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Abstract. Ontology, the kernel technique of Semantic Web (SW), for-
mally names the domain concepts and their relationships. However, as
the ontologies are created and developed by different domain experts and
communities, a concept may be named in various ways, bringing about
the concept heterogeneity problem. To solve the problem, in this paper,
a Siamese Neural Network (SNN)-based Ontology Matching Technique
(OMT) is proposed, which is able to improve the matching efficiency
by using a part of Reference Alignment (RA) to decrease the training
time and improve the quality of matching results by using a logic reason-
ing approach to remove the conflict correspondences. The experimental
results demonstrate that SNN-based OMT can determine high-quality
alignment which outperforms the state-of-the-art OMTs.
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1 Introduction

Over the past decades, Semantic Web (SW) technologies have been widely uti-
lized, which provides great convenience for people to handle and link a variety
of data [1,3,18,20]. Ontology, the kernel technique of SW, formally names the
domain concepts and their relationships. However, as the ontologies are created
and developed by different domain experts and communities, a concept may be
named in various ways, bringing about the problem of concept heterogeneity.
To address this heterogeneity problem, it is vital to determine correspondences
between heterogeneous concepts, called the Ontology Matching (OM) [23].

Due to the complication of OM, it is arduous and impracticable to manu-
ally establish correspondences. Hence, diverse (semi)automatic OM Techniques
(OMTSs) have been proposed [8,12,19,24,26]. Machine learning (ML) is widely
used in various fields [4-7,14-16]. In particular, ML-based OMTSs are deemed
as promising methods. Doan et al. [9] first presented an ML-based OMT that
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similarity measures were described by a joint probability distribution of concepts
concerned. Mao et al. [17] regarded the OM as a binary classification problem
and used the Support Vector Machine (SVM) to solve it. khoudja et al. [13]
integrated the state-of-the-art ontology matchers through the neural network to
improve the results’ quality. Bento et al. [2] used convolutional neural networks
(CNN) to carry out the OM which shows good performance. Jiang et al. [11]
proposed a Long Short-Term Memory Networks (LSTM)-based OMT to match-
ing biomedical ontologies by using the semantic and structural information of
concepts. However, the three neural network-based approaches need whole Ref-
erence Alignment (RA), which is unrealistic to obtain in the real matching scene,
and three models’ training is time-consuming, which could reduce the match-
ing efficiency. In this paper, a Siamese Neural Network (SNN)-based OMT is
proposed to further enhance the quality of alignments, which can predict the
similarity value of two concepts by capturing the semantic feature. In particu-
lar, SNN-based OMT just utilizes a small part of RA, which is able to determine
excellent alignments, and decrease the training time, and use a logic reason-
ing approach to remove the conflict correspondences to improve the quality of
matching result.

2 Preliminary
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Fig. 1. Two ontologies and their alignment.

2.1 Ontology and Ontology Matching
Definition 1. An ontology is defined as a quadruple [21]
O = (IN,OP,DP,CL) (1)

where IN is a series of individuals; OP is a series of object properties; DP is
a series of data properties; C'L is a series of classes. In addition, IN, OP, DP,
and CL are the concepts. Figure 1 shows an example of two ontologies and their
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alignment. Two ontologies A and B contain a number of concepts in the left and
right, respectively. In addition, the elements of rounded rectangles are classes,
e.g. “car”, while one-way arrows are object properties, e.g. “is_a”.

Definition 2. An ontology alignment is a number of correspondences, and a
correspondence is a quadruple [25]

corres = (c',c, s,t) (2)

where ¢ and ¢ are the concept from two to-be-matched ontologies; s is the
similarity in [0, 1]; and ¢ is the type of relation between ¢’ and c. In Fig. 1,
the double-sided arrows connect two concepts constituting the correspondences.
For instance, “Plane” in ontology A and “Aeroplane” in ontology B are con-
nected building a correspondence with 0.95 similarity. Besides, all the corre-
spondences form an alignment, and RA is a golden alignment provided by the
domain experts, which is used to test the performance of OMTs.

Definition 3. The process of ontology matching is a function [22]
A= ¢(01,09, RA, R, P) (3)

where A is the final alignment; O, and Os are two to-be-aligned ontologies; RA
is the reference alignment; R is the used resources; P is the used parameters. In
the process of ontology matching, it is vital to determine the correspondences
among heterogeneous concepts.

2.2 Performance Metrics

Generally, three metrics, i.e. precision, recall, and f-measure, are utilized to test
the matching results’ quality [10], which are expressed as follows:

correct_matched_correspondences

P= 4
all_matched_correspondences )
n_ correct_matched_correspondences (5)
~all_correct_correspondences
P xR
F=2x 6
P+ R (©)

where P and R respectively represent the accuracy and completeness of the
results. P equals 1 indicating all matched correspondences are correct, while R
equals 1 meaning that all correct correspondences are matched; F' is the harmonic
mean of P and R to balance them.
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Final Alignment Determination

Filtering alignment through a threshold
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Fig. 2. The framework of the SNN-based OMT.

3 Methodology

In this study, an SNN-based OMT is proposed to solve the concept heterogeneity
problem and the framework of SNN-based OMT is depicted in Fig. 2.

3.1 Data Set

The well-known Ontology Alignment Evaluation Initiative (OAEI) benchmark®
is utilized to train the model and test the performance of our proposal. The
succinct statement of benchmark testing cases is demonstrated in Table1. To

! http://oaei.ontologymatching.org/2016 /benchmarks/index.html.
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enhance the efficiency of training process, a small part of RA is used that only
a 2xx testing case is selected to train the model. In particular, given two to-be-
matched ontologies O; and Oz, the correspondence corres = (¢, ¢) in RA is the
positive sample, then the same number of negative samples are constituted by
replacing ¢’ with a concept ¢’ randomly selected from O;. In addition, to ensure
the quality of the final result, the trained testing case is not utilized to test.

Table 1. The succinct statement on benchmark testing cases.

1D Succinct statement

1XX | Two same ontologies

2XX | Two ontologies with different lexical, linguistic or structural characters
3XX | The real ontologies

3.2 Siamese Neural Network

As seen in Fig. 2, the concepts’ information is transformed as numeric vectors
to feed the neural networks by using the character embeddings?, whose possible
character is a representation vector in 300 dimensions, and the value in each
dimension is normalized in the interval [0, 1].

After, the trained SNN is utilized whose two networks are the same struc-
ture and weights. In this paper, the structure of two networks is Bi-directional
Long Short Term Memory (Bi-LSTM), which is able to capture the semantic
relationships and features of concept pairs. Then the distance-based similarity
value of two concepts can be calculated through Feature; and Features, which
is defined as follows:

||Feature; — Featuresl]

dist = 7

rsrance ||Feature; || + ||Features|| @

similarity = 1 — distance (8)

where ||-|| represents the Euclidean norm, then the normalized distance is utilized

to compute the similarity value, i.e. the smaller the distance, the greater the
similarity value. In particular, the Adam optimizer and the contrastive loss are
adopted and to optimize the two same networks:

N .
yi X d; + (1 — y;) X max{margin — d;,0
Lcontrastive = Z L . ( Z) IN { : } (9)
=0
where N is the quantity of samples; margin is a margin value; y; is the sample
type that y; equals 1 representing the positive sample and 0 denoting the negative
sample; d is the distance through the Eq. 7.

2 https://github.com/minimaxir/char-embeddings.
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3.3 The Alignment Determination

By means of the trained SNN, the M x N similarity matrix can be obtained that
M and N are the concepts number of O; and Os, respectively. Each element
in the similarity matrix is the similarity value computed by using the Eqs.7
and 8. In addition, the maximal value in each row or column will be chosen
as the final correspondence. Furthermore, to ensure the precision of the final
alignment, a threshold is adopted to filter the correspondences. After that, a
logic reasoning approach is utilized that: (1) the correspondences are sorted
by descending, (2) the correspondence with the greatest similarity is selected,
(3) the rest correspondences are chosen one by one if it does not conflict with
previous correspondence. To be specific, in Fig. 3, two correspondences (¢}, ¢1)
and (¢}, c3) conflict that ¢} is the subclass of ¢} and c3 is the subclass of ¢;, then
the correspondence with the lower similarity score will be discarded.

01 02

C2

subclass of

C1

subclass of

Fig. 3. An example of inconsistent correspondences.

4 Experiment

In the conducted experiment, the OAEI benchmark is used for evaluating the
quality of alignments. Table2 shows the comparison in terms of the average
matching results’ quality among SNN-based OMT and OAEI’'s OMTs, i.e.
XMap, LogMap family, Pheno family, Lily, CroMatcher, and AML. As shown
in Table2, SNN-based OMT’s recall, precision, f-measure, and f-measure per
second are better than other competitors, which shows that SNN-based OMT
outperforms the state-of-the-art OMTs.

In addition, Tables 3, 4, and 5 demonstrate the comparison in terms of R, P,
and F, respectively. The bold text indicates the best OMT on the corresponding
testing case and the symbols “+7, “=" “-” represent the numbers that our pro-
posal is superior, equal, and inferior to other OMTs, respectively. The compared



Matching Ontologies Through Siamese Neural Network 721

Table 2. Comparison among SNN-based OMT and OAEI’'s OMTs in terms of the
average matching results’ quality.

OMT Recall | Precision | f-measure | Runtime (second) | f-measure per
second
XMap 0.40 |0.95 0.56 123 0.0045
PhenoMP 0.01 |0.02 0.01 1833 0.0000
PhenoMM 0.01 ]0.03 0.01 1743 0.0000
PhenoMF 0.01 ]0.03 0.01 1632 0.0000
LogMapBio 0.24 ]0.48 0.32 54439 0.0000
LogMapLt 0.50 ]0.43 0.46 96 0.0048
LogMap 0.39 10.93 0.55 194 0.0028
Lily 0.83 10.97 0.89 2211 0.0004
CroMatcher 0.83 10.96 0.89 1100 0.0008
AML 0.24 |1.00 0.38 120 0.0031
SNN-based OMT | 0.88 |0.97 0.92 108 0.0085

Table 3. Comparison among SNN-based OMT and OAEI’s OMTs in terms of recall.

OMT 1XX  [2XX | 3XX
edna 1.00 |0.56 0.82
aflood 1.00 |0.74 0.81
AgrMaker 0.98 0.60 0.79
aroma 1.00 |0.69 0.78
ASMOV 1.00 |0.85 |0.82
DSSim 1.00 |0.62 0.67
GeRoMe 1.00 |0.71 0.60
kosimap 0.99 0.57 0.50
Lily 1.00 |0.86 0.81
MapPSO 1.00 |0.73 0.29
RiIMOM 1.00 |0.81 0.82
SOBOM 0.97 |0.46 0.55
TaxoMap 0.34 0.23 0.31
SNN-based OMT | 1.00 |0.81 0.83
+/=/- 4/9/0 [12/0/1|13/0/0

OMT are edna, aflood, AgrMaker, aroma, ASMOV, DSSim, GeRoMe, kosimap,
Lily, MapPSO, RiMOM, SOBOM, and TaxoMap. About testing cases 1XX,
most of OMTs are able to obtain excellent alignments as the low heterogeneity
of 1xx, that information of all concepts of ontologies have not been discarded
and changed. Regarding 2XX, since the to-be-matched ontologies have a variety
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Table 4. Comparison among SNN-based OMT and OAEI’s OMTs in terms of preci-
sion.

OMT 1XX  [2XX | 3XX
edna 0.96 0.41 0.47
aflood 1.00 (0.98 |09
AgrMaker 0.98 ]0.98 0.92
aroma 1.00 0.98 |0.85
ASMOV 1.00 |0.96 0.81
DSSim 1.00 |0.97 0.94
GeRoMe 1.00 |0.92 0.68
kosimap 0.99 0.94 0.72
Lily 1.00 |0.97 0.84
MapPSO 1.00 |0.75 0.54
RiIMOM 1.00 |0.93 0.81
SOBOM 0.98 |0.97 0.92
TaxoMap 1.00 0.9 0.77
SNN-based OMT | 1.00 |0.98 | 0.94
+/=/- 4/9/0 |11/2/0|13/0/0

Table 5. Comparison among SNN-based OMT and OAEI’'s OMTs in terms of f-
measure.

OMT 1XX  [2XX | 3XX
edna 0.98 0.47 0.59
aflood 1.00 |0.84 0.85
AgrMaker 0.98 0.74 0.85
aroma 1.00 |0.80 0.81
ASMOV 1.00 [0.90 0.81
DSSim 1.00 |0.75 0.78
GeRoMe 1.00 |0.80 0.63
kosimap 0.99 0.7 0.59
Lily 1.00 | 0.91 |0.82
MapPSO 1.00 |0.74 0.37
RiMOM 1.00 |0.86 0.81
SOBOM 0.97 |0.62 0.68
TaxoMap 0.50 0.36 0.44
SNN-based OMT |1.00 |0.88 0.88
+/=/- 5/8/0 |11/0/2|13/0/0
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of heterogeneity features, i.e. lexical, linguistic, or structure heterogeneity, it is
arduous to determine the outstanding alignments. But SNN-based OMT is able
to obtain a high quality of alignments. As the real-world testing cases 3XX,
although they have more complex heterogeneous characteristics than 1XX and
2XX, our proposal is an effective approach to solve the real-world OM problem
and performs much better than other OMTs. To sum up, SNN-based OMT is
able to effectively and efficiently solve the OM problem.

5 Conclusion

To solve the concept heterogeneity problem, in this paper, an SNN-based OMT
is proposed, which is able to improve the matching efficiency by using a small
part of RA to decrease the training time and improve the quality of matching
result by using a logic reasoning approach to remove the conflict correspon-
dences. The experimental results demonstrate that SNN-based OMT can deter-
mine high-quality alignment which outperforms the state-of-the-art OMTs. In
the real matching scene, it is unrealistic to gain the RA. In the future, we will
focus on the improvement of the efficiency and effectiveness of SNN-based OMT
without using the RA, and be interested in capturing the semantic information
by using both character-level and word-level information of concepts.
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