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Motivation 
1. Machine learning models are increasingly applied to real word problems.
2. Generative and foundational models are changing the way we solve problems.
3. Free models implementations are available (Wolf et al.: 2020).
4. It makes sense to explore whether these models can change the way in which 

(informed) algorithm design is approached. 

2Wolf, T., Debut, L., Sanh, V., Chaumond, J., Delangue, C., Moi, A., ... & Rush, A. M. (2020, October). Transformers: State-of-the-art natural language 
processing. In Proceedings of the 2020 conference on empirical methods in natural language processing: system demonstrations (pp. 38-45).



How to build ML-based FL representations? 
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Santana, R., Liefooghe, A., & Derbel, B. (2022, July). Boomerang-shaped neural embeddings for NK landscapes. In Proceedings of the Genetic and 
Evolutionary Computation Conference (pp. 858-866).
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- Learn an embedding-based representation of an NK landscape-instance.

- Each binary solution of the NK problem is mapped to a continuous vector.

- Propose methods for creating the training data, defining the ML task, and 

learning the model.

- Investigate the semantics captured by the embedding representation. 
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- Continuous vectorial representation of words.

- Every word in a vocabulary is assigned a vectorial representation. 

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

v(man) =     (0.2,0.4,0.7)

v(woman) = (0.3,0.14,0.37)

v(queen) =  (0.9,0.34,0.22)

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

Neural embeddings of words
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- 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 networks 

used for learning is Skipgram model.

Training a neural network to learn neural embeddings

How to build ML-based FL representations? 
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- 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. 

Neural embeddings of NK landscapes
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● Sequence (𝑥0 , 𝑥1 , . . . , 𝑥ℓ)  
of NK solutions

●  𝑥𝑡 ∈ N (𝑥𝑡−1) 

● 𝐹 (𝑥𝑡) > 𝐹 (𝑥𝑡−1) for all 𝑡 ∈ 
{1, . . . ,ℓ}.

Generating data for learning neural embeddings of NK landscapes
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How to build ML-based FL representations? 
Landscape exploration
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How to build ML-based FL representations? 



How to build ML-based FL representations? 

13

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..



How to build ML-based FL representations? 

14

Metrics in the embeddings spaces



How to build ML-based FL representations?

15

Optimizing in the embeddings spaces



Index of questions 

1. What current representations of fitness 
landscape provide?

2. What else do we need from fitness 
landscape representations?

3. How to build ML-based representations of 
fitness landscapes?

4. Predicting factorizations from LONs using 
ML methods. 

16



Motivation 

 Some works already investigate the use of ML in the analysis of FL 

17Seiler, M., Skvorc, U., Doerr, C., & Trautmann, H. (2024, June). Synergies of Deep and Classical Exploratory Landscape Features for Automated Algorithm 
Selection. In The 18th Learning and Intelligent OptimizatioN Conference (LION 2024). Springer.



Motivation 

 Increasingly sophisticated ML models are applied in combinatorial optimization.

18Echevarria, I., Murua, M., Santana, R  (2024, June). Multi-Assignment Scheduler: A New Behavioral Cloning Method for the Job-Shop Scheduling Problem. 
In The 18th Learning and Intelligent OptimizatioN Conference (LION 2024). Springer.



Fitness Landscape Analysis

For a given function and solution 
neighborhood definition, a LON is a 
directed or undirected graph G=(V,E), 
where:

● Nodes (V): Each node represents a 
local optimum 

● Edges (E): An edge between two 
nodes indicates a possible transition 
from one local optimum to another.

19

Metrics :  Used to characterize the structure 
and difficulty of an optimization problem.

● Fitness Distance Correlation (FDC)

● Modality (Number of Local Optima)

● Basins of Attraction Size Distribution
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OneMax function, n=6
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21

Deceptive3 function, 
n=6
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1-bit-flit neighborhood 
for n=6



Fitness Landscape Analysis
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LON for OneMax,  n=6



Fitness Landscape Analysis
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LON for Deceptive 3,  n=6
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What else could we ask from FL representations? 

1. Unveil alternative characterizations and extract new knowledge about the problem 
domain.

2. Identify global properties of the function (e.g. symmetries in the solution space).

3. Estimate the structure of the variables interactions. 

4. Generate easier to optimize function surrogates. 

5. Automatically generate  algorithms tailored to the function. 
28
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Predicting factorizations from LONs with GNNs

1. They use as inputs node and edge features from a graph.

2. The network’s connectivity and the node features are used to learn latent 
representations for all nodes. 

3. Usually, they use a neighborhood aggregation approach that updates the 
representation of a node v by applying a non-linear aggregation function of v’s 
neighbors representation.

4. In the graph classification task  the goal is to predict a graph-level property from its 
node and edge features. 37

Graph Neural Networks (GNNS)
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A set of values deployed by scientists in the process of theory choice

1. Simplicity: A theory should be simple, bringing order to phenomena that in its 
absence would be individually isolated and, as a set, confused.

2. Broad scope: A theory’s consequences should extend far beyond the particular 
observations, laws, or subtheories it was initially designed to explain.

3. Fruitfulness: A theory should be fruitful for new research findings. It should 
disclose new phenomena or previously unnoted relationships among those already 
known.

4. Accuracy: A theory should be accurate within its domain, that is, consequences 
deducible from a theory should be in demonstrated agreement with the results of 
existing experiments and observations.

5. Consistency: A theory should be consistent, not only internally or with itself, but 
also with other currently accepted theories applicable to related aspects of nature.

39Kuhn, T. S. . The Essential Tension, chapter Objetivity, value judgment and theory choice, pages 320–339. University of Chicago Press, 1977.
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EDAs and factorizations

41Santana, R. (2003). A Markov network based factorized distribution algorithm for optimization. In Machine Learning: ECML 2003: 14th European Conference 
on Machine Learning, Cavtat-Dubrovnik, Croatia, September 22-26, 2003. Proceedings 14 (pp. 337-348). Springer Berlin Heidelberg.



A framework for a theory on EDAs based on factorizations
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EDAs and factorizations
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 Probability factorizations 

Factorization for OneMax,  n=6

p(x1,x2,x3,x4,x5,x6) = p(x1) p(x2) p(x3) p(x4) p(x5) p(x6) 

Factorization for deceptive3,  n=6

p(x1,x2,x3,x4,x5,x6) = p(x1,x2,x3) p(x4,x5,x6) 

 1,0,0,0,0,0
 0,1,0,0,0,0
 0,0,1,0,0,0
 0,0,0,1,0,0
 0,0,0,0,1,0
 0,0,0,0,0,1
( )

 1,1,1,0,0,0
 1,1,1,0,0,0
 1,1,1,0,0,0
 0,0,0,1,1,1
 0,0,0,1,1,1
 0,0,0,1,1,1
( )

Factorization as a matrix

OneMax

deceptive3



Predicting factorizations from LONs with GNNs

Factorizations and neighborhoods

By defining a neighborhood based on a set of factors 
we can guarantee reaching the global optima with 
local search for a sufficiently large number of 
evaluations. 

Neighbors using factorization in two blocks

v_1(000000) = 001000    v_8(000000) =   000001 
v_2(000000) = 010000    v_9(000000) =   000010  
v_3(000000) = 011000    v_10(000000) = 000011
v_4(000000) = 100000    v_11(000000) = 000100
v_5(000000) = 101000    v_12(000000) = 000101
v_6(000000) = 110000    v_13(000000) = 000110 
v_7(000000) = 111000    v_14(000000) = 000111

Changing the LON with 
a new neighborhood
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 Factorizations:  EDA or Local search with a factorization-based neighborhood ? 

Echegoyen, C., Zhang, Q., Mendiburu, A., Santana, R., & Lozano, J. A. (2011, June). On the limits of effectiveness in estimation of distribution algorithms. In 
2011 IEEE Congress of Evolutionary Computation (CEC) (pp. 1573-1580). IEEE.

Santana, R., & Muhlenbein, H. (2002, May). Blocked stochastic sampling versus Estimation of Distribution Algorithms. In Proceedings of the 2002 Congress 
on Evolutionary Computation. CEC'02 (Cat. No. 02TH8600) (Vol. 2, pp. 1390-1395). IEEE.

1. Both approaches can be tried. 
2. For non overlapping factors and large number of evaluations, they can escape 

local optima.
3. For small factors EDAs have shown better results than Blocked Gibbs Sampling 

(Santana and Muhlenbein: 2002)
4. The effect of factorization diminishes for large number of overlapping factors 

(Echegoyen et al. 2011).
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  GNN 
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 1,1,1,0,0,0
 1,1,1,0,0,0
 1,1,1,0,0,0
 0,0,0,1,1,1
 0,0,0,1,1,1
 0,0,0,1,1,1
( )



Conclusions

1. Machine learning models can help us to solve problems in fitness landscape 
analysis in a different way. 

2. We need to know the capabilities of the models to identify the questions that 
could be addressed.

3. Experimental work needed to validate models and approaches. 
4. Extensions to multi-objective problems needed. 
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