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(54) METHOD AND APPARATUS FOR COMPLETING A KNOWLEDGE GRAPH

(57) A method, apparatus and program for complet-
ing a knowledge graph from a plurality of predicates and
associated entities, the predicates each providing infor-
mation on a relationship between a pair of entities, the
method comprising the steps of: receiving an input com-
prising the plurality of predicates and associated entities;
searching an axiom database and identifying predicates

among the plurality of predicates that are equivalent to
one another, or inverses of one another; identifying fur-
ther predicates that are related to one another, using the
axiom database and identified predicates; and embed-
ding the identified predicates and associated entities into
a vector space to complete the knowledge graph.
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Description

[0001] The invention relates to a method and apparatus for completing a knowledge graph. Also disclosed are a
computer program which, when executed by a computer, causes the computer to perform the method for completing a
knowledge graph, and a non-transitory computer readable medium comprising the computer program.
[0002] In recent years the use of knowledge graphs to represent relationships between data entries in an intuitively
understandable way has increased. Knowledge graphs essentially represent multiple statements (forming a knowledge
base) in a graphical form. In knowledge graphs, a collection of entities and predicates are represented, usually in the
form of a multi-dimensional plot. The entities can be almost anything, examples include persons, locations, physical
objects, electronic files, abstract concepts, and so on. Relationships between entities (predicates) can be illustrated
using links between the entities. The relative positioning of the entities and links on the knowledge graph can also be
used to illustrate relationships between different entities and links.
[0003] Knowledge Graphs (KGs) are powerful instruments in search, analytics, generation of recommendations, and
data integration. Large scale KGs have been developed and used both by industry and academia. As such, it is desirable
to provide more accurate and less labour intensive methods for completing knowledge graphs.
[0004] The principles used to form knowledge graphs are best illustrated by way of example. Given the initial information
"New York City (NYC) is a city (CITY) in New York State (NEW YORK STATE), which also contains Albany (ALBANY)",
it is possible to extract relationships which can be entered into a knowledge graph. These relationships can be expressed
in the form <entity, predicate, entity>, or <subject, predicate, object> (also referred to as <s,p,o>). The second of these
forms can form a Resource Description Framework (RDF) triple, that is, a predicate and a pair of associated entities
provided in a form that complies with the Resource Description Framework requirements.
[0005] From the initial information provided above, it is possible to extract three statements of relationships. An example
of an extractable statement of relationship, in the form of a triple (specifically a RDF triple) is <NYC, TYPE OF, CITY>,
that is, the entity NYC is of the type City. The three statements of relationships that can be extracted from the initial
information are shown in Table 1 below in the form of triples.

[0006] As mentioned above, any given entity can be the subject or object of an RDF triple, while the predicates form
a separate set. The data used to complete a knowledge graph (including but not limited to a graph formed in accordance
with RDF requirements) can be described in terms of the sets of entities and predicates. From the data shown in Table
1 it is possible to form a set E of the entities, and a set R of the predicates (relationships between entities). The constitution
of sets E and R is shown below in Equation 1. 

[0007] Using the sets E and R as shown in Equation 1, a further set S can be defined, where S is the set comprising
all of the possible <entity, predicate, entity>, or <subject, predicate, object> statements that can be formed using the
data in sets E and R. S is therefore defined as shown in Equation 2 below. 

Table 1

Subject Predicate Object

NYC TYPE OF CITY

NYC PART OF NEW YORK STATE

NEW YORK STATE HAS PART ALBANY
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[0008] From a comparison between set S and the initial information from which the relationships in Table 1 were
derived, it is clear that the initial information does not allow all of the possible statements in set S to be directly derived.
An example of a statement which cannot be verified from the initial information is the type of Albany. The initial information
provides that NYC is a city, which is in New York State, and that Albany is also in New York State. However, the initial
information does not include whether Albany is a city or not. That is, there is no initial information on the veracity of the
statement <ALBANY, TYPE OF, CITY>.
[0009] In a knowledge graph constructed using a closed world assumption, the absence of information on whether
Albany is a city or not would be interpreted as meaning that the relationship is not correct, that is, <ALBANY, TYPE OF,
CITY> is false. This assumption is more likely to be valid if the set of initial information is complete. However, the majority
of knowledge graphs are generated from data sets that are known or believed to be incomplete, and therefore it is more
appropriate to use an open world assumption.
[0010] Under an open world assumption, the absence of information on whether Albany is a city or not is not interpreted
as meaning that the relationship is not correct. Instead, it is unknown whether or not Albany is a city. That is, the validity
of <ALBANY, TYPE OF, CITY> is unknown. The open world assumption is typically a more realistic requirement for real
world data sets, and the Resource Description Framework requirements specify the use of the open world assumption.
However, use of the open world assumption means that the validity of at least some of the statements in the set S is
very likely to be unknown.
[0011] The valid statements from the set S can be represented using a labelled directed multi-graph, wherein each
statement is represented as an edge connecting two nodes representing the entities. In order to allow missing edges to
be added (representing statements from the set S for which the validity is not known), it is useful to consider the
relationships between predicates. In this way, statements for which the validity is not known may be included in the
labelled directed multi-graph, when the validity of the statements can be deduced by analysing the statements directly
supported in the initial information.
[0012] A technique for constructing knowledge graphs is to map the statements S to vectors in a multi-dimensional
vector space. In addition to providing a useable representation of a potentially large number of statements, this mechanism
also allows relationships between different statements to be indicated, if such relationships are known. Examples of the
types of relationships that may be indicated include equivalence relationships and inverse relationships, both of which
are discussed below with reference to examples of relationships between people.
[0013] An example of equivalent relations consists in the pair of relations (predicates) Works With and Colleague Of:
given a RDF triple <s, Works With, o>, the triple <s, Colleague Of, o> is also very likely to be true, since the two relations
have the same (or very similar) meanings. A similar case holds, for instance, for the case Married With and Partner Of:
although not equivalent they have related meanings, and if <s, Married With, o> is true, then <s, Partner Of, o> is more
likely to also be true. However, although <s, Partner Of, o> is more likely to also be true in this situation, the probability
of validity is not as high as if the two predicates were exact equivalents of one another.
[0014] An example of inverse relations consists in the pair of relations (predicates) Has Part and Part Of: given a RDF
triple <s, Has Part, o>, the triple <o, Part Of, s> is also very likely to be true, since the two relations are inverses of one
another.
[0015] The relationships between predicates (equivalence, inverse, how closely related, etc.) are collectively known
as the schema knowledge. The schema knowledge is generally not constrained to particular statements, because the
relationships between the predicates are generally not dependent on the entities associated with the predicates. For
example, the inverse relationship between the predicates Part Of and Has Part holds equally regardless of whether the
related entity pairs are an orange and an orange segment, or New York and New York State.
[0016] Although knowledge graphs may be configured to indicate schema knowledge, this is not generally applied for
larger data sets. The primary reason for this is that the inclusion of schema knowledge in knowledge graphs generates
scalability issues, as a result of which the amount of work required to include information in a knowledge graph can
increase exponentially with the amount of information to be included. As a result, schema-unaware knowledge graphs
are common.
[0017] Figure 1A shows an example of a schema unaware embedding, in which the predicates t1, t2, t3, tx and ty
have been embedded in the vector space at random (with no consideration of relationships between the predicates).
The relative positioning of the vectors 120 representing different predicates in Figure 1A does not convey any useful
information on the relevant schema knowledge.
[0018] There are two existing mechanisms by which schema knowledge can be incorporated within knowledge graphs:
by pre-processing of the information to be included in the knowledge graphs; and by post-processing of the information
to be included in the knowledge graphs. Figure 1B shows how the application of the relevant schema knowledge 110
to the predicates t1, t2, t3, tx and ty alters the form of the resulting embeddings 130. As can be seen from Figure 1B,
the equivalence of the statements is illustrated by the clustering of the vectors 130 in the resulting (schema aware)
knowledge graph.
[0019] In the application of pre-processing to the statements forming a knowledge graph, the statements are updated
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prior to assigning any embedding vectors for the knowledge graph. As an example of this, in the case of "equivalent"
relations, for all the triples matching the pattern <s, Partner Of, o>, a triple <s, Married To, o> could be added to the
knowledge graph. Similarly, in the case of "inverse" relations, for all the triples matching the pattern <s, Has Part, o>, a
triple <o, Part Of, s> could be added to the knowledge graph. For post-processing application, predictions (inferences)
are made after the statements have been added to the knowledge graph, and these predictions are used to adjust the
vectors applied to the statements. The predictions are formulated as a mathematical optimisation problem (specifically
an Integer Linear Programming, ILP, problem) such that final prediction scores are a trade-off between the prediction
scores provided by Knowledge Graph embeddings, and compliance to logical constraints imposed by the method. An
example of a post-processing application is described in "Knowledge base completion using embeddings and rules", by
Wang, Q. et al., Proc. of the 24th IJCAI, 2015, pgs. 1859 to 1865.
[0020] Figure 2 is a process flow illustrating how both of the existing mechanisms by which schema knowledge can
be incorporated within knowledge graphs can be use when embedding statements (in the form of triples) into a knowledge
graph. As shown in Figure 2, the schema knowledge 210 can be used to update the triples 212-1 to 212-n before
embedding by an embedding computation system 211 in the knowledge graph (pre-processing, see 210-A). Alternatively,
the schema knowledge 210 can be used to make the (schema unaware) embedding of the triples 212-1 to 212-n into
the knowledge graph that has been computed by the embedding computation system 211 compliant to logical constraints
(post-processing 210-B. In either case, the parameters of the model which serve to embed the triples into the knowledge
graph are generated after the application of the schema knowledge.
[0021] When adding schema knowledge to an embedding model, the primary issues to be addressed are the accuracy
of the addition of the schema knowledge, and the scalability of the mechanism used to add the knowledge. In particular,
it is desirable to ensure that the knowledge graph embeddings comply with available Schema knowledge. As an example
of this, <s, Has Part, o> and <o, Part Of, s> should be assigned equal scores. Equally, predicates that are similar such
as "Colleague Of" and "Works With" - which have similar but not identical meanings - should be assigned similar
embedding vectors. Any method used in schema knowledge addition should also be able to accommodate both exact
and approximate inverse and equivalence relations, such as <Partner Of, Equivalent, Married With>
[0022] As the size of input information sets increases, the likelihood of an error being present in the input information
also increases. It is therefore desirable that a method used in schema knowledge addition should be robust to errors.
However, the primary issue with increasing size of input information is the scalability of schema knowledge addition
mechanisms. Input information sets including many million pieces of information are not unheard of, for example, the
DBpedia knowledge base (as discussed in "A Large-scale, Multilingual Knowledge Base Extracted from Wikipedia" by
Lehmann, J. et al., Semantic Web Journal, Vol. 6, No. 2, pgs. 167-195) comprises over 400 million Resource Description
Framework statements relating to 3.7 million entities, utilising the English language alone. Therefore, it is desirable for
any mechanism for adding schema knowledge to be scalable to large data sets.
[0023] As mentioned above, both pre-processing and post-processing approaches for applying schema knowledge
when embedding statements suffer from issues, in particular in relation to scalability of the methods employed. Schema-
unaware embedding models usually map semantically close predicates to very different embedding vectors (the mapping
is essentially random), thus not using such schema knowledge to improve the correctness of the embeddings. This can
be solved by pre-processing the input statements, but this approach does not scale to large knowledge graphs as a
result of the requirement for manual review of the dataset. While this may be practical for smaller input information sets,
the scale of larger input information sets such as DBpedia (as discussed above) renders this approach entirely impractical.
[0024] Post-processing methods can reduce the requirement for manual intervention relative to pre-processing. This
can be achieved by imposing a set of constraints on every possible fact, so to reflect available Schema Knowledge,
when learning the embedding vectors for each entity and predicate in the Knowledge Graph (as discussed in "Knowledge
base completion using embeddings and rules", cited above). However, this method requires that the number of constraints
grows exponentially with the number of entities and relations in the Knowledge Graph, again causing scaling issues
when applied to larger data sets.
[0025] It is therefore desirable to provide a method and apparatus for completing a knowledge graph from a plurality
of predicates and associated entities, including schema knowledge, which is both accurate and scalable.

Statements of Invention

[0026] An aspect of an embodiment of the present invention provides a method for completing a knowledge graph
from a plurality of predicates and associated entities, the predicates each providing information on a relationship between
a pair of entities, the method comprising the steps of:

receiving an input comprising the plurality of predicates and associated entities; searching an axiom database and
identifying predicates among the plurality of predicates that are equivalent to one another, or inverses of one another;
identifying further predicates that are related to one another, using the axiom database and identified predicates;
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and embedding the identified predicates and associated entities into a vector space to complete the knowledge
graph, wherein the predicates and associated entities are assigned vectors in the embedding such that a penalty
function sum, which is the sum of penalty function values for all of the predicates and associated entities, is minimised,
the penalty function values being: inversely proportional to the similarity between assigned vectors for two predicates
identified as being equivalent to one another; directly proportional to the dissimilarity between assigned vectors for
two predicates identified as inverses of one another; and weighted according to the degree of correlation between
predicates that are identified as being related. The method provides an accurate and (computing) resource efficient
method and apparatus for completing knowledge graphs.

[0027] A further aspect of an embodiment of the present invention provides a method wherein the plurality of predicates
and associated entities are utilized in the form of Resource Description Framework statements, and each Resource
Description Framework statement is of the form <subject,predicate,object> the subject and object being entities and the
predicate describing the relationship between the subject and object. Research Description Framework statements are
a commonly used and understood form of predicates and entities that are compatible with and used in a broad range
of databases.
[0028] A further aspect of an embodiment of the present invention provides a method wherein the absence of a given
Resource Description Framework statement from the information used to complete the knowledge graph is not auto-
matically interpreted as meaning that the given Resource Description Framework is false. The open world assumption
is a more accurate representation of the majority of datasets than other alternatives.
[0029] A further aspect of an embodiment of the present invention provides a method comprising analysing the Re-
source Description Framework statements that are to be used to complete the knowledge graph and identifying Resource
Description Framework statements that are absent; determining which of the identified absent Resource Description
Statements is likely to be false based on the analysis; and adjusting the embedding of the Resource Description Frame-
work entities and predicates that are to be used to complete the knowledge graph on the basis of the determination.
The generation of negative examples in this way further increases the speed and accuracy with which the knowledge
graph can be completed.
[0030] A further aspect of an embodiment of the present invention provides a method wherein the penalty function
sum is of the form: 

wherein: Θ is the parameters of the model used to complete the knowledge graph; p and q are predicates; A1 is a set
containing all of the schema equivalence axioms; A2 is a set containing all of the schema inverse axioms; e(x) is the
embedding vector of x; φ is a model dependent transformation function; and D(x i y) is a measure of the dissimilarity
between two given vectors x and y. This form of the penalty function sum can be used to efficiently identify the optimal
model parameters for the knowledge graph.
[0031] A further aspect of an embodiment of the present invention provides a method comprising storing the set of
assigned vectors found to minimise the penalty function sum. This allows the assigned vectors to be easily and quickly
accessed for future utilisation.
[0032] A further aspect of an embodiment of the present invention provides a method further comprising identifying
additional predicates based on the set of assigned vectors found to minimise the penalty function sum, and updating
the axiom database using the additional predicates. The identification of additional predicates in this way facilitates the
completion of databases.
[0033] A further aspect of an embodiment of the present invention provides a method wherein the penalty function
sum is minimised using stochastic gradient descent optimisation. Stochastic gradient descent optimisation is particularly
well suited for the optimisation of penalty functions sums in accordance with the present invention.
[0034] According to further aspects of embodiments of the present invention, there are provided an apparatus, a
computer program and non-transitory computer readable medium comprising the computer program, which provides
the same benefits as discussed above in the context of the method.

Description of Figures

[0035] The invention is described, by way of example only, with reference to the following Figures, in which:

Figure 1A shows an example of a schema unaware knowledge graph.
Figure 1B shows an example of a schema aware knowledge graph.
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Figure 2 is a flowchart illustrating prior art techniques for incorporating schema knowledge into knowledge graphs.
Figure 3 is a schematic of an apparatus in accordance with an aspect of an embodiment of the present invention.
Figure 4 is a flowchart of an example of link predication in accordance with an aspect of an embodiment of the
present invention.
Figure 5 is a block diagram of a computing device which embodies an aspect of an embodiment of the present
invention.

Detailed Description

[0036] The present invention provides an addition to existing schema unaware mechanisms for embedding statements
(triples) into knowledge graphs. The following description refers to the use of RDF triples, however the invention is
equally applicable to other models that deviate from the RDF requirements. As such, the present invention can be applied
to any information (triple) using the <entity, predicate, entity> form.
[0037] Non-limiting examples of schema unaware models to which the present invention may be applied include the
Translating Embeddings model (TransE), Bilinear-Diagonal model (DistMult) and Complex Embeddings model (Com-
plEx). The TransE model is discussed in detail in "Translating embeddings for modelling multi-relational data" by Bordes,
A. et al., available at https://www.utc.fr/-bordesan/dokuwiki/_media/en/transe_nips13.pdf as of 16 November 2016. The
DistMult model is discussed in detail in "Embedding entities and relations for learning and inference in knowledge bases."
by Yang, B. et al., available at hftps://arxiv.org/abs/1412.6575 as of 16 November 2016. The ComplEx model is discussed
in detail in "Complex Embeddings for Simple Link Prediction" by Trouillon, T. et al., Proc. of the 33rd International
Conference on Machine Learning, 2016. Each of the models discussed herein assigns a prediction score to each
statement (corresponding to a triple). The statement likelihood is directly correlated with the prediction score of the
statement. A summary of the operation of the models is provided below.
[0038] In the Translating Embeddings model (TransE), every entity e ∈ E and every predicate p ∈ R are mapped to
a unique, continuous embedding vector. The embedding vector of an entity e, and the embedding vector of a predicate
p, can then be defined as shown in Equation 3 below.

[0039] Using these definitions, the predication score f(<s,p,o> ; Θ) of a <s,p,o> triple is then given by Equation 4,
wherein llxll denotes the L1 or the L2 norm of the vector x, and Θ denotes the set of parameters of the model (which
include the embedding vectors of all entities and predicates in the Knowledge Graph). 

[0040] Triples with higher prediction scores are considered more likely than triples with a lower prediction score. As
the embedding vectors are not known in advance, the model is typically configured to initialise the embedding vectors
at random, and then incrementally update the vectors so to increase the prediction score of triples in the Knowledge
Graph (equating to statements verified as true), while decreasing the prediction score of triples not in the graph (equating
to statements not verified as true). TransE is an energy based model, and this updating can also be equated to minimising
the value of a loss function across all of the triples, thereby attempting to reach minimum of the loss function. This
minimum is indicative of the representation of the data deduced to most accurately represent reality.
[0041] The Bilinear-Diagonal model (DistMult) is based on the TransE model, as set out above. However, this model
is based on multiplicative interactions between the embedding vectors for e and p, rather than the additive interactions
used in the TransE model. Accordingly, the prediction score in the DistMult model is obtained as shown in Equation 5.
In Equation 5, the right side of the equation indicates the component dot product for e(p) e(s) e(o). As is the case with
the TransE model, the embedding vectors are initialised at random. 
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[0042] The Complex Embeddings model (ComplEx) is, in turn, based on the DistMult model. However, rather than
using purely real numbers, the ComplEx model uses complex-valued embeddings while retaining the mathematical
definition of the dot product. Accordingly, the prediction score for a statement (triple) is given by Equation 6 wherein,

given    indicates the real part of x, and  indicates the imaginary part of x.

As in the case of the TransE and DistMult model, the embedding vectors are once again initialised at random. 

[0043] Inherent in the TransE, DistMult and ComplEx models is the minimisation of a loss function, as discussed above
in the context of TransE. The loss function (or cost function) is minimised in order to optimise the representation of the
data, thereby arriving at the most accurate knowledge graph representing the relationships between the statements, in
the form of a set of optimal model parameters Θ*. The parameters Θ of the model once optimised (Θ*) comprise an
embedding vector for each entity and predicate in the knowledge graph, which can be used to complete the knowledge
graph.
[0044] Loss functions are not model specific, however an example of a loss function which is applicable to all of the
TransE, DistMult and ComplEx models is shown in Equation 7, wherein G is the complete set of statements (triples),
and C is a function which, when operating on a given triple <s, p, o>, will return all of the triples that can be obtained by

replacing one of the entities (s or o) with another entity from G. A user defined parameter is denoted by  

[0045] The optimal parameters are found by minimising the loss function, that is, according to Θ* = argminΘ L(Θ). This
is true regardless of the specific form of the loss function used.
[0046] In prior art systems, no consideration is made during the optimisation of the parameters for the schema knowl-
edge (all of the models discussed above are schema unaware). The present invention provides modifications for loss
functions (such as the loss function shown in Equation 7) to take into account schema knowledge. This is achieved
through the use of additional constraints imposed when minimising the loss function to arrive at the optimal parameters.
[0047] In order to allow the additional constraints to be explained, it is necessary to define two sets of axioms, A1 and
A2. A1 is a set containing all of the schema equivalence axioms, and A2 is a set containing all of the schema inverse
axioms. These two sets can be defined mathematically as shown in Equation 8 below, where p and q are predicates. 

[0048] Given the axiom sets A1 as defined in Equation 8, the invention applies the constraint that, for all entities s, o
∈ E where p ≡ q, the scores f(<s,p,o>; Θ) and f(<s,q,o>; Θ) should be the same by favouring that p and q have the same
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embedding, i.e. e(p) = e(q). Instead of imposing a distinct constraint f(<s,p,o>; Θ) = f(<s,q,o>; Θ), for each entity, a single
constraint e(p) = e(q) is imposed on the predicate embeddings e(p) and e(q). In this way, the equivalence axioms are
respected.
[0049] Given the axiom set A2, as also defined in Equation 8, the invention applies the constraint that, for all entities

s, o ∈ E where p ≡ q-, the scores f(<s,p,o>;Θ) and f(<o,q,s>;Θ) should be the same. In order to obtain this result with a
number of constraints that is not influenced by the number of entities in the knowledge graph, a model-dependent function

 is defined. By applying e(p) = φe(q)), the model-dependent function favours that for any pair of entities

s, o ∈ E, the score of <s, p, o> and <o, q, s> is the same: f(<s,p,o> ; Θ) = f(<o,q,s> ; Θ).
[0050] Strict enforcement of the constraints related to the axioms in the sets A1 and A2, requires the use of hard
constraints (inviolable constraints). The use of hard constraints in this way can efficiently adapt the embedding of the
vectors to take into account the schema knowledge, however it is limited to use with absolutely verified data equivalent
or inverse relationships. That is, the use of hard constraints in this way would reduce the ability of embodiments of the
invention to take into account relationships indicating that two predicates, although not directly equivalent or inverse of
one another, have related meanings. An example of related predicates is the case of the predicates Married With and
Partner Of: although not equivalent they have related meanings, and if <s, Married With, o> is true, then <s, Partner Of,
o> is more likely to also be true. However, although <s, Partner Of, o> is more likely to also be true in this situation, the
probability of validity is not as high as if the two predicates were exact equivalents of one another.
[0051] . In order to allow related predicates to be taken into consideration, embodiments of the present invention may
also use soft constraints, which are used to define desired properties which are favoured, but which are not inviolable.
So that the nature of relationship between two predicates can be taken into consideration, in particular how similar (or
inverse to) one another two predicates are, embodiments of the present invention apply a weighting factor (λ) to the
constraints. The weighting factor (λ) is essentially a measure of the importance of any given relationship between
predicates. For more similar (or inverse to one another) predicates, the weighting factor is large so that any deviation
from the ideal values as defined above (for equivalence: f(<s,p,o>; Θ) = f(<s,q,o>; Θ), and for inverses f(<s,p,o> ; Θ) =
f(<o,q,s> ; Θ)) has a significant impact on the loss factor (as defined below). For predicates where there is a less strong
relationship, the weighting factor is smaller such that any deviation from the ideal values has a less significant impact
on the loss factor. For hard constraints, the weighting factor (λ) may be maximal, to reflect the relative importance of
the hard constraints as discussed above.
[0052] In order to incorporate the weighted constraints into the loss factor, the present invention modifies an existing
loss factor (such as the loss factor shown in Equation 7) to include an additional penalty function term RS(Θ), as shown
in Equation 9. The value of RS(Θ) is the unweighted penalty function sum; a sum of the unweighted penalty function
values for all of the embedding vectors. 

[0053] In Equation 9, the first summation term penalizes (increases the score according to) the dissimilarity between
the embedding of p, e(p), and the embedding of q, e(q), when the two predicates are identified as equivalent (by the
schema equivalence axioms from set A1). The second summation term penalizes the dissimilarity between the embedding
of p, e(p), and a transformation of the embedding of q, φ(e(q)), when the two predicates are identified as inverses of one
another (by the schema equivalence axioms from set A2). The transformation function φ(·) is derived analytically for each
embedding model in such a way that for each pair of entities s,o ∈E, the triples <s, p, o> and <o, q, s> are associated
to the same score, as discussed above.
[0054] In Equation 9, the notation D(x i y) indicates a measure of the dissimilarity between two vectors (x and y). In
an aspect of an embodiment of the present invention, D(x i y) = i x - y i2, however other forms for measuring the similarity
between two vectors such as cosine similarity measurements can also be used.
[0055] The cosine similarity is a measure of similarity between two vectors, and is calculated using Equation 10 wherein
A and B are vectors, each having n components. The symbols Ai and Bi indicate the ith components of A and B respectively. 
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[0056] The output from Equation 10 is the cosine similarity value, which is a value between 0 and 1 that indicates the
similarity between the two input vectors, wherein a value of 1 Indicates that the comparison was made between two
identical vectors, and lower values indicate that the comparison was between more dissimilar vectors.
[0057] Using the equation for RS(Θ) as shown in Equation 9, an existing loss function (for example, the function shown
in Equation 7) can be modified to take into account the weighted soft constraints, by including the weighting factors (λ)
for the axioms, to return the penalty function sum λRS(Θ). The penalty function sum is the sum of weighted penalty
function values for all of the predicates and associated entities, the penalty function values being: inversely proportional
to the similarity between assigned vectors for two predicates identified as being equivalent to one another; directly
proportional to the dissimilarity between assigned vectors for two predicates identified as inverses of one another; and
weighted according to the degree of correlation between predicates that are identified as being related.
[0058] The resulting modified loss function in accordance with an aspect of the present invention is denoted by the
symbol Ls, and is given by Equation 11 as shown below. 

[0059] Aspects of embodiments of the present invention utilise gradient descent algorithms to optimise LS, that is, to
minimising the loss function according to θ* = argminΘ L(Θ) and obtain the set of optimal model parameters Θ*. Stochastic
gradient descent algorithms are particularly well suited to the optimisation required for embodiments of the present
invention, because this method will recalculate the modified loss function after each embedding vector variation. However,
other algorithms such as batch or mini-batch gradient descent algorithms can also be used.
[0060] A schematic of an apparatus 1000 in accordance with embodiments of the present invention is shown in Figure
3. In operation, the apparatus 1000 receives a plurality of predicates and associated entities, in the form of a plurality
of triples. As discussed above, the triples may be RDF triples, although this is not an essential feature of the invention.
The predicates and associated entities are received by a data receiver 1001. The data receiver 1001 may receive the
predicates and associated entities via manual input from a user (for example, by keyboard entry), however typically the
predicates and associated entities are provided in a data file. The data file may be received via an internet connection
or may be uploaded to the apparatus via a physical storage device, such as a hard drive or optical disk.
[0061] The apparatus 1000 also retrieves schema knowledge from a schema knowledge database 2001. In the aspect
of an embodiment of the invention shown in Figure 3 the schema knowledge database 2001 is separate from the
apparatus 1000, and the schema knowledge is retrieved by an information retriever 1002 from the schema knowledge
database 2001 via a connection to the remote schema knowledge database 2001. In aspects of embodiments of the
present invention, the schema knowledge database 2001 is stored on a remote server, connected to the apparatus 1000
either via the internet or via a dedicated data connection that is isolated from the internet. However, in alternative aspects
of embodiments of the invention, the schema knowledge database 2001 is incorporated within the apparatus 1000, and
the information retriever 1002 is responsible for extracting the required schema knowledge directly from the local data-
base. Optionally, a local schema knowledge database 2001 may periodically synchronise with a remote schema knowl-
edge database. The information retriever is responsible for obtaining relevant schema knowledge, that is, axioms iden-
tifying predicates among the plurality of predicates (obtained by the data receiver 1001) that are equivalent to one
another, or inverses of one another.
[0062] The schema knowledge and the predicates and associated entities are then passed to a trainer 1004, which
assigns embedding vectors to the predicates and associated entities to complete the knowledge graph. As discussed
in greater detail above, this assignment of embedding vectors is performed such that the penalty function sum is mini-
mised, the penalty function values for a given predicate and associated entities being:

inversely proportional to the similarity between assigned vectors for two predicates identified by the information
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retriever 1002 as being equivalent to one another; directly proportional to the dissimilarity between assigned vectors
for two predicates identified by the information retriever 1002 as inverses of one another; and weighted according
to the degree of correlation between predicates that are identified as being related.

[0063] Optionally, the trainer 1004 may communicate with an example generator 1005 when performing the assignment
of embedding vectors. The example generator 1005 is particularly of use in aspects of embodiments of the invention
that adhere to the open world assumption (as discussed above), such as those aspects that receive as an input triples
in accordance with the RDF requirements. In accordance with the open world assumption, a triple not in the RDF graph
does not necessarily encode a false statement, but rather it is not known if the corresponding statement is true or false.
In certain knowledge graph embedding models with which the present invention may be utilised, entity and predicate
embeddings are learned by incrementally increasing the score of triples in the graph, while lowering the score of triples
not in the graph that are considered less likely to encode true statements. The example generator 1005 is configured
to: analyse the Resource Description Framework statements that are to be used to complete the knowledge graph;
identify Resource Description Framework statements are absent; determine which of the identified absent Resource
Description Statements is likely to be false based on the analysis, wherein the absence of a given Resource Description
Framework statement from the information used to complete the knowledge graph is not automatically interpreted as
meaning that the given Resource Description Framework is false; and adjust the embedding of the Resource Description
Framework statements that are to be used to complete the knowledge graph on the basis of the determination (in
conjunction with the trainer 1004). In doing so, the example generator 1005 allows the optimisation process to be
performed in a more efficient way.
[0064] The apparatus 1000 may also optionally include a storage unit 1006 used to store the optimal model parameters,
that is, the optimal embedding vector for each entity and predicate, once the optimal model parameters have been
identified. In the aspect of an embodiment of the invention shown in Figure 3, the storage unit 1006 comprises a hard
disk which is part of the apparatus 1000, allowing the optimal model parameters to be stored locally such that the
knowledge graph can be retrieved and manipulated quickly. Alternatively, the apparatus 1000 may be configured to
transfer the optimal model parameters to a remote location (such as a server), either via the internet or via another means.
[0065] The optimal model parameters can be used for various purposes once the knowledge graph has been completed.
One way of utilising these parameters is in the generation of additional triples. By analysing the optimal model parameters,
the trainer 1004 can be configured to generate additional triples, not included in the initial information received by the
data receiver 1001, that the completed knowledge graphs indicates are correct (true). These additional triples can be
outputted for human verification. This process is also referred to as link prediction.
[0066] . The application of the present invention to link prediction is of particular value when embodiments of the
invention are used for completing databases. This is especially true for situations wherein there are equivalent and
inverse properties in a single dataset, or wherein a database is formed by combining data from multiple datasets (which
may not necessarily include the same fields). Example situations include population databases, medical databases,
financial or commercial databases and the like.
[0067] Figure 4 is a flowchart showing an example implementation of the invention for link prediction. A generalised
(schema unaware) link prediction model is modified taking into account the provided schema knowledge 410, and a new
link prediction model 411 is generated. The new model 411 takes into account the schema knowledge 410 when assigning
scores to the input triples 412-1 to 412-n, such that the imposed constraints (equivalences and inverse equivalences)
are satisfied. The new, schema aware model 411 generates scores 413-1 to 413-n such that the triples influenced by
the constraints now receive similar scores.
[0068] Figure 5 is a block diagram of a computing device, such as a personal computer, which embodies an aspect
of an embodiment of the present invention, and which may be used to implement an embodiment of the method for
completing a knowledge graph from a plurality of predicates and associated entities. The computing device comprises
a processor 993, and memory 994. Optionally, the computing device also includes a network interface 997 for commu-
nication with other computing devices, for example with other computing devices of invention embodiments, or for
computing with remote databases.
[0069] . For example, an aspect of an embodiment of the invention may be composed of a network of such computing
devices, such that components of the apparatus 1000 are split across a plurality of computing devices. Optionally, the
computing device also includes one or more input mechanisms such as keyboard and mouse or touchscreen interface
996, and a display unit such as one or more monitors 995. The components are connectable to one another via a bus 992.
[0070] The memory 994 may include a computer readable medium, which term may refer to a single medium or
multiple media (e.g., a centralized or distributed database and/or associated caches and servers) configured to carry
computer-executable instructions or have data structures stored thereon. Computer-executable instructions may include,
for example, instructions and data accessible by and causing a general purpose computer, special purpose computer,
or special purpose processing device (e.g., one or more processors) to perform one or more functions or operations.
Thus, the term "computer-readable storage medium" may also include any medium that is capable of storing, encoding
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or carrying a set of instructions for execution by the machine and that cause the machine to perform any one or more
of the methods of the present disclosure. The term "computer-readable storage medium" may accordingly be taken to
include, but not be limited to, solid-state memories, optical media and magnetic media. By way of example, and not
limitation, such computer-readable media may include non-transitory computer-readable storage media, including Ran-
dom Access Memory (RAM), Read-Only Memory (ROM), Electrically Erasable Programmable Read-Only Memory (EEP-
ROM), Compact Disc Read-Only Memory (CD-ROM) or other optical disk storage, magnetic disk storage or other
magnetic storage devices, flash memory devices (e.g., solid state memory devices).
[0071] The processor 993 is configured to control the computing device and execute processing operations, for example
executing code stored in the memory to implement the various different functions of the data receiver 1001, information
retriever 1002, trainer 1004 and, optionally, schema knowledge database 2001, example generator 1005 and storage
unit 1006 described here and in the claims. The memory 994 stores data being read and written by the processor 993.
As referred to herein, a processor may include one or more general-purpose processing devices such as a microproc-
essor, central processing unit, or the like. The processor may include a complex instruction set computing (CISC)
microprocessor, reduced instruction set computing (RISC) microprocessor, very long instruction word (VLIW) micro-
processor, or a processor implementing other instruction sets or processors implementing a combination of instruction
sets. The processor may also include one or more special-purpose processing devices such as an application specific
integrated circuit (ASIC), a field programmable gate array (FPGA), a digital signal processor (DSP), network processor,
or the like. In one or more embodiments, a processor is configured to execute instructions for performing the operations
and steps discussed herein.
[0072] The display unit 997 may display a representation of data stored by the computing device and may also display
a cursor and dialog boxes and screens enabling interaction between a user and the programs and data stored on the
computing device. The display unit may also comprise a touchscreen interface. The input mechanisms 996 may enable
a user to input data and instructions to the computing device. In particular, the display unit may be used to display
knowledge graphs completed using the present invention, received schema knowledge, input triples, derived triples,
and so on.
[0073] The network interface (network I/F) 997 may be connected to a network, such as the Internet, and is connectable
to other such computing devices via the network. The network I/F 997 may control data input/output from/to other
apparatus via the network.
[0074] Other peripheral devices such as microphone, speakers, printer, power supply unit, fan, case, scanner, track-
erball etc. may be included in the computing device.
[0075] . The data receiver 1001 of Figure 3 may be a processor 993 (or plurality thereof) executing processing instruc-
tions (a program) stored on a memory 994 and exchanging data via a network I/F 997 or bus 992. In particular, the
processor 993 can execute processing instructions to receive triples (predicates and associated entities), as discussed
above. Furthermore, the processor 993 may execute processing instructions to store the received triples on a connected
storage unit and/or to transmit, via the network I/F 997 or bus 992, the triples to other components within the apparatus
1000.
[0076] The information retriever 1002 of Figure 3 may be a processor 993 (or plurality thereof) executing processing
instructions (a program) stored on a memory 994 and exchanging data via a network I/F 997 or bus 992. In particular,
the processor 993 can execute processing instructions to retrieve relevant schema knowledge from a schema knowledge
database 2001, as discussed above. Furthermore, the processor 993 may execute processing instructions to store the
received schema knowledge on a connected storage unit and/or to transmit, via the network I/F 997 or bus 992, the
schema knowledge to other components within the apparatus 1000.
[0077] The trainer 1004 of Figure 3 may be a processor 993 (or plurality thereof) executing processing instructions (a
program) stored on a memory 994 and exchanging data via a network I/F 997 or bus 992. In particular, the processor
993 can execute processing instructions to embed the identified predicates and associated entities into a vector space
to complete the knowledge graph, in accordance with the minimisation of the penalty function sum as discussed above.
Furthermore, the processor 993 may execute processing instructions to store the knowledge graph (optimal model
parameters) on a connected storage unit and/or to transmit, via the network I/F 997 or bus 992, the knowledge graph
to other components within the apparatus 1000 or elsewhere.
[0078] Methods embodying the present invention, may be carried out on one or more computing devices such as that
illustrated in Figure 5. Such a computing device need not have every component illustrated in Figure 5, and may be
composed of a subset of those components. A method embodying the present invention may be carried out by a single
computing device in communication with one or more data storage servers via a network, as discussed above.
[0079] As embodiments of the present invention are configured to incorporate schema knowledge in the process of
assigning the embedding vectors, the resulting knowledge graphs more accurately represent the relationships between
input triples than knowledge graphs generated by existing, schema unaware methods. Further, because the present
invention avoids the use of post-processing schema knowledge implementation, the number of constraints required
does not increase exponentially and the present invention can therefore be applied to large data sets without requiring
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unreasonable computing resources. The present invention therefore provides an accurate and (computing) resource
efficient method and apparatus for completing knowledge graphs. As discussed above, the method may be implemented
using a computer program, which may be stored on a non-transitory computer readable medium.

Claims

1. A method for completing a knowledge graph from a plurality of predicates and associated entities, the predicates
each providing information on a relationship between a pair of entities, the method comprising the steps of:

receiving an input comprising the plurality of predicates and associated entities;
searching an axiom database and identifying predicates among the plurality of predicates that are equivalent
to one another, or inverses of one another;
identifying further predicates that are related to one another, using the axiom database and identified predicates;
and
embedding the identified predicates and associated entities into a vector space to complete the knowledge graph,
wherein the predicates and associated entities are assigned vectors in the embedding such that a penalty
function sum, which is the sum of penalty function values for all of the predicates and associated entities, is
minimised, the penalty function values being:

inversely proportional to the similarity between assigned vectors for two predicates identified as being
equivalent to one another;
directly proportional to the dissimilarity between assigned vectors for two predicates identified as inverses
of one another; and
weighted according to the degree of correlation between predicates that are identified as being related.

2. The method of claim 1, wherein:

the plurality of predicates and associated entities are in utilized in the form of Resource Description Framework
statements, and
each Resource Description Framework statement is of the form <subject,predicate,object> the subject and
object being entities and the predicate describing the relationship between the subject and object.

3. The method of claim 2, wherein the absence of a given Resource Description Framework statement from the
information used to complete the knowledge graph is not automatically interpreted as meaning that the given Re-
source Description Framework statement is false.

4. The method of claim 3, further comprising:

analysing the Resource Description Framework statements that are to be used to complete the knowledge
graph and identifying Resource Description Framework statements that are absent;
determining which of the identified absent Resource Description Framework statements is likely to be false
based on the analysis; and
adjusting the embedding of the Resource Description Framework entities and predicates that are to be used to
complete the knowledge graph on the basis of the determination.

5. The method of any preceding claim, wherein the penalty function sum is of the form: 

wherein:

Θ is the parameters of the model used to complete the knowledge graph;
p and q are predicates;
A1 is a set containing all of the schema equivalence axioms;
A2 is a set containing all of the schema inverse axioms;
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e(x) is the embedding vector of x;
φ is a model dependent transformation function; and
D(x i y) is a measure of the dissimilarity between two given vectors x and y.

6. The method of any preceding claim, the method further comprising storing the set of assigned vectors found to
minimise the penalty function sum.

7. The method of claim 6, further comprising identifying additional statements based on the set of assigned vectors
found to minimise the penalty function sum, and updating the knowledge graph (set of triples) using the additional
statements.

8. The method of any preceding claim, wherein the value of the penalty function sum is minimised using stochastic
gradient descent optimisation.

9. An apparatus for completing a knowledge graph from a plurality of predicates and associated entities, the predicates
each providing information on a relationship between a pair of entities, the apparatus comprising:

a data receiver configured to receive an input comprising the plurality of predicates and associated entities;
an information retriever configured to search an axiom database and identify predicates among the plurality of
predicates that are equivalent to one another, or inverses of one another;
a trainer configured to identify further predicates that are related to one another, using the axiom database and
identified predicates, and to embed the identified predicates and associated entities into a vector space to
complete the knowledge graph,
wherein the trainer is further configured to assign vectors to the predicates and associated entities such that a
penalty function sum, which is the sum of penalty function values for all of the predicates and associated entities,
is minimised, the penalty function values being:

inversely proportional to the similarity between assigned vectors for two predicates identified by the infor-
mation retriever as being equivalent to one another;
directly proportional to the dissimilarity between assigned vectors for two predicates identified by the infor-
mation retriever as inverses of one another; and
weighted according to the degree of correlation between predicates that are identified as being related.

10. The apparatus of claim 9, wherein the plurality of predicates and associated entities are input into the data receiver
in the form of Resource Description Framework statements, each Resource Description Framework statement being
of the form <subject, predicate, object> the subject and object being entities and the predicate describing the
relationship between the subject and object,
the apparatus further comprising an example generator configured to:

analyse the Resource Description Framework statements that are to be used to complete the knowledge graph
and identify Resource Description Framework statements that are absent;
determine which of the identified absent Resource Description Framework statements is likely to be false based
on the analysis, wherein the absence of a given Resource Description Framework statement from the information
used to complete the knowledge graph is not automatically interpreted as meaning that the given Resource
Description Framework statement is false; and
adjust the embedding of the Resource Description Framework entities and predicates that are to be used to
complete the knowledge graph on the basis of the determination.

11. The apparatus of any of claims 9 and 10, further comprising a storage unit configured to store the set of assigned
vectors found to minimise the penalty function.

12. The apparatus of any of claims 9 to 11, wherein the trainer is configured to minimise the value of the penalty function
sum using stochastic gradient descent optimisation.

13. A computer program which, when executed on a computer, causes the computer to perform a method for completing
a knowledge graph in accordance with any of claims 1 to 8.

14. A non-transitory computer readable medium comprising a computer program in accordance with claim 13.
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