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Core ideas of the paper

For those familiar
with the NK-model

Learn a continuous representation of
NK-model solutions.

Determine which properties of the

original representation are preserved.

Optimize the problem in the
continuous domain.

For those familiar with
word embeddings

- Take each NK-model
solution as a word.

- Interpret the path from
each solution to its local
optimum as a sentence.

- Learn embeddings for all
solutions of the NK-model



1. Fitness landscape and NK-model

- How is the ruggedness of the landscape ) 113
influenced by the characteristics of | , .5:[
problem ? > | l.' | i,

-
NK-fitness landscape model. T"Y

Model parameters such as the problem ez -y ,”4' ¥ "
dimension, the degree of non-linearity and ' | ' B
the structure of variable interactions.



1. Fitness landscape and NK model

An NK fitness landscape [Kauffman:1993] is defined by the
following components:

@ N variables. Number of neighbors per variable, K.

@ A set of K neighbors MN(X;) € X, for Xj, j € {1,...,n}.

@ A subfunction f; for each combination of values of X; and
WX e il

@ fuk(X) =27y (x5, N(X)))

S. Kauffman. Origins of Order. Oxford University Press, 1993.




1. Fitness landscape and NK-model

Limitations

High dimensionality.

Being a (binary) discrete model, the
number of states grows
exponentially with N.

Idea

Learn a continuous
representation of the NK set
of solutions.

Use neural embeddings to
learn this representation.



2. Neural embeddings

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

v(king) = (0.1,0.9,0.4) o voman
v(man) = (0.2,0.4,0.7)

v(woman) = (0.3,0.14,0.37) Man o Queen
v(queen) = (0.9,0.34,0.22)

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

King



¢. Neural embeddings

Assumption: Words that share similar surrounding words are semantically close.

Like he is saying he wants to see nobody in jalils,...

He wants to see nothing but her.

He wants to see none of our guys.
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¢. Neural embeddings

Words with a similar meaning have a similar vectorial representation.
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¢. 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 w41



3. Neural embedding 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: Alarge set of sentences.




3. Neural embedding of NK landscapes

Semantics for sentence construction

x! I(x") | F(x")
010011 19 0.25
110011 51 0.43
110001 49 0.54
110101 53 0.70
110100 52 0.76
110100 52 0.76

x! I(x") | F(x"
100100 36 0.73
110100 52 0.76
110100 52 0.76
110100 52 0.76
110100 52 0.76
110100 52 0.76

Sequence (x°, x', ..., x%
of NK solutions

¥ eN (xt—1)

| WIS = |~
NI WIS -~

F()>FxYforallre
{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. Neural embedding of NK landscapes

Parameters for learning the embeddings

- Size of the vocabulary.

- Dimensionality of the embeddings.

- Minimum length of a sentence.

- Window size.




3. Neural embedding of NK landscapes

Analysis of of the embedding space

N=14, K=1




3. Neural embedding of NK landscapes

Metrics to evaluate the embeddings

Usability of an embedding space lies in its
capacity to encode the particular
characteristics of the NK landscape.

Metrics that measure the amount of
information captured by the embeddings
are introduced..

The considered metrics are as follows:

(1) nsteps_vs_cos_last: Correlation between the number of steps
(from x? to x%) performed by adaptive walks to reach the lo-
cal optimum (i.e.; the value of f) and the (cosine) distance
between x” and x’ in the embedding space.

(2) fitness_diff_vs_cos_last: Correlation between the fitness dif-
ference among each starting and ending points of the se-
quence (i.e.; F(x')—F(x%)) and the cosine distance between
them in the embedding space.

(3) max_fitness_diff_vs_cos_last: Correlation between the fit-
ness difference (F(x*)—F(x")) of each starting point x? with
the global optimum x™* and the cosine distance between them
in the embedding space.

(4) basin_size_vs_cos_last: Correlation between the size of the
basin of the attraction of x* and the cosine distance between
them in the embedding space.
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4. EXpEI’iments Research questions

How is the landscape of the function in the embedding space?
What is the distribution of local optima in the embedding space?

Is the landscape in the embedding space smoother than in the
original binary representation?

15



4. EXpEI’iments Research questions

- Which is the influence of K in the characteristics of the embedding
space?

- Can optimization be conducted in the space of the embedding

representation by mapping the continuous representation to the
fitness values of encoded solutions?

16



4 EXpEI’imen[S Problem benchmark

- NKlandscapes with N=14, K € {1,...,12}, and random variables
interactions.

- Fitness tables follow a uniform distribution in [0, 1].

- 50 instances are independently generated for each configuration.

- Embedding spaces of dimension m € {2,3,5,10,25,50,100}.

- Total number of embedding spaces: 12 x 50 x 7 = 420.

17



4. Experiments Landscape exploration

N=14, K=1 N=14, K=1
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Experiments Landscape exploration
N=14, K=12 N=14, K=12
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4. Experiments

nsteps_vs_cos last fitness_diff vs cos last
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Metrics in the embeddings spaces

max_fitness diff vs_cos best

Figure 5: Correlation between the distance, in the embedding space, from an initial point to its local optimum and: (left)
the number of steps performed by the adaptive walk to reach the local optimum, (center) the fitness difference between the
starting point and the local optimum, (right) the fitness difference between the starting point annd the global optimum.
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4. Experiments

m=2: cos_neighbors vs cos last
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m=10: cos neighbors vs cos last
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m=100: cos neighbors vs cos last
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Figure 7: Relationship between the average distance of a point to its neighbors and the distance of a point to its local optimum
for different values of K and m € {2, 10,100}.
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4. Experiments Optimizing in the embeddings spaces
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Figure 8: Relative distance to the optimal fitness value for

the different embedding sizes as K increases.
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Figure 9: Rank, in terms of the fitness value, of the best
found solution for the different embedding sizes as K in-
creases. Rank 0 corresponds to the optimum. Ranks are nor-

malized by the search space size (2'%).
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9. Conclusions and Future Work

- A method for creating NK-model embeddings has been introduced.

- Distance between solutions is well correlated with the number of
steps to reach local optima.

- Future work: How to evaluate embedding spaces constructed using
only a subset of solutions?

- Future work: How to learn an inverse mapping from the continuous
representation to the binary domain?
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