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#include <eo>

#include <edo>

#include <es.h>

#include <do/make_pop.h>
#include <do/make_run.h>
#include <do/make_continue.h>
#include <do/make_checkpoint.h>

using R = eoReal<eoMinimizingFitness>;
using CMA = edoNormalAdaptive<R>;

R::FitnessType sphere(const R& sol) {

double sum = 0;
for(auto x : sol) { sum += x * x;
return sum;
‘u, (mean) }
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‘ int main(int argc, char** argv) {

eoParser parser(argc, argv);
eoState state;

size t dim = parser.createParam<size t>(10,
"dimension", "Dimension",
"Problem").value();
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(9) RunTime distributions

Example: CoCo's ERT-ECDF

(i) Bivariate Quallty/ Time distribution = cumuative distribution of trajectories [Dre09]
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edoNormalAdaptive<R> gaussian(dim);

auto& eval

X1

pop_eval(pop, pop)

+ selecto ((P,®p), (Q,P0));
< updategy (U);
< variateg(P);
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size t max_eval = parser.getORcreateParam<size t>(
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CHA-ES, implemented
with the Paradiseo
framework (Ca+) [Dret21]

* dim,

auto& obj_func = state.pack< eoEvalFuncPtr<R> >(sphere);
= state.pack< eoEvalCounterThrowException<R> >(obj_func, max_eval);
auto& pop_eval = state.pack< eoPopLoopEval<R> >(eval);

auto& gen = state.pack< eoUniformGenerator<R::AtomType> >(-5, 5);
auto& init = state.pack< eoInitFixedLength<R> >(dim, gen);
auto& pop = do_make pop(parser, state, init);

auto& eo _continue = do_make continue( parser, state, eval);
auto& pop_continue = do_make_checkpoint(parser, state, eval, eo_continue);

auto& best = state.pack< eoBestIndividualStat<R> >();

pop_continue.add( best );

auto& distrib_continue = state.pack< edoContAdaptiveFinite<CMA> >();

auto& selector = state.pack< eoRankMuSelect<R> >(dim/2);
auto& estimator = state.pack< edoEstimatorNormalAdaptive<R> >(gaussian);

auto& bounder
auto& sampler

= state.pack< edoBounderRng<R> >(R(dim,
= state.pack< edoSamplerNormalAdaptive<R> >(bounder);

-5), R(dim, 5), gen);

auto& replacor = state.pack< eoCommaReplacement<R> >();

make _verbose(parser);
make_help(parser);

auto& algo = state.pack< edoAlgoAdaptive<CMA> >(

gaussian , pop_eval, selector,
estimator, sampler , replacor,
pop_continue, distrib_continue);

try {
algo(pop) ;
} catch (eoMaxEvalException& e) {
eo::log << eo::progress << "STOP" << std::endl;
std::cout << best.value() << std::endl;
}
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