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AI Approaches
to Cognitive Systems
– The Example of Spatial Cognition
Bernhard Nebel · Christian Freksa

Cognitive Systems Research
Many everyday situations we encounter are easy for
most people to cope with. We can engage in communication, ﬁll the refrigerator with our shopping
items, or plan a trip to somewhere else. All this
may happen effortlessly and we do not realize that
these tasks involve complex cognitive activities.
If, however, one tries to understand the principles behind these capabilities and tries to replicate
them in computers or robots, it quickly becomes
obvious that these cognitive activities are rather
complex, difﬁcult to understand, and even harder
to replicate.
The interdisciplinary research area cognitive science is concerned with understanding the
principles of cognition using psychological experiments. In addition, cognitive science researchers
provide computational models that account for
the experimental evidence and allow one to make
predictions on cognitive behavior. In this context, timing of responses or error rates often
provide helpful clues to understanding cognitive
processes. In contrast to this empirical methodology, in artiﬁcial intelligence (AI) researchers
typically do not try to understand the details of
human cognition, but instead devise computational methods to implement certain cognitive
functions on a computer, such as language understanding, route planning, or mobile robot
manipulation on the basis of theoretical considerations. Although AI and cognitive science pursue
different research goals, there is a large overlap in
research interests and methods between the two
ﬁelds, and results from one ﬁeld are used in the
other.

Spatial Cognition
One particular ﬁeld of interest, both for AI and
cognitive science, is the area of cognition that is
concerned with space, spatial cognition. There is
a great body of evidence on how humans (and animals) reason about space, how they navigate through
familiar and unknown environments without getting
lost, how they act in spatial environments, how they
interact in space, and how they communicate spatial
information. One of the major challenges for current
research is to unveil the mechanisms behind these
abilities and to utilize the knowledge to construct
systems that assist humans in an effective manner.
The starting point for much of the research in this
area is the hypothesis that cognitive agents – i. e.
humans, animals, robots, or computer programs –
apprehend their spatial environments through (1)
mental or computational operations, speciﬁcally association and reasoning; (2) perception and action
in space; or (3) communication in or about space;
and other forms of interaction.
In all cases, spatial structures are interpreted
and computationally transformed into new structures; the new structures reﬂect insights about
spatial situations. They form the basis for further
reasoning processes, for actions in the spatial environment or in external representations (e. g., maps),
and for the interaction with other agents.
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Abstract
Cognitive abilities can be studied by observing
and interpreting natural systems or by developing artiﬁcial systems that interact with their
environments in intelligent ways. Cognitive
systems research connects both approaches.
Typically, human requirements are in the focus
of interest and systems are developed to interact
with humans in as natural ways as possible. To
achieve this goal, a deep understanding of human
cognition is required. The present paper focuses
on spatial cognition, i. e. the ability of perceiving
and conceiving spatial environments and solving
spatial tasks intelligently. It discusses artiﬁcial
intelligence approaches to spatial cognition for
supporting human activities.

Spatial structures are omnipresent in cognitive agents and around them. From a developmental
point of view, the use of spatial structures is a more
basic ability than abstract reasoning [26]. Therefore, the study of spatial representations and spatial
computation also is very important as a basis for
understanding the more general cognitive abilities
of natural and artiﬁcial agents.
Spatial tasks involve a multitude of aspects, such
as topological, ordinal, and metric aspects; these are
manifest in different spatial reference systems and
in structures formed by orientation, neighborhood,
and proximity evaluation [35]. Some tasks require
highly specialized competences. Frequently, however, specialized processes must be integrated to
obtain powerful spatial cognition systems.
Many research endeavors in the area of spatial cognition investigate cognitive agents in spatial
environments. Several projects address the question how cognitive agents can assist one another
in solving spatial tasks such as reasoning about
space, map comprehension, navigation, and understanding and evaluating actions in space. Other
projects study how to communicate about space
using language and maps to enable this assistance.
The research is concerned with mental processes
and structures underlying behavior in large-scale
space, environmental space, vista space, and tabletop space environments [22]. Solving spatial tasks
in these environments requires adequate representation and processing as well as body locomotion

or the movement of physical or mental objects. In
addition, since most of the mentioned spatial tasks
involve the change of spatial conﬁguration, there
is also a temporal dimension to spatial cognition,
and there is the natural question of how spatial and
temporal cognition interact.

Dimensions of Spatial Representations
When we speak about space, we refer to notions
of location, orientation, shape, size (height, width,
length and their combination), connection, distance,
neighborhood, etc. When we speak about time, we
refer to notions of duration, precedence, concurrency, simultaneity, consequence, etc. Some of the
notions have well-deﬁned meanings in disciplines
like physics, topology, geometry, and theoretical
computer science; but here we are concerned with
the question how humans think and talk about them,
how they represent such notions to get around in
their spatio-temporal environment, how they reason successfully about the environment, and how
they solve problems based upon this reasoning.
In AI, these questions were ﬁrst addressed in the
framework of naive physics research [14].
There is a multitude of ways in which space and
time can be conceptualized, each of which rests on
implicit assumptions or explicit knowledge about
the physical structure of the world. We will start with
a common sense picture, which could be something
like: space is “a collection of places which stand in
unchanging relative position to one another and
which may or may not have objects located at them”;
time is “an ever-growing arrow along which changes
take place.” Implicit in these pictures are the assumptions that the time arrow grows even when no other
changes are taking place, that space is there even
when there are no objects to ﬁll it, and that spatial relations and changes can be observed and described.
As these assumptions cannot be redeemed in practice, it is more reasonable to assume that objects and
events constitute space or time, respectively.
Another distinction concerns the question
whether space or time should be modeled by inﬁnite
sets of (extensionless) points or by ﬁnite intervals
(or regions). If we talk about Staufen being located
South-West of Freiburg, it is likely that we think of
two geometric points (without spatial extension)
on a map of Germany. If, in a different situation, we
say that you have to follow a certain road through
Freiburg to reach a particular destination, Freiburg

will be considered to have a spatial extension. Also,
it is not clear from the outset whether a discrete, a
dense, or a continuous representation of time and
space may be more adequate for human cognition
or for solving a given task [13]: if we want to reason
about arbitrarily small changes, a dense representation seems to be a good choice; if we want to express
that two objects touch each other and we do not
want anything to get in between them, a discrete
representation seems preferable; if on one level of
consideration a touching relation and on another
level arbitrarily small changes seem appropriate, yet
another structure may be required. Nevertheless,
a continuous structure (e. g., R2 ) is often assumed
which provides a better correspondence with models
from physics.

Qualitative vs. Quantitative Descriptions
Space and time can be described in terms of external
reference values or by reference to domain-internal
entities. For external reference, usually standardized
quantities with regular spacing (scales) are used;
this is done particularly when precise and objective
descriptions are desired; the described situations
can be reconstructed accurately (within the tolerance of the granularity of the scale) in a different
setting. In contrast, domain-internal entities usually
do not provide regularly spaced reference values
but reference values which happen to be prominent
in the given domain. The internal reference values
deﬁne regions which correspond to sets of quantitatively neighboring external values. The system of
internally deﬁned regions is domain-speciﬁc.
Which of the two ways of representing knowledge about a physical environment is more useful
for a cognitive system? In our modern world of
ever-growing standardization we have learned that
common reference systems and precise quantities
are extremely useful for a global exchange of information. From an external perspective, the signals
generated in receptor cells of (natural and artiﬁcial) perception systems also provide quantitative
information to the successive processing stages. But
already in the most primitive decision stages, for
example in simple threshold units, rich quantitative
information is reduced to comparatively coarse qualitative information, when we consider the threshold
as an internal reference value.
We can learn from these considerations, that
information reduction and abstraction may be

worthwhile at any level of processing. As long as
we stay within a given context, the transition from
quantitative to qualitative descriptions does not imply a loss of precision; it merely means focusing on
situation-relevant distinctions. By using relevant entities from within a given environment for reference,
we obtain a customized system that is able to capture the distinctions relevant in the given domain.
Customization as an information processing strategy was considered expensive when information
processing power was centralized; but with decentralized computing, as we ﬁnd in biological and in
advanced technical systems, locally customized information processing may simplify computation and
decision-making considerably.
Signiﬁcant decisions frequently are not only of
local relevance; thus it must be possible to communicate them to other environments. How can we do this
if we have opted for qualitative local descriptions? To
answer this question, we must ﬁrst decide which are
the relevant aspects that have to be communicated.
Do we have to communicate precise quantitative
values as, for example, in international trade or
do qualitative values like trends and comparisons
sufﬁce?
In cognitive systems, a qualitative description
of a local decision frequently will sufﬁce to “get
the picture” of the situation; the speciﬁc quantities
taken into account may have no particular meaning
in another local context. Qualitative descriptions
can convey comparisons from one context to another, provided that the general structures of the two
contexts agree. If the descriptions refer to the spatiotemporal structures of two different environments,
this will be the case.
Now consider qualitative spatio-temporal descriptions in a given environment. As they compare
one entity to another entity with respect to a certain
feature dimension, they form binary (or possibly
higher order) relations like John is taller than the
arch or Ed arrived after dinner was ready. In concrete situations in which descriptions serve to solve
certain tasks, it only makes sense to compare given
entities to speciﬁc other entities. For example, comparing the size of a person to the height of an arch
is meaningful, as persons do want to pass through
arches and comparing the arrival time of a person to
the completion time of a meal may be meaningful,
as the meal may have been prepared for consumption by that person; on the other hand, it may not
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make sense to compare the height of a person to
the size of a shoe, or the arrival time of a person at
home with the manufacturing date of some tooth
paste. For this reason, we frequently abbreviate binary spatial or temporal relations by unary relations
(leaving the reference of the comparison implicit).
Thus, to a person understanding the situation context, the absolute descriptions John is tall and Ed
arrived late in effect may provide the same information as the previous statements in terms of explicit
comparisons.

Formal Approaches to Spatial
Representation and Reasoning
In particular the idea of representing time and space
in qualitative ways has been the starting point of
many research endeavors in artiﬁcial intelligence.
Representing spatial information and reasoning
about this information is an important subproblem
in many applications, such as geographical information systems (GIS), natural language understanding,
robot navigation, and document interpretation. Often this information is available qualitatively, for
instance when a GIS query or integrity condition has
to be speciﬁed [33]. Similarly, in document interpretation, the precise size and location of layout objects
is not of interest, but the relative position of these
objects matters [34].
A number of approaches to representing qualitative spatial information and reasoning about space
have been explored. A very early attempt at qualitative spatial representation and reasoning is Kuipers’
TOUR model [19], which addresses the navigation problem using qualitative descriptions. Other
approaches aim, for instance, at capturing spatial notions using ﬁrst-order logic [5, 28], or even address
representation and reasoning over spatio-temporal
conﬁgurations [24].
All these approaches rely on quite expressive
languages to talk about space. In contrast, there are
approaches based on constraint satisfaction, which
have a rather limited expressiveness and usually
reasonably good computational properties [32]. The
characteristic of these methods is that one has a
system of (usually binary) relations, which is used
to relate the objects of interest. For example, one can
specify the relative position of layout objects using
the relations left and right as well as above and below.
Using this vocabulary, we can, for instance, state that
an object A is left & above of an object B, which in

turn is right & above of an object C. Having given
these descriptions, it is obvious that the additional
statement A below C is incompatible with what has
been stated above.
Meanwhile there exist a large number of reasoning systems of this type. The ﬁrst calculus in this
family was Allen’s interval calculus [1], which was
originally used for reasoning about qualitative temporal information. However, this one-dimensional
calculus can also be interpreted spatially [7, 16]. Furthermore, it can be generalized to two and more
dimensions by projecting the objects of interest onto
the axis of the coordinate system and describe the
relationship between objects by the relationships
between the projections [2, 12]. For example, the
qualitative description of the relative position of
layout objects sketched above can be done using the
2D version of Allen’s interval calculus.
An interesting but less expressive approach to
representing orientational relationships between
extended spatial entities was introduced by Goyal
and Egenhofer [11]. Their calculus consists of a 3 × 3
“direction-relation matrix” which represents the
nine sectors formed by the minimal bounding axes
of an extended spatial entity. Later, Liu et al. [21]
developed reasoning algorithms for this calculus
and analyzed its computational properties.
Other qualitative spatial reasoning systems are,
for example, a calculus for reasoning about orientations [8], a calculus for reasoning about cardinal
directions [6, 20], the dipole calculus [23], and a
calculus for describing 2D orientations using cyclic
orderings [15].
One particular prominent reasoning system is
a system of topological relations called RCC-8 [29]
(which is very similar to Egenhofer’s 9-intersection
system [4]). Given two spatial regions X and Y, there
are eight possible relations between them (see Fig. 1).
All the mentioned approaches share the property that reasoning in these calculi can be done by
constraint propagation over systems of binary (or
sometimes ternary) relations with inﬁnite domains.
In order to describe the reasoning technique
that is used in most of the qualitative spatial calculi,
we will use the RCC8 system. Starting with the relations of the RCC8 system, one can express that, for
example, region X overlaps region Y. If we want to
describe indeﬁnite information such as the fact that
EC(X, Y) or PO(X, Y), it is also necessary to consider
the set-theoretic unions (corresponding to the logical

tions and devised an efﬁcient algorithm for deciding
consistency of the full calculus [31].

Interaction between Empirical and
Synthetic Approaches to Cognition

Fig. 1 Two-dimensional examples for the eight base relations of
RCC8

disjunctions) of the relations, e. g., EC ∪ PO. If we
want to express such indeﬁnite information, we will
use the following notation EC|PO(X, Y). Considering all possible unions, we get 28 different relations,
among them the universal relation  which holds for
all pairs of regions and the impossible relation ⊥ that
holds between no pairs of regions.
Using this set of relations, we could for example
describe a particular spatial conﬁguration of three
regions X, Y, and Z as follows:
Θ = {TPP(X, Y), DC|NTTP(Y, Z)}.

(1)

Now one can ask what additional relationships follow
from Θ and whether it is possible to ﬁnd regions that
satisfy all the relationships simultaneously. For the
given description Θ, one sees, for example, that we
cannot add the formula NTPP(Z, X) and have still
all relationships satisﬁed by some regions. On the
other hand, we know that Z is either DC or NTPP–1
to X. In other words, we could add the statement
DC|NTTP–1 (Z, X) to Θ without changing anything.
And this is, what constraint propagation is all about.
We add derived statements about triples of objects
as long as these statements are new and we have not
derived an impossible relation.
The main research goal in this context is the
analysis of the computational properties of deciding consistency of such qualitative descriptions of
spatial conﬁgurations as well as related problems.
This includes the analysis of the computational
complexity and decidability as well as the design
of efﬁcient approximation and complete algorithms.
For example, Renz and Nebel [30] identiﬁed all fragments of the RCC-8 calculus that permit tractable
consistency problems and contain all eight base rela-

Cognitive systems tend to be complex. As a consequence, only partial models can be constructed from
empirical data that reliably reﬂect the structures and
functions of the natural role models. On the other
hand, running computational models must be complete on a given level of description to be executable.
Thus, functional AI models must contain structures
that are not based on empirical evidence but on the
constructor’s intuitions. A great advantage of synthetic systems is that all constructive elements and
structures are known, at least in principle.
If we view natural and artiﬁcial agents as
different implementations of a given cognitive
functionality, we can actively explore differences
in performance and adapt our implementations
according to new insights. In this way, cognitive
psychologists may extend their range of empirical
studies to artiﬁcial agents and AI programs can help
bridge the knowledge gap between structure and
function of cognitive systems.
The neuroanatomist and cybernetician Braitenberg characterized the use of synthetic constructs
for the exploration of natural systems by noting
that a given performance always can be achieved
by many different mechanisms [3]. He formulated
the law of uphill analysis and downhill invention
noting that it is easy to create little machines that
produce surprising behavior by simple means and
much more difﬁcult to derive from the outside the
internal structure from the observation of behavior.
As a psychological consequence of this he noted that
we tend to overestimate the complexity of a mechanism when we analyze it. His experiments suggest
that by building and exploring synthetic structures
on the basis of biological principles we may make
the best progress towards understanding natural
structures.
As mentioned at the beginning of this paper,
Cognitive Science has research goals that differ
widely from those of AI. And in fact, the complexity results mentioned in the previous section seem
hardly of relevance for Cognitive Science. In human
cognition asymptotic performance of an algorithm
is not very interesting because humans can deal only
with a very limited number of objects at the same
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time. Nevertheless, there are a number of questions
that people in both areas ﬁnd interesting and/or
where a result of one area is relevant for the other
area.
For example, when considering the calculus
RCC8 mentioned above, the question arises whether
the qualitative distinctions are on the right level. One
could, for instance, also consider a system with only
ﬁve relations which does not distinguish between the
fact that two regions touch each other or not. In other
words, the relation pairs EC and DC, TPP and NTPP,
as well as TPP–1 and NTPP–1 would be considered
as indistinguishable. Knauff et al. [17] addressed this
and other questions in order to determine the conceptual adequacy of the RCC8 calculus. As it turns
out, RCC8 seems to be more cognitively adequate
than the 5-relation system. Moreover, form and size
appear as less prominent than the topological relations. Obviously, such results are important when
one considers use of such a calculus in a humancomputer interface. So, psychological experiments
clearly have an impact on computer science research.
However, also the other way around, computer
science results can have an impact on psychological research. For example, when Knauff et al. [16]
tested a hypothesis concerning so-called preferred
relations, they used an extensive formal analysis of
Allen’s relation system about the number of different
models satisfying a given set of statements.
Furthermore, while the direct application of
computational complexity theory to human cognition does not seem to make sense, the very idea
of measuring the difﬁculty of cognitive tasks by
counting the necessary operations of some computational model can well be applied. For instance,
Ragni et al. [27] proposed a two-dimensional array
on which a spatial focus operates, which is used to
insert and inspect object proxies at particular places
of this array. Counting the necessary operations for
solving so-called three-term series tasks, it turned out
that human subjects tend to minimize the number
of such operations. While this observation seems
to hold for a number of different tasks, sometimes
direction-dependent effects can be observed, which
results in a modiﬁed model that accounts for such
effects [18].

Conclusion
Informatics and artiﬁcial intelligence provide the
theory and practical tools to characterize and im-

plement cognitive systems. These systems can be
studied in much the same way as natural cognitive
systems. Artiﬁcial cognitive systems as objects of
research, however, have the great advantage that the
mechanisms underlying their cognitive functions
are known in detail; thus, principles of cognitive
processing can be described in terms of fundamental information processing mechanisms. Typically,
artiﬁcial cognitive systems differ in strengths and
weaknesses from natural cognitive systems. While
the strength of natural cognitive systems is in the
availability and integration of a large variety of
knowledge sources and experience, the strength of
artiﬁcial systems is in the large and reliable working memory and its precision. This makes artiﬁcial
cognitive systems excellent candidates to assist
human cognizers and to complement their weaknesses. A major limitation of human cognition is
the resource limitation especially with respect to
working memory capacity and availability of factual information. Such limitations are partially
compensated for by ingenious forms of abstraction, generalization, and cognitive off-loading as
well as brilliant inference mechanisms; these allow
humans to recover from situations in which most artiﬁcial systems are lost. Thus, a major challenge for
cognitive systems research is to better understand
natural forms of multifaceted knowledge organization and knowledge processing under resource
limitation.
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(eds) Proceedings of the 16th European Conference on Artificial Intelligence,
ECAI’2004, IOS Press, pp 1122–1128
11. Goyal RK, Egenhofer MJ (1997) The direction-relation matrix: A representation for
the direction relations between spatial objects
12. Guesgen H (1989) Spatial reasoning based on Allen’s temporal logic. Tech. Rep.
TR-89-049, ICSI, Berkeley, CA
13. Habel C (1994) Discreteness, finiteness, and the structure of topological spaces.
In: Eschenbach, Habel, Smith (eds) Topological Foundations of Cognitive Science,
FISI-CS workshop Buffalo, NY, Graduiertenkolleg Kognitionswissenschaft, Hamburg
14. Hayes P (1978) The naive physics manifesto. In: Michie (ed) Expert Systems in the
Microelectronic Age, Edinburgh University Press, Edinburgh
15. Isli A, Cohn AG (2000) A new approach to cyclic ordering of 2D orientations using
ternary relation algebras. Artificial Intelligence 122(1-2):137–187
16. Knauff M, Rauh R, Schlieder C (1995) Preferred mental models in qualitative spatial reasoning: A cognitive assessment of Allen’s calculus. In: Proceedings of the
Seventeenth Annual Conference of the Cognitive Science Society, Lawrence Erlbaum Associates, Mahwah, NJ, pp 200–205
17. Knauff M, Rauh R, Renz J (1997) A cognitive assessment of topological spatial relations: Results from an empirical investigation. In: Proceedings of the 3rd International Conference on Spatial Information Theory (COSIT’97)
18. Krumnack A, Bucher L, Nejasmic J, Nebel B, Knauff M (2011) A model for relational
reasoning as verbal reasoning. Cognitive Systems Research 12(3-4):377–392
19. Kuipers BJ (1978) Modelling spatial knowledge. Cognitive Science 2:129–153
20. Ligozat G (1998) Reasoning about cardinal directions. Journal of Visual Languages
and Computing 9(1):23–44
21. Liu W, Zhang X, Li S, Ying M (2010) Reasoning about cardinal directions between
extended objects. Artif Intell 174:951–983, DOI: http://dx.doi.org/10.1016/j.artint.
2010.05.006

22. Montello DR (1993) Scale and multiple psychologies of space. In: Frank AU,
Campari I (eds) Spatial Information Theory – A Theoretical Basis for GIS,
Springer-Verlag, Berlin, Heidelberg, New York, pp 312–321
23. Moratz R, Renz J, Wolter D (2000) Qualitative spatial reasoning about line segments. In: Proceedings of the 14th European Conference on Artificial Intelligence
(ECAI-2000), IOS Press, Vienna, Austria
24. Muller P (1998) A qualitative theory of motion based on spatio-temporal primitives. In: Cohn A, Schubert L, Shapiro S (eds) Principles of Knowledge Representation and Reasoning: Proceedings of the 6th International Conference (KR-98),
Morgan Kaufmann, Trento, Italy, pp 131–142
25. Nebel B, Scivos A (2002) Formal properties of constraint calculi for qualitative spatial reasoning. KI 16(4):14–18
26. Piaget J, Inhelder B (1956) The Child’s Conception of Space. Routledge, London
27. Ragni M, Knauff M, Nebel B (2005) A computational model for spatial reasoning
with mental models. In: Proceedings of the 27th Annual Cognitive Science Conference (CogSci-05), Lawrence Erlbaum, pp 1797–1806
28. Randell DA, Cohn AG (1989) Modelling topological and metrical properties of
physical processes. In: Brachman R, Levesque HJ, Reiter R (eds) Principles of Knowledge Representation and Reasoning: Proceedings of the 1st International Conference (KR-89), Morgan Kaufmann, Toronto, ON, pp 55–66
29. Randell DA, Cui Z, Cohn AG (1992) A spatial logic based on regions and connection. In: Nebel B, Swartout W, Rich C (eds) Principles of Knowledge Representation and Reasoning: Proceedings of the 3rd International Conference (KR-92),
Morgan Kaufmann, Cambridge, MA, pp 165–176
30. Renz J, Nebel B (1999) On the complexity of qualitative spatial reasoning: A maximal tractable fragment of the Region Connection Calculus. Artificial Intelligence
108(1-2):69–123, online: ftp://ftp.informatik.uni-freiburg.de/papers/ki/renz-nebelaij.ps.gz
31. Renz J, Nebel B (2001) Efficient methods for qualitative spatial reasoning. Journal
of Artificial Intelligence Research 15:289–318
32. Renz J, Nebel B (2007) Qualitative spatial reasoning using constraint calculi. In:
Aiello M, Pratt-Hartmann I, van Benthem J (eds) Handbook of Spatial Logics,
Springer-Verlag, Berlin, Heidelberg, New York, pp 161–215
33. Sharma J, Flewelling D, Egenhofer M (1994) A qualitative spatial reasoner. In:
Sixth International Symposium on Spatial Data Handling, Edinburgh, Scotland,
pp 665–681, online: http://www.spatial.maine.edu/ max/QR.pdf
34. Walischewski H (1999) Learning regions of interest in postal automation. In: Proceedings of the Fifth International Conference on Document Analysis and Recognition (ICDAR’99), Bangalore, India
35. Werner S, Habel C (1999) Spatial reference systems. Spatial Cognition and Computation 1(4):3–7

