Fonctions de Walsh pour le benchmarking des metaheuristiques
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"gradient free” optimization algorithms Question and method

Principle: enumeration of a subset of the search space * A lot of problem instances Pseudo-boolean functions: f: {0,1}" — R

- Many ways to enumerate the search space * A lot of optimization algorithms (and parameters)

— Monte Carlo, bayesian optimization, ...
— Local search, and evolutionary algorithms

Use a benchmark to test algo, and learn pb. vs. algo.

How to tune, or select an efficient algorithm ! EXx. in guantum computing, operational research, etc.
according to the problem instance ?
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Local search / Evolutionary algorithms

Computational hardness of spin-glass problems with tile-planted solutions
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Walsh functions Decomposition of pseudo-bool. func. First experiments
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First results with Tile-Planting benchmark Toward benchmark with importance

The function is defined by:
Pivot rule Pivot rule m
. . f(x) =) aCy(xi,....x,)
i=1
where Vj € 1,k, C; : {0,1}% — R are pseudo-boolean functions of arity a;.
2 S ) J ) J
Vi{l,...,m}, o € R, and k; is the index of the clause.
Importance
The variables X = {x1,...,x,} are split into k classes of importance: ¢; C X
such that Uicy = X, and ¢;Nc¢; = 0.
Parameters p; vs. ps Parameters p; vs. pa Each class c¢; of importance has a degree of importance d..
e TG e —— The probability that a variable of class ¢; to appear in a clause is p; = Z‘_lil..
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= m | = W A parameter (factor) defined the probability that the same class of importance appear
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B e T e When the variable importances are independent:
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FIG. 12: (a) Population annealing (log,, ps), (b) simulated anneal-  FIG. 13: (a) Population annealing (log,, ps), (b) simulated anneal- al — 1 ) Or (xl — (Hl dl ) /a

ing optimal median TTS, and (c) simulated quantum annealing op- ing optimal median TTS, and (c) simulated quantum annealing op- \_ J

timal median TTS for instance classes comprised of mixtures of Ci  timal median TTS for instance classes comprised of mixtures of C

and C3 subproblem types. The results are plotted against p1, whichis  and C4 subproblem types. The results are plotted against p1, which is

the probability of choosing subproblems from class C'1. The curves  the probability of choosing subproblems from class C. The curves

are for three system sizes, L = 16, L = 24, and L = 32. (log,, ps)  are for three system sizes, L = 16, L = 24, and L = 32. (log,, ps)

and median TTS values are estimated using 200 problems per in- and median TTS values are estimated using 200 problems per in-

:Zaarlf.e class, per system size. All panels have the same horizontal zizrll:: class, per system size. All panels have the same horizontal
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Discussion Perspectives

"« Design domain “independent” benchmark based on Walsh functions k » Build a large set of instances, and test a large class of algorithms

» Compare benchmark, and algorithme with quantum computing * Apply such techniques on expensive multiobjective optimization problems:

» Representation of real-world problems in Walsh basis of function Combllnator.lal pro.blems ou mixed optimization problems based
\ g numerical simulation
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