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Overview

1. Presentation (~60 min)
• Motivation
• Quality indicators
• Runtime profiles
• Benchmarking tools
• cocoviz
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Details Hands-On-Session

you are encouraged to follow along with your own data…you are encouraged to follow along with your own data…
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function evaluations value of interest (a.k.a. quality indicator)

1 56.38765

2 43.06690

10 22.56282

1498 21.57811

… …
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Benchmarking Motivation

Benchmarking is ubiquitous in optimization:

● to understand algorithms
● to validate new designs
● to recommend good solvers

not specific to any domain (e.g. multiobjective)

but some details might be domain-specific

here in particular: blackbox optimization
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here in particular: blackbox optimization
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What IS Benchmarking (in Our View)?

● comparing solvers experimentally
● running them on a set of function (instances)
● reporting the results
● analyzing/interpreting the results

● comparing solvers experimentally
● running them on a set of function (instances)
● reporting the results
● analyzing/interpreting the results

5



© D. Brockhoff, O. Mersmann and T. Tušar More Than Tables @ GECCO 2026, San Jose, Costa Rica

What ISN’T Benchmarking (in Our View)?

● competition● competition
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Where Do We Start?

Running a solver on a single function instanceRunning a solver on a single function instance
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“time”, e.g. function evaluations value of interest, e.g. f-value

1 56.38765

2 43.06690

3 22.56282

4 21.57811

… …
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Where Do We Start?

Running a solver on a single function instanceRunning a solver on a single function instance
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function 

evaluations

f1 f2 f3 c1 c2

1 56.38765 4.8724 5.982 0.4627 11.856

2 43.06690 5.1222 3.228 2.4722 98.2837

3 22.56282 6.2645 5.269 -0.8472 2.2286

4 21.57811 5.8465 7.364 -0.2645 -736.11

… … … … … …
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Where Do We Start?

Running a solver on a single function instanceRunning a solver on a single function instance
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Tables, Tables, Tables
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arXiv, 2012
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Tables, Tables, Tables
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arXiv, 2020
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Tables, Tables, Tables
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arXiv, 2020Numbers have their value.

But not only tables, please!

Numbers have their value.

But not only tables, please!
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Tables vs. Graphs

Tables

● show precise numerical data
● transfer raw data

Tables

● show precise numerical data
● transfer raw data
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Tables vs. Graphs

Tables

● show precise numerical data
● transfer raw data
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● show precise numerical data
● transfer raw data
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Often better: Graphs

● simplify large datasets
● easier interpretation
● show how values change 

dynamically
● visualize trends over time
● compare relationships 

between variables
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between variables

Visual information is simply faster processed by our brains…

if done right :-)

Visual information is simply faster processed by our brains…

if done right :-)
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Displaying Performance Visually
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Convergence graphs 
is all we have to start
with...

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

© The BBOBies
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Indicators

simplest case of unconstrained, single-objective optimization:

quality = f-value (to be minimized)

simplest case of unconstrained, single-objective optimization:

quality = f-value (to be minimized)
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but already less clear in the case of constrained optimization:

quality could be, for example,  
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Multiobjective: Which Indicator?
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[Audet et al. 2021]

63 indicators

100 indicators

[Li and Yao 2019]
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Multiobjective: Which Indicator?

Focus on indicators which are (strictly) monotone

• All hypervolume-based indicators [Zitzler et al. 2007]

• Unary epsilon indicator [Zitzler et al. 2003]

• R2 [Hansen and Jaszkiewicz 1998]

• IGD+ [Ishibuchi et al. 2015]

Focus on indicators which are (strictly) monotone

• All hypervolume-based indicators [Zitzler et al. 2007]

• Unary epsilon indicator [Zitzler et al. 2003]

• R2 [Hansen and Jaszkiewicz 1998]

• IGD+ [Ishibuchi et al. 2015]
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Convergence graphs 
is all we have to start
with...

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

Measuring Performance Empirically

© The BBOBies
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© The BBOBies

24

Advantage of the fixed target view:

Ratio scale (interpretation of #fevals 

easier than for f-values)

Advantage of the fixed target view:

Ratio scale (interpretation of #fevals 

easier than for f-values)
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ECDF

Empirical Cumulative Distribution Function of the Runtime

ECDF

Empirical Cumulative Distribution Function of the Runtime
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ECDF

Empirical Cumulative Distribution Function of the Runtime

a.k.a. runtime profile a.k.a. runtime performance profile plot
a.k.a. data profile 

[Hansen et al. 2021] [Moré and Wild 2009]

ECDF

Empirical Cumulative Distribution Function of the Runtime

a.k.a. runtime profile a.k.a. runtime performance profile plot
a.k.a. data profile 

[Hansen et al. 2021] [Moré and Wild 2009]
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First Hitting Time is Monotonous
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15 Runs
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15 Runs ≤ 15 Runtime Data Points
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The ECDF of run lengths to 
reach the target

• Has for each data point a 
vertical step of constant size

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

Runtime Profile
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Aggregation
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15 runs
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Aggregation
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15 runs

50 targets
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15 runs

50 targets
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Aggregation

15 runs

50 targets

ECDF with 750 steps
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Aggregation
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50 targets from 15 runs 
integrated in a single 
graph
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Interpretation
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50 targets from 15 runs 
integrated in a single 
graph

area over the ECDF curve
=

average log runtime
(or geometric avg. runtime) 
over all targets (difficult and 

easy) and all runs
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Example

38

https://steigner.github.io/Benchmarking-PlatEMO-MultiObj-Opti-Algos-on-COCO-Problems/
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unfortunately, there is more to benchmarking…unfortunately, there is more to benchmarking…
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unfortunately, there is more to benchmarking…
but because it is repetitive & time-consuming, there are tools

unfortunately, there is more to benchmarking…
but because it is repetitive & time-consuming, there are tools
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Components of benchmarking

41

Algorithms
Algorithms

Including
- any variants
- parameter 

settings
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Components of benchmarking

42

Algorithms

Test problems

Test problems

Including known 
optimum or Pareto 
set/front 
approximation
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Components of benchmarking

43

Algorithms

Test problems

Experimental 
protocol

Experimental 
protocol

- budget/budget-
free

- number of 
repetitions

- random seed 
settings

- ...
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Components of benchmarking

44

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Performance 
measures

- function value
- distance to 

optimal value
- quality indicator
- ...
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Components of benchmarking

45

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Measured object

- current solution
- current 

population
- current archive
- feasible subset
- ...
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Components of benchmarking

46

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Data collection 
protocol

- every 
evaluation

- every iteration 
(generation)

- every 
improvement

- every target hit
- ...



© D. Brockhoff, O. Mersmann and T. Tušar More Than Tables @ GECCO 2026, San Jose, Costa Rica

Components of benchmarking

47

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result archive
Result archive

Long-term storage 
of results, needs to 
include metadata
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Components of benchmarking

48

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result archive
Result analysis

- statistical 
comparisons

- result 
aggregation

- runtime profiles
- ...
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Components of benchmarking

49

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
Result 
presentation

- tables
- plots
- interactive 

displays
- ...
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Dedicated benchmarking platforms

50

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
COCO
IOH* family

https://coco-platform.org/
https://iohprofiler.github.io
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Optimization frameworks with benchmarking 
support

51

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
jMetal
jMetalPy
MOEA Framework
Nevergrad
PlatEMO
pymoo

https://jmetal.readthedocs.io/
https://jmetal.github.io/jMetalPy/index.html
https://moeaframework.org/
https://facebookresearch.github.io/nevergrad/index.html
https://github.com/BIMK/PlatEMO
https://pymoo.org/
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Optimization frameworks with some 
benchmarking support

52

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
EvoX
Geatpy
pygmo2

https://evox.readthedocs.io/en/latest/index.html
https://geatpy.github.io/
https://esa.github.io/pygmo2/
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Prototyping frameworks

53

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
DEAP
DESDEO
inspyred
ParMOO

https://deap.readthedocs.io/en/master/
https://desdeo.readthedocs.io/en/latest/
https://inspyred.readthedocs.io/en/latest/index.html
https://parmoo.readthedocs.io/en/latest/index.html
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Tools supporting result analysis

54

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
moarchiving
moocore
mooplot

https://github.com/CMA-ES/moarchiving
https://multi-objective.github.io/moocore/
https://multi-objective.github.io/mooplot/r/
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Light-weight benchmarking libraries

55

Algorithms

Test problems

Experimental 
protocol

Performance 
measures

Measured 
object

Data collection 
protocol

Result analysis

Result 
presentation

Result archive
cocoviz
IOHinspector

https://github.com/numbbo/coco-visualize
https://github.com/IOHprofiler/IOHinspector/tree/main
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cocoviz

A minimalist Python package to visualize benchmark experiments

● Do one thing: runtime profile (ECDF) plots

● A toolkit, not a framework
○ No harness to run algorithms

○ No fixed data format

○ No need to define targets

○ … but lots of little helpers to support your research

● Good defaults for most situations

A minimalist Python package to visualize benchmark experiments

● Do one thing: runtime profile (ECDF) plots

● A toolkit, not a framework
○ No harness to run algorithms

○ No fixed data format

○ No need to define targets

○ … but lots of little helpers to support your research

● Good defaults for most situations
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Core Objects of cocoviz: Problem

© D. Brockhoff, O. Mersmann and T. Tušar More Than Tables @ GECCO 2026, San Jose, Costa Rica

Since we are possibly aggregating results over different 
problems, cocoviz needs to know some properties of 
your problems. 

For that, we have a ProblemDescription object 
with four fields:

- name
- instance
- number_of_variables
- number_of_objectives

57



Core Objects of cocoviz: Result
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cocoviz assumes that you collected the raw results of a 
single run of an algorithm on a problem in a DataFrame 
like structure (pandas or polars version work equally 
well).

You also need to provide a name for the algorithm so 
that cocoviz can aggregate results from the same 
algorithm and a ProblemDescription object to 
describe the problem. Finally, cocoviz needs to know 
which column of raw_results contains the time 
(measured in number of function evaluations) at which 
the indicator values were recorded.



Core Objects of cocoviz: ResultSet
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To aggregate over different results, you need to collect 
them in a ResultSet object. It acts just like a Python list 
with some extra methods.



Subsetting ResultSets
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Once you’ve collected all results in a ResultSet, you can 
slice and dice the results into suitable subsets for 
analysis using the following methods:

- by_number_of_variables: One subset for each 
number of variables

- by_number_of_objectives: One subset for each 
number of objectives

- by_algorithm: One subset for each algorithm
- by_problem_name: One subset for each unique 

problem name
- by_problem: One subset for each problem 

instance
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cocoviz hands-on session

61

https://t1p.de/mtt2026
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