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1. INTRODUCTION

Neuroscience encompasses approaches ranging from molecular and cellular studies to
human psychophysics and psychology. Theoretical analysis and computational neuroscience are
important in characterizing the activity of various nervous systems and determining their functional
specificity. The massive application of classical optimization (minimization) algorithms to many
different problems in neural computation, mainly to data fitting, which involves minimization in
multidimensions, has given rise to successes and failures that have not been always clearly
understood and interpreted. In a broad sense, mathematical modeling and computer simulation are
committed to provide deeper insight and generalize problems that are difficult, costly, or even
impossible to investigate experimentally.

Neural models are presently being used to model neural structures of various complexity,
such as single synapses and synaptic transmission, excitable membranes, neurons and
neuromodulation [Hines, 1993; Destexhe, 1994; Hines and Carnevale, 1997] up to sophisticated
networks of neurons [Bower and Beeman, 1995a; Koch and Segev 1997; Destexhe et ah, 1997;
Vanier and Bower, 1999]. Morphologically- and physiologically-detailed, multi-compartmental
models have been developed for a number of neuron types [Wilson and Bower, 1989; Bhalla and
Bower, 1993; Bush and Sejnowski, 1993; Schutter and Bower, 1994; Shen et ai, 1999]. However,
increasing the biological accuracy of a model claims generally more parameters, which make
simulation computationally demanding and decrease the ability to interpret and generalize the
results. Besides, efficient simulation of large neural networks (NNs) enforces simplification over
single neuron models, yet retaining a maximum of their biophysiological relevant attributes
[Mutihac, 2000].

The traditional approaches for evaluating the parameters in single neuronal models are:

(i) Estimate the passive electrotonic structure with current pulses [Rail et ai, 1992];

(ii) Estimate the kinetics, conductance, and reversal potential of active currents [Hodgkin and
Huxley, 1952].

However, both methods are questionable for a number of reasons [Tabak et al., 2000]. Yet some
parameters are either not entirely characterized experimentally or are difficult to cast as constraints
to the model. Therefore it is a common practice of running simulations containing loosely
constrained parameters and iteratively set their best values (based on some prior knowledge) in such
a way that the model will replicate faithfully the experimental data. The main pitfalls of manually
parameterizing a model are:

(i) The more sophisticated the models are, the more parameters they require, which increase the
computational demand and the processing time;

(ii) There is intrinsic nonlinear interdependency among the types of ionic conductances [Koch
and Segev, 1997; Rinzel, 1985] that cannot be captured by varying parameters iteratively;

(Hi) Manual parameter fitting fails to assess quantitatively the degree of similarity between the
model predictions and actual physiological data, that is, to determine the optimal parameter
values [Vanier and Bower, 1999].

2. MULTIDIMENSIONAL OPTIMIZATION

Data fitting may be difficult because of some inescapable reasons:

(i) The inherent complexity of the given problem;



(ii) Lack of adequately collected data;

(Hi) The way the problem is framed in the context of optimization;

(iv) The numerical algorithm used for optimization (usually minimization);

(v) The particular form of the matching (error) function that measures the discrepancy between
the model and data.

Basically, the task is to minimize the number of meaningful single neuron model parameters
with direct impact on reducing the number of compartments and ionic channel types, yet preserving
the realistic behavior of more complex models in terms of firing rate response to synaptic or
electrical stimuli [Davison et al., 2000]. Most real-world problems are too complex to solve
efficiently on trial and error-based or random searching techniques. Mathematically challenging,
criteria to assess the efficiency of various optimization methods and particular forms of relevant
error functions were critically considered and quantitatively compared.

In practical problems, it is generally desirable to find a global minimum rather than local
minima. However, for functions of moderate and large number of variables, the best that we can do
is to use a good local minimizer and try several different combinations of starting positions,
steplengths etc., in hope that the best local minimum found is a global one. Finding a global
extremum is generally a very difficult problem. Two standard heuristics are widely used in this
respect [Press et al, 1992]:

(i) Find local extrema starting from widely varying initial values of the independent variables
(i.e., chosen quasi-randomly) and then pick the most extreme of these (if they are not all the
same);

(ii) Perturb a local extremum by taking a finite amplitude step away from it, and then see if the
routine returns a better point, or "always" to the same one.

Two different approaches are theoretically recommended for global extremum search, though not
entirely founded yet:

(Hi) Simulated annealing (SA) methods, which have demonstrated important successes on a
variety of global extremization problems, by means of occasionally uphill excursions
allowed according to Boltzmann's law [Metropolis et al., 1953; Kirkpatrick et al., 1983;
Kirkpatrick, 1984];

(iv) Evolutionary computation best represented by genetic algorithms (GAs), which are iterative
procedures that operate on a population of individuals and apply the biological principle of
natural evolution to artificial systems [Mitchell, 1996].

The optimization techniques tested in optimizing the matching functions for various
compartmental neural models covered virtually all standard approaches that have been traditionally
used in multidimensional nonliniar optimization problems [Polak, 1971; Gill et al., 1981]:

(i) Methods without derivative information (PRAXIS, SIMPLEX, and Powell's algorithm);

(ii) Conjugate gradient methods (Fletcher-Powell's and Polak-Ribiere's algorithms);

(Hi) Variable metric methods or quasi-Newton methods (Davidon-Fletcher-Powell and
Broyden-Fletcher-Goldfarb-Shanno' s algorithms).

All algorithms were developed in C using the codes from Press et al. [1992], except PRAXIS that
was implemented following Brent's approach [1976]. The algorithms were initially run in MS
Visual C++ version 6.0, and subsequently integrated onto the NEURON environment (hoc codes).
Simulations were run on a Pentium II PC at 233 MHz under Windows 2000 Pro.



3. NEURAL MODELING AND SIMULATION

Information processing in neurons is accomplished by the spread and interaction of
electrical and chemical signals. These signals are characterized by spatial nonuniformity and
complex temporal dynamics that are intrinsic to the operation of biological neural networks. Models
of neurons or neural nets that are closely linked to experimentation must preserve the essential
spatiotemporal features of these signals [Hines and Carnevale, 2000].

In modeling neurons, two types of complexity are encountered:

(i) The intricate interplay of active conductances that makes neural dynamics rich and specific;

(ii) The elaborate morphology that allows neurons to receive and integrate inputs from several
other neurons.

Model neurons range from greatly simplified objects to highly detailed descriptions
involving thousands of differential equations. Choosing the most appropriate level of modeling for
a given issue requires a careful assessment of the experimental information available and a clear
understanding of the research goal. A frequent mistake is to assume that a more detailed model is
necessarily superior. Since models act as bridges between levels of understanding, they ought to be
detailed enough to make contact with the lower level, yet necessarily so simple as to yield clear
results at the higher level. Oversimplified models may produce misleading results, but excessively
detailed models can obscure meaningful results beneath inessential and unconstrained complexity.

The models used for ranking the performance of various algorithms under test were
equipped initially with parameters having reasonable average values (i.e., from previous
simulations), which were subsequently changed by the program while running the model.

Computer simulation allows us to compare the behavior of an idealized model (a
computational model) with the observed behavior of a biological system (an experimental model).
This relationship may be seen in terms of two phases of experimental inquiry [Hines and Carnevale,
1994]. The first phase starts when the investigator decides to study a general phenomenon in a
particular experimental system, formulates hypotheses or conceptual models, and judges which
components of the system seem most important. This phase continues with the design of
experiments, selection of experimental subjects, and interpretation of data to characterize these
components. Each of these activities imposes inevitable choices and approximations: which details
are essential, and which can be omitted? Simulation, the second phase of this experimental inquiry,
faces a question that is more straightforward: does recombining the components create a model that
reproduces the behavior of the original system? However, answering this question forces another
series of choices and approximations. Regardless of the degree of behavioral similarity that is
achieved, every simulation is an analogy compounded from multiple levels of approximation, each
of which must be carefully examined.

The first level of approximation lies in our speculation about which components of the
conceptual model are most important and how faithfully they must be represented in a mathematical
or computational model to capture the essential features of the phenomena displayed by the
biological system. The second level of approximation lies in the relation between the abstract
computational model and its particular instantiation on the computer. Making something work on a
computer compels us to move back from the abstract to the concrete. This often means adding
details we would rather ignore, or even worse, being forced to invent them.

The simulation environment program NEURON version 4.3.1, which is available in public
domain (http://www.neuron.yale.edu), was used throghout for simulating all our models described
bellow. A reference library that provides an accessible location for storing and efficiently retrieving
compartmental neuron models, which is also available free (http://senselab.med.yale.edu/senselab/),
was accessed to download different models developed elsewhere. This database is part of the
Human Brain Project (http://www.nimh.nih.gov/neuro-informatics/index.cfm), whose aim is to



develop neuro-informatics tools in support of neuroscience research. Models can be coded in any
language for any environment, though the database has been initially elaborated for use with
NEURON [Hines, 1993] and GENESIS [Bower and Beeman, 1995b]. NEURON incorporates a
programming language based on hoc, a floating point calculator with C-like syntax described by
Kernighan and Pike [1984]. This interpreter has been extended by the addition of object-oriented
syntax (not including polymorphism or inheritance) that can be used to implement abstract data
types and data encapsulation. Other extensions include functions that are specific to the domain of
neural simulations, and functions that implement a versatile graphical user interface.

4. RESULTS AND DISCUSSION

Computational neuroscience, like any scientific discipline, can only be mastered with
practice. It is based on the belief that methods of mathematics, physics and computer science can
elucidate nervous system functions. Unfortunately, mathematics may sometimes seem more of an
obstacle than an aid to understanding if inappropriately employed.

Building compartmental neural models requires assigning values to free parameters to make
models match experimental data, which is a most difficult and time-consuming task. Ideally, all
model structural elements should be derived directly from experimental data. Unfortunately,
experimental evidence is not always complete or difficult to get. Simulations containing a large
number of loosely constrained parameters are run and parameter values are assigned on the basis of
trial-and-error approach.

Comparing different minimization methods involves numerical results reported in various
references that may have been obtained on different computers with different precisions (word
length) and with different line minimization procedures (when linear search is involved repeatedly).
The effect of machine precision (generally double floating point) is noticeable in the final stages of
search, when round-off errors determine the limiting accuracy attainable (except for ill-conditioned
problems). Thus it is justified to compare the number of function evaluations required to get the

function value within a reasonable neighborhood of the minimum (say 10~12), rather than the
number required for convergence. Since apparently minor differences in the linear search method
employed can produce important differences, it is the number of linear searches to be more relevant
rather than the number of function evaluations. Our comparisons are nevertheless based on the
number of function evaluations, since all our algorithms are using the same code for linear search
(when needed). Gradient information is obtained by numerical approximations of partial derivatives
using an original implementation of the Neville's algorithm in multidimensions. This way, the task
of gradient evaluation is also measured in terms of function evaluations required by the numerical
evaluations of partial derivatives and meaningful comparison can be performed between algorithms
that require gradient information and algorithms that do not.

Initially, we run a set of testing functions like Rosenbrock, Beale, and Leon (Fig. 1) as
suggested by Brent [1976] designed to rank the ability of various algorithms written in ANSI C (for
maximum portability) to reach the real minimum (local or global) of a function with several
variables when its extremum is situated on a quasi-flat region in the variable space.
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Figure 1. Testing functions for assessing the ability of the minimization algorithms to land in the
minimum of a quasi-flat valley.

a) Rosenbrock: f(x, y) = 100 • (y - x2 J + (l - xf;

b) Beale: f(x, y)=(l.5-x{l- y)f + (z25 -x{l-y2 f + (z625 - x(l - y3 f;

c) Leon: f(x, y) = 100-(y-x3J +(l- xf.

The basic model used in our evaluations was the instance of a neuron with a soma, three
dendrites, and an unmyelinated axon. The diameter of the spherical soma is 50 \xxa. Each
dendrite is 200 |a.m long and tapers uniformly along its length from 10 jam diameter at its site of
origin on the soma, to 3 \\m at its distal end. The unmyelinated cylindrical axon is 1000 |̂ m
long and has a diameter of 1 \m\. An electrode (not shown) is inserted into the soma for
intracellular injection of a stimulating current (Fig. 2).

a)

axon
b)

Figure 2. a) A neuron with a soma, three dendrites, and an unmyelinated axon (not to scale);
b) Topology of a NEURON model that represents this cell.

NEURON is best suited (in terms of efficiency) for problems ranging from parts of single
cells to small numbers of cells in which cable properties play a crucial role [Hines 1984]. It is best
suited, in terms of conceptual control, for stylized morphologies represented as connected cable
sections and where membrane channel parameters are conveniently represented as piece-wise linear
functions of position within each section. Two special classes of problems for which it is well
suited are those in which it is important to calculate ionic concentrations and those where one needs
to compute the extracellular potential just next to the nerve membrane. It is well suited for
investigating new kinds of membrane channels since they are described using a high level model
description language that allows the expression of models in terms of kinetic schemes or sets of
simultaneous equations.



NEURON is a program designed around the notion of continuous cable "sections" which are
connected together to form any kind of branched-tree structure [Hines, 1989]. The value of this
notion lies in the ability to specify the physical properties of a neuron without regard for the purely
numerical issue of how many compartments will be used to represent each of the cable sections.
This means that one can easily trade-off between accuracy and computational speed so that it is
convenient for verification of the numerical correctness of the simulation. Figure 3 shows how
NEURON represents a cable section in terms of a discrete set of nodes connected by resistors.

Section -

( ) • ) • ) - ) - * • )
v(i.5/nseg)

A
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Membrane

Figure 3. Section representation as electrical equivalent circuit by NEURON.

In Figure 4 there are presented the voltage and ionic currents for an action potential using
the Frankenhaeuser-Huxley model [1964] and simulated with NEURON. It is clear that the accurate
simulation of fast changing ionic currents requires smaller time steps than that needed for the
membrane potential. Experimental data and the simulation results are in fairly good agreement,
regardless the integration method used.

Implicit C-N

mV

mA/cm2

-10

t=.02S ms

1dt=.005m»
dt=.O25 ms

Figure 4. Typical Frankenhaeuser-Huxley action potential pulses. Comparison of fully implicit (Backward
Euler) and Crank-Nicholson [1947] integration methods (with two time steps) to compute the mebrane

voltage.



5. CONCLUSIONS

Parameter-search methods are problem-sensitive. All methods depend on some meta-
parameters of their own, which must be determined experimentally in advance. A better choice of
the these intrinsic parameters for a certain parameter-search method may improve its performance.
Moreover, there are various implementations of the same method, which may also affect its
performance.

The choice of the matching (error) function has a great impact on the search process in
terms of finding the optimal parameter set and minimizing the computational cost. An initial
assessment of the matching function ability to distinguish between good and bad models is
recommended, before launching exhaustive computations. However, different runs of a parameter
search method may result in the same optimal parameter set or in different parameter sets (the
model is insufficiently constrained to accurately characterize the real system).

Robustness of the parameter set is expressed by the extent to which small perturbations in
the parameter values are not affecting the best solution. A parameter set that is not robust is unlikely
to be physiologically relevant. Robustness can also be defined as the stability of the optimal
parameter set to small variations of the inputs.

When trying to estimate things like the minimum, or the least-squares optimal parameters of
a nonlinear system, the existence of multiple local minima can cause problems with the
determination of the global optimum. Techniques such as Newton's method, the Simplex method
and Least-squares Linear Taylor Differential correction technique can be useful provided that one is
lucky enough to start sufficiently close to the global minimum. All these methods suffer from the
inability to distinguish a local minimum from a global one because they follow the local gradients
towards the minimum, even if some methods (Praxis, Simplex, ...) are resetting the search direction
when it is likely to get stuck in presumably a local minimum. Deterministic methods based on
gradient-descent techniques are adequate if the parameter space is low-dimensional, relatively
smooth, and has a few local minima. Stochastic methods are likely to be more effective for more
ragged parameter spaces with many local minima (e.g., parameterizing single-neuron
compartmental models). Only fast algorithms and/or a decent (low) number of model parameters
are candidates for automated parameter search because of practical reasons. Eventually, the size of
the parameter space may be reduced and/or parallel supercomputers may be used.

Data overfitting may negatively affect the generalization ability of the model [Mutihac et
al., 1999]. Bayesian methods include Occam's factor, which set the preference for simpler models.
Proliferation of (neural) models raises the question of rigorous criteria for comparing the overall
performance of various models designed to match the same type of data. Bayesian methods provide
the best framework to assess the neural models quantitatively [MacKay, 1992].

Paradoxically, parameter-search methods may sometimes be more useful when they fail by
discarding unrealistic mechanisms used in the model design, rather than fitting experimental data to
an alleged model.
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