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Abstract:

This paper focuses the problem of learning the knowledge low-dimensional embedding representation for
entities and relations extracted from domain-specific datasets. Existing embedding methods aim to represent
entities and relations from a knowledge graph as vectors in a continuous low-dimensional space. Different
approaches have been proposed, being usually evaluated on standard benchmark knowledge graphs, such as
Wordnet and Freebase. However, the nature of such data sources prevents those methods of taking advantage
of more detailed and enriched metadata, lacking more accurate results on the evaluation tasks. In this paper, we
propose HEXTRATO, a novel embedding approach that extends a traditional baseline model TransE by adding
ontology-based constraints in order to better capture the relationships between categorised entities and their
symbolic representation in the vector space. Our method is evaluated on an adapted version of Freebase, on a
publicly available dataset used on machine learning benchmarks, and on two datasets in the clinical domain.
Our method outperforms the state-of-the-art accuracy on the link prediction task, evidencing the learnt entity
and relation embedding representation can be used to improve more complex embedding models.

1

INTRODUCTION

The problem of representing multi-relational data has
gained more attention in the last decade as long as
more knowledge bases become available and useful
as supporting resources for a variety of machine learning related applications. A knowledge graph (KG)
is a multi-relational dataset composed by entities
(nodes) and relations (edges). Freebase (Bollacker
et al., 2008), Google Knowledge Graph (Dong et al.,
2014), Wordnet (Fellbaum, 1998), and YAGO (Suchanek et al., 2007) are some well-known examples of multi-relational data. They provide reasoning ability and can be used for inference, supporting
applications such as information retrieval, questionanswering systems (Gardner and Mitchell, 2015), link
prediction (Taskar et al., 2003), and knowledge resolution (Lin et al., 2017).
In multi-relational data, each entity represents an
abstract concept or concrete entity of the world and
relationships are predicates that represent facts involving two entities. KGs are described in the form of
triples (h, r, t) – h and t are the head and tail entities (also known as subject and object) and r is the

predicate that represents the relation between h and
t. Knowledge embedding methods aim to represent
entities (h and t) and relations (r) as vectors in a continuous vector space, enforcing the embedding compatibility by using distinct scoring (loss) functions
to evaluate their representations, which implies some
transformations on the triple constituents (h, r, t), and
distinct algorithms to optimize the margin-based objective function.
KGs are usually created based on facts extracted
from unstructured or semi-structured data sources, so
they are typically inaccurate and incomplete. Learning the distributed representation of multi-relational
data provides an efficient tool to complete knowledge
bases without requiring extra knowledge. Thus, knowledge base completion or link prediction became an
important task of automatically recovering missing
facts based on observed ones.
Embedding methods represent entities as a kdimensional vector in order to learn and operate on
the latent feature representation of the constituents
and on their semantic relatedness, by defining a scoring function f (h,t) to measure the plausibility of the
triplet (h, r, t), where f (h,t) implies a transforma-
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tion on the pair of entities which characterises the
relation r. TransE (Bordes et al., 2013) is one of
the usual baseline methods that uses simple assumptions to achieve accurate and scalable results, proving to be effective and efficient even in complex
and heterogeneous multi-relational domains. After
providing the initial embedding representation in the
first learning steps, TransE is usually extended by
more complex models that use distinct techniques
and embedding representations to obtain better link
prediction performance on the benchmark datasets.
TransH (Wang et al., 2014), TransR (Lin et al., 2015),
and STransE (Nguyen et al., 2016) are some examples of other methods designed to learn and operate
on embedding representations based on TransE.
Although embedding methods have driven the attention to the widely used standard benchmark datasets, we aim to apply knowledge representation methods over more structured datasets, built with data
extracted from domain-specific information systems.
Such source systems are able to provide enriched metadata and produce more dense KGs rather than the
sparse ones usually employed in the traditional evaluation protocols. We are particularly interested on
evaluating embedding learning methods over data extracted from patient electronic health records (EHR)
in order to create more accurate prediction models in
the clinical domain.
In this paper, we present HEXTRATO, a novel
embedding approach that extends the traditional baseline model TransE by adding ontology-based constraints designed based on the source metadata in order to better capture the relationships between entities and their symbolic representation in the vector
space. Experiments on the task of link prediction,
using an adapted version of Freebase, a publicly available dataset used on machine learning benchmarks,
and two datasets from the clinical domain, show improvements of predictive accuracy over the traditional
baseline approach TransE and other similar approaches. The results demonstrate our method improves
the accuracy on the evaluation task when dealing with
more structured data and metadata, evidencing the resulting learnt entity and relation embedding representations can also be used to improve more complex embedding models when dealing with domain-specific
categorised data.

2

RELATED WORK

Embedding models in general aim to represent entities in a k-dimensional vector space (or “embedding
space”), where k is a model hyper-parameter, so that

there is a specific similarity metric able to capture the
relationship between entities for any given relation
type, by learning how each entity interacts with other
entities with respect to all types of relations (Bordes
et al., 2011). Given a knowledge base set S of triplets
(h, r,t) composed of two entities h,t ∈ E and a relationship r ∈ R , where E denotes the set of entities
and R the set of relation types, the embedding model learns an embedding vector e ∈ Rk for each entity
and one or more embedding vectors (and/or matrices)
r ∈ Rk (and/or r ∈ Rk×m ) for each relationship.
TransE (Bordes et al., 2013) is a baseline method
that uses simple assumptions to achieve accurate and
scalable results. TransE proved to be relatively effective and efficient by representing entities h, t and
a relation r by translation vectors h,t, r ∈ Rk , chosen
so that the pair of embedded entities in a triple (h, r,t)
can be connected by r with low error (Equation 1).
h+r ≈ t

(1)

Although TransE is very efficient while achieving predictive performance, it rifts on dealing with
certain kinds of relations, such as reflexive, oneto-many, many-to-one, and many-to-many relationships (Wang et al., 2014). Nevertheless, other methods utilise TransE as a base model as part of the first
learning steps in order to provide the initial embeddings, aiming to learn better knowledge representations for complicated semantic correlations between
knowledge triples – e.g. by projecting the entity embedding vector into a relation space using relationspecific matrices. Some of these translation-based
embedding models are briefly described below.
TransH (Wang et al., 2014) models relations as
hyperplanes together with translation operations on
it. TransH overcomes the flaws regarding to those
kinds of relationships that TransE does not perform
well, by preserving the mapping properties of relations, and keeping the same model complexity and
running time of TransE. Each entity can have distinct
distributed representations when involved in different
relations, which allows entities to play different roles
in different relations. Each relation r is represented
by a vector r on a hyperplane with wr as the normal
vector. The entity embedding vectors h and t are first
projected to the hyperplane of wr (h⊥ and t⊥ ). The
score function is similar to that used in TransE, but
using the projected embedding vectors instead (Equation 2).
fr (h,t) = kh⊥ + r − t⊥ k22
(2)
TransR (Lin et al., 2015) and ETransR (Lin et al.,
2017) model entity and relation embedding representation into separate distinct vector spaces, bridged by
a relation-specific matrix Mr (a k-dimensional space
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for entities and a m-dimensional space for relations).
These methods are mainly focused on modelling single knowledge in continuous space instead of modelling the semantic relatedness between knowledges. In
these models, the entity and relation embedding dimensions are not necessarily identical. In ETransR,
however, all the results report k = m, which lead us to
conclude that: a) projecting entity embedding vectors
into lower dimensional spaces can lose some precious
information, and b) using higher dimensional spaces
do not necessarily add any further useful information
to the embedding model.
Structured Embedding or SE (Bordes et al., 2011)
and STransE (Nguyen et al., 2016) intend to account
for relationship asymmetry by using two relationspecific projection matrices for entities h and t. SE
defines the score function by using two projected vectors, so that:
fr (h,t) = kWr,1 h −Wr,2tk

(3)

where fr (h,t) is large for corrupted triplets (and small
otherwise) in some subspace that depends on the relationship r. STransE combines SE and TransE by
using relation-specific matrices Wr,1 and Wr,2 to identify the relation-dependent aspects, and a vector r to
capture the relationship between the entities h and
t. In STransE, a score function fr (h,t) (Equation
4) is used to minimize the margin-based objective
function, and performs better than the SE, TransE and
other state-of-the-art link prediction models.
fr (h,t) = kWr,1 h + r −Wr,2tkl1/2

(4)

TransT (Ma et al., 2017) is a recent attempt to integrate structured information and entity types in order to describe the categories of entities. TransT constructs relation types from entity types and utilises
type-based semantic similarity to capture prior distributions of entities and relations. However, it gerenates multiple embedding representations of each entity
in different contexts.
Knowledge embedding methods are commonly
evaluated on standard benchmark datasets WN18 and
FB15K built with data extracted from Wordnet (Fellbaum, 1998) and Freebase (Bollacker et al., 2008).
Reporting results (Lin et al., 2015; Nguyen et al.,
2016), however, evidence the lack of accuracy when
dealing with non-categorised data available in this traditional benchmark datasets. Type-based constraints
can support the statistical modelling with latent variable models, by integrating prior knowledge on entity
and relation types, significantly improving these models up to about 70% in link prediction tasks, especially when a low model complexity is enforced (Krompaß et al., 2015).
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3

HEXTRATO

Our method couples the baseline embedding method
TransE with a set of ontology-based constraints inherited from the source metadata in order to improve
both the accuracy and validation performance when
dealing with more structured and well categorized
domain-specific data.

3.1 Ontology-based Constraints
3.1.1

Typed Entities

As long as the source database provides categorised
data and metadata, each resulting triple in the knowledge base has both head and tail entities h and t
identified by a type. Each resulting triple is presented in the form (ch :h, r, ct :t), where ch and ct represent the types of h and t. Besides providing a categorised set of entities, the metadata also enriches the
definition of each relation r, by restricting the domain and range of r to set of entities h ∈ ch : E and
t ∈ ct : E , respectively. In the following example,
the relation hasGender is constrained by the domain patient and the range gender: (patient:P01,
hasGender, gender:male).
HEXTRATO uses independent vector spaces to
project each entity type, thus leading to a substantial processing time improvement along the validation
process – related work models usually perform the
validation process every each 100 cycles along the
training step, whilst our method performs validation
after each 20 training cycles with similar processing
time comparing to previous works.
3.1.2

Isolating Values

Specific set of tail values can share the same entity
names and types when involved in different relations.
A very simple example to illustrate this condition is
the boolean type. When multiple relations r1 and r2
are defined with same range boolean, they end up by
sharing the possible entities boolean:true and boolean:false in the boolean vector space. However, this
correlation between r1 and r2 does not necessarily exist. We set the relations sharing tail types that should
be taken as independent relations, by isolating the associated values in relation-specific types. Effectively,
given two relations r1 and r2 both defined with the
same range typet of tail entities, we set each relation
to isolate the tail values by creating an independent
set of tail entities for each relation, i.e. independent
vector spaces for each relation.
For example, the relations isPregnant and
isSmoker are both defined with the same range
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boolean: (patient:?,isPregnant,boolean:?)
and (patient:?,isSmoker,boolean:?). However, isPregnant and isSmoker should be taken as
independent properties for a given patient, and it
should not be expected to have any correlations
between those entities by sharing the tail entities boolean:true and boolean:false. By isolating
their values, each relation creates its own set of
boolean values, boolean:isPregnant true and boolean:isPregnant false for the relation isPregnant, and
boolean:isSmoker true and boolean:isSmoker false
for the relation isSmoker.
3.1.3

Disjoint Sets

By learning the distributed representation of multirelational data, knowledge embedding models can efficiently deal with the semantic relatedness of their
constituents. Similar entities are expected to be found
near to each other in the vector space, while dissimilar entities should be placed apart. However, this
expected result can be harmed when learning the embedding representation for dense graphs, especially
when combining independent types of relations to
describe the subject entities. By imposing a minimum
disjoint dissimilarity (distance margin) among the entities belonging to specific types on the tail side, we
avoid the model converging to undesirable solutions.
In very dense graphs, we observed multiple tail values
associated with uncorrelated types of relations found
very close to each other, leading to a model that mimics a random probability of choices.
For instance, by setting the type gender as a
disjoint set, a minimum disjoint margin distance between the entities gender:male and gender:female is
enforced in the beginning of each training step. The
disjoint margin is an additional hyper-parameter in
our approach,
but for the experimental results it was
√
k
fixed as 8 for each k-dimensional space evaluated.
3.1.4

Functional Relations

In a functional relation r, for each head entity h, there
can be at most one distinct tail entity t such that (h, r,t)
is true, which is equivalent of saying the cardinality of
the relation r is ≤ 1. Combining typed and functional
relations with disjoint tail sets proved to be very effective on learning the embedding representation of
multi-relational data, by narrowing the process of selecting corrupted triples along the training process.
By way of illustration, considering the following
true positive triple (patient:P01, hasGender,
gender:male), in which the relation hasGender is
set as functional and the type gender is a disjoint set,

the process of electing a corrupted tail along the training process is straightly redirect to pick up all the remaining tail entities from the gender set, in this case
gender:female would be the only alternative.

3.2 Embedding Representation
Among previous embedding methods, TransE is a
promising baseline, as it is simple and efficient
while achieving predictive performance. However,
we find that there are flaws in TransE when dealing
with relations mapping properties of reflexive/oneto-many/many-to-one/many-to-many. Few previous
works discuss the role of these mapping properties in
embedding. Some advanced models with more free
parameters are capable of preserving these mapping
properties, e.g. TransH (Wang et al., 2014). However, the model complexity and running time is significantly increased accordingly. Our method follows
the idea presented by TransE, coupling this baseline
model with the ontology-based constraints previously
described in order to improve accuracy in domainspecific knowledge bases.
Despite the great expressiveness of the previously
proposed embedding models, they can be complex
to model, hard to interpret, and expensive in terms
of training computational costs. Besides, we observed in empirical experiments they are susceptible
to either overfitting in higher embedding spaces, or
under-fitting due to multiple local minima along the
optimization process. Indeed, according to (Bengio
et al., 2005), lower k-dimensional spaces are appropriate for achieving good results because a density
estimator can misbehave in high dimensions when
there is no smooth low-dimensional manifold capturing the distribution. In our approach, we target lower
k-dimensional models (e.g. k < 100) favouring a distributed representation that is rather cheap in memory
and potentially keep the generalization ability.
Given a training set S of triplets (ch :h, r, ct :t) our
model learns embedding vectors for the entities and
the relations. Each categorised entity c:e is represented by a embedding vector ec ∈ Rk , and each relation r is represented by a embedding vector r ∈ Rk .
Similarly as it was defined in TransE, for each relation r there is a score function fr (Equation 5) that
represents a dissimilarity using a p-norm metric (in
our experiments we used p = 2), such that the score
fr (hch ,tct ) of a plausible triple (ch :h, r, ct :t) is smaller
than the score fr (h0ch ,tc0 t ) of a implausible triple (ch :h’,
r, ct :t’).
fr (hch ,tct ) = khch + r − tct k2

(5)

75

KDIR 2018 - 10th International Conference on Knowledge Discovery and Information Retrieval

In order to learn knowledge embedding representation, our method uses Stochastic Gradient Descent
(SGD) (Robbins and Monro, 1951) to minimize a
margin-based loss functions L :

L=

∑

(ch :h,r,ct :t)∈S
(ch :h0 ,r,ct :t 0 )∈S 0

[γ + fr (hch ,tct ) − fr (h0ch ,tc0 t )]+ (6)

where, γ is the margin parameter, S is the set
of correct triples, S 0 is the set of incorrect triples
(ch :h’,r,ct :t) ∪ (ch :h,r,ct :t’), and [x]+ = max(0, x).
In TransE, incorrect triples ((h0 , r,t) ∪ (h, r,t 0 )) are
generated by randomly corrupting either h or t in a
correct triple (h, r,t) ∈ S using different probabilities
for entity replacement (Wang et al., 2014). We follow
the same idea as presented in TransE, but the entity
replacement is randomly chosen from the set of entities belong to the corresponding type of each relation
domain and range instead.
Entity and relation embedding vectors are initialised with the random uniform normalized initialization (Glorot and Bengio, 2010). The set of golden
triples is then randomly traversed multiple times along the training process up to the maximum of 1,000
iterations, such that each training step produces a corrupted triple for each correct triple. HEXTRATO introduces a disjoint verification step, performed once
before each training cycle, in which the disjoint margin is enforced among each set of disjoint entity types.
Finally, at the end of each training iteration, we
impose a L2-norm constraint for the embedding vectors of each entity (khk2 ≤ q and ktk2 ≤ q) in order
to prevent the training process to minimize the loss
function L by artificially increasing the entity embedding norms (no regularization constraint is given to
the relation embedding vectors). The constant q = 1
is commonly used in previous work, but it tends to
produce small embedding vector values for higher values of k in a k-dimensional space. In order to better
exploit the range of possible embedding values in the
interval [-1,+1], we define the max magnitude constraint for each entity as:

3.3

√
k
q = max 1,
2

(7)

Evaluation Datasets

In order to evaluate the effectiveness of our method
and the ability of improving the baseline accuracy
obtained from TransE in domain-specific data, we
conducted experiments on two real datasets extracted
from InfoSaude (Tissot and Dobson, 2018), a Electro76

nic Health Record (EHR) system.1 The system manages and tracks patient records, being used to meet
the needs of several integrated public health centres
in the city of Florianopolis/Brazil by integrating different information structures to provide required outputs, such as the Outpatient Information and Ambulatory Care Individual reports, and summarizing data
on the type of care, pregnancies, procedures performed on the patient, applied vaccines and drug prescriptions. Statistics about the evaluation datasets are
given in Table 1:
Table 1: Statistics of domain-specific benchmark datasets,
given by the number of entities, relations, and triples in
each dataset split – training (LRN), validation (LVD), tuning (TUN) and test (TST) sets.

#
Entities
Relations
LRN
VLD
TUN
TST

EHR Datasets
Demographics Pregnancy
2237
3088
6
5
13875
14588
463
1997
475
2093
532
2090

Both EHR datasets are totally de-identified. Ages
are converted to a range of values to avoid determining the actual year of birth. New independent sequential IDs are assigned to each patient – patients
with more than one admission have distinct IDs in
each EHR dataset. No additional sensitive patient
data is included in any of the datasets. Table 2 presents the types of entities involved in each kind of relation in the evaluations datasets, as well as the number of triples available for each kind of relation.
In addition to the EHR datasets, we used an adapted version of FB15K dataset (FB15K-Typed), in
which each entity was categorised based on the descripton of their corresponding relations, so that making it possible to compare our results with previous
work. We also report results on the Mushroom2 dataset in order to motivate further experiments and improvements in the link prediction task. Both datasets
are available for download.3
EHR-Demographics
This dataset comprises a set of 2,185 randomly selected patients who had at least one admission between 2014 and 2016. Each patient is described by a
1 Not publicly available – a synthetic sample is available
at https://github.com/HeglerTissot/hextrato
2 https://archive.ics.uci.edu/ml/datasets/mushroom
3 https://github.com/HeglerTissot/hextrato/
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Table 2: Relations and corresponding entity types (domain and range) found in each domain-specific benchmark datasets.

Relation
hasGender
ageRange
hasMaritalStatus
hasMaxEducation
isSmoker
isPregnant
inSocialGroup (N:N)

Domain (head type) Range (tail type)
patient
gender
patient
interval
patient
maritalStatus
patient
education
patient
boolean
patient
boolean
patient
socialGroup
(a) EHR-Demographics dataset

Relation
Domain (head type) Range (tail type)
ageYearsWhenLMP
patient
interval
hadAbortion
patient
boolean
ageWeeksWhenInterrupted patient
interval
ICDBeforeLMP (N:N)
patient
ICD
ICDAfterLMP (N:N)
patient
ICD
(b) EHR-Pregnancy dataset
set of basic demographic information, including gender, age (range in years) in the admission, marital status (unknown for about 15% of the patients), education level, and two flags indicating whether the patient
is known to be either a smoker or pregnant, and the
social group. Social groups are assigned to each patient according to a diverse set of rules mainly based
on demographic and historical data. Social groups are
further used to determine which social programs each
patient can be offered to join.
EHR-Pregnancy
This dataset includes a set of 2,879 randomly selected
pregnant female patients from which pregnancy was
inadvertently and abnormally interrupted before the
expected date of birth. Each patient is described by
age (range in years) by the known date of last menstrual period (LMP), whether the patient had an abortion (regardless of reason), and a list of ICD-10 (International Classification of Diseases) codes4 registered
either before or after the LMP date. This dataset has
been used in order to identify correlations between
pre and post clinical conditions on pregnant patients
with abnormal pregnancy termination.

3.4

Evaluation Protocol

A commonly used evaluation protocol for knowledge
embedding methods includes a Link Prediction (LP)
task on the test set. LP is a typical question answering
task which aims at completing a triple (h, r,t) with
4 http://www.who.int/classifications/icd/en/

# Triples
2,185
2,185
1,844
1,815
2,185
506
4,625
# Triples
2,879
2,879
2,879
5,776
6,355

h or t missing, by predicting t given (h, r, ?) or predicting h given (?, r,t), where ? denotes the missing
element. Rather than giving one best answer, this task
is focused on ranking the plausibility of a set of candidate entities in descending order of similarity scores, calculated by inducing the score function fr (h,t)
and recording the rank of the correct missing entity.
HEXTRATO is evaluated by predicting t given (ch :h,
r, ct :?) or predicting h given (ch :?, r, ct :t).
Overall results in the related work are usually presented by reporting the following commonly used
scores as evaluation metrics: a) Mean Rank (MR); b)
Mean Reciprocal Rank (MRR) of correct entities; and
c) the proportion of correct entities in top-N ranked
entities (Hits@N, with N usually equals 10). MRR is
an improved measure of Mean Rank [8] which calculates the average rank of all the entities (relations) and
calculates the average reciprocal rank of all the entities (relations). Compared with Mean Rank, MRR is
less sensitive to outliers. A good link predictor should
achieve lower MR or higher MRR and Hits@N. As
long as we aim to deal with more consistent and categorised data, we also focus on achieving better performance on the prediction task by comparing ranking
metrics with lower values of N, such as Hits@1 and
Hits@3.
Corrupted triples may also exist in a KG, which
should be also considered as correct from the training
set for instance, flawing the evaluation metrics. Thus,
the LP task may under-estimate those approaches that
rank corrupted but correct triples high. Hence, in order to avoid such a misleading behaviour, all the triples that appear either in the training, validation, tuning or test set are usually removed from the list of
corrupted triples, ensuring that all corrupted triples do
77

KDIR 2018 - 10th International Conference on Knowledge Discovery and Information Retrieval

Table 3: Evaluation results for the Link Prediction task – Mean Reciprocal Rank (MRR), Mean Rank (MR), Hits@1 (H@1),
Hits@3 (H@3), Hits@10 (H@10) on two EHR datasets.

TransE
HEXTRATO
(H1)
(H2)
(H3)
(H4)

MRR
0.3787

EHR-Demographics
MR
H@1
H@3
6.01 0.1523 0.4812

H@10
0.9173

MRR
0.227

EHR-Pregnancy
MR
H@1 H@3
103.87 0.103 0.264

H@10
0.457

0.492
0.469
0.505
0.506

3.44
3.65
3.43
3.42

0.9530
0.9530
0.9530
0.9531

0.260
0.236
0.270
0.279

27.29
28.17
27.80
26.30

0.498
0.502
0.537
0.555

0.266
0.261
0.281
0.282

0.635
0.560
0.634
0.635

not belong to the data set. In previous works, results
on the evaluation datasets are usually reported as both
“Raw” (possibly flawed) and “Filtered”. In this work,
we report the results referring to the former (“Raw”),
which we believe it provides a clearer view on the
ranking performance for categorised datasets.
We used a grid search on validation set
in order to select the learning rate λ among
{0.001, 0.01, 0.1}, the margin hyper-parameter γ
among {0.5, 1.0, 2.0, 4.0}, and selected the best model by early stopping using the average of MMR score
calculated on predicting t on the validation sets, the
embedding dimension k among {8, 16, 32, 64}. The
dissimilarity measure was set to the L2-norm distance, and the optimal parameters are determined according to performance accuracy on the validation set.
Ten distinct instances of each model were independently trained for each set of hyper-parameters. After
traversing all the training triplets at most 1,000 epochs, the best model is chosen by comparing the scores
against a tuning set. Final results are then calculated
over the test set.

4

RESULTS

In order to compare HEXTRATO against previous
works, we performed an initial experiment using an
adapted version of FB15K dataset (FB15K-Typed).
Table 4 compares the link prediction results of
HEXTRATO with results reported in previous work.
The lowest mean rank on the validation set was obtained when using the L2-norm, k = 32, λ = 0.01, γ =
2.0. Although HEXTRATO does not use projection
matrices for each relation as usually reported by other
methods that extend TransE, it outperforms previous
state-of-the-art methods in “Raw” scores.
Overall results for the EHR datasets in Table 3 report the “raw” Mean Reciprocal Rank, Mean Rank,
and Hists@N scores calculated as the score for predicting t subtask. The lowest mean rank on the tuning
set was obtained when using the L2-norm, k = 32,
78

0.146
0.119
0.150
0.153

0.273
0.244
0.288
0.303

Table 4: Link prediction results – “Raw” Mean Rank (MR)
and Hits@10 (H@10) on FB15K.

Method
TransE (Bordes et al., 2013)
SE (Bordes et al., 2011)
TransH (Wang et al., 2014)
TransR (Lin et al., 2015)
STransE (Nguyen et al., 2016)
TransT (Ma et al., 2017)
HEXTRATO (H1)

MR
243
273
212
198
219
199
116

H@10
0.349
0.288
0.457
0.482
0.516
0.533
0.535

λ = 0.01, γ = 1.0. We started by running the original TransE model on the two evaluation datasets. We
then applied our approach, cumulatively adding each
constraint described in Section 3:
(H1) We added types to each entity, which implicitly set range and domain for each relation, and
restrict the set of ranked entities being evaluated along the link prediction task. This constraint added
substantial improvement comparatively to the original TransE model in both EHR datasets.
(H2) We then coupled the previous attempt (H1)
with disjoint sets of tail entities. All tail types were
set as disjoint groups in both datasets – the patient
type was kept as a non-disjoint set, so that the model
would not enforce minimum disjoint distance among
the patients, allowing them to converge into semantic
similar clusters.
(H3) The disjoint set model (H2) was extended,
so that some of the relations were defined as functional. Although no significant improvement in the scores could be observed, this constraint proved to facilitate the step of choosing corrupted tails in order to
produce incorrect triples along the training process.
(H4) We reached the best scores by isolating values from those relations that originally share types,
such as boolean and interval.
At the current stage we are only evaluating our
model against the baseline TransE model for the EHR
datasets. Further experiments are required in order to
test more complex models that usually extend or use
TransE as a baseline and check whether our proposal
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Table 5: Resulting scores for each relation in the EHR-Demographics dataset – Mean Reciprocal Rank (MRR), Mean Rank
(MR), Hits@1 (H@1), and Hits@3 (H@3) for the best model (H4) in the Link Prediction task.

Relations
hasGender
ageRange
hasMaritalStatus
hasMaxEducation
isSmoker
inSocialGroup

EHR-Demographics
MRR
MR
H@1
H@3
0.8194 1.36 0.6389
N/A
0.2339 9.42 0.0930 0.2326
0.5747 2.10 0.2414 0.8621
0.3966 3.63 0.1852 0.3704
0.9286 1.14 0.8571
N/A
0.4557 3.28 0.1994 0.6168

Table 6: Resulting scores for each relation in the EHR-Pregnancy dataset – Mean Reciprocal Rank (MRR), Mean Rank (MR),
Hits@1 (H@1), and Hits@3 (H@3) for the best model (H4) in the Link Prediction task.

Relations
ageYearsWhenLMP
hadAbortion
ageWeeksWhenInterrupted
ICDBeforeLMP
ICDAfterLMP
fits into them.
Finally, Tables 5 and 6 detail the resulting scores
for each relation for the best model (H4) highlighted
boldface in Table 3. For the relations where tail entities belong to the type boolean (isSmoker in EHRDemographics and hadAbortion in EHR-Pregnancy)
or gender (hasGender in EHR-Demographics) we do
not present the score Hits@3 – it is not applicable as
these relations have only two possible values to be
ranked, so that the resulting score is obviously equals
1. Within the EHR-Demographics dataset, there were
no examples of triples with relation hadAbortion in
the test set, so that the resulting scores for this specific relation is not being presented in Table 5.
By analysing the results from Table 6, it
becomes evident those many-to-many relations
(ICDBeforeLMP and ICDBeforeLMP) impose most
of the challenge on the LP task. However, the results presented in Table 5 contrast that assumption
(inSocialGroup). Within the EHR-Demographics dataset, both ageRange and inSocialGroup relations
have approximately 20 possible tail values each. Although the relation inSocialGroup has cardinality N:N,
it presents better scores than the results referring to
the relation ageRange, which has cardinality (N:1).
Firstly, the social groups assigned to each patient take
into consideration both demographic and clinical historical data, so that, as long as some of this demographic data is available within the dataset, the resulting model can more easily reason on predicting
what groups should be assigned to each patient. Finally, the relation ageRange went through a discreti-

MRR
0.3869
0.8401
0.3603
0.0784
0.1218

EHR-Pregnancy
MR
H@1
4.08 0.1623
1.32 0.6801
5.66 0.1628
52.30 0.0117
32.56 0.0319

H@3
0.4755
N/A
0.4286
0.0417
0.0909

sation of a continuous variable age with original values ranging from 0 to 99. Embedding models are not
designed to deal with continuous values and some information is supposedly lost along the discretisation
process.
In order to motivate further experiments on publicly available datasets we finally report the preliminary
results on the Mushroom dataset. Table 7 compares
HEXTRATO and TransE based on “raw” Mean Reciprocal Rank, Mean Rank, and Hists@N scores calculated as the score for predicting t subtask. In addition we also present the accuracy of each model,
based on the Hists@1 score for the relation has class.
The highest accuracy on the tuning set was obtained
when using the L2-norm, k = 64, λ = 0.1, γ = 1.0
for TransE, and using the L2-norm, k = 64, λ = 0.01,
γ = 2.0 for HEXTRATO (H4). Results from the attempts using distinct values ok k along this described
set of hyperarameters are also presented to demonstrate how changes increasing the dimensionality of
the low embedding space positively affect our model.

5

CONCLUSIONS

In this paper, we present HEXTRATO, a novel knowledge embedding approach that couples previous baseline TransE model with ontology-based constraints
in order to better capture the relationships between
entities and their symbolic representation in the vector space.
Experimental benchmark results on an adapted
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Table 7: Evaluation results for the Link Prediction task on the Mushroom dataset (Entities=8487, Relations=23, Triples={153057, 9525, 9564, 18942} for training, validation, tuning and test sets) – Mean Reciprocal Rank (MRR), Mean
Rank (MR), Hits@1, Hits@3, Hits@5, Hits@10, and Accuracy (equivalent to Hits@1 on predicting the relation has class).

TransE
HEXTRATO (H4)
k=8
k = 16
k = 32
k = 64

MRR
0.565

MR
472.32

Hits@1
0.466

Hits@3
0.643

Hits@5
0.682

Hits@10
0.718

Accuracy
53.1%

0.717
0.763
0.804
0.814

2.054
1.856
1.712
1.688

0.553
0.619
0.683
0.703

0.856
0.892
0.914
0.915

0.955
0.961
0.964
0.965

0.993
0.994
0.994
0.996

88.6%
89.3%
90.7%
95.3%

version of Freebase, on a publicly available dataset, and on two domain-specific datasets show
HEXTRATO outperforms previous state-or-the-art
methods in the link prediction task when using categorised entities. Some of the directions in which this
work can be extended include:
TransE-like extended models. Learning embedding representation from more structured knowledge
sources can benefit from the inherit enriched metadata. HEXTRATO is a constraint-based method that
extends TransE in order to obtain an initial baseline
for the evaluation task when dealing with domainspecific categorised datasets. We plan to evaluate our
method coupled with more complex embedding models originated from TransE.
Many-to-many relationships. Normalising N:N
relations can make an embedding model more flexible. However, it adds additional level of complexity
in terms of learning semantically related entities. Although preliminary experiments did not show effective
improvement over previously applied constraints, we
believe further investigation can demonstrate whether
more specific conditions can lead our model to reach
better results.
Activation functions. More complex embedding
models deal with projection matrices and rely on simple linear neural networks. We plan to investigate
whether alternatively coupling ontology-based constraints with non-linear activation functions, such as
RELUs, Sigmoid, or Tanh, can improve the embedding model performance on domain-specific datasets.
Hybrid approaches. Distinct sets of relation embedding representations can be more effectively learnt
from distinct approaches. Tightening state-of-the-art
bounds by combining different methods into a hybrid
approach in which each relation can be represented by
a distinct embedding model can produce models that
are more flexible on learning distinct types of relationships between entities within a dataset.
Unseen entities. The primordial assumption when
dealing with any kind of machine learning model is
the ability of such resulting model on generalising.
Embedding models are weak regarding to this aspect.
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Validation and test sets are required to be designed
with entities and relations that appear at least once in
the training set. We plan to investigate how embedding models coupled with ontology-based constraints
can be used to learn low-embedding representation
for unseen entities along the validation, tuning and
test steps.
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