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Abstract

This paper discusses a rapidly evolving field with great relevance for cog-
nitive psychology, the field of adaptive behavior. Its goal is to learn about
biological behavior by constructing agents exhibiting that behavior, but
it is very different from traditional artificial intelligence. It is argued
that rather than providing mere implementations of the abstract theo-
ries of cognitive psychology, the adaptive behavior approach yields many
completely new insights, as well as indications that some of mainstream
cognitive psychology’s assumptions and theoretical ideas may be in need
of revision. Specific examples of adaptive behavior research are presented
to support these claims.

1 Introduction

Cognitive psychology is the subdiscipline of psychology that is concerned with
the basic mechanisms underlying human behavior. Its ultimate goal is to un-
derstand how language is produced and perceived, how memory works, how
perception comes about, how muscles are controlled, how emotions work, etc.;
in short, how all the faculties function that make up the mind. Derived from
that goal are the goals of understanding how those faculties may fail and how
they behave in different circumstances, and applying the insights of cognitive
psychology to clinical, educational, or industrial settings.

In recent years, forceful arguments have been put forward to the effect that
cognitive psychology will and must become more intimately related to the neural
sciences (Crick, 1988; Churchland, 1986). Among other developments, techno-
logical advances have made it possible to “look” inside the active brain, using
techniques with acronym names such as PET, fMRI, ERP, and MEG. The new
insights into brain mechanisms that are likely to emerge from those develop-
ments will have to be taken into account by cognitive psychology.

This paper, however, discusses another rapidly evolving field with great rel-
evance for cognitive psychology. It is the field of adaptive behavior, alternatively
referred to as the field of autonomous agents, animats, behavior-based cognitive
science, bottom-up cognitive science, or synthetic psychology. This field takes
an artificial intelligence approach to psychology (although it is very different
from traditional artificial intelligence), in that systems are constructed that are



capable of intelligent behavior. The idea is that by constructing an artificial
system one can learn something about the biological system. After all, in the
process of construction one may encounter the same problems that the biological
system encounters, and hypotheses about how the biological system overcomes
these problems can be put to the test.

One might expect that this approach amounts to straightforward “imple-
mentation” of the abstract theories of mainstream cognitive psychology into
concrete models. At best, this would lead to arbitration between competing
abstract theories, and the filling in of some of the details left open by those
abstract theories. In contrast, I will argue that the adaptive behavior approach
yields insights that are far more revolutionary. The systems that are constructed
and that work best are, in many cases, very different from any of the systems
described in the mainstream cognitive psychology literature. In those cases
where attempts were made to implement existing abstract theories directly, of-
ten insurmountable problems have appeared—suggesting falsification of those
theories rather than a mere filling in of the details.

To back up this argument it is necessary to describe the current standard
view of human and animal information processing in cognitive psychology, and
to present results from the adaptive behavior approach that are different from
or even incompatible with that view. Section 2 contains a description of cur-
rent mainstream cognitive psychology, together with some representative ex-
amples. Section 3 describes the adaptive behavior approach by contrasting it
with mainstream cognitive psychology. Section 4 presents a number of exam-
ples of artificial systems or “agents” that are very different in architecture and
functioning from what was or would be expected given the standard view. In
that way they serve to back up the argument that some of the assumptions and
ideas in mainstream cognitive psychology may be in need of revision, and that a
closer relationship between cognitive psychology and adaptive behavior research
is needed. Section 5, finally, contains a general discussion of the ideas presented
in this paper.

2 Mainstream cognitive psychology

2.1 Theoretical foundations

After the behaviorist era with its exclusive focus on behavior, the cognitive
revolution halfway through the 20th century brought renewed attention for the
internal mechanisms underlying behavior. Theoretical ideas regarding those
mechanisms were heavily influenced by another development of that time. The
theory of computation showed that a very large class of mathematical functions
could be performed by machines that mechanistically follow stored procedures,
computers. In fact, it was made plausible that no physical machine could reliably
perform functions beyond this class. Importantly, all computable functions can
be performed by one and the same machine, the “hardware”, only by changing
the stored procedures, the “software”. Actual computer applications displayed
capabilities such as arithmetic, pattern recognition, and game playing, which
were previously thought to require human intelligence, and which in many cases
outperformed human capabilities.

Ever since then, the internal mechanisms of the mind are theorized to amount



to a kind of computer. Combining several ideas from computation theory, Newell
and Simon (1976) stated the symbol system hypothesis: for a system to be
capable of human-level intelligence, it is both necessary and sufficient for it
to constitute a symbol system, a computer. Just like a computer, the brain is
viewed as a single piece of hardware capable of a wide variety of tasks. One idea
of computation theory has been particularly important in that respect. That
idea is that a computer can in principle be realized (implemented) in many
different types of hardware, whether they are mechanical switches, electronic
circuits, or even beer cans. Thus, an implementation in neural tissue is also
possible. The end result of the computation is not dependent on the specific
implementation, in the same sense in which Microsoft Word works equally well
(or equally badly) on Windows computers and Macs. In that sense, the hardware
is irrelevant. This has led to a widespread doctrine called functionalism, which
states that for this reason cognitive psychology needs not be concerned with the
physical implementation, the brain, but only needs to focus on the functional
level, the “software running on” the brain (e.g. Pylyshyn, 1984).

2.2 Functions and functional modules

The theoretical foundations described in the previous paragraph should be con-
sidered in combination with a number of practical principles of scientific method-
ology to understand current cognitive psychology. These practical principles
amount to ideas about how research on the mechanisms underlying behavior
should proceed. It is clear that the entire human brain or mind is too complex
and multi-faceted to oversee and assess for single researchers, or to describe all
aspects and details of its functioning in terms of a single simple model. For
this reason, and influenced by the computer analogy, the system is decomposed
into different functions: perception (itself sorted by sensory modality), memory,
language, attention, motor control, reasoning, etc. In practice, each function
has its own, more or less separate community of researchers and a distinct body
of literature. Figure 1 presents a fairly characteristic general overview of the
human information processing system as it appears in many textbooks.

Within each function, a similar decomposition into constituent functional
components or modules is assumed. FEach component is dedicated to some
subfunction. Information is exchanged between components through communi-
cation lines although, in close analogy with computer systems, these communi-
cation lines are often assumed to have a “limited bandwidth”, i.e. have a limited
capacity. Exchanged information consists of the results computed by one mod-
ule which are the prerequisite for another module. Many models assume strictly
serial processing; an array of modules activated one after the other, each one
using the final results of the previous module as input. Other models, recent
ones in particular, allow parallel processing. Multiple modules may be active at
the same time and possibly interact, and the results are integrated into a final,
response module. Components are usually represented visually as boxes and
communication lines as arrows, yielding what are known as box-arrow models.
Figures 2 and 3 show two well-known models representing this approach, one
model of language production (Levelt, Roelofs, & Meyer, 1999) and one model
of working memory (Baddeley, 1990).

To be sure, the idea of decomposition into functions and functional mod-
ules is not based on practical considerations and the computer analogy alone.
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Figure 1: An overview of the human information processing system. Adapted
from Ashcraft (1998). Similar overviews appear in many textbooks.

Even though functionalism dictates that the hardware of the brain is, in an
important sense, irrelevant for the functioning of the mind, cognitive psychol-
ogists have been quick to embrace findings from the neural sciences that seem
to support the idea of decomposition into functions. It is known from studies
where animal brains were purposely lesioned as well as from brain imaging and
cell recording studies that different anatomical regions in brains are involved
in different aspects of animal and human functioning. Furthermore, neuropsy-
chological studies show that people with accidental brain lesions, e.g. caused
by car accidents, strokes, or bullet wounds, often display fairly specific defects
rather than an overall deterioration of functioning. For instance, a person may
lose the ability to produce language but still comprehend language, or a person
may be able to visually recognize all objects except faces.

Many models in mainstream cognitive psychology assume as one of the func-
tional modules some kind of central workspace or central processor where infor-
mation from different sources comes together, where selections are being made,
where information is temporarily stored and manipulated, and where decisions
are made regarding actions. In figure 1, for instance, there is a short-term
working memory, which, guided by attention, receives information from long-
term memory and from sensory memory. In working memory this information
is processed, and the appropriate response is given as output. Figure 3 depicts
a central executive, which has, as slave systems, temporary stores for auditory
information and visuo-spatial information, and which uses that information for
its reasoning and decision processes. Figure 2 has a central executive in disguise,
in the form of the self-monitoring process. Central processors and workspaces
are based on the way computers function. There are hardly any data from the
neural sciences which indicate that such central processors or workspaces actu-
ally exist in animal and human brains (Dennett, 1994; 1991), but in this case
such objections are brushed aside by referring to functionalism.
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Figure 2: A model of language production. Adapted from Levelt, Roelofs, &
Meyer (1999).
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Figure 3: A model of working memory. Adapted from Baddeley (1990).



2.3 Experiments and effects

Other practical considerations that have been important in establishing cur-
rent cognitive psychology concern not the theoretical models themselves but
the experiments that are being done to develop and support the models. Ex-
perimental data are the foundation for cognitive psychology’s theories, but they
have the problem of providing only indirect information on the architecture and
functioning of internal mechanisms. This is true even for brain imaging data,
because these may, for instance, give rough indications as to which brain area
receives more blood than others, but not say in what way that brain area is
involved exactly. But the problem is even more acute for the kind of data on
outward behavior that mainstream cognitive psychology typically works with:
reaction time, strength, frequency, and accuracy of responses. Interestingly,
these measures have in large part remained the same since the dawn of exper-
imental psychology in the late 19th century. To cope with the indirectness of
those data, experiments are usually set up such that a manipulation of a single
controlled variable results in a changed response from the subjects, a so-called
effect. The type and direction of the effect may then be used to derive con-
clusions about the underlying mechanisms that are involved and affected by
the experimental manipulation. The subtractive procedure or the method of
additive factors, developed by Donders (1862) and still widely used, is a par-
ticular instance of this idea. An experimental manipulation results in a change
of responses, in this case longer reaction times, and this is interpreted as in-
dicating an additional stage of processing or an additional involved functional
component.

However, drawing straightforward conclusions from such effects can be diffi-
cult. Even if we have a large, clear-cut effect, its implications for the underlying
mechanism are often unclear. Consider a case from language production research
based on picture-word interference experiments (e.g. Glaser & Diingelhoff, 1984;
Levelt et al., 1999). These experiments are based on the Stroop task, an experi-
mental paradigm that is more than 60 years old (Stroop, 1935). In picture-word
interference experiments, the subject must name a picture (or classify it or re-
spond in another way). Within the boundaries of the picture, a distracting
word appears before, during, or after the appearance of the picture itself. A
reliable finding is that if the so-called Stimulus Onset Asynchrony (SOA), the
time between the presentation of the picture and the word, is roughly between
-100 milliseconds and +100 milliseconds, and the distractor word is semanti-
cally related to the picture (such as the word “dog” is related to a picture of
a cat), naming the picture takes significantly longer than in other conditions.
This finding is displayed in figure 4.

What does this semantic inhibition effect mean for models of language pro-
duction? In the interpretation of additive factors, it could mean that an ad-
ditional stage of processing or functional module is involved. Alternatively, it
could mean that semantically related words are stored closely together in mem-
ory, and “activation” of words “spreads out” to their neighborhood in a kind
of blurring process, making it harder to distinguish semantically related words
and pick out the correct one. Yet another interpretation is that the distractor
word is processed faster than the picture and prepares the response component
for saying the wrong word, which subsequently needs to be suppressed before
the right word can be said.
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Figure 4: Semantic inhibition in the picture-word interference task where sub-

jects have to name the picture, as a function of Stimulus Onset Asynchrony
(SOA). Adapted from Glaser & Diingelhoff (1984).

The standard way to decide between the alternatives is to run new experi-
ments. However, effects may disappear or even be reversed by slight changes to
the experimental setup or by alternative manipulations. In the case of picture-
word interference tasks, the effect is indeed reversed and becomes a facilitation
effect when the pictures must be categorized rather than named (Levelt et al.,
1999). In many cases research then tends to “zoom in” on details regarding
those changes and manipulations, mapping out exactly when effects appear and
how large they may become. In doing that, researchers are following the seem-
ingly reasonable principle that one must first come to grips with the subtleties of
the effect before one can move on. In addition, in new experiments a completely
new effect may appear, much to the delight of its discoverers. The details of
this new effect are then explored in more detail, etcetera.

In effect (no pun intended), the end result is that much of cognitive psychol-
ogy is more concerned with effects by themselves than with the implications of
effects for theoretical models. In a way, measurements and the effects derived
from them take on a life of their own, with models being postponed to a later
time “when we have more data”. The argument that “there is not yet enough
data” is similarly used to justify the usual state of affairs that if a model is
proposed, it is not specified beyond the very abstract level of a small number of
boxes and arrows, as described above and illustrated by figures 1-3.

2.4 Mathematical and computational models

In those rare cases where a cognitive psychology model is further specified and
a mathematical or computational model is implemented, an observation can
be made that illustrates the strong focus of mainstream cognitive psychology
on raw experimental data and effects. Such models typically replicate the raw
experimental data and effects very precisely, but they do not aim to replicate



the general behavior that the research initially set out to investigate.

For example, the computational model of language production proposed by
Levelt et al. (1999), which is an implementation of the box-arrow model de-
picted in figure 2, replicates the semantic inhibition effect very well, along with
a number of other experimental effects, but it says little about language pro-
duction in general: how the picture is “transformed” into processes dedicated
to language, what those processes look like and how they are operated upon,
how the complex structure of language and the large number of words are dealt
with, and how processes concerned with language are in turn transformed into
muscular movements corresponding to saying a word. In other words, one can-
not present an actual picture of a cat to the computational model and obtain an
auditory response “cat”—Ilet alone have the language production model produce
language as it is normally produced, in the form of comprehensible sentences.
Reaction times and errors are produced, rather than actual language. Again
this is justified by referring to the intuitively reasonable arguments that there
is not enough data and that one must stay close to the data that one has got,
before one can go on and “generalize to the unknown”. However, this leaves
the peculiar situation that data that were initially gathered to say something
about the mechanisms underlying a general capability of behavior, become the
primary focus of the model at the expense of those general mechanisms. Such
models explain the errors in and speed of certain behavior, without explaining
the behavior itself.

The (implicit) idea behind this is that successive models of raw data and
effects will encompass more and more data and, in the long run, converge to
models which will indeed be able to produce actual behavior. After all, if we
keep doing experiments, more and more data will become available, and if all
conceivable data are eventually taken into account, this should include data
on actual behavior. However, we have seen that more data often amounts to
more details regarding the existence, disappearance and reversal of an effect
under different experimental variations, and not necessarily to more data on ac-
tual behavior in natural circumstances. In practice, after many years of careful
experimentation and corresponding theorizing, models have rarely, if ever, con-
verged to models aiming more and more to replicate actual behavior in natural
circumstances.

3 The adaptive behavior approach

Adaptive behavior research takes a very different approach to the study of the
mechanisms underlying behavior. This approach is conveniently and effectively
described by contrasting it with mainstream cognitive psychology on a number
of issues.

1. General capabilities, as opposed to experimental effects

The previous section ended with a discussion of the kind of data that current
models in cognitive psychology focus on, and ideas about how successive models
will encompass more data. In general, this concerns the question of deciding
where to start: which kind of data should be modeled first? Mainstream cog-
nitive psychology opts for the kind of exact and quantitative but, as we saw,



very indirect data that can be and have been obtained in carefully controlled
experiments.

The adaptive behavior approach can be understood as choosing another
kind of “data” to focus on first. It attempts to replicate general capabilities of
behavior that humans or animals exhibit. A system, or agent, is constructed
that is capable of, for instance, locomotion behavior, or navigation behavior, or
cooperation behavior, etc. These capabilities are not data in the regular sense
of that which is gathered in controlled experiments, but they are data in the
sense that they are non-trivial phenomena exhibited by humans and animals
and they should be accounted for by a model. The idea is that a good model of
the mechanisms underlying behavior should first and foremost account for what
those mechanisms are for, what makes them interesting in the first place: the
generation of successful behavior.

Viewed from this perspective, it is clear that the adaptive behavior approach
is not merely a branch of engineering. It is a branch of cognitive science, in
that it attempts to explain known facts about the behavior of organisms, facts
concerning the existence, complexity, and limitations of that behavior. The
difference between mainstream cognitive psychology and the adaptive behavior
approach is not that the first explains actual data on organisms and the latter
does not; the difference is in the type of data that is being explained.

Obviously, the type of data described as “general capabilities” cannot be
measured as rigorously and quantitatively as the typical data used by cognitive
psychology. In some cases, we may only be able to say that there is a qualitative
fit between the constructed agent’s behavior and an organism’s behavior: the
agent is capable of some behavior, but the degree to which it matches the
capability of a particular organism is not entirely clear. In other cases, it may
be possible to determine this fit more quantitatively, by taking measures of
effectiveness and efficiency. However, in many cases an agent’s behavior is not
even intended to model the behavior of a specific species, but rather a type of
behavior exhibited by many species.

Mainstream cognitive psychology stays close to quantitative data gathered in
neatly controlled experiments at the expense of the actual behavior itself. The
adaptive behavior approach does the opposite: sacrificing some quantitative
measures in favor of “qualitative data” that are claimed to have at least as high
a priority.

2. Basic behavior, as opposed to high-level behavior

Building a system capable of behavior is difficult. At the moment, complex
behavior is out of reach. For this reason, the adaptive behavior approach sim-
plifies by focusing on very basic behavior first. This can be contrasted with
mainstream cognitive psychology which can be characterized as simplifying by
taking simple behavioral measures of mostly high-level cognition such as natural
language, decision making, complex perception and attention, and intentional
processes. It can similarly be contrasted to “traditional” artificial intelligence,
which has focused on mimicking those higher-level cognitive processes. Tra-
ditional artificial intelligence has met with some success, but only when the
domain to which the high-level cognition applies is very limited, such as chess
or medical diagnosis. The idea to go back to basic behavior first (Keijzer, in
press), which adaptive behavior research adopts, is based in part on the brittle-



ness of traditional artificial intelligence systems in real-world domains.

The adaptive behavior approach has the disadvantage that, initially, many
of the most interesting types of behavior, especially the ones exhibited uniquely
by humans and not by other animals, are not dealt with. On the other hand,
this may not be such a bad idea given the history of research in biology, for
instance. The very successful field of genetics has worked its way up from the
relatively simple genomes of the fruit fly up to more and more complex genomes,
with the human genome coming into the picture only recently. Thus, adaptive
behavior research starts with the very basic behaviors exhibited by virtually
all animals and slowly works its way up: locomotion, orientation, approach
to desirable stimuli and movement away from danger, collision detection and
collision avoidance, simple navigation, prey following and fleeing, cooperation,
communication, etc.

This initial focus on basic behavior, as opposed to a focus on high-level cog-
nition, does not imply a return to behaviorism or a denial of the existence and
importance of high-level cognition. It is mainly a pragmatic choice, based on
perceived limitations of our understanding of the mechanisms underlying even
very basic behavior. In sharp contrast with behaviorism, adaptive behavior re-
search is very much concerned with the internal mechanisms behind behavior,
and it does not view behavior as simple stimulus-response relationships. In the
long run, the adaptive behavior approach hopes to tackle more high-level cogni-
tive behavior. In fact, there are already some efforts in this direction, especially
with regard to planning (Nolfi & Floreano, 1998; Werner, 1994), communication
using higher-level concepts (de Jong, 1999), and language (Steels, 1997).

3. Learning by constructing, as opposed to learning by measuring
By constructing an agent capable of a certain type of behavior, one can learn
something about how biological systems, organisms, accomplish that behavior
(Braitenberg, 1984). At the very least, one will learn about the problems that
are involved in accomplishing that behavior, which are the same problems that
the biological system must overcome. We can think of the evolved mechanisms
underlying behavior as a solution to those problems. It seems reasonable that
understanding that solution requires a sufficient understanding of the problems.

Interestingly, during construction one’s intuitions about what will be and
what will not be severe problems are often falsified. The history of the field
of artificial intelligence is very illuminating in this regard. On the one hand,
problems may turn out to be much more severe than was envisioned. In research
on navigating robots it was initially thought that the process of transducing
sensory information into a world model, as well as the process of transducing
planned actions into motor commands was fairly trivial, and that all the hard
work is done in sorting out a plan given the world model (Nilsson, 1984; Moravec,
1982). This turned out to be a gross underestimation of the difficulties of those
“transduction” processes, and research on navigating robots stalled for many
years as a result (Brooks, 1991).

On the other hand, problems that seem to be very serious may turn out to be
pretty easy. It was previously thought that transforming English verbs from the
present tense into the past tense requires a complicated system of rules, contain-
ing the rules and how they are applied, as well as the exceptions to which they
do not apply. However, it was shown that this task can be performed relatively
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successfully and even learned fairly easily as a straightforward stimulus-response
association, using a neural network (a simplified model of nervous systems) of
very basic architecture and only a few dozen neurons (Rumelhart & McClelland,
1986).

In general, the history of artificial intelligence shows that construction of an
intelligent system is by no means a trivial enterprise. This suggests that it is
not true that for any abstract theory on how to achieve some behavior, it will be
easy or even possible to construct an implementation of that theory that works.
The conclusion that the adaptive behavior approach draws from this observation
is that the test of implementation is a much more serious one than is usually
assumed by mainstream cognitive psychology. Implementation reveals genuine
problems associated with accomplishing a particular type of behavior; and it
reveals weaknesses (if any) of abstract theories in overcoming those problems.

Conversely, properties of a successful artificial system may suggest ideas,
and even specific hypotheses, about how the biological system does the job. The
engineered solution can be compared and contrasted with the biological solution.
Having something to compare with may help in making sense of the data on
biological mechanisms that are available from psychology and the neurosciences,
data that are there in large quantities but that are often hard to interpret.

4. Implementationism, as opposed to functionalism

The degree to which constructed solutions, agents, tell us anything about
nature’s solutions, organisms, is a matter of some debate. After all, function-
alism, which is widely adhered to in mainstream cognitive psychology, tells us
that the same function can be accomplished in many ways. The way the engi-
neered agent performs the function may be completely different from the way
the organism performs it, and what we are interested in, in the end, is only the
latter. How much does an airplane really teach us about how birds fly? Perhaps
surprisingly, the answer to that question is: quite a bit. One example is that
even though airplanes do not flap their wings and the wings are (fairly) rigid,
the principle by which their wings accomplish their task is very similar to birds.
Airplane wings and bird wings have similar, though not exactly the same, curva-
tures that cause lower air pressure above the wing than below during horizontal
movement, creating lift. This understanding of bird wings almost completely
depends on the development of airplanes and the corresponding understanding
of aerodynamics.

In general, there are not as many possible ways to accomplish a particular
capability effectively as seems to be implied by functionalism. The original idea
from computation theory on which functionalism is based only says that the
end result of a computation can be accomplished in multiple ways. Firstly,
it says nothing about how long it will take. The archetypical computer, the
Turing Machine, would be impractically slow for nearly all functions if it were
implemented.

Secondly, it does not claim that just any idea about how to achieve a ca-
pability will work. In the enormous space of possibilities of different systems,
or “design space”, only a few regions of that space amount to systems that are
actually capable of accomplishing anything interesting. And one can reduce
the number of regions even more and zoom in to the region of interest by us-
ing self-imposed constraints on the “building blocks” of the artificial system.
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Sure enough, a wheeled robot does not tell us very much about legged loco-
motion. But if the robot has legs and its artificial brain consists of artificial
neurons, it becomes a different matter altogether. It then becomes more likely
that one lands in more or less the same region of possibilities as the biological
system, and the constructed solution has accordingly more similarities with the
biological solution.

Thus, functionalism’s suggestion that the particular implementation is ir-
relevant is rejected. The alternative doctrine, which we may call implemen-
tationism, states that the implementation is neither irrelevant nor trivial; in
contrast, in order to understand a system’s functioning one must understand
the implementation and in principle be able to construct one.

There seems to be a paradox here. If a system’s functioning is so closely
tied to its implementation, how can we ever expect to learn something about
an organism’s functioning, with its biological implementation, by studying an
artificial implementation? To solve this apparent paradox, it is necessary to
specify the functionalism-implementationism dimension further. At one end of
the spectrum, there is radical functionalism, which says that a system’s func-
tioning has nothing to do with the system’s implementation. This would imply
that any random stack of bricks could be intelligent. At the other end, there
is radical implementationism, which says that a system’s functioning is insep-
arably linked to all details of its implementation. Radical implementationism
implies that each and every protein used in the cell is critical in achieving a
neuron’s function, and an artificial neuron that leaves out one such protein will
fail. The argument that was made here for implementationism really argues for
mild implementationism. Not every detail in an implementation is crucial for
a system’s functioning. It is possible to abstract away from some of the details
(such as a particular protein) when constructing an artificial system and still
be able to make meaningful comparisons with the biological system. In other
words, within a single region of design space, there are still many systems whose
details differ to some extent, but whose functioning is not affected significantly
by those details. Of course, it is not known a priori which details are essential
and which are not; this has to be found out.

The adaptive behavior approach follows mild implementationism and at-
tempts to construct a successful implementation. In the process, the constructed
agent’s capabilities, its limitations, and the problems it overcomes can be under-
stood; and the agent is compared to biological implementations. In most cases,
adaptive behavior research takes inspiration from biology and attempts to use
in its implementations the same type of building blocks as nature does, in order
to facilitate meaningful comparisons. Sometimes it even becomes a matter of
testing specific hypotheses about how the biological system works (e.g. Webb,
1994; Beer, 1990). As an extra advantage of the adaptive behavior approach,
known biological features can be added to and removed from the agent at will,
and the effects on the resultant behavior can be observed. In this way, it may
become clear whether that particular feature is essential for the organism’s func-
tioning or not. These suggestions can subsequently be put to the test by the
neuroscience and psychology communities (see Webb, 1994 and Beer, 1990 for
examples). These are important ways in which adaptive behavior research feeds
back to neuroscience and psychology and fruitful interactions may take place.
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5. Detailed models, as opposed to abstract models

In accordance with implementationism, the adaptive behavior approach pro-
poses implemented agents that actually demonstrate some capability of behav-
ior, and which are therefore specified in large detail. This is in contrast with
the very abstract models typically proposed by mainstream cognitive psychol-
ogy. Those abstract models usually consist of a few boxes and arrows (see figures
1-3) and they contain hardly any details, sometimes to the point where one may
wonder how much information they contain at all. A box labeled “short-term
memory” contains only the information that humans are capable of remember-
ing information presented to them a little while before; it says nothing about
the underlying mechanisms.

Mainstream cognitive psychology often takes the position that details are
bad, because the “principle of parsimony” says that models should be as simple
as possible. The adaptive behavior approach takes the position that details are
good or at least unavoidable, because actual behavior cannot be accomplished
without them, neither in artificial systems nor in biological systems. As argued
above in the context of “learning by constructing”, it is very hard to predict in
advance which details are arbitrary and which are crucial. Only by implementing
them will this become clear. In any case, a constructed agent that is successful
at its behavior can be seen as an “existence proof” that proposed mechanisms
deemed necessary for functioning actually do the job, and this requires the
details to be filled in. Such an existence proof can never be given by an abstract
box-arrow model.

A related objection is that details make it hard to see the bigger picture:
the general principles that govern the mechanisms behind the behavior. If there
are too many details, one may not be able to see “the wood for the trees”.
First of all, if a detail turns out to be crucial in the implementation phase, it is
apparently not part of the trees, but of the wood: without it, the bigger picture
would not be complete, and without implementing it, the bigger picture could
not have been obtained at all. On the other hand, one should not drastically
go the other way toward radical implementationism, reasoning that all details
may be important, and concluding that therefore one should always start by
modeling individual molecules, or atoms, or elementary particles. One should
constrain oneself to details for which it is reasonable to suppose that they may
have relevance for the system’s functioning; the details by virtue of which the
system may be doing what it is doing. Admittedly, finding this right level of
detail is an art in itself. It is as easy to become too detailed as it is to become
too abstract.

The agents that are constructed within the adaptive behavior approach are
either actual robots or computer simulations. In both cases, the agent is investi-
gated as a complete system of brain and body interacting with an environment,
to make the behavioral task as realistic as possible. Both computer simulations
and robots have advantages and disadvantages. An important advantage of
computer simulations is that they are easy to work with and easy to modify.
In addition, certain things are practically impossible to realize in robots but
are possible to simulate in the computer, such as evolution, large populations
of agents, muscles, a variety of environments, etc. On the other hand, it is
very hard to simulate the full complexity of the real world. There is a danger of
oversimplifying the problems that the agent is faced with. This is not a problem
if one uses real robots. A real robot needs to confront the real world and show

13



it is capable of successful behavior—one may argue that only then there is a
genuine existence proof that proposed mechanisms underlying behavior actually
work. But research on robots is very difficult and can get lost in uninteresting
technical problems. Usually, the types of behavior exhibited by robots are sim-
pler than the ones in simulation, because it is so hard to achieve even the simple
ones.

6. Perception to action loops, as opposed to functional modules

Mainstream cognitive psychology decomposes the animal and human infor-
mation processing system into separate functions, and each function in turn
into functional components. Each function is studied in isolation, with little
attention for interactions with other functions or with the environment. The
adaptive behavior approach uses another kind of decomposition, one that iso-
lates all mechanisms that are involved in the particular, usually simple behavior
of interest. Since the goal is to achieve complete behavior, all aspects from per-
ception to action which are critical in achieving that particular type of behavior
must be dealt with. This also includes interaction of the brain with the body
and with the environment. Actions typically change the state of the body and
the world and what is perceived next in an immediate feedback-like way. This
is an important component of the behavioral task, and it has to be taken into
account if successful behavior is to be generated. Mainstream cognitive psychol-
ogy does not usually acknowledge the importance of this fact, and it treats body
and environment as “passive”, independent receivers of actions and providers of
sensations.

Dealing with all aspects from perception to action sounds like adding up all
problems involved in different functions. If an individual function studied in
isolation is so complex as to warrant a large, separate field of research, how can
we expect to deal with all those functions at once? The trick is to study and solve
only those problems of, for instance, perception or memory or motor control that
are necessary to accomplish the single behavior of interest. Agreed, full-blown
human perception is very complex and cannot be simply built into an agent.
That is why the focus is on basic behavior and on the corresponding aspects of
perception, memory, and motor control that by themselves are relatively simple
when compared to the full complexity of human perception, memory, and motor
control. But much can be and has been learned from how these simple aspects
of a task constrain each other, how they interact with each other, and how
interaction with the environment constrains the whole system (Brooks, 1989,
1991; Mataric, 1991).

In fact, as we shall see in the next section, one of the most important insights
resulting from adaptive behavior research is that successful agents often resist a
clear-cut decomposition into functions and functional modules. Memory may be
distributed across the whole agent rather than located in a separate component
(Rumelhart & McClelland, 1986; Dennett, 1994). Perception and action may
be intricately linked to the point where they are no longer usefully thought of
as two separate components (Brooks, 1989, 1991; Beer, 1990; Beer & Gallagher,
1992). Agents may behave “as if” they pay selective attention to certain sensory
information, without having an explicit mechanism or component for attention
(Werner, 1994). For these agents, the intuitively natural decomposition into
functions and functional components is not the most fruitful one. This in turn

14



suggests that it is not necessarily the most fruitful one when one thinks about
biological systems.

But what about those findings from the neural sciences that seem to support
the idea of decomposition into functions and functional modules? It should be
noted that those data do not directly implicate such clear-cut functional isola-
tion, but rather show something much weaker: there is some level of specializa-
tion, not all brain areas are directly involved in a particular task, but only parts
of the brain. The same is usually true of constructed agents: there is some level
of specialization, some parts of the artificial brain are involved in some tasks,
and other parts in other tasks.

Within biological brain regions that are involved, it is unclear how to further
assign subtasks to brain areas. But what is suggestive is that there are typically
many connections back and forth to brain areas; a finding that argues against
strict functional isolation. Furthermore, one should be careful with deriving
conclusions from failing systems. If a radio starts to make a howling sound
if one particular transistor is broken, this does not mean that this transistor
is the “howl inhibitor” (Arbib, 1989). In general, the phenomenon that only
a specific capability fails if one of the physical building block is broken, is a
characteristic of many systems, and not only systems with clear-cut, isolated
functional modules.

7. Decentralized control, as opposed to centralized control

Mainstream cognitive psychology usually proposes as one of the functional
modules a central workspace where information is temporarily stored for pro-
cessing and organization by a central controller. There is a danger of attributing
all capabilities that are not yet understood to this central controller, which is not
specified in more detail. Sometimes this central controller can rightly be called
a “homunculus”, a little man in the head, which takes over all the hard work
that the overall system is supposed to do. Such a model does not explain the
capabilities of the system, but only “pushes back” the problems deeper into the
system, into an unspecified functional component named “central controller”
(Dennett, 1991).

The adaptive behavior approach cannot, in principle, resort to this strategy
because it forces itself to replicate the capabilities. If a central controller were to
be proposed, it would have to be implemented for behavior to be accomplished.
In the process, its mechanisms have to be made explicit, and its weaknesses, if
any, are revealed.

Almost all of traditional artificial intelligence has used central controllers
and workspaces in its systems. This has met with very limited success, and it
is therefore an example of a specific cognitive psychology idea about underlying
mechanisms that seems to be falsified when put to the test of implementation.
Among the problems is the creation of a serious bottleneck if everything has to
pass through the central workspace, slowing down performance tremendously.
There is also the problem of information access (Dennett, 1994; Lenat & Guha,
1990). One can have a long-term memory storing huge amounts of information,
but how does one get the relevant piece of information into working memory
in time? Furthermore, for systems that interact with the world, it has proven
to be very hard to maintain and update the central model of the world that
the central processor is operating upon—this is known as the frame problem.
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Using sensory information to decide what has to be changed in the central world
model, as well as predicting what will change in the world model if some action
is executed, is notoriously difficult (e.g. Brooks, 1991; Moravec, 1982; Nilsson,
1984; Dennett, 1991; Krotkov & Simmons, 1996).

For these reasons, the adaptive behavior approach typically attempts to ac-
complish behavior without using a central controller or workspace. Control is
decentralized, distributed among local controllers operating in parallel. Each lo-
cal controller performs a simple task, such as moving a single leg when its own
sensors say so, or activating another local unit when its sensors detect a specific
feature in the world. Through the interaction of these local controllers between
themselves and with the environment, the behavior as a whole “emerges”, with-
out a need for a central guiding or monitoring mechanism. This is often called
self-organization, because there is no central system actively organizing the be-
havior.

8. Distributed, continuous internal state, as opposed to symbolic rep-
resentation

Based on the computer analogy, the content of the central workspace (as
well as long-term memory) is usually theorized to amount to so-called symbolic
representations. These are language-like structures consisting of arrays of sym-
bols, manipulated by logical operations. Symbols are the atoms of knowledge
that “stand for” something in the outside or inside world, such as “Mary” or
“love”. An important, powerful property of symbolic representations is their
combinatorial structure. Symbols can be combined into large symbol structures
in many different ways, representing many different meanings. Certain opera-
tions on these representations may depend on the combination of the symbols,
rather than the meaning of the individual symbols themselves. This is called
structure-sensitive processing, and it allows a single type of operation to gener-
alize to many different contexts.

Just as there are no indications that there is a central workspace in the
brain, it is not obvious at all where and how the symbolic representations are
encoded. That is not to say that there are no symbolic representations in
the brain. However, the structure of and processes in the brain suggest other
types of encoding that are used next to, or perhaps even instead of symbolic
encodings. These other types of encodings are investigated in depth in the field
of artificial neural networks or connectionism (see Rumelhart & McClelland,
1986). Artificial neural networks are simplified models of biological neurons
and biological neuron interactions. They are inherently based on decentralized
control. Furthermore, no clear distinction can be made between the controlling
part and the information used by the controller, which is very different from
standard computers and models in mainstream cognitive psychology. As it
turns out, the type of continuous-valued, distributed internal states encoded
by artificial neural networks, and therefore—it is hypothesized—by biological
nervous systems, affords a type of processing well suited for many parts of
intelligent behavior.

Symbolic representations are best suited for logical, all-or-nothing types of
reasoning and applications of strict rules. Much of intelligent behavior is han-
dled better and perceived more fruitfully as recognition and classification of
patterns, completion of partial information, association between related pieces
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of information, and decisions based on incomplete information and on the sat-
isfaction of multiple, “soft” constraints. Those types of tasks are done more
naturally and effectively in neural networks than in symbol systems. This is
particularly acute for a system interacting with the environment, which is an
important focus of adaptive behavior research. As described above, the trans-
duction process from sensory information to a central world model, which is
supposed to consist of symbolic representations, is very hard. The type of con-
tinuous, distributed internal states of neural networks lends itself much better to
connections and interactions with sensory and motor apparatus than discrete,
symbolic representations. As for structure-sensitive processing, it was shown
that this is not limited to symbolic representations but can also be done in
neural networks (e.g. Chalmers, 1990; Elman, 1990).

For these reasons, a lot of adaptive behavior research uses artificial neural
networks, or some other type of system based on decentralized control and dis-
tributed internal states (e.g. CMAC or classifier systems). However, in contrast
with connectionism (Rumelhart & McClelland, 1986), no absolute commitment
is made to distributed internal states. If it turns out that for some types of
behavior (e.g. high-level cognition) symbolic representations are necessary or
very useful, the adaptive behavior approach, with its focus on making systems
work, will use them. There are more differences with connectionism, so it is cer-
tainly a mistake to simply equate the two approaches. In a way, connectionism
is situated in between mainstream cognitive psychology and adaptive behavior
research. Like the adaptive behavior approach, it emphasizes implementations
and decentralized control. But unlike the adaptive behavior approach, con-
nectionist models are often intended as straightforward implementations of the
functional modules of mainstream psychological theories, and they are often
used to directly fit typical experimental psychology data on reaction times and
errors. The adaptive behavior approach emphasizes much more than connec-
tionism the importance of building complete agents interacting with realistic
environments, exhibiting general capabilities of behavior.

9. Bottom-up engineering principles, as opposed to top-down engi-
neering principles

The decomposition into functions and functional modules that mainstream
cognitive psychology assumes reflects—and is probably inspired by—standard
engineering principles. In fact, it is basically how traditional artificial intelli-
gence constructs an artificially intelligent system.

First, it is determined what the system is supposed to do, what its overall
task is. Next, this task is divided into subtasks which are handled by ded-
icated components. Each component’s subtask is relatively independent and
well-defined, such that the component can be individually built and tested. To
avoid the notorious problem of unwanted side effects and complications caused
by interactions between components, each component’s functioning is isolated
as much as possible from other components. Finally, all components are put
together. This can be called top-down engineering, because one starts with the
abstract idea of the overall task, working one’s way down to more and more
concrete subtasks and finally physical realization of the components and com-
bination into a complete system.

However, this is not the way nature constructs systems. Nature does not
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start with an abstract idea about what the final system should do. It does not
neatly figure out subtasks and assign these to functionally isolated subsystems.
It does not care about whether or not any clear-cut decomposition into sub-
functions is possible at all, or whether the end result is easy to comprehend for
scientists. And it does not build and test the subsystems individually before
they are recombined. In contrast, nature blindly tries out all kinds of systems
without any foresight on what the system should do or how it should do it. It
builds on systems that were successful before, varies them randomly and selects
the lucky ones that happened to work one way or another. It selects a system as
a whole and does not develop subsystems in isolation, opportunistically allow-
ing side effects and complex interactions between subsystems as well as multiple
functions within a subsystem if they happen to be beneficial.

To contrast this with top-down engineering, it may be called bottom-up
engineering (e.g. Dennett, 1994): starting with building blocks from previous
generations, those building blocks are varied and more or less randomly com-
bined into a new system, allowing strong interdependencies and interactions
between them, without a preconceived and neatly worked out plan on the over-
all design. But the system is selected on the basis of success in its environment,
such that unsuccessful systems (most systems, in fact) are filtered out and we
are left with successful ones. Only with hindsight, then, one can say that a
successful system is “designed to perform a particular task”.

It seems plausible that top-down engineering often leads to different types of
systems than bottom-up engineering. Thinking again in terms of the metaphor-
ical space of possibilities of systems, design space, top-down engineering is con-
strained to certain regions of design space; in particular, regions where systems
are easily decomposable into functional modules (these may be very good sys-
tems: airplanes are an example). Bottom-up engineering does not have those
constraints. Of course, it has other constraints, such as the constraint that a
design is always heavily based on a previous design. Because of these differences
in constraints, bottom-up engineering may end up in very different regions of
design space. Those regions may yield systems from the easily imaginable to
the bizarre—the only criterion used by bottom-up engineering is success of the
system.

In order to learn more about the systems designed by nature and to have ac-
cess to the same regions in design space as nature has, a lot of adaptive behavior
research attempts to mimic nature’s bottom-up engineering processes. Agents
are developed over many generations using a simulated evolution process, em-
ploying so-called evolutionary algorithms; or they are developed using learning,
nature’s way of developing an organism during its lifetime. As it turns out, in
many cases the artificial systems developed in this way are indeed very different
from what was expected given the standard top-down view in traditional arti-
ficial intelligence and cognitive psychology (e.g. Beer, 1995; Beer & Gallagher,
1992; Nolfi & Floreano, 1998). This challenges the (usually implicit) assump-
tion in cognitive psychology that the top-down approach is the most logical
and fruitful one, when it comes to understanding and reconstructing biological
intelligence.

10. A posteriori analysis, as opposed to a priori analysis
The overall emphasis on constructing working systems, the fact that bottom-
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up engineering does not work from an abstract theory, and the explicit statement
of implementationism, all seem to suggest that the adaptive behavior approach
is not very interested in abstract theories. The main concern seems to be with
building an agent that is specified in large detail and that is successful at its par-
ticular task, and not so much with finding more generalized, high-level theories
of behavior and of the mechanisms behind behavior.

First of all, it is true that the adaptive behavior approach has a somewhat
different attitude towards abstract theories. Adaptive behavior research looks
at organisms from an engineering perspective. This leads to a general view of
cognitive science as an enterprise that is more like reverse engineering than like
physics. A reverse engineer attempts to understand complex machinery made
by someone else, with the goal of being able to build a similar device herself
(Dennett, 1994). She does not come up with a single “theory of video cassette
recorders” or a single “theory of cars”, in the same sense as there is a theory of
elementary particles. What she is looking for is insights in the workings of the
machine. This requires descriptions of many parts and their interactions, and a
number of general principles; but not a single theory. In the same way, it may
be an idle hope to find a relatively simple “theory of behavior” for complex,
bottom-up engineered systems such as organisms.

Having said that, the goal is still to find those general principles of the mech-
anisms underlying behavior, and taken together, the general principles can be
said to constitute the abstract theory. It is important to note that construct-
ing detailed implementations does not preclude an adaptive behavior researcher
from thinking about the abstract theory, both in the process of constructing and
in the analysis of the completed agent. In the end, abstract theories (general
principles) are what the whole enterprise is about; not single, detailed agents,
built for one specific environment. The adaptive behavior researcher is, in fact,
in one of the best positions to understand the general principles, because she
has constructed a complete agent herself and knows, like no one else, about the
problems that have been overcome and how the solution works.

The doctrine called implementationism does not say that one should not
be concerned with the abstract theory; it says that one should build and look
at implementations if one wants to find the abstract theory. Compared to
functionalist psychology, the order of doing things can be said to be reversed.
Functionalist psychology starts out, a priori, with an abstract theory, based
on an analysis of the demands of the task and on preconceived ideas on how to
deal with the demands, and expects that an implementation can easily be found
which realizes this theory in a physical machine. Adaptive behavior research, in
contrast, focuses first and foremost on building a successful machine and only
then on analyzing it, a posteriori, so as to arrive at the abstract theory. If one
employs bottom-up engineering to construct the agent, this is even the only
possible methodology.

The idea is that it does not make sense to establish the abstract theory un-
til one has extensively investigated the feasibility of different ideas on how to
accomplish a certain capability. In other words, implementation is part of the
process of theorizing right from the start. Once there are successful implemen-
tations, it becomes possible to say which ideas worked and which failed and,
with hindsight, it may become easier to see why certain ideas worked and others
failed. This then yields the more generalized, abstract theories.

As one example, implementations of multilayer feedforward neural networks
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in detailed computer simulations have yielded the general theoretical insight that
a lot of complex rule-like behavior can be accomplished with, and understood
as a nonlinear mapping of vectors (e.g. Rumelhart & McClelland, 1986; Sutton
& Barto, 1998). This is the abstract theory behind multilayer feedforward
networks, but it was not and probably could not have been conceived a priori by
functionalist psychology. The whole concept of “nonlinear mappings of vectors”
emerged from and depended on investigations of detailed implementations of
neural networks.

An example that is more typical of adaptive behavior research is Beer’s
(1995) analysis of an evolved locomotion controller, described in more detail in
the next section. The high-level abstract theory describing the evolved controller
is stated in terms of dynamical systems, and again it is very different from
anything that was or even could have been conceived a priori.

As a final example of adaptive behavior research on finding more general-
ized theoretical insights, a number of recent studies focus on classification of
agents and environments (e.g. Wilson, 1991; Bakker & de Jong, 2000). Such
classification methods may afford better judgements of the difficulty of different
environments and the complexity of different agents. In this way, they may af-
ford more meaningful comparisons between different studies, which at this time
often consist of single examples of agents in specific environments.

4 Examples of adaptive behavior research

In this section a number of examples of adaptive behavior research are presented
that are intended to illustrate the issues described in the previous section. At
the same time, they are examples of some of the theoretical insights that have
been gained using the adaptive behavior approach. A number of these insights
directly oppose ideas in mainstream cognitive psychology. This suggests that
those classical concepts should not be taken for granted, but may be in need of
revision.

4.1 Locomotion

Locomotion, in particular legged locomotion, was one of the first types of be-
havior investigated using the adaptive behavior approach. In part, this resulted
from dissatisfaction about traditional artificial intelligence efforts on locomo-
tion. Those efforts had resulted in large robots using a central controller which
carefully planned and executed each single step or change of position before
anything else could happen, yielding very slow and unnatural locomotion (e.g.
Krotkov & Simmons, 1996).

Taking inspiration from biology, researchers, most notably Brooks (1989,
1991), decided to use simple decentralized controllers in small, insect-like legged
robots. Each leg is controlled in a local, reflexive way, aided by individual timers:
if the leg is down and forward, swing backward; if it is down and backward, lift
the leg and swing forward, etc. Coordinating these six moving legs such that
successful locomotion is accomplished seems like a complex problem. In con-
trast, this can be achieved by simply letting the robot move about in the world
and exploiting the sensors on the legs, using simple inhibition between the legs.
If a leg is swinging forward, the other legs that stand on the ground are told
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Figure 5: Part of the neural locomotion controller connected to a single leg.
From Beer & Gallagher (1992).

to swing backward a little, etc. When put into action, the robot quickly set-
tles into an efficient, lifelike gate of locomotion and is even able to negotiate
somewhat rough terrain. It can easily be supplemented with similar reflex-like
mechanisms that allow it to detect and deal with collisions. This work was an
important “step” because it showed how complex coordinated movements can
arise from parallel, distributed control, without a central coordinating mech-
anism and without using explicit central representations of the task and the
environment. Thus, it is one of the first successful examples of exploiting self-
organization to achieve complex behavior.

Following up on this work, Beer and co-workers (Beer, 1990; Beer, Chiel,
Quinn, Espenschied, & Larsson, 1992) used a neural network as locomotion
controller for their simulated insects and real robots. This artificial neural net-
work was a simplified model of the nervous system of the cockroach. Previously,
locomotion of this type of animals was thought to be controlled by a central lo-
comotion system carrying out a fixed motor program and sending commands
to the legs at precisely timed moments (see Marder & Calabrese, 1996; Sim-
mons & Young, 1999); these models were akin to typical cognitive psychology
models. In contrast, the neural network model uses highly distributed control
and, again, inhibition between legs, but this time only local inhibition between
neighboring legs.

The cockroach is known to have different gaits, which it uses at different
speeds. To explain this, classical models have to assume that the central loco-
motion system contains different motor programs, one for each gait. In the neu-
ral network model, however, these different gaits arise spontaneously when the
speed is varied—another instance of self-organization. If one is to understand
how this works, one cannot fruitfully think in terms of the classical concepts of
motor programs, functional components, and the like, but one has to view the
neural network in interaction with body and environment as a single dynamical
system in which different periodic attractors are stable at different speeds.

Later work by Beer and colleagues (Beer, 1995; Beer & Gallagher, 1992)
included the development of neural network locomotion controllers using evolu-
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Figure 6: Phase space plot of the limit cycle of the leg controller depicted in
figure 5. The output of the Foot, Backward Swing (BS), and Forward Swing
(FS) motor neurons are plotted. From Beer (1995).

tionary algorithms, thus mimicking nature’s bottom-up engineering style. This
provided additional confirmation for the idea that, at least for organisms ex-
hibiting this type of behavior, dynamical systems notions may provide better
explanations than cognitive psychology’s classical notions. A part of the overall
neural network that is connected to a single leg is shown in figure 5 (Beer &
Gallagher, 1992). It cannot be meaningfully decomposed into different func-
tional modules, nor is it functionally isolated from other parts of the network;
and there is no central control. Rather, each neuron continuously affects and is
affected by the other neurons as well as the body and the environment, and the
overall capability emerges from the interactions. To illustrate the difference in
the type of explanations of the mechanisms underlying behavior, figure 6 depicts
a so-called phase plot of the limit cycle of this single leg’s local controller inter-
acting with the environment (Beer, 1995). What is important here is that this
new, dynamical systems type of abstract theory (and the diagram illustrating
the theory) is very different from mainstream cognitive psychology theories, and
this insight depended on the implementation of agents.

4.2 Navigation

Locomotion can be used by an organism just to wander around at random,
until food is encountered. Locomotion can be employed much more efficiently,
however, if the animal knows where it is and where to go to achieve its goals.
This is called navigation, and all but the simplest animals use it. The animal
exploits cues in the environment available through its sensors, or a memory of
what is has done and experienced since it left “the nest”, or a combination of
these options, to decide where to go next.

It was navigation which prompted Tolman (1948) to suggest that pure
stimulus-response behavior was insufficient to account for certain behavior, in
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Figure 7: Cognitive map learned by a robot in a cluttered office environment.
LW8 means Left Wall heading south, for instance. Arrows denote the spreading
of activation from the goal (gray node). Adapted from Mataric (1991).

one of the studies leading up to the cognitive revolution. Tolman argued that
rats trained in a maze learn a cognitive map, a map encoded in the brain,
representing their environment and their current position. Early efforts to im-
plement such cognitive maps by traditional artificial intelligence were not very
successful. A robot developed at Stanford failed dramatically when the angle
of the sun changed over time, changing the shadows in an otherwise static en-
vironment (Moravec, 1982; Brooks, 1991). Shakey the robot at SRI had some
success at navigation, but it stood still for long periods of time to “think” (in
the meantime shaking a bit, hence its name), and it operated in a highly sim-
plified, small world of a few rooms and brightly colored boxes (Nilsson, 1984;
Dennett, 1991; Brooks, 1991). These examples illustrate the difficulty of using
sensory information and planned actions to maintain a central world model, in
this case a central cognitive map module, even when the layout of the cognitive
map is carefully programmed in beforehand.

More recent attempts by adaptive behavior researchers have taken another
route. Rather than using a central functional module containing the cognitive
map, separate from sensory and motor apparatus and operated upon by a central
controller, they use systems based on distributed control and close interaction
with the environment. In addition, they use learning, one of nature’s bottom-up
engineering methods, rather than a preprogrammed cognitive map.

One example is Mataric (1991). A robot was constructed capable of navi-
gating successfully in a cluttered office environment. It applies the perception-
action loop philosophy described earlier. One perception-action loop (or “layer”)
is used to avoid obstacles and follow walls. Building upon the first loop, another
loop detects and registers landmarks in combination with its own concurrent
movements. A third loop uses that information to develop a kind of cognitive
map (see figure 7).

However, this cognitive map is different from traditional conceptions of the
cognitive map. It consists of a network of nodes, each representing a registered
landmark and corresponding movement. The current location of the robot is
represented by one of the nodes being active. Activation spreads to other nodes,
thus generating “expectations” about what will be perceived when the robot
performs the corresponding movement. A goal location can also become active,
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Figure 8: Simple Recurrent Network. The internal feedback connections are in
the intermediate, hidden layer.

and activation will similarly spread out to neighboring nodes. This spreading of
activation depends on the physical distance between landmarks. Consequently,
locally at each landmark suggestions can be made as to which direction to
go to reach the goal most rapidly. Overall, this results in the robot choosing
the globally shortest path to the goal. Determination of the current position,
map building, and action selection are not separated into distinct functional
components, but they are all combined in this single map. There is no central
planning mechanism figuring out the optimal path to the goal; the navigation
behavior emerges as the result of interacting local units.

This cognitive map investigated by Mataric (1991) still looks considerably
like a map as we normally construe it. Distinct places in the world are repre-
sented by distinct nodes, and a change in position of the robot in the world is
represented by moving from one node to a connected node. However, it is pos-
sible to achieve similar capabilities without the use of anything remotely similar
to such a map. There is a large body of literature on learning to navigate using
reinforcement learning (see Sutton & Barto, 1998). The common principle is
to let an agent explore an environment in which rewards are present in certain
locations. On the basis of these (scarce) rewards, and without further instruc-
tion, the agent must learn to find its way to the goal from different positions
in the environment. One of the more difficult, as well as realistic, variations
of this task is the case where sensory information by itself is not sufficiently
informative to allow action selection to be based on that alone. In other words,
the sensory information is ambiguous. For instance, one T-junction in a maze
looks exactly like another T-junction; but in the first case the best action is
to go left, and in the second case the best action is to go right. Such tasks
are called non-Markovian tasks, and the agent must use some kind of variable
internal state to resolve the ambiguity of the sensory information. One option
is to constrain this internal state to an explicit cognitive map. But the option
that will be discussed here is to take the bottom-up engineering approach even
further and have the system develop its own internal state based on the rewards
it obtains.

To this end, a Simple Recurrent Network (Elman, 1990), a neural network
with internal feedback connections, can be used (see figure 8). The feedback
connections provide the variable internal state, or a kind of short-term memory.
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Figure 9: The maze. The agent is the white circle. It is oriented to the north,
and is depicted together with its sensors. The solid line indicates the path taken
by the agent to the goal (G) from the normal starting point (S). The dotted
line indicates an example of a path taken when the agent is moved to another,
remote starting position. The dashed line indicates the path taken when the
position denoted by B is blocked.

Long-term memory is encoded in the weights of the connections between the
neurons. Both are distributed and continuous-valued. It is apparent that long-
term memory and short-term memory are not functionally isolated from each
other, as is presumed by mainstream cognitive psychology, but are different
aspects of the same network.

This type of network was used as controller for a simulated agent learning to
navigate in mazes (see also Bakker & van der Voort van der Kleij, 2000). The
agent’s perception is limited, such that it literally has the described problem of
ambiguous T-junctions (a non-Markovian task). The agent successfully develops
internal states that allow it to navigate from the starting position to the goal
position using the shortest path (see figure 9).

It is interesting to go back once more to Tolman’s (1948) work on navigating
rats. He similarly used mazes with few perceptual cues, combined with rein-
forcement learning. His strongest arguments for the existence of a cognitive map
come from experiments where the rats were moved to another starting position,
and from experiments where the optimal path which the rat had learned was
suddenly blocked. In both cases, almost immediately the rats tended to choose
the path that was best given the new situation. They had not been explic-
itly rewarded to do that, thus showing that they had not simply memorized a
sequence of actions but could generalize over the maze in a “smart” way.

The same experiments were applied to the simulated agent in the maze.
Figure 9 shows that here too the agent chooses the optimal or near-optimal path
given the new situation. According to Tolman’s criteria, the agent must contain
a cognitive map. But this capability is accomplished using an architecture
in which nothing similar to a “map” can be discerned. One useful way to
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Figure 10: Flocking boids. The flock has split up to avoid the obstacles in the
flight path, and will reassemble after the obstacles. Reprinted with permission
from Craig W. Reynolds.

describe how the agent deals with these situations is to consider the agent and
environment in combination, and to say that after some initial “confusion”,
the agent’s distributed, continuous-valued internal state becomes once again
“entrained” with the environment.

4.3 Collective behavior

As a final example of a line of research in the adaptive behavior community, let us
have a look at work that is concerned not just with one agent, but with multiple
agents interacting with each other. Interestingly, complex collective behavior
can arise from the interaction of simple agents. This can be viewed as the
previously discussed principle of self-organization in systems with decentralized
control, but applied on a larger scale.

As early as 1950, Grey Walter experimented with a pair of very simple robots
interacting with each other. He noted that the resultant behavior from the
robots could become surprisingly complex: “Crude though they are, they give
an eerie impression of purposefulness, independence, and spontaneity” (Walter,
1950). Reynolds (1987) showed how the adaptive and well-coordinated behavior
exhibited by flocking birds could be replicated by agents, “boids”, that follow
very simple rules based on the distance to their immediate neighbors (see figure
10). The resultant behavior is very smooth, adaptive, and life-like.

Work by Steels and co-workers demonstrates cooperation in learning agents.
In one study (Steels, 1995), there is potentially mutual benefit for robots to
cooperate, because they are hindered by parasites in obtaining energy. Even
though in principle the robots compete for the same energy source, and cooper-
ation behavior is neither programmed in beforehand nor suggested by explicit
instruction, cooperation emerges spontaneously. Even stronger forms of altru-
ism can arise. Brinkers & den Dulk (1999) investigated groups of evolving agents
changing over generations because of simulated evolution. The experiment was
set up such that some members of a group of agents will do much better if
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some other members sacrifice their “lives”. Even though agents are selected
on an individual basis, as is the case in natural selection, and therefore selfish
behavior is the default expectation, such radically altruistic agents evolve and
the altruistic behavior is evolutionarily stable.

In many animals, cooperation is accomplished with the help of communica-
tion. In a simulation study by de Jong (1999), agents can potentially benefit
from warnings by other agents that a certain type of predator is present. Each
type of predator makes a specific location unsafe, e.g. the presence of a snake
makes it unsafe to stay on the ground. The warning signals are learned in a
bottom-up way. The agents start out using different, random warning signals
for situations where different predators are present. Eventually they converge
to common, reliable signals, to the point where they learn to rely on the other
agents’ warnings and avoid an unsafe location even if their own perception in-
dicates that this location is safe.

These were all examples of cooperative behavior. The darker side of nature
can be replicated as well. Nolfi & Floreano (1998) show, both in computer
simulations and in robots, how co-evolution of predators and preys may yield
relatively quick bottom-up development of complex behavioral strategies that
oppose each other. The evolution of a slightly smarter strategy on one side
pushes the other side to evolve a strategy that can cope with that, which in
turn pushes the first side to develop an even smarter strategy, etc. This can be
described as an “arms race”. The predator species developed intricate pursuit
and ambush strategies, while the prey species developed effective escape and
avoidance strategies. These strategies, which betray sophisticated anticipation
capabilities, are encoded as distributed information in artificial neural networks.
Once again, the bottom-up engineering approach leads to a system without dis-
tinct or central functional components for storing the strategies, for planning the
behavior according to the strategy, or for explicit anticipation representation.

5 Discussion

The arguments and examples presented in this paper showed that the field of
adaptive behavior does not provide mere implementations of the abstract the-
ories of mainstream cognitive psychology. In contrast, in many cases successful
agents are controlled by mechanisms that are very different in architecture and
functioning from what was or would be expected given the abstract theories.
Understanding those mechanisms often required completely new types of expla-
nation, rather than explanations derived from those abstract theories. On the
other hand, direct attempts of straightforward implementation of ideas from the
abstract theories turned out to be problematic or unnecessary.

What does this mean? It was argued that implementation is neither triv-
ial nor irrelevant for cognitive psychology. In contrast, if the implementation
tells a different story than the abstract theory, suggesting that the abstract the-
ory cannot be implemented or that some behavior is best achieved using other
mechanisms than was anticipated, this has implications for the abstract theory.
In this case, implementation of agents suggests that certain standard ideas in
cognitive psychology, such as centralized control, cognitive maps, separation be-
tween working memory and long-term memory, and in general decomposition
into isolated functional components, are in need of revision or, at the very least,
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should not be taken for granted as much as they are now.

Many of these standard ideas in cognitive psychology were arrived at and
supported using the standard methodology of collecting data in controlled ex-
periments. The fact that now some of those standard ideas are rejected prompts
rethinking of that methodology. Experiments are important, but perhaps not
for the same purpose as much of mainstream cognitive psychology has it. In
some cases, there is an overly strong preoccupation with finding effects, without
worrying what the effects mean. It seems to me that certain types of data—
reaction time, strength, frequency, and accuracy of responses—are measures
that are usually too indirect to straightforwardly derive from them reliable con-
clusions about the underlying mechanisms, and collecting additional indirect
data does not help (they may have much practical significance, though, if they
can be applied to industrial, clinical, or educational settings).

The most interesting data from experiments, in terms of relevance for models
of underlying mechanisms, may be data that indicate a beforehand unknown
capability that humans or animals have, that map out what the capabilities
are, or that disprove a previously assumed capability. These data have direct
implications for models of the mechanisms underlying behavior, in that they
say what those models should be able to do and what they need not do. In that
way, cognitive psychology heavily constrains adaptive behavior research. The
exact speed and accuracy of the behavior are constraints that become important
only later on, once we have successful models that account for the behavior
itself. Adaptive behavior research, in turn, constrains cognitive psychology in
the kinds of systems that are proposed as models. Certain kinds of systems
work very well and other kinds of systems cannot be made to work at all. The
test of implementation is crucial and should be brought in to theorizing as early
as possible. In addition, from successful agents the adaptive behavior approach
can derive hypotheses about the biological mechanisms, which can subsequently
be tested by experimentalists.

It was shown in adaptive behavior research that multiple agents may benefit
from cooperating with each other. The same may be true for the two approaches
discussed here. A stronger relationship between cognitive psychology and adap-
tive behavior research may be mutually beneficial.
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