Empowering Knowledge Bases:
A Machine Learning Perspective
(Invited Paper and Talk)
Claudia d’Amato
Computer Science Department – University of Bari
claudia.damato@uniba.it

Abstract. The construction of Knowledge Bases requires quite often
the intervention of knowledge engineering and domain experts, resulting
in a time consuming task. Alternative approaches have been developed
for building knowledge bases from existing sources of information such
as web pages and crowdsourcing; seminal examples are NELL, DBPedia,
YAGO and several others. With the goal of building very large sources of
knowledge, as recently for the case of Knowledge Graphs, even more complex integration processes have been set up, involving multiple sources of
information, human expert intervention, crowdsourcing. Despite significant efforts for making Knowledge Graphs as comprehensive and reliable
as possible, they tend to suffer of incompleteness and noise, due to the
complex building process. Nevertheless, even for highly human curated
knowledge bases, cases of incompleteness can be found, for instance with
disjointness axioms missing quite often. Machine learning methods have
been proposed with the purpose of refining, enriching, completing and
possibly raising potential issues in existing knowledge bases while showing the ability to cope with noise. The talk will concentrate on classes
of mostly symbol-based machine learning methods, specifically focusing
on concept learning, rule learning and disjointness axioms learning problems, showing how the developed methods can be exploited for enriching
existing knowledge bases. During the talk it will be highlighted as, a
key element of the illustrated solutions, is represented by the integration
of: background knowledge, deductive reasoning and the evidence coming
from the mass of the data. The last part of the talk will be devoted
to the presentation of an approach for injecting background knowledge
into numeric-based embedding models to be used for predictive tasks on
Knowledge Graphs.1

1

Introduction

The construction of Knowledge Bases (KBs) quite often results a time consuming task since the intervention of knowledge engineering and domain experts is
needed. For this reason, alternative solutions have been developed, exploiting
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existing sources of information such as web pages; seminal examples are NELL2 ,
DBpedia3 , YAGO4 . Recently the construction of very large KBs, named Knowledge Graphs (KGs), has been targeted and several examples already exist, spanning from enterprise products, such as those built by Google and Amazon to
other open KGs such as Freebase5 and Wikidata6 , to mention a few of them.
A KG is a graph of data intended to convey knowledge of the real world, conforming to a graph-based data model where nodes represent entities of interest
and edges represent possibly different relations between these entities, furthermore the data graph can be enhanced with schema, generally by the use of
ontologies that are employed to define and reason about the semantics of nodes
and edges [24]. KGs are very large data collections requiring even more complex
integration processes than in the past, involving multiple sources of information,
human expert intervention, crowdsourcing. Despite significant efforts for making
KGs as comprehensive as possible, it is well known [24] they tend to suffer of incompleteness and noise, due to the complex building process. Nevertheless, even
for highly human curated KBs as for some ontologies, cases of incompleteness
can be found, for instance with disjointness axioms missing quite often [43] that,
as a consequence, may generate noise, that is invalid information with respect
to the domain of reference despite of having a consistent KB.
Machine Learning (ML) methods, mostly grounded on inductive approaches,
have been proposed for refining, enriching, completing and possibly raising issues in existing KBs while showing the ability to cope with noise [13]. Problems
such as link prediction but also query answering and instance retrieval have been
regarded as classification problems. Suitable methods, often inspired by symbolbased solutions in the Inductive Logic Programming (ILP) [14] field (aiming at
inducing an hypothesised logic program from a background knowledge and a
collection of examples), have been proposed [9, 27, 31, 19, 39]. Most of them are
able to cope with expressive representation languages such as Description Logics
(DLs) [2], theoretical foundation for OWL7 , standard representation language
in the Semantic Web [4], and the Open World Assumption (OWA) typically
adopted, differently from the Closed Wold Assumption (CWA) that is usually
assumed in the traditional ML settings. Also, problems such as ontology refinement and enrichment at terminology/schema level, e.g. providing complex descriptions for a given concept name or assessing disjointness axioms, have been
regarded as concept learning problems to be solved via supervised/unsupervised
inductive learning methods for DL representations [17, 18, 30, 42, 36].
Nowadays, numeric-based ML methods such as embeddings [6, 26] and deep
learning [15] solutions are receiving major attention because of their impressive
ability to scale when applied to very large data collections. Mostly KG refine2
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ment tasks, and specifically link/type predictions and triple classifications are
targeted, with the goal of improving/limiting incompleteness in KGs. Nevertheless, the important gain, in terms of scalability, that numeric-based methods are
obtaining is penalizing: a) the possibility to have interpretable models as a result of a learning process; b) the ability to exploit deductive (and complementary
forms of) reasoning; c) the expressiveness of the representations to be considered
and the compliance with the OWA.
For these reasons, the talk will focus primarily on the advances in the class of
symbol-based ML methods, specifically analyzing concept learning, rule learning and disjointness axioms learning problems and related solutions to be used
for enriching existing KBs. The key point is represented by the integration of:
background knowledge, deductive reasoning and the evidence coming from the
mass of data. The main idea consists in exploiting the evidence coming from
assertional knowledge and deductive reasoning for drawing plausible conclusions
to be possibly represented with intensional models. The last part of the talk
will be dedicated to the presentation of an approach for injecting background
knowledge into numeric-based ML methods and specifically embedding models
to be used for predictive tasks on KGs.
Accordingly, in the following, concept learning (see Sect. 2), rule learning
(see Sect. 3) and disjointness axioms learning (see Sect. 4) are briefly surveyed
while semantically enriched numeric based solutions are illustrated in Sect. 5.
Discussions on future research directions and conclusions are reported in Sect. 6.

2

Concept Learning for Ontology Enrichment

With the purpose of enriching ontologies at terminological level, methods for
learning concept descriptions for a concept name have been proposed. The problem has been regarded as a supervised concept learning problem aiming at approximating an intensional DLs definition, given a set of individuals of an ontological KB acting as positive/negative training examples.
Various solutions, e.g. DL-Foil [17] and celoe [30] (part of the DLLearner suite8 ), have been formalized. They are mostly grounded on a separateand-conquer (sequential covering) strategy: a new concept description is built
by specializing, via suitable refinement operators, a partial solution to correctly
cover (i.e. decide a consistent classification for) as many training instances as
possible. Whilst DL-Foil works under OWA, celoe works under CWA. Both of
them may suffer of ending up in sub-optimal solutions. In order to overcome such
issue, DL-Focl [37], Parcel [40] and SpACEL [41] have been proposed. DLFocl is an optimized version of DL-Foil, implementing a base greedy covering
strategy. Parcel combines top-down and bottom-up refinements in the search
space. Specifically, the learning problem is split into various sub-problems, according to a divide-and-conquer strategy, that are solved by running celoe as
a subroutine. Once the partial solutions are obtained, they are combined in
8
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a bottom-up fashion. SpACEL extends Parcel by performing a symmetrical
specialization of a concept description.
These solutions proved to be able to learn approximated concept descriptions
for a target concept name to be used for possibly introducing new (inclusion or
equality) axioms in the KB, nevertheless, quite often, relatively small ontological
KBs have been considered for the experiments, revealing that currently these
solutions have limited ability to scale on very large KBs such as KGs.

3

Rule Learning for Knowledge Completion

Knowledge completion consists in finding new information at assertional level,
that is facts, that are missing in a considered KB. This task has received increasing attention with the development of KGs that are well known to be incomplete,
since it is also strongly related to the link prediction task (see Sect. 5).
One of the most well known system for knowledge completion of RDF9 knowledge bases is AMIE [19]. Inspired by association rule mining [1] and ILP literature, AMIE aims at mining logic rules from RDF knowledge bases with the final
goal of predicting new facts, that are RDF triples. AMIE (and its optimized version AMIE+ [20]) currently represents the most scalable rule mining system for
learning rules on large RDF data collections and it is also explicitly tailored to
support the OWA. However, it does not exploit any form of deductive reasoning.
A related rule mining system, similarly based on a level-wise generate and
test strategy has been proposed [12]. It aims at learning SWRL rules [25] from
OWL ontologies while exploiting schema level information and deductive reasoning during learning process. Both AMIE and the solution presented in [12]
showed the ability to mine useful rules and to predict new assertional knowledge.
However, the solution proposed in [12] showed limited ability to scale due to the
exploitation of the reasoning capabilities. Nevertheless, with [12] additional rules
could be obtained to be exploited for generalizing towards other kind of axioms
(besides facts) such as general inclusion axioms, to be only validated by a domain
expert or knowledge engineering.

4

Learning Disjointness Axioms

Disjointness axioms are essential for making explicit the negative knowledge
about a domain, yet they are often overlooked when modelling ontologies [43]
(thus also affecting the efficacy of reasoning services). To tackle this problem,
automated methods for discovering these axioms from the data distribution have
been devised.
A solution grounded on association rule mining [1] has been proposed in [42].
It is based on studying the correlation between classes comparatively, namely
association rules, negative association rules and correlation coefficient. Background knowledge and reasoning capabilities are used to a limited extent. Different approaches have been instead proposed in [31] and [3] where relational
9
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learning methods and techniques based on formal concept analysis have been
respectively employed to the purpose. However, no specific assessment of the
quality of the induced axioms is made.
A different solution has been proposed in [36] where, moving from the assumption that two or more concepts may be mutually disjoint when the sets
of their (known) instances do not overlap, the problem has been regarded as
a clustering problem, aiming at finding partitions of similar individuals of the
KB, according to a cohesion criterion quantifying the degree of homogeneity of
the individuals in an element of the partition. Specifically, the problem has been
cast as a conceptual clustering problem, where the goal is both to find the best
possible partitioning of the individuals and also to induce intensional definitions
of the corresponding classes expressed in the standard representation languages.
Emerging disjointness axioms are captured by the employment of terminological cluster trees (TCTs) and by minimizing the risk of mutual overlap between
concepts. Once the TCT is grown, groups of (disjoint) clusters located at sibling
nodes identify concepts involved in candidate disjointness axioms to be derived.
Unlike [42], based on the statistical correlation between instances, the empirical
evaluation of [36] showed its ability to discover disjointness axioms also involving complex concept descriptions, thanks to the exploitation of the underlying
ontology as background knowledge.

5

Enriched Embedding Models for Knowledge Graph
Completion

Symbol-based ML methods adopt symbols for representing entities and relationships of a domain and infer generalizations, ideally readily interpretable even by
the humans, that provide new insights into the data. Differently, numeric-based
methods typically adopt feature vector (propositional) representations and cannot provide interpretable models but they usually result rather scalable. For this
reason numeric-based solutions have been mainly used for performing link prediction in KGs (also referred to as knowledge graph completion), which amounts
to predict the existence (or the probability of correctness) of triples in the large
KGs, that are known to be often missing facts. Mostly RDF representation language has been targeted and almost no reasoning is exploited; most expressive
languages (such as OWL) are basically discarded.
Among the others, KG embedding methods have received the greatest attention. They aim at converting the data graph into an optimal low-dimensional
space in which graph structural information and graph properties are preserved
as much as possible [6, 26]. The low-dimensional spaces enable computationally
efficient solutions that scale better with the KG dimensions. Graph embedding
methods may differ in their main building blocks: the representation space (e.g.
point-wise, complex, discrete, Gaussian, manifold), the encoding model (e.g. linear, factorization, neural models) and the scoring function (that can be based
on distance, energy, semantic matching or other criteria) [26]. In any case, the
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objective consists in learning embeddings such that the score of a valid (positive)
triple is lower than the score of an invalid (negative) triple.
TransE [5] has been the very first embedding model registering very high
scalability performances. The method relies on a stochastic optimization process,
that iteratively updates the distributed representations by increasing the score
of the positive triples i.e. the observed triples, while lowering the score of unobserved triples standing as negative examples. The embedding of all entities
and predicates in the KG is learned by minimizing a margin-based ranking loss.
Nevertheless, TransE resulted limited in representing properly various types
of properties such as reflexive ones, and 1-to-N , N -to-1 and N -to-N relations.
To tackle this limitation, moving from TransE, a large family of models has
been originated; among the others, TransR [32], has been proposed resulting
as more suitable to handle non 1-to-1 relations.
An important point that needs to be highlighted is that, because RDF representation is mostly tackled, most of the considered data collections only contain
positive (training) examples, since usually false facts are not encoded. However,
as negative examples are needed when learning vector embeddings, for obtaining negative examples two different approaches are generally adopted: either
corrupting true/observed triples with the goal of generating plausible negative
examples or making a local-closed world assumption (LCWA) in which the data
collection is assumed as locally complete [35]. In both cases, wrong negative
information may be generated and thus used when training and learning the
embedding models. Even more so, existing embedding models do not make use
of the additional semantic information that may be coded when more expressive
representation languages are adopted.
Recently, empowered embedding models, targeting KG refinement tasks, have
been proposed. In [22] a KG embedding method considering also logical rules
has been formalized, where triples in the KG and rules are represented in a
unified framework. A common loss over both representations is defined which is
minimized to learn the embeddings. This proposal resulted in a novel solution
but the specific form of prior knowledge that needs to be available for the KG
constitutes its main drawback. A similar drawback also applies to [34], where a
solution based on adversarial training is formalized, exploiting Datalog clauses
to encode assumptions which are used to regularize neural link predictors. An
inconsistency loss is derived that measures the degree of violation of such assumptions on a set of adversarial examples.
Complementary solutions have been developed. Besides graph structural information, they exploit the additional knowledge that is typically available when
rich representation languages as RDFS and OWL are employed. Differently from
the works previously mentioned, these solutions do not require any specific additional formalisms for representing prior knowledge. Particularly, in [33] it has
been proved the effectiveness of combining embedding methods and strategies
relying on reasoning services for the injection of background knowledge to enhance the performance of a specific predictive model. Following this line, TransOWL, aiming at injecting background knowledge during the learning process,
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and its upgraded version TransROWL, where a newly defined and more suitable loss function and scoring function are also exploited, have been proposed [11,
10]. These solutions can take advantage of an informed corruption process that
leverages on reasoning capabilities, while limiting the amount of false negatives
that a less informed random corruption process may cause. Specifically, TransOWL formalizes a model characterized by two main components devoted to
inject background knowledge in the embedding-based model during the training
phase: 1) Reasoning: It is used for generating corrupted triples that can certainly
represent negative instances, thus avoiding false negatives, for a more effective
model training. Precisely, using a reasoner, corrupted triples are generated exploiting available RDF/OWL axioms, particularly domain, range, disjointWith,
functionalProperty; 2) Background Knowledge Injection: A set of different axioms, that are equivalentClass, equivalentProperty, inverseOf and subClassOf, are
employed for defining constraints on the score function to be used in the training
phase, so that the resulting vectors, related to such axioms, reflect their specific
properties. As a consequence, new triples are also added to the training set on
the grounds of these axioms.
These models have been proved improving their effectiveness on link prediction and triple classification tasks when compared to models such as TransE
and TransR, grounded on the use of a random corruption process and structural
graph properties only. Nevertheless, some shortcomings also emerged, precisely
when some of the considered schema axioms were missing, suggesting that additional efforts need to be pursued in this direction.

6

Discussion and Conclusions

Existing symbol-based ML methods are not actually comparable, in terms of
scalability, to numeric-based ML solutions. Nevertheless, as already discussed
in Sect. 1 and Sect. 5, this gain is not for free since it is obtained mostly by
giving up expressive representation languages, such as OWL, and by almost
forgetting one of the most powerful characteristic of these languages, that is
being empowered with deductive reasoning capabilities that allow to derive new
knowledge. Furthermore, differently from symbol-based methods, numeric-based
solutions lack of the ability to provide interpretable models, thus limiting the
possibility to interpret and understand the motivations for the returned results.
Additionally, tasks such as concept and/or disjointness axioms learning cannot
be performed without symbol-based methods which can certainly benefit of very
large amount of information for providing potentially more accurate results.
Even if some initial results have been registered for semantically enriched
embedding solutions (Sect. 5), significant research efforts need to be devoted towards developing ML solutions that, while keeping scalability, are able to target
expressive representations as well as to provide interpretable models. This actually means pushing towards the integration of numeric and symbolic approaches.
Some discussions in this direction have been developed by the Neural-Symbolic
Learning and Reasoning community [21, 23], which seeks to integrate principles
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from neural networks learning and logical reasoning. The main conclusion has
been that neural-symbolic integration appears particularly suitable for applications characterized by the joint availability of large amounts of (heterogeneous)
data and knowledge descriptions, which is actually the case for KGs. Additionally, a set of key challenges and opportunities have been outlined [21], such
as: how to represent expressive logics within neural networks, how neural networks should reason with variables, or how to extract symbolic representation
from trained neural networks. Preliminary results have been recently registered,
encouraging pursuing the research direction. An example is represented by SimplE [28], a scalable tensor-based factorization model that is able to learn interpretable embeddings incorporating logical rules through weight tying. Ideas for
extracting propositional rules from trained neural networks under a background
knowledge have been illustrated in [29], showing that the exploitation of a background knowledge allows: a) to reduce the cardinality of extracted rule sets; b)
to reproduce the input-output function of the trained neural network.
A conceptual sketch for explaining the classification behavior of artificial
neural networks in a non-propositional setting with the use of a background
knowledge has been proposed [38]. This sheds the light on another important
issue, that is, the necessity of providing explanations to ML results [8], particularly when they come from very large KBs. The solution illustrated in [38] is
in agreement with the idea of exploiting symbol-based interpretable models to
explain conclusions [14]. Nevertheless, interpretable models describe how solutions are obtained but not why they are obtained, whilst, as argued in [16, 21],
providing an explanation should mean supplying a line of reasoning illustrating
the decision making process of a model using human understandable features [7].
Hence, in a more broad sense, providing an explanation requires to open the box
of the reasoning process and make it understandable.
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