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Was still there

When he woke up, the
dinosaur was still there

R. Santana

The dinosaur

@ Flash fiction work by Augusto
Monterroso (1921-2003).

@ Cuando desperto el dinosaurio
todavia estaba alli.

@ When he/she woke up, the dinosaur
was still there.
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Motivation

Motivation

Some open problems in the design of discrete EDAs

@ Designing more accurate methods to learn the problem
structure.

@ Increasing the scalability of the model-learning methods
used by EDAs.

@ How to deal with optimization problems with generalized
constraints?

@ Designing model-based approaches for many-objective
problems.

@ How to use the known structure of the problem more
efficiently?

R. Santana Gray-box optimization and model-based EAs



Motivation

Motivation

@ Increasing research on gray-box optimization.

@ What is common between gray-box research and EDAs?

@ What can gray-box research learn from model-based EAs?

@ What can model-based EAs learn from research on
gray-box optimization?

@ What are the potential benefits of the synergy between the
two research fields?

-~
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Gray-box optimization

Gray-box optimization

Between white-box and black-box optimization
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Gray-box optimization

Gray-box optimization

Between white-box and black-box optimization
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Gray-box optimization

Gray-box optimization

Gray-box problems

@ The structure of the problem is known. Decomposable problem with “limited”
number of non-linear interactions.

Gray-box functions

@ An additively decomposable funtion of n variables.
@ M subfunctions of bounded order k and M = O(n).
@ Insome cases, Vi, », I(X € i) <c.

-

Gray-box optimization

@ An algorithm that uses the information of a gray-box problem to make a more
efficient search.
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Gray-box optimization

Gray-box optimization

Some algorithms
@ Hamming-ball Hill Climber [Whitley et al:2013, Chicano et al:2014].
@ Partition crossover [Tinos et al:2015]
@ Gray-box parameter less population pyramid [Goldman and Punch:2015].

F. Chicano, D. Whitley, and A. M. Sutton. Efficient identification of improving moves in a ball for pseudo-boolean problems. In of the 2014 GECCO

Conference, pp 437-444. ACM, 2014
B. W. Goldman and W. F. Punch. Gray-box optimization using the parameter-less population pyramid. In Proceedings of the 2015 GECCO Conference, pp.
855-862. ACM, 2015.

R. Tinos, D. Whitley, and F. Chicano. Partition crossover for pseudo-boolk In ings of FOGA-XIII, pp. 137-149. ACM, 2015.

D. Whitley, A. E. Howe, and D. Hains. Greedy or not? best improving versus first improving stochastic local search for MAXSAT. In Proceedings of AAAI
Conference, 2013
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Gray-box optimization

Model-based EAs and EDAs

Different views of EDAs

@ An evolutionary algorithm that learns and samples probability models.
@ An effective method for problem decomposition.

@ An algorithm to search in the space of probability distributions.

@ A procedure to exploit information about the problem structure.
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Two approaches, many things in common

Gray-box optimization and model-based EAs

Why are these two approaches relevant to each other?

e The way they represent the problem structure.

g Class of problems that illustrate the applicability of the algorithms.

e How is the structure used to model the search space?

o How is the behavior of the algorithms related to the problem structure?
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Two approaches, many things in common

Gray-box optimization and EDAs

Problem representation

A variable interaction graph (VIG) [Chicano et 2014, Whitley and Chen:2012] is defined
by associating one vertex to each variable of the problem. Every pair of variables that
appear together in some subfunction are connected by an edge in the VIG.

function local optima | codomain vector
f(zy,z2,23) [ 000 001 100 111 <1,L,0,0,1,0,0,1>
f(z2,@3,24) | 011 001 100 111 | <0,1,0,1,1,0,0,1>
fles, @4, @) | 001 010 101 111 [ <0,1,1,0,0,1,0,1 >
f(za,w5,26) | 110 100 011 111 <0,0,0,1,1,0,1,1 >
f(zs, 6, 27) | 001 100 110 111 | <0,1,0,0,1,0,1,1 >
f(we,x7,@s) | 000 100 010 111 | <1,0,1,0,1,0,0,1 >
f(z7,zs,29) | 001 010 101 111 | <0,1,1,0,0,1,0,1 >
fzs, 9, 20) | 000 001 100 111 [ <1,1,0,0,1,0,0,1 >
f(xzo, w0, 1) | 000 010 011 111 | <1,0,1,1,0,0,0,1 >
flzo,z1,22) | 000 101 110 111 <1,0,0,0,0,1,1,1 >
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Two approaches, many things in common

Gray-box optimization and EDAs

EDA problem representation

@ Interaction graphs and conditional independence graphs (CIG) [Muehlenbein et
al. 1999]: Two variables x;, x; of an ADF are connected by an edge in the CIG if
and only if there exist sy with x;, x; € si.

@ Interaction graphs [Gao and Culberson:2003,2004; Muehlenbein et al:2012]
@ Factor graphs [Santana et al:2008].

h(x) = hi(z1, 2, x3) + ho(xs, T4, 25) + ha(21, 25, T6)
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Two approaches, many things in common

Gray-box optimization and EDAs

Addressed problems

0 Binary k-bounded decomposable problems.

© NKg-landscapes.

Q Ising models (e.g, toroidal grid where M = 2n and ¢ = 4).
© Max-ksAT.
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Two approaches, many things in common

Gray-box optimization and EDAs

How is the problem structure used to solve the problems?

@ A preprocessing algorithm is introduced that solves all separable Mk landscapes

problems in one evaluation in O(n) time [Whitley:2015].

Efficient identification of improving moves in a ball for pseudo-boolean problems
[Chicano et 2014].

F. Chicano, D. Whitley, and A. M. Sutton. Efficient identification of improving moves in a ball for pseudo-boolean problems. In Proceedings of the 2014 GECCO
Conference, pp. 437-444. 2014.

D. Whitley and W. Chen. Constant time steepest descent local search with lookahead for NK-landscapes and MAX-kSAT. In Proceedings of the 2012 GECCO
Conference, pp. 1357-1364. 2012

D. Whitley. Mk landscapes, NK landscapes, MAX-KSAT: A proof that the only challenging problems are deceptive. In Proceedings of the 2015 GECCO
Conference, pp. 927-934. 2015.

0X optimization



Two approaches, many things in common

Gray-box optimization and EDAs

How is the problem st e used to solve t roblems

@ Designing competent mutation operators via probabilistic model building of
neighborhoods [Sastry and Goldberg:2004].

@ Substructural neighborhoods for local search in the Bayesian optimization
algorithm [Lima et al:2006].

@ Introducing belief propagation in estimation of distribution algorithms: A parallel
framework [Mendiburu et al:2007].

@ Loopy Substructural Local Search for the Bayesian Optimization Algorithm [Lima
et al:2009].

K. Sastry and D. E. Goldberg. Designing competent mutation operators via model building of . In of the 2004 GECCO
Conference, pp. 114-125. 2004.

C.F. Lima, M. Pelikan, K. Sastry, M. V. Butz, D. E. Goldberg, and F. G. Lobo. Substructural neighborhoods for local search in the Bayesian optimization algorithm.
In Proceedings of PPSN IX, pp. 232-241. 2006.

A. Mendiburu, R. Santana, and J. A. Lozano. belief in estimation of A parallel framework. Technical Report
EHU-KAT-IK-11/07. 2007.

C.F. Lima, M. Pelikan, F. G. Lobo, and D. E. Goldberg. Loopy Substructural Local Search for the Bayesian Optimization Algorithm. In Engineering Stochastic
Local Search Algorithms. Designing, Implementing and Analyzing Effective Heuristics, pp. 61-75. 2009.
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Two approaches, many things in common

Gray-box optimization and EDAs

Problem structure and behavior of the algorithms

@ The concept of MK landscape.

@ Separable NK landscapes: One way to produce Mk landscapes with localized
variable interactions.

@ Adjacent NK landscapes.

@ A localized Mk landscape can be globally optimized in polynomial time
[Whitley:2015].
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Two approaches, many things in common

Gray-box optimization and EDAs

Problem structure and behavior of the algorithms

@ The role of the running intersection property (RIP).

@ If the problem structure can be represented by junction tree in can be solved by
an EDA.

@ Satisfaction of the RIP is a sufficient but not necessary condition for
convergence.

@ Junction trees can be found by triangulization.

Maximal cligne OK
Maximal clique too large
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Two approaches, many things in common

Gray-box optimization and EDAs

me com lities

Gray-box | EDAs | EDAs | Gray-box

Mk landscape problem k-order ADF % 3

structure-aware mutation | BB-wise mutation 4 2

variable interaction graph | interaction graphs 4 g4

Localized Mk landscapes | k-order ADF with g g

bounded tree-width
>

L F. Chicano, D. Whitley, and A. M. Sutton. Efficient identification of improving moves in a ball for pseudo-boolean problems. In of the 2014 GECCO
Conference, pp. 437-444. 2014.
2 K. Sastry and D. E. Goldberg. Designing competent mutation operators via istic model building of In ings of the 2004 GECCO

Conference, pp. 114-125. 2004.
3 H. Muhlenbein, T. Mahnig, and A. Ochoa. Schemata, distributions and graphical models in evolutionary optimization. Journal of Heuristics, Vol.5 No. 2. pp.
213-247, 1999.

4 D. Whitley and W. Chen. Constant time steepest descent local search with lookahead for NK-landscapes and MAX-kSAT. In Proceedings of the 2012 GECCO
Conference, pp. 1357-1364. 2012

5 D. Whitley. Mk landscapes, NK landscapes, MAX-KSAT: A proof that the only challenging problems are deceptive. In Proceedings of the 2015 GECCO
Conference, pp. 927-934. 2015.
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Sampling of new solutions: the mixing question

How to efficiently mix good partial solutions?

Methods from statistical physics

@ Advanced (blocked-based) simulated annealing [Isakov et al. 2015].

@ Hamze-de Freitas-Selby (HFS) algorithm [Hamze and Freitas: 2004,
Selby:2014].

@ Cluster-based methods [Zintchenko et al. 2015].
@ Message passing algorithms [Santana et al. 2015].

S. V. Isakov, I. N. Zintchenko, T. . Rannow, and M. Troyer. Optimised simulated annealing for Ising spin glasses. Computer Physics Communications, Vol. 192,
Pp.265-271, 2015.

F. Hamze and N. de Freitas. From fields to trees. In Proceedings of the UAI-2004 Conference, pp. 243-250, 2004.
A. Selby. Efficient subgraph-based sampling of Ising-type models with frustration. arXiv preprint arXiv:1409.3934, 2014.
1. Zintchenko, M. B. Hastings, and M. Troyer. From local to global ground states in Ising spin glasses. Physical Review B, Vol. 91. No. 2:024201, 2015,

R. Santana, A. Mendiburu, J. A. Lozano. A review of message passing methods in evolutionary algorithms. Natural Computing, Vol. pp., 2015.
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Sampling of new solutions: the mixing question

How to efficiently mix good partial solutions?

Message passing algorithms

@ Used for finding the joint variables assignment that is given the highest
probability by the probabilistic model, i.e. the most probable configuration (MPC).

@ Exploit the problem decomposition explicitly captured in the model.

@ Work by exchanging messages between the components of the models until a
solution is eventually reached.

How to use them?

e Computing the MPC.
Q Add it to the new generated population, or use it as a template for crossover.
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Sampling of new solutions: the mixing question

How to efficiently mix good partial solutions?

Message passing algorithms

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

Warning propagation [Mezard et al:2002] X

Survey propagation [Mezard et al:2002] X

Affinity propagation [Frey and Dueck:2007] X X

Table : Message-passing algorithms
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Lessons for the different approaches

For gray-box optimization

Cross-fertilization

@ Consider EDA research on characterization of problem difficulty based on
graphical properties (e.g. running intersection property, tree-width, etc.).

@ Investigate relationship between partition crossover and sampling methods used
by other model-based EAs.

@ Address discrete non-binary problems to investigate sensitivity of gray-box
optimization to the cardinality of variables.

>
New research questions

@ How gray-box optimization compares to model-based EAs?

@ Can the approach be extended to cases with uncertain problem structure
information?

A\
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Lessons for the different approaches

For model-based EAs

Cross-fertilization

@ Consider theoretical results achieved in gray-box optimization.

New research questions

@ How to introduce gray-box algorithms to model-based EAs?

@ What is the influence of the number of subfunctions (definition sets) for
model-based EAs?

@ Are deceptive problems for gray-box optimization also deceptive for EDAs that
use the same information about the problem structure?
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Lessons for the different approaches

WHEN THE GRAY-BOX WAS OPENED,
MODEL-BASED EVOLUTIONARY ALGORITHMS
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