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General aims

Introduction

General aims

@ Find new applications of probabilistic modeling and
machine learning techniques in evolutionary algorithms.

@ Use of machine learning methods to solve problems from
Neuroscience and Neuroinformatics.

@ Propose methods for extracting and reusing problem
information in EDAs.
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General aims

Introduction

Methodology (sort of)
@ Definition and/or some brief explanation.
@ Motivation for the research topic.

@ Previous and current work.
@ Opportunities and challenges.
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Knowledge extraction from the evolution

From black-box-based to model-based

optimization

Black-box optimization
@ Few or none information about the problem structure

: Optimize and learn a model of the problem

x»--) J(x)
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Knowledge extraction from the evolution

From black-box-based to model-based
optimization

: Optimize and learn a model of the problem
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Knowledge extraction from the evolution

Knowledge extraction from models

@ Strong foundations: One of the goals of Al is learning from experience.

@ Efficiency: Extracted knowledge could help to reuse what was learned while
solving a problem in the optimization of another problem.

@ Wide scope: Real-world problems from many domains can benefit from
knowledge extraction.

@ Multiple opportunities: A variety of ways to extract problem information from data
generated along evolution.

@ EDAs’ added value: Go beyond pure optimization and provide something other
algorithms can not.
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Knowledge extraction from the evolution

What can the probabilistic models provide?

Knowledge extraction from models

-

What is the information in the models?

@ Which is the role of the variables: Relevant and superfluous variables

@ How variables interact to influence the function?

@ Which combinations of values are the most frequent in the good solutions?
@ Does the problem exhibit any sort of global structure?

@ Are there symmetric relationships between the variables?
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Knowledge extraction from the evolution

Knowledge extraction

Different contexts of application

@ Unveil the relationships between variables and objectives
in MOPs.

@ Detecting structural characteristics associated to problem
complexity.

@ Learning and exploiting symmetries.

@ Transfer learning.
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Knowledge extraction from the evolution

Probabilistic modeling in multi-objective problems

Initialization

Replacement

Model
Learning

Sampling

Figure : Joint modeling of variables and objectives.
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Knowledge extraction from the evolution

Probabilistic modeling in multi-objective problems

X, — X — X X, — X%,

N~—o A~

Fig. 1. Example of a multidimensional Bayesian network structure.

H. Karshenas. Regularized model learning in EDAS for and multi-object i Ph. D. Thesis. Technical University of Madrid. 2013.
H. Karshenas, R. Sartana, C. Bielza, and P Larafiaga. Mutobject with joint modeling of objectives and variables. Proceedings of
the ionary Multi-Criterion O Pp. 298312, 2011

H. Karshenas, R. Santana, C. Bielza, and P. Larrafiaga. Multi-objective estimation of distribution algorithm based on joint modeling of objectives and variables.
IEEE ions in yC ion 14 (4). pp. 519-542. 2014.




Knowledge extraction from the evolution

EDAs as network generators

EDAs generate dynamic network

0 Extract structural components of the
models

g Compute the topological measures on
the networks

9 Train the classifiers using the
network-derived measures as
features

0 Classify networks generated in the R o A
solution of unknown problems

Generations
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Knowledge extraction from the evolution

Learning and using symmetries

Figure : Skeleton and side chains found by an EDA for the tetramer
pabld2e.
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Knowledge extraction from the evolution

Learning and using symmetries

How to identify and use symmetries in the problem?

@ Which types of symmetries are in the problem? Variables
symmetries and value symmetries.

@ Symmetry learning from data and models?
@ How to use the symmetries to sample more efficiently?

@ Could symmetries be used for adjusting the
representation?

R. Santana, R. I. McKay, and J. A. Lozano. Symmetry in evolutionary and estimation of distribution algorithms. In Proceedings of CEC-2013. 2053-2060. 2013.

S. Picek, R. I. McKay, R. Santana, T. D. Gedeon. Fighting the ies: The structure of Boolean function spaces. Submmitted to GECCO-2015.
2015.
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Knowledge extraction from the evolution

Transfer Learning

@ Transfer learning: How to utilize data from different time
periods or domains to help the current learning task.

@ General goal: Transferring knowledge or information
accross domains or tasks.

@ Use in optimization: Transferring knowledge acquired in
the solution of a given instance to another instance of the
same problem or related problem.

R. Santana, A. Mendiburu, and J. A. Lozano. Structural transfer using EDAs: An application to multi-marker tagging SNP selection. In Proceedings of CEC-2012.
1-8. (Best Paper CEC-2012). 2012

R Santana, R Armafianzas, C Bielza, and P Larraiaga. Network measures for information extraction in evolutionary algorithms. International Journal of
Computational Intelligence Systems. 6 (6), pp. 1163-1188. 2013.

R. Santana and M. Zhang. GP-based methods for classifier transferability: using brain decoding across subjects as a test-case. Submitted to GECCO-2015.
2015
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Knowledge extraction from the evolution

Transfer Learning

Transfer Learning for

|

Optimization
\ @ Transfer of solutions
. INFORMATION Optimization
— —>  Algorithm @ Structural transfer

; | @ Behavioral or algorithmic
ne— transfer

[ @ Combined transfer
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Knowledge extraction from the evolution

Knowledge extraction from models

Opportunities and challenges

@ Identify new ways for information extraction and reuse in domains that have not
being addressed (e.g. problems defined on permutations).

@ Devise methods for transfer learning in multi-objective optimization.

@ Identify and address symmetric problems taking advantage of the symmetric
structure of the space.

@ Investigate knowledge extractions in other metaheuristics: Is it possible
information extraction in ACO and PSO?

@ New ways to exploit the relationships captured by the model in MOPs (e.g. local
optimizers focused on subsets of variables related to a particular objective).
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Problems from Neuroinformatics and Neuroscience

Neuroinformatics and Neuroscience

@ Relevance: A research priority in Europe and the US
(EU-funded Blue Brain project and US-funded BRAIN
initiative).

@ Relevance: Multi-disciplinary field with opportunities for
integration accross disciplines and high-impact research.

@ Usability: Testbed for validating different proposals in
nature-inspired algorithms.

@ Availability: Several databases are freely available.
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Problems from Neuroinformatics and Neuroscience

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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Problems from Neuroinformatics and Neuroscience

Optimization problems in neuroscience

Different contexts of application

@ Channel selection in brain computer interfaces, single and
multi-objective approaches.

@ Evolution of spiking networks.
@ Parameter optimization in neuronal models.
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Problems from Neuroinformatics and Neuroscience

Figure : P300 speller and P300 response.

P300 is a positive deflection of EEG appearing approximately 300 ms after the
presentation of rare or surprising, task-relevant stimuli.
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Problems from Neuroinformatics and Neuroscience

Figure : Schematic representation of the P300-speller as seen by the
user on the display.
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Figure : Target letter: N.
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Problems from Neuroinformatics and Neuroscience

‘TargetNonTarget Voltage Diference Topography at 300ms

Figure : P300 speller and P300 response.
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Problems from Neuroinformatics and Neuroscience

P300 speller

Pure optimization approach

@ Find a suitable transformation of the brain signal to a feature vector x.

@ Using an optimization algorithm, find an optimal weight vector (maximal
predicted accuracy) using the training data w.

@ Evaluate the accuracy of the optimal solution using the test data.

Ensemble method: Weight vectors may specialize in different types of brain
signatures.

@ A simple voting model is used: The character that receives the highest number
of votes by the weight vectors is selected.
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Problems from Neuroinformatics and Neuroscience

P300 speller

Optimization algorithms

@ DE-1: Psize: 20, CR: 0.5, F: 0.5, Sel.: random
@ DE-2: Psize: 50, CR: 0.5, F: 0.5, Sel.: random

@ GA-1: Psize: 50, CX : BLX-«, Mutation: Gaussian, CX Prob.: 0.9, Mut. Prob.:
0.01, Sel.: tournament 2, elitism: 100%

@ GA-2: Psize: 50, CX : BLX-«, Mutation: Gaussian, CX Prob.: 0.9, Mut. Prob.:
0.01, Sel.: tournament 2, elitism: 50%

@ GA-3: Psize: 50, CX : BLX-«, Mutation operator: Gaussian, CX Prob.: 0.9, Mut.
Prob.: 0.1, Sel.: tournament 2, elitism: 100%

@ GA-4: Psize: 50, CX : BLX-«, Mutation: Gaussian, CX Prob.: 0.9, Mut. Prob.:
0.1, Sel.: tournament 2, elitism: 50%

@ RHC : The maximum number of random changes is equal to the maximum
number of allowed evaluations.

@ GODE-1 : Psize: 20, CR: 0.5, F: 0.5, Probability of OBL p, = 0.4 ,Sel.: random
@ GODE-2 : Psize: 50, CR: 0.5, F: 0.5, Probability of OBL p, = 0.4 ,Sel.: random
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Problems from Neuroinformatics and Neuroscience

P300 speller
Alg/k 1 3 5 10 15 20 25

DE —1 0.69 | 0.73 | 0.74 | 0.77 | 0.79 | 0.80 | 0.79
DE —2 0.73 | 0.74 | 0.78 | 0.76 | 0.77 | 0.77 | 0.78
GA—1 0.64 | 0.69 | 0.75 | 0.75 | 0.74 | 0.76 | 0.77
GA-2 0.75 | 0.78 | 0.78 | 0.80 | 0.80 | 0.80 | 0.79
GA-3 0.69 | 0.76 | 0.78 | 0.79 | 0.78 | 0.79 | 0.79
GA—-4 0.71 | 0.74 | 0.76 | 0.77 | 0.78 | 0.80 | 0.80
RHC 0.65 | 0.75 | 0.81 | 0.80 | 0.79 | 0.79 | 0.79
GODE —1 | 0.73 | 0.76 | 0.77 | 0.78 | 0.79 | 0.79 | 0.80
GODE —2 | 0.72 | 0.74 | 0.78 | 0.79 | 0.77 | 0.78 | 0.78

Table : Accuracy results computed from the test-data and averaged
between the two subjects. Results have been achieved with different
k-best ensembles.

v
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Problems from Neuroinformatics and Neuroscience
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Ure : Position of the original 64 electrodes. The 23 selected channels were: P1, Pz, P2, PO7, PO3, POz,

PO4, PO8, O1, Oz, 02, Iz, P3, P4, CP3, CP1, CPz, CP2, CP4, C1, Cz, C2 and FCz.




Problems from Neuroinformatics and Neuroscience
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Problems from Neuroinformatics and Neuroscience

Selection of optimal channels

Feature subset selection approach using optimization
@ Find the set of channels (features) whose corresponding variables, passed to the
classifier, give the best accuracy.
@ A binary vector x = (xq,. .., Xa74) represents a possible subset of channels.

@ Simultaneously optimize the accuracy for all the subjects with multi-objective
optimization, (likely) sacrificing accuracy but increasing robustness.
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Problems from Neuroinformatics and Neuroscience

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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Problems from Neuroinformatics and Neuroscience
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Problems from Neuroinformatics and Neuroscience

Neuroinformatics and Neuroscience

Opportunities and challenges

@ Multi-objective optimization of feature subsets (e.g. Maximizing accuracy,
minimizing redundance, maximizing transferability).

@ Finding optimal clustering of neurons using meta-heuristics.

@ Multi-criteria classification of neurons based on morphological and physiological
data.

@ Single and multi-objective metaheuristic approaches to brain computer
interfaces.

@ Review of evolutionary algorithms applications in Neuroscience.

Santana Research topics



Markov networks based EDAs & message passing methods

EDAs based on MNs and MPAs

@ Applicability: In many problems the interactions between variables are better
represented with undirected graphs.

@ Efficiency: MPAs are very efficient methods for inference and applications and
also applied to constraint satisfaction problems.

@ Novelty: Undirected graphs have deserved less attention than Bayeian networks
in EDAs and there are few application of MPAs.

@ Challenging: In EDAs based on MNs learning can be relatively simple but
sampling is more complex.

S. Shakya and R. Santana (Eds.). Markov Networks in Evolutionary Computation. Springer. 2012.

Santana Research topics



Markov networks based EDAs & message passing methods

Markov network. Example

e

Figure : Undirected graph with 4 maximal cliques

A probability p(x) is called a Markov random field with respect to the neighborhood
system on a graph G if, p(x;|x \ x;) = p(x;|bd(x;))

P(X) = P1(Xq1,2,6,71 )P2(X(2,33 ) Pa(X(5,6) ) Pa(X(3,4,51)/Z
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Markov networks based EDAs & message passing methods

Factor graph

Figure : Factor graph. Factor nodes are named by capital letters starting from A, and
variable nodes by numbers starting from 1. In this example, there are two factor nodes:
Factor A, linked to variables Xi, Xo, X3; and factor B linked to variables X, X3, X4, Xs.
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Markov networks based EDAs & message passing methods

MN-FDA

Algorithm 1: MN-FDA

1 Set t < 0. Generate N >> 0 points randomly.

2 do{

3 Evaluate the points using the fitness function.

4 Select a set Df of k < N points according to a selec-
tion method.
Learn an undirected graphical model from Df.

6 Generate the new population sampling from the
model.

7 t<=t+1

8 } until Termination criteria are met
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Markov networks based EDAs & message passing methods

MN-FDA

Algorithm 2: Model learning in MN-FDA

Learn an independence graph G using the G-test.
If necessary, refine the graph.
Find the set L of all the maximal cliques of G.

Construct a labeled JG from L.
Find the marginal probabilities for the cliques in the JG.

AN W Nh =
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Markov networks based EDAs & message passing methods

Markovian optimization algorithm

Algorithm 3: MOA

1 Sett < 0. Generate M points randomly

2 dof{

3 Evaluate the points using the fitness function

4 Select a set Df of N < M points according to a selection method

5 Estimate the structure of a Markov network from DtS

6 Estimate the local Markov conditional probabilities, p(x;|N;), for each variable

X; as defined by the undirected structure
Generate M new points sampling from the Markov network
t<=t+1

} until Termination criteria are met

© ®© \
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Markov networks based EDAs & message passing methods

EDAs based on MNs and MPAs

Sampling in EDAs

@ Probabilistic logic sampling on simplified model: Some dependencies are lost.
Computationally very efficient

@ Gibbs sampling: Allows to use information about dependencies. Computationally
costly

Alternative: Find the most probable configuration

@ Maximum a posteriori probability (MPA): The solution(s) with the highest
probability given the model
@ Methods for finding the MPA. Message passing algorithms
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Markov networks based EDAs & message passing methods

EDAs based on MNs and MPAs

BP methods for inference

@ Inference method used to calculate the marginal probabilities of a probabilistic
model.

@ Inference is done using message-passing between nodes. Each node sends and
receives messages until a stable situation is reached.

@ Messages, locally calculated by each node, comprise statistical information
concerning neighbor nodes.

Decimation strategies

@ Decimation strategies are used to solve constraint satisfaction problems.
@ Work by repeatedly fixing variable values and simplifying the constraints.

A\
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Markov networks based EDAs & message passing methods

BP on factor graphs

Algorithm 4: Belief propagation on factor graphs

1 For t = 0, initialize the messages n;_.5 and m__,; along
the edges of the factor graph
2 Determine a sequential order for the edges in the factor
graph
3 do{
4 Update sequentially the messages on all edges of
the graph, generating new set of messages n; ., and
m,_,;, according to message update rules in (2) and
(3), respectively.
5 } until Termination criterion is met

Santana Research topics



Markov networks based EDAs & message passing methods

Algorithm Reference Discrete | Continuous
BP (Bickson:2008,Pearl:1988) X X
Loopy BP (Bickson:2008,Pearl:1988) X X
Generalized BP (Yedidia et al:2005) X X
Expectation propagation Minka : 2001) X X
Fractional BP (Wiegerinck and Heskes:2003) X
Tree-reweighted BP (Wainwright et al:2004) X
Concave-convex procedure (Yuille:2001) X

Warning propagation (Mezard et al:2002) X

Survey propagation (Mezard et al:2002) X

Affinity propagation (Frey and Dueck:2007) X X

Table : Description of surveyed message-passing algorithms
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Markov networks based EDAs & message passing methods

EDAs based on MNs and MPAs

Strategies for generating new solutions

@ Adding the most probable configuration.
@ Computing the list of the k-most probable configurations.

Methods to compute the most probable configuration

@ Junction-tree-based method for computing exact MAP
@ Loopy belief propagation (LBP)
@ Decimation-based LBP for computing approximate MAP
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Markov networks based EDAs & message passing methods

EDAs based on MNs and MPAs

Opportunities and challenges

@ New methods for learning and sampling Markov networks.

@ Hybrid methods based on the combination of
metaheuristics and MPAs.

@ Generation of the k most probable configurations instead
of random sampling.

@ Generation of solutions taking into account constraints.

@ Automatic change of weights in scalarized MOEAs by
means of MPAs.

R. Santana, A. Mendiburu, and J. A. Lozano. A review of message passing algorithms in estimation of i Natural Computing. 2014.
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Other current work

Other research topics

@ Evolution of finite automata (e.g. Busy beaver problem defined on Turing
machines).

@ Extension of the theory of population genetics (Response to Selection
Equations) to the MOP domains.

Methods for visualization of graphical models during the evolution.

@ Application of EDAs to optimization problems from Statistical Physics (braids
problems).

R. Santana, R. B. McDonald, H. G. A y ion approach to compute quasiparticle braids. Proceedings of SEAL-2014.
pp. 13-24. 2014.
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Other current work
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