Optimization Performance Under Outlier
Noise Models

Nikolaus /—/ansenl, A
Os

Hnria, CMAP, Ecole Polytechnigue, InstitL

nne A

ar G

1

uger, Dimo Brockhof
’ardinl, and Tanguy Vi
t Polytech

:1, Alexandre Chotardz,

aml

nigue de Paris, France

U niversity Littoral Cote d’'Opale, Calais

y 4

(rezia —

INVENTORS FOR THE DIGITAL WORLD

June 2026

@y, INSTITUT
;'lb c POLYTECHNIQUE

~ DE PARIS




Objective

Evaluation of the performance of off-the-shelf solvers under an outlier
noise model

e Based on a standard benchmark: COCOQO/bbob

* Using an additive Cauchy-like outlier noise modification

Implemented as a Python wrapper

* Running eight solvers directly accessible from the Python Package
Index PyPI
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COCO is a software platform for a systematic and sound
comparison of mainly continuous and mixed optimization
algorithms. COCO provides implementations of

e benchmark function testbeds,

e experimentation templates which are easy to parallelize,

e tools for processing and visualization of the data generated by
one or several optimizers.

For a general introduction to the COCO software and its underlying
concepts of performance assessment see Hansen et al. (2021). For
a detailed discussion of the performance assessment methodology
see Hansen et al. (2022). For getting started see Getting Started.

Related links

e Getting Started

e Data archive of all officially registered benchmark experiments
(also accessible via the postprocess module )

e Postprocessed data of these archives for browsing

e How to submit a data set

e How to create and use COCO data archives @ with the
cocopp.archiving Python module

e Source code (developer) page on Github

e Get news about COCO by registering here ™

e To visit the old COCO webpage, see the Internet Archive
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COCO: A platform for comparing continuous optimizers in a black-box setting.

Optimization Methods and Software, 36(1), 114-144.
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The bbob Test Suite

This is an online-friendly presentation of
the bbob functions, based on the BBOB
2009 function document (Hansen et al.
2009b, BibTeX entry).

We present here 24 noise-free real-
parameter single-objective benchmark
functions (see (Hansen et al. 2009a,
2016) for our experimental setup and
(Hansen et al. 2022) for our performance
assessment methodology). Our intention
behind the selection of benchmark
functions was to evaluate the
performance of algorithms with regard to
typical difficulties which we believe occur
in continuous domain search. We hope
that the function collection reflects, at
least to a certain extend and with a few
exceptions, a more difficult portion of the
problem distribution that will be seen in
practice (easy functions are evidently of
lesser interest).

We prefer benchmark functions that are
comprehensible such that algorithm
behaviors can be understood in the
topological context. In this way, a desired
search behavior can be pictured and
deficiencies of algorithms can be
profoundly analyzed. Last but not least,
this can eventually lead to a systematic
improvement of algorithms.

All benchmark functions are scalable with
the dimension. Most functions have no
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ABSTRACT

We introduce COCO, an open-source platform for Comparing Contin-
uous Optimizers in a black-box setting. COCO aims at automatizing
the tedious and repetitive task of benchmarking numerical optimiza-
tion algorithms to the greatest possible extent. The platform and the
underlying methodology allow to benchmark in the same framework
deterministic and stochastic solvers for both single and multiobjec-
tive optimization. We present the rationals behind the (decade-long)
development of the platform as a general proposition for guidelines
towards better benchmarking. We detail underlying fundamental
concepts of COCO such as the definition of a problem as a function
instance, the underlying idea of instances, the use of target values,
and runtime defined by the number of function calls as the central
performance measure. Finally, we give a quick overview of the basic
code structure and the currently available test suites.

1. Introduction
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We consider the continuous black-box optimization or search problem to minimize

f:XCR"->R" nm>1,

(1)

where the search domain X is typically a bounded hypercube or the entire continuous
space.! More specifically, we aim to find, as quickly as possible, one or several solutions

x in the search space X with small value(s) of f(x) € R™.

A continuous optimization algorithm, denoted as solver, addresses the above problem.
In this paper, we only consider zero-order black-box optimization [19,57,58]: while the
search domain X C R” and its boundaries are accessible, no other prior knowledge about
f is available to the solver.? That is, f is considered as a black-box, also known as an oracle,
and the only way the solver can acquire information on f is by querying the value f(x) of
a solution x € X. Zero-order black-box optimization is thus a derivative-free optimization
setting.> We generally consider ‘time’ to be the number of calls to the function f and will

define ‘runtime’ correspondingly.
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Anytime Performance Assessment in Blackbox
Optimization Benchmarking

Nikolaus Hansen, Anne Auger, Dimo Brockhoff"”, and Tea Tusar"’

Abstract—We present concepts and recipes for the anytime
performance assessment when benchmarking optimization algo-
rithms in a blackbox scenario. We consider runtime—oftentimes
measured in the number of blackbox evaluations needed to
reach a target quality—to be a universally measurable cost for
solving a problem. Starting from the graph that depicts the solu-
tion quality versus runtime, we argue that runtime is the only
performance measure with a generic, meaningful, and quanti-
tative interpretation. Hence, our assessment is solely based on
runtime measurements. We discuss proper choices for solution
quality indicators in single- and multi-objective optimization, as
well as in the presence of noise and constraints. We also dis-
cuss the choice of the target values, budget-based targets, and
the aggregation of runtimes by using simulated restarts, aver-
ages, and empirical cumulative distributions which generalize
convergence graphs of single runs. The presented performance
assessment is to a large extent implemented in the compar-
ing continuous optimizers (COCO) platform freely available at
https://github.com/numbbo/coco.

Index Terms—Anytime optimization, benchmarking, blackbox
optimization, performance assessment, quality indicator.

I. INTRODUCTION

E PRESENT practical concepts and ideas for the

performance assessment of optimization algorithms
when benchmarked in a blackbox and anytime scenario. Going
beyond a simple ranking of algorithms, we aim to provide a
quantitative and meaningful performance assessment, which
allows for conclusions like algorithm A is seven times faster
than algorithm B in solving a given problem or in solv-
ing problems with certain characteristics. To achieve this end
in a comparative and timeless manner, we argue that we
should measure the number of blackbox evaluations to reach a
predefined quality indicator value (a target). More generally,
we argue to measure a cost that is defined on a ratio scale
and is comparable across publications. We call this measure

Manuscript received 18 September 2021; revised 16 February 2022
and 16 June 2022; accepted 14 September 2022. Date of publication
29 September 2022; date of current version 1 December 2022. This work
was supported in part by the French National Research Agency (NumBBO)
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Agency under Grant P2-0209 and Grant N2-0254. (Corresponding author:
Dimo Brockhoff.)
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the runtime of the algorithm to reach a given target. Yet, our
assessment methodology does not depend on any specific cost
measure, as long as the costs are quantitative and comparable.'

In this article, we formalize the optimization goal by a
so-called quality indicator. Its definition may heavily depend
on the optimization scenario, e.g., the number of objectives
or constraints. Broadly speaking, a quality indicator is based
on the sequence of all so-far visited solutions. In the sim-
plest case, it is the objective function value of the last visited
solution.

Runtimes represent the cost of optimization. Compared to
the quality indicator, the definition of costs depends to a
lesser extent on the specific optimization scenario. To sus-
tain reproducibility and comparability across publications, we
recommend against CPU or wall-clock time as cost measure?
(see also Hooker [22] for a further discussion on the unwanted
consequences of benchmarking based on CPU time).

Benchmarking is usually computationally expensive and
benchmarking for a single budget seems vastly inefficient by
1) addressing only one of many possible budget scenarios
(scenarios heavily depend on the software and hardware envi-
ronment) and 2) throwing away most of the data generated
during the experiment. An anytime approach to benchmark-
ing prevents these drawbacks. To allow for a budget-free
performance assessment even for non-anytime algorithms that
have a maximum or timeout budget as decisive or manda-
tory input parameter (decided by the user), we collect data
with an any-budget experimental procedure that runs repeated
experiments with increasing input budget [31].> Non-anytime
algorithms that do not take a maximum budget as an input
parameter can be accurately assessed only by the time of their
final solution proposal.

In this article, we advocate to routinely use (anytime)
empirical runtime distributions to assess the performance
of optimization algorithms. We demonstrate how to directly
compare the runtime distributions of algorithms that have

IWe are grateful to the anonymous reviewer pointing this out to us.

2 An exploratory CPU timing experiment to get an estimate of the internal
time complexity of the algorithm is still advisable, like it is prescribed in the
comparing continuous optimizer (COCO) platform [20].

3We can stop the procedure when the last budget was not fully exhausted.
Increasing the budget each time by a factor of » > 1 adds to the overall com-
putational costs for the experimentation less than }’=°0 1/t =r/(r=1
times the last consumed budget. For the performance assessment, always
the data from the smallest eligible budget is used. The performance assess-
ment will be too optimistic by tacitly assuming that the budget can be
set properly without additional costs. On the other hand, runtimes may be
overestimated (by less than a factor of r). A code example is provided in

COCO




An Outlier Noise Model
x — f(x) + B(x)N(x)

where
. B =1 with probability p and 0 otherwise
. N may be either
. additive heavy tail (bad outliers, N > 0) or
. subtractive heavy tail (good outliers, N < ()

Specifically

| 4O
N~ £+ — which implies
2 | /(0,1)

P(|IN|>a)~ 1/a whena > 5
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Solvers

Python implementations from the Python Package Index PyPI
accessible via pip install ... [ module (downloads per week)]:

 pdfo (1.2K/w): Powell's Derivative-Free Optimization 5 solvers
UOBYQA, NEWUOA, BOBYQA, LINCOA, and COBYLA

« cma (460K/w): CMA-ES (Covariance Matrix Adaptation Evolution
Strategy), second order model, function-value-free and randomized
(sampling based)

e scipy.optimize (87M/w): Nelder-Mead and SLSQP (Sequential
Least Square Quadratic Programming)

Nikolaus Hansen, Inria & Institute Polytechnique de Paris O Optimization Performance Under Outlier Noise Models



Calling codes

e pdfo solvers: COBYLA, UOBYQA, BOBYQA, LINCOA, NEWUOA

import pdfo
methods = ['cobyla', 'uobyga', 'bobyga', 'lincoa', 'newuoa']
for method in methods:

finaltrustradius = 1le-15

res = pdfo.pdfo(problem, problem.initial_solution_proposal(),

method=method,
options=q{'radius_final':finaltrustradius,
'maxfev':budget_multiplier*problem.dimension})

e scipy.optimize : NelderMead

from scipy import optimize as opt

res = opt.fmin(problem, problem.initial_solution_proposal(),
xtol = 1le-10, ftol = le-11,
maxfun = problem.dimension * budget_multiplier,
full_output = True)

e scipy.optimize : slsqgp

from scipy import optimize as opt

res = opt.fmin_slsqp(problem, problem.initial_solution_propc
acc=le-11,
full_output=True, iprint = -1)

e pycma: CMA-ES

from cma import fmin2 as fmin

xopt, es = fmin(problem, problem.initial_solution_proposal,
2, options=4
'maxfevals': 8 * problem.dimension * budget_multipli
'termination_callback': lambda es: problem.final_tar

'conditioncov_alleviate': None})

Optimization Performance Under Outlier Noise Models
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Additive Gaussian noise, 20-D, varying variance
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Bad outliers, 2%, 10%, 40%, 80%, 20-D
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Good outliers, 2%, 10%, 20-D

Nikolaus Hansen, Inria & Institute Polytechnique de Paris 24 Optimization Performance Under Outlier Noise Models



Ni

< > QC Q @ File /Users/hansen/tmp/siam/All_algo_CMA_default_noisless/p...

@ A B

08 <3 ® (UpdateE)

Runtime profiles (former ECDFs) [ 20 vH + —

single plot v| — all

|
1 . O bbob f1-f24, 20-D

51 targets: 100..1e-08
- 157 3007, 18013, 285™6, 2107, 9071 195723 22574 1357, 307 15073 1654 12074 24077 instances

best 2009

(HCMA-ES-de

O
o
I I I

Jouobyqga 0.(

| N 1

A~—A— > newuoa 0.
RIS 5k
‘,’l V '

-~
7
€
N

Fraction of function,target pairs

“)NelderMea

log10(# f-evals / dimension)

Noiseless

Optimization Performance Under Outlier Noise Models



> C [] @File /[Users/hansen/tmp/siam/All_algo_CMA_default_0.02_psub/ppr.. | & A [E A 0606 K 6 =

Runtime profiles (former ECDFs) singleplot ~| | —| 20 v/ + |~ | al 2% g()()d outliers
1.0 {1 best 2009
(DCMA-ES-de

CMA-ES is virtually
/\slsgp 0.02: unaffected

=
0o
I | I

o——6—P ylincoa 0.02 . G| SQP is as affected
/Suobyqa 0. as with bad outliers

“fnewuoa 0.0+ The remaining

'/ solvers are more
———————— gt affected by good
M\tbobyga 0. Outliers than by bad
outliers

O
o
I | I

ifiy

obyla 0.0

0.2-

Fraction of function,target pairs

)
s — P~ NelderMea

3 4 5 6 7
|Og l O ( # f'eva I S / d | m e n S | O n ) Optimization Performance Under Outlier Noise Models




> C [] @File /[Users/hansen/tmp/siam/All_algo_CMA_default_0.1_psub/pprid... | & A [& A 006 K @ =
Runtime profiles (former ECDFS)E single plot [— ‘ 20 v] + | ‘— all
1.0 At s st st best 2009
_ (DCMA-ES-de
0.8 -
' 4§slsqp 0.1s
) "
~ Y {puobyga 0.] .

O
o
1 | I

b ’newuoa 0.

O
™

U e, W 4 \V .S, NS S N )
B ey A~ s —

=t=-=cobyla 0.1

Y

0.2-

Fraction of function,target pairs

0 1 2 3 4 5 6 7
N log10(# f-evals / dimension)

/V Incoa 0.1s °
! yebobyqga 0.1

10% good outliers

CMA-ES gets about
1.5-2 times slower

SLSQP is as affected
as with bad outliers

The remaining
solvers are more
affected by good
outliers than by bad
outliers

Optimization Performance Under Outlier Noise Models



Summary of Observations (20-D)

- SLSQP is the most affected by noise, bad and good outliers have
similar effect

- CMA-ES is the least affected by noise, in particular with outlier
noise, and the least with bad outliers

- UOBYQA, when compared to the other pdfo  methods, is
- generally, slower for easier and faster for more difficult problems

- somewhat less affected by bad outliers and Gaussian noise
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