
Optimization Performance Under Outlier 
Noise Models

Nikolaus Hansen , Anne Auger , Dimo Brockhoff , Alexandre Chotard , 
Oskar Girardin , and Tanguy Villain  

Inria, CMAP, Ecole Polytechnique, Institut Polytechnique de Paris, France 
University Littoral Cote d’Opale, Calais 

 
June 2026

1 1 1 2
1 1

1
2

feel free…



Nikolaus Hansen, Inria & Institute Polytechnique de Paris                                                                                                                                                                                  Optimization Performance Under Outlier Noise Models2

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

• Based on a standard benchmark: COCO/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 

Objective
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where 
•  with probability  and 0 otherwise
•  may be either

• additive heavy tail (bad outliers, ) or
• subtractive heavy tail (good outliers, )

    Specifically 

 which implies 

   when 

x ↦ f(x) + B(x)N(x)

B = 1 p
N

N ≥ 0
N ≤ 0

N ∼ ± π
2

𝒩(0,1)
𝒩(0,1)

P( |N | > α) ≈ 1/α α ≥ 5

An Outlier Noise Model
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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)

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

Solvers
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Calling codes
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Akin to "data profiles", we show 
the empirical cumulative 
distribution function (ECDF) of 
the number of evaluations of  
(runtimes) to reach a variety of 
selected target -values

f

f
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• horizontal  crosses 
indicate the 90%tile of single 
runs

•  crosses indicated the 
90%tile of expected runtime 
by instance with repetitions 
(restarts)

• data to the right of horizontal 
 crosses represent a 

restarted solver scheme

+

×

+

Akin to "data profiles", we show 
the empirical cumulative 
distribution function (ECDF) of 
the number of evaluations of  
(runtimes) to reach a variety of 
selected target -values

f

f
dimension

all 24 
functions
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• Nelder-Mead is not at all 
competitive when 

• COBYLA performs inferior 
(linear approximation is 
insufficient)

• SLSQP performs up to 4 
times faster up to  
evaluations

• UOBYQA and CMA-ES are 
slower in the beginning and 
faster on the 20% most 
difficult problems they solve

D > 5

300D

Akin to "data profiles", we show 
the empirical cumulative 
distribution function (ECDF) of 
the number of evaluations of  
(runtimes) to reach a variety of 
selected target -values

f

f
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• Nelder-Mead is almost 
competitive when 

• COBYLA performs inferior 
(linear approximation is 
insufficient)

• SLSQP performs best up 
to  evaluations

• CMA-ES solves ultimately 
the most problems 
beyond a budget of 500D 
evaluations, but is 5 times 
slower than SLSQP in the 
beginning

D = 5

200D

Akin to "data profiles", we show 
the empirical cumulative 
distribution function (ECDF) of 
the number of evaluations of  
(runtimes) to reach a variety of 
selected target -values

f

f
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Additive Gaussian noise, 20-D, varying variance
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 f + 0 × 𝒩(0,1)



Nikolaus Hansen, Inria & Institute Polytechnique de Paris                                                                                                                                                                                  Optimization Performance Under Outlier Noise Models14

 f + 10−8𝒩(0,1)
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 f + 10−4𝒩(0,1)
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 f + 10−2𝒩(0,1)
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 f + 𝒩(0,1)
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Bad outliers, 2%, 10%, 40%, 80%, 20-D
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Noiseless
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• only CMA-ES is 
unaffected

• all other competitive 
solvers are notably 
affected

• SLSQP consistently 
outperforms all 
solvers but CMA-ES

2% bad outliers
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10% bad outliers

• only CMA-ES is 
virtually unaffected

• all other competitive 
solvers are notably 
affected
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40% bad outliers

• CMA-ES gets about 2 
times slower on the 
more difficult 
problems

• UOBYQA is the least 
affected of the 
remaining solvers

• The performance 
difference between 
2% and 40% bad 
outliers is, generally, 
surprisingly small
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• all solvers are heavily 
affected, the order 
remains roughly 
intact

80% bad outliers
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Good outliers, 2%, 10%, 20-D
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Noiseless



Nikolaus Hansen, Inria & Institute Polytechnique de Paris                                                                                                                                                                                  Optimization Performance Under Outlier Noise Models26

2% good outliers

• CMA-ES is virtually 
unaffected

• SLSQP is as affected 
as with bad outliers

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

Summary of Observations (20-D)


