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Abstract. The global knowledge sharing makes large-scale multi-lingual
knowledge bases an extremely valuable resource in the Big Data era.
However, current mainstream multi-lingual ontologies based on online
wikis still face the limited coverage of cross-lingual knowledge links.
Linking the knowledge entries distributed in diﬀerent online wikis will
immensely enrich the information in the online knowledge bases and
beneﬁt many applications. In this paper, we propose an unsupervised
framework for cross-lingual knowledge linking. Diﬀerent from traditional
methods, we target the cross-lingual knowledge linking task on speciﬁc
domains. We evaluate the proposed method on two knowledge linking
tasks to ﬁnd English-Chinese knowledge links. Experiments on English
Wikipedia and Baidu Baike show that the precision improvement of
cross-lingual link prediction achieve the highest 6.12 % compared with
the state-of-art methods.
Keywords: Knowledge linking
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Introduction

In the era of information globalization, sharing knowledge across diﬀerent languages becomes an important and challenging task. Online encyclopedias, which
have already become an indispensable part in people’s life for knowledge acquisition, are the primary focus of globalized knowledge sharing. One fundamental
research, namely cross-lingual knowledge linking, aims at automatically discovering cross-lingual links (CLs), i.e., links between articles describing the same
subjects in diﬀerent languages. Inter-wiki cross-lingual links can largely enrich
the cross-lingual knowledge and facilitate knowledge sharing across diﬀerent
languages. These CLs also serve as a valuable resource for many applications,
including machine translation [16], cross-lingual information retrieval [10,15],
and multilingual semantic data extraction [1,3], etc.
However, the problem of cross-lingual knowledge linking is non-trivial and
poses a set of challenges. One of the most serious challenges is that lexical similarities, such as the edit distance between articles, are impracticable to be utilized because of the language gap. Recognizing this problem, designing languageindependent features (e.g. the link structure of articles) forms the basis of recent
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related works for cross-lingual knowledge linking [9,11,13,14]. However, several
problems for cross-lingual knowledge linking are still in need of further investigation. First, large number of known CLs are required in all the aforementioned
approaches for serving as either training data or seed set. However, in most cases,
there are less existing CLs or none at all between diﬀerent wikis. Clearly, it is
time consuming and tedious to annotate all these training CLs. Thus, unsupervised methods need to be developed for cross-lingual knowledge linking. Second,
the methods to date have been entirely focus on the general framework for knowledge linking, with less focus on ﬁnding CLs in speciﬁc domains. In fact, if we
focus the knowledge linking task on one speciﬁc domain, many domain-speciﬁc
features (e.g. the properties in the infoboxes of wiki) can be utilized to discover
new CLs more accurately.
Based on these considerations, we propose an unsupervised domain-speciﬁc
framework for cross-lingual knowledge linking. Our model takes the articles of
two cross-lingual wikis K and K  as input, and the articles are all from one
speciﬁc domain D. Each wiki article is a single web page and describes a realworld
entity in domain D. The semantic relations between these entities are mostly
contained in the wiki infoboxes and hyperlinks between articles. After extracting
these semantic relations, we ﬁrst build up a domain-speciﬁc knowledge graph
(KG) for each wiki, and then we match the entities between the two KGs via an
adaptive variation of the similarity ﬂooding algorithm (SF) [8]. Speciﬁcally, we
make the following contributions:
1. We propose a novel unsupervised knowledge linking framework for crosslingual wikis in speciﬁc domains. The method does not dependent on any
pre-given CLs, which is more practically applicable than previous methods.
2. We propose a variation of the similarity ﬂooding algorithm for entity matching
between cross-lingual wikis. The SF is commonly used for ontology alignment
and can hardly be applied to entity matching because of the computational
challenge. We tackle with this problem via reducing the number of nodes in
the pairwise connectivity graph (PCG).
3. We conduct experiments on diﬀerent wiki data sets. Experimental results
show that our method outperforms the state-of-the-art framework for crosslingual knowledge linking.
The rest of this paper is organized as follows. Section 2 presents some related
works. Section 3 presents some basic concepts and the problem formulation. In
Sect. 4 we present our detailed approaches. The experimental results are reported
in Sect. 5. Finally we conclude our work in Sect. 6.

2

Related Work

Our work is relevant to cross-lingual knowledge linking, which concerns the
discover of missing cross-lingual links across online wikis. There exist several related works. Sorg and Cimiano [11] proposed a classiﬁcation-based approach to infer new CLs between German Wikipedia and English Wikipedia.
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Erdmann et al. [4] extracted a dictionary from Wikipedia by analyzing the link
structure of Wikipedia. Hassan et al. [6] address the task of cross-lingual semantic relatedness by exploiting the cross-lingual links available between Wikipedia
versions in multiple languages. Wang et al. [14] employed a factor graph model
which leverages link-based features to ﬁnd CLs between English Wikipedia and
Chinese Wikipedia. All the aforementioned works intend to propose a general
framework for cross-lingual knowledge linking. To our best knowledge, our work
is the ﬁrst to focus on discovering CLs in speciﬁc domains.
Ontology and instance matching is another related problem. The goal of
ontology and instance matching is to ﬁnd equivalent elements between two heterogeneous semantic data sources. Currently, there exist several systems for
ontology matching, such as Silk [12], idMesh [2], SOCOM [5] and RiMOM [7].
The Silk and idMesh focus on monolingual matching tasks, while SOCOM and
RiMOM can deal with ontology matching across languages.

3

Preliminaries

In this section, we introduce some basic concepts, and formally deﬁne the key
problem of domain-speciﬁc cross-lingual knowledge linking.
Definition 1. Knowledge Graph. Let E be a set of entities and R be a set
of binary relations. A knowledge graph G is deﬁned as a directed graph whose
nodes correspond to entities in E and edges of the form (s, r, t), where s, t ∈ E
and r ∈ R. Each edge (s, r, t) indicates that there exists a relationship r from
the entity s to entity t.
Definition 2. An Online Wiki can be represented as K = {ai }pi=1 , where ai
is a disambiguated article in K and p is the size of K. A wiki article a ∈ K is
formally deﬁned as a 4-tuple a = (title, text, inf o, link), where title denotes the
title of the article a, text denotes the unstructured text description of a, inf o
is the infobox associated with a and link is the set of hyperlinks in article a
(hyperlinks in infoboxes are not count). Speciﬁcally, inf o = {(attri , valuei )}qi=1
represents the list of attribute-value pairs for the article a.
Figure 1 gives an example of these four important elements concerning the
article named “Steve Jobs”. Given two online wikis, K and K  , a correspondence
between entities e ∈ K and e ∈ K  , denoted as e, e , signiﬁes that e and e are
equivalent. Cross-lingual knowledge linking is the task of ﬁnding correspondences
between multi-language online wikis, which is formally deﬁned as follows.
Definition 3. Cross-lingual knowledge linking. Given two online wikis, K
and K  , knowledge linking is the process of ﬁnding correspondences between
K and K  . If K and K  are in diﬀerent languages, we call it the problem of
cross-lingual knowledge linking.
In our problem, we further choose a domain D and extract all articles of
domain D from K and K  to form two new online wikis, denoted as KD and

. We then deﬁne the problem of cross-lingual knowledge linking between KD
KD

and KD
as domain-specific cross-lingual knowledge linking.
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Fig. 1. An example of online wiki articles

4

The Proposed Approach

Figure 2 shows the framework of our proposed approach. There are two major
components: Knowledge Graph Construction and Graph-based Knowledge Linking. KG Construction aims to build two knowledge graphs, denoted as GD and

. Speciﬁcally, based on a common relation set, we extract
GD , for KD and KD
semantic relations in a structured form of subject-predicate-object triples from

. Then, GD and GD are constructed
infoboxes and hyperlinks of KD and KD
by these triples. The goal of Graph-based Knowledge Linking is to discover CLs
between GD and GD based on the variation of SF algorithm. Two main processes
in this algorithm are PCG construction and similarity propagation. In the following subsections, the KG Construction and Graph-based Knowledge Linking
are described in detail.
4.1

Knowledge Graph Construction

Online wiki’s infoboxes contain rich structured information of various entities.
Among all the infobox attributes, those attributes having hyperlinks in its values identify semantic relations between entities, which are important for creating domain knowledge graph. Because attribute names are usually annotated
by human editors, an attribute often have many surface names in infoboxes of
online wiki. For example, in the movie domain, the attributes “Starring” and
“Actor List” both refer to the actors of a movie. Furthermore, attributes across
”).
wikis may also have same semantic meanings (e.g. “Starring” and “

to a
Therefore, we need to unify all synonymous attribute names of KD and KD
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Fig. 2. The framework of the proposed method

disambiguated attribute. We call it the construction of Attribute Mapping, which
is formally deﬁned as follows:

Definition 4. Attribute Mapping. Given two online wikis KD and KD
in

domain D, let us denote AD and AD as the set of infobox attribute names of

. An attribute mapping is a set of disambiguated attributes, denoted
KD and KD
as AM = {ri }qi=1 . Each ri ∈ AM can be represented as a set ri = si ∪ si , where
si ⊂ AD and si ⊂ AD . Attribute names in ri have identical semantic meanings.

Figure 3 shows an example of attribute mapping of movie domain between
English Wikipedia and Baidu Baike1 . Based on the attribute mapping AM ,
we can deﬁne a function M ap to map an attribute name to its corresponding
disambiguated attribute in AM .

Fig. 3. An example of attribute mapping in movie domain

Given the M ap function, we can build a domain knowledge graph for an
online wiki using semantic relations contained in infoboxes. The knowledge graph
construction algorithm is presented in Algorithm 1, where K is the input online
wiki and G is the output knowledge graph. V and E are the vertex set and edge
set of G, respectively. Notice that hyperlinks also represent relations between
1

http://baike.baidu.com/.
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entities. If article a has a hyperlink to article b, there exists some kind of relationship between a and b, thus we also add an edge (a, <relatedT o>, b) to the
knowledge graph.

Algorithm 1. Knowledge Graph Construction
Input: K, AM
Output: G = (V, E)
V = ∅, E = ∅;
foreach article a in K do
V.add(a);
foreach (attr, value) in a.inf o do
r = M ap(attr);
if r = N one and value ∈ K then
E.add(< a, r, value >);
end
end
end
foreach hyperlink h in a.link do
E.add(< a, relatedT o, h >);
end

4.2

Graph-Based Knowledge Linking

After the construction of knowledge graphs for two input wikis, we match equivalent entities between the two graphs. Because semantic relations between entities are language-independent features [14], we assume that the two knowledge
graphs share similar structures. Similarity ﬂooding is an eﬃcient algorithm for
alignment between two similar ontologies. Two main processes in SF are pairwise connectivity graph (PCG) construction and similarity propagation. If the
number of nodes for two input graphs are m and n, the scale of nodes number
for PCG will be O(m×n). Thus, the SF algorithm is possible for relatively small
m and n (e.g. in schema matching tasks), but clearly infeasible when m and n
are too large. The knowledge graph of one input wiki may contain thousands of
nodes, which makes the nodes number of the PCG become billions. Thus, SF can
not be directly applied to the knowledge linking because of the computational
challenge. To tackle with this problem, we propose a variation of SF algorithm
which reduce the scale of the propagation graph. The algorithm are described
in detail in the following subsections.
Initial Similarity Computation. The two KGs are construed from linkbased structural information such as infoboxes and innerlinks of wikis. The text
descriptions of entities in KG are not considered. In our method, we calculate
the initial similarities of entities based on their text description. In order to
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calculate texture similarities across languages, some priori knowledge about the
two languages should be given. The priori knowledge is deﬁned as the Domain
Dictionary in our model. Speciﬁcally, the domain dictionary is a set of word
pairs between two languages. More speciﬁcally, given two diﬀerent languages A
and B and the domain D, the domain dictionary DicD is deﬁned as:
DicD = {<wiA , wiB >}L
i=1

(1)

where <wiA , wiB > is a translation equivalent pair between language A and B (e.g.
<“China”,“
”>). To provide suﬃcient priori knowledge for initial similarity
computation, word pairs in DicD should be relevant to the domain D. Given the
domain dictionary DicD , we represent each entity in KGs as a L dimensional
vector. Without loss of generality, for an entity e from a wiki written in language A, the i-th dimension of e’s vector is the frequency of wiA appeared in its
corresponding wiki article. Finally, the initial similarity between entity e and e
is the cosine similarity of their corresponding vectors.
Propagation Graph Construction. Based on the assumption that a part of
the similarity of two elements should propagate to their respective neighbors [8],
we convert the two knowledge graphs to a Similarity Propagation Graph (SPG)
as follows:
Definition 5. Similarity Propagation Graph. Given two knowledge graphs
G and G , ((e, e ), r, (o, o )) ∈ SP G(G, G ) if and only if: (1) (e, r, o) ∈ G, (2)
(e , r, o ) ∈ G , (3) Sim(e, e ) > θ, and (4) Sim(o, o ) > θ. The Sim(e, e ) indicates the initial similarity between entity e and e . θ is a pre-given threshold.
Each node in the SPG represents a candidate alignment pair between the
two KGs. To reduce the scale of SPG, the conditions (3) and (4) in Deﬁnition 5
remove the entities pairs which have low initial similarities.

Fig. 4. An example of the construction of SPG

Figure 4 shows an example of SPG construction. The left side of the ﬁgure
are two small cross-lingual KGs of movie domain, denoted as O1 and O2 . The
right side shows the SPG of O1 and O2 . In SP G(O1 , O2 ), nodes are entity pairs
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from two KGs that have some structural relationship in common. For example,
” are two entities in O1 and O2 . They are con“shutter Island” and “
structed into a node in SP G(O1 , O2 ) because they share the same relationship
“Director”.
Similarity Propagation. The similarity propagation starts from initial similarities between nodes of two KGs and runs an iterative propagation in the SPG.
In each iteration, the similarity of a given matching pair would be propagated
to the neighborhood matching pairs. The iteration stops when no similarity
changes or after a predeﬁned number of steps. Formally, let us denote σ i (e, e )
as the similarity between e and e after the i-th iteration. The iteration equation
to perform similarity propagation is deﬁned as follows:

1  0
σ (e, e ) + σ i (e, e ) + ϕi (e, e )
Z

ω(o, o ) · σ i (e, e )
ϕi (e, e ) =

σ i+1 (e, e ) =

(2)
(3)

(o,o )∈IN (e,e )

Z=

max

(e,e )∈SP G(G,G )

(σ i+1 (e, e ))

(4)

As deﬁned in Eq. 2, for any entity pair (e, e ) in SPG, the similarity of (e, e )
in the (i + 1)-th iteration is dependent on its similarity of the i-th iteration
(σ i (e, e )), its initial similarity (σ 0 (e, e )) and the similarity gain from its neighbors (ϕi (e, e )). In Eq. 3, ϕi (e, e ) is deﬁned as the weighted sum of similarities
of (e, e )’s adjacent nodes. IN (e, e ) is the set of incoming neighbors of the node
(e, e ) in SPG. ω(o, o ) is the propagation weight which is simply deﬁned as the
inverse of the number of out-linking relationships for the node (o, o ). Z is a
normalization factor deﬁned in Eq. 4.

5

Experiments

5.1

Datasets

The proposed method can be used to ﬁnd cross-lingual links between any online
wikis in diﬀerent languages. To evaluate the performance of our method, we
extract the articles of the movie domain from three diﬀerent online wikis. Specifically, one English language online wiki—English Wikipedia—and two Chinese
language online wikis—Baidu Baike and Chinese Wikipedia—are chosen for our
experiments. For English Wikipedia and Chinese Wikipedia, we employ the
latest publicly available Wikipedia dump2 , which includes 9,834,664 articles
for English Wikipedia and 886,437 articles for Chinese Wikipedia. As for the
Baidu Baike, which is the largest web-based encyclopedia in China, we crawled
6,223,649 web pages from the latest Baidu encyclopedia.
2

https://dumps.wikimedia.org/enwiki/20160113/.

434

L. Pan et al.

To further create datasets of movie domain, we utilize the category system
of online wikis. Speciﬁcally, we select several typical categories for the movie
domain such as “ﬁlm”, “actor” and “director”, and we extract articles with
these categories from the aforementioned three online wikis. As a result, a total
of 222,022 movie domain articles are extracted from English Wikipedia. As
for the Baidu Baike and Chinese Wikipedia, we extract 112,164 and 58,638
articles for the movie domain, respectively. We refer to these three datasets as
EWM (English Wikipedia of movie domain), ZWM (Chinese Wikipedia of
movie domain) and BBM (Baidu Baike of movie domain).
To create gold standard for evaluation, we construct a evaluation dataset
that contains equivalent article pairs between EWM and ZWM. These article
pairs are acquired from the existing Chinese-English cross-lingual links within
Wikipedia. As a result, we obtain 2,678 CLs between EWM and ZWM. We
also create a dataset of CLs between EWM and BBM. Firstly, a total of 10,000
articles are randomly selected from EWM. Then, each selected article is sent
to a human annotator to ﬁnd its corresponding article in BBM. However, not
all articles in English Wikipedia have CLs to Baidu Baike. Finally, we obtain a
total of 4,022 CLs from the 10,000 sampled articles as our evaluation dataset.
Knowledge Graph Construction. As for the knowledge graph construction,
we use the attribute mapping shown in Fig. 3 for all the three datasets. In other
words, we consider four kinds of relations—<Actor>,<Director>,<Writer> and
<Works>—, which are frequently occurred among entities in the movie domain.
Then, we apply the Algorithm 1 deﬁned in Sect. 4.1 to construct a KG for each
wiki dataset. In addition with the <relatedTo> relation deﬁned in Algorithm 1,
there exist a total of ﬁve kind of edges in the constructed KGs. Detailed statistics
of the three constructed KGs are presented in Table 1. For example, in the KG
for the EWM dataset, there exist 185,453 edges with the relation <Actor>.
Table 1. Statistics of knowledge graphs for three datasets
Dataset #Nodes #Edges
<Actor> <Director> <Writer> <Works> <relatedTo>
EWM
ZWM
BBM

5.2

220,989 185,453

73,705

48,500

373,550

681,208

81,717

23,544

11,730

93,257

151,299

111,768 154,112

18,921

9,603

180,370

363,006

57,842

Methods for Comparison

We deﬁne four cross-lingual linking methods as the comparison methods.
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– Title Edit Distance (TED). This method ﬁrst translates the titles of Chinese articles into English by Google Translation API3 , then we calculate the
similarity between all article pairs using the edit distance of their titles.
– Initial Similarity (IS). This method directly regards the initial similarities
deﬁned in Sect. 4.2 as the ﬁnal result. Due to the removal of the similarity
propagation step, the essence of this method is a translation-based method
which calculates the similarities between article texts.
– Simple Similarity Propagation (SSP). This method conducts the similarity propagation process without the inﬂuence of initial similarity. We initialize
all nodes in the SPG with a uniﬁed initial similarity (set to 0.5 in our experiments). Accordingly, the Eq. 2 is rewritten as:
σ i+1 (e, e ) =


1  i
σ (e, e ) + ϕi (e, e )
Z

(5)

– Linkage Factor Graph (LFG). The LFG model [14] is a state-of-art
method for cross-lingual knowledge linking. The method ﬁrst calculates several language-independent features from input wikis and then proposes a factor
graph model to discover cross-lingual links.
Implementation Details. For the construction of domain dictionary for the
IS method and the proposed method, we ﬁrst rank all the words in the EWM
dataset by their TF-IDF, then we select the top 1000 ranked words to form a set
of keywords. Finally, we translate each of the keyword into Chinese by Google
Translation API to get 1000 English-Chinese word pairs. These word pairs are
employed as our domain dictionary. For the LFG, we use 0.001 learning rate and
run 2500 iterations in all the experiments to get its best performance.
Evaluation Metrics. We evaluate our approach on the Chinese-English crosslingual links constructed in Sect. 5.1, i.e. the 2,678 EWM-ZWM cross-lingual
links and the 4,022 CLs between the EWM dataset and the BBM dataset. For
an arbitrary candidate matching pair, all comparison methods are able to predict
its similarity, indicating its conﬁdence level of being equivalent. Intuitively, for
an article e in the source wiki, the article in the target wiki which has the highest
similarity with e is regarded as its predicted CL. Thus, we use the prediction
accuracy on the evaluation CLs to evaluate diﬀerent knowledge linking methods,
denoted as P @1. In addition, we also evaluate the methods by P @5, which is
deﬁned as the percentage of articles that have correct equivalent articles in its
Top-5 candidates.
5.3

Influences of Parameters

There are two parameters in our method that may inﬂuence the performance
including: (1) pruning threshold θ, (2) iteration time T . In this section, we look
into the inﬂuences of these parameters.
3

http://code.google.com/intl/zhcn/apis/language/translate/overview.html.

436

L. Pan et al.

The Parameter θ. The parameter θ deﬁned in Deﬁnition 5 is used for pruning
the SPG. The entity pair having a lower initial similarity than θ is not considered
as a candidate CL, and will be removed from the SPG. Figure 5(a) demonstrates
the inﬂuence of θ on the knowledge linking between EWM and BBM. In the
ﬁgure, the Rec. denotes the coverage rate of the PCG for the entity pairs in
the evaluation set, indicating the recall of our method. N odeP is deﬁned as the
number of nodes in PCG divided by the nodes number of PCG when θ = 0.
From the ﬁgure, we observe that the Rec. declines rapidly with the increasing
of θ. The reason is: if θ is set too high, we may prune the SPG too much. As
a result, many correct entity pairs may be excluded from the SPG, which leads
to a poor recall. However, if θ is too low, the number of nodes in PCG will
increase rapidly, which makes the algorithm computationally challenging. We
observe that the method reaches its best F1 score when θ = 0.3. The similar
observations are also got on the experiment between EWM and ZWM.
The Iteration Time T . Figure 5(b) shows the P @1 of the proposed method
with diﬀerent iteration time T on the two knowledge linking tasks. The parameter θ is set to 0.3 for both tasks. From the ﬁgure, we observe that the proposed
method reaches its best performance through 4 to 6 iterations. In the knowledge
linking task between EWM and BBM, our method converges to the best performance (89.89 % in terms of P @1) after the 5-th iteration. Similarly, for the
datasets of EWM and ZWM, the method converges to the P @1 of around 83 %
after 6 iterations.

(a) The inﬂuence of the parameter θ

(b) The inﬂuence of iteration time T

Fig. 5. The study of parameter inﬂuence on the proposed method (%).

5.4

Results Analysis

After we explore the inﬂuences of parameters, we further employ baseline methods to compare with the proposed method. Table 2 summarizes the performance
of 5 diﬀerent methods on diﬀerent knowledge linking tasks. From the table, we
ﬁnd that the proposed method outperforms all baselines on both two tasks.
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According to the result, the TED method gets the lowest P @1 of 55.32 % and
54.79 %, because only the entity titles are used in this method. The IS method
utilizes the article texts of entities, while the SSP method take advantage of the
semantic information contained in the infoboxes. The two methods have better
performances than TED because of utilizing more information of the wiki article. The proposed method can be regraded as the combination of the IS and the
SSP. By combining the texture information and the structural information in
a synergistic way, our method outperforms the IS and the SSP by 21.75 % and
12.28 % with regards to P @1, respectively. Compared with the LFG method, our
method focuses on the knowledge linking task in speciﬁc domains. The experimental results show that our method outperforms the LFG (+4.68 % in terms
of P @1 in average) with regards to both P @1 and P @5.
Table 2. Performance of knowledge linking with diﬀerent methods (%).
Tasks

6

Metrics Methods
TED IS

SSP

LFG Proposed

EWM-BBM P @1
P @5

55.32 68.14 77.61 83.73 89.89
62.91 75.53 86.56 88.21 93.28

EWM-ZWM P @1
P @5

54.79 61.88 70.11 80.26 83.51
61.53 67.03 80.35 82.29 87.33

Conclusion and Future Work

In this paper, we propose a cross-lingual knowledge linking approach for discovering domain-speciﬁc cross-lingual links across online wikis. Our approach
combines both domain semantic relations and texture features of the wiki article, and employs a variation of similarity ﬂooding to predict new cross-lingual
links. Evaluations on two cross-lingual linking tasks show that our approach can
outperform the state-of-the-art method by an average precision of 4.68 %. Our
future work is to studying the automatical construction method for the attribute
mapping, to extend our approach to a more general one.
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