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@ Motivation.

@ Optimization.

@ Artificial Intelligence.
@ Optimization for Al.

@ Al for Optimization.
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Artificial Intelligence

Fourth Industrial Revolution
@ At the core of autonomous vehicles, facial recognition,
automatic translation, personal assistants, robotics, defense
@ To to the multiple applications, Al is itself a source of
innovation.

@ In 2016, more than 1600 startups specialized in IA were
registered in the word.

@ Race for supremacy in the word. Among the advanced
countries: EUA, Canada, China, UK, Israel.
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Artificial Intelligence

La stratégie IA en France (2018)

@ More than 1.5 billion euros for developing Al.

@ Atract Al researchers from all over the word.
@ Make also the European Union an important actor in the world.

@ Domains where France could concentrate its e orts: Health,
Transportation, Environment, Defense.

C. Villani
Rapport de Synthese. France Intelligence Atrtificielle. 2018.

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Artificial Intelligence

Other countries

@ Canada(2017): The first country in the world to announce a
national strategy for Al (125 million CAN investment).

@ South-Korea 800 million euros in a five-year plan.
@ China: 3-year plans with multi-million investments in Al.

@ Japan Creation of institutes specificly devoted theoretical and
applied Al research.

-
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Artificial Intelligence

What is Al?

@ Devise algorithms to make computers behave intelligently.

@ Development of machines that can perceive, reason,
communicate, and act in complex environments much like
humans can, or possibly even be er than humans can.

ot

Other definitions

@ Computer systems that act like humans.

@ Programs that simulate the human mind.
@ Knowledge representation and mechanistic reasoning.

@ Intelligent or rational agent design.
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Artificial Intelligence

@ Symbol-Processing Approachesll aspects of intelligent
behavior can be exhibited by physical symbol systems.

@ Biocomputational ApproachesReact directly to input signals
of some sort.

@ Heterogeneous Approacheklaving several symbolic processes
working together.

@ Machine learning Computers are instructed to learn from
experience or data.

N. Nilsson and D. Rumelhart.

Approaches to Atrtificial Intelligence.
SFI WORKING PAPER: 1993-08t093
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Artificial Intelligence

Some Al disciplines

Machine vision

Natural language processing (NLP)
Logical reasoning and representation
Heuristic search

Planning

Expert systems

Robotics

¢ 6 © ¢ ¢ ¢ ¢
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Artificial Intelligence

Machine Learning

@ The capacity of a computer to learn from experience, i.e., to
modify its processing on the basis of newly acquired
information. (Oxford dictionary).

@ ML is the field of study that gives computers the ability to
learn without being explicitly programmedSamuel:1959).

@ A computer program is said to learn fromaxperience Rvith
respect to someask Tand someperformance measure,Hf its
performance on T, as measured by P, improves with experience
E (Mitchell:1997).

@ Make the computer to adapt to new circumstances and to
detect and extrapolate pa erns.
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Artificial Intelligence

A real-word problem: Empathic project
@ Goal Building an Expressive, Advanced Virtual Coach to
Improve Independent Healthy-Life-Years of the Elderly.
@ Aims to research, innovate, explore and validate new

interaction paradigms and platforms for future generations o
Personalized Virtual Coaches

Brinkschulte et al.:2018

The EMPATHIC Project: Building an Expressive, Advanced Virtual@do Improve Independent Healthy-Life-Years
of the Elderly.
Innovative Losungen fir eine alternde Gesellscha : Konfes#rige der SMARTER LIVES2[8.8
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Artificial Intelligence

A real-word problem: Empathic project
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Artificial Intelligence

Empathic project: Al problems

@ Multimodal face analytics (computer vision).

@ Sentiment and emotional state prediction (classification).
@ Engaging avatar interaction.

@ Adaptive spoken dialogue systems.

@ Voice synthetizing algorithms.

@ Non-intrusive technologies to extract physiological markers of
emotional states.

@ Causal models for emotionally believable coach-user
interactions.
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Artificial Intelligence

A real-word problem: Empathic project

@ Universidad del Pais Vasco UPV/EHU, Bilbao, Spain

MCI Management Center Innsbruck, Innsbruck, Austria

Universita degli Studi della Campania, Luigi Vinvitelli, Casarltaly

International Institute for Advanced Scientific Studies (118§ Vietri sul Mare, Italy
Intelligent Voice Ltd., London, UK

CNRS SAMOVAR UMR 5157, Télécom SudParis, Université Paris-Sacliay,A?ance
e-Seniors Association, Paris, France

OSATEK, Bilbao, Spain

Oslo University Hospital, Oslo, Norway

Universidad de Barcelona, Barcelona, Spain

Tunstall Healthcare Ltd., London, UK

Acapela Group S.A., Brussels, Belgium
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Artificial Intelligence

problem: Empathic project
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Artificial Intelligence

Empathic project: The NLU component
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Artificial Intelligence

Empathic project: The NLU component

@ Goal Intent and topic classification for four languages:
English, Spanish, French, and Norwegian.

@ In addition, to intent classification, Name Entity Recognition
(NER) associated to relevant questions.

@ Solution 1: Parallel bilingual corpora for training ML models.

@ Solution 2: Using semantic analysis with the Wordnet semanti
network and synsets.

c

C. Montenegro, R. Santana, J. A. Lozano:2019

Data generation approaches for topic classification in muttjual spoken dialog systems.
PErvasive Technologies Related to Assistive Environments (BBifeAgNce2019. Accepted for publication
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Artificial Intelligence

Empathic project: The NLU component

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Machine Learning approaches

Supervised Learning

@ A number of observations (cases) are given.
@ Each observation has an associated label.
@ The task consists in predicting the label given the observation

Unsupervised Learning

@ A number of unlabeled observations are given.

@ Di erent tasks are possible: e.qg., clustering the observasanto groups.
ot

Reinforcement Learning

@ Consists of learning the optimal policy for an agent in a simulatedvironment.
@ The agent observes the environment, selects and performs astiand gets rewards in
return.

@ The policy consists of the best strategy to perform actions iredent states and
maximize reward.
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ML: Example classification problem

Martian sand dunes classification

Image credits: NASA/JPL/MSSS.
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Machine Learning Problems

Martian sand dunes classification

@ Theexamplesobservations or instances that we want to classify are images fromr$/l
@ Theclassesre: 1) dune, 2) non-dune, 3) unclassifiable,

@ Thelabeled observationsorrespond to patches of sand dunes images that have been
classified by experts.

@ The goal of the ML algorithm is tdearn to classifyfuture images without human
intervention.

D. Carrera, L. Bandeira, R. Santana, and J. A. Lozano.

Detection of sand dunes on Mars using a regular vine-based classificatipproach.
Knowledge Based Systevs| 163. Pp. 858-874. 2019.
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ML: Example classification problem

nd dunes classification

Image credits: NASA/JPL/MSSS.

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



The three components of learning algorithms

Representation
@ Choosing a representation for a classifier influence to a lameent the set of
classifiers that it can learn. This set is called the hypothesisise of the learner.

Evaluation
@ To distinguish between good and poor classifiers at least oneecion is required that

is usually evaluating using an objective function or scoring fttion.

@ The search for the best classifier in the hypothesis space isalisgposed as an

optimization problem. The choice of the optimization techniq is key to the e iciency

of the learner.

P. Domingos
A few useful things to know about machine learning.
Communications of the ACM55(10), 78-87. 2012

Machine Learning and Optimization: An indissoluble marriage

Roberto Santana




Machine Learning

Machine learning representation paradigms

@ Probabilistic graphical models

@ Neural networks

o Fuzzy logic

@ Markov processes

@ Evolutionary algorithms

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Probabilistic graphical models

encodes a graphical factorization of a joint probability distributio
p(x)
@ It has two components:

@ AstructureS (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.

P. Larrafiaga, H. Karshenas, C. Bielza, and R. Santana

A review on probabilistic graphical models in evolutionary conigtion.
Journal of Heuristicd/ol. 12. No. 5. Pp. 795-819. 2012
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Probabilistic graphical models

Bayesian networks

@ Bayesian networlA probabilistic graphical model in which the graphical
representation is a directed acyclic grapK; 2 f 1;2g, X2 2 f 1; 2; 3g, and
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Neural networks

@ A neural network is a di erentiable parameterized function f(.)
@ The network is composed of an architecture of connected layers.
@ The parameters are weights and bias values associated to the cororeti

@ The neural network parameters can be updated by variants of gradiesgaent

algorithms to learn any function.
o

Applications

@ NNs can be applied to almost any kind of ML problems (superviseasupervised, RL).

@ There exist a variety of NN paradigms and architectures, e.g., @oational and
recurrent neural networks.

|. Goodfellow, Y. Bengio, and A. Courville

Deep Learning.
MIT Press2016
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Neural networks

Neural network architectures
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ML: Example classification problem

Model: Vine copula classifiers
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ML: Example classification problem

Model validation: Vine copula classifiers
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Optimization and Al

Optimization problems

x = argmaxf (x) 1)

@ f :S R the objective or fitness function
@ X =(Xg;:::%Xn) 2 Sis asolution
@ S the search space
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Optimization and Al

Optimization problems

Informal description

@ Usually, aspace of solutionshat can be represented using
some representation and evaluated accordingstmme criterion

@ The criterion can be expressed using ahjective function

@ Someconstraintsmay exist that describe which of the
solutions are feasible.

@ Solving the problem consists of finding one feasible solution

that optimizes the given criterioror equivalently
maximizes/minimizes the objective function.
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Optimization and Al

Classical Optimization problems

@ Transportation problemsTransport goods from di erent
origins to destinies to satisfy some demands.

@ Assignment problemsAssign persons or processes to
machines, resources to tasks, etc.

@ Inventory problems Organize the production to satisfy
demands distributed in time.

@ Knapsack problemTo fill a given space or capacity with
objects with known size and value.

@ Traveling salesman problenTo visitn cities, passing exactly
once by each city and going back to the original city.
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Optimization and Al

Variety of optimization problems

@ Dynamic The objective function changes over time.

@ Multi-objective: Two or more functions are simultaneouly
optimized.

@ Stochastic There is a stochastic factor in the evaluation of th
solutions (e.g., stochastic noise).

@ ExpensiveThe objetive function is expensive to evaluate and
only a reduced number of evaluations are possible.

@ Multiple sources of di iculty: Any combination of the previous
characteristics.

D

-
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Optimization and Al

Classification of optimization problems

According to the use of structural information

@ Black-box Few or no information about the problem structure
is available.

@ Gray-box Some partial information about the problem is
available and can be used to solve it.

@ White-box Information about the problem structure (e.g.,
analytic expression of the function) is available and can be
exploited.
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Optimization and Al

Black-box optimization

Black-box problems
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Optimization and Al

Optimization methods by type

@ Bound Constrained Optimization @ Nondi erentiable Optimization
@ Combinatorial Optimization @ Nonlinear Programming
@ Complementarity Problems @ Nonlinear Equations
@ Constrained Optimization @ Nonlinear Least-Squares Problems
@ Continuous Optimization @ Optimization Under Uncertainty
@ Derivative-Free Optimization @ adratically Constrained adratic Programming
@ Discrete Optimization (QCQP)
@ Global Optimization @ adratic Programming (QP)
O It Wi Fregamiiig @ Semidefinite Programming (SDP)
@ Linear Programming (LP) @ Semiinfinite Programming (SIP)
@ Mixed Integer Nonlinear Programming (MINLP) @ Stochastic Linear Programming
@ Mathematical Programs with Equilibrium Constraints @ second Order Cone Programming (SOCP)
(MPEC) @ Stochastic Programming
@ Multi-Objective Optimization @ Traveling Salesman Problem (TSP)
@ Network Optimization ) @ Unconstrained Optimization
>
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Optimization for Al

Optimizing learning algorithms

Application of optimization methods

@ Model search.
@ Stochastic gradient descent for NN parameter (weight)
optimization.
@ Bayesian optimization for hyperparameter selection.
@ Optimization of ML pipelines.
@ Neuro-evolution of neural network architectures.
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Optimization for Al

Optimization problems in ML

P. Domingos

A few useful things to know about machine learning.
Communications of the ACM55(10), 78-87. 2012
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Optimization for Al

Typical optimization problem in ML

Models for supervised learning

andy' 2f 1;1gits associated label.

@ Thesupervised classification problegonsists of learning a prediction functioh that
predictsy'.

@ The goal is to learn the prediction functioh that minimizes the frequency of
misclassification®Ry(h):

1 X" ) )
Ra(h) = - 1[h(x') 6 y'; (2
i=1
where
_ 1 ifAistrue
LA = 0 otherwise ®
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Optimization for Al

Optimization and machine learning

Optimization problems in machine learning

@ Most Machine Learning (ML) algorithms reduce to optimization.

@ However, the main goal in ML is not optimization itself bugeneralization

@ Regularizatiortechniques are used as a way to enforce generalization.

@ Regularization terms can be added as part of the loss function to pérized.

min £ I(h(x; )y)+ =i i3 4)
2R d+1n -1 2

L. Bo ou, F. E. Curtis, J. Nocedal

Optimization Methods for Large-Scale Machine Learning.
SIAM Revieywol. 60. No. 2. pp. 223-311. Society for Industrial and AppliedHdmatics. 2018.

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Optimization for Al

Optimization algorithms and machine learning

Desired properties of optimization methods for ML

@ Good generalization.

Scalability to large problems.

Good performance in practices (time and memory requirements).
Simple and easy implementation of the algorithms.

Exploitation of problem structure.

Fast convergence to an approximate solution of the model.
Robutsness and numerical stability for the ML problems tried.
Theoretically known convergence and complexity.

© ¢ © 6 © 66 ¢
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Optimization for Al

Optimization algorithms and machine learning

Optimization problems in Machine Learning

@ Deep Neural NetworksStochastic gradient descent techniques
are extensively applied to find the parameters (weights and
biases) of the networks.

@ Bayesian optimizationUse of optimization methods for
hyper-parameter learning of ML models.

@ Learning the structure of graphical models from dat&reedy
search and other heuristic optimization methods are used for
this problem.

@ Clustering methods Many common (non-hierarchical)
clustering methods are in fact optimization-based methods.

o
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Optimization for Al

Bayesian Optimization Algorithm

el selection

I. Roman, R. Santana, A. Mendiburu, and J. A. Lozano

Dynamic Kernel Selection Criteria for Bayesian Optimization.
Bayesian Optimization Workshop. NJ2814.
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Optimization for Al

Machine Learning approaches

Real problems require sophisticated approaches

@ Di erent ML stages are required to solve a real problem.
@ A method, or set of methods have to be decided.
@ The parameters for the methods should be found.

Common ML stages

Data imputation (substituting missing data).

(*]

¢ ¢ ¢ ¢ ¢

Removing data outliers.
Dimensionality reduction.

Feature selection or extraction.
Choice of the classifier (or regressor)

Finding the parameters of the classifier.

Roberto Santana
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Optimization for Al

Preprocessing: Common issues

Data format
@ Observed variables are o en not optimally stored

Age Weight Sex | Platelets | Glucose | Calcium | Sodium
(years) (kg) (M, F) | (u/mcL) | (mg/dL) | (mg/dL) | (mEg/L)
23 74 M 136.000 174 9.9 145
25 92 M 144.000 247 8.5 150
39 81 F 147.000 145 8.7 136
46 95 M 148.000 264 8.1 139
15 60 F 145.000 210 9 143
53 83 M 140.000 194 9.8 147
27 94 F 85.000 235 8.7 151
55 100 M 144.000 190 8.3 154

Table:Medical database with di erent scaling variables (fictional).

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Optimization for Al

Preprocessing: Common issues

Data format
@ Observed variables are o en not optimally stored

Missing data

Age Weight Sex | Platelets | Glucose | Calcium | Sodium
(years) (kg) (M, F) | (u/mcL) | (mg/dL) | (mg/dL) | (mEg/L)
23 74 M 136.000 174 9.9 145
25 ? ? ? 247 ? 150
? 81 F 147.000 145 8.7 136

46 ? M 148.000 264 8.1 ?

15 60 F 145.000 ? 9 143
53 83 M ? 194 9.8 147
27 94 ? 85.000 ? 8.7 151
? 100 M 144.000 190 8.3 154

Table:Medical database containing Missing Data (fictional).

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Optimization for Al

Missing data

Imputation approaches

@ Imputation methods replace missing data by estimates of the
data.

@ They allow to exploit for ML those records with partial
information.
@ Di erent MD types:

o Missing Completely At Random (MCAR)
o Missing Not At Random (MNAR)
@ Missingness depending on its Value Itself (MIV)

U. Garciarena and R. Santana

An extensive analysis of the interaction between missing data types, itafion methods, and supervised classifiers
Expert Systems with Applicatioi®l. 89. Pp. 52-65. 2017.
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Optimization for Al

Imputation approaches
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Optimization for Al

Open problem: How to select the ML components?

(*]
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Data imputation (substituting missing data).

Removing data outliers.
Dimensionality reduction.

Feature selection or extraction.
Choice of the classifier (or regressor)

Finding the parameters of the classifier.

Roberto Santana
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Optimization for Al

Automated Machine Learning

Pipeline

@ Sequential organization of ML operators
@ Input: Data (set of observations)

@ Output: List of classes (or dependent variable values, clusters,
etc.)

Automatic ML pipeline generation

@ Goal Given a set of data, create a sequence of ML processes
that maximizes the accuracy of the model produced.

U. Garciarena, R. Santana, and A. Mendiburu

Analysis of the complexity of the automatic pipeline generationgilem
Proceedings of the 2018 Congress on Evolutionary Compu@fGr2018)Pp. 1-8. 2018
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Optimization for Al

Automatic ML pipeline generation
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Optimization for Al

Investigating the complexity of ML Pipelines

Data pre-treating methods

@ 12 preprocessing methods from sklearn + 1
o PCA
e Scaler
...

@ 5 selection methods from sklearn

o Recursive feature elimination
e Variance threshold

. o ... v
@ 10 from sklearn + 1
o Random forest
o k-Nearest neighbors
o ...
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Optimization for Al

Database benchmark

# Database | N.Cases N.Feats.| Disc.| Bin. | Cont. | n | H,
1 Adult 48842 14 7 1 6]2|079
2 AIDS 50 4 2 0 22| 100
3 Asbestos 83 3 1 1 12099
4 | Bankruptcy 50 6 1 0 52| 100
5 Boxingl 120 3 2 1 0|2]|093
6 Boxing2 132 3 2 1 0|2 100
7 | Cyyoung8092 97 10 1 2 712|081
8 Fraud 42 11 1| 10 0|2|089
9 Australian 690 14 4 4 6|2| 099
10 Auto 202 25 13 3 9|5]| 095

Table:Databases used for the grid search.
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Optimization for Al

Primary experimental part

@ Apply all possible pipeline combinations to DB6 and DB9,
simulating a train/test scenario

>

Reduced search space

@ Reduced parameter value pool
o k-NN,k 2 [1;100 ! k 2f 306090

@ Pipeline length fixed to two
~ @ Grid search

A\
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Optimization for Al

(!& #%' ) "&&!'!%
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Figure:Pipeline results, discerned by the DB and classifier
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Optimization for Al

Neuroevolution

Figure:Complex network architectures
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Optimization for Al

Neuroevolution

Figure:Schematic GAN representation
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Optimization for Al

GAN components

Discriminator and Generator hyperparameters (MLPS)
@ Structure

o Number of layers (and neurons on them)
o Activation functions
o Initialization functions

@ Training
e Batch size
o Number of epochs

GAN specific hyperparameters

@ Prior probability distribution
o Update frequencies

@ Loss function and Gradient descent technique (w/ parameters)
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Optimization for Al

Pareto set approximation problem

Figure:Two examples of approximations to the same Pareto front.
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Optimization for Al

Pareto set approximation problem

Description
@ Its corresponding Pareto set is given by another function, e.g.
0:5(1+ 3 2))2
Xj X]_ n 2
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Optimization for Al

Neuroevolution

Figure:Training GAN for approximating Pareto sets.
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Optimization for Al

Evolvable GAN components

Possible values for each component

@ Number of hidden layers: [1, 10]
@ Number of neurons per layer: [1, 50]
o D-G update frequencies: [1, 5]

[ Latent variable | Activation function [ Loss function |
uniform None Total var.
normal relu Standard. Div.
elu Forward KL

Weight initialization softplus Reverse KL
xavier softsign Pearson ?
normal sigmoid Least square
uniform tahn
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Optimization for Al

Evolving GAN components

Genetic algorithm

@ Individual: GAN descriptor
@ CrossoverP! = (G;DY); P?= (G% D?) !
I O'=(G%DY);0%=(G}D?

@ Mutation:
e Add, change, or delete layer
o Change activation, loss, initialization, prior functions
o D-G update frequencies
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Optimization for Al

Evolving GAN components

Algorithm 1: An algorithm for finding GAN architectures

1 Sett (0. CreateDg, N random GANSs.

2 do{

3 EvaluateD;

4  SelectDP2 Dy, D5 N

5 CreateO; by applying genetic crossover
6 Apply mutation operator toO;
7

8

9

CreateDy. 1 by selecting the best solutions ifiD;; O g.
t( t+1
}until Termination criteria are met.
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Optimization for Al

Pareto set approximation problem

Figure:Two examples of approximations to the same Pareto front.
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Optimization for Al

Evolutionary framework experimentation

©

Determine whether a genetic approach can evolve GANs that
improve the PS approximations

o Determine the scalability of the approach

8 Functions, Solution sizes: 10, 2828 = 784
Bi-objective: Minimize both IGD and elapsed time
Population: 20 individuals, Generations: 500
NSGA Il selection, 30 runs
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Optimization for Al

Scalability results

Functions Functions

F1 F2 3 Fa4 F5 7 8 Fo F2 3 Fa 5 7 8 F9

Figure:Average IGD value and the related time elapsed of the best GANs
(in terms of IGD) found by the GA at generations 1, 250, 506, 784.
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Al for Optimization

Al for Optimization

@ Unveiling and exploiting problem information
@ Black-box, white-box, and gray-box problems.
@ Problem structure and intelligent search.

o Estimation of distribution algorithms.

@ EDAs for biasing clustering algorithms.

@ EDAs for quantum problems.
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Al for Optimization

Black-box optimization

Black-box problems

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Al for Optimization

Gray-box optimization

Between white-box and black-box optimization
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What is problem structure?

Additive function

f(X) = gu(Xa; X3; X5) + Go(X2; Xa; Xe)

Roberto Santana

Interaction graph

0.
(4
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What is problem structure?

Toroidal grids
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Estimation of distribution algorithms (EDAS)

Model-based optimization algorithms or EDAs

@ Evolutionary algorithms used for optimization.

@ They use probabilistic graphical models to capture the problem
structure.

@ They provide solid a theoretical benchmark to investigate the
e ect of variation operators.

@ They have been successfully applied to a variety of real-worl
problems.

@ There is a natural link between EDAs and other machine
learning approaches.

o
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EDAs for optimization problems

Real-word problems : :
Theoretical functions

@ Vehicle routing problems
(Santana et al:2017)

@ Multi-objective Flowshop
sched. (Zangari et al:2017)

@ Optimal channel selection in
MEG and EEG recordings

(Astigarraga et al:2016) - _
Crvot hi bl @ asiparticle braids (Santana
@ Cryptographic problems et al:2015)

(Picek et al:2015) /

@ Multi-objective dynamic
problems (Cheriet et al:2019

@ Multi-objective knacksack
problems (Martins et al:2018

@ Many-objective benchmarks
(Castro Jr. et al:2016)
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Extracting and exploiting problem information

Other approaches

o Linkage identification by probe methods (Zhou et al.: 2007)
o Exploratory landscape analysis. (Mersmann et al: 2011)
@ Gray-box optimization (Whitley et al.: 2013-2015)

@ Other model-based evolutionary algorithms. (Thierens and
Bossman: 2013-2015)

S. Zhou, Z. Sun, and R. B. Heckendorn

Extended probe method for linkage discovery over high-cardinalityteabets
Proceedings of the GECCO-2007 Confeiepct484-1491. ACM. 2007

O. Mersmann, B. Bischl, H. Trautmann, M. Preuss, C., Weihs, and G. Rudolph
Exploratory landscape analysis
Proceedings of the GECCO-2011 Confef@pnc829-836. ACM. 2011

R. Tinos, D. Whitley, and F. Chicano.

Partition crossover for pseudo-boolean optimization.
Proceedings of FOGA-XPp.137 149. ACM. 2015
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Problem structure and representation

Additive function
Interaction graph

f(X) = gu(Xa; X3; X5) + Go(X2; Xa; Xe) |

Disruptive representation 6

X = (X1 X2} X3; Xa; X3 Xe) (4)
ot

Less disruptive representation (2)

X = ( X1; X3; X5; X2; X4; X6)
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Pseudocode of an EDA

Algorithm 2: Estimation of distribution algorithm

1 Sett (0. GenerateM points randomly.

2 do{

3 Evaluate the points using the fitness function.

4 Select a seDP of N M points according to a selection
method

5 Calculate a probabilistic model dd.

6 GenerateM new points sampling from the distribution
represented in the model

7 t( t+1

8 }until Termination criteria are met.
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Problem formulation

Problem representation

number of variables.

(]

X; takes values irf 0; 1g.

©

The function to optimize if (x) = ; X;.

@ n=28
x=(0,0,1,1,0,0,1;1) andy = (1,1, 1, 1,0, 0; 1; 1)
f(x) = 4andf(y) = 6.

e ¢
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EDA example: UMDA

Initial population

X1 X2 X3 Xg4 X5 X X7 X8
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EDA example: UMDA

Evaluated initial population

X1 X2 X3 X4 X5 X6 X7 Xg f(x)
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EDA example: UMDA

Truncation selectionT = 0.5)

X1 X2 X3 X4 X5 X6 X7 Xg f(x)
[1/0j0j0 ¥ 110 4
of1[1[o 14 1 1 ¢ 5
1/of1lo 14 1 1 ¢ 5
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EDA example: UMDA

Selected population

[1/0[ofd 1110 4

o[1[{1/0 4 110 g
1/o/1/o 41190 5
Probabilistic modelp(x; = 1)
p(x1) P(x2)[P(X3) [p(X4) |P(X5)[P(X6) [P(X7) [P(X8)
0.66| 0.33 0.6 0 1 1 L D

Roberto Santana
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EDA example: UMDA

Selected population

[1]/0[ofa 3 110 4

o[ 1 110 5
o[ 1110 5

Probabilistic model

P(x1)[P(x2) [P(x3) [P(x4) [P(X5) [P(x6) [P(X7) |P(X8)

0.66/ 0.33 0.6 0 1 1 i D

Roberto Santana

New sampled population
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Probabilistic graphical models

encodes a graphical factorization of a joint probability distributio

p(x)
@ It has two components:

@ A structureS (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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Complexity of the probabilistic model

Univariate models Multivariate models
@ Variables are independent o Can represent variables
interactions

@ No interaction is modeled
@ Variables are grouped into,

@ \ery e icient model ) _
some time overlapping,
° p(x)= i p(x) factors
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EDAs: Examples of probability factorizations

Univariate model

<

p(x) = p(xi)

i=1

Tree model

YN
PrredX) = p(xi j pa(xi))

i=1

Bayesian network

¥ .
PeeNAX) = P(X | pa(x))

i=1
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Cancer and tumor cells

@ There are many di erent types of cancers and tumor cells.

@ Di erent types of tumors will require di erent treatment strategies.

@ How to identify the primary anatomical site of origin of human tums?

@ Hint: Di erent cancers have di erent genetic pathways but may sharsome genes.
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Problem approach

Genetic analysis of tumor subtypes

@ Extract samples from di erent tumor tissues.
@ Cluster samples according the gene expression of several genes
@ Identify tumor subtypes from the analysis of the clusters.
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Problem approach

@ Can we identify characteristic or exemplar tumor subtype
samples?

@ Is it possible to identify putative oncogenes from the clustersf:
@ How to use the clusters to classify new samples?
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Problem approach

Solution components

@ Unsupervised learning using a inity propagation.
@ Definition of penalized exemplar-based accuracy.

@ Improve clustering results using EDAs.

@ ldentification of putative oncegenes using statistical analysis|of
the clusters.
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Classification

A inity propagation
@ Message-passing-based clustering method.
@ Input: Set of points, similarity values between the points, and a
preference value for each point.
@ Output: Set of clusters and an exemplar for each cluster.
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Classification

. *
*
*

* %

Figure “Ainity clustering.
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A inity propagation

Responsabilities:
rGik) sy yR)  magueskfali; k9 + sty';y<)g

Availabilities:
8 9
< X =
a(i;k)  min_ O;r(k;k)+ maxt 0; r(i% k)g.
' 19i%21;kg '

Self-availabilities:

X
a(k; k) = maxt 0; r(i% k)g
i%i% k
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A inity propagation

Algorithm 3: A inity propagation

1 Initialize availabilitiesa(i; k) to zero8i; k

2 do{

3 Update all the responsibilities given the availabilities
4 Update all the availabilities given the responsibilities
5

Combine availabilities and responsibilities to obtain the
exemplar decisions

}until Termination criterion is met

(o2}
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Accuracy from exemplars

How to measure the clustering quality?
@ Evaluate the cluster composition.
@ The class of the cluster is determined by the exemplar.
o Information about the exemplars is used.
@ Few number of clusters are prefered.
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Accuracy from exemplars

How to measure the clustering quality?

The penalized exemplar-based accuracy is defined as:

P Py m

Eacc = n %)

@ m: number of clusters.

@ |Gij : number of points assigned to cluster
@ n: number of points,

o | : indicator function.
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Classification

: T T IEET
3 BRI T 3

Figure ‘A inity clustering.

How to measure the clustering quality?

@ 26 points are clustered.
_ 3+9+5t6 4 _
@ Epc= 2= 073

@ without penalty, accuracy is higher (@8).

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Al for Optimization

Preference optimization for a inity

Steps of optimization

@ Optimization problem Find an n-dimensional set of
preferences such thaEacc is maximized.

@ Preference choices 2 f %; S; 25,9 Whereg, is the median
similarity.

@ Codification: Ternary representation; 2 f 0; 1; 2g for possible
assignments tas .

@ Optimization algorithm Estimation of distribution algorithms./
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Experiments

Problem benchmark: Microarray of tumor subtypes

(*]
(*]

Data composition

(2“3~ 3“3 3~~~ ]

Gene expression data from 1833 genes.
174 samples: training set comprising 100 tumors and a test set with 74 tumors.

10 prostate adenocarcinomas.

9 bladder/ureter carcinomas.

12 infiltrating ductal breast adenocarcinomas.
10 colorectal adenocarcinomas.

11 gastroesophageal adenocarcinomas.

10 clear cell carcinomas of the kidney.

6 hepatocellular carcinomas.

9 serous papillary ovarian adenocarcinomas
6 pancreatic adenocarcinomas.

17 lung carcinomas.

>
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Experiments

Evaluate a inity propagation for tumor subtype clustering.
Determine the influence of preference optimization
Evaluate the influence of the similarity measure.

(]

Identify potential exemplar genetic profiles of tumors.

o
o
@ Compare the EDAs in terms of e iciency.
o
o

Identify the putative oncogenes from cluster analysis.
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Optimized preferences and similarity measures

80

601

50

30+

I No Oopt. |
[ umpba

[ ITree-EDA|{
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S ST S
Euclidean Cosine Linear Corr. Spearman Corr.

201

Average fitness of best solutions
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Exemplar identification
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Classification of new (unseen) data
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Di erent tumor subtypes

*

Figure ‘Breast adenocarcinoma samples.

Statistical validation

@ The Wilcoxon rank sum test for equal medians.

@ For each cluster only the two most significant genes in terms of tealue are reported.
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Solving Ising instances in the chimera graph

@ Understand the characteristics and complexity of Ising instasaefined on Chimera
graphs.

@ Test di erent hypothesis about the problem structure usinddAs (more details later).

Challenges

@ Finding the right mapping between structural hypothesis andake of the
evolutionary algorithm.

@ Understanding the principles quantum computation in quite dicult.
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Motivation

um computation

@ antum computation (QC) aims to profit from the quantum properti es of elementary’
particles to devise new, more e icient ways for representingcamanipulating
information.

antum computation: Di erent approaches

@ Adiabatic quantum computing.

@ Topological quantum computing.

R. Santana, R. B. McDonald, H. Katzgraber. A probabilistic ewnhatry optimization approach to compute
quasiparticle braidBroceedings of the 2014 SEAL Confergpcel3 24. 2014.

R. Santana, Z. Zhu, and H. G. Katzgraber. Evolutionary ApproadbeOptimization Problems in Chimera
TopologiesProceedings of the 2016 GECCO Confergpcgd7 404. 2016.

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



Al for Optimization

antum computers

D-wave computer

th mimeel
: . q
-faster-than-a- super- 1532199369

2-is-3-600-ti

3

Characteristics

@ Array of qubits coupled following a
predefined topology (Chimera graph).

@ bits have associated weights.
@ Each coupler has an associated strength.

@ Uses quantum annealing to solve
problems.

Machine Learning and Optimization: An indissoluble marriage
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Chimera topology

Chimera graph

Characteristics

@ Building blocks: Symmetric subgraphs
referred to asks.4 graphs.

@ The eight qubits included in thés 4
graph are connected as bipartite graphs.

@ There are additional connections to
north/south grid and east/west
neighbors.

@ The Chimera graph is formed bg2 Kz 4
subgraphs.

Roberto Santana
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Optimization problem

Ising model

H= Jji i hi i (6)
<i;j>2L i2L

Sidon instances

@ We consider instances for which; = 0; 8i 2 L.

@ Couplings selected from Sidon sets of the type
Use7=f 5 6 79

H. G. Katzgraber, F. Hamze, Z. Zhu, A. J. Ochoa, and H. Munoz-8aBeeking quantum speedup through spin
glasses: The good, the bad, and the ugly. Phys. Rev. X, 5:03102&)1%ep 2
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Motivation

@ Can quantum algorithms outperform traditional algorithms on na&&Chimera graph
problems?

@ Which Ising instances are hard for quantum computers ? Is it pbdsito characterize
them?

@ How di erent optimization algorithms behave for problems defed on Chimera
graphs ?

@ How do EAs work for Ising problems defined on Chimera graphs ?

C. McGeoch and C. Wang. Experimental evaluation of an adiabiatic i of the ACM jonal Conference on
Computing Frontierpage 23. ACM, 2013

V. S. Denchev et al. What s the computational value of finite range turingParXiv preprint arXiv:1512.0220615.

S. Mandra, Z. Zhu, W. Wang, A. Perdomo-Ortiz, and H. G. $trenand of
classical heuristics vs quantum approachesXiv preprint arXiv:1604.0172616.

g cluster problems: A detaileshdew of state-of-the-art

2.Zhu, A. 3. Ochoa, S. Schnabel, F. Hamze, and H. G. Katzgraber. Best-clmsmpece of quantum annealers on native spin-glass benchmarks: How chansa ect
success iesrXiv preprint arXiv:1505.0222615
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Research questions and approaches

Research question

@ Whether and how knowledge about the underlying topology of tlptimization
problem can be used to increase the e iciency of the EA approactethis problem?

Approaches

@ Using the Chimera structure to design building-block wiseossover operators.
@ Using factorized EDAs in which the factors comprise variablegachKs 4 subgraph.

@ Biasing the search for tree-based EDASs to include dependenu#®een variables tha
are connected in the Chimera structure.
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A common framework: Di erent EA variants

Algorithm 4: EA framework

1 Sett (0. Generate an initial populatiorDg of N 0
random solutions.
2 do{
3 For each solution, apply a greedy local search method and
output local optimum.

4 Select from populatiorD; a setD of k N points using
truncation selection.

5 Generate a new populatiorD+ 1 from DS applying the
variator operator of choice.

6 Apply random bit-flip mutation to solutions inDy 1.

7 t( t+1

8 }until Termination criteria are met.
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A common framework: Di erent EA variants

@ Factorized distribution algorithm (FDA)An EDA that uses the same structure as
BWCX-GA. Marginal probabilities for all configurations of the bk are learned and
new solutions are generated sampling from a junction tree camsted from this
factorization.

@ Tree-based EDA (Tree-ED/n EDA that learns the structure of the graphical model
from the matrix of mutual information betweerall possible pairsf variables. The pairs
with the strongest mutual information are used to build a treerstcture from which
solutions are sampled.

© Tree-based EDA with a priori information (Tree-EDAIdem to Tree-EDA but only
pairs of variables connected in the Chimera topology are usedgarh the probabilistic
model.

-~
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Experiments

@ 1000 Ising instances defined on the Chimera graph, were geregtatith couplings
defined intheUs.,g;7= f 5 6, 7g Sidon set.

ot

Instance descriptors

@ GRstate: Fitness value of the ground state solution.
@ dJ+dh_RES: Resilience.

© PEAK_1, PEAK_2: Position of the highest and second highest peaks iR(ije
distribution plot.

Q HEIGHT_1,HEIGHT_2: Height of the highest and second highestise

@ H_SCORE: Ratio between the height of second highest peak anchtight of highest
peak.

@ NOISE_SCR: Ratio between the height of third highest peak ane kieight of second
highest peak.
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Figure:Cummulative success rate and computational time.
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Experiments

Results

Table:Correlation between the descriptors of the instance and sucoegs
of the EAs. Correlations that wereot found significant forp = 0:01 are
underlined.

Descriptors | 1P-CX | U-CX | BW-CX | FDA | Tree | Tree-r

GRstate -0.21| -0.17 -0.17| -0.14| -0.17| -0.18
dJ+dh_RES 0.30 0.22 0.22| 0.07| 0.16 0.16
PEAK_1 0.16 0.11 0.12| 0.03| 0.12 0.12
HEIGHT_1 0.20 0.17 0.17| 0.08 | 0.19 0.18
PEAK_2 0.19 0.13 0.12 | -0.00 | 0.07 0.07

HEIGHT 2 0.05| 0.02 0.02| 0.00| -0.06| -0.04
H SCORE | -015| -013| -0.13| -0.07| -0.17| -0.15
NOISE_SCR| -0.32| -0.27| -0.27| -0.09| -0.20| -0.19
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Experiments

Correlation between success instance descrip
120 120 120
pearsonr = 0.3; p = 4.9e-22 pearsonr = -0.32; p = 7e-26 pearsonr = 0.19; p = 7.1e-10
100 i 100 1
o o o
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2 2 2
g g g
8 g g
g g g
g g g
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On-going work and hot topics

On-going work

@ Methods for transfer learning between optimization problems.

o Identifying and exploiting problem symmetries in
Optimization.

@ Application of optimization algorithms to Natural Language
Understanding.
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Transfer learning in EDAs

Goals

@ Conceive methods for tranferring information between relate
instances of a given optimization problem.

@ Improve the results of optimization approaches that do not u
transfer.

@ Largely unexplored area in evolutionary algorithms.

d

Se
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On-going work and hot topics

Transfer Learning

@ What information extract from the
problems?

@ How to define relatedness between
problems?

@ How to transfer the available information?
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Transfer Learning

Transfer Learning for Optimization

@ Transfer of solutions
@ Structural transfer

@ Behavioral or algorithmic transfer
@ Combined transfer
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On-going work and hot topics

Symmetric problems

Goals

@ To identify and use symmetries in an optimization problem to irease the e iciency of
an EDA.
@ To characterize the impact of symmetries in the behavior of EDAs.

Challenges

@ Largely unexplored area in evolutionary algorithms.

@ Symmetric problems can have massive number of local optima.

@ Symmetry detection algorithms from analysis of solutions can @mputationally
expensive.
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Learning and using symmetries

How to identify and use symmetries in the problem?

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

@ Symmetry learning from data and models?
@ How to use the symmetries to sample more e iciently?
@ Could symmetries be used for adjusting the representation?
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Learning and using symmetries

Figure:Skeleton and side chains found by an EDA for the tetramer
pdhld2e.
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A benchmark for symmetric problems

Symmetric Ising la ice
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Learning and using symmetries

How to identify e symmetries in the

Q EDA: No symmetry use: Tree-EDA, evolving values fo%ll 2Nc variables.

@ EDA+basicblock: Trivial symmetry use: onng variables for one symmetric
component are evolved, and are replicate®'2 times before evaluation; selection and
learning use only the originaD(z, variables.

© EDA+block: Partial symmetry use: Before learning, each indieide deconstructed.
All symmetric components of the solution are treated as copie®né single
symmetric component.

@ EDA+blockperm: Separate model is learnt for each symmetric congmt using the
original population size. During sampling, a random permutatiofthe models is used
to sampled each symmetric component.

>

R. Santana R. |. McKay, J. A. Lozano. Symmetry in Evolutionary and EstmafiDistribution of the 2013 CEC Cc 053 2060. 2013

S. Picek, R. 1. McKay, R. Santana, T. D. Gedeon. Fighting the SymmetriesStiucture of Cryptographic Boolean Function SpacBsoceedings of the 2015 GECCO
Conferencepp 2053 2060. 2015.

S. Picek, R. Santana, D. Jakobovic. Maximal Nonlinearity in Balanced Boéleactions with Even Number of Inputs, RevisiteBiroceedings of the 2016 CEC Conferénce
Press. 2016.
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Results for EDAs that use symmetry information

20 a0 60 80 100 120

Generation
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Conclusions

Take-home messages

@ Real-world applications require the combination of optimizati@and ML.

@ Optimization is essential at di erent stages of the ML pipelines

@ Probabilistic modeling in optimization has a great potential fonderstanding and
exploiting problem structure.

@ The use of a priori information, problem modeling, and infornia extraction open
new possibilities for addressin real-world problems.

@ Transfer learning between problems and automatic detection of gymmetric
structure are also promising trends.
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Machine Learning and Optimization: An
indissoluble marriage
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TagSNPs Selection Problem

@ A single nucleotide polymorphism (SNP),is a single base-paardnce in the DNA
sequence of individual members of a specie. SNPs are the mostrwamtype of
genetic variation among people.

@ The value of one SNP can be used to predict the value of other SNPs

TagSNPs

@ TagSNP selection problen@iven a set of SNPs, find the minimum subset that can be
used to predict the rest of SNPs

@ Prediction ability is given in terms of correlation
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Transfer Learning

TagSNP Selection problem

Figure:Figure by W. Shou, D. Wang, K. Zhang, B. Wang, Z. Wang, J. Sh
and W. Huang
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Datasets
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Aggregated Interactions for transfer learning
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Variants for structural transfer

Aggregated interactionsTnl)

@ Combine the interactions between any pair of SNPs in problethat were detected in
any of the other SNP datasets.

Pure transfer Tn2)

@ This implementation is identical tarnl but information about the interactions in
problemi is not included in the aggregation matrix.
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Transfer Learning Results
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Transferability experimentation GAN architectures

@ Test the transferability of the evolved architectures

e Across functions (between di erent Fs with the same
dimension)

o Across dimensions (using the GANs developed witk 10,
with n= 784)
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Function transferability results
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Figure:Transferability of the best GANs across di erent functions.
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Dimension transferability results
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Figure:Transferability of the best GANs across di erent functions and
problem dimensions
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Bayesian Optimization

@ A sequential optimization algorithm.

@ The sampling strategy is based on a probability distribution ol the possible
objective functions.

© A state of the art algorithm for hyper-parameter optimization.
@ Itis more appropriate for problems with a relatively small numbef variables.
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Optimization problem

Objective function
X = argmin, o grnaf(X) (@)

@ xis a vector ofny variables whose components can take valuesiror Z
@ Parameters are bounded, and so is the search spage (
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Optimization problem

Characteristics of the optimization problem

@ The objective function is a black-box function as its analytiafiois unknown.

@ Therefore, derivative-based optimization algorithms can notused to solve this
problem.

@ Only a small number of function evaluation can be a orded (e.g. pexsive to evaluate
objective functions).

Q The objective function can be noisy.
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Bayesian Optimization applications

Applications

@ Tuning hyperparameters in ML algorithms, especially deep neuretworks [Snoek et
al.: 2012].

@ Selecting the parameters of laboratory experiments in materialsl anug design
[Frazier and Wang, 2015]

@ Calibration of environmental models [Shoemaker et al.: 2007]
@ Optimal control for airborne wind energy [Baheri and Vermilio2017]
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Bayesian Optimization applications

Main idea

@ ABayesian statistical model for modeling the objective function.

@ An acquisition function for balancing exploitation and exploration of the search
space.

© A search method for finding a point where to evaluate the objective function.
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Bayesian Optimization Algorithm

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



On-going work and hot topics

Gaussian Process

Problem description

predict the functions outputs for another set of pointsX .

Common assumption

The objective function is Lipschitz-continuous, i.e., theists some constant, such for all
Xi;Xj 2 A

If(xa) f(xa] Cixa xj ®)

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



On-going work and hot topics

Statistical modeling of the objective function

Function approximation with a Gaussian process
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Gaussian Process

@ Definition : A Gaussian process (GP) is a collection of random variables, anyefinit
number of which have a joint Gaussian distribution.

@ A GP can be used assurrogate modebf a given functionf (x)

@ A Gaussian process is completely specified byrnitsan functionm(x) and covariance
function k(x; x9).

@ f(x) GP (m(x);k(x;x9)
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Gaussian Process

@ Usually, a non-informative mean function is used, suchraéx) = 0.
@ However, in more sophisticated approaches, this function widpend onx.

Covariance function

@ The covariance function is defined through a kernel function.

@ In most common kernels, this covariance depends on a (transfatitvariant) distance
between the points.

@ The kernel function encodes the a prior knowledge about thegeative function.
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Gaussian Process

Covariance function

@ A popular choice is the squared exponential function.
k(xi;Xj) = exp 3% X 9)

@ It approaches 1 as values get close together and 0 as they get furdipart.
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Kernel functions

Squared exponential kernel

1 .
kOaig) = exp - Zix xjj? (10)
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Gaussian Process

Joint distribution of train and test outputs

/N . KOGX) KX X))
f TK(X X) K(X ;X))

@ X: Training inputs
@ X : Testinputs
@ f: Training outputs
@ f : Test outputs
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Gaussian Process

Conditional distribution

p(f JX X f) N (K(X i X)K(X;X) M
KX ;X ) K(X 3 X)KGX) HKXGX )

@ X: Training inputs
@ X : Testinputs
@ f: Training outputs
@ f : Test outputs
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Gaussian Process

Predicting (x) and 2(x)

At stept + 1, these values are given by the following equation:

()= m(x)+ k(Xet; X)k(Xet; Xt) 2 (Xat) (1)
2(x) = k(x;x)  k(Xzt; X)K(Xzt; Xat) KO Xet)

@ Kk(Xz1t;x) andk(x; X1:t) are vectors with the value of the kernel function between
and all the previously evaluated solutions.

@ Kk(Xz1t; X1:t) is the matrix of the kernel values between all the pairs of the piaysly
evaluated solutions.
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Gaussian Process

o y=f(x)+
@ is assumed to be additive independent identically distribut€hussian noise.
@ The noise variance is?

T CKOGX) A KX )
f COK(X X)) KX X))
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Bayesian Optimization Algorithm

The kernel selection problem
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Bayesian Optimization Algorithm

Dynamic kernel selection

I. Roman, R. Santana, A. Mendiburu, and J. A. Lozano

Dynamic Kernel Selection Criteria for Bayesian Optimization.
Bayesian Optimization Workshop. NJ2814.

Roberto Santana Machine Learning and Optimization: An indissoluble marriage



On-going work and hot topics

Bayesian Optimization Algorithm

D ic kernel selection. Results
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