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CONTINUOUS BLACK-BOX OPTIMIZATION

f

?x f(x)

I objective function evaluated empirically or through simulations
I optimization (minimization) is finding such x? ∈ Rn that

f (x?) = min
∀x∈Rn

f (x)

I expensive scenario – limited number of evaluations
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EVOLUTIONARY ALGORITHMS AND SURROGATE

MODELING
Evolutionary Algorithms

I escape from local optima
I require many function

evaluations

sicara.ai
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EVOLUTIONARY ALGORITHMS AND SURROGATE

MODELING
Evolutionary Algorithms

I escape from local optima
I require many function

evaluations

sicara.ai

Surrogate Modeling
I approximating regression

model
I not expensive
I less accurate
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CMA-ES
Input: m ∈ Rn, σ ∈ R+, λ ∈ N
Initialize: C = I (and several other parameters)
Set the weights w1, . . . wλ appropriately

while not terminate

1. xi = m + σyi, yi ∼ N(0,C), for i = 1, . . . , λ sampling

2. m←∑µ
i=1 wi xi:λ = m + σyw where yw =

∑µ
i=1 wi yi:λ update

mean

3. update C

4. update step-size σ
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GAUSSIAN PROCESSES

A collection of random variables, any finite subset of which have a
joint Gaussian distribution.

I specified by a mean function and a covariance function
I prediction in a point given as a univariate Gaussian
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CMA-ES
Input: m ∈ Rn, σ ∈ R+, λ ∈ N
Initialize: C = I (and several other parameters)
Set the weights w1, . . . wλ appropriately

while not terminate

1. xi = m + σyi, yi ∼ N(0,C), for i = 1, . . . , λ {sampling}

2. evaluate xi with the original fitness

3. m←∑µ
i=1 wi xi:λ = m + σyw, yw =

∑µ
i=1 wi yi:λ {update mean}

4. update step-size σ

5. update C
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EVOLUTION CONTROL IN THE CMA-ES
Input: m ∈ Rn, σ ∈ R+, λ ∈ N
Initialize: C = I (and several other parameters)
Set the weights w1, . . . wλ appropriately

while not terminate

1. xi = m + σyi, yi ∼ N(0,C), for i = 1, . . . , λ {sampling}

2. yi ← evolutionControl(xi)

3. m←∑µ
i=1 wi xi:λ = m + σyw, yw =

∑µ
i=1 wi yi:λ {update mean}

4. update step-size σ

5. update C
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SURROGATE CMA-ES
Input: m ∈ Rn, σ ∈ R+, λ ∈ N
Initialize: C = I (and several other parameters)
Set the weights w1, . . . wλ appropriately

while not terminate

1. xi = m + σyi, yi ∼ N(0,C), for i = 1, . . . , λ {sampling}

2. evaluate xi with the original fitness f & build a model fM

3. m←∑µ
i=1 wi xi:λ = m + σyw, yw =

∑µ
i=1 wi yi:λ {update mean}

4. update step-size σ

5. update C
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DOUBLY TRAINED SURROGATE CMA-ES
Input: m ∈ Rn, σ ∈ R+, λ ∈ N
Initialize: C = I (and several other parameters)
Set the weights w1, . . . wλ appropriately

while not terminate

1. xi = m + σyi, yi ∼ N(0,C), for i = 1, . . . , λ {sampling}

2. build a model fM

3. m←∑µ
i=1 wi xi:λ = m + σyw, yw =

∑µ
i=1 wi yi:λ {update mean}

4. update step-size σ

5. update C

9/28
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SURROGATE MODEL SELECTION PROBLEM

m σ,C
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RESEARCH TASK

Question
What relationships are between the suitability of GPs with different
covariances and the properties of training data sampled from the
optimized function?

AA = {(xi, f (xi))}Ni=1

T ⊂ A

m σ,C

P = {xk}αk=1

?←→
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RESEARCH TASK

Metalearning of
Optimization Algorithms

Metalearning of
Classification
↓

Metalearning of
Regression Models

AA = {(xi, f (xi))}Ni=1

T ⊂ A

m σ,C

P = {xk}αk=1

?←→
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SURROGATE MODEL SELECTION SYSTEM

A T P

D
Train model on T

M ∈M

Data space
Surrogate model space

ε(M) ∈ E

Performance space

Assess
performance
on P

Φ(A, T ,P)

Feature space

Feature extraction

Selection mapping
minimizing ε
S : Φ 7→ M

S
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EXPERIMENTAL SETTINGS
DATASET

I Snapshots from independent
runs of the DTS-CMA-ES

I 24 noiseless benchmark
functions

I 5 dimensions
I 5 instances
I 8 covariance functions
I 25 generations

I 120 000 data

A = {(xi, f (xi))}N
i=1

T ⊂ A

P= {xk}αk=1

?M?

A T P

D

13/28



EXPERIMENTAL SETTINGS
DATASET - SAMPLE SETS

S =
{

(xi, yi) ∈ RD × R
∣∣ i = 1, . . . ,N

}

Archive A

Training set T

Training + Population set T P

AA = {(xi, f (xi))}Ni=1

T ⊂ A

m σ,C

P = {xk}αk=1
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EXPERIMENTAL SETTINGS
MODEL SPACE ∼ COVARIANCE FUNCTIONS

squared-exponential (SE)

rational quadratic (RQ)

quadratic (Q)

SE with variable length-scale
(Gibbs)
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EXPERIMENTAL SETTINGS
MODEL SPACE ∼ COVARIANCE FUNCTIONS

Matérn class (Mat)

linear (LIN)

neural network (NN)

squared exponential + quadratic
(SE+Q)
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EXPERIMENTAL SETTINGS
FEATURE SPACE ∼ EXPLORATORY LANDSCAPE FEATURES

ϕ :
⋃

N∈N
RN,D × RN,1 7→ R

I Distribution
I Levelset
I Meta-Model
I Nearest better clustering

(NBC)

I Dispersion
I Information content
I Dimension
I Number of observations

New CMA-ES features
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EXPERIMENTAL SETTINGS
CMA-ES FEATURES

I Generation number ϕg = g
I Step-size ϕσ = σ

I Number of restarts ϕrestart = nr

I CMA mean distance ϕd(m) =
√

(m− µX)>CX−1(m− µX)

I C evolution path length square ϕpc = ‖pc‖2

I σ evolution path ratio ϕpσ = ‖pσ‖
E‖N(0,I)‖

I CMA similarity likelihood
ϕL = −N

2

(
D log 2πσ2 + log det C

)
− 1

2
∑

x∈X
( x−m

σ

)>C−1
(x−m

σ

)
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EXPERIMENTAL SETTINGS
PERFORMANCE SPACE ∼ RANKING DIFFERENCE ERROR

RDEµ(ŷ, y) =

∑
i:ρ(i)≤µ |ρ̂(i)− ρ(i)|

maxπ ∈ Permutations of (1,...,λ)
∑

i:π(i)≤µ | i− π(i)|

λ – population size
y, ŷ ∈ Rλ, µ = dλ2 e
ρ(i) – ranks of the i-th element in vector y
ρ̂(i) – ranks of the i-th element in vector ŷ
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STATISTICAL TESTING

I RDEµ data diversity
I Friedman test and Tukey’s post-hoc test
I Significant differences among all pairs of covariances (except

one)
I Univariate features descriptivity

I Kolmogorov-Smirnov test
I Significant differences between features on sample sets with

particular best covariance and all data
I Multivariate features descriptivity

I Classification tree
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KOLMOGOROV-SMIRNOV TEST
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SELECTION MAPPING ∼ DECISION TREE

Landscape Analysis of GP Surrogates for the CMA-ES GECCO ’19, July 13–17, 2019, Prague, Czech Republic

SE Gibbs Gibbs RQ

Gibbs φQs (A) ∈ ΦMM

φR (med) (T ) ∈ ΦDis φϵ (TP ) ∈ ΦInf

φL (A) ∈ ΦCMA

φLs (A) ∈ ΦMMφR (med) (TP ) ∈ ΦDis

RQMat LIND

φQs (T ) ∈ ΦMMφR(mean) (A) ∈ ΦDis

φQs (T ) ∈ ΦMMφQs (A) ∈ ΦMM RQφQi (T ) ∈ ΦMM

RQMat RQφQDA (A) ∈ ΦLvl MatRQ

< 0.03

≥ 1 < 1

< 0.25

< −1.1e8

≥ 0.11

≥ 0.03

≥ 0.22

≥ 1≥ 1

≥ 0.25

< 15

≥ 0.08

≥ 0.97

< 0.22

< 1

≥ 0.21

≥ 1

≥ 15

< 0.08

< 0.97

< 0.21

< 1

< 1

< 0.11

≥ −1.1e8

Figure 3: Classification tree analysing the influence of landscape features on the most suitable covariance function. Fea-
tures: D - dimension, φL - cma_lik (Eq. 14), φR (mean) - ratio_mean_25, φR (med) - ratio_median_02, φLs - lin_simple_adj_r2, φQs -
quad_simple_adj_r2, φQi - quad_w_interact_adj_r2, φQDA - mmce_qda_50, φϵ - eps_max.
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FEATURE VS. ERROR
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DECISION TREE VALIDATION

I COCO framework
I 24 noiseless benchmarks
I 5 dimensions
I 15 instances

I Algorithms
I T-DTS – DTS-CMA-ES

adaptively changing
kernel according to
features using decision
tree

I 5 DTS-CMA-ES versions
using fixed kernels

4.17 Schaffers F7 Function

f17(x) =

(
1

D − 1

D−1∑

i=1

√
si +

√
si sin2

(
50 s

1/5
i

))2

+ 10 fpen(x) + fopt (17)

• z = Λ10QT 0.5
asy(R(x− xopt))

• si =
√
z2i + z2i+1 for i = 1, . . . , D

Properties A highly multimodal function where frequency and amplitude of the modulation
vary.

• asymmetric, rotated

• conditioning is low

Information gained from this function:

• In comparison to f15: What is the effect of multimodality on a less regular function?

69
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EXPERIMENTAL RESULTS
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SUMMARY OF RESULTS

I Statistical testing
I Significant differences in covariance performance ordering
I Significant differences in feature distribution
I CMA-ES based features are useful

I Decision tree with DTS
I Surrogate model selection methodology can be utilized for GP

kernel selection
I Selection of GP kernel using classification tree in DTS-CMA-ES

provided a performance equivalent to versions with successful
fixed kernels

I Future research:
I Feature reliability

I Number of observations, dimension→ density
I Data distribution

I Covariance selection methods
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