


























TABLE 6
Experimental Results of Strategy Selection (Percent)

Test RiMOM-SS RiMOM

set P R F1 P R F1
D1 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0
D2 96.2 | 929 | 945 | 985 | 953 | 969
D3 989 | 999 | 994 | 98.9]100.0 | 99.4
D4 858 | 49.7 | 629 | 902 | 541 | 67.6
D5 783 | 794 | 788 | 815 | 81.0 | 81.2
Overall | 935 | 855 | 893 | 959 | 881 | 91.8

TABLE 7

Comparison with Other Participants

6.2.2 Effect of Similarity-Flooding-Based Strategy
With SF, some entity pairs without direct relationships or
with weak relationships could be connected indirectly
because of the relationship of their related entities.

Table 5 shows the effect of SF. We have following
observations:

1. The overall recall is increased from 78.6 percent to
88.6 percent, a 12.7 percent improvement with SF. On
the data sets of D2 and D4, the improvements are
especially significant (4+15.8 percent and +47.0 per-
cent respectively on recall). This confirms that SF is
effective for ontology alignment, especially when two
ontologies have similar structures, as in D2 and D4.

2. When two ontologies have very similar structures,
the SF method can also improve the precision. For
example, on data set D2, we obtain +7.7 percent
improvement on precision, while on data set D4,
whose structure similarity is less than D2, the
improvement on precision is little.

Fig. 7. Graph of the precision and recall. (a) OAEI 2006. (b) OAEI 2007.
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6.2.3 Effect of Strategy Selection

We performed experiments to test the effect of strategy
selection[38], [39]. Table 6 shows the experimental results.
As shown in the table, strategy selection can improve the
performance of ontology alignment. The overall improve-
ment is increased from 93.5 percent to 959 percent in
precision (2.6 percent) and from 85.5 percent to 88.1 percent
in recall (3.0 percent).

6.2.4 Comparison with Other Participants

We compare our system with other systems participated in
OAEI 2006. Table 7 and Fig. 7 show the results for nine
participants, the data are provided in [19].

From the results, we see that RiIMOM, Falcon, and Coma
are three best performers. Fig. 7a shows the precision and
recall graphs of OAEI 2006 on the benchmark [19]. It shows
that RIMOM can keep the highest precision in most areas of
the recall.

6.2.5 Time Performance and Memory Analysis

The response time of RIMOM mainly consists of the
following components:

calculation of the two similarity factors,
individual ontology strategy executions,
SF, and

4. postprocessing.

L.
2.
3.

Since components 1-3 are of low computation cost, the
iterative process of SF is the dominating factor in the
response time. In our experiments with the benchmark data
set, the system response time ranges from 0.69 second to
6.70 seconds on the benchmark tests. It indicates that
RiIMOM is efficient in ontology alignment tasks up to
hundreds of concepts and properties. In memory analysis,
we found that, for each benchmark task, roughly 50 Mbytes
of memory is needed.

6.2.6 Result on OAEI 2007

RiMOM took part in OAEI 2007 benchmark task with no
change in method [40]. There are 13 participants in this task.
ASMOV, Lily, and RiMOM are top three teams. The
precision and recall of these systems are respectively 0.95
and 0.90, 0.96 and 0.89, and 0.95 and 0.87. The result shows
that RIMOM are one of the most effective method among all
systems both in 2006 and in 2007 [19], [20], as shown in
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Fig. 7b. At the same time, RiIMOM faces the challenge by the
some other systems such as ASMOV, Lily, and Falcon in the
benchmark task.

6.3 Results on Directory and Food Data Sets

Different from the benchmark data set, the directory datasets
contain only the hierarchical and label information. More-
over, there are many synonyms in the labels. For dealing
with this, we integrated an alignment strategy based on
Wordnet [60]. As there is no property and instances in the
directory data, we use CCP for SF. These adjustments
resulted in the precision, recall, and F1-measure of 0.39, 0.40,
and 0.40, respectively. The matching result is in the second
place among all participants in OAEI 2006. In OAEI 2007, we
further incorporated a fine-tuning process into our SF
specifically for the directory data. We thus achieved a better
result, with the precision, recall, and F1-measure improved
to 0.44, 0.71, and 0.55, respectively. It takes the fourth place
among all participants.

We also evaluated RiIMOM on the Food data in OAEI
2006 and OAEI 2007. The ontologies in the Food data are
very large. For large-scale ontologies (e.g., with tens of
thousands of entities), RIMOM needs a large amount of
memory and a long execution time. We suppressed the
structure-based strategies and applied only a simple
version of the linguistic-based strategies to improve the
efficiency. RIMOM consumed 1 Gbyte of memory in this
task and took about eight hours to find the alignment
results. Finally, RiIMOM takes the second on the Food data
in OAEI 2006. In OAEI 2007, we tried another approach
based on the background knowledge from Wikipedia. The
approach resulted in a precision of 62 percent and a recall of
42 percent.

6.4 Summary

In summary, our experiments show the following results on
RiMOM:

1. High performance. In OAEI 2006, on the benchmark
data sets, RiMOM showed the best performance; on
the three tasks of the food data, RiIMOM got one first
and two second places in OAEI 2006; for the Food
data of OAEI 2007, we tried another alignment
method based on background knowledge but ob-
tained unsatisfactory results. On the directory data,
RiMOM won the second place in OAEI 2006 and the
fourth place in OAEI 2007.

2. Effectiveness of strategy selection. The proposed strat-
egy selection method can effectively improve the
performance of ontology alignment. On the bench-
mark data set, the average improvement by strategy
selection is +2.6 percent in precision and +3.0 percent
in terms of recall. For data sets D4, where the
differences of label and hierarchy are quite large,
the average improvement is +5.5 percent in precision
and +8.9 percent in recall.

3. Contribution of the SF strategy. SF can significantly
improve the recall without hurting precision and
can sometimes improve the precision as well. On
the benchmark data set, SF improves RiMOM by
+12.1 percent in recall and +1.5 percent in precision.

4. Inefficiency for dealing with large-scale ontologies.
RiMOM still needs a large amount of memory and
a long time for finding the alignments of large
ontologies. How to improve the efficiency of
RiMOM is also one of our ongoing work.

7 RELATED WORK

Schema matching is a similar work to ontology alignment.
There are several surveys on schema matching and
ontology alignment [18], [22], [23], [31], [55], [57], [61].
Examples of research work related to schema/ontology
alignment include alignment debugging [44], alignment
ranking [12], ontology merging [54], and semantic data
translation [1], [45]. In this section, we review the related
work on schema matching, ontology alignment, and the
structure-based strategies.

7.1 Schema Matching

Much research work has addressed the schema matching
problem [9], [11], [33], [34], [41], [42]. Different methods, for
example, similarity-based method, statistics-based method,
and composite method have been proposed.

For example, COMA [9], Rondo [47], and Cupid [41] are
three composite methods for schema matching. COMA is a
schema matching tool supporting multiple schema types
[9]. It provides a library of matching algorithms and a
framework for combining matching algorithms. It allows
the user to use different algorithms and combination
strategies, but it is still done manually.

Rondo is a software environment for modeling engineer-
ing. It provides many unit primitives for manipulating
models (e.g., extract, restrict, and delete) [47]. Rondo mainly
uses entity names and taxonomy structures to determine
alignments. Its recent work was focused on handling more
expressive matching [3].

Cupid implements a generic schema matching algorithm
combining linguistic and structural schema matching
techniques. It computes the normalized similarity with the
assistance of a precompiled thesaurus [41].

All of the three methods focus on how to combine
different strategies so as to improve the accuracy of
matching. They provide ways to adjust the weight of each
strategy or to remove a strategy from the composition.
However, they do not consider how to dynamically find the
optimal configuration for different alignment tasks.

Some other efforts have been made for constructing a
global “view” for multiple schemas. For example, Rodriguez-
Gianolli and Mylopoulos have developed a tool, named
DIXSE, to support the integration of XML Document Type
Definitions (DTDs) into a common conceptual schema [56].
The tool integrates traditional approaches and provides a
semiautomatic fashion for help the user to create the common
schema.

He and Chang try to provide a unified user interface for
querying multiple sources on the deep Web [27]. They
propose a unified framework (MGS) for finding alignment
among multiple schemas using statistical techniques.

Castano et al. propose an affinity-based unification
method for global view construction [5]. The method first
assesses the so-called affinity level of semantic relationship
between elements in different schemas and then classifies
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schema elements by the affinity levels using clustering
procedures; finally, constructs global views starting from
selected clusters by unifying representations of their
elements; see also [13], [36], and [62].

This type of work tries to construct a common schema
from multiple data sources. The motivation differs in nature
from ours, as we focus on dynamic selecting strategies for a
given alignment task. Our framework can be adapted to
dynamic strategies selection in the construction of the
global view for multiple schemas.

Another type of work tries to find the interscheme
between different schemas. For example, Palopoli et al.
propose a method to find similarities or dissimilarities
among scheme objects (called interscheme properties) [52].
The method combines both textual information and the
structural information. A graph-based technique for a
uniform derivation of interscheme properties including
synonymies, homonymies, type conflicts, and subscheme
similarities. As for the similarity strategies, the methods in
[52] are close to those in our work. The difference is that we
not only combine different strategies but also propose a
method for automatic strategy selection.

Generally, in comparison with schema matching, ontol-
ogy alignment has its own unique characteristics [43], [60].
First, comparing with database schemas, ontologies provide
higher flexibility and more explicit semantics for defining
data. Second, database schemas are usually defined for a
specific database, whereas ontology is by nature reusable
and sharable. Third, ontology development is becoming a
more and more decentralized procedure. Finally, in ontol-
ogy, the number of knowledge representation primitives is
much larger and more complex, e.g., cardinality constraints,
inverse properties, transitive properties, disjoint classes,
and type-checking constraints.

As a result, in ontology alignment, we can use more and
detailed information than in database schemas, for example,
both hierarchical and non hierarchical information, as well
as description information. It provides more choices on
what information to be used in the alignment and also
requires more specific considerations on each type of
information. In this paper, we use such information to
empower the VD-based strategy and multiple SF strategies.

7.2 Ontology Alignment and the Combination of
Multiple Ontology Alignment Strategies

Existing work [28], [58] makes use of one type of
ontological information or one kind of method for finding
ontology alignment. Some previous method [32] uses
information-flow theory or a bootstrapping method to find
the alignment. These methods can obtain good results on
some alignment tasks but may fail on some others as they
cannot make use of all kinds of information available in
ontologies. Combination of the different alignment strate-
gies has been investigated, aiming at achieving better
alignment performance.

For example, GLUE aims at automatically finding
ontology alignment for data integration [10], [11]. It uses
machine learning techniques to combine different align-
ment methods. Specifically, it first applies statistical
analysis on distributions to generate a similarity matrix.
Next, it uses “constraint relaxation” to obtain an alignment.

FOAM [16] achieves high-quality results through a
combination of a rule-based approach, a machine learning

NO. X, XXXXXX 2009

approach, and the intelligent selection of candidate align-
ments. It also provides a mechanism to let users set the
parameters for a specific alignment task and select the
alignment when doubtable alignments are produced.

COMA++ [2] is an advanced version of COMA [9]. It
includes new approaches and offers a comprehensive
infrastructure to solve large real-world match problems.
In addition, COMA++ provides a user friendly interface for
improving the practicability and effectiveness of the system.
Based on COMA++, eTuner is proposed to automatically
tune a schema matching system using synthetic schemas
that have the ground-truth matching [37]. Falcon-AO [29],
[53] is an automatic tool for aligning ontologies. There are
two alignment strategies in Falcon-AO, LMO and GMO.
LMO is a matcher based on linguistic matching for
ontologies, and GMO is a matcher based on graph matching
for ontologies.

Ehrig and Staab propose a Parameterizable Alignment
Methods (PAM) [15]. They have developed a bootstrapping
approach for acquiring the parameters of different strate-
gies through machine learning techniques.

RiMOM differs from these combination methods in the
following aspects. First, some proposed combination
strategies [2], [9]], [10], [37] such as GLUE focused on the
learning of the combination weights of individual align-
ment methods either from the training data or using a
specific combination of matching results for different
alignment tasks. In RiMOM, the combination weights are
automatically determined by the characteristics of similarity
between two ontologies in linguistic and structural in-
formation. Second, many proposed ontology alignment
methods are combined after each individual alignment
strategy has gotten the candidate alignment results, for
example, COMA++ [2]. In comparison, RIMOM first
determines what parts of information are reliable and then
selects the information to be used in different ontology
alignment strategies according to the characteristics of
ontology alignment tasks.

A few work has been conducted for adaptive integration
of different strategies and different features for a matching
task, which is very relevant to our work. For example,
Castano et al. propose the H-Match algorithm for perform-
ing ontology matching [6]. The H-Match algorithm can
dynamically integrate different ontology features for a
matching task. Different from this work, we focus on the
dynamic integration of multiple matching strategies, while
H-Match focuses on the dynamic integration of different
features in one matching strategy.

Boukhebouze et al. further propose a method to
automate tuning the combination parameters (e.g., weights
of different strategies) in schema matching [4]. However,
the idea is based on a strict assumption that an algorithm
that obtains a good performance in one alignment task (e.g.,
on the benchmark) with a tuned parameter configuration
will also obtain good performances in the other context. On
the contrary, we more intend to find the dynamic
configuration for every alignment task.

Some other efforts have been made to find alignment
beyond one-to-one matching. For example, Euzenat and
Valtchev define a universal measure for comparing the
entities of two ontologies based on similarities of entity and
its related definitions (such as superclasses, properties,
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instances, etc.) [17]. They propose a method to find the one-
to-many relationships between entities by using local
matching of entity sets and iterative computation of
recursively dependent similarities. Our proposed method
can be extended to dynamically detect the utility of
different strategies in the one-to-many alignment context.

Giunchiglia et al. propose a method to find the
“semantic” mapping between nodes of two graph-like
structure (e.g.,, XML schemas and taxonomies) [24]. They
focus on finding semantic relationships (e.g., “equivalent”
and “super concept”) between nodes. Different from the
work, we focus on dynamically combining different
strategies.

Recently, utilizing search engines to help find the
alignment is another type of method [25]. For example,
Gligorov et al. [25] proposes a method based on the search
results from Google to find the alignment between
ontologies.

7.3 Structure-Based Ontology Alignment

Structural information is proved to be very useful in
ontology alignment. Many structure-based ontology
alignment/schema matching methods have been investi-
gated. The simplest method is to add the structural
information into the linguistic alignment strategies. Such
examples include COMA and GLUE.

Another method is to view the schema or ontology as a
graph, thus the ontology alignment is converted as a task of
graph matching. Such examples are GMO in Falcon and the
method of SF. Falcon uses directed bipartite graphs to
represent ontologies and measures the structural similarity
between graphs. The input of GMO can be a set of matched
pairs previously found by other approaches.

SF is proposed to propagate similarities between two
entities. It takes the assumption that, if two entities are
similar, the entities near them are also similar. It runs an
iteration procedure to reflect the influence of similarities of
their neighboring entities.

There are two processes in RiIMOM in which structural
information is exploited. It is used in different ways from
the existing structure-based ontology alignment methods.
First, we use hierarchical information in the VD-based
strategy when the structure similarity between two ontol-
ogies is larger than a threshold. Second, most ontology
alignment methods used structure information statically. In
RiMOM, structure information is used dynamically in the
alignment algorithm. For example, when the structure
similarity is less than a threshold, only the nonhierarchical
information are considered in SF. Third, RIMOM takes the
information defined in an ontology and proposes three
different flooding strategies for ontology alignment tasks.

There are also many methods proposed to address
other issues in the ontology alignment. For example,
several systems rely on semantics to find alignment [7].
QOM addresses the efficiency problem of alignment [14].
Euzenat [21] and Johnson et al. [30] focus on evaluation of
ontology alignment. In addition, some works study how to
align database schema to ontology, e.g., [48]; see also [35],
[51], and [59].

7.4 Relationship with Other Alignment Methods

As shown in previous sections, there are some similar
methods related to our proposed method. Here, we

TABLE 8
Relationship with Several Classical Methods

T - metadata textural content; S - metadata structure;
| - ontological instance; K - domain knowledge.
L - learning-based; M - similarity matching-based;
R - reasoning-based; D - Dynamic strategy

Used Information Strategy
Method T|[s |1 ]K|L|M]R]D
Coma [2] [9] v \/ N \/ \
Falcon [29] [53] N N d N
GLUE [10] [11] N N
PROMPT [49] N N N
Rondo [47] v v v \
S-Match [24] N v N v
Uniform [52] N N N N
Pre-RiIMOM [60] | N N \/ N N
RiIMOM N N N N N

compared several most relevant methods to our framework.
In particular, we compared these methods based on the
information and the strategies used for ontology alignment.
Specifically, the information used for finding ontology
alignment includes textural content of metadata (T),
structure of metadata (S), ontological instances (I), and
domain background knowledge (K). Strategies designed for
ontology alignment primarily include learning based (L),
similarity matching based (M), and reasoning based (R).
Table 8 shows the comparison of several state-of-the-art
methods and our proposed method. We see that most of the
methods combine the structure and textural content of
metadata, and the instance information. Several of them also
make use of the domain background information. As for the
alignment strategies, most of those methods employ
similarity-matching-based strategies, some utilize machine
learning for ontology alignment, and a few methods use
reasoning-based strategies. However, none of these methods
considers the dynamic strategy configuration for ontology
alignment, which is the key difference of the proposed
framework in this paper from the existing methods.

8 CONCLUSION

In this paper, we have proposed a multistrategy framework,
RiMOM, to automatically and dynamically compose strate-
gies for individual ontology alignment tasks. We consider
both textual and structural similarities in ontologies and
compose alignment strategies to be suitable for different
similarity characteristics. Experimental results show that
our proposed approach can significantly outperform both
single strategies and statically combined methods. Further-
more, experimental results on the data sets from OAEI 2006
and OAEI 2007 demonstrate that our system performs
better than most of the participants and is among the top
three performers on the benchmark data sets.
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