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Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Pseudocode of a GA

Algorithm 1. Genetic Algorithm

Sett < 0. Generate M points randomly.
do {
Evaluate the points using the fitness function.

Select a set DtS of N < M points according to a selec-
tion method

Create a genepool choosing pairs of parents from the
selected set

For each pair of parents

6
7 Apply crossover and create two offspring
8
9

A W DN PP

a1

Apply mutation to the offspring
t<t+1
10 }until Termination criteria are met.
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Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Estimation of distribution algorithms (EDAS)

@ Evolutionary algorithms used for optimization.

@ Instead of using genetic operators, as genetic algorithms do, they use

probabilistic distributions.
>

Reasons to investigate EDAs

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

@ Recent focus on methods that learn and exploit regularities, or structural
information about the problems.

They address some of the limitations of GAs.

©

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

©

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

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Real-world optimization problems

classification (Blanco et al:2001)
@ Conductance-based compartmental
model optimization (Santana et
al:2010)
Neuroevolution (Holker:2011)
@ Optimal channel selection in MEG
and EEG recordings

(Santana et al:2012, Astigarraga et
al:2016)

@ Gene expression data clustering
(Pena et al:2004)

@ Splice site prediction (Saeys et S
al:2004)

@ Protein folding problems (Alden:2007,
Chen et al: 2009, Santana et al
2004:2007:2008)

@ Peakbin selection in mass @ Optimal Neuronal Wiring

spectrometry (Armananzas et ) .
al:2011) (Anton-Sanchez et al:2013) )

@ Molecular docking (Soto et al:2012)
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What is an EDA and why are EDAs relevant? > rounaatonatwor
An EDA example

Probabilistic graphical models

Metaheuristics and EAs

Metaheuristics and metaphors

@ ... atrue tsunami of novel metaheuristic methods (e.g. fruit flies algorithm,
harmony search, intelligent water drops algorithms,etc.), most of them based on
a metaphor of some natural or man-made process... is threatening to lead the
area of metaheuristics away from scientific rigor (Soerensen:2013).
o

Metaheuristics and EDAs

@ By far the most successful metaphor used in the development of optimization
algorithms has been that of natural evolution.
@ Attempt to gain a deep insight into the structure of the problem that is to be

solved.

A\

Ij K. Soerensen,

Metaheuristics-the metaphor exposed.
International Transactions in Operational Research, Vol. 22, No. 1, Pp. 3-18. 2015

of Distribution Algorithm odeling approa

Santana




Motivation
What is an EDA and why are EDAs relevant? [EIDIAS [FEUEERIaIE i
An EDA example

Probabilistic graphical models

What is problem structure?

Interaction graph

Additive function Q

F(x) = 91(X1, X3, X5)+-92(%2, X4, Xs) (4)

Santana Estimation of Distribution Algorithm nodeling approach




Motivation
What is an EDA and why are EDAs relevant? (S0 (RENAEE D e
An EDA example

Probabilistic graphical models

What is problem structure?

Toroidal grids

Reinforcing
R a
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Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Extracting and exploiting problem information

Other approaches

@ Linkage identification by probe methods (Zhou et al.: 2007)
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)

Ij S. Zhou, Z. Sun, and R. B. Heckendorn
Extended probe method for linkage discovery over high-cardinality alphabets
Proceedings of the GECCO-2007 Conference Pp. 1484-1491. ACM. 2007

Ij O. Mersmann, B. Bischl, H. Trautmann, M. Preuss, C., Weihs, and G. Rudolph
Exploratory landscape analysis
Proceedings of the GECCO-2011 Conference Pp. 829-836. ACM. 2011

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

Partition crossover for pseudo-boolean optimization.
Proceedings of FOGA-XIII. Pp.137-149. ACM. 2015

of Distribution Algorithms: A modeling approacl



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

Multiple-parents recombination

@ Instead of using only two parents, use groups of parents, and mix them to create
the offspring.

ot

Model the population and its variation

@ How to create accurate descriptors of the population and how to model the effect
of the genetic operators?

-

Enhance GAs to deal with problems with strong

interactions

@ What is the best way to recombine solutions to avoid the disruption of good
sub-solutions?

Santana Estimation of Distribution Algorithm nodeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

Multiple-parents recombination methods
@ Bit-based simulated crossover (BSC) (Syswerda:1993)
@ Poly-parental recombination (Smith and Fogarty:1995)
@ Gene pool recombination (GPR) (Muhlenbein andVoigt:1996)

Ij G. Syswerda,

Simulated crossover in genetic algorithms.

Foundations of Genetic Algorithms, Pp. 239-295. Morgan Kaufmann. 1993
Ij Smith and Fogarty,

An adaptive poly-parental recombination strategy.

Evolutionary Computing, LNCS Vol. 993. Pp. 53-62. 1995
@ H. Muhlenbein and H-M Voigt,

Gene pool recombination in genetic algorithms.
Meta-Heuristics: Theory and Applications, Pp. 53-62. 1996

Estimation of Distribution Algorithms: A modeling approac



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

Analysis of probabilistic distributions

@ Population-based incremental learning (PBIL) (Baluja et al:1993)
@ Breeder genetic algorithm (BGA) (Muhlenbein and Schlierkamp-Voosen:1993)

D S. Baluja and R. Caruana,

Removing the genetics from the standard genetic algorithm.
Research Report CMU-CS-95-141, Carnegie-Mellon University. 1995

@ H. Mihlenbein and D. Schlierkamp-Voosen,

The science of breeding and its application to the breeder genetic algorithm (BGA),
Evolutionary Computation, Vol. 1, No. 4, Pp. 335-360. 1993

Estimation of Distribution Algorithms: A modeling approac



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

PBIL

Algorithm 1: PBIL algorithm (adapted from the original formulation [3])

1 p(x) ¢ initialize each position of the probability vector
ple;) = 0.5
Pop ¢ Generate N solutions randomly

2
9 For each solution x compute its fitmess function F(x)
4 While a termination condition not met

5

best + the solution corresponding to best fitness

6 For each variable, the corresponding entry probability
is updated

7 pla) = (1.0 = a) » play) + (e x best;)

8 Generate a new solution y sampling from p(x)

0 For each variable, if (random(0,1) < p) y;=1—y;

10 Add the mew sampled solution y to Pop

It can be seen as an abstraction of GA
Simpler, both computationally and theoretically than GA
Faster and more effective than GA

© 060 6¢

Most of the power of the GA may derive from the statistics implicitly maintained
in the population




Motivation

What is an EDA and why are EDAs relevant? [EIDIAS [FEUEERIaIE i
An EDA example

Probabilistic graphical models

Foundational work

Science of livesto eeding and BGA

@ Basic concepts: response to selection, selection intensity, and heritability

@ The genotype frequencies are in Robbins proportions if p(x,t) = T ; pi(Xi, t)

@ Univariate marginal distribution algorithms keep gene frequencies in linkage
equilibrium




Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

Linkage problem

IS SN
Pl ——'s

Vil N
w‘:h_x.J_/C:w«

il
[ISEES———\

@ Linkage learning: The process of grouping together functionally (epistatically)
dependent subsets of genes (Newman:2005).

@ Linkage learning in genetic algorithms (GAs) is the identification of building
blocks to be conserved under crossover (Harik:1999).

Santana Estimation of Distribution Algorithms: A modeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

Linkage learning studies
@ Messy GA: Salient, low-order building blocks, selected in its primordial phase.

@ The messy GA then acts much like a simple GA, with tight building blocks
combining together to form the optimal solution (Deb:1991).

Ij K. Deb,

Binary and floating-point function optimization using messy genetic algorithms
Ph. D. Thesis, 1991

B D. E. Goldberg, K. Deb, H. Kargupta and G. Harik,

Rapid, accurate optimization of difficult problems using fast messy Genetic Algorithms,
Proceedings of the Fith International Conference on Genetic Algorithms and Their Applications, Pp. 56-64

Ij G. R. Harik and D. E. Goldberg,

Learning linkage,
Foundations of Genetic Algorithms, Vol. 4, Pp. 247-262. 1996

Estimation of Distribution Algorithms: A modeling approac



Motivation
What is an EDA and why are EDAs relevant? [EIDIAS [FEUEERIaIE i
An EDA example

Probabilistic graphical models

What is problem structure?

Additive function

Interaction graph

X = (X17X27X37X47X5axﬁ) e

f(x) = 91(X1, X3, X5)+92(X2, Xa, Xg)

Disruptive representation

Less disruptive representation 9

X = (X1, X3, X5, X2, Xa, Xg)

Santana Estimation of Distribution Algorith odeling approach




Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Foundational work

A summary of relevant results that influenced work on
EDAs

@ Mixing information from several parents can accelerate
convergence.

@ A population can be efficiently represented using a model.
@ Models can serve to represent a map of variables
interactions.

@ The evolution of probabilities as a way to predict the
behavior of the evolutionary search.

Santana Estimation of Distribution Algorith odeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Pseudocode of an EDA

Algorithm 2. Estimation of distribution algorithm

Sett <= 0. Generate M points randomly.
do {
Evaluate the points using the fitness function.
Select a set DtS of N < M points according to a selec-
tion method
Calculate a probabilistic model of DY .

6 Generate M new points sampling from the distribution
represented in the model

7 t=t+1

8 }until Termination criteria are met.

A W DN P

(&)]
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Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Problem formulation

Problem representation

@ X =(Xy,...,Xpn) represents a possible solution and n is
the number of variables.

@ X; takes values in {0, 1}.
@ The function to optimize is f(x) = >, X;.

@ n=8
@ x=(0,0,1,1,0,0,1,1)andy = (1,1,1,1,0,0,1,1)
@ f(x)=4andf(y) =6.

Santana Estimation of Distribution Algorith odeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

EDA example: UMDA

Initial population

X1 X2 X3 X4 X5 Xg X7 Xg

Estimation of Distribution Algorithms: A modeling approac



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

EDA example: UMDA

Evaluated initial population

X1 X2 X3 X4 X5 Xg X7 Xg f(x)

Santana Estimation of Distribution Algorithms: A modeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

EDA example: UMDA

Truncation selection (T = 0.5)

X1 X2 X3 X4 X5 Xg X7 Xg f(x)
[1/ojojoj1]1]1]0] 4
ol1[1]of1]1]1]0 5
1/of1]o1][1]1]0 5

Santana Estimation of Distribution Algorithms: A modeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

EDA example: UMDA

Selected population

[1]ofofofa]1]1]0] 4

o[1[1]o1]1]1]0] 5
1]of1]of1]2]1]0] 5

Probabilistic model: p(x; = 1)

P(x1)p(x2 )P (x3)p (X4 )P (%5 )P (X6 Jp (X7 )P (X8

0.66/0.33(0.66| 0 [ 1 | 1 | 1| O

Santana Estimation of Distribution Algorithms: A modeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

EDA example: UMDA

Selected population New sampled population

[1]ofofol1]1]1]0] 4

o

o[1[1]of2]1]1 5
1of1]ofa]a]2]0] ¢

Probabilistic model

P(x1 p(x2)p(x3)p(x4)p(x5)p (X6 (X7 )P (Xg

0.66(0.33(0.66| 0 | 1 1 110

Santana Estimation of Distribution Algorith odeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Probabilistic graphical models

A probabilistic graphical model (PGMs) for X = (X1, X2, ..., Xp)
encodes a graphical factorization of a joint probability
distribution p(x)

@ 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. )

Santana Estimation of Distribution Algorith odeling approach



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Bayesian networks
0 e X 1 1 1 2 2 2

Xz 1 2 3 1 2 3
P(X=1 | Xi1,Xz) Bsi Oun Busi Bur Bist Biar

o ° P(X=2 | X1,X2)|Ouiz B2 Bun2 Buiz Bis2 O

P(X:=3 | X1,X2)| Ba13 B3 Buns Ouis Oisy Oues
P(X=4 | X1,X2)| Ba1s B4 Buzs Ouss Biss Oues

o ° P(X=5 | X1,.X2) Bus Ons Ous Ous Ouss Ouss

(a) Structure (b) Conditional probability table

@ Bayesian network: A probabilistic graphical model in which the graphical
representation is a directed acyclic graph. X; € {1,2}, X, € {1,2,3}, and
X4 €{1,...,5}.

Santana Estimation of Distribution Algorithms



Motivation

EDAs: Foundational work

An EDA example
Probabilistic graphical models

What is an EDA and why are EDAs relevant?

Complexity of the probabilistic model

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

@ No interaction is modeled
@ Variables are grouped into,

some time overlapping,
9 p(x) =TT p(xi) factors

@ Very efficient model

Santana Estimation of Distribution Algorith odeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Uncovering and exploiting problem information

Problem cases

@ Side chain placement problem.
@ EDAs for quantum problems.

@ Methods for transfer learning between optimization
problems.

@ Using problem symmetries in EDAs.

Santana Estimation of Distribution Algorith odeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Side chain placement problem

Goals

@ Solve the protein side chain placement problem for proteins where
state-of-the-art methods fail.

@ Extract information about the problem characteristics from the constrastive

analysis of solutions produced by different EDAs.
>

Challenges

@ The number of variables can be very large (up to 1982).

@ The cardinality of variables is different in every case and high (up to 81 values by
variable).

@ The fitness function is not always accurate.

Santana Estimation of Distribution Algorithms



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Protein folding

@ A protein is a sequence of aminoacids

@ Protein sequences fold into a native
3-d structure

@ The native structure of a protein is the Secondary stcture
one for which the free energy is '
minimum

@ Laws that govern protein folding are
unknown

Tertiary structure
Ihree-dimensinal stucture

nodeling approac



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model-based optimization ST el Sy S 7 EAS

Proteins

Proteins in detail
@ Side chains join to the backbone forming dihedral angles.

@ Rotamer: single side chain conformation represented by a
set of discrete values.

Figure : From left to right: original pdblmrj protein structure, its
skeleton, and the side chains.

Santana Estimation of Distribution Algorithms: A modeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Rotamers and rotamer libraries

Characteristics

@ A rotamer library is a collection of rotamers for each
residue type.

@ Rotamer libraries can be backbone-independent or
backbone-dependent.

@ The optimization problem is reduced’ to the search of the
optimal rotamer configuration for each residue.

Santana Estimation of Distribution Algorith odeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiti re f I imizati
xploiting structure for model-based optimization Using problem symmetries in EDAs

Representation

Energy function

@ Let K; be the number of feasible rotamer configurations for
residue X;

@ E(x) is the energy interaction between the rotamer and
the backbone

@ E(x;,X;) is the interaction energy between the couple of
rotamers

n—-1 n

E(x) = Z x.+ZZEx,,xJ

i=1 j>i

Santana Estimation of Distribution Algorithms: A modeling approach



Side chain placement problem

EDAs in the field of quantum computation
Transfer learning

Using problem symmetries in EDAs

Integrated optimization approach

Exploiting structure for model-based optimization

Steps for the solution of the problem

@ Problem reduction: Dead-end elimination algorithm
(DeMaeyer et al: 2000)

@ Global search: UMDA

@ Solution refinement: Variable neighborhood search (VNS)
(Mladenovic and Hansen: 1997)

Santana Estimation of Distribution Algorith odeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Experimental results

Protein benchmark

@ 325 X-ray crystal structures with a resolution better than or
equal to 2

@ The size of the proteins between 7 and 1982 residues

@ Results achieved by the Side-chain PRediction INference
Toolbox are taken as a reference

Santana Estimation of Distribution Algorith odeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiti re f I imizati
xploiting structure for model-based optimization Using problem symmetries in EDAs

Experimental results

Results for the protein benchmark

UMDA UMDA + VNS

pdb id best S mean + o best S mean + o
pdblbuu 200.23 | 12 | 200.70 + 0.30 200.23 | 50 | 200.23 &+ 0.00
pdblbvl 132.54 50 132.54 £ 0.00 132.54 50 132.54 4+ 0.00
pdblema 286.39 48 286.47 + 0.37 286.39 49 286.41 4+ 0.10
pdblet9 227.14 16 227.66 + 1.20 226.79 22 226.90 4+ 0.09
pdb1h6h 97.95 15 98.44 £ 0.34 97.95 50 97.95 + 0.00
pdb1hh8 374.63 1 414.96 + 2.71 370.16 50 370.16 + 0.00
pdblmrj 232.66 3 | 239.23 £ 3.08 232.66 | 36 | 232.86 £+ 0.31

pdb2fcr 236.28 | 50 | 236.28 £ 0.00 236.28 | 50 | 236.28 £ 0.00
pdb2ilk 138.54 | 50 | 138.54 £ 0.00 138.54 | 50 | 138.54 + 0.00
pdb2tir 92.60 | 50 92.60 £ 0.00 92.60 | 50 92.60 £ 0.00

pdb3kvt 163.96 | 33 | 164.15+0.34 160.50 | 50 | 160.50 £ 0.00

Table : Results achieved by UMDA and UMDA+VNS

of Distribution Algorithms: A modeling approacl



Side chain placement problem

EDAs in the field of quantum computation
Transfer learning

Using problem symmetries in EDAs

Exploiting structure for model-based optimization

Protein pdbltk

Chain B

Chain A

Figure : Skeleton and best side chain configurations found by the EDAs. (Left):
Tree-EDA. (Right): Tree-EDA".

of Distribution Algorithms: A modeling approacl



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Lessons from the protein sidechain problem

Lessons

@ Usually, univariate models can produce satisfactory results.

@ Using problem information (e.g. by means of seeding
techniques) can be essential.

@ Adding local optimizers might be a requirement of
convergence.

@ Analysis of the models can unveil knowledge of the
problem previously unknown.

Ij R. Santana, P. Larrafiaga and J. A. Lozano

Side chain placement using estimation of distribution algorithms.
Artificial intelligence in medicine, Vol. 39, No. 1, Pp. 49-63. 2007

Santana Estimation of Distribution Algorith odeling approach
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EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Solving Ising instances in the chimera graph

Goals

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

@ Test different hypothesis about the problem structure using EDAs (more details
later).

Challenges

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

@ Understanding the principles quantum computation in quite difficult.

A\

Santana Estimation of Distribution Algorithm deling approach



Side chain placement problem

EDAs in the field of quantum computation
Transfer learning

Using problem symmetries in EDAs

Exploiting structure for model-based optimization

Motivation

Quantum computation

@ Quantum computation (QC) aims to profit from the quantum properties of
elementary particles to devise new, more efficient ways for representing and
manipulating information.

Quantum computation: Different approaches

@ Adiabatic quantum computing.

@ Topological quantum computing.

R. Santana, R. B. McDonald, H. Katzgraber. A approach to compute quasiparticle braidsProceedings of the 2014 SEAL
Conference. pp. 13-24. 2014.

R. Santana, Z. Zhu, and H. G. Katzgrab 0O Problems in Chimera Topologies. Proceedings of the 2016 GECCO
Conference. pp 397-404. 2016.

of Distribution Algorithm nodeling approac



Side chain placement problem

EDAs in the field of quantum computation
Transfer learning

Using problem symmetries in EDAs

Exploiting structure for model-based optimization

Quantum computers

wave computer

Characteristics

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

@ Qubits have associated weights.

@ Each coupler has an associated
strength.

@ Uses quantum annealing to solve
problems.

@ It can tunnel through the landscape to
find the optimum.

http://gi znodo. cond t he- quant um d- wave- 2- i s- 3- 600- ti mes
- faster- than- a- super - 1532199369

~

Santana i of Distribution Algorithm odeling approa


http://gizmodo.com/the-quantum-d-wave-2-is-3-600-times
-faster-than-a-super-1532199369

Side chain placement problem

EDAs in the field of quantum computation
Transfer learning

Using problem symmetries in EDAs

Exploiting structure for model-based optimization

Chimera topology

Chimera graph Characteristics

@ Building blocks: Symmetric
subgraphs referred to as K, 4 graphs.
@ The eight qubits included in the K44

graph are connected as bipartite
graphs.

X7 " _
(XX X @ There are additional connections to
o?,:i" :e @?}i}\ﬁ:@ no!’trr}]/south grid and east/west
neighbors.
o\ /7

@ The Chimera graph is formed by n?
K4,4 subgraphs.

Santana Estimation of Distribution Algorithm nodeling approach



Side chain placement problem

EDAs in the field of quantum computation
Transfer learning

Using problem symmetries in EDAs

Exploiting structure for model-based optimization

Optimization problem

Ising model

H=-— Z Jijaiaj —Zhigi 1)

<i,j>e€eL ieL

Sidon instances

@ We consider instances for which h; =0, Vi € L.

@ Couplings selected from Sidon sets of the type
Usg7 = {£5,£6,£7}.

H. G. Katzgraber, F. Hamze, Z. Zhu, A. J. Ochoa, and H. Munoz-Bauza. Seeking quantum speedup through spin glasses: The good, the bad, and the ugly. Phys.
Rev. X, 5:031026, Sep 2015.

Santana Estimation of Distribution Algorithm modeling approach



Side chain placement problem
EDAs in the field of quantum computation
Transfer learning

Exploiting structure for model- imization
ploiting structure for model-based opt atio Using problem symmetries in EDAs

Motivation

ddressing optimization problems in Chimera graphs

@ Can quantum algorithms outperform traditional algorithms on native Chimera
graph problems?

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

@ How different optimization algorithms behave for problems defined on Chimera
graphs ?

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

C. McGeoch and C. Wang. Experimental evaluation of an adiabiatic quantum system for i in of the ACM International
Conference on Computing Frontiers, page 23. ACM, 2013.

V. S. Denchev et al. What is the computational value of finite range tunneling? arXiv preprint arXiv:1512.02206, 2015.

S. Mandra, Z. Zhu, W. Wang, A. Perdomo-Ortiz, and H. G. Katzgraber. Strengths and of
state-of-the-art classical heuristics vs quantum approaches. arXiv preprint arXiv:1604.01746, 2016.

g cluster problems: A detailed overview of

Z. Zhu, A. J. Ochoa, S. Schnabel, F. Hamze, and H. G. Katzgraber. Best-case performance of quantum annealers on native spin-glass benchmarks: How chaos
can affect success probabilities. arXiv preprint arXiv:1505.02278, 2015.
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Research questions and approaches

Research question

@ Whether and how knowledge about the underlying topology of the optimization

problem can be used to increase the efficiency of the EA approaches to this
problem?

Approaches

Q Using the Chimera structure to design building-block wise crossover operators.

g Using factorized EDAs in which the factors comprise variables in each K4 4
subgraph.

e Biasing the search for tree-based EDAs to include dependencies between
variables that are connected in the Chimera structure.
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A common framework: Different EA variants

Algorithm 3: EA framework

1 Sett < 0. Generate an initial population Dy of N > 0
random solutions.

2 do{

3 For each solution, apply a greedy local search method
and output local optimum.

4 Select from population D; a set DtS of k < N points
using truncation selection.

5 Generate a new population Dy ; from DtS applying the
variator operator of choice.

6 Apply random bit-flip mutation to solutions in Dy ;.

7 t<=t+1
8 }until Termination criteria are met.
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Exploiting structure for model-based optimization

Q GA with 1-point crossover (LPCX-GA): Simple GA algorithm with a crossover
probability of 1 and where a crossover point is randomly selected between
positions 2 and n — 1. The two offspring are created by taking one segment from
each parent.

Q GA with uniform CX (uCX-GA): Similar to 1PCX-GA but the alleles of the
offspring are randomly taken from each of the two parents with probability 0.5.
Q GA with bit-wise CX (BWCX-GA): Similar to uCX-GA but instead of single bits,

blocks of variables are taken from each parent. There is one block for each
subgraph k4 4 involving 8 variables and for each edge joining these subgraphs.

>
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A common framework: Different EA variants

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

9 Tree-based EDA (Tree-EDA): An EDA that learns the structure of the graphical
model from the matrix of mutual information between all possible pairs of
variables. The pairs with the strongest mutual information are used to build a
tree structure from which solutions are sampled.

9 Tree-based EDA with a priori information (Tree-EDA"): Idem to Tree-EDA but
only pairs of variables connected in the Chimera topology are used to learn the
probabilistic model.
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Experiments

@ 1000 Ising instances defined on the Chimera graph, were generated with
couplings defined in the Us g 7 = {£5,+6,+7} Sidon set.

ot

Instance descriptors

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

Q PEAK_1, PEAK_2: Position of the highest and second highest peaks in the P(q)
distribution plot.

0 HEIGHT_1,HEIGHT_2: Height of the highest and second highest peaks.

9 H_SCORE: Ratio between the height of second highest peak and the height of
highest peak.

Q NOISE_SCR: Ratio between the height of third highest peak and the height of
second highest peak.
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Experiments

Table : Correlation between the descriptors of the instance and
success rate of the EAs. Correlations that were not found significant
for p = 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 -0.15 | -0.13 -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 rate instance descripto
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Transfer learning in EDAs

Goals

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

@ Improve the results of optimization approaches for the TagSNPs Selection
Problem.

. >
Challenges

@ Largely unexplored area in evolutionary algorithms.

@ In the TagSNPs Selection Problem instances have different number of variables
and problem structure experiences high variability among instances.

A\
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INFORMATION Optimization
- Algorithm

@ 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

INFORMATION Optimization
T e @ Structural transfer
e — @ Behavioral or algorithmic transfer
— @ Combined transfer
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TagSNPs Selection Problem

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

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

TagSNPs

@ TagSNP selection problem: Given 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
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Datasets
Index Population | n.ind. | SNPs n’ | pairs | triples
1 Adyget 15 1388 | 1048 | 3445 | 203640
2 Balochi 24 1399 | 1020 | 3486 | 220892
3 BantuKenya 11 1338 | 800 | 2183 | 89372
4 BantuSouthAfrica 8 1379 905 | 2553 | 127780
5 Basque 24 1362 | 1042 | 3956 | 252296
6 Bedouin 45 1433 | 1015 | 3147 | 182836
T Bengali 15 1390 | 1007 | 3374 | 211439
8 BiakaPygmy 23 1322 700 | 2071 78136
9 Brahui 24 1368 975 | 2770 | 140452
10 Burusho 23 1388 | 1016 | 3272 | 197048
11 CEU 60 1386 | 1018 | 3227 | 191730
12 Cambodian 8 1335 | 1067 | 3476 | 219632
13 Colombian T 1175 | 1008 | 4467 | 264906
14 Dazi 10 1267 982 | 3762 | 212758
15 Daur 10 1248 956 | 3372 | 187016
16 Druze 41 1377 | 1019 | 3306 | 190120
17 French 28 1418 | 1068 | 3596 | 229216
18 Han 34 1273 946 | 3527 | 211194
19 Han — NChina 10 1230 954 | 3270 | 188553
20 Hazara 22 1329 968 | 2868 | 159534
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Aggregated Interactions for transfer learning

o Ta rgetw’\

Instance2 i Instance -
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Variants for structural transfer

Aggregated interactions ( Tn1)

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

Pure transfer ( Tn2)

@ This implementation is identical to Tn1 but information about the interactions in
problem i is not included in the aggregation matrix.
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Transfer Learning Results

mean I Best mean
UMDA Tree Tnl | Tn2 | Tn3 | Tnd Tnl Tn3 Tnd
367.63 | 291.30 1 281 | 281 | 280 | 283 || 285.60 287.00 | 287.33
371.17 | 304.50 2 206 | 298 | 299 | 297 | 300.13 302.93 | 302.00
349.73 | 285.97 3 | 281 | 282 | 283 | 284 | 284.27 285.80 | 285.13
378.47 | 308.67 4 | 304 | 304 | 306 | 306 | 306.47 308.60 | 309.03
360.80 | 286.53 5 276 | 278 | 282 | 282 (| 281.53 286.93 | 286.00
381.63 | 302.37 6 205 | 297 | 295 | 204 || 299.23 300.50 | 299.00
346.93 | 281.27 T | 271 | 269 | 271 | 271 || 275.60 277.97 | 275.80
329.23 | 265.70 8 263 | 263 | 265 | 264 || 265.07 266.43 | 265.73
374.53 | 299.37 9 | 291 | 293 | 291 | 292 | 294.80 295.47 | 296.17

359.30 | 291.43
370.00 | 299.43
346.93 | 276.00
294.20 | 238.90
332.37 | 266.90
332.90 | 267.63
369.90 | 297.37
374.17 | 290.70
331.87 | 262.37
336.60 | 269.43
366.77 | 296.37
332.33 | 263.27
340.97 | 278.23
327.50 | 261.23
360.00 | 282.43

10 | 284 | 285 | 283 | 284 || 287.33
11| 291 | 291 | 289 [ 288 || 286.50
12 | 265 | 266 | 270 | 269 || 271.07
13 | 230 | 229 | 229 | 232 || 233.57
14 | 257 | 255 | 260 | 258 || 261.03
15[ 260 | 261 | 266 | 261 || 264.73
16 | 290 | 286 | 289 | 288 || 293.63
17| 281 | 279 | 282 | 284 || 285.80
18 | 255 | 255 | 255 | 256 || 258.13
19 [ 261 | 262 | 260 | 262 || 265.90
20 | 287 | 288 | 289 | 201 (| 292.40
21 | 253 | 254 | 254 | 253 || 257.27
22 [ 2Y0 | 270 | 272 | 271 || 274.53
23 | 253 | 254 | 255 | 254 || 257.10
24 | 271 | 272 | 274 | 272 || 277.37

287.80 | 287.80
295.33 | 294.23
274.67 | 274.20
235.83 | 236.80
263.37 | 262.83
268.17 | 264.97
292.40 | 293.60
287.27 | 288.63
258.63 | 259.17
266.03 | 267.00
293.33 | 295.03
258.77 | 2567.67
275.80 | 274.47
257.93 | 257.00
278.97 | 277.33
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Symmetric problems

Goals

@ To identify and use symmetries in an optimization problem to increase the
efficiency 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 be
computationally 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 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?
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Learning and using symmetries

Figure : Skeleton and side chains found by an EDA for the tetramer
pdbldZ2e.
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A benchmark for symmetric problems

Symmetric Ising lattice

Reinforcing
R
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Learning and using symmetries

How to identify and use symmetries e problem?
© EDA: No symmetry use: Tree-EDA, evolving values for all DZ x 22Nc variables.

9 EDA+basicblock: Trivial symmetry use: Only DS variables for one symmetric
component are evolved, and are replicated 22Nc times before evaluation;
selection and learning use only the original Dg variables.

e EDA+block: Partial symmetry use: Before learning, each individual is
deconstructed. All symmetric components of the solution are treated as copies
of one single symmetric component.

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

R. Santana R. I. McKay, J. A. Lozano. Symmetry in Evolutionary and Estimation of Distribution Algorithms. Proceedings of the 2013 CEC Conference. pp
2053-2060. 2013.

S. Picek, R. I. McKay, R. Santana, T. D. Gedeon. Fighting the The Structure of Cr Boolean Function Spaces. Proceedings of the 2015
GECCO Conference. pp 2053-2060. 2015.

S. Picek, R. Santana, D. Jakobovic. Maximal Nonlinearity in Balanced Boolean Functions with Even Number of Inputs, Revisited. Proceedings of the 2016 CEC
Conference. In Press. 2016.
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Results for EDAs that use symmetry information

Fitness
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Conclusions

ke-home messages

@ Better understanding of the problem and the behavior of the algorithm as
important as producing better results.

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

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

@ Transfer learning between problems and automatic detection of the symmetric
structure are also promising trends.
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