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Building Ensembles of Surrogate-models by Combining Model Predictions A Brief Introduction

A Brief Introduction

Abbildung: Sequential Optimization

• Surrogate-modeling is
state-of-the-art

• Large variety of surrogate-models

• The right choice will make or
break the parade
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Building Ensembles of Surrogate-models by Combining Model Predictions A Brief Introduction

Research Questions

• Can linear combinations of predictors already improve as compared to model
selection?

• Given the answer is positive, how can a system be build that finds the
optimal linear combination on training data

• What are explanations of the observed behavior?
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Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

General Experiments Setup

• DACE Kriging Models using different kernel functions
• Gaussian, exponential, spline

• Gaussian Landscape Generated objective functions
Tabelle: Gaussian landscape generator options used

Parameter Value
Dimension 2 - 10
Number of peaks 10 - 40
Lower bounds {0; 0}
Upper bounds {5; 5}
Maximum function value 100
Ratio between global and local optima 0.8
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Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

Combining Two Surrogate-models

• two DACE Kriging models
(a) exponential kernel
(b) Gaussian kernel

• GLG objective function
• 2-dimensional
• 10 Gaussian components

• Latin Hypercube Design
• size 40

• 50 Repetitions

• Linear combinations
• αn ∈ {0.0, 0.1, 0.2, ..., 0.9, 1.0}
• ŷn = αn ∗ ŷa + (1− αn) ∗ ŷb

• Evaluation
• Leave-one-out cross-validation
• RMSE:

√
1
n

∑40
n=1 (yn − ŷn)2

Martina Friese and Martin Zaefferer 03.03.2016 5 / 20



Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

First Results

• Base Models performed best in 6 out of 50 cases (a=4, b=2)
• RMSE values repetition-wise scaled for comparability

Abbildung: Performance results

• Best Model Choice: Ranking: Mean & Median & 3rd Quartile
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Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

2D Results
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Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

1D Results
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Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

Combining three models

• two DACE Kriging models
• exponential kernel
• Gaussian kernel
• spline kernel

• Linear combinations
• αn, βn, γn ∈ {0.0, 0.1, 0.2, ..., 0.9, 1.0},
αn + βn + γn = 1

• GLG objective function
• 4-dimensional
• 40 Gaussian components
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Building Ensembles of Surrogate-models by Combining Model Predictions Experiments and Results

Heading for more
• Search space grows exponentially fast

• Linear combinations
• α1

n, α
2
n, . . . , α

m
n ∈ {0.0, 0.01, 0.02, ..., 0.99, 1.0},

where α1
n + α2

n + . . . , αm
n = 1

• (1+1)-ES
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Building Ensembles of Surrogate-models by Combining Model Predictions Outlook

Outlook

• Continue this study for higher complexity cases
• Number & Types of models
• Dimensions of the objective functions

• Special interest on specific types of functions

• Implementation for sequential optimization processes

Martina Friese and Martin Zaefferer 03.03.2016 11 / 20



Combinatorial Surrogate-models Motivation

Motivation: Combinatorial Surrogate-models

• Well established in expensive, continuous optimization, e.g.,

x

f(x)

build surrogate model

x

f(x)

optimize surrogate model

x

f(x)

evaluate

What about expensive, combinatorial optimization problems?

• Example applications:
• Engineering: weld path optimization [Voutchkov et al., 2005],
twin-screw configuration [Teixeira et al., 2012]

• Bioinformatics: protein sequence optimization [Romero et al., 2013]
• Computer science: algorithm tuning/configuration [Hutter, 2009]
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Combinatorial Surrogate-models Types of Models

Types of Models
• Application specific models (expert knowledge, physics),
e.g., [Voutchkov et al., 2005]

• Neural Networks

• Bayesian Networks

• Markov Random Fields [Allmendinger et al., 2015]

• Random Forest (Integer, Mixed Integer Problems) [Hutter, 2009]

• ...
• ”Classical” kernel-based models:

• Radial Basis Function Networks (RBFN)
[Li et al., 2008; Moraglio and Kattan, 2011]

• Support Vector Machines (SVM)
• Kriging (Gaussian Processes)
[Hutter, 2009; Zaefferer et al., 2014b]

• e.g., with Gaussian kernel and arbitrary distance:

k(x , x ′) = exp(−θd(x , x ′))
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Combinatorial Surrogate-models Types of Models

Focus

• Kernel based methods, especially Kriging

• Powerful predictor

• Elegant parameter fitting (maximum likelihood estimation)

• Uncertainty estimate, Expected Improvement1

→ Efficient Global Optimization EGO [Jones et al., 1998]

1Other methods do also provide an uncertainty estimate, e.g., RBFN [Sóbester et al., 2005]
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Combinatorial Surrogate-models First Results

Does it work at all?

• Positive results
[Zaefferer et al., 2014b,a]

• Genetic Algorithm
(+Kriging)

• Inexpensive test-functions
(permutation problems)

• Rather low-dimensional:
d ∈ [10, ..., 50]

• Negative results
[Pérez Cáceres et al., 2015]

• Ant Colony Optimization
(+Kriging)

• Inexpensive test-functions
(permutation problems)

• Rather high-dimensional:
d ∈ [50, ..., 100]

d : number of elements in permutations
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Combinatorial Surrogate-models Choosing a Distance

Choosing a distance
* Choice of distance measure crucial for success
* Use prior knowledge (if available?)
* Cross-validation

• Fitness Distance Correlation (FDC)
(potentially misleading)

FDC
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Combinatorial Surrogate-models Outlook

Research Questions

• Which kernel/distance works best and why?

• How to choose a suitable kernel/distance?

• Or else, combine? (ensembles)

• Definiteness?

• Genotypic vs phenotypic distances? [Hildebrandt and Branke, 2014]

• Dimensionality issues? Dimensionality reduction?

• Comparison to other model types?

• Visualization?
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