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Knowledge Graph Embeddings
Knowledge Graphs (KG) describe entities and the relationships between them 
(Figure 1). Generally KG contains also ontological types for entities. KG are now 
commonly used in many different contexts like recommendation and 
knowledge exploration [5]. 

Embedded (i.e., finding a vector representation)  entities and relationships are 
useful for different tasks like similarity evaluation and link prediction [8]

We focus on Text-based Knowledge Graph Embeddings: embeddings that are 
generated starting from text. 

Current Work on Topic
Our current approach takes texts that are semantically annotated, i.e., texts 
where mentions of entities in the KG are recognized [4,6] (see Figure 2, 
where dbr is our reference to the DBpedia KG).

We use word2vec [7] to find representations for entities: two entities that 
appear in similar textual contexts will be closer in the vector space. 
Considering that entities have ontological types  e.g., Politician, City, etc., 
we are able to learn embeddings also for types and represent entities and 
their types as concatenation of these vectors [2]

We have proposed a method to embed periods of time into a vector space 
by considering time descriptions [4].

Since the meaning of words changes over time, we have explored the 
implications of temporality in word embeddings. We have introduced a new 
model in the state of the art that can be used to create word 
representations of specified time periods [1].
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Next Steps
● Text-Enhanced Knowledge Graph Embeddings

○ Represent relationships in our model since they are currently 
missing;

○ Explore the use of different semantic annotators to enhance the 
representations of the embeddings: better annotators = better 
embeddings;

○ Use our embeddings on news corpora;
○ Apply embeddings to recommendation and link prediction tasks [8].

● Hyperbolic Embeddings
○ Explore embeddings that consider hyperbolic geometry instead of 

standard euclidean [9].

● Reasoning in Embedded Spaces
○ Introduce reasoning mechanisms in the embedded spaces (e.g., use 

a reasoner to make inferences about entities and relationships).

First Results on Reasoning
We explored the use of Logic Tensor Networks (LTNs) [10] a model that 
combines logics and neural networks. LTNs use Neural Networks to 
compute the truth value of first order fuzzy logic formulae.

We recently analyzed the possibilities of this model in context of 
deductive reasoning [3].

Results show that the model can perform deductive reasoning while using 
a deep neural network. 

Our next step is to to combine this model with our KG embeddings.
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Figure 1. An example of a part of a Knowledge Graph. The entities and the types are 
taken from the DBpedia KG.

Figure 2. Our current approach used to embed entities in a vector space
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