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1 Introduction

In her target article, Webb contrasts two kinds of
models, which she calls animal and animat models,
and argues that the latter are unfairly held to less strict
standards of scientific relevance than the former, par-
ticularly in regards to being subjected to empirical ref-
utation. In order to illustrate her position, she draws
upon both her own work on cricket phonotaxis (Reeve
& Webb, 2003; Webb, 1995) and our work on the evo-
lution and analysis of model brain–body–environment
systems (for a review see Beer, 2008), focusing spe-
cifically on our studies of categorical perception
(Beer, 2003a). We applaud Webb for engaging the gen-
eral issue of model interpretation in adaptive behavior
and artificial life, since it is far too common for work in
these communities to be at best unclear and at worst
intentionally ambiguous about their intended scien-
tific relevance. We also completely agree that any sci-
entific research must ultimately be judged by the
degree to which it illuminates the actual phenomenon
of interest and that, to the extent that animats are sci-
entifically relevant, they are indeed models.

However, we could not disagree more strongly
with Webb’s overly restrictive conception of the kind
of models they must be. Any model can be character-
ized by its answers to several key questions. What is
the model’s target? How does the model relate to its
target? What purpose is the model intended to serve?
How should the model’s success be evaluated? We
will call these questions the fundamental modeling
questions. As we understand it, Webb’s central argu-

ment turns on her insistence that these questions be
answered in a particular way, which is grounded in a
specific modeling methodology that we will call data-
driven modeling. What she fails to recognize, however,
is that there are many other kinds of modeling method-
ologies that offer different but equally valid answers to
these questions. In particular, our own work is
grounded in the tradition of theory-driven modeling,
which has its roots in physics. In this commentary, we
attempt to briefly characterize both data-driven and
theory-driven modeling and to contrast the sorts of
answers they give to the fundamental modeling ques-
tions.

2 Data-Driven Modeling

Webb’s argument assumes a recipe for modeling that
goes something like this. Through years of painstak-
ing experimental work, biologists collect extensive
data about certain aspects of, say, a neuroethological
system of interest. The first job of the modeler is to
synthesize some subset of this existing data into a
model of that system. This model may take different
forms, including mathematical, computational, or
robotic, depending on the nature of the system being
modeled, the particular scientific questions of interest,
and the skills of the modeler. Once constructed, exper-
iments can be carried out on the model. For example,
a model of cricket phonotaxis can be placed in different
acoustic environments, or particular model neurons or
connections can be lesioned. If these experiments
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have been performed previously on the animal, then
they become independent tests of the model’s validity.
In contrast, if the model is manipulated in ways that
have not yet been attempted in the animal, then the
results of these manipulations become specific quantita-
tive predictions that can be tested by subsequent experi-
ments. The results of such experiments may either serve
to confirm or refute the model, triggering another
cycle of model-building and testing. 

The virtues of the model–prediction–test–refine-
ment loop of data-driven modeling are many and well
known. The very process of constructing such a model
can be a useful exercise because it can reveal important
holes in what the experimentalists may have thought
was a fairly complete data set, leading to additional
experiments to fill these holes. Once an initial model
is constructed, it can be used to test the functional ade-
quacy of prior understanding of the system. Quite often,
this understanding will be shown to be inadequate
because of complex nonlinear interactions between var-
ious components of the system. Indeed, the ability to
explore such interactions is a significant advantage of
modeling. Once a model has been sufficiently veri-
fied, it can also serve as a kind of stand-in for the orig-
inal biological system, supporting observations or
manipulations that are difficult or impossible in vivo,
at least with current technology. Thus, over time, this
process generates a powerful feedback loop between
experiment and modeling, with the model becoming a
kind of interactive repository of the best current data
and understanding of a biological system.

For data-driven modeling, the ways in which the
fundamental modeling questions should be answered
are clear. The target for a model should be some spe-
cific biological system (not literally a single biological
individual, but rather a set of closely related individu-
als, such as a species). Moreover, the model should
relate to its target by serving as a more or less accurate
representation of it. Note that the required accuracy
depends on the biological question of interest. For
example, if one is interested in an orientation behavior
such as phonotaxis, then one might hope that the
details of the ionic channels in the underlying nerve
cells or the particular means of locomotion utilized are
not essential (although the low-level details of biolog-
ical systems sometimes have a tendency to penetrate
to higher levels). Data-driven modeling can be carried
out for a variety of purposes, some of which were
described above. However, regardless of the purpose

that the model is intended to serve, the standards for
evaluation are always the same: validation through
empirical testing. If experiments consistently fail to
verify a model prediction, then the model is refuted
and must be revised accordingly. Furthermore, given
the reductionist tendencies of biology, experimental-
ists typically ask increasingly more detailed questions
about a system over time, requiring a data-driven
model to incorporate more and more realistic detail in
order to remain relevant.

The data-driven methodology is a completely tra-
ditional perspective on modeling, typical of experi-
ment-dominated sciences such as biology. This is a
game whose rules we understand very well, having
played it ourselves for many years (e.g., Beer, Kacmar-
cik, Ritzmann, & Chiel, 1991; Sutton et al., 2004; Syn-
der, Sutton, Neustadter, Beer, & Chiel, 2006). However,
by attempting to impose the criteria of data-driven
modeling on all scientific models, Webb goes too far.
Data-driven modeling is not, as they say, the only game
in town. It is not even the best game in town for cer-
tain kinds of scientific activities. Different games have
different rules, and different means of keeping score. In
the next section, we describe another modeling meth-
odology, theory-driven modeling, which provides dis-
tinctive but equally valid answers to the fundamental
modeling questions. 

3 Theory-Driven Modeling in Physics

“Consider a spherical cow…” serves as the punch line
of countless jokes about physicists being asked to
improve milk production by a dairy farmer. The target
of such jokes is the (theoretical) physicist’s tendency
to reduce a problem to its simplest possible form in
order to begin to reason about its solution. What
makes such jokes funny is that treating a cow as a
sphere seems like such a ridiculous distortion of the
experimental facts that no scientifically useful conclu-
sions could possibly follow from it. And yet, as
Krauss (1993) has convincingly argued, remarkable
insight can often be gained by just such extreme sim-
plifications. For example, it helps explain why simply
making cows bigger will not work because, since sur-
face area scales quadratically while volume scales
cubically, the internal pressure of increasingly larger
cows would eventually cause their skin to burst. Even
more to the point, small extensions to this analysis can



298 Adaptive Behavior 17(4)

explain why dinosaurs had to have such small heads
relative to their bodies while whales do not, or why
the balance of thermal and gravitational pressure that
stabilizes stars takes the form that it does, since this
reasoning depends only on very general geometrical
features of physical objects in three-dimensional
space.

The paradigmatic example of this kind of reason-
ing is provided by Galileo, who was able to uncover
the deeper laws of motion by stripping away the bewil-
dering variety of its surface manifestations. Another
example is the Ising model, which has played a funda-
mental role in understanding phase transitions in solid
state systems such as ferromagnets (which spontane-
ously magnetize in a certain temperature range), not
because it models the specifics of such physical sys-
tems particularly accurately, but because it exhibits
some of the same general phenomenology yet is more
amenable to analysis (Brush, 1967). The Ising model
has since found wide application outside of solid state
physics, including as a model of neural networks,
flocking birds, or beating heart cells, and has even
found applications in economics and sociology. Like-
wise, ongoing attempts to reconcile quantum mechan-
ics (the theory of the very small) and general relativity
(the theory of the very massive or energetic) in situa-
tions where both apply (such as inside black holes and
near the time of the big bang) have relied heavily on
theory-driven models:

Attempts to reconcile quantum theory and general relativ-

ity date back to the 1930s, but despite decades of hard

work, no one has succeeded in formulating a complete,

self-consistent quantum theory of gravity.… The obstacles

to quantizing gravity are in part technical.… But the prob-

lem of finding a consistent quantum theory of gravity goes

deeper. General relativity is a geometric theory of space-

time, and quantizing gravity means quantizing spacetime

itself. In a very basic sense, we do not know what this

means. 

Faced with such problems, it is natural to look for simpler

models that share the important conceptual features of

general relativity … General relativity in 2+1 dimensions

– two dimensions of space and one of time – is one such

model.… With a few exceptions, (2+1)-dimensional solu-

tions are physically quite different from those in 3+1

dimensions, and the (2+1)-dimensional model is not very

helpful for understanding the dynamics of realistic quan-

tum gravity. But for the analysis of conceptual problems –

the nature of time, the construction of states and observa-

bles, the role of topology and topology change, the rela-

tionship among different approaches to quantization – the

model has proven highly instructive. (Carlip, 1998).

This kind of reasoning is ubiquitous in theoretical
physics, and it leads to a theory-driven modeling
methodology whose answers to the fundamental mod-
eling questions are quite different from those of the
data-driven methodology (although data-driven mode-
ling is obviously also employed heavily in physics).
These models (often called simplified, toy, or ideal-
ized models in the literature) are not grounded in the
specifics of any particular existing natural system.
Rather, their target is the set of such systems that
exhibit some phenomena of interest, and they relate to
their targets by attempting to capture the essential fea-
tures that are common to all members of this set. The
purpose of a theory-driven model is to explore some
fundamental conceptual issues raised by this class of
systems. Finally, theory-driven models are judged by
their ability to illuminate the technical or conceptual
problems that motivate them. Although such models
are sometimes used to make predictions (typically of a
qualitative rather than quantitative form), this is not
their central purpose and to criticize such models for
their lack of empirical grounding is to miss their very
point. They are tools for thinking. They are not only
intuition pumps, but theory pumps, and even experi-
ment pumps. They are the bread and butter of the the-
oretical development of any science.

4 Theory-Driven Modeling in Biology

Lest we give the impression that theory-driven mode-
ling is unique to physics, let us briefly describe four
examples from biology. First, consider the Fitzhugh–
Nagumo model of neural excitability (Fitzhugh, 1961).
As Webb mentions, the Hodgkin–Huxley model is a
famous data-driven model of the generation of action
potentials in the squid giant axon whose extensions
have found wide application throughout neuroscience.
However, what she fails to mention is that, although
the Hodgkin–Huxley model can accurately fit the
electrical behavior of many different nerve cell types
in many different species, its dynamical properties
have been very difficult to understand. For example,
the subtle nature of the threshold in the Hodgkin–
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Huxley model was only illuminated by studying ideal-
ized models, such as the Fitzhugh–Nagumo model,
which have no quantitative grounding in electrophysi-
ology (Izhikevich, 2007). 

Second, consider Boolean network models of gene-
tic regulatory networks (Kauffman, 1969), in which
genes are idealized as binary switches and regulatory
interactions are idealized as Boolean functions. These
models have not only been applied in a data-driven
manner to the analysis of specific regulatory networks,
such as Drosophila’s segment polarity network (Albert
& Othmer, 2003), but have also been used to study the
properties of regulatory networks in general, such as
robustness, modularity, and evolvability (Ciliberti, Mar-
tin, & Wagner, 2007; Fernández & Solé, 2006). Third,
consider Hinton and Nowlan’s (1987) simple model of
the Baldwin effect, in which changes occurring during
the lifetimes of individuals can become genetically
assimilated into their species, speeding up evolution
in the process. Although it is not grounded in any par-
ticular animal system, this model has played a crucial
role in demonstrating the reality of the Baldwin effect
and stimulating its further study (Maynard Smith,
1987). Finally, in some of our own recent work, a sim-
plified model of the development of neural circuits
has been used to explore the origin, nature, and conse-
quences of developmental bias in evolution (Psujek &
Beer, 2008).

It was in the spirit of this long tradition of theory-
driven modeling that our own “toy” neuroethological
models were developed. To date, these models have
targeted issues in sensorimotor behavior, learning, and
cognition (for a review see Beer, 2008). From the out-
set, the overall goal of our minimally cognitive behav-
ior work was to investigate the cognitive implications
of situatedness, embodiment, and dynamics using the
kinds of tasks that cognitive scientists themselves
study (Beer, 1996, 2003a). Our specific interest in cat-
egorical perception was motivated by the claim that
categorization is a foundational component of cogni-
tive processes (Harnad, 1987).

Since categorical behavior is common throughout
the animal kingdom, what might be called the “proxi-
mal” target of our model was the set of general fea-
tures that are common across manifestations of
categorical behavior. Given the cognitive focus of this
work, we were especially interested in the more
sophisticated forms of categorical perception, such as
object categorization and, more recently, relational

categorization (Williams, Beer, & Gasser, 2008).
Accordingly, the form of our model was derived from
a principled simplification of key features of object
categorization. Since object categorization usually
involves vision, we chose to employ an array of distal
sensors as a simple model of vision. Given our interest
in embodiment, we chose to deploy these sensors on a
body that was capable of the simplest possible kind of
motion, movement along one dimension. For the same
reason, we also chose to have the agent express its
decision through approach or avoidance behavior
rather than simply through an abstract category signal.
Finally, we chose to utilize continuous-time recurrent
neural networks because, as we have argued repeat-
edly elsewhere, they are the simplest neural network
model that captures the nonlinear dynamical proper-
ties of nervous systems. Note that other features of our
model, such as the fact that the agent has seven ray
sensors each of whose maximum length is 220, are
completely arbitrary. The arbitrariness of still other
features, such as the particular connection weights
evolved in one run of the evolutionary algorithm, is
mediated by the fact that the evolutionary algorithm
can be run many times, resulting in a set of effective
categorizers with different neural parameters. Indeed,
our evolutionary approach to theory-driven modeling
is not really designed to produce a single model, but
rather a family of models whose common properties
can then be analyzed.

However, what might be called the “distal” target
of our model agent was not really categorical percep-
tion at all, but rather the dynamical analysis of the
simplest possible model agents exhibiting situated and
embodied cognitive behavior. As stated explicitly in
Beer (2003b), the purpose of the model was threefold:
(a) “to encourage a direct confrontation of situated,
embodied and dynamical ideas with cognitive phe-
nomena, in the hopes of furthering debate on the roles
of these ideas in cognitive science”; (b) “to describe a
specific research methodology that could concretely
ground such a debate, and to illustrate in some technical
detail how a situated, embodied, minimally-cognitive
agent could be developed and dynamically analyzed”;
(c) “to use this model agent as a springboard to begin
to explore some of the larger implications of these
ideas for explanation in cognitive science”. The rea-
son for performing a psychophysical analysis of the
model was simply to demonstrate that it could be
approached in much the same way as a natural instance
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of categorical perception, not to make dubious claims
about the model’s psychological or neurophysiologi-
cal validity. Ultimately, like any theory-driven model,
this model must be judged by the extent to which it
illuminates the conceptual issues it set out to explore.
But regardless of how successful it turns out to have
been in this regard, or how one feels about the particu-
lar modeling choices that were made, we do not see
how this model differs in kind from, for example, the
“made-up” (2+1)-dimensional model universes that
are studied in quantum gravity in order to grapple with
the conceptual issues arising in the quantization of
space-time.

Despite the fact that the primary purpose of such
toy models is the exploration of general conceptual
issues, can they ever contribute specific insights to
empirically grounded studies of particular animals?
Indeed, they can, and we end this section with two
examples from our own work. The first example,
which we mention only briefly, involved a compari-
son of evolved model agents for selective attention
(Slocum, Downey, & Beer, 2000) with human sub-
jects on the same task, demonstrating a common reli-
ance on reactive inhibition (Ward & Ward, 2008). The
second example concerns our work on the evolution
and analysis of model pattern generators for walking
(Beer, Chiel, & Gallagher, 1999; Beer & Gallagher,
1992; Chiel, Beer, & Gallagher, 1999). The goal of
this work was to explore the conditions under which
different pattern-generation architectures evolve, the
interplay between neural and mechanical properties in
sensorimotor behavior, and the extent to which central
pattern generators (CPGs) can be modularly decom-
posed. 

In analyzing a population of one hundred evolved
highly fit CPGs, we discovered that, although we
could identify common principles at an appropriately
abstract level of analysis using dynamical systems
theory, the evolved neural parameters themselves var-
ied so much that simply averaging them produced a
network that failed to even oscillate. We then pointed
out that this finding could have important experimen-
tal implications, since neurobiologists generally aver-
age the results of experiments on multiple animals in
order to obtain parameter values for biophysically
realistic neural models. Our results led Golowasch,
Goldman, Abbott, and Marder (2002) to examine the
same issue in models of the stomatogastric ganglion, a
CPG that controls a completely different behavior (the

chewing motions of cartilaginous teeth in the stom-
ach) of a completely different animal (the lobster).
They verified that exactly the same problem occurs in
more biophysically realistic and empirically grounded
models. Furthermore, our discovery of multiple instan-
tiability and sensitivity and robustness to parameter
perturbations in our evolved model agents anticipated
the discovery of similar phenomena in the stomato-
gastric ganglion (Goldman, Golowasch, Marder, &
Abbott, 2001; Prinz, Bucher, & Marder, 2004). 

5 Conclusion

Empirically grounded models play an absolutely vital
role in science. But science is fundamentally about
understanding the natural world, not just accounting
for the results of specific experiments. Our distinction
between data-driven and theory-driven models aligns
closely with the practical/theoretical distinction made
in a recent textbook on biological modeling (Ellner &
Guckenheimer, 2006). While data-driven models
attempt to obtain general insights through the study of
specific systems, theory-driven models attempt to
study general issues directly by formulating highly sim-
plified models that focus on the commonalities of many
specific systems. Both kinds of models are essential to
science, and concerns have repeatedly been raised
about the dangers of emphasizing data-driven mode-
ling over theory in biology (De Schutter, 2008; Lazeb-
nik, 2004; McCollum, 2000). 

In fact, models can contribute to understanding in
many other ways beyond those considered here. For
example, Marder and Abbott (1995) recognize three
different kinds of models: speculative, confirmatory,
and interpretative. In a recent essay, Epstein (2008)
identifies seventeen different uses of models, only one
of which is prediction and fewer than half of which
have anything to do with empirical grounding. The
relationship between these various kinds of models is
not competitive, but complementary. There is no ques-
tion that modelers should be as clear as possible about
the nature of the intended relevance of their models.
However, we find it more than a little ironic that Webb
is arguing to restrict the role of models in biology at the
same time that biologists themselves are increasingly
turning to the theoretical approaches of physics and
mathematics to help them better understand the daunt-
ing complexity of living systems (Cohen, 2004).
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