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Abstract. Ontology matching is the task of finding correspondences
between semantically related entities in different ontologies, which is
a key solution to the semantic heterogeneity problem. Recently, sev-
eral supervised learning approaches for ontology matching have been
proposed, which outperform traditional unsupervised approaches. The
existing learning based approaches treat the similarity values of match-
ers as normal numerical features, and need a lot of training examples.
In this paper, we propose a semi-supervised learning approach for ontol-
ogy matching. Our approach needs a small set of training examples, and
exploit the dominant relation of similarity metrics to enrich the training
examples. A label propagation algorithm is used to determine the match-
ing results. Experimental results show that our approach can achieve
good matching results with a few training examples.

Keywords: Ontology matching - Semi-supervised learning - Hetero-
geneity

1 Introduction

An ontology provides a vocabulary describing a domain of interest, it plays
an important role in sharing and reusing knowledge among software agents.
Recently, a large amount of ontologies have been created by different individu-
als and organizations, especially in the domain of Biology and Semantic Web.
Ontologies within the same specific domain could be heterogeneous; for exam-
ple, entities with the same meaning may have different names and descriptions,
entities having the same name may also have different meanings.

Ontology matching is the task of finding correspondences between semanti-
cally related entities of different ontologies [8], which is critical important for
solving the semantic heterogeneity problem. Currently, many ontology matching
approaches have been proposed in recent years. Typically, an ontology matching
approach first uses several matchers (usually utilize different types of informa-
tion, such as entities’ labels, entities’ instances, ontology taxonomy structures) to
compute the similarity between ontology entities, and then makes decision based
on similarity values of entity pairs. A simple strategy is to sum the similarity
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values of each entity pair in a linear weighted fashion, and select a proper thresh-
old to distinguish matching and non-matching pairs. However, given a matching
situation, it is difficult to determine the right weights for each matcher. Some
sophisticated weighting strategy such as Harmony [14], and Local Confidence
[11] are proposed to adaptively determine the weights. But there is no single
strategy always return the best results according to experimental results in [15].

Finding matching pairs in completely unsupervised way can not always get
desired results, hence, several machine learning based ontology matching meth-
ods have been proposed to get more accurate matching results. Using a set of
validated matching pairs as training examples, matching learning based meth-
ods train regression [3] or classification [7] models to infer the right matches
from all the candidate matching pairs. Comparing with unsupervised approaches,
machine learning based approaches usually get better results. However, we have
found that two aspects in these approaches can be further improved: first, train-
ing predicting models needs a certain amount of training examples, which are
not always available; second, existing methods only treat the similarity values
merely as numeric features, without taking their essential characteristics into
account.

In this paper, we propose a semi-supervised learning approach for ontology
matching. Given a small set of validated matching entity pairs, our approach
first exploit the dominant relations in the similarity space to enrich positive
training examples. After getting more training examples, a graph based semi-
supervised learning algorithm, label propagation [19], is employed to classify
the rest candidate entity pairs into matched and non-matched groups. We also
define several constraints to adjust the probability matrix in label propagation
algorithm, which help to improve the quality of matching results.

This paper is structured as follows. First, we introduce the ontology matching
problem and the label propagation algorithm. Then we present the method of
training examples enrichment. After that we introduce the implementation of
constrained semi-supervised learning algorithm for ontology matching. Finally,
we evaluate the proposed algorithm on matching tests from OAEI'.

2 Ontology Matching

An ontology is a formal specification of a shared conceptualization, which pro-
vides a vocabulary describing a domain of interest [8]. Different from schemas
in the database domain, ontologies contain more semantic metadata making the
entities in ontologies self-describing. The major components of an ontology are
classes, properties, instances and axioms. Classes represent sets of entities or
‘things’ within a domain; they can be organized into a hierarchy. Properties
describe various features and attributes of concepts and constraints on these
attributes, which can also be organized into a hierarchy. Instances are ‘things’

! http://oaei.ontologymatching.org/
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represented by the concepts. Axioms are assertions in the form of logic to con-
strain values for classes or properties. Formally an ontology is represented as a
6-tuple [13]:

O={C,P,H°, H" I,A°} (1)

where C' and P denote classes and properties, H¢ and H” are the hierarchy of
classes and properties, I is a set of instances and A€ is a set of axioms. Ontolo-
gies can be described by several standard languages, such as the Web Ontology
Language (OWL) and Resource Description Framework Schema (RDFS).

The goal of ontology matching is to find correspondences between seman-
tically related entities in different ontologies. In this paper, we only focus on
finding the equivalent relations. Here we use the term of ‘entity’ to refer class,
property or instance in an ontology. Given a source ontology Og, a target ontol-
ogy Or, and a entity e; in Og, the procedure to find the semantically equivalent
entity e; in O is called ontology matching, denoted as M. Formally, for each
entity e; € Og, the ontology matching M can be represented as [16]:

M(ei7 OSv OT) =€ (2)

3 Semi-supervised Learning for Ontology Matching

In this paper, we formulate the ontology matching problem as a binary classifi-
cation problem. For each candidate matching, we first use multiple matchers to
compute several similarities between the entity pair, and use these similarities
as the features of candidate matching. Then we use a semi-supervised learning
algorithm, label propagation, to classify candidate matchings to correct match-
ings and incorrect matchings. We present the details of our algorithm in this
section.

3.1 Similarity Metrics and Matchers

There are a lot of ontology information of entities on which comparison can be
made to compute similarities, such as label, comment and instance; [8] presents
a detailed list of them. In order to compute the similarity, edit-distance and
vector-based similarity are two popular similar metrics for ontology matching:

Edit-distance: Edit distance between two strings is the minimal cost of oper-
ations (insertion, replacement and deletion of characters) to be applied to one
of the strings in order to obtain the other one. Given two strings s and ¢, the
edit-distance-based similarity between them is defined as:

[{ops}|

Se(s,t) =1- m (3)

where |{ops}| indicates the number of operations, |s| and |¢| represent the number
of characters in s and ¢ respectively.
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Vector-based similarity: Vector-based similarity is calculated between two
documents in the Vector Space Model (VSM) using the TF/IDF technique.
Before computing the similarity, documents are first transformed into a weighted
feature vector, where the elements in the vector are weights assigned to words
by TF/IDF. For a word ¢ in document j, the weight of the word is computed as

N

lg difl (4)

Wij = tfij :
where ¢ f;; is the number of occurrences of ¢ in j, df; is the number of documents
containing ¢, N is the total number of documents. Then the similarity of two
documents d and k is computed as the cosine value between their feature vectors:

M
k Zz 1 Wid * Wik (5)
\/ZZ  wid® \/Zk | wik?

where M is total number of distinct words in all documents.

Based on the above two similarity metrics, we construct the following four
matchers in our proposed approach.

(1) Name-based strategy

S, (d,

Myame(e1, e2) = Se(label(eq), label(es)) (6)

where label(e) is the value of rdfs:label of an entity, if there is no information for
rdfs:label, label(e) corresponds to the last segment of the ontology entity’s URIL
(2) Metadata-based strategy

M neta(€1,€2) = Sy(meta(ey), meta(es)) (7)

where meta(e) is a set of words composed by combining the values of rdfs:label
and rdfs:comment of entity e.
(3) Instance-based strategy

Minsi(e1,e2) = Sy(inst(er),inst(es)) (8)

If e is a class, inst(e) is all metadata of the instances belonging to class e; if e is
a property, inst(e) corresponds to all lexical values of property e.
(4) Attribute-based strategy

Mazi(e1,e2) = Sy(att(er), att(ea)) (9)

where att(e) denotes the values of data type properties of e.

3.2 Label Propagation

Label propagation is an effective graph based semi-supervised learning algo-
rithm. The basic idea behind label propagation is to first build a graph in which
each node represents a data point and each edge is assigned a weight usually
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computed as the similarity between data points, then propagate the class labels
of labeled data to neighbors in the built graph in order to make predictions [17].

Let L = {(z1,%1), .-, (z1,y1)} be the labeled data, y € {1,...,C}, and U =
{Zi141, ..., T14o } the unlabeled data, let n = I + u. The basic label propagation
algorithm builds a graph with the following weights:

i — 5

5 ) (10)

where « is a bandwidth hyper-parameter. Then it computes a n x n probabilistic
transition matrix P

wij = exp(— o

Wi 11

ST o (11)
where P;; is the probability of transit from node ¢ to j. Let Y7, be a l x C' label
matrix which represents the labels of the labeled data, and f = (fr, fu)” be a
n X C matrix represents the soft labels for all the nodes. The label propagation
algorithm runs the following process repeatedly until convergence [18]:

Py =P@i—j)=

— Propagate f — Pf
— Clamp the labeled data fr =Y},
— Repeat from step 1 until f converges

Finally, unlabeled data x; € U is classified to class ¢ € C if f;. > §, where 0 is a
threshold usually can be set to 0.5.

3.3 Matching Decision by Label Propagation

Give two ontologies O; and Oz, a small set of training matchings, our algo-
rithm first predicts some matchings based on the monotonicity of similarities;
then it adds the predicted matchings to the training matchings and feeds these
matchings to the label propagation algorithm, which decides the rest matchings.

Enriching Training Examples

Definition 1. Given two entity pairs (e1,e2) and {(g1,g2), let m = (my,
Ma,...,mg) and n = (ni,no,..,ng) are similarities of (e1,ea) and (g1, gs)
returned by k matchers, we say that (e, ea) dominates (g1, gs2), denote (e1,es) ¥
(91,92), tf m;y > n; for alll1 <i<d, and ezist one 1 < j < d that m;)n;.

Deﬁmtlon 2. Given two ontologies O1 and O, a entzty pair (e, e ) e € 0Oy and
e e 02, is a positive matchmg if e is equivalent to e , is a negative matching if
e is not equivalent to e .

In our proposed algorithm, the user should initially verify a small set of positive
matchings as training examples. Generally, more training examples enable the
algorithm make more accurate predictions of the unknown matchings. Here, we
make use of the dominant relations between entity pairs to infer more positive
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matchings. Algorithm 1 formalizes the process of enriching positive matchings,
its basic idea is that the dominator of a positive matching is also a positive
matching. Given a small set of positive matchings, we first use Algorithm1 to
enrich the training set, and then feed the enlarged training set to the label
propagation algorithm.

Algorithm 1. Positive matchings enrichment

Input:
Two ontologies O and O2
A set of positive matchings F

Output:
A new set of positive matchings E
ILE «F
2: for all (e, e,) € F do
3: if 3(g,g) = (e,€),g € 01,9 € O, then
4  E —E 1g4)
5:  end if
6: end for

When enriching the training examples, we also add a virtual positive match-
ing v to the training set. The similarity values of v are all set to 1. We assume
that if all matchers return similarity values equal to 1 for an entity pair, then
this entity pair is a positive matching.

(2)Adjust the propagation matriz

We build a kNN graph for the label propagation algorithm, in which each
node only connects to the k-nearest neighbors. After obtaining the propaga-
tion matrix by Eq. 11, we adjust the propagation matrix based on some prior
knowledge to make the predictions more accurate. Here, we use the following
constraints (or axioms) to adjust the propagation matrix:

— An entity from O; can only match one entity from Os, and vice versa;

— No crisscross matching is allowed.

— Two entities match if their owl:sameAs or owl:equivalentClass, owl:equivalent-
Property entities match.

Correspondingly, we make the following adjustment to the propagation
matrix:

— For each entity pair i = <e,e/>,e €0, an/d e € O, set /the transition proba-
bility Pj; = 0, where j = (e, g),g € O2/{e }, or j = (g,e ),g € O1/{e}.

— Let sub(e) and super(e) denote the sub entities and super entities of e respec-
tively. For each entity pair ¢ = (e, e/>,e €0 and € € O3, set the transition
probability P;; = 0, where j = (9,9"), g € sub(e) and ¢ € super(e), or
g € super(e) and g € sub(e).
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~ For two entity pairs i = (e,e ) and j = (g, g ), set the transition probability
P;; = 1if there are owl:sameAs or owl:equivalentClass, owl:equivalentProperty
relations between e and g, or between ¢ and g .

4 Evaluation

4.1 Datasets

We evaluate our approach on four matching tasks from OAEI’2010 Benchmark
dataset. These tasks are #301, #302, #303 and #304, which involve matching
four real biography ontologies with one common ontology. In each matching task,
there are more than 100 classes and properties in the ontologies. We evaluate
our approach on these tasks because the ontologies are all realistic ones, the
participants of OAEI can not get satisfying results on these tasks.

4.2 Performance Metrics

We use precision, recall, and F1-Measure to measure the performance of our
proposed approach, which are defined as follows:

Precision (p): It is the percentage of correctly discovered matchings in all
discovered matchings.
_l4nT|
Al
where A is the set of discovered matchings, and T is the set of ground truth
matchings.

(12)

Recall (7): It is the percentage of correctly discovered matchings in all correct
matchings.
_JANT)|
T

(13)

Table 1. Experimental results

Tasks #301 | #302 | #303 | #304
0% training | Pre. 1 0.90 |0.96 |[0.90 |0.92
Rec.|0.71 |0.58 |0.80 |0.79
5% training | Pre. [0.91 [0.96 |0.90 |0.95
Rec.|0.75 |0.60 |0.80 |0.89
10 % training | Pre. |0.93 | 1.00 |0.90 |0.96
Rec.|0.75 [0.60 |0.81 |0.89
15 % training | Pre. | 0.94 |1.00 |0.91 |0.96
Rec.|0.75 |0.61 |0.83 |0.92
20 % training | Pre. [0.96 |1.00 | 0.91 |0.97
Rec.|0.77 |0.63 |0.85 |0.95
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F1-Measure (F1): F1-Measure considers the overall result of precision and
recall. 5
o =

_p-i-r (14)

4.3 Results

In the experiments, we run four group of experiments on each matching task. In
these four group of experiments, we use 0%, 5%, 15 %, 20 % randomly selected
matchings in the reference alignment as the training examples respectively. In
each group of experiments, we run our algorithm ten times and each time on
a different sample of training examples. When using 0% training examples, we
only use the virtual positive matching as training example.

Table 1 lists the results on four matching tasks. For each matching tasks, we
list the average precision and recall on different samples of training examples.
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Fig. 1. F-Measure on #301 matching task
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Fig. 2. F-Measure on #302 matching task
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Fig. 3. F-Measure on #303 matching task
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Fig. 4. F-Measure on #304 matching task

Figures 1, 2, 3 and 4 show the increments of F-measures as the number of training
examples increase. It can be observed that if we use no training examples, the
algorithm can also get a acceptable results. As we increase the number of training
examples, the F-measures also increase. Therefore, our proposed algorithm can
help improve the quality of matching results with training examples.

5 Related Work

In this section, we review related work on ontology matching.
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5.1 Non-learning Based Approaches

COMA [1] is a schema matching tool, which provides a library of matching
algorithms. COMA allows the user to use different algorithms and combina-
tion strategies, such as MAX, MIN, AVG and SIG, but users should select the
strategies and combination method according to the matching problem. ASMOV
[12] is an automated ontology matching system that combines a comprehensive
set of element-level and structure-level measures of similarity with a technique
that uses formal semantics to verify whether computed correspondences com-
ply with desired characteristics. ASMOV computes four kinds of similarities,
including a lexical similarity, two structural similarities and an external simi-
larity. It combines these similarities using weighted sum, where the weights are
adjusted based on static rules. PRIOR+ [14] is an adaptive ontology mapping
approach, which contains three major modules, i.e. the IR-based similarity gener-
ator, the adaptive similarity filter, weighted similarity aggregator, and the neural
network based constraint satisfaction solver. Both the linguistic and structural
similarities of the ontologies are computed in a vector space model, and then
are aggregated by an adaptive method based on their harmonies. RIMOM [13] is
a dynamic multistage ontology matching framework. It uses both lexical and
structural information of ontologies to compute similarity between entities. In
order to adaptively combine multiple matching strategies, RIMOM estimates
the similarity characteristics for each matching task by computing two factors:
the label similarity factor and the structural similarity factor. UFOme [9] is a
ontology matching software framework, which provides a library of matchers
and a strategy prediction module which suggests individual matchers should be
used in a specific task. The trategy prediction module computes three coeffi-
cients of two ontologies, including lexical affinity coefficient, structural affinity
coefficient, and exploiting affinity coefficient. Based on these coefficients UFOme
suggests the optimal weights value for different matchers. The strategy predic-
tion in UFOme is quite similar to RIMOM’s weighting strategy. Falcon-AO [10] is
a similarity-based ontology matching system. It employs three matching strate-
gies, i.e., V-Doc, I-Sub and GMO. V-Doc builds a virtual document for each
entity, and then measures their similarity in a vector space model. I-Sub com-
putes similarities between strings attached to different entities. GMO explores
structural similarity based on a bipartite graph.

5.2 Learning Based Approaches

FOMA [5] achieves high-quality results by using a matching learning method to
draw classification rules for combining results of different similarity metrics. Our
approach is an unsupervised one therefore it does not need training examples.
Nevertheless, it still achieves good performance in various matching tasks. GLUE
[2] is a well-known machine learning based ontology matching system. It employs
a set of base learners and then combine their predictions using a metalearner.
Base learners apply machine learning techniques to compute the joint probabil-
ity distributions of every entity pair, then use the joint distributions to compute
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the Jaccard similarity. The metalearner uses manually set weights to combine
the base learners’ predictions via the weighted sum. Eckert et al. [4] propose to
use matching learning techniques to train a classifier that decides whether two
elements from different ontologies should be linked by an equivalence relation
based on the output of different matchers. They do not make any assumptions
about the matchers, which can be simple similarity metrics or composite match-
ing systems. The machine learning algorithm is also not particularly specified, it
can be Decision Tree or Naive Bayes. APFEL [6] is another ontology matching
system based on machine learning method. It computes similarities using various
ontology information, and then trains a decision tree to predict the equivalence
relations between the entities of two ontologies. Different from other machine
learning based approaches, APFEL first uses an unsupervised approach to find
some correct matchings, then uses these matchings as training examples. Most
recently, [3] has proposed a ontology matching approach which interact with user
feedback. Their algorithm uses logistic regression to aggregate similarities from
different matchers. The training examples also are used to decide the degree of
structural propagation.

6 Conclusion

In this paper, we propose a semi-supervised learning approach for ontology
matching. Our approach uses four matchers to compute similarities between
entities and then employs the label propagation algorithm to make the match-
ing decisions. In order to improve the quality of matching result, we first explore
the dominant relations in the similarity space to infer more training examples,
and also adjust the propagation portability matrix based on domain knowledge.
Experimental results show our proposed approach can effectively improve the
matching results with training examples.
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