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Abstract. Knowledge Graphs (KGs) have become a standard model
for knowledge representation used both in research and industry. In a
KG, real world entities are represented and connected by relations. The
huge amount of information that is contained inside KGs requires the
development of techniques for the exploration of data. One problem with
KGs is that they provide a sparse representation that is computationally
engaging to manage and that hides some of the global knowledge of both
entities and relations. To solve this problem, high dimensional graphs can
be embedded in a lower dimensional vector space in which both local and
global properties of KG’s elements are more visible. The information that
is contained inside the embeddings can be also used for KGs exploration.
In this work we introduce the problem and the state of the art. We also
present some of the initial results and our next steps.
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Introduction

Knowledge Graphs (KG) have become a standard model to represent information and knowledge. In a KG real world entities are represented as nodes while
the relations between them are represented by edges that connect entities. Fundamental brick of knowledge inside a KG is the triple <subject, relation, object>, where subject and object are generally two entities that are connected
by a relation. A KG consists of many triples. One example of triple of a KG is
<Barack Obama, born in, Hawaii>. Chains of triples, that are semi-walk inside
the graph, are also called Semantic Associations (SAs) [1]. KG can also have
an ontology associated, that connects each entity to a type; for example Barack
Obama is a Person. Types are structured in a hierarchy to allow inheritance of
properties from type to type (e.g. the type Politician inherits properties from
the type Person, since a politician is a person). One example of KG is DBpedia1
that constructs its KG from information stored inside Wikipedia. Even in the
industry KGs have started to gain attention: companies like Google, Facebook
and Microsoft have all started to build and use their own KG. For instance,
Google extends the results of a search query on the Google search engine with
additional information extracted from its own KG. A KG contains huge amount
of information and developing techniques for the exploration of data has rapidly
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become a crucial task.
KGs are often characterized by a sparse representation that is difficult to
manage and to explore: to reduce the dimensionality the KG entities and relations can be embedded in a lower dimensional space. One of the main advantage
of the embedded vectors that we want to exploit is the fact that they aggregate
much of the information that comes from the KG and this information can be
used to explore the graphs and finding relevant information inside of them. Entities that are not connected in the KG might be similar in the embedded space
because they share latent factors hardily visible in the original representation of
the KG. In particular, this PhD work will be focused on the generation of embeddings that can be used for exploration of KGs. In the next section we present
an overview of the related work for both KGs exploration and KG embeddings.
We will then describe our initial results and in the end we will analyze our next
steps. Advisor of this PhD project will be Matteo Palmonari of University of
Milan - Bicocca.
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Related Work

KGs Exploration In a recent survey [2] several methods for the exploration
of KG are summarized and it is stated that different techniques for the exploration use a mix of navigation, filtering, sampling and visualization methods to
help users explore large data sets. RelFinder [3] is an online application that
can be used to retrieve SAs of different lengths between two specific entities
given in input. In the literature other applications have been defined to explore
SAs and they also incorporate measures to evaluate and explain the SAs between two specific entities [4,5,6]. Refer [7] is a Wordpress Plugin that helps a
user by enriching an article with additional information extracted from KBs like
Wikipedia. The plugin is used to find entities in an article and it recommends
to the user entities that are estimated to be unknown to her. An other approach
uses genetic programming to find strong relationships in linked data [8].
KGs Embeddings Recent approaches to embed KGs [9,10,11] rely on finding a
representation where entities and relations are projected in a vector space using
some constraints to define the position of the elements in the space. TransE [11]
is an algorithm that, given a set of triples (h, l, t), generate embedding such that
the embedding of entity h plus the embedding of the relationship l gives a point
in the space that is close to the embedding of the entity t. In this way, entities
and relations are embedded in the same vector space. TransE applies well to relations that are 1-to-1, but does not work well with other kinds of relations. This
work has been extended allowing the possibility of representing 1-to-N, N-to-1
and N-to-N relationships between entities [9]. This is done by using different vector spaces for entities and relations data using a projection matrix that projects
entities from their own space into the relation space. Other approaches consider
KGs has a 3-dimensional matrix (tensor) and use tensor factorization methods

to reduce the dimensionality and to find latent components that can be used for
different tasks such as link prediction tasks [12].
Natural language processing techniques can be used on text to generate vector representations of words. Word2vec [13] is an algorithm that generates vector
representations of a center word using by considering as a context other words
near to the center word. The basic idea is derived from the distributional hypothesis which states that “words that occur in the same contexts tend to have
similar meanings” [14]. The same idea can be applied to text that contains entities and can be thus used to generate representations of entities that are based
on the relative frequency of entities inside a text. One example of these is presented in the context of a learning to rank framework where entity embeddings
are used as a feature for entity relatedness [15].
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Preliminary Results

First experiments on KG exploration we did were reported in a recent work [1].
We defined a model that allows users to view interesting SAs while they are
reading a news online. SAs are extracted form the entities that are found inside
the text using a semantic annotator [16]. Users can iteratively rate SAs and we
use an active learning to rank system that provides new SAs to the users at each
iteration. The objective is to ask to the user the less number of ratings as possible
on small samples of SAs and to quickly find the SAs that might interest her most.
Another step in the direction of knowledge exploration was done with the
use of KGs embeddings [17]. Basing our approach on the distributional hypothesis we generated representations for entities (ER) and representations for types
(TR) starting from text. The idea is that the vector representation of each entity can be concatenated to the representation of its most specific type and thus
generating a joint representation of entity and types (TER). This joint representation allows to keep explicit types that comes from the KG, while generally
in literature embeddings do not have explicit information related to types [11].
This representation is interesting because in the joint embedded space entity of
the same (or similar) type are nearer to each other. Our current approach takes
in input texts that are semantically annotated, i.e., text where mentions of entities in the KG are recognized. To generate a corpus of text that contains types,
we replace each entity occurrence inside the annotated text with its own most
specific type. Figure 1 shows an example of annotation, we took text from the
Wikipedia abstract of the city Rome and we used a semantic annotation tool to
find the DBpedia entities in the text, in a second steps entities are replaced by
types (dbr and dbo, are DBpedia’s prefixes).
We use word2vec [13] on the corpus that contains entities and on the corpus that contains types. In this way we are able to learn embeddings for both
entities and types. Since we now have the representation of the entities and the
representation of types we can generate TER as explained before. One major

Fig. 1. Example of the annotation process starting from text

advantage of embeddings generated using this approach is that knowledge encoded in the vector representations can change with the corpus even if the KG
does not change.
This model has been tested on an analogical reasoning task that are also
tackled with word embeddings. An example of analogical reasoning task could
be: “Rome” is to “Italy” as ? is to “France”. To solve the task, the model should
be able to find “Paris”, as answer. This can be done in the vector space using
vector operations like v(“Rome”) − v(“Italy”) + v(“F rance”) ≈ v(“Rome”).
Analogical reasoning with entities is an example of knowledge exploration task
in which the analogical relation about two entities (e.g. Rome and Italy) is used
to infer the relation of other two entities (e.g. France and Paris). Words are
ambiguous (e.g., with Paris is the name of a city in France, but also of a city
in Texas) and this is way the TER model, that uses entities, reaches an high
accuracy in the analogical reasoning task [17].
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Conclusion and Future Work

The initial results given by TER are promising and we plan to extend the TER
model and to evaluate its performance on different tasks related to analogical
reasoning with entities. We have started our work by extending the entity representations with a representation that comes from types, nevertheless other
extensions are possible and we would soon like to extend the representation of
the entities using temporal information (e.g. extending the representation of people using information related to the time in which they have lived). During our
first steps in KG exploration [1] we want use the embeddings as features inside
the active learning to rank model we developed.
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