 25 to 28 that fall on the facing side
of the robot. The rationale for doing so is that these maps
are not experienced in isolation and thus should be removed
as a group. However, only those surfaces belonging to these
maps that Albot, could “see” from its current position are
removed. Doing so leaves more information in the global
map, thus creating a residual effect. Without combining
incoming views with information in the global map, it turns
out that our approach is limited in that Albot, does not know
that it is returning to the same part of the environment; it
keeps deleting information in the global map whenever it
“moves” into a part of it thereby creating a transient global

2 Surfaces belonging to the same local map are tagged with a unique
identity.
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Fig.6 A typical test environment

map. However, we argue in the discussion section that rec-
ognition of places visited earlier is best performed using a
separate process.

The experiments: analysing Albot,’s map
and process

Three sets of experiments were conducted using Albot,; to
investigate the cognitive aspects of both our process and the
global map computed. In particular, we ask the following
questions: (1) can Albot;, compute a useful global metric
map?, (2) if so, what kind of a global map is computed? and
(3) how does Albot,’s process compare with the traditional
process of integrating successive views to form a map? To
provide a more insightful analysis, we conduct our experi-
ments together with a SLAM-based robot. While the SLAM
implementation is never intended to be a model of cognitive
mapping, it is nonetheless the only successful realization of
a mapping process favoured by cognitive researchers and
as such, a comparison with Albot;’s process can provide an
interesting contrast between the two different approaches
from a cognitive mapping standpoint. The SLAM method
we have chosen is Carmen mapping (Thrun et al. 2001),
sourced from: http://carmen.sourceforge.net/) but, as noted,
the particular choice of algorithm is unimportant in our
study. Any shortcomings identified here concern only the
process itself as a candidate model for cognitive mapping
and not as an algorithm for robot mapping. To de-empha-
size the particular algorithm used, we will refer to the robot
itself, as Albot,, and not to the algorithm.
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Fig.7 Maps computed by a ]
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Figure 6 shows the main test environment used and a
path, S FEl ->E2—>FE3—:+—>FE6—>El -E7T—>E8§—E
6 — X, taken by the robot. S and X refer to the same physical
location. The robot is either driven continuously through-
out the environment along the chosen path or moved in a
start—stop manner. Note that there are other objects in the
environment (e.g. chairs and tables) and therefore the layout
depicted in Fig. 6 does not represent the exact environment
that the robot has experienced. Using this particular envi-
ronment, we collected three datasets by driving the robot
continuously using the path shown. Dataset 1 consists of
1330 views, where consecutive views are recorded either
at 10 cm or 1 degree apart. Dataset 2 is the same as dataset
1 except that at each step the odometer data have an extra
10 cm or 1 degree added to induce errors. Dataset 3 consists
of 217 views, where consecutive views are recorded either
1 m or 10 degree apart. Two other environments will also be
used and will be introduced later.

Experiment 1: can Albot, compute a useful global
metric map?

Many species can orient to nearby places and what cogni-
tive mapping tells us is that they use a map to do so. It is
important to show in our first experiment that the global map
computed by Albot, is good enough for it to orient itself in
its environment despite no correction of sensor errors. Given
that different species rarely orient exactly to where they want
to go (for example, see Etienne et al. 1998), it suffices that
Albot, produces a “good enough” map that shows only a
rough shape of the environment traversed.

Figure 7 shows the maps computed by Albot; and Albot,
for the path S — E1 — E2 — E3 — E4— ES. The robots tra-
versed approximately 100 metres (measured by their odom-
eters) and obtained 795 views as recorded in dataset 1. From
the 795 views, Albot; updated its global map only 307 times
(i.e. it remembers 307 views), whereas Albot, updated its
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map 795 times. While Albot, produced a slightly inexact
map, it will be able to correct itself when it continues to
move towards S, thereby creating an exact map. Albot,’s
map, on the other hand, is inexact (i.e. it will not be able to
correct itself) and incomplete (parts of the environment are
missing from its map). Nevertheless, by inspection, Albot,;
is able to use its map to orient to some nearby places.

However, just to demonstrate that this is the case, we
measure the distance and orientation of its starting position
from two different stop positions in two separate journeys
(Fig. 8). In this test, Albot, explored its environment using
a start—stop approach so that its exact stop positions can
be selected. Corresponding measurements were then cal-
culated using the floor plan of the physical environment
(see Fig. 6). The results are shown in Table 1. Note that the
orientation angle is the angle between Albot,’s current fac-
ing position and the starting point; its sign tells whether the
angle is measured with Albot, turning left (+) or right (—).
Given that Albot,’s measurements deviate no more than+7°
and + 3 m, the results confirm that Albot,; performs very well
in this test. However, as we shall soon see, Albot,’s map
is not a complete and precise map and as the map grows
in size, some parts can no longer be oriented properly. In
contrast, Albot, produces an exact map for the entire envi-
ronment traversed and hence will be able to orient precisely
to any parts of its map.

We also tested Albot; using a dataset downloaded from
the robotics data set repository (Howard and Roy 2003).
This extra dataset is chosen because the robot does not
explore its environment by moving forward continuously;
it turns back frequently and returns to places visited earlier.
This tests if Albot,’s global map would become too dis-
torted as it continuously adds and removes local maps from
its vicinity. Figure 9a shows the map produced by Albot,
using this dataset (but with a different SLAM algorithm,
GMapping from Grisetti et al. (2007)). The robot’s path is
S§—1—-2—...— 17— E. Figure 9b shows that the map
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Fig.8 Calculating the distance
and orientation in two different
journeys: (top) Albot, explores
the environment (Fig. 6) in

a clockwise direction and
(bottom) in an anti-clockwise
direction
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Table1 Asvdv
Albot,’s map Physical map
Figure 4a —75.5°/25.8 m —70.1°/27.3 m
Figure 4b 83.0°/19.6 m 77.0°/17.0 m
Figure 4c 114.0°/32.1 m 117.5°/35.3 m
Figure 4d 82.5°/21.6 m 76.0°/23.0 m

produced by Albot, still could represent the approximate
shape of the environment traversed. However, in absolute
terms, Albot,’s map is seriously distorted since the point E
is not where it should be (with respect to S which is plot-
ted in its original position). However, what this shows is
that in Albot,;’s map what matters most is not the absolute
position of where things are but whether its overall shape
corresponds well to the overall shape of the environment
traversed. The latter would allow it to orient itself in its

immediate surroundings.

(b)

Fig. 9 Maps computed by a Albot, and b Albot, using a dataset from

a repository
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Fig. 10 Maps of Albot, pro-
duced as it re-visits parts of the
environment as shown in Fig. 6

Experiment 2: what kind of a global map does
Albot, compute?

Albot,’s global map is dynamic due to the deletions of infor-
mation whenever incoming information overlaps with exist-
ing information. The underlying cause for the latter could be
due to a familiar part of the environment being re-visited or,
simply, the overlapping of unrelated parts of the map due to
spatial distortion. To highlight the map’s dynamic nature,
we continue with Albot;’s exploration of its environment
from where it stops in Fig. 7b. As Albot; moves past the
point marked with a circle in Fig. 6, much of the corridor on
the left that was in the map earlier (Fig. 7b) has now been
removed (Fig. 10a). As Albot, continues, it re-builds the cor-
ridor from a fresh perspective (Fig. 10b). The map computed
by Albot, would remain the same (map not shown).
Instead of computing a map of the entire environment
experienced, Albot; computes a map that shows only how
local maps experienced earlier are related to its current local
environment. Note that local maps experienced further back
in the route may or may not be displayed and if displayed,
could be seriously distorted. For example, observe how the
map changes from Figs. 7b, 8, 9 and 10a. Figure 7b shows
that the points S and E are seriously misaligned but are not
so in Fig. 10a, when Albot, has re-visited the point S after
having traversed past the point E. Albot,’s global map is
thus path-dependent and “egocentric”. Note that the term
egocentric is not used here in its mathematical sense that
many researchers, both in the neural and cognitive sciences,
have used to describe a cognitive map (e.g. Ekstrom et al.
2014; Meilinger and Vosgerau 2010). Instead, it is used to
describe a map whose information can only be interpreted
from the current local map that one is in as opposed to one
whose information could be referenced independently from
any position in the map. The latter would be described as an
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(b)

allocentric map and an example would be Albot,’s global
map.

So far, we have shown Albot, is capable of generating
a single useful map for the entire environment explored.
However, as noted above, this should not always be the
case as sensor errors can cause older parts of the map to
be seriously misaligned. This is demonstrated in the next
experiment in which Albot; explores a route that is not cor-
ridor-like (Fig. 11a). Here the robot is driven continuously
from S to E via X over a distance of approximately 130
metres. It collected 153 views in this journey and updated
its global map 103 times. The result shows that at point
X, Albot; maintains a reasonable map of the environment
traversed (Fig. 11b) but at point E, the earlier parts of its
map have become seriously distorted (Fig. 11c). Thus, what
Albot; could learn is not a single global map but a series
of independent but connected global maps. For example,
in this test, it could learn two global maps; one at point
X (Fig. 12a which is the same as Fig. 11b) and another at
point E, where what was computed up to the point X were
removed (Fig. 12b). In contrast, Albot, learns a complete
single global map of the environment (Fig. 12c¢).

Experiment 3: how does Albot,’s process differ
from Albot,’s?

Using our terminology above, a key difference between the
two approaches is that Albot, combines successive views
to form an allocentric map (i.e. a global map of its environ-
ment experienced), whereas Albot; combines successive
local maps to form an egocentric map (i.e. a global map of a
segment of the path traversed starting from its current local
environment). For the former, what robotics researchers have
discovered is that if the robot maintains an estimate of the
joint probability of its map and its poses and updates them
with every successive view, these estimates can converge
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Fig. 12 Global maps learned: a and b Albot, learns two independent but connected global maps and ¢ Albot, learns a single complete global

map

and produce an accurate map, provided it could also recog-
nize returning to places visited earlier. Such a process is thus
computationally intensive, as it requires correct matching
of landmark features and continuous updating of both the
map (with incoming information) and the estimates of the
positions of all the landmark features and the agent’s poses
in it. Albot,’s process, on the other hand, is a much more
parsimonious process, requiring many fewer updates and
less attention to incoming views.

To demonstrate, we conduct an experiment using data-
set 3 whereby each robot traverses the entire path, S —E
1-E2—>E3—-—E6—>FEl—>E7—E8—E6— X, for
approximately 136 metres but is only given 217 views. In
other words, the incoming views are not being processed as
frequently as before or, more precisely, each consecutive

view is either 1 m or at least 10 degree apart. Figure 13a
shows Albot, still produces a reasonable map with the
reduced input while Albot,’s map is now seriously distorted
(Fig. 13b). From the 217 views, Albot; updated its global
map only 133 times. Albot,’s process is thus not only com-
putationally intensive but also rigid. Without continuous
updating, it fails to “close the loop” and produce a correct
map.

Albot,’s map can be affected by what is in the environ-
ment. For example, if more trackable surfaces are perceived
at a distance, Albot; will update its map less often and vice
versa. Or, when no trackable surfaces are in view, Albot,;
shifts to using path integration rather than triangulation for
localizing itself, thereby causing more distortions to the map
computed. To demonstrate these effects, we analyse some
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Fig. 13 Maps computed by a
Albot; and b Albot, in Experi-
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Fig. 14 Two different traces showing how Albot,;’s global map (top
and bottom) is updated. The green marker shows the robot’s position
when updating takes place. Each number below indicates the number

traces of Albot,’s process. Figure 14 shows two traces of
how Albot, updates its global map using the triangulation
method. Albot; is moving through the environment as shown
in Fig. 6 using a start—stop approach. The first trace (top
row) shows how the map is updated when Albot, is moving
through a corridor (left part of Fig. 6) and the second trace
(bottom row), when Albot, is moving through a more open
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of move/turn instructions executed before an update is required. Each
move is on average about 3 m

spaced area (top part of Fig. 6). In the first trace, trackable
surfaces were seen close to Albot; and Albot, thus updated
its map frequently (after at most 2 moves). This is because
Albot, quickly lost track of these surfaces. However, the
map generated is detailed, i.e. nothing much is left out. In
the second trace, Albot, updated less often (after at least
2 moves) and the map is less detailed. For example, in the



Cognitive Processing (2019) 20:203-225

215

) /
S | g
%. : /)
i iy .
— e L
view 48 view 49 view 50 view 51
r\( ) ) ﬁ(f )
Ew/‘:r - E\r\ri/ / Ew/—\r\/m\' EWV\/\W‘
- | - | | |

Fig. 15 Updating one’s global map using both triangulation and path integration: (top) views perceived at 4 successive steps and (bottom)

Albot,’s global map after updating at each corresponding step

third update moving through that part of the environment, a
large area (marked by the dashed rectangle) is now missing
despite being perceived by Albot,.

Figure 15 shows Albot, reversing out of a room in the
environment as shown in Fig. 6. Here, it updates its global
map using triangulation and path integration. In view 49,
Albot, sees only two tracked surfaces (dotted line) in view.
This triggers it to update its global map using view 48 but
since view 48 has only 3 tracked surfaces in view, it has
already been used to update the global map. Hence, Albot,
updates its map using view 49 instead and using triangu-
lation (see bottom row). In view 50, no trackable surfaces
are in view and Albot, thus continues to update its global
map using view 50, but this time, it uses path integration. In
view 51, Albot, continues to use path integration to update
its global map using view 51. Note that using path integra-
tion, the map is updated after every move and consequently,
errors could be added to the global map at a faster rate (com-
pare the global map on the far left with the one on the far
right in Fig. 15 and one sees that the right-hand wall now
becomes more slanted).

In our final experiment, we look at the effects of sen-
sor errors on path integration. We compare Albot,’s pro-
cess with Albot,’s process that now integrates successive
views to form a map without correcting sensor errors. In this
experiment, we use two datasets, dataset 1 (without induced
errors) and dataset 2 (with induced errors). The path taken

by the robotis S—>El - E2 —->E3 —->E4—>E5—>E6—ET.
Figure 16 shows the results of this experiment. Without cor-
recting sensor errors, Albot,’s maps are now seriously dis-
torted (Fig. 16a, b). Albot;’s maps, however, still maintain
the shape of the environment traversed (Fig. 16c, d). Note
that in Fig. 16d, Albot,’s map is slightly more distorted than
in Fig. 16¢ and this is due to the effect of using path integra-
tions more often to update its map (7 times as opposed to 5
for Fig. 16¢).

Final remarks

Despite no error corrections and no continuous integra-
tion of successive views, Albot, is able to compute a global
metric map that allows it to orient to nearby places. How-
ever, unlike a cartographic map, its global map is shown
to be transient, path-dependent and egocentric, inexact and
incomplete, and only represents well the last segment of the
path traversed. If a large environment is being explored, no
single global map that is all-embracing in scope and flex-
ibility is learned. Instead, what could be learned is a series of
independent but connected global maps; the extent of each
depends on the sensors used and the nature of the environ-
ment itself. Albot; uses path integration and triangulation
for self-localization in each local map and both strategies
are commonly used by different species in finding their way
(see discussions below).
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Fig. 16 Maps computed using

a dataset 1 and b dataset 2 by
Albot, and maps computed
using ¢ dataset 1 and d dataset 2
by Albot,;
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In contrast, the process for computing a global map from
integrating successive views requires one to solve a set of
problems that include correcting sensor errors, continuous
self-localization in the map, continuous updating and rec-
ognition of places re-visited. Such a process is shown to
be rigid, intolerant to errors, computationally intensive and
expensive. This process is a more complex form of path
integration whereby one computes the current position of
the self from the start and a detailed map of the environment
traversed.

General discussion

The mystique of cognitive mapping lies in how and what it
computes as a map. Introspectively, the map computed can-
not be a complete global, metric map of the environment,
so, what kind of a map is computed?

If we assume that a SLAM-based model represents the
process that computes a map of one’s environment via the
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integration of successive views, then our experiments using
Albot, indicate that such a process could be too rigid and
computationally demanding as a model for cognitive map-
ping. Cognitive mapping should be highly efficient and
adaptive because when exploring the environment one faces
numerous other tasks such as attending to what is out there,
searching for food, avoiding predators and sometimes, being
playful. Our process is modular and view-based. It does not
require continuous integration of views, updating of its maps
or correction of errors. Without the need to compute a com-
plete map, there is no need to align one’s mental space with
the physical space prior to getting up and going. One can
roam freely and deal with the problems arising without wor-
rying about maintaining a consistent map. Henceforth, we
are not in disarray when our mode of travel changes (e.g.
from walking to driving) or when we enter into impossi-
ble worlds such as those created in virtual environments
(e.g. Kluss et al. 2015; Zetzsche et al. 2009). The process
degrades gracefully when faced with unexpected changes
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in the environment. Computationally, our model is thus an
attractive model for cognitive mapping.

The nature of the maps computed in our model is telling.
In early research on cognitive mapping, one popular idea is
that one learns two kinds of maps, a route map and a survey
map. The former is meant to describe the physical experi-
ence one had while moving through the environment, and
the latter is the resulting global view of the environment.
Tolman (1948) also discussed that there are two kinds of
maps when he introduced the idea of a cognitive map. He
described them as a narrow and strip-like map and a broad
and comprehensive map. The idea persisted throughout the
early research in cognitive mapping (e.g. Shemyakin 1962;
Appleyard 1970; Thorndyke and Hays-Roth 1982; O’Keefe
and Nadel 1978), but like many other ideas about cognitive
mapping, the idea has much intuitive appeal but isn’t precise
enough to be tested empirically or properly modelled. For
example, what distinguishes a map that is narrow and strip-
like from a map that is broad and comprehensive? While
many researchers consider the latter as some kind of a global
metric map, the idea of computing such a map, as noted in
the introduction, is problematic.

Our model supports the idea that two maps are computed
and they bear close resemblance to some descriptions of
these early maps. The route map, according to our model,
is a list of local maps that are individual views of the envi-
ronment taken at different points throughout the journey.
It thus affords the sense of being narrow in that the space
is bounded by the view and being strip-like in that it is a
list portraying the route taken. A survey map is a global
metric map but one that is transient, egocentric, inexact and
incomplete. In other words, it is nothing like a cartographic
map. Our model also predicts that these maps are computed
simultaneously (see Ishikawa and Montello 2006; Montello
1998). It does not support the idea that the route map is
computed first as a list of landmarks prior to that of a survey
map (Siegel and White 1975) or the idea that one’s survey
map is the result of combining several route maps. Cognitive
mapping, according to our model, is best viewed as an inde-
pendent perceptual process (as opposed to, say, being part
of vision) that computes maps that show the bounded space
that one is in and not maps that show what is in the environ-
ment. One task that clearly distinguishes these two kinds of
maps (i.e. one which is bounded and the other unbounded)
is the recognition of places re-visited. The maps computed
in our model would not facilitate such recognitions and as
we have argued, this task is better performed as part of one’s
conceptual reasoning about the environment.

Without computing a single global map that is all
embracing in scope and flexibility, puzzling observations
about cognitive mapping raised earlier in the introduction
disappear. For example, Beck and Wood’s (1976) subjects
could not recall that the two physically adjacent structures

were adjacent because these structures are, according to our
model, remembered at two vastly separated points in their
route map. That our perceived distance is affected by the
direction of travel can be because what is learned initially
is not a single description of the physical path traversed but
two separate experiences of the route taken. Consequently,
the presence of barriers and intersections, and the time spent
in the environment can affect what is learned. Given that the
route map keeps growing as one moves about in the envi-
ronment, some parts of it could be “forgotten”. This might
account for why subjects draw fragmented sketch maps that
show local accuracy only. However, this raises the question
of what one could learn as an enduring map of the environ-
ment and especially since the survey map is also a transient
map. We showed in experiment 2 that one could learn a set
of independent but connected global maps, but we did not
show how such an enduring map would be used (see future
work below). Two important tasks for the latter are recogniz-
ing where one is and finding shortcuts when returning home.

Ultimately, our model needs to be tested empirically. It
already provides fresh operational definitions (in Feest’s
(2005) methodological sense) for several of the popular,
but controversial/ill-defined, conceptions about cognitive
mapping. These include the idea of a route map versus a
survey map, an egocentric map versus an allocentric map,
a view-based model versus one that integrates successive
views and a cartographic-like map versus a cognitive map.
With these ideas grounded with a formal model, we hope
more rigorous experiments would follow that need not be
based on an imaginary process. Our model also leads us to
consider two important spatial cognition issues that we will
discuss for the remainder of this section. The first concerns
the evolution of cognitive mapping. Wang and Spelke (2002)
argue that it is an advantage that different species evolve
their navigational abilities that build upon a common set of
mechanisms. Our experiments using Albot; show that when
computing its maps, the process utilizes functions (such as
the tracking of objects in view, path integration and trian-
gulation) that can be found in other perceptual processes. In
“On the evolution of cognitive mapping” section, we discuss
why our model would support the evolution of cognitive
mapping from insects to humans. We also find continuous
map updating, as in Albot,’s process, causes the shape of the
map to change continuously as a result of correcting errors.
In contrast, our process is stable; Albot,’s local map is fixed
as it moves in its local environment. In “On perceiving a
stable world” section, we discuss why our model would lead
to the perception of a stable world.

On the evolution of cognitive mapping

Our model of cognitive mapping describes a process that
computes three increasingly sophisticated maps, namely
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a local map (i.e. a perspective view), a route map (i.e. a
list of overlapping local maps) and a survey map (i.e. an
integration of local maps). While most researchers do not
consider path integration as part of cognitive mapping, the
former produces the simplest form of map, one that displays
only the relation between two points in the environment. We
argue that the evolution of cognitive mapping begins with
the acquisition of a 2-point map (left side of Fig. 17) and
then a route map and a survey map (right side of Fig. 17).

It is well known that insects have evolved the use of path
integration to travel afar and return home directly and that
some correct their inexact 2-point maps by using snapshots
to aid their return home (e.g. foragers’ “learning walk and
flight” (Capaldi and Dyer 1999; Menzel et al. 2000; Nichol-
son et al. 1999; Muller and Wehner 2010)) and/or to re-cali-
brate their position in the journey (Collett and Collett 2000).
Theoretical models predict that one can re-trace a path using
a learned series of snapshots (Gaffin and Brayfield 2016;
Smith et al. 2007). Such plausible use of snapshots suggests
that a method for triangulating one’s position in the environ-
ment could have evolved concurrently with a method for
path integration. These two methods provide the basic map
building tools for cognitive mapping and are also the two
basic tools used in our model.

The next step in the process is the evolution of sensors
that could deliver a perspective view, thereby allowing one
to remember a bounded space prior to moving in it. With
visual systems that deliver enhanced depth information, the
triangulation method could become the primary method for
self-localization. It has the advantage of being independ-
ent of one’s movement in the environment. Path integration
could then be a secondary/redundant source that resets as
one moves between local environments, thereby avoiding
error accumulation over long distance. Research into the
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+ a survey map

geometric module of the mind (Cheng 1986, 2008) has
shown that many species can use the geometry of a place
for re-orientation (for reviews of such work, see: Wang and
Spelke 2002; Cheng and Newcombe 2005). These findings
support the use of a view or a combination of views as a
local map. The latter would begin the evolution of a pro-
cess for computing a global map of the path traversed. Some
researchers note that variations in the way different species
learn the geometry of a place can be accounted for, in a large
part, by the differences in their visual systems (Wystrach and
Graham 2012; Cheng et al. 2013). Our model shows that
the local map is strictly a product of how one perceives the
environment and this, in turn, highlights the importance of
what can be delivered by one’s visual system.

Our model shows how one could go beyond learning
the geometry of a place to learning the geometry of a path,
thereby producing a global map of the environment. Our
model predicts that the global map emerges as a result of a
need to be aware of a much larger environment than what
could be perceived in a single view. It is not due to a need to
recognize that one is returning to a familiar place. The for-
mer task is simpler and therefore it makes evolutionary sense
that it is solved first. Note that the map is a transient map
and thus some form of an enduring map needs to be learned
if one were to use the map to return home using shortcuts,
find food items that were hidden earlier and recognize famil-
iar places. The last task would require recognizing familiar
objects/landmarks in the environment. For humans as Wang
and Spelke (2002) note, we employ symbolic reasoning to
learn an even larger “map” of the environment that can be
partly metric and partly topological and/or systematically
distorted to produce a simplified, but useful map. We can
also develop abstract representations of places learned and
identify a place using non-physical properties. With such a
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cognitive mapping process, the empirical question should no
longer be whether a map is computed but rather what kind
of map is computed and how it is used in dealing with its
spatial environment. The former task is limited by the sen-
sors one has and the latter task is limited by one’s cognitive
capacity.

On perceiving a stable world

For more than a century, psychologists and vision research-
ers have been debating how we perceive a stable environ-
ment as we move (Wallach 1987; O’Regan 1992; Irwin
1996). The debate often focuses on how information is
integrated, if at all, between successive views to construct
a detailed, yet stable, description of our visual world. One
phenomenon, change blindness, has recently caused a stir in
the debate because accumulative evidence shows people can
fail to notice changes happening between successive views
when a disruption occurs at the point that cues a change (for
a review of such work, see: Simons and Rensink 2005). If
successive views were integrated, it would be impossible,
in theory, not to detect changes. Such a logical consequence
leads some to conclude that no detailed representation of
the visual world is computed (O’Regan 1992; Irwin 1996;
O’Regan and Noé& 2001). In particular, O’Regan (1992)
claims no internal metric-preserving representation needs to
be remembered as the outside world can act as our external
memory. Others, however, have argued that integration does
take place but in limited ways and this affects our ability to
detect changes. For example, the resulting representation
might not be accessible to conscious scrutiny or that it is not
sufficiently detailed or that integration takes place only with
information that is in focus (for a review of these works, see:
Tatler and Land 2011).

In our model, successive views are not integrated and
consequently change blindness does not rule out the pres-
ence of a metric-preserving representation as suggested by
O’Regan (1992). Rather, such a representation is available in
the form of a single perspective view that, in turn, provides
a description of the local environment for one to operate in.
Change blindness thus demonstrates the failure to attend to
information in the current view and highlights a limitation in
our object recognition process as opposed to our process for
learning the spatial layout of our environment. Note that the
former process is independent from the latter. Change blind-
ness provides evidence against continuous integration and
not against constructing a description of the visual world.
While the world can serve as our external memory, we can
only access it one view at a time. We need to integrate these
views somehow and without this we cannot point to unseen
locations or know how to generate shortcuts (Glennerster
et al. 2009).

At the saccadic eye level, a mechanism similar to that
used by Albot,, has been proposed to explain how a stable
view of the visual world is maintained. Albot,’s novel algo-
rithm tracks reference targets while moving and then uses
their positions to locate other objects and its own position
in its map. Currie et al. (2000) tested their subjects’ ability
to detect changes in a picture that is moved in four different
ways during a saccade to a target object: “entire picture”
shifted, “target object only” shifted, “entire picture except
for the target object” shifted and no shift. They find that
the position of the target object is most important in detect-
ing intra-saccadic stimulus shifts. In a series of experiments
using a blanking effect, Deubel and his colleagues (Deubel
2004; Deubel et al. 2010) find that the target object and in
some circumstances those close to it are used to provide a
frame of reference for describing the layout of other objects
in view after a saccade. They argue this mechanism enables
one to perceive a stable world despite saccades.

That humans experience a stable environment while mov-
ing in it is clearly demonstrated by an experiment using an
immersive virtual environment (Glennerster et al. 2006).
In it, the subjects fail to notice the expansion of a room in
which they are located even though the room expanded by
a factor of four and that other sensory information (includ-
ing veridical stereo and motion parallax) is available to tell
them that the environment has expanded. In discussing their
work, Glennerster et al. (2009) concluded that humans do
not compute a 3D map via integrating views using a coor-
dinate transformation approach, i.e. an approach similar to
Albot,. What they propose is a view-based solution that pro-
vides a “co-ordinate frame in which to unite all the informa-
tion about an object’s location” (p. 14). A snapshot model,
however, is inadequate since it lacks 3D information while
our model is a possible candidate.

Conclusions and future work

We present a model of cognitive mapping that does not com-
pute a single global map of the environment experienced.
Instead, it computes, in increasing order of complexity, a
point map, a local map, a route map and a series of dis-
jointed global maps. Without computing a single global
map, much of the mystery about cognitive mapping disap-
pears. Our model suggests that cognitive mapping would
have evolved in different species and would lead to the per-
ception of a stable world. It thus provides a formal model
for empirical researchers to continue their investigations into
the primacy of cognitive mapping as a process for learning
about the environment. Our future work will focus on a dif-
ferent question about cognitive mapping, namely, what could
be learned as an enduring map and how it could be used
for solving various spatial problems? From this perspective,
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cognitive researchers have identified an acid test for cog-
nitive mapping, namely how does one generate shortcuts
when returning home? Can the next Albot do so too? Can
it also recognize where it is in the environment and will it
use landmarks in its process? What is a landmark? If we
could answer these questions, it would further strengthen
our model as a model of cognitive mapping.
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Appendices: pseudo-codes

Appendix 1

; Algorithm #1: Recognising Tracked Surfaces in current View

., Sen} 5 current view consisting of surfaces that satisfy the above three

; criteria (i.e. those that don’t, have been removed).

Si= {Stly Stz, .-
S &« {}

. Stm}

Begin

; tracked surfaces maintained from previous view

; tracked surfaces, Sy, that are found in current view, initially empty

1: for each S; in S;do S’ € S’ + transform (Sy;, a, 8)

. S¢ € {} ;assume no tracked surfaces are still in view

: for each S’;; in S’; do ; decide which tracked surfaces are still in view

for each S;; in V. do

endfor

: endfor

2
3
4
5: if (angle(S’y, Sei)<5°) & (dist(between occluding points) < 40cm) then S; € S; + S;
6
7
8

: return S; ; a new set of tracked surfaces that are still in view

End
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Appendix 2

Main () ; Algorithm #2
Initialisation
V.={Si, Ss, ..., Sm} ; view at the start
R%, = the robot’s current position
Mg ={(V, R%)} ; the route map initialised with the starting view
Mg =V, ; the global map initialised with the starting view
Use-V, € false ; to prevent looping
Begin
Si € find all trackable surfaces in V¢ ; S;={Su, So,...Sm}
Ve € Ve
V. € Get_a new_view(a, 8) ; o = angle turned, & = dist moved
St € RTSV(V,, S, a, 8) ; algorithm #1 — find which tracked surfaces still remain in view
When |S{| <4 do ;; |S;| means number of surfaces
RHX,y < triangulate(V..1, Sy) ; find robot’s position in current local map
update-maps(if Use-V. then V. else V.1, R”\,) ; see algorithm #3
If |S{ =0 then

R A A e

move-using-PI (Rc'lx,y, a, 8) ; shift to PI mode - see algorithm #4

Goto 3

—_ =
—_ o

else If|S{ <4 do Use-V, € true endif ;; expect updating again

_.
»

Goto 4 ; continue to explore using views
13: endif
14: endwhen
15: Use-V, € false
16: Goto 2
End

Update-maps (V,R) ; Algorithm #3: Add a local map to the route map & to the global map
V = current view
R = position of robot in the current local map
Begin
I: Mg € Mg+ (V,R) ; add the next local map to the route map
2:  S; < find all trackable surfaces in V
3: V’ & transform V into Mg co-ordinates using R
4: Mg € Update-Global-Map(Mg, V’, R) ;; see algorithm #5
End
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Move-using-PI (R, a, 8) ; Algorithm #4: Updating map using path integration
o = angle turned
d = distance moved
R =robot’s position in the current local map.
Begin
1: R’y € compute robot’s current position after turning o and move & from R
. update-maps(V, R%)
Vo € Ve
: Vo€ Get_a new_view(a’, 8”) ; o’ = new angle turned, 8 = new dist moved

S; € find all trackable surfaces in V.

2
3
4
5
6: R%y € compute robot’s new position as it turns o and move & from R%
7: IfS;>3 then ;the new view is full of trackable surfaces
8 update-maps(Ve, Ry) ; use this view as a local map
9 return ; to move using view navigation

10: else Goto 2 ; still moving in a “featureless” environment

11: endif

12: use-V, € true ;; just in case the next move causes an update
End
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., Sm} ; incoming local map in Mg’s co-ordinates

1: Compute a polygon, P, by joining the edge points of adjacent surfaces in M when perceived

end if

. ;; Expand calculates the group of local maps affected as discussed in section 3.3

if (map(S’;) in maps-aftected) and (S’; lies on the facing side of Albot; at its position Ry y)

: Mg € Mg +M ;; add incoming map to it after deleting overlapping information

Appendix 3
Update-Global-Map (Mg, M, Ry,):
M={S., S,, ..
Mg = {S’1, S”2, ..., S’u} ; the global map
R,y = robot’s position in Mg
Begin {algorithm #5: Updating the Global Map}
in a clockwise direction
2: P € Enlarge P by 50cm
3: Mg’ € Mg
4: Until Mg’ = {} do ; find all affected maps
5: if S’ in Mg’ is inside or intersects P then
6: if map(S’;)=current then delete(S’; in Mg & in Mg”)
7: else maps-affected €< maps-affected + map(S’;)
8: Mg’ € Mg’ — all-surfaces-of-map(S’;)
9: end if
10: end until
11
12: maps-affected € Expand(maps-affected)
13: Mg’ € Mg
14: forall S’; in Mg’ do
15:
16: then Mg € Mg - S’;
17: end if
18: end forall
19
20: Return Mg
End
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