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Introduction

Optimization problems in neuroscience

@ Neuronal parameter optimization.
@ Neuronal model selection.
@ Structural optimization problems in brain networks.

@ Component placement optimization in nervous systems.

@ Feature subset selection from neural datasets.




Introduction

General research guidelines

@ More efficient applications to known problems from
neuroscience.

@ New optimization approaches to neuroscience problems.

@ Not just to optimize the problem. Extract information useful
for understanding it.

@ Integrate optimization within a wider machine learning
approach.

@ Use the problems to enhance the optimization algorithms,
overcoming their current limitations.
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Parameter optimization

Neuronal parameter optimization
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@ The process of identifying sets of parameters that lead to a desired electrical
activity pattern in a neuron or neural network model that is not fully constrained
by experimental data (Printz:2007).
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Parameter optimization

Neuronal parameter optimization

Compartmental-based neuron models

@ Based on a circuit representation of a cell membrane
(Hodgkin and Huxley:1952).

@ Action potentials are the result of currents that pass
through ion channels.

@ In its simplest version, a compartmental model represents
a neuron by a single isopotential electrical compartment
and only ion movements between the inside and outside of
the cell.

@ The model is represented with a set of differential
equations.
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Figure: Compartment model

Can reproduce electrophysiological measurements to a high degree of accuracy.
Models of single neurons can be combined to form models of neuron networks.

The parameters in compartmental-based models should be determined from empirical fits to voltage-clamp
experimental data.
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Compartmental model

@ Experimental data obtained from lobster stomatogastric
neurons (Turrigiano et al:1995).

@ Eight currents: Na*t current, Iya; 2 Ca?* currents, lc,r and
lcas; a transient K+ current, I5; a Ca®-dependent K+
current, lxca; a delayed rectifier K current, Ixq; @
hyperpolarization-activated inward current, l; and a leak
current, lieak-

@ Each of the model membrane currents is described by
li = Gi(mi)Phi(V — Ej)A 1)

where E; is the reversal potential, A = 0.628 x 10~2 cm? is
the membrane area and @; is the maximal conductance.
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Database of neuron models
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@ Given different set of parameters the model is able to reproduce different classes
of electrical activity (e.g. silent, bursting, etc.).

@ A database of models is constructed for different parameters combinations.
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Fitness functions and fithess landscapes

Index INa | lcat | lcas Ia lkca lkd | leak
720973 100 7.5 4 40 5 125 0 | 0.01
1522117 500 5.0 6 40 10 125 0 | 0.01
833389 100 12.5 10 10 0 25 0.04 | 0.01
965338 | 300 | 5.0 8 0 25 0| 0.05 | 0.04
436821 | 100 | 7.5 4 10 0 25 | 0.05 | 0.03
1071411 | 300 | 10.0 10 40 20 25 | 0.02 | 0.03
83317 o| 25 8 40 5 100 | 0.02 | 0.01
882103 | 300 0 10 20 15 100 | 0.05 | 0.01
300566 | 100 0 4 30 25 75 0 | 0.02
1374808 | 400 | 12.5 4 40 20 125 0 | 0.04
Index Ts T3 To fgs fag fge
720973 2 1 1 1.1632 54.6364 60.1949
1522117 2 1 1 1.1559 | 37.7609 | 42.2354
833389 2 0 0 215.0538 0 0
965338 2 1 1 4.5382 5.8246 7.8225
436821 2 0 0| 68.2173 0 0
1071411 2 2 2 3.9518 | 23.1826 | 27.9265
83317 2 0 0 2.4422 0 0
88210 2 1 1| 18.0810 | 37.0142 | 42.6758
300566 2 1 1 4.8984 | 26.9808 | 35.5637
1374808 2 2 2 8.0523 | 35.9712 | 47.1328

Table: Target neuron models selected from the database and a
number of properties and measures determined from their simulation.
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Fitness functions and fithess landscapes

Neuronal parameter optimization

Approaches to function objective modeling

@ Feature-based functions.
@ Point-by-point comparison of voltage traces.
@ Multi-objective functions.

The single-objective fitness function f(x) is defined as:
f(x) = —((fas(x) — fas(x*))? )
+ (faa(x) — fas(x"))? (3)
+ (fas(x) — fas(x))°)z (4)

o




Neuron model parameter optimization
(eJe] le]

Fitness functions and fithess landscapes

Neuronal parameter optimization

Challenges

@ Rugged fitness landscapes with many local optima.

@ Many parameter combinations, for which specified
neuronal characteristics or neuron activity are the same as
in the original point.

@ Sometimes costly to evaluate fithess functions.
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Fitness functions and fithess landscapes
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Figure: Parameter distribution in a set of solutions
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Optimization methods

Definition

Commonly applied optimization methods

@ Hand tuning.

@ Gradient descent.

@ Evolutionary algorithms.
)

)

Bifurcation analysis.
Hybrid methods.

Optimization methods based on graphical models

@ Estimation of distribution algorithms (EDAS).
@ Optimization methods based on approximate inference.
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Figure: Graphical models of different complexity

A probabilistic graphical model for X = (X1, Xz, ..., Xn) encodes a graphical
factorization of a joint probability distribution.

@ It has two components:
@ A structure S (e.g. directed acyclic graph for Bayesian networks).
@ A set of local marginal probability values.
@ S represents a set of conditional independence assertions between the
variables.




Probabilistic graphical model

EDAs: Examples of probability factorizations

Univariate model

Tree model

n

Ptree(X) = Hp(xi | pa(xi))

i=1




UMDA

Pseudocode of UMDA

@ Dy — Generate M individuals randomly

Q=1

© do {

(% ) Df ; < Select N < M individuals from D;_;
according to a selection method

(%) pi(x) =[[L, p(xi|D} ;) < Estimate the joint
probability of the selected individuals

(s ] D, «— Sample M individuals (the new population)
from p;(x)

@ } until A stop criterion is met



Tree-EDA

Tree-EDA

0 Do < Generate M individuals randomly

Q=1

Dy

method

, < Select N < M individuals from D, _; according to a selection

Compute the univariate and bivariate marginal frequencies
pP(xi|Df_;) and pﬁj(xi,xj |Dj ;) of D,

Calculate the matrix of mutual information using

univariate and bivariate marginals

%
o
o
0 Calculate the maximum weight spanning tree from
o
o
{10

the matrix of mutual information

Compute the parameters of the model

D, < Sample M individuals (the new population) from the tree
} until A stop criterion is met
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Experimental results

Alg. 720973 1522117 833389 | 965338 436821
UMDA 0 0 0 0 9 25| 0 0 0 0

TREE 0 0 0 0 5 28 |0 0 0 1
EBNA 0 0 0 0 25 25 | 0 0 2 2
TREE —B | 0 0 0 0 8 19 | 0 0 1 1
Alg. 1071411 83317 882103 300566 | 1374808 | Tot.
UMDA 0 0 0 0 0 0 0 0 0 0 34
TREE 0 0 0 0 0 0 0 0 0 0 34
EBNA 0 0 0 0 1 1 1 2 16 16 91
TREE —B | 0 0 0 0 0 0 0 0 0 0 29

Table: Number of times each algorithm found the optimum for each
of the 10 functions.
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Figure: Distance of the solutions found by the different EDAs to the
best solutions for: a) First EDA setting. b) Second EDA setting.
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Figure: Structure of the interactions captured by the Bayesian
networks learned by EDAs. Lighter colors represent stronger
dependencies between the variables. a) Most frequent structures
learned for instance 1071411. b) Dependencies that were frequent
for at least five of the 10 functions.
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Conclusions

Conclusions on computational protein applications

@ Interactions should be taken into account in the search of
neuron models that have a predefined physiological
activity.

@ Bivariate interactions are not sufficient to improve the
results achieved by univariate models, higher order
interactions are needed.

@ Application of intelligent data analysis techniques to the
data generated by the EDAs can unveil additional
information about the structure of the conductance space.




Conclusions

Importance of using probabilistic modeling

@ The problem is not just solved but also a model of it is
constructed.

@ Machine learning algorithms extract information from the
search space (data mining).

@ The models allow incorporating a priori information into the
search.

@ Hybridization with other optimization methods is possible.

@ There are different alternatives for parallelizing the
algorithms.
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