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INTRODUCTION TO MY WORLD
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Evolutionary Computation

• Global, direct search algorithms Genetic Algorithm Evolution Strategy

Ԧ𝑎 ∈ {0,1}𝑛 Ԧ𝑎 ∈ ℝ𝑛Random

Objective function: 𝑓 Ԧ𝑎 → 𝑚𝑎𝑥

Fitness-proportional Random

𝑝𝑖 = 1/𝜇

𝑝 ∈ ]0,1[

iid bit flips w.p. iid 1-dim. / n-dim. Gaussian

𝑋𝑖~𝑁(0, 𝜎
2) 𝑿~𝑵(𝟎, 𝜮)

Objective function: 𝑓 Ԧ𝑎 → 𝑚𝑎𝑥

None Deterministic

𝜇, 𝜆 , (𝜇 + 𝜆)

Huge range of applications: Machine
learning, search, engineering, logistics, 
science, etc.
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APPLICATION EXAMPLES
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Multiobjective Ship Design: Dredger

• Decision variables : Ԧ𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑛]
• With box constraints
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Dredger ship case 

• Constraints : 𝐺𝑗 Ԧ𝑋 ≤ 0 ∀𝑗 ∈ {1, … ,𝑚}

• Space reservation: payload, fueltank, engine, dredging pump, accommodation

• Regulating authorities: stability, strength, trim, heel
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Dredger ship case 

• Objectives: 𝐹 Ԧ𝑋 = [𝑓1 Ԧ𝑋 , 𝑓2 Ԧ𝑋 , … , 𝑓𝑘( Ԧ𝑋)]

• Minimize: steel weight / building costs

• Minimize: resistance / operational expenses
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CEGO
Evaluate LHS sample Y1:p=F(X), C1:p=G(X)

Train Kriging Model with obj. values Y1:p

Train CRBF model with constr. values C1:p

Minimize S-Metric Selection criterion

Given Kriging model and CRBF model

Evaluate Yp+1=F(Xopt), Cp+1=G(Xopt) 

p > budget?
No

p=p+1

terminate
Yes

R. D E WIN T E R , B. V A N ST E IN , M. DIJK M A N , A N D T. BÄ C K (2018). Designing 

Ships using Constrained Multi-Point Efficient Global Optimization. Machine Learning, 

Optimization, and Data Science Conference, 2018. 

• EGO + Constraint handling + Multiple 

objectives

• Objectives: Gaussian process models

• Constraints: RBF models

• Combines SACOBRA + SMS-EMOA

S. BAGHERI, W. KONEN, M. EMMERICH, TH. BÄCK: Self-adjusting parameter 

control for surrogate-assisted constrained optimization under limited budgets. 

Applied Soft Computing 61, 377-393, 2017.
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CEGO 200 iterations Dredger
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Algorithm Comparison

Pareto Frontier Convergence Plot
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Marked individuals

Original design Marked CEGO result

• Resistance coef: 0.877

• Steel weight: 1748Tonnes

• Resistance coef: 1.08

• Steel weight: 2039Tonnes
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What if … You Had Very Few Trials?

32% efficieny

improvement!

All photos

courtesy of

Hans-Paul 

Schwefel.

255 experiments

J. Klockgether and H.-P. Schwefel: Two-phase nozzle and hollow core jet experiments. In Proc. 11th Symp. Engineering 

Aspects of Magnetohydrodynamcis. Ed. D. Elliott, pp. 141-148. California Institute of Technology, Pasadena, CA, 1970.
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MDO Production Runs

• 13,5 kg weight reduction by advanced ES.

• Beats best so far method significantly.

• Typically faster convergence velocity of ES.

• Development time: 5 wk → 2 wk

• Allows for process integration.

• Still potential for further improvement after 180 shots.

Generations
M

a
s
s

Initial Value

Evolution Strategy

F. Duddeck: Multidisciplinary Optimization of Car Bodies. Structural and Multidisciplinary Optimization 35(4), 375-389,  2008.
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Optimization – Simulation Loop

Input OutputSimulator

Parameters

Optimizer fi(Output)
Quality

Speed

Performance

…
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SELF-ADAPTING OPTIMIZATION 

ALGORITHMS
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What Users Want …

• Solve high-dimensional problems
• Very few function evaluations (often < 1,000)
• Many (nonlinear) output constraints
• 24h per function evaluation
• Ideally:

• part of the workflow
• integrated, „click the button“ or fully automatic

• We call this „self-adapting“.
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Simple Self-Adaptation – one s
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• One s controls mutation for all xi

• Mutation: N(0, s)

Individual before mutation

Individual after mutation

1.: Mutation of step sizes

2.: Mutation of objective variables
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Self-adaptation: Example
Objective function value

… and smallest step size 
measured in the population

average …

Largest …

According to theory
of optimal step sizes

2*

1

)()( i

n

i

i xxxf −=
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• Dynamic

• Changes every 
150 generations



Discover the world at Leiden University

STATE OF THE ART: CMA-ES
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CMA-Evolution Strategies
• Covariance matrix adaptation ES

Sampling Estimation New distrib. 

N. Hansen, The CMA-Evolution Strategy: A Tutorial. June 28, 2011. 
http://www.cmap.polytechnique.fr/~nikolaus.hansen/cmatutorial
110628.pdf

Approximate the local Hessian

http://www.cmap.polytechnique.fr/~nikolaus.hansen/cmatutorial110628.pdf
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OPTIMIZATION FOR ALGORITHM 

CONFIGURATION
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Algorithm Configuration Problem

• Many potential names …
• Meta-Optimization

• Meta-Heuristic

• Hyperparameter optimization

• Tuning (→ parameters)

• Calibrating (→ options)

• Programming by Optimization
• Levels 0, 1, 2(?)

Input OutputAlgorithm

Parameters/Options

Meta-Algorithm fi(Output)
Quality
Speed
Performance
…

𝜃∗ = 𝐚𝐫𝐠𝐦𝐚𝐱
𝜃∈Θ

𝑚(𝑪(𝐴 𝜃 , Π))

Algorithm

Set of problem instances

Sample of quality values over problem instances

Statistic, e.g., mean
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Tuning & Calibrating EAs
• Parameters:

• Continuous
• Mutation rate, crossover rate, …

• Discrete
• Population sizes, number of XO points, …

• Categorical
• Operator types, flags, …

Initial random population
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Result …

Final population (gen 50)

• Seven orders of magnitude improvement:
• (7,17)-GA
• Tournament selection, q=20
• Uniform crossover, pc=0.421
• pm=0.00383

T. Bäck. Parallel optimization of evolutionary algorithms. In Y. Davidor, H.-P. Schwefel, and R. Männer, editors, 
Parallel Problem Solving from Nature - PPSN III, International Conference on Evolutionary Computation, volume 
866 of Lecture Notes in Computer Science, 418-427. Springer, Berlin, 1994.
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Example: IVUS Image Classification

Vessel Border

Sidebranch

Lumen

Shadow

Plague R. LI, M.T.M. EMMERICH, J. EGGERMONT, TH. BÄCK, M. SCHÜTZ, J. DIJKSTRA, J.H.C. 
REIBER: Mixed Integer Evolution Strategies for Parameter Optimization. 
Evolutionary Computation 21(1), 29-64, 2013.

R. LI, M.T.M. EM M E R IC H , J. EG G E R M O N T , E.G.P. BO V E N K A M P , TH . BÄ C K , 
J. DIJK ST R A , J.H.C. RE IB E R . Mixed-Integer Optimization of Coronary Vessel 
Image Analysis using Evolution Strategies. In GECCO 2006: Proceedings of the 
7th annual conference on Genetic and Evolutionary Computation, Seattle, WA, 
Jul. 8-12, 2006, 1645-1652, ACM Press, NY, 2006.
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Results of Algorithm Configuration

• Feature detector parameters:
• 16 parameters
• Integer, boolean, categorical

• Performance improvement:
• Around 40%

Performance of the best found MI-ES parameter solutions

62%
54%
40%
41%
17%

Avg: 43%
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28

Mixed-Integer Evolution Strategies

Natural Computing Group, Liacs, Leiden University

Learning rates
(local)

Learning rates
(global)

Geometrical 
distribution

Mutation 
probabilities

Continuous parameters:

Discrete parameters:

Categorical parameters:



Discover the world at Leiden University

ALGORITHM CONFIGURATION FOR ES
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Contemporary Evolution Strategies
• „Contemporary“ = starting with CMA-ES (1996)

• Taxonomy:

T. Bäck, C. Foussette, P. Krause: Contemporary Evolution Strategies. Natural Computing Series, Springer, Berlin, 2013.

Complete derandomization

Rank-one-update evolution path

Rank-m-update mutation steps

Weighted recombination

Local restarts

Stagnation criteria

Local restarts plus:

Increasing pop size

External parameter settings

DoE/DACE techniques

Kriging metamodels

„Active“ participation of l-m 

worst individuals

Saves Eigendecomposition

(1+1)-like

1/5 rule for global step size

Combines the two

Negative updates if worse than

k-th predecessor

Mirroring mutation steps

Stop when better offspring found

Mirroring

Resample length variation

Pairwise selection

Learning of quadratic Taylor approx.

Using least-squares

Switches between LS and CMA

Natural gradient for cov. matrix learning

Plus exact calculation of FIM O(n6)

Exponental matrix update O(n3)

Include self-adaptation of global s

Less exogenous parameters
Only diagonal matrix, O(n)

Mirrored orthogonal sampling
H. WANG, M. EMMERICH, TH. BÄCK: Mirrored Orthogonal 

Sampling with Pairwise Selection in Evolution Strategies. 

In Proceedings of the 29th Annual ACM Symposium on 

Applied Computing, SAC ´14, Gyeongju, Korea, 

March 24-28, 2014, 154-156. ACM, New York, NY, 2014.

With local quadratic metamodels

New local quadratic metamodels

Exploiting partial separability

with quadratic metamodels
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Idea: ES-Superstructure

S. VAN RIJN, H. WANG, M. VAN LEEUWEN, TH. BÄCK: Evolving the Structure of Evolution Strategies. In: IEEE Symposium
Series on Computational Intelligence, Athens, Greece, Dec. 6-9, 2016. IEEE Press, Piscataway, NJ, 2016.

1. Active Update: Use worst individuals too for adapting mutation pdf
2. Elitism: (m+l)-selection (no worsening)
3. Mirrored Sampling: Sample mirror images as well
4. Orthogonal Sampling: Orthogonal mutation vectors
5. Pairwise Selection: Prevent mirrored vectors in recombination to avoid cancellation
6. 1/m Recombination Weights: 1/m recombination weights instead of default
7. Sequential Selection: Immediately compare offspring to parents
8. Threshold Convergence: Force threshold length of mutation vectors to increase exploration
9. Two-Point step-size Adaptation: Two offspring are used to determine whether global s increase/decrease
10. Increasing Population (IPOP/BIPOP): Increasing population size in restarts and alternating
11. Quasi-Gaussian Sampling (Sobol/Halton): Quasi-random sequences for random numbers

4,608 possible structures

Meta-algorithm: 
• (1,12)-GA
• self-adaptive mutation
• 240 evaluations (5.2% of search space)

0,1 9 × 0,1,2 2
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Idea: ES-Superstructure

S. VAN RIJN, H. WANG, M. VAN LEEUWEN, TH. BÄCK: Evolving the Structure of Evolution Strategies. In: IEEE Symposium
Series on Computational Intelligence, Athens, Greece, Dec. 6-9, 2016. IEEE Press, Piscataway, NJ, 2016.

1. Active Update
2. Elitism
3. Mirrored Sampling
4. Orthogonal Sampling
5. Pairwise Selection
6. 1/m Recombination Weights
7. Sequential Selection
8. Threshold Convergence
9. Two-Point step-size Adaptation
10. Increasing Population (IPOP/BIPOP)
11. Quasi-Gaussian Sampling (Sobol/Halton)

4,608 possible structures

Meta-algorithm: 
• (1,12)-GA
• self-adaptive mutation
• 240 evaluations (5.2% of search space)

0,1 9 × 0,1,2 2

4.608 Algorithms?
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Idea: ES-Superstructure

S. VAN RIJN , H. WANG , M. VAN LEEUW EN , TH . BÄCK : Evolving the Structure of Evolution Strategies. In: IEEE
Symposium Series on Computational Intelligence, Athens, Greece, Dec. 6-9, 2016. IEEE Press, Piscataway, NJ, 2016.

1. Active Update
2. Elitism
3. Mirrored Sampling
4. Orthogonal Sampling
5. Pairwise Selection
6. 1/m Recombination Weights
7. Sequential Selection
8. Threshold Convergence
9. Two-Point step-size Adaptation
10. Increasing Population (IPOP/BIPOP)
11. Quasi-Gaussian Sampling (Sobol/Halton)

4,608 possible structures

Meta-algorithm: 
• (1,12)-GA
• self-adaptive mutation
• 240 evaluations (5.2% of search space)

0,1 9 × 0,1,2 2

Combinatorial Algorithmics
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Some Standard Algorithms

Strategy Coding

CMA-ES [0 0 0 0 0 0 0 0 0 0 0]

Active-CMA-ES [1 0 0 0 0 0 0 0 0 0 0]

Elitist-CMA-ES [0 1 0 0 0 0 0 0 0 0 0]

Mirrored-pairwise CMA-ES [0 0 1 0 0 0 0 1 0 0 0]

IPOP-CMA-ES [0 0 0 0 0 0 0 0 0 0 1]

Active-IPOP-CMA-ES [1 0 0 0 0 0 0 0 0 0 1]

Elitist Active-IPOP-CMA-ES [1 1 0 0 0 0 0 0 0 0 1]

BIPOP-CMA-ES [0 0 0 0 0 0 0 0 0 0 2]

Active-BIPOP-CMA-ES [1 0 0 0 0 0 0 0 0 0 2]

Elitist Active-BIPOP-CMA-ES [1 1 0 0 0 0 0 0 0 0 2]
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Efficieny Measures

• Expected Running Time (ERT)

• Horizontal viewpoint
• Recommended in BBOB
• Advantage due to quantitative comparison
• For runs with very small number

of function evaluations, choice of
fixed error Δf* is problematic

• Fixed Cost Error (FCE)

• Vertical point of view
• Allows only for qualitative comparison
• Directly applicable for runs with very small number of function evaluations

Number of function evaluations
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Performance Measures
• Fixed-target and fixed-budget view
• Empirical Cumulative Distribution Functions (ECDFs)

37

runtime

O
b

je
ct

iv
e 

va
lu

e

Target: 1e-1

A different distribution over here!

1e-2

1e-1

4e-1

1
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Sample Results (F1, 20-D)
Results for F1 (Sphere) in 20dim:

________________________________________________________________________________

Default CMA-ES structures

CMA-ES ERT: 3430.875  (std: 1.67e+02)  Rank: 1656

Elitist CMA-ES ERT: 3121.125  (std: 1.85e+02)  Rank: 1389

Mirrored-pairwise CMA-ES ERT: 3317.625  (std: 1.29e+02)  Rank: 1580

Elitist Active-IPOP-CMA-ES ERT:  3050.25  (std: 2.34e+02)  Rank: 1238 [1 1 0 0 0 0 0 0 0 0 1]
Elitist Active-BIPOP-CMA-ES ERT:   3132.0  (std: 2.15e+02)  Rank: 1399

Top-10 from Brute Force enumeration

[0 0 1 1 0 1 1 0 0 2 0] ERT: 1285.375  (std: 1.07e+02) Rank:    1

[0 0 1 1 0 1 1 0 0 2 2] ERT: 1293.625  (std: 1.01e+02) Rank:    2

[0 0 1 1 0 1 1 0 0 2 1] ERT: 1328.125  (std:  1.1e+02) Rank:    3

[0 0 1 1 0 1 1 1 0 2 2] ERT: 1455.625  (std: 1.03e+02) Rank:    4

[1 0 1 1 0 0 1 0 0 1 0] ERT:   1483.0  (std:     77.2) Rank:   10

Best as found 10 separate GA runs

[0 0 1 1 0 1 1 0 0 2 1] ERT: 1328.125  (std:  1.1e+02)

[0 0 1 1 0 1 1 0 0 2 1] ERT: 1328.125  (std:  1.1e+02)

[1 0 1 1 0 0 1 0 0 0 0] ERT:  1467.25  (std:     95.7)

[0 0 1 1 0 1 1 0 0 2 2] ERT: 1293.625  (std: 1.01e+02)

[1 0 1 1 0 0 1 0 0 1 1] ERT:   1480.0  (std:     95.6)

[0 0 1 1 0 1 1 0 0 2 0] ERT: 1285.375  (std: 1.07e+02)

[0 0 1 1 0 1 1 0 0 2 2] ERT: 1293.625  (std: 1.01e+02)

[1 0 1 1 0 0 1 0 0 1 1] ERT:   1480.0  (std:     95.6)

[1 0 1 1 0 0 1 0 0 0 0] ERT:  1467.25  (std:     95.7)

[1 0 1 1 0 0 1 0 0 1 1] ERT:   1480.0  (std:     95.6)

Mirrored + orthogonal sampling + 1/m recombination weights + sequential selection + BIPOP 



Discover the world at Leiden University

Sample Results (F15, 20-D)
Results for F15 (Multi-modal Rastrigin) in 20dim:

________________________________________________________________________________

Default CMA-ES structures (NOTE: Active (B)IPOP is *without* elitism here)

CMA-ES FCE:     30.3  (std:     9.84) Rank:  500

Elitist CMA-ES FCE:     63.0  (std:     34.5) Rank: 1886

Mirrored-pairwise CMA-ES FCE:     30.7  (std:     10.3) Rank:  508

Active-IPOP-CMA-ES FCE:     27.2  (std:     12.7) Rank:  390

Active-BIPOP-CMA-ES FCE:     22.9  (std:     9.45) Rank:  258 [1 0 0 0 0 0 0 0 0 0 2]

Top-10 from Brute Force enumeration

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19) Rank:    1

[0 0 1 1 0 0 0 0 0 0 1] FCE:     8.46  (std:     2.91) Rank:    2

[0 0 1 0 0 0 0 0 0 1 1] FCE:     8.55  (std:     3.52) Rank:    3

[0 0 0 0 1 0 0 0 0 1 1] FCE:     9.11  (std:     3.18) Rank:    4

[0 0 1 1 1 0 0 0 0 0 1] FCE:     10.4  (std:     4.39) Rank:   10

Best as found 10 separate GA runs

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 0 1] FCE:     8.46  (std:     2.91)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

[0 0 1 1 0 0 0 0 0 1 1] FCE:     8.02  (std:     3.19)

Mirrored + orthogonal sampling + IPOP + Sobol sampling
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Sample Results (F20, 20-D)
Results for F20 (Schwefel) in 20dim:

________________________________________________________________________________

Default CMA-ES structures

CMA-ES FCE:     1.89  (std:    0.226) Rank: 2382

Elitist CMA-ES FCE:     1.79  (std:     0.25) Rank: 1411

Mirrored-pairwise CMA-ES FCE:     1.77  (std:     0.23) Rank: 1109 [0 0 1 0 0 0 0 1 0 0 0]
Elitist Active-IPOP-CMA-ES FCE:     1.79  (std:    0.211) Rank: 1364

Elitist Active-BIPOP-CMA-ES FCE:     1.77  (std:    0.189) Rank: 1128

Top-10 from Brute Force enumeration

[1 1 0 1 1 0 0 1 0 2 2] FCE:     1.52  (std:    0.241) Rank:    1

[1 0 0 1 1 0 0 1 0 2 1] FCE:     1.52  (std:    0.195) Rank:    2

[0 0 1 0 1 0 0 1 0 2 0] FCE:     1.54  (std:     0.29) Rank:    3

[0 0 0 0 1 0 0 1 0 2 1] FCE:     1.54  (std:    0.217) Rank:    4

[0 1 1 1 0 0 0 1 0 1 2] FCE:     1.56  (std:    0.221) Rank:   10

Best as found 10 separate GA runs

[1 1 0 1 1 0 0 1 0 2 2] FCE:     1.52  (std:    0.241)

[1 0 0 1 1 0 0 1 0 2 1] FCE:     1.52  (std:    0.195)

[1 1 0 1 1 0 0 1 0 2 2] FCE:     1.52  (std:    0.241)

[0 1 0 1 0 0 1 1 0 0 2] FCE:     1.55  (std:    0.306)

[0 0 1 0 0 0 0 1 0 0 2] FCE:     1.55  (std:    0.168)

[1 1 0 1 1 0 0 1 0 2 2] FCE:     1.52  (std:    0.241)

[0 0 1 0 0 0 1 1 0 2 0] FCE:     1.57  (std:    0.246)

[0 1 0 0 1 0 0 1 1 1 2] FCE:      1.6  (std:    0.157)

[1 1 0 1 1 0 0 1 0 2 2] FCE:     1.52  (std:    0.241)

[0 1 1 1 0 0 0 1 0 1 2] FCE:     1.56  (std:    0.221)

Active update + elitism + mirrored + orthogonal sampling + threshold convergence + BIPOP + Halton sampling
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Mining the Results
Impact scores (all test functions) Impact by function and dimension Module interaction impact

S. van Rijn, H. Wang, B. van Stein, T. Bäck: Algorithm Configuration Data Mining for CMA Evolution Strategies. Proceedings of the Genetic and Evolutionary Computation

Conference 2017, Berlin, Germany, July 15-19, 2017 (GECCO ´17).
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ONLINE SELECTION OF VARIANTS

D. Vermetten, S. van Rijn, T. Bäck, C. Doerr: Online Selection of CMA-ES Variants. Proceedings of the Genetic and Evolutionary Computation Conference 2019, Prague, Czech 

Republic, July 13-17, 2019 (GECCO ´19).
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Results (F10)

43

Default setting of CMA-ES

Commonly used variant (Elitist CMA-ES)

Elitist, Sequential, Threshold, TPA CMA-ES with Halton sampler 

Elitist threshold TPA, Sobol sampler → Elitist mirrored orthogonal sequential, Halton sampler
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Idea Behind Configuration Switching

44
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Idea Behind Configuration Switching
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Idea Behind Configuration Switching

46



Discover the world at Leiden University

Idea Behind Configuration Switching

47
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Zooming in on F10

48

Beat static in 
60% of cases 
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Zooming in on F10

49

• Visually obvious difference 
between C1 and C2 

• Define Maximum module 
difference:

100

𝑛
max𝑀𝑜𝑑𝑢𝑙𝑒 𝑚



1

𝑛

𝑚 𝐶1(𝑖) −

1

𝑛

𝑚 𝐶2(𝑖)

• Here: 88%

• Selection based on behavior of 
configuration



Discover the world at Leiden University

General Trend

50
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CONCLUDING
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Concluding Remarks

• Evolutionary Algorithms are powerful general-purpose optimizers

• Can be used for algorithm configuration as well

• Combinatorial algrithmics as an idea for generating new algorithms

• Next steps:
• Online learning
• Automatically generating the optimal optimization algorithm
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Current Projects
• Process Mining by Multi-Objective Online Control 

• NWO TA

• Data Mining on High-Volume Simulation Output
• NWO TA

• A Systems Approach towards Data Mining and

Prediction in Airline Operations
• NWO Indo-Dutch Joint Research Progr. for ICT

• Cross-Industry Predictive Maintenance 

Optimization Platform
• STW Smart Industry

• Experience-Based Computation: 

Learning to Optimise
• EU Marie Curie Industrial Training Network
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Thomas Bäck (Natural Computing Group)

Optimization:

- Evolutionary Computation

- Optimization of Optimizers

- Optimizer Configuration

- Efficient Global Optimization

- Bayesian Global Optimization

- Quantum Computing for 

Optimization

- (Multi-Objective Optimization)

Data Science:

- Supervised Learning

- Gaussian Processes

- (Fuzzy) Cluster Kriging

- Imputation Methods

- Automatic data-driven modeling

with RF, SVM, decision trees …

Machine Learning:

- Algorithm Selection and 

Configuration

- Automatically optimizing deep

networks

- Learning rules from data

- Anomaly detection

My interest:

Making Optimization Algorithms Learn

Automatic Optimizer Optimization

Demonstrating the Value in Applications

Integrating Optimization and Machine Learning in many ways



Discover the world at Leiden University

Thomas Bäck (Natural Computing Group)

Optimization:

- Evolutionary Computation

- Optimization of Optimizers

- Optimizer Configuration

- Efficient Global Optimization

- Bayesian Global Optimization

- Quantum Computers for 

Optimization

- (Multi-Objective Optimization)

Data Science:

- Supervised Learning

- Gaussian Processes

- (Fuzzy) Cluster Kriging

- Imputation Methods

- Automatic data-driven modeling

with RF, SVM, decision trees …

Machine Learning:

- Algorithm Selection and 

Configuration

- Automatically optimizing deep

networks

- Learning rules from data

- Anomaly detection

My interest:

Making Optimization Algorithms Learn

Automatic Optimizer Optimization

Demonstrating the Value in Applications

Integrating Optimization and Machine Learning in many ways

From Data and Models to 

Optimal Decisions
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PPSN 2020

• Sep. 5-9, 2020, in Leiden, NL!
• Easy to access
• Organizers: 

• M. Preuss, T. Bäck, M. Emmerich, H. Trautmann
• C. Doerr, O. Shir, H. Wang, A. Plaat 

• Honorary Chairs:
• H.-P. Schwefel
• G. Rozenberg
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The Natural Computing Group


