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Optimization problems

Some definitions

@ An act, process, or methodology of making something (as
a design, system, or decision) as fully perfect, functional,
or effective as possible.

@ The mathematical procedures (as finding the optimum of a
function) involved in this.

@ In mathematics and computer science, optimization refers
to choosing the best element from some set of available
alternatives.

@ In an optimization problem we seek values of the variables
that lead to an optimal value of the function that is to be
optimized.
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Optimization problems
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Figure: Travel salesman problem
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Figure: Knapsack problem
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Optimization problems

Optimization

Important issues
@ Problem representation.

@ Solution quality measure (fithess function).

@ Method to search for optimal solutions (optimization
algorithm).
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Optimization problems

Optimization domain

Travel salesman problem

@ Representation: Sequence of cities as a permutation
representation, e.g. x = (3,6,1,5,4,2)

@ Fitness function: Sum of distances between the
subsequent cities.

Knapsack problem

@ Representation: A binary vector x = (Xg, ..., Xn) with n
components, one for each object. x; = 1 if object i is
included in the knapsack, x; = 0 otherwise.

@ Fitness function: Sum of values of the included objects.
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Optimization problems

Optimization

Optimization problem

f = minyeaf (x)

Figure: Fitness function
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Optimization problems

Optimization

Figure: Complex fitness function




Optimization
[ Jelele}

Optimization solvers

Optimization approaches

Classification

@ Deterministic vs stochastic methods.

@ Local optimization vs population-based search procedures.
@ Derivative vs derivative-free optimization methods.

@ Exact vs heuristic methods.

Heuristic methods

@ Evolutionary algorithms.

@ Simulated annealing.
@ Greedy randomized adaptive search procedure (GRASP).

@ Optimization methods based on probabilistic graphical
models.
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Optimization solvers

Population based optimization methods
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Population base optimization methods use a set of solutions to
simultaneosly search the optimum in different areas of the
search space.
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Optimization solvers

Optimization problems in neuroscience

@ Neuronal parameter optimization.

@ Neuronal model selection.

@ Structural optimization problems in brain networks.

@ Image recognition problems.

@ Component placement optimization in nervous systems.

@ Neuronal morphology generation.

@ Feature subset selection from neural datasets.
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Optimization solvers

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.

@ Develop software optimization tools to be used by others.
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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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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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Lobster stomatogastric ganglion single-compartmental mo del

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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Lobster stomatogastric ganglion single-compartmental mo del

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 | lcar | 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 25 4 10 0 25 0.05 0.03
1071411 300 10.0 10 40 20 25 0.02 0.03

83317 0 2.5 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 Tg fqs fqs fae
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
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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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Methods based on probabilistic graphical models

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).
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Methods based on probabilistic graphical models

Probabilistic graphical model
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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.
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Methods based on probabilistic graphical models

EDAs: Examples of probability factorizations

Univariate model

Mixture of trees model

m
T (X) =D AjPhree (X)
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Methods based on probabilistic graphical models

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
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Experimental results

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 | O 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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Experimental results
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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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Experimental results

Experimental results
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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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Experimental results

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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Brain networks

Brain networks

@ Brain activity can be modeled as a dynamical process
acting on a network; each vertex of the structure
represents an elementary component, such as brain areas,
groups of neurons or individual cells (DeLucia et al:2005). )

Related questions

@ The network topology is a key element in the
understanding the behavior of the process.

@ Based on natural brain networks, similar (in terms of
predefined topological features) artificial networks can be
investigated.
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Brain networks
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%] Finding the optimal layout of 279 nonpharyngeal neurons in the Caenorhabditis elegans wiring diagram,
Chen et al. (2006) investigated the hypothesis that neuronal placement in animals minimizes wiring costs
for given functional constraints.

@ We follow a similar optimization procedure to test whether the design of brain networks is optimal in terms of
structural and functional motifs
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Brain networks

Optimization approach

@ Structural optimization problems in brain networks: Imply
the identification of a network topology that satisfies a
number of constraints and are optimal with respect to a (or
set of) measure(s) defined in the space of networks.

@ The problem of obtaining brain artificial networks is difficult
given the number of network’s components and the
topological constraints involved.
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Brain networks
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@ Motifs (Milo et al:2002): Small network building blocks defined by their size and interconnection patterns.
@ Sstructural motifs: Set of brain areas and pathways that can potentially engage in different patterns of
interactions.

@ Functional motifs: Specific combinations of nodes and connections (contained in the structural motifs) that
may be activated in the course of neural information processing.
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Brain networks

Objective function

@ Question: How optimal is the design of brain networks in
terms of structural and functional motifs?

@ ldea: Find the artificial brain network that maximizes the
number of functional motifs and minimizes the number of
structural motifs.

@ Constraints: The artificial network has the same number of
nodes and node degree than the original network.




Brain networks

network | n | [E||mean(Vi)| ¢ | L
fve30 30 | 311 | 10.3667 | 0.5510 | 1.7256
fve32 32 | 315 9.8438 | 0.5746 | 1.7698

macaque4?7 | 47 | 505 | 10.7447 | 0.5805 | 2.0500
macaque7l | 71 | 746 | 10.5070 | 0.4710 | 2.3252

Table: Some network measures of the brain networks used in the
experiments. n: Number of vertices. |E|: Number of edges.
mean(V;): Average degree. c: Clustering coefficient. L: Average path
length.
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randomly sampled networks (empty circles) and original brain
networks (triangle).
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Evolutionary approach

Brain networks

Optimization algorithm

@ Evolutionary algorithm with a rewiring operator.

@ By rewiring random networks and imposing two different
objectives, network topologies are evolved.

@ Topological constraints are satisfied by the variation
operators.
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Evolutionary approach

Algorithm 1: Evolutionary algorithm

1 Generate an initial population Dy of M networks that
satisfy the topological constraints

2 t—1

3 do {

4 Evaluate all the objectives for solutions in D;_1

5 Dts_e1 «— Select N individuals from D;_; using

Pareto-ranking selection

6 Randomly sample M—N individuals from D;_; (the
selected parents)

7 Rewire the sampled networks by exchanging 2
arcs between 4 vertices

8 Form population D; by joining the M —N generated
solutions and D®,

9 t—t+1

10 } until Stop criterion is met
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Figure: Non-dominated solutions learned in each run of the EA (blue
points), and absolute non-dominated solutions (filled circles) and
original fve30 network (triangle)
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original fve32 network (triangle)




Conclusions

Some general research guidelines (Again)

@ More efficient applications to known problems.
@ 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.

@ Develop software optimization tools to be used by others.

o

@ Optimization problems from neuroinformatics are Welcome.J
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