


What is Machine Learning?
● A branch of Artificial Intelligence whose goal is to enable computers to learn.

●  A knowledge induction process.

To create algorithms able to generalize behaviors 
and recognize patterns from data provided as 

examples.



What we mean by learning?

● Deep philosophical implications…

● In our context: Process of  acquiring or modifying 
skills, knowledge, behaviors or 

values as a result of  study, 
experience, instruction, reasoning 

and observation.
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- Useful?
- Interpretable?

- Efficient?
- Ethically correct?

- ...

What is Machine Learning?



ML+CS
● We can use ML to obtain models for 

complex phenomena.
● To model relations:

● And dynamics:

¿      ?
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¿      ?
Machine Learning for  

Temporal Data

Relational Machine Learning



Relational Machine 
Learning 



Goal
● To make a proper use of the 

relationships between data when 
building inference models using 
machine learning.

¿      ?

¿      ?

¿      ?



Relational Machine Learning Limitations

Tabular Learning
Traditional ML methods 

learn from tabular data.

Lack of Robust 
Environments
There is not enough 

formalized logical 

frameworks to support this 

type of learning.

Complexity in 
Queries
Relationship-based queries 

usually require higher 

processing than 

attribute-based ones.



Some Relational Learning Methodologies:

3. Symbolic Relational 
Learning

Systems able to refine 
relational queries that 
characterize the data.

1. Manual Construction of 
Relational Features

Define metrics on the network 
elements to convert relational 
information into features.

2. Automatic Construction 
of Relational Features

Use of statistical models (neural 
networks) to obtain vector 
encodings of the elements that 
capture the relational 
information.



Manual Construction 
of Relational Features

Some of the metrics used to generate 
features from relational information are 
degree centrality, pagerank centrality 
and clustering coefficient.

Other algorithms such as those related 
to community detection can also be 
used to obtain relational features.

Degree PageRank Clustering

Luis 4 2 23.4

Carlos 3 6 12.6

Esperanza 3 2 6.2

Juan 4 1 12.5

Marta 4 2 2.5

María 3 7 6.4



Manual Construction of 
Relational Features

Some of the metrics used to generate 

features from relational information are 
degree centrality, pagerank centrality 
and clustering coefficient.

Other algorithms such as those related 
to community detection can also be used 
to obtain relational features.

Degree PageRank Clustering Community

Luis 4 2 23.4 A

Carlos 3 6 12.6 B

Esperanza 3 2 6.2 B

Juan 4 1 12.5 A

Marta 4 2 2.5 C

María 3 7 6.4 A



Manual Construction of 
Relational Features

Some of the metrics used to generate 

features from relational information are 
degree centrality, pagerank centrality 
and clustering coefficient.

Other algorithms such as those related 
to community detection can also be used 
to obtain relational features.

Degree PageRank Clustering Community

Luis 4 2 23.4 A

Carlos 3 6 12.6 B

Esperanza 3 2 6.2 B

Juan 4 1 12.5 A

Marta 4 2 2.5 C

María 3 7 6.4 A

Community Detection



Automatic 
Construction 
of Relational 
Features

Learn vector encodings 
of the elements in a way 
that allows the use of 
classical Machine 
Learning techniques.

Neural 
Encoders
They allow to 
obtain optimized 
vector 
representations of 
the data.

x y z

Luis 4.1 2.5 23.4

Carlos 3.0 6.7 12.6

Esperanza 3.3 2.4 6.2

Juan 4.6 1.3 12.5

Marta 4.8 2.7 2.5

María 3.9 7.8 6.4



Construcción 
Automática de 
Features 
Relacionales

Las codificaciones 
vectoriales obtenidas se 
denominan vectores 

latentes y no tienen una 
interpretación directa 
sino que capturan la 
estructura de la matriz de 
adyacencia.

Some of the models able to perform this type of graph 
embedding in vector spaces are based on the 
Word2Vec natural language model (DeepWalk, LINE, 
node2vec, etc).

Others are based on a generalization of convolutional 
networks able to work with arbitrary relationships 
beyond those imposed by the spatial condition of the 
images (Graph Convolutional Networks).



Symbolic Relational 
Learning

Development and implementation of 
tools able to obtain relational patterns 
that characterize the elements.

These tools are usually based on 
theories related to Information Theory.

Tip
If one example isn’t 
sufficient to help people 
understand the breadth 
of your idea, pick a 
couple of examples.



Algunas aplicaciones:
3. Community Detection

Obtaining latent vectors 
representing the elements of the 
network allows the use of 
geometric clustering methods.

Examples. Network analysis, 
recommender systems, change 
of scale (using the detected 
communities as meta-nodes in 
the upper scale), etc...

1. Subgraph Classification

- Node Classification
- Edge Classification
- Subgraph Classification

Examples: Classification of users 
or groups of users in social 
networks, classification of 
companies or groups of 
companies in financial networks, 
etc....

2. Link Prediction

Given a pair of nodes and a type of 
relationship, what is the probability 
that there is a relationship of that 
type between them?

Examples: Recommendation 
systems, modeling cellular-level 
interactions, fraud detection 
systems, etc....



Machine Learning 
for Temporal Data



Goal
● Make use of temporality in the data when building inference models using 

machine learning.

¿      ?



Two ML models useful for time series 
(among others):

Echo State Network (ESN)

Recurrent neural network with a 
sparse hidden layer (reservoir).

Long Short-Term Memory

(LSTM)

Recurrent artificial neural network 
with LSTM neurons.



Long Short-Term 
Memory

Recurrent neural network with LSTM 
neurons.

A common LSTM unit is composed of a 
cell, an input gate, an output gate and 
a forget gate. The cell remembers 
values over arbitrary time intervals and 
the three gates regulate the flow of 
information into and out of the cell. 



Echo State Network

A type of reservoir computer based on a 
recurrent neural network with a 

sparsely connected hidden layer (with 
typically 1% connectivity). The 
connectivity and weights of hidden 
neurons are fixed and randomly 
assigned. The weights of output neurons 

can be learned so that the network can 
produce or reproduce specific temporal 
patterns. 



References:
● Barceló, P., Libkin, L., & Reutter, J. L. (2011, June). Querying graph patterns. In Proceedings of the thirtieth ACM 

SIGMOD-SIGACT-SIGART symposium on Principles of database systems (pp. 199-210).

● Grover¡, A., & Leskovec, J. (2016, August). node2vec: Scalable feature learning for networks. In Proceedings of the 22nd 

ACM SIGKDD international conference on Knowledge discovery and data mining (pp. 855-864).

● Perozzi, B., Al-Rfou, R., & Skiena, S. (2014, August). Deepwalk: Online learning of social representations. In Proceedings 

of the 20th ACM SIGKDD international conference on Knowledge discovery and data mining (pp. 701-710).

● Atramentov, A., Leiva, H., & Honavar, V. (2003, September). A multi-relational decision tree learning 

algorithm–implementation and experiments. In International Conference on Inductive Logic Programming (pp. 38-56). 

Springer, Berlin, Heidelberg.

● Kipf, T. N., & Welling, M. (2016). Semi-supervised classification with graph convolutional networks. arXiv preprint 

arXiv:1609.02907.

●  Jaeger, H.; Haas, H. (2004). "Harnessing Nonlinearity: Predicting Chaotic Systems and Saving Energy in Wireless 

Communication" (PDF). Science. 304 (5667): 78–80.

● Sepp Hochreiter; Jürgen Schmidhuber (1997). "Long short-term memory". Neural Computation. 9 (8): 1735–1780.



THX!

➔ e-mail
palmagro@us.es


