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1.1.   Introduction

Animals and their behavior are paradigms of complex systems.  To understand bio-
behavioral systems we must use models.  Models as representations are physical,
symbolic, mathematical, or conceptual, but simpler in many respects than the
systems they model.  Their essential functional properties, which allow us to
understand systems, are primarily analyzability and manipulability (a model may be a
poor representation but be perfectly analyzable and manipulable). But, they only
usefully  serve these functions to the extent that they are representations of systems in
the aspects we intend.  Thus, we must test and assess models against the systems we
wish to understand.  We do this in large part by collecting data and comparing them to
our models.   

Models are essential tools for understanding, but their simplicity together with the
fact that they are used on systems that are not well understood, implies that models are
never perfect, just as there are no perfect tools.  Models have limitations. As tools,
some are better than others and when a complex task must be performed, different
types of tools are better at certain tasks than others.  Thus, using models in science is
much like using tools to build things.  The use of tools is typically coordinated for
the best success.  For example, to drill a precise hole in a sheet of metal several tools
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are needed:  a ruler, pencil, punch, hammer, and drill.  Holes can be made without
some or all of these tools, but the cost is in precision and accuracy.  To use models
effectively in science, we need to understand their specific functions and limitations.
Understanding these properties of models as tools is essential for their coordinated and
effective use.

In this chapter, rather than layout an abstract framework, we will analyze a
concrete example of ongoing research that we are engaged requiring multiple models at
multiple levels of analysis.  We believe our research provides a good example because
it is not so complex that it cannot be outlined in a single chapter, but it is also
sufficiently complex to illustrate the need for multi-modeling approaches.  As we will
see, tools for understanding differ from tools for construction in an important respect:
progress in research entails the continued construction, modification, and rejection of
models.  Modeling is an open-ended process and the research program we discuss
below is open-ended with holes to fill for yet to be constructed models.

1.2.   Models and their Dimensions

As with any tools, models function best when applied to appropriate problems and
when their use is coordinated with other models. Also, as with any tools, models are
limited in their usefulness.  Unlike tools for making things, models as tools for
understanding work best when they are ultimately discarded or modified in favor of
new models.  

The usefulness of models is not merely a matter of their simplicity or complexity.
Properties of a model (e.g., mathematical, computational, physical) determine the
value of a model in achieving its aims of furthering our understanding.   But, it is not
merely the properties of individual models per se, which determine their usefulness but
also how these models are coordinated in a multi-model research program.  

In this section, we will discuss some of the most important dimensions of models
as representations and tools for understanding.  In subsequent sections, we will discuss
these dimensions in the context of outlining our research program in animal behavior
and robotics. Illustrating not only properties of different types of models but also how
these properties facilitate their coordinated use.

We have found it useful (Koehnle & Schank, 2003) to characterize the properties
of models in terms of their dimensions (Fig. 1). Levins (1966, also see Webb, 2001),
in the context of population ecology, proposed three dimensions for assessing the
appropriateness of a model for a given task.  These dimensions were realism,
generality, and precision.  He argued that these three dimensions could not be
maximized in a single model.  For example, to increase the precision of a model (i.e.,
the accuracy and specificity of its predictions) requires a likely decrease in generality
because precision is typically achieved by adding in specific detail, which may not
generalize to other systems.  Similarly, a more general model may lack precision (see
Schank, 2001b for more discussion on the issue of generality).  Levins’ problem was
that no single model could adequately model biological systems in all the ways we
wish to understand them.  There are always simplifying assumptions and limitations.
His solution was to use multiple models, each limited in different ways, but



A Multi-Modeling Approach to the Study of Animal Behavior 3

presumably not in all the same way.  Robust predictions (i.e., the same or similar
predictions that come from each of the models), which match the system are the ones
we can best trust to provide insight into the system, because they are relatively
independent of the simplifying assumptions made by any particular model.

A problem with this solution is that it gives little guidance to using and building
multiple models other than choosing or making relatively independent models.  There
are not always a variety of relatively independent models available.  Moreover, Levins’
(1966) does not address the problem of the coordinated use of models in a research
program, which address the limitations of any one type of model and, importantly,
facilitate the use of other models.  

Webb (2001) extended Levins (1966) framework to discuss the role of robotics in
behavioral research.  We (Schank, 2001b, Koehnle & Schank, 2003) have extended
this framework for discussing the properties and functions of models to 9 dimensions
(Fig. 1).

Figure. 1.  Dimensions of Modes.
Each of these dimensions we believe is important, but none are completely

independent or dependent on the others.  Realism concerns the degree to which the
properties of a model accurately represent an intended system.  A model need not have
the same physical properties to be realistic in some respects.  For example, a
mathematical model could represent formal properties of a physical system, while a
robotic model may physically represent its geometric properties but not the physical
properties of which the system is composed.  Detail concerns the number of variables
and parameters in a model. A model can be quite detailed, but not realistic as a
representation of behavior (e.g., a multiple regression model with many predictors).
Generality of a model concerns the applicability of a model to a broad domain of
systems, but what makes a model general is sometimes confused with detail (Schank,
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2001).  A general model, as we use the term, refers to a basic type of model, which
can be elaborated in different ways to extend its domain of application.  Match
concerns the relationship between data and the model.  The better the match, the better
the model is likely to be.  But, matching failures can also guide us in building better
models (Wimsatt, 1987).  Precision concerns how quantitatively precise a model is in
its predictions, explanations and even its degree of match.  Tractability concerns how
analyzable or manipulable a model is.  Obviously, if a model is intractable, it is of
little use as a tool for understanding.  But, the tractability of models may change as
methods change.  Thus, as new mathematical or computational techniques are
developed, a previously intractable type of model may become tractable.  This goes as
well for the tractability of the match of a model with a system.  As new techniques
become available, data may become available for matching a model to a system.  The
history of science is rife with paradigms selected for their tractability, at the expense
of realism.  Examples include Tarskian set-theoretic semantics and Fodorian language
of thought hypotheses, though it is perhaps best recognized in the increasing calls for
ecological validity in experimental stimuli.  Integration concerns how well the model
can be coordinated with the use of other models, to facilitate their use, and thereby add
synergy to the modeling process.  Level concerns either levels of analysis or
organization.  Some models are appropriate for populations of organisms, types of
behavior (e.g., game theoretic models), or physiological process in an organism.
Finally, Medium concerns the nature of a model itself.  Is it mathematical,
computational, conceptual, or physical?  How do these different properties facilitate or
hinder the use of a model?

This taxonomy of model properties allows us to specify the dimensions along
which models imperfectly represent their targets.  Different models will score well on
some, and poorly on others.   Complete understanding of a subject requires that all
nine dimensions be adequately covered.  A multi-modeling approach provides a
principled line of attack toward such understanding, while reliance on convergent
evidence may be spotty.

1.3.   Sensorimotor Behavior:  An Example

To illustrate these dimensions and the use of multiple models in research, we will
outline our research program, which is still in its early stages of development and
thus illustrates the open-ended nature of research.  Though we illustrate dimensions of
modeling with a specific example, we believe that many aspects of our uses of
models apply to other research programs.  In addition, the meta-level issue of multi-
modeling is still not well understood and we hope that this chapter will stimulate
further discussion of the use of multiple models in research.  Such discussion will
help to elaborate, modify, this model of research, which should facilitate the
development of fruitful research programs.

1.3.1.   Experimental Studies

When a research program focuses on animal behavior (or any aspect of an organism),
the choice of animal system, apparatuses to study them in and with, and the
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procedures used is critical.  It is little recognized that each of these aspects of an
experimental study is a model.  A particular animal is a model of some more general
aspect of animal behavior, while the testing apparatuses and procedures provide for a
model of some subset of that animal’s behavior.

Animals. The animals used in an experimental study typically differ from their
wild counterpart.  For example, Norway rats, many generations removed from their
wild counterparts, have often been used in laboratory behavioral and physiological
research.  In bringing them out of the wild, many aspects of their environment,
physiology, and behavior have changed.  Even inadvertent breeding practices change
not only the genetics of an organism, but also its development (e.g., the time to
reproductive maturity in Norway rats is up to three times as fast as their wild
counterpart; Schank & Alberts, 2000).  Thus, the Norway rats, as model organisms,
differ from wild counterpart in many respects.  They are also an imperfect model of
other mammals.  

Norway rats whether wild or laboratory born are complex systems and the subject
of experimental study, which places them high on the intractability dimension of
models.  However, by bringing them into and breeding them in the lab we have made
them more tractable to research.  A key to making organisms more tractable to study
is controlling variables that affect their behavior.  For example, by raising and
breeding rats in a laboratory, disease, nutrition, light-dark cycle, temperature, timing
of breeding, housing, etc. can be controlled.  Control comes at the cost of holding
constant or changing variables that can affect other variables in unknown ways.  

Figure. 2.  Temperature chamber for observing rat pups.
The choice of model organism is not independent of other models and the overall

research goals.  One of our main goals is to investigate sensorimotor development in
mammals.  Mammals are much more complex than insects with sophisticated
sensorimotor systems.  Altricial mammals such as rats, have young that are very
immature at birth, their eyes are not fully developed nor is their sense of hearing.
Norway rats were selected for this reason, as each sense comes online at a different
time, allowing for progressive additions of sensorimotor complexity, and because
they are one of the most studied laboratory mammals, easy to raise and obtain. This
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also means that many variables such as physiology temperature are known and do not
have to be investigated. This information also suggests variables to be experimentally
investigated and controlled. Finally, Norway rats have been studied at all ages,
behaviorally and physiologically that previous results may suggest future directions
for research.

Apparatus. Apparatuses are tools in which organisms are observed, variables
controlled, and measurements are made in or with their use.  In our case, one of us
designed an apparatus that allows the control and manipulation of a number of
variables, including temperature, illumination, and incline (Fig 2.). The temperature
control chamber is a model environment for observing infant rat pups (and other
altricial mammals).  As a model environment for conducting experiments with rat
pups, it was designed to control known variables that affect pup behavior in a
tractable way.  Surface temperature of the arena, ambient temperature, airflow,
lighting, and surface texture and lighting all influence behavior.  The apparatus
designed to control as precisely as possible each of these variables.  Thus, used in
coordination, the animal system and apparatuses make the study of behavior more
tractable.

Procedure. Experiments are conducted according to an experimental design as
plan. The plan is a set of procedures for executing an experiment by using model
organisms and apparatuses to control and manipulate variables.  In an important
sense, the procedure for an experimental study is a model of experimental causation:
control and manipulate variables  such as temperature, age and number of pups, arena
geometry(causes), then measure the dependent variables  such as sensorimotor
behaviors (effects).  Procedural models may sometimes have an unanticipated impact
on subsequent models of the data.  For example, a suite of order effects may demand
careful counterbalancing.  Importantly, the apparatus employed constrains the
procedures deployed.  We have observed systematic biases in the placement of pups
into the arena, dependent on pup position within the apparatus and the particular
experimenter.  These biases in initial placements can result in different movement
trajectories of the pups.  Therefore, we have developed a tool to ensure that initial
condition variability is reduced between pups, across runs, and amongst
experimenters.

1.3.2.   Data Analysis and Metrics

The result of our observations is data.  Data are produce by our use of instruments
that are physically affected by the observed system, or by our own sensory systems
translated into language, symbols, or drawings.  Thus data are models of the systems
we observe, and the data we collect depend upon the model organisms, apparatuses
for manipulating and controlling them, experimental procedures, and data collection
procedures.

Data collection. There are many aspects of organisms that can be observed.  We
videotaped pups from directly above, the apparatus, which was designed so that pups
could be observed “two dimensionally” and thereby facilitate videotaping from
directly above.  Design of the apparatus and video taping above is coordinated with
the theoretical models we discuss below, which either model pups two dimensionally
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or focus on how pups move about on a surface.  These videotaped data are the initial
representation of the organism in the experimental context and are the raw data from
which we extract measurements.

Extracting measurements.  Raw data as models of the behavior of a bio-behavioral
systems are still too complicated to work with.  We have to extract pieces of
information from the videotapes (i.e., create a simpler model of the data that can be
analyzed and compared to theoretical models).  Tractability clearly plays an important
role as well as the theoretical models used. In our case, we are interested in
sensorimotor behavior, so we abstract away features of the raw data that may not be
critical for understanding sensory motor behavior.  Also, if human observers are
involved, we have to consider what can be abstracted in a reasonable amount of time?
What can undergraduates do reliably well?  Videotape contains about 30 frames per
second, which if all were analyzed, would require a considerable amount of time.
Considering these and other questions, we decided to sampled every 5 seconds, and
record nose and base of tail coordinates (Schank & Alberts, 2000b).   This created a
new data set for each experiment consisting of Cartesian coordinates for the tip of the
snout and base of the tail for each pup (Fig. 3).

Figure. 3.  Scoring data by recording tip of snout and base of tail coordinates.  The
recording algorithms corrects for the degree to which the arena is not squarely aligned
on the videotape.

Algorithms. From the new simpler and more abstract data model, further
information can be derived.  To do this, we have developed algorithms that, for
example, computationally infer from snout and base of tail measurements, contact
between pups, with walls.  Motion, speed and orientation also can be computed.
Given the identification of types of events (e.g., contact or position), conditional
probabilities can be calculated.  Each of these algorithms are models that assume, for
example, a model of contact and transform the basic abstract data into new data sets
representing pup contact, wall contact, and activity.

1.3.3.   Individual-Based Probabilistic Models

Individual-based theoretical models focus on modeling the individual.  Behaviors in
social and group contexts are emergent features of these models (Schank & Alberts,
2000b).  An important reason for taking the individual-base modeling route is that we
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often have more information about the individuals than we do for groups or for how
behavior emerges from group interactions and social learning.  Probabilistic models
are important not merely because they reflect our uncertainty in all the variables
affecting individual behavior, but more importantly, because noise may be an
essential feature of organisms (Coulson, Rohani & Pascual, 2004).

Probabilistic representation of behavior. The models we are currently using,
represent behavioral events as probabilistic functions of time, internal states, and
sensory inputs.  The basic probabilistic representation is the change in activity state
over time, which has the schematic form:

    p( At +1 | I t , si , ...sn , ij , ..., im)  and     p(I t +1 | At , si , ...sn , ij , ..., im)

where A is sensorimotor activity, I is inactivity, s represents time-dependent internal
states, and i represents time-dependent sensory inputs.  Specific behavioral outputs
are condition on activity:

  p(Bt +1 | At +1, si , ...sn, ij , ..., im)

Models are built from this representation scheme by specifying variables, parameters,
and the mathematical functions relating variables and parameters to probabilities of
behavioral events (Schank & Alberts, 2000b).

Matching data to models. Once a model is constructed, there is the problem of
matching it to the data.  In some cases, variables are measured, and the measurements
are substituted into the model and predictions generated.  Another strategy is the
regression approach of fitting models to the data.  On a regression approach, one
attempts to fit a data set to a model by finding parameter values that minimize the
proportion of the data not explained by the model.  In the case of linear regression,
the analytical solution for the fit of the data to model is straightforward: minimize the
mean-squared error and thereby minimize the proportion variance not explained by the
model.  For probabilistic individual-based models, there are no analytical solutions
and it is not clear that minimizing the mean-squared error is the best approach
(Schank & Alberts, 2000b).  However, fit can be achieved with Darwinian algorithms
for fitting data to models, which are themselves models of evolutionary processes
(Schank, 2001a).

Assessment of fit. Some type of statistical analysis and criteria must be applied to
assess how well the model fits the data.  Several criteria are possible including  
Bayesian  statistics and Monte Carlo or bootstrap generated confidence intervals.
Experimental procedures are commonly developed with an eye to how the subsequent
data will be analyzed.  For example, ANOVA requires the proper assignment of
groups and levels within groups.  Often, however, experimental procedures are
contorted to fit with familiar data models.  While it may be more natural to ask how
similar two distributions are, we are left asking whether there are any significant
differences, since typical statistical analyses do not allow for the acceptance of a null
hypothesis, viz. the determination of equivalence between groups.  An entire
theoretical model must be altered to determine how it addresses the latter question,
when the former is more natural.  
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1.3.4.   Dynamic Systems Models

Probabilistic models are good for representing behavioral events, but they leave out
much of representation of physical detail of behavior.  Dynamic system models of
behavior attempt to represent individuals interacting with a physical environment.
Physical and geometrical properties are represented, but the difficult problems concern
which physical properties are relevant, how are they adequately represented, and how
to measure the relevant physical properties in the system modeled. Dynamic system
models play two important modeling roles in our research program.  First, they play
the more traditional role of modeling robotic systems.  In this role, though the
problems of physical measurement and metrics arise, robots and dynamic system
models are more closely linked because these very concerns guide the engineering
process.  Second, we believe they can also play a role in modeling organisms and
their behavior. This is in keeping with the view that adaptive behavior is an emergent
product of an embodied nervous system dynamically embedded in an environment.
However, this is far more difficult because we cannot as easily make engineering
measurements of the organism (or only moderately) to fit to dynamic system models.
For example, it is more difficult to obtain precise physical measurements such as the
force exerted by the legs of pups and the body friction on the surface arena than it is
to determine the same quantities from the robot.  Nonetheless, with approximations
of body, behavior, and environment, it may be possible to use these mutual
constraints in identifying possible variable ranges.

Figure. 4. Dynamic system model.
Representation of physical parameters. Dynamic system models allow for the

representation of physical parameters. We have developed a simulation of rat pups,
which allows us to evaluate the impact of a host of physical parameters on animal
behavior, such as the number of body segments, the geometric and inertial properties
of each segment, linear and angular friction, sensor position (whisker length and
orientation), internal torque functions for each joint, and propulsive force functions.
The geometric form of the rat is a key determinant of behavior.  Qualitative analysis
of a rigid body simulation exhibits dramatically different behavior when compared to
a three-segmented body model (Fig 4).

Matching data to models. As with probabilistic models, we would like to match
data with our dynamic simulation models. However, it is especially difficult to get
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accurate physical measurements from the organism and apparatus.  One could make
estimates based on segmented clips of rat motion, or one could attach devices to rats
to directly measure physical parameters as closely as possible.  This strategy has been
used by Quinn and colleagues in the study of cockroaches (Quinn & Ritzmann,
2002).  However, more importantly than precise fit, the dynamic models can give us
a sense of the sensitivity of general behavior to physical and cognitive parameters.
We may vary certain parameters and note the difference in character of the behavior.
In this way, we may begin to identify the most important characteristics of
individuals that help to dictate their behavior in individual and group environments.

1.3.5.   Robotic Models

Uncertainties for both of the previous types of theoretical models push us towards the
use of robotic models.  Robotic models typically do not share the same physical
properties as the system modeled, but they can be scaled to share key formal
properties in common.

Figure. 5. Comparison of robots and rat pups.
Physical parameters. Shape and motion are key variables of pups we aimed to

represent in our robots (Fig 5). Robots push each other around, and can lift up other
robots, much like rat pups.  These dynamics are very hard to simulate.  Robots were
designed to capture essential properties of Norway rat pups.  The shape is long with a
somewhat pointed head, rounding out at the nose.  They have the same length: width
ratio as rat pups, approximately 3:1, where the head constitutes 1/3 of the length.  An
aluminum skirt is outfitted with 14 micro/limit (touch) switches, epoxied to brass
strips to allow for a 360° sensory range.  Sensor cluster density is substantially
higher at the nose, mimicking a rat’s sensory montage.  Since rat pups’ front legs are
underdeveloped and aid only in steering, they primarily use their back legs for
locomotion.  Accordingly, the robots are equipped using rear-driven wheels with
differential drive on a single chassis.  Currently, a subsequent generation is in the
planning stages, which would have a swivel head, more sophisticated touch sensors,
and thermal detectors.

Algorithms. A robot has a physical body and a processor that controls motor out
put and takes sensory input. Many different architectures can be devised for relating
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sensory input to motor output, e.g. probabilistic, rule-based, mixed, and neural
networks.

We are currently developing three classes of control systems, with a number of
variants in each.  All attempt to derive the scope of behaviors above using
sensorimotor contingencies alone, a reflection of our theoretical model of intelligence.
The first class is a reactive architecture, which employs condition-action rules linking
each sensor to a particular movement.  The angle of movement is roughly
commensurate with the sensor’s angle to the prime meridian, thereby encouraging
thigmotaxis, pup orientation to objects in the environment.  Multiple sensor
activations are handled differently in separate architectures, including behavioral
averaging, priority queuing, and random selection.  These separate routines provide
for comparisons of sensorimotor integration strategies.  In the absence of an active
sensor, the robot randomly chooses an action from its behavioral repertoire.  This
turns out to have a tremendous advantage over the standard approach, where some
default movement is selected.  Of course, this makes sense, given that there is no a
priori reason for animals or robots to have a default movement in the absence of
environmental information.

A second class comprises a suite of probabilistic architectures and aim to
implement rules similar to those in probabilistic individual-based models (Schank &
Alberts, 2001a).  These architectures are much like the reactive ones, with the
exception that each sensor is more weakly tied to it’s associated action.  That is, a
given sensor activation will trigger a given behavior with some probability less than
one, where the remaining probability is dynamically allocated to the rest of the
behavioral options.  This routine takes a step toward decoupling artificially imposed
action selection, and yields striking pup-like behavior (Fig. 6).

Figure. 6. Comparison of robots and rat pups aggregating in an arena.
Finally, a third class consists of a set of neural network architectures.  As an

initial step, we have developed a two-layer, fully distributed neural network
employing a reinforcement-learning algorithm.  The input layer represents the 14
sensors, and the output layer the behavioral entire repertoire.  The learning algorithm
adjusts input-output weightings based on time between sensor contacts, again
encouraging thigmotaxis.  With these architectures, action selection is left wholly
unspecified, and sensorimotor contingencies develop over time, rather than being
handset.  

Fitting algorithms to data. That is fitting algorithms embodied in a robot and
physical context.  For probabilistic and reactive architectures, we plan to use genetic
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algorithms or simulated annealing as with individual-based probabilistic models
(Schank, 2001a). For neural network models, we plan to use two classes of algorithm
fitting: supervised and unsupervised learning.  Supervised learning includes
algorithms like back propagation, which tunes the weights in a neural network to
minimize performance error.  Reinforcement learning is similar to back-propagation,
differing in that it employs gross positive/negative feedback signals rather than
precise measures of error.  Unsupervised learning utilizes local network dynamics to
self-organize weights in the absence of training signals.  A popular form of this sort
of learning is hebbian learning, which, by adjusting weights in proportion to local co-
activation signals, abstracts the principle components of variance in the sensory field.
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Figure. 7. Diagram of research process.

1.3.6.   Meta Models

These are general representations of the goals, organisms, plan, and process of
research.  We distinguish two meta models:  the conceptual framework, the research
and the evaluation process.

Conceptual Framework. Represents the goals, the empirical systems, and
theoretical models used as a coordinated framework. Our goals are firstly to use
individual-based probabilistic, system dynamic, and robotic models to understand
sensorimotor behavior and development in mammals and secondly, to use our
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understanding of sensorimotor behavior in mammals and its development to inform
engineering design in robots.

The Research and Evaluation Process. Represents how the various models are
related to each other, modified, and how results are assessed. Our goal here has been
to draw out the multitude of implicit models embedded in the research process.  The
open ended and iterative process of research is illustrated in Figure 7.  The model is
opened, illustrating how models, their assessment and testing at each level of analysis
influences how models are modified, rejected, or constructed and introduced.  Figure
7 also illustrates how similar processes occur with different models.  For example,
both rat pups and robots produce behavior, which we initially record using videotape.
The behavior of both are scored in similar ways, and the fit between robotic and
animal models are assessed by comparing these two data sets.

1.3.   Conclusions

We cannot live without models. They are a necessity at every level of research from
the choice of model organism and the apparatuses used to study them to the data
collected and the theoretical models constructed.  Models are ubiquitous, so it is
essential that we understand their functions and limitations.  We described a scheme
for assessing the properties, functions, and limitations of models in terms of
dimensions  of models.

We wish to emphasize two points.  First, the successful use of models as tools
of understanding depends on their coordinated use.   The choice of any given model
for any given level of analysis is not independent of the others.  The choice of model
organism depends in part on the theoretical tools available.  The data collected depend
not only on the organism, but also the algorithms for fitting models to data.   How
models at different levels are coordinated is represented in the conceptual framework
and model of the research process.  As with any models, these models are also subject
to revision and modification depending, in part, on their success in yielding models
that facilitate research goals.  

Second, models at any given level of analysis have limitations.  The use of
multiple models at a given level, can compensate for limitations in any one model.
Individual-probabilistic models are limited in their representation of physical
parameters.  Robotic models allow us to instantiate physical parameters, but they are
not the same physical parameters of the organism we are studying. Dynamic system
models may allow us to represent realistically both physical parameters from
organisms and robots.  However, dynamic system models are limited by their
precision in representing physical parameters, whether all relevant parameters are
included, and whether correct functions have been specified for the physical
parameters.  By working iteratively with each of these models, comparing them to
each other and empirical data, we believe progress can be made.
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