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Abstract. Knowledge graphs (KGs) are essential repositories of struc-
tured and semi-structured knowledge which benefit various NLP applica-
tions. To utilize the knowledge in KGs to help machines to better under-
stand plain texts, one needs to bridge the gap between knowledge and
texts. In this paper, a Relation Linking System for Wikidata (RLSW) is
proposed to link the relations in KGs to plain texts. The proposed system
uses the knowledge in Wikidata as seeds and clusters relation mentions
in text with a novel phrase similarity algorithm. To enhance the system’s
ability of handling unseen expressions and make use of the location infor-
mation of words to reduce false positive rate, a bag of distribution pat-
tern modeling method is proposed. Experimental results show that the
proposed approach improves traditional methods, including word based
pattern and syntax feature enriched system such as OLLIE.
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1 Introduction

Knowledge graph (KG) is able to provide structured and connected information
between entities. Before utilizing knowledge graph in natural language under-
standing applications, one of the main challenge is mapping the knowledge in
KGs to plain texts. Entity linking is one attempt towards this challenge. It links
the surface names in the texts to corresponding entity objects in KGs. While
most research focus on entity linking [2,3], few attention has been paid on map-
ping relations in KGs to texts which we called Relation Linking.

Table 1 shows the number of possible patterns of 9 different relations collected
from Wikipedia. The second column is the number of sentences that contains
corresponding mentions, namely positive samples. The third column is the num-
ber of distinct accurate patterns in these sentences and the last column is the
number of distinct patterns extracted by OLLIE [8]. One may use virous relation
expressions extracted OLLIE directly to link relations to texts. However, it may
suffer from two drawbacks. Firstly, these patterns cannot cover all the possi-
ble expressions of the relations so it will inevitably encounter low recall problem
when dealing with new texts. Secondly, it is difficult to find if an accurate pattern
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Table 1. Statistic of patterns and sentences of 9 relations in Wikidata

Relations # of sentences # of Acc. patterns # of OLLIE patterns

Father 6, 630 92 205

Mother 3, 324 31 81

Child 4, 396 39 185

Spouse 7, 586 106 146

Language 3, 958 13 85

Country 10, 116 76 407

Religion 2, 239 30 58

Edu 5, 033 81 130

Politic 5, 530 85 133

is really a mention of the given relation since there exists a lot of noise in the
automatically labelled data.

To address these problems, this paper proposes a Relation Linking System
for Wikidata (RLSW) which learns flexible relation patterns from Wikidata and
Wikipedia. For each relation defined in Wikidata, one or more patterns that can
cover various natural language phrases in Wikipedia articles are learnt. As a
result, each pattern can cover a cluster of words sequence. It has to be noticed
that although RLSW is designed for Wikidata, the framework proposed in this
paper can be immigrated to other KGs easily.

Bridging the gap between KGs and plain texts is one vital step in NLP. The
RLSW proposed in this paper focuses on mapping relations to plain texts and
its contributions are as follows:

– A framework for relation linking is proposed while much research focus on
entity linking. In this framework, word sequences are clustered and then are
connected to relations in KGs.

– A new phrase similarity scoring method is proposed for pattern clustering.
It combines semantic distance and spacial distance of words and produces
better results than bag of words settings.

– A new phrase pattern algorithm is proposed. In the proposed algorithm, a
pattern is a set of distributions of words. We also give the algorithm to obtain
these patterns from phrases and match new phrases with these patterns.

The rest of this paper is organized as follows. Section 2 reviews related work
about the topic. The general framework and key part of RLSW are described
in Sects. 3 and 4. Section 5 gives results to the examine the proposed RLSW.
Finally, in Sect. 6, conclusions are summarized.

2 Related Work

RLSW contains several necessary procedures and each procedure relates to a
specific research topic. In this section, we will briefly survey existing related
work such as relation extraction, sentence similarity and entity linking.
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2.1 Relation Extraction

As a typical subtask of information extraction, relation extraction identifies
the relation between entities which is closely related to relation linking. NELL
[8] learned many types of knowledge from self-supervised experience with self-
reflection. The system classified pairs of phrases by learning boolean-valued rela-
tion. The relation is limited by the type that mostly are is-a or class-of. Wu and
Weld [11] presented WOEparse which used features generated from dependency
parsing trees to extract subj-rel-obj tuples. However, this method relies on the
output of dependency parsing and any errors of dependency parsing may cause
error propagation. OLLIE overcame WOE’s limitations and extracted relations
by including contextual information from the sentences. However, OLLIE fails to
consider the connection between unstructured text and structured information.

2.2 Sentence Similarity

RLSW adopts sentence similarity to cluster relation mentions. Much research
in recent years has been reported in this task. Li et al. [7] utilized information
from a structured lexical database and corpus statistics to calculate the semantic
similarity of two sentences. He et al. [4] proposed a multiplicity of perspectives
by using a convolutional neural network to extract features and then used mul-
tiple similarity metrics to compare sentences at different granulates. When faced
large amounts of training data, it cannot perform well. The WMD, presented
by Kusner et al. [6], learned semantically meaningful representations for words.
However, these approaches only consider the semantic similarity between words,
while in natural language, the position of words also matters. In this paper, a
location-sensitive WMD algorithm is proposed to capture the words location
information for the calculation of sentence similarities.

2.3 Entity Linking

Entity linking is another task of mapping knowledge in KGs to texts which
determines the identity of entities mentioned in text in a structured KG. There
have been a great number of studies in entity linking. Shen et al. [10] used
two candidate entity ranking methods such as supervised ranking and unsuper-
vised ranking to get top entity for mapping to KB. Another application is the
ZenCrowd [2] which implemented large-scale entity linking using probabilistic
reasoning and crowd-sourcing techniques. Han et al. [3] proposed a graph-based
collective EL method, which can model and exploit the global interdependence
between different EL decisions. These studies on entity linking have not taken
the relationship between entities into account to provide the whole picture of
information in knowledge graph mapping. As a supplement, RLSW is proposed
to build connections between relations in KG and their mentions in texts.
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3 Problem Definition

Formally, the relation linking is a mapping from natural language mentions to
relations in KGs which can be defined as follows:

f : M → R

where M is the set of possible mentions of relations and R is the set of relations
in KG. In practice, mention m ∈ M is a sequence of words.

The task of relation linking is to find the mentions of a relation. E.g., mentions
such as is born in, is the hometown of, come from can be linked to Wikidata
relation birthplace. Since it is impossible to enumerate all possible mentions,
one alternative is approximating f with relation classification algorithm f̂ which
takes word sequence as input and decides if it contains a relation mention.

4 Relation Linking Using Bag of Distribution
Representation

The goal of relation linking is to link the mention of relations to KGs. Figure 1
shows the architecture of the proposed framework. First, for a given relation (in
Wikidata, property is used instead of relation), such as father (P22), SPARQL
API is used to query 〈subj., obj.〉 pairs from Wikidata and then sentences con-
tains both subject and object from Wikipedia articles are selected as the source
sentences of relation mentions. Second, the obtained mentions are clustered using
a new similarity scoring method proposed in this paper. Third, each mention
cluster is represented as a Bag of Distribution (BoD) and last, a classifier is
trained based on the mention vectors which consists of the fitness between the
mention and the BoDs. The main contributions of this work focus on the clus-
tering part and the BoD pattern learning part.

4.1 Preprocessor

The main goal of preprocessor is to obtain sufficient data for the learning and
training. It consists of two steps. First, obtaining 〈subj., obj.〉 pairs from Wiki-
data. Second, finding relation mentions according to 〈subj., obj.〉 pairs.

As for the first step, Wikidata SPARQL API [5] is used. We first get a
list of entities of a selected category (e.g. HUMAN ), then query the property
value (e.g. father) of these entities to build 〈subj., obj.〉 pairs list. At the second
step, 〈subj., obj.〉 pairs are used to find relation mentions from corresponding
Wikipedia Articles. Each sentence that matches a 〈subj., obj.〉 pair be selected
and the word sequence between the label of subject and the label of object is
annotated as relation mentions.

To get rid of noises, only mentions that contains 4–10 words are reserved for
further processing.
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Fig. 1. Architecture of RLSW

4.2 Mention Clustering

Mention Clustering aims at grouping mentions to mining patterns. There are
various natural language representations for a given relation and it’s better to
mine patterns from groups of similar mentions instead from all mentions.

Since mentions are word sequence but not numeric vectors, one needs to give
an effective measure for word sequence pairs before clustering. Word Mover’s Dis-
tance (WMD) [6] leverages word embedding to measure the semantic distances
between words and then uses Earth Mover Distance (EMD) to measure the dis-
tance between word sequences. However, due to the natural of EMD, WMD
does not take into consideration the location and order of words. In fact, apart
from semantic similarity between words, syntactic information plays a vital role
in sentence understanding. For instance, the meaning of two sentences John’s
father is Dan and John is the father of Dan is very close according to WMD
and therefor the system would not tell if this is a mention of relation son or
father. To address this problem, the position information of words is imported
in this work when calculating the similarity between word sequences.

Location Sensitive Word Mover’s Distance: In WMD, words are repre-
sented as embedding vectors and the calculation of distance between words is
converted to the calculation of distance between vectors. Since location of words
also matters, one needs to add location information to the calculation of dis-
tances between words. In this work, the location of a word in a sequence is
encoded a value between 0 and 1. Given a mention {w1, w2, ...wn}, the location
value of wi is calculated as:

loc(wi) =
1
n

∗ (i − 0.5)

E.g., given mention is the son of, the location value of son loc(w3) = 1
4 (3−0.5) =

0.625. The bias 0.5 is used to ensure that the location value lies in the center of
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word’s range in the sentence. As a result, the location differences between words
can be calculated as the absolute difference between their location values. These
location differences are imported to WMD as follows:

minT≥0

∑n
i,j=1 TijDsem+loc(si, s′

j)

suject to :
∑n

j=1 Tij = di ∀i ∈ {1, ..., n}
∑n

i=1 Tij = d′
j ∀j ∈ {1, ..., n}

(1)

where si is the ith word of s, di is the weight of ith word of s, T is the flow matrix
which defines the mass from words in s to words in s′ and Dsem+loc(si, s′

j) is the
similarity distance between si and s′

j . It is composed of the semantic distance
and syntactic distance, namely,

Dsem+loc(si, s′
j) = αDsem(si, s′

j) + (1 − α)Dloc(si, s′
j), α ∈ [0, 1] (2)

α is hyperparameter and its value is detailed in Sect. 5.2. Semantic distance
is calculated as in WMD, and location distance is calculated as stated in this
paper. Since this measurement takes into consideration the location of words, it
is named as Location Sensitive Word Mover’s Distance (LSWMD).

Density Peaks Based Clustering (DPC): In this paper, Density Peak Based
Clustering [9] is chosen as the clustering algorithm for relation mentions because
of its efficiency and ability of handling distance matrix. Currently, clustering
center are manually selected and the number of clusters is manually set which
is controlled within ten.

4.3 Bag of Distribution Pattern Representing

After detailed data observation, we find that for a given relation, the locations
of words in mentions are relatively stable. E.g., although relation father has
many different mentions such as was son of, was daughter of, is first son of, the
word was/is always locates at the front of the mention and son/daughter always
locates at the second half. If one uses a distribution to describe a word in the
mentions, it may provide much more information than frequency based methods.

Since the location of words are encoded as values between 0 to 1, beta dis-
tribution is selected to model the location distribution of words. As a result, a
mention cluster that contains a list of mentions can be converted to a list of
weighted beta distributions of words. The probability density of the beta distri-
bution indicates how likely the word appears in some position and the weight
indicates that how frequently the word appears in the mention cluster. A Bag
of Distribution Representing of a mention cluster is defined as follows:

BoD(c) = {(pi, αi, βi)|wi ∈ Wc} (3)

where c is a cluster of mentions, Wc is the vocabulary of c, pi = count(wi)∑
i count(wi)

is the
probability of wi in Wc. αi and βi is the parameter of modeled beta distribution
of word wi.
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Mention Scoring: Given a mention m = {w1, w2, ...wn}, its fitness towards a
given BoD pattern c is calculated as follows:

fitBoD(c)(m) =
wi∈m∑

wi

pwi
∗

∫

range(wi)

Beta(αwi
, βwi

) (4)

where range(wi) is the normalized location range of word wi in m. E.g., r(son)
in is son of is [0.333, 0.667]. An alterative method is using a vector to describe
the fitness between m and BoD(c) where the components of this vector is the
fitness of single word in m w.r.t BoD(c).

4.4 Relation Classification

For each mention, a vector which consists of its finesses towards all BoD patters
is build. We use a window which is generated by sentence frequency to san the
testing sentences and find the most matched word strings as the mention of a
relation. The rest sentences are selected as negative samples. The last component
of RLSW is a relation classifier trained on such vectors. GBDT is used as the
classifier in our experiment. For testing sentences to be linked, we first find the
candidate word sequences by window from them and then convert each word
sequence to a vector. The trained classifier takes the vector as input to decide if
it should be linked to the given relation.

5 Experiments and Evaluations

5.1 Data Sets

The relations used in experiments are manually collected from Wikidata. For
convenience, all relations are associated with category HUMAN. In total, 20,000
entities are queried from Wikidata and due to the data sparse problem, not all
entities have all property values of these selected relations. The Wikipedia page
of these 20,000 is crawled as the source plain text and the matching method
described in Sect. 4.1 is used to find mentions. At last, about 3,000–10,000 sen-
tences are matched for these relations. The details can be found in Table 1.

5.2 Experiments Setting

Since RLSW is a framework that can collaborate with different kinds of instance
based matching method, four series of experiments are conducted, i.e., Accurate
Pattern(Acc.), OLLIEPattern(OLLIE), BoD+AccuratePattern(BoD(Acc))
and BoD + OLLIEPattern(BoD(OLLIE)). Acc. uses the word sequences in
training samples directly to match mentions from testing sentences. OLLIE
parses all training samples and selects the predicates in tuples contained correct
〈subj., obj.〉 pairs as templates to match mentions. BoD(Acc.) learns BoD pat-
terns from word sequences used in Acc. and BoD(OLLIE) learns BoD patterns
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from predicates extracted by OLLIE. For all relations, 10-fold cross-validation is
used to evaluate all tested methods. Acc. and OLLIE do not need to be trained
and false samples are used to calculate the confidence of patterns.

We find that the selection of cut-off distance dc in DPC has little effect on
the results. So we set the around 1% quantile as the DPC parameter.

Fig. 2. Experimental results of 4 tested methods

5.3 Performance Analysis

This subsection reports and discusses the experimental results of all four tested
methods. The performance is compared using AUC value.

Overall Performance Comparison
From Fig. 2 we can see that:

– BoD Pattern brings improvements to both Acc. and OLLIE on all relations,
especially for the relation mother, spouse and edu. It reserves low FPR at
the early stage and produces higher TPR than the baseline as the growth of
FPR. It means that BoD Pattern recalls more true positive samples with the
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same amount of false positive samples. E.g., for relation mother, the TPR of
BoD(Acc) is 0.8 at a FPR 0.1 while the TRP of Acc and OLLIE are 0.6.

– OLLIE outperforms Acc. in 6 of 9 relations. One possible reason is that
accurate pattern contains too much noise that leads a high FPR.

– BoD pattern brings more significance improvements to Acc. Although OLLIE
outperforms Acc., after the denoising of BoD, it archives a higher AUC than
OLLIE in most relations. The dependency or syntactical information prevent
OLLIE find word sequence that are not syntactically close to each other.

Fig. 3. The AUC of BoD(OLLIE) with different α on relation father

Discussion of α: α controls the ratio of semantic distance and location distance
when calculating the distance between mentions. Here we tested how RLSW’s
performance varies with the α value of the relation father ; the results are shown
in Fig. 3. It can be observed that the AUC value is best when the α is 0.2. It
has been empirically proved [1] that a sentence similarity measure performs best
when semantic measure is weighted more than syntactic measure. Therefore, a
small α value is preferred in practice. In experiments of this work, α is set to 0.2
for all relations.

6 Conclusions

In this paper, a new framework of relation linking for knowledge graphs called
RLSW is proposed. The relation mentions are clustered with location sensitive
phase similarity measurements algorithm LSWMD and then each cluster is rep-
resented as a Bag of Distributions of words. For each testing word sequence, a
classifier is used to decide if it should be linked to the given relation.
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However, there are still a lot work to do in future. First, shallow syntax fea-
ture such as PoS tags can be used for similarity calculation. Second, the entities
of subject and object can be taken into consideration when building relation pat-
terns. Last, in future, we plan to develop a plain text oriented deduction system
based on relation linking and entity linking techniques with the data provided
by KGs such as Wikidata.
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