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1. Representations of the fitness landscape
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2. What else could we ask from FL representations?

1. ldentify global properties of the function (e.g. symmetries in the solutions).
2. Estimate the structure of the variables interactions.

3. Generate easier to optimize function surrogates.

. Automatically generate algorithms tailored to the functio
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3. How to build ML-based FL representations?

Neural embeddings of NK landscapes

- Continuous vectorial representation of words.
- Every word in a vocabulary is assigned a vectorial representation.

v(king) = (0.1,0.9,0.4)

viman) = (0.2,0.4,0.7) o
v(woman) = (0.3,0.14,0.37) o Queen
v(queen) = (0.9,0.34,0.22) T

v(ieat) =  (0.12,0.35,0.87)




3. How to build ML-based FL representations?

Training a neural network to learn neural embeddings

- Large text corpora are used to learn
word embeddings.

- To learn a WE a neural network is trained
on an NLP task.

- Among the best known neural neural
networks used for learning is Skipgram
model.




3. How to build ML-based FL representations?

Neural embeddings of NK landscapes

- Vocabulary: Each NK model solution is a
word from the vocabulary.

- Sentence: A sequence of NK model
solutions that are related according to
some predefined semantics.

Corpus: A large set of sentences.



3. How to build ML-based FL representations?

Generating data for learning neural embeddings of NK landscapes

0 vl 0 t x! I(x") | F(x") || t x! I(x") | F(x"

® Sequence (){ X X0 0| 010011 | 19 | 025 || 0| 100100 | 36 | 0.73

of NK solutions 1| 110011 | 51 | 043 || 1] 110100 | 52 | 0.76

2 | 110001 | 49 | 054 | 2| 110100 | 52 | 0.76

@® xeN(x) 3| 110101 | 53 | 070 || 3| 110100 | 52 | 0.76

4 | 110100 | 52 | 076 | 4 | 110100 | 52 | 0.76

® F(x)>F(x")forallte 5| 110100 | 52 | 076 || 5110100 | 52 | 0.76
{1,....2} . .

Figure 2: Construction process for sentences

(19,51,49,53,52,52) and (36,52,52,52,52,52) computed for
a toy NK landscape with 6 variables.




3. How to build ML-based FL representations?

Landscape exploration
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3. How to build ML-based FL representations?
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3. How to build ML-based FL representations?

/ \ f \ K \ Algorithm J

. parametric
Data_ from Neural Machl_ne generation
the fitness Learning
Network
landscape Task
\ / k / K / Variables
Interations

Vectors of

solutions LON as )
metrics

graphs

Graph Shallow
Neural Neural

Network Nework




4. Predicting factorizations from LONs with GNNs

OneMax Function Values for n=6

OneMax function, n=6

mn
OneMaz(z) = Z T
i=1




4. Predicting factorization from LONs with GNNs

Deceptive3 Function Values for n=6

Deceptive3 function,
n=6
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4. Predicting factorization from LONs with GNNs
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4. Predicting factorization from LONs with GNNs

LON for OneMax, n=6
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4. Predicting factorization from LONs with GNNs

LON for Deceptive 3, n=6
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Index (of questions)

1. How is the fithess landscape related to the structure of the variables
interactions?

2. How the choice of the neighborhood relationship influences the fitness
landscape?

3. How can problem structure influence the choice of neighborhood relationship ?

4. How can we capture global properties of the landscape ?
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