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Optimize ὪȡɱṒᴙ ᵐᴙ

derivatives not available or not useful

ὼɴ ᴙ Ὢὼᶰᴙ

Numerical BlackboxOptimization



Given:

Not clear:

which of the many algorithms should I use on my problem?

ὼɴ ᴙ Ὢὼᶰᴙ

Practical BlackboxOptimization



Deterministic algorithms
Quasi-Newton with estimation of gradient (BFGS) [Broydenet al. 1970]
Simplex downhill [Nelder& Mead 1965] 
Pattern search [Hooke and Jeeves 1961] 
Trust-region methods (NEWUOA, BOBYQA)[Powell 2006, 2009]

Stochastic (randomized) search methods
Evolutionary Algorithms (continuous domain) 
ÅDifferential Evolution [Storn& Price 1997] 
ÅParticle Swarm Optimization [Kennedy & Eberhart1995] 
ÅEvolution Strategies, CMA-ES[Rechenberg1965, Hansen & Ostermeier2001] 
ÅEstimation of Distribution Algorithms (EDAs) [Larrañaga, Lozano, 2002] 
ÅCross Entropy Method (same as EDA) [Rubinstein, Kroese, 2004] 
ÅGenetic Algorithms[Holland 1975, Goldberg 1989] 

Simulated annealing[Kirkpatrick et al. 1983]
Simultaneous perturbation stochastic approx. (SPSA) [Spall 2000] 
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Åchoice typically not immediately clear
Åalthough practitioners have knowledge about which 

difficulties their problem has (e.g. multi-modality, non-
separability, ...)

Numerical BlackboxOptimizers



Åunderstanding of algorithms

Åalgorithm selection

Åputting algorithms to a standardized test
Åsimplify judgement

Åsimplify comparison

Åregression test under algorithm changes

Kind of everybody has to do it (and it is tedious):

Åchoosing (and implementing) problems, performance 
measures, visualization, stat. tests, ...

Årunning a set of algorithms

Need: Benchmarking



that's where COCO and BBOB come into play

Comparing Continuous Optimizers Platform

https :// github.com/numbbo/coco



automatizedbenchmarking



How to benchmark algorithms with COCO?
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requirements 
& download
requirements 
& download

https://github.com/numbbo/coco



installation I: experimentsinstallation I: experiments

https://github.com/numbbo/coco



installation II: postprocessinginstallation II: postprocessing

https://github.com/numbbo/coco



coupling algo+ COCOcoupling algo+ COCO

https://github.com/numbbo/coco



example_experiment.c(slightly simplified)

/* Iterate over all problems in the suite */

while ((PROBLEM = coco_suite_get_next_problem (suite, observer)) != NULL) 

{

size_t dimension = coco_problem_get_dimension (PROBLEM);

/* Run the algorithm at least once */

for (run = 1; run <= 1 + INDEPENDENT_RESTARTS; run++) {

size_t evaluations_done = coco_problem_get_evaluations (PROBLEM);

long evaluations_remaining =

(long)(dimension * BUDGET_MULTIPLIER) ï (long) evaluations_done ;

if (... || ( evaluations_remaining <= 0))

break;

my_random_search ( evaluate_function , dimension,

coco_problem_get_number_of_objectives (PROBLEM),                     

coco_problem_get_smallest_values_of_interest (PROBLEM),                   

coco_problem_get_largest_values_of_interest (PROBLEM),

( size_t ) evaluations_remaining ,

random_generator );

}



running the experimentrunning the experiment



https://github.com/numbbo/coco

postprocessingpostprocessing



https://github.com/numbbo/coco

new feature: data archive

python ïm cocopp BFGS! BIPOP! lmm*
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Result Folder



Automatically Generated Results
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Automatically Generated Results



doesn't look too complicated, does it?

[the devil is in the details J]



so far (i.e. incl. BBOB-2018):

data for 200+ algorithm variants

(some of which on noisy or multiobjectivetest functions)

136 workshop papers

by 101 authors from 28 countries



On

Åreal world problems
Åexpensive

Åcomparison typically limited to certain domains

Åexperts have limited interest to publish

Å"artificial" benchmark functions
Åcheap

Åcontrolled

Ådata acquisition is comparatively easy

Åproblem of representativeness

Measuring Performance



Ådefine the "scientific question"

the relevance can hardly be overestimated

Åshould represent "reality"

Åare often too simple?

remind separability

Åaccount for invariance properties

ǇǊŜŘƛŎǘƛƻƴ ƻŦ ǇŜǊŦƻǊƳŀƴŎŜ ƛǎ ōŀǎŜŘ ƻƴ άǎƛƳƛƭŀǊƛǘȅέΣ 
ideally equivalence classes of functions

Test Functions



Available Test Suites in COCO
Åbbob 24 noiseless fcts 180+ algodata sets

Åbbob-noisy 30 noisy fcts 40+ algodata sets

Åbbob-biobj 55 bi-objective fcts 16 algodata sets

Almost finished:

Åextended bi-objective suite (bbob-biobj-ext)

Ålarge-scale version of bbob(bbob-largescale)

Under development/in planning phase:

Åconstrained test suite (bbob-constrained)

Åmixed-integer suite

Åreal-world problems
(see also the game benchmarking workshop)



Meaningful quantitative measure
Åquantitativeon the ratio scale (highest possible)

"algoA is two timesbetter than algoB" is a meaningful statement

Åassume a wide range of values 

Åmeaningful(interpretable) with regard to the real world

possible to transfer from benchmarking to real world

How Do We Measure Performance?



runtime or first hitting time is the prime candidate
(we don't have many choices anyway)



convergence graphs is all we have to start with...

Measuring Performance Empirically



ECDF:

EmpiricalCumulativeDistributionFunction ofthe Runtime

[aka data profile]



A Convergence Graph
A Convergence Graph



First Hitting Time is Monotonous



15 Runs



target

мр wǳƴǎ Җ мр wǳƴǘƛƳŜ 5ŀǘŀ tƻƛƴǘǎ



Empirical CDF
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the ECDFof run 
lengths to reach 
the target

ǒ has for each 
data point a 
vertical step of 
constant size

ǒ displays for each 
x-value (budget) 
the count of 
observations to 
the left (first 
hitting times)

Empirical Cumulative Distribution

e.g. 60% of the runs need between 2000 and 4000 evaluations
e.g. 80% of the runs reached the target



Reconstructing A Single Run



50 equally
spaced targets

Reconstructing A Single Run
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Reconstructing A Single Run



the empirical CDF
makes a step for 
each star, is 
monotonous 
and displays for 
each budget the 
fraction of 
targets achieved 
within the 
budget
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the ECDF recovers 
the monotonous 
graph, 
discretised and 
flipped
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15 runs

Aggregation



15 runs

50 targets

Aggregation
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15 runs

50 targets

ECDF with 750 
steps

Aggregation



50 targets from 
15 runs 

...integrated in a 
single graph

Aggregation



area over the ECDF
curve

=
average log runtime

(or geometric avg. 
runtime) over all 

targets (difficult and 
easy) and all runs

50 targets from 
15 runs 
integrated in a 
single graph

Interpretation



Fixed-target: Measuring Runtime



Fixed-target: Measuring Runtime

ÅAlgoRestart A:

ÅAlgoRestart B:

╡╣═
►

ps(AlgoRestart A) = 1

╡╣║
►

ps(AlgoRestart A) = 1



Fixed-target: Measuring Runtime

ÅExpected running time of the restarted algorithm:

ὉὙὝ
ρ ὴ

ὴ
ὉὙὝ ὉὙὝ

ÅEstimator average running time (aRT):

ὴ
ΠÓÕÃÃÅÓÓÅÓ

ΠÒÕÎÓ

ὙὝ !ÖÅÒÁÇÅÅÖÁÌÓÏÆÕÎÓÕÃÃÅÓÓÆÕÌÒÕÎÓ

ὙὝ !ÖÅÒÁÇÅÅÖÁÌÓÏÆÓÕÃÃÅÓÓÆÕÌÒÕÎÓ

ὥὙὝ
ÔÏÔÁÌΠÅÖÁÌÓ

ΠÓÕÃÃÅÓÓÅÓ



ECDFs with Simulated Restarts

What we typically plot are ECDFs of the simulated restarted 
algorithms:



Worth to Note: ECDFs in COCO

In COCO, ECDF graphs

Ånever aggregate over dimension

Åbut often over targets and functions

Åcan show data of more than 1 algorithm at a time

150 algorithms
from BBOB-2009
till BBOB-2015

150 algorithms
from BBOB-2009
till BBOB-2015



...but no time to explain them here L

More Automated Plots...
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