Local features

class labels and URIs

classes with same local names but different name spaces need to be treated

with caution, as there is a risk that they might be different in different contexts.

equivalent classes

equivalent classes give the alternatives of a class that can be regarded as hints for

identifying new mapping candidates.

related property names

both declared and inherited properties contribute to the meaning of a class
and thus should be extracted.

complement classes

complement classes indicates semantic dissimilarity.

property labels and URIs

same as for classes.

property domain and range

the domain and range of a property can pin down the meaning of a class when name

matching is not sufficient.

inverse (transitive) property

both inverse and transitive properties are regarded as hints for similar properties and
thus indirect hints for similar classes.

functional property

functional properties play the same role in identifying corresponding classes as keys

do in element level database schema matching.

instance labels and URIs

same as for classes.

instantiated classes

instances are treated as a source of understanding semantics.

comments

well documented design rationale is a reliable source for revealing semantics.

Global features

super and sub classes

subsumption relationship help to identify the location of a class in the taxonomy
and thus capture the structural semantics.

sibling classes

sibling classes provide the hint of how the parent class is defined.

super and sub properties

properties’ hierarchy is useful in matching both properties and classes

disjoint classes

disjoint cover should be treated as a special case.

comments

comments sometimes are also given at the global level.

version information

the record of modifications and authentication provides alternatives.

Table 1: Features extracted for Ontology Mapping.

be the least common hypernym of w; and w;, r be the
root of the underlying WordNet hierarchy, and h;, hj,
h be the distances between w; and r, w; and r, w and
r, respectively, the similarity between w; and w; is ap-
proximated as 2 x h/h; + h;.

Semantic matchers

In CMS, the flavour of semantic is added in two different
ways: namely structure-aware matchers and intension-
aware matchers.

Structure-awareness refers to the capability of travers-
ing class hierarchies and accumulating similarities along
the sub-class (sub-property) relationships. Let ¢ and
d be two classes from source and target ontologies, c¢;
and d; are their direct parents in respective ontologies,
the similarity between ¢ and d is recursively defined as
sim(c, d) = asimyeqr(c, d) + Bsim(c;, d;), where o and 8
are arbitrary weights and simjgca1/2 gives the local simi-
larity with regard to ¢ and d which can be computed us-
ing one or a combination of techniques discussed above.

Intension-awareness takes into account the definitions of
classes. A class ¢ are regarded as a tuple (S, P) where
S is a set of classes of which ¢ is a subclass and P is
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a set of properties having ¢ as the domain and other
classes or concrete data types as the range. Hence,
finding the semantic similarity between ¢ = (S, P.)
and d = (S4, P;) amounts to finding the similarity be-
tween S, and Sy as well as P, and Py, i.e. sim(c,d) =
asim(S., Sq) + Bsimproperty (Pe, Pg), where o and ( are
arbitrary weights and simp,operty /2 computes the prop-
erty similarity. More specifically, we differentiate the
following situations:

e classes with matching property names, property
domains and property ranges: L, = L,, and
$iMger(Ap,, Ap,) > v and simge(Pp,, ®p,) > v
where simge¢/2 computes the similarity of two sets
of entities and v is a predefined threshold.

e classes with matching property names and prop-
erty domains but different property ranges: £, =
Ly, and simger(Ap,, Ap,) > v, siMser(Pp,, Dp,) <
v, and

e classes with matching property names but differ-
ent property domains as well as ranges: £,, = L,,
and simger(Ap,, Ap,) < v and simger (P, , Dp,) <
.



The first situation contributes the most to the simi-
larity of ¢ and d. We regard classes with matching
names and exact matching properties, i.e., properties
with same name, domain and range, as semantically
equivalent classes.

In many cases, matching between Ap, and Ap, (®p,
and ®p_, respectively) can only be concluded after travers-
ing several levels upwards or downwards the class hier-
archy. Although not as strong as exact matching of
property domains and ranges, matching classes of Ap,
(®p,) to remote ancestors or descendants of classes of
Ap, (®p,) provides a hint on how close the different
properties are, and thus how similar the two concepts ¢
and d are. Such an idea is implemented in our system
as a ClassDefPlusMatcher method.

1.3 Adaptations made for the contest

We didn’t do any major adaptations to CMS in order to
align the OAEI contest ontologies. We only did minor,
routine programmatic adjustments, as for example run-
ning the CMS system from the command line prompt
in a batch mode to parse and align the hundreds of on-
tologies in the Web directories case or include specific
Java heap size adjustment flags in order to run the sys-
tem over the vast FMA ontology. Other than that, the
system ran as normal.

2. RESULTS

CMS benefits from the plug and play of modular match-
ers. In this contest, four different matchers were used,
namely ClassDef for examining the domain and range
of properties associated with classes, CanoName for accu-
mulating similarities among class hierarchies, WNDisSim
for computing the distance between two class names
based on WordNet structures and HierarchyDisSim
for distributing similarity among class hierarchies. The
four major matchers were invoked both in parallel and
sequentially. When invoked in parallel their results were
then aggregated as weight average. On the other hand,
when invoked in sequence, CanoName and WNDisSim give
a list of corresponding classes whose similarities were
then refined by ClassDef and HierarchyDisSim. CMS
ran each test case with different configurations (com-
bination and sequencing) of the aforementioned four
mapping modules and precision and recall values were
calculated for each run. In this report, we include the
the configurations with the highest precision and recall
values.

2.1 Case 1. benchmark/BibTex ontologies
For all the ontologies in this case we used a threshold
of 0.8.

ontology 202: CMS fails to produce any mapping can-
didates with high similarity score in test case 202 due to
the naming convention. We consider class names as the
foundation on which other techniques can be applied
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(although not the sole and dominant clue for finding
mapping candidates). Similarly, cases 248 to 266 also
fall into this category: no candidates with high similar-
ity value were found.

ontology 205: CMS does not achieve a high recall
rate for benchmark test case 205 due to the restriction
of WordNet. In case 205, class names are replaced by
randomly selected synonyms. CMS relies heavily on
external resources, e.g. WordNet, to provide lexical al-
ternatives for class and property names and thus fails
to respond well for synonyms that are not recognised
by WordNet. A customised corpus might alleviate the
problem and improve the performance with significant
efforts and domain expertise.

ontology 301: In test case 301, smaller similarity scores
were assigned to mapping candidates. This is due to
the fact that although classes have similar names, they
are defined with different properties which have differ-
ent names, domains and/or ranges. It is our contention
that for classes restricted with different properties, they
should either not be considered as equivalent classes or
their similarity value should be reduced to reflect such
difference.

2.2 Case 2: Web directories ontologies

We do not have any specific comments for Case 2. All
2265 were parsed successfully by CMS and fetched for
alignment. However, 29 ontologies did not produced
any alignment results due to circular definitions in the
original source.owl and target.owl files. So, a total
of 2236 pairs of source.owl/target.owl were aligned.
The system parsed them from the command line in a
batch mode, and the results produced after 2 hours and
53 minutes. Each cycle involved reading and parsing the
source and target ontologies, find alignments (if any)
and save and write the results in the common alignment
format in a file. This was repeated 2265 times.

2.3 Case 3: Medical ontologies

This case was the most interesting. The sheer size of
the input ontologies (especially that of FMA), the mod-
elling style of OWL, the conventions used, and the com-
plexity of the paradigm made it an interesting adven-
ture from the research point of view. We report in more
detail about our experiences in section 3.3.

3. GENERAL COMMENTS

Performance tuning and hardware settings: As
we were facing some really large ontologies (i.e., the 72k
classes FMA ontology), we had to do certain optimiza-
tions to the code and to the computer settings in order
to obtain alignment results in acceptable time. We ran
the tests on a stand-alone PC running Microsoft Win-
dows XP operating system, service pack II, 2003 ver-
sion. The PC had 1GB of memory installed (DDR400-
SDRAM), an 80GB Serial ATA hard disk, and a Pen-
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Figure 2: Web-based Interface for CMS.

tium 4, 3.0GHz processor. We used Java VM (version
1.5.0-04) and we had to do certain configurations to ad-
just the heap size in Java. For example, the standard
Java heap size is 64MB. This was not enough though for
the Web directory and medical ontologies case. In fact,
for the medical ontologies case, the sheer size of the in-
put ontologies (especially that of FMA) forced us to use
a 768MB heap size. Settings lower than this threshold
caused the system to run out of memory.

Parsing and extracting experiences: FMA owl is a
31MB .owl file comprising of 72545 declarations of owl
classes and 100 relations (object and data type prop-
erties). These numbers were obtained when using our
Jena 2.2 API and probably deviate slightly from other
parsers. Parsing and extracting features from the FMA
ontology took 9 minutes and 17 seconds with Java Heap
Size adjusted to 512MB. However, in order to run the
CMS and find alignments with the OpenGALEN we had
to use a T68MB heap size setting. While parsing, Jena
API was complaining about the syntax idioms used.
For example we had a lot of warnings from Jena’s RDF
syntax handler, or the form "bad URI in gname XXX:
no scheme found”. We elaborate on the reasons behind
this parsing warnings in section 3.3.

OpenGALEN.owl is a 4MB .owl file comprising of 24
declarations of owl classes and 30 relations (as previ-
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ously, object and data type properties, and these num-
bers were obtained from Jena 2.2 API). Parsing and
extracting features from OpenGALEN took just a few
seconds. There was no need to adjust the Java heap
size.

3.1 Comments on the results

Different combinations of CMS plug-in matchers per-
form significantly differently due to the nature of bench-
mark test cases. Table 3.1 lists the choice of matchers
with regard to each test cases while Table 3.2 shows
performance values of different matchers? with regard
to alignment of ontology 303 in case 1, in terms of pre-
cision and recall.

3.2 Discussions on the way to improve the pro-

posed system
CMS is expected to be improved on the following as-
pects: a more sophisticated aggregation mechanism, a
unified alignment representation formalism, and param-
eterised algorithms for class hierarchy distance.

Firstly, as discussed in previous sections, results from
multi-matchers are aggregated as weighted average with
arbitrary weights to start with. Thus far, the weights
are fine-tuned manually relying on the knowledge of the

4Results are obtained with equal weights for matchers.



CMS Matchers | Test Case #

A 103, 201, 210,

A, B 205, 206, 207, 209, 301, 303

A, C, D 225, 228, 233, 236, 239-241, 246, 247,
248-266, 302

A, B,C,D 104, 203, 204, 208, 221, 222, 223,
224, 230, 231, 232, 237, 238, 304

A—Class Definition,
B-Canonical Name,
C—WordNet Hierarchy Distance,
D—Class Hierarchy Distance

Table 2: CMS matchers combinations.

CMS Matchers for #303 Precision ‘ Recall ‘

Class Definition (A) 0.6923 0.4736
Canonical Name (B) 0.3243 | 0.6315
WordNet (WN) synonym 0.06 0.7894
WN Hierarchy Dis (C) 0.24 0.3157
Class Hierarchy Dis (D) 1.0 0.5263
WN synonym + hypernym (E) 0.04 0.8421
A+ B 0.9 0.4736
A+ E 1.0 0.4736
A+B+E 1.0 0.4736
A+B+D 1.0 0.3684
B+ C+D 0.8 0.4210
B+C+D 0.8 0.4210

Table 3: Performance of different matchers for
test case #303.

domain of discourse and the underlying algorithms of
CMS. A more sophisticated approach would hire ma-
chine learning techniques to work out the most appro-
priate weights with regard to different matchers aiming
to solve different sort of mappings. Furthermore, re-
sults from different matchers can be sorted locally first
which could make accumulating results from different
matchers to be reduced to ranking aggregation [2].

Secondly, the heterogeneous nature of different match-
ers — some external matchers produce pairwise equiv-
alence with numeric values stating the similarity score
while others output high level relationships, e.g. same
entity as, more specific than, more general than and
disjoint with expressed in high level languages such as
OWL and RDF - suggests that output from different
matchers has to be lifted to the same syntactical and se-

mantic level. A unified representation formalism equipped

with both numeric and abstract expressivity can facili-
tate the aggregation of heterogeneous matchers.

Thirdly, CMS takes into account the exact position of
classes in the class hierarchy. We would like to develop
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algorithms that penalise mapping candidates that are
found to be quite apart from each other, and then prop-
agate their similarity values upwards and downwards
in the hierarchy to their descendants and/or ancestors.
There could also be pre-defined parameters that as we
go up or down the hierarchy we change the similar-
ity values of their descendants and /or ancestors accord-
ingly. We expect that this could reduce the number of
false positive results.

3.3 Comments on the test cases

We do not have any specific comments for test cases on
BibTex and Web directories alignments. However, we
found interesting the last test case, that of medical on-
tologies alignment, and we summarize our experiences
below.

FMA.owl was a different case altogether. The ontology
describes the domain of human anatomy and it aims to
provide ”a reference ontology in biomedical informat-
ics for correlating different views of anatomy, aligning
existing and emerging ontologies in bioinformatics” [6].
However, there are two notable facts regarding the syn-
tactic and modelling idioms of FMA and existing re-
sults from previous efforts in trying to align FMA and
GALEN. As far as the former is concerned, the OWL
version we had to work with was a result of translation
from Protege. Previous work has shown that this result
is not always a faithful representation of the original
FMA Protege model. For instance, it has been reported
that FMA DL constructs are often ill-defined and they
lead to inconsistencies when a reasoner parses the ontol-
ogy [5]. Consistency checking for FMA is an acknowl-
edged problem though, even by its authors: ”[...] feed-
back from these investigators revealed an aggregate of
a few hundred errors, many of which related to spelling
and only a few to cycles in the class subsumption and
partonomy hierarchies.” [6].

Leaving aside this fact of life (as it is natural for an on-
tology that big and so close to human practice to be in-
consistent ), we point to a couple of syntactic idioms that
we found interesting when parsing the ontology with our
Jena-based CMS system. Firstly, the rather unusual
use of unique frame IDs for class names (<owl:Class
rdf:ID> constructs) and the textual description of a
class in an rdfs:label construct. We also noticed some
unusual uses of references to frame IDs. For instance,
the declaration of ”arterial supply” as an object prop-

erty: <owl:0bjectProperty rdf:ID="arterial_supply"

rdfs:label="arterial supply"> is used in other parts
of the ontology where it refers to a rdf : resource which
points to a different resource:

<arterial _supply rdf:resource="#frame_14586"/>.
Tracing that frame ID leads us to a definition of a ” Tis-
sue” class, and not the ”arterial supply”: <owl:Class
rdf:ID="frame 14586" rdfs:label="Tissue">. The
definition of an instance (with frame ID 14586) of an ob-



ject property (”arterial supply”) that is a class (" Tis-
sue”) could lead to modelling misunderstandings and
confusion (although, syntactically speaking, it is allowed
in some versions of OWL).

Going back to our argument for the notable facts, we
found that previous efforts for aligning FMA to GALEN
reported rather controversial results. For example, in
[7], the authors employed two different alignment meth-
ods to map FMA to GALEN. Despite of the subtle dif-
ferences of OpenGALEN with GALEN, the similarity of
their work with that of the OAEI contest 3rd case study
is high but some of their findings are questionable from
the semantics point of view: for example, it was re-
ported that ”Pancreas” in FMA matches ”Pancreas” in
OpenGALEN with 1.0 similarity value which ”indicates
a perfect match” [7]. When we looked carefully at the
definitions of ” Pancreas” in both ontologies we saw that
"Pancreas” is defined as a class in FMA ( <owl:Class
rdf:ID="frame_12280" rdfs:label="Pancreas">)
whereas in GALEN (OpenGALEN) as an instance of
class "Body Cavity Anatomy”

<owl:Class rdf:ID="Body_Cavity_Anatomy">
<rdfs:subClass0f

rdf :resource="#0penGALEN Anatomy Metaclass"/>
<Body_Cavity_Anatomy rdf:ID="Pancreas">

Even if OWL semantics allow to map an individual to
a class (when dealing with OWL Full), such an align-
ment is misleading especially when we consider the high
level of abstraction for the ”Pancreas” class in Open-
GALEN. It seems that the ”lexical phase” parsing used
in [7] was the main contributor to this high similarity
value when relatively little structure information was
taken into account. As a final comment on the case, we
also point the reader to observations made by the FMA
authors when trying to validate mapping results and
differences in terminologies with these two ontologies:
”[...]the reasons for the differences have not yet been
explored, but at least some of them may be the different
contexts of modelling. GALEN represents anatomy in
the context of surgical procedures, whereas FMA has a
strictly structural orientation.” [6].

3.4 Comments on the measures

The proposed measures of precision and recall have been
studied and practiced in the NLP community for years
and they are a de facto standard metric for commercial
applications, like search engines. However, we believe
that their adaptation for measuring the performance of
an ontology mapping system is somewhat questionable.
We cannot elaborate fully on our reservations regard-
ing the use of such a metric in this short paper, but we
highlight the main points of our objections: (a) preci-
sion is regarded as hard to implement and reveals the
usefulness of a retrieved document (or hit in a hitlist)
for a search engine. We can’t judge the usefulness of
a found alignment by comparing it with the reference
alignment; (b) neither precision nor recall take into ac-
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count the possible applications of the alignments found.
In all the past EON (and this year OAEI) contests, a
set of pre-defined alignments were used as a standard
against which all found alignment were compared. This
does not say anything about the usefulness of the found
alignments, or even of they are complete as the pre-
defined ones can be erroneous. Further to these com-
ments, we would also like to add that the assignment
of numerical values in the range 0.0 to 1.0 does not re-
veal their semantic relevance, but purely a brute-force
algorithmic way of comparing performance. We also
observed a variety of interpretations of precision and
recall metrics by the ontology alignment community.

3.5 Proposed new measures

Devising new measures for assessing the found align-
ments between two ontologies in a universally agreed
manner is a difficult task. We do not see a quick solu-
tion to this problem, but as ontology engineers we can
apply knowledge engineering technologies that encom-
pass as much semantic information as possible; for ex-
ample, we were surprised that the semantically rich def-
initions of OWL for declaring class or property equality
(and inequality) and the universal construct for declar-
ing similarity, are hardly used by the community.

We would also like to see ways of introducing ” application-
driven” alignment metrics where an example applica-
tion (i.e., a Semantic Web service information lookup
engine) will need to access two different ontologies and
the alignments found will need to be used in the appli-
cation in a specific way. Having an application-driven
alignment metric, we can experiment with the notion of
usefulness of alignment in a real world scenario, rather
than doing meaningless number crunching with regard
to found and pre-defined alignments. After all, align-
ment needs to be done in the first place because there
is a real world need for it.

4., CONCLUSION

The 2005 OAEI ontology alignment contest was the
first one that introduced sizeable ontologies and posed
some interesting and challenging problems with respect
to performance, scaling and domain exploration. We
found it a rewarding experience and we look forward to
continue the fruitful exploration of this key field in the
emergent Semantic Web.
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6. RAW RESULTS

All of our results are included in a tabular format in
table 6.3. These results have been the best of the CMS
combinations with different matcher. We report on
those in section 3.1. So, for example, alignments for case
#103 were produced using CMS Matcher A, whereas
alignments for case 225 were produced using CMS Match-
ers A+B+C. A list of all this combibnation can be found
in table 3.2.

6.1 Link to the system and parameters file
Access to the Web-based interface of the CMS system
is provided via www.aktors.org/crosi/cms. We note
that the system is not available in the community for
free distribution yet, due to the legalities of the IPR for
the CROSI project.

6.2 Link to the set of provided alignments (in

align format)
The results of all three cases (BibTex, Web directories,
Medical) are available for download from the CROSI

| # [ Name | Prec. | Rec. | Time (s) |

101 || Reference alignment N/A | N/A N/A
102 || Irrelevant ontology N/A | N/A 108
103 || Language generalization 1.0 | 0.788 88
104 || Language restriction 1.0 | 0.788 159
201 | No names 1.0 | 0.189 70
202 || No names, no comments | N/A | N/A

203 | No comments 1.0 | 0.697 147
204 || Naming conventions 1.0 | 0.605 153
205 || Synonyms 1.0 | 0.230 85
206 || Translation 1.0 | 0.255 82
207 1.0 | 0.264 88
208 1.0 | 0.473 149
209 1.0 | 0.103 84
210 0.818 | 0.246 74
221 || No specialisation 1.0 | 0.788 129
222 || Flatenned hierarchy 1.0 | 0.724 169
223 || Expanded hierarchy 0.962 | 0.758 316
224 || No instance 1.0 | 0.788 151
225 || No restrictions 0.788 | 0.788 85
228 || No properties 0.788 | 0.788 76
230 || Flattened classes 1.0 | 0.760 161
231 || Expanded classes 1.0 | 0.788 145
232 1.0 | 0.788 118
233 0.838 | 0.788 70
236 0.788 | 0.788 77
237 1.0 |0.724 156
238 0.961 | 0.757 315
239 0.766 | 0.793 220
240 0.757 | 0.757 221
241 0.838 | 0.788 70
246 0.766 | 0.793 70
247 0.757 | 0.757 221
301 || Real: BibTeX/MIT 1.0 | 0.363 30
302 || Real: BibTeX/UMBC 1.0 | 0.348 31
303 || Real: Karlsruhe 1.0 | 0474 328
304 || Real: INRIA 0.85 | 0.566 131
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ABSTRACT

Falcon-AQ is an automatic tool for aligning ontologies.
There are two matchers integrated in Falcon-AQ: one is
a matcher based on linguistic matching for ontologies,
called LMO; the other is a matcher based on graph
matching for ontologies, called GMO. In Falcon-AO,
GMO takes the alignments generated by LMO as exter-
nal input and outputs additional alignments. Reliable
alignments are gained through LMO as well as GMO
according to the concept of reliability. The reliabil-
ity is obtained by observing the linguistic comparability
and structural comparability of the two ontologies be-
ing compared. We have performed Falcon-AO on tests
provided by OAEI 2005 campaign and got some prelim-
inary results. In this paper, we describe the architec-
ture and techniques of Falcon-AO in brief and present
our results in more details. Finally, comments about
test cases and lessons learnt from the campaign will be
presented.

Categories and Subject Descriptors

D.2.12 [Software]: Interoperability; 1.2.6 [Artificial
Intelligence]: Knowledge Representation Formalisms
and Methods; 1.5.3 [Pattern Recognition]: Cluster-
ing—Similarity measures

General Terms
Experimentation, Measurement

Keywords
Semantic Web, Ontology Alignment, Mapping, Match-
ing, Similarity Measurement

1. PRESENTATION OF THE SYSTEM
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As an infrastructure for semantic web applications, Fal-
con is a vision of our research group. It will provide
enabling technologies for finding, aligning and learning
ontologies, and ultimately for capturing knowledge by
an ontology-driven approach. It is still under develop-
ment in our group. As a component of Falcon, Falcon-
AO is an automatic tool for aligning ontologies. It is
dedicated to aligning web ontologies expressed in OWL
DL [5]. There are two matchers integrated in current
version of Falcon-AO (version 0.3). One is a matcher
based on linguistic matching for ontologies, called LMO,
and the other one is a matcher based on graph matching
for ontologies, called GMO.

1.1 Linguistic Matching for Ontologies

As is known, linguistic matching plays an important
role in matching process. Generally, linguistic similar-
ity between two entities relies on their names, labels,
comments and some other descriptions.

LMO combines two different approaches to gain linguis-
tic similarities: one is based on lexical comparison; the
other is based on statistic analysis.

In lexical comparison, we calculate the edit distance [4]
between names of two entities and use the following
function to capture the string similarity (denoted by

SS):

ed
SS = 1/6 |sl.len+s2.len—ed)| (1)

Where ed denotes the edit distance between s! and s2;
s1.len and s2.len denote the length of the input strings
s1 and s2, respectively.

In statistic analysis, we use the algorithm of VSM [6]
(Vector Space Model) in our implementation. Given a
collection of documents, we denote N the number of
unique terms in the collection. In VSM, we represent
each document as a vector in an N-dimensional space.
The components of the vector are the term weights as-
signed to that document by the term weighting function
for each of the N unique terms. Clearly, most of these



are going to be 0, since only a few of the N terms actu-
ally appear in any given document. In our scenario, we
construct a virtual document for each of the ontology
entities (classes, properties and instances). The virtual
document of an entity consists of "bag of terms” ex-
tracted from the entity’s names, labels and comments
as well as the ones from all neighbors of this entity. The
term weighting functions are defined as follows:

TermWeighting = TF xIDF (2)
t
TF = = 3
: 0
1 D
IDF = 5*(1+loggg) (4)

In equation (3), ¢ denotes the number of times where
one term occurs in a given document and 7" denotes the
maximum number of times. In equation (4), D denotes
the number of documents in collection and d denotes
the number of documents where the given term occurs
at least once.

We can gain the cosine similarity between documents
(denoted by DS) by taking the vectors’ dot product:

DS=N-N (5)

It is worthy of note that there are several preparing
steps before calculating term weights, such as splitting
words, stemming and removing stop words.

The two methods described above will both take effect
in ontology matching. In our implementation, we com-
bine them together, and use the following equation to
calculate the final linguistic similarity. Please note that
the parameters in the equation comes from our experi-
ence:

LinguisticSimilarity = 0.8« DS +0.2x SS  (6)

Currently, we do not use any lexicons in LMO and it is
certain that the use of lexicons may bring some benefits
for matching. We plan to take into account using some
lexicons in later versions.

1.2 Graph Matching for Ontologies

Another important component in Falcon-AO is GMO,
which is based on a graph matching approach for ontolo-
gies. It uses directed bipartite graphs to represent on-
tologies and measures the structural similarity between
graphs by a new measurement. Details of the approach
are described in another paper [3] also presented in the
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The main idea of GMO is as follows. Similarity of two
entities from two ontologies comes from the accumula-
tion of similarities of involved statements (triples) tak-
ing the two entities as the same role (subject, predicate,
object) in the triples, while the similarity of two state-
ments comes from the accumulation of similarities of
involved entities of the same role in the two statements
being compared.

Usually, GMO takes a set of matched entity pairs, which
are typically found previously by other approaches, as
external mapping input in the matching process, and
outputs additional matched entity pairs by comparing
the structural similarity.

Our previous experiments showed that GMO were irre-
placeable when there was little gain from lexical com-
parison. In addition, GMO can be integrated with other
matchers. While using GMO approach to align ontolo-
gies, there should be another component to evaluate
reliability of alignments generated by GMO.

1.3 Linguistic vs. Structural Comparability
Given two ontologies to be aligned, GMO always tries
to find all the possible matched entity pairs. However,
how to evaluate the reliability of these matched entity
pairs is still a problem. As mentioned above, another
component is needed to select more reliable matched
entity pairs by using other information. In Falcon-AO,
we use a simple approach to observe the reliability of
matched entity pairs output by GMO, and select more
reliable matched entity pairs to the users. The approach
is based on the measure of linguistic comparability (LC')
and structural comparability (SC) of two ontologies to
be aligned.

Given two ontologies O1, Os to be aligned, the linguistic
comparability (LC) of O; and O3 is defined as follows:

o= __ (7)

w/]\fo1 * N02

Where M denotes the number of entity pairs with sim-
ilarity larger than c¢ and c is an experience value; No,
and No, represent the number of named entities in O
and Os, respectively.

The structural comparability is determined through com-
paring the occurrences of built-in properties used in
the two ontologies to be aligned. The built-in prop-
erties are RDF [2], RDFS [1] and OWL [5] built-in vo-
cabularies used as properties in triples (e.g. rdf:type,
rdfs:subClassOf and owl:onProperty).

Yhttp://km.aifb.uni-karlsruhe.de/ws/intont2005



We use VSM method to observe the structural compa-
rability. The vectors Vi, V5 represent the frequency of
built-in properties used in O; and O and the element
v;; denotes the number of occurrence of built-in prop-
erty p; in O;. The structural comparability of O; and
O is the cosine similarity [7] of V; and Va:

Vi-Va
VAl (V2]
_ D1 U1 * U ®)
\/ D1 V1 * v \/ D1 U2 * U

1.4 Implementation

LMO and GMO are integrated in Falcon-AO. Align-
ments output by Falcon-AO come from the integration
of alignments generated by LMO and GMO. The archi-
tecture of Falcon-AO is shown in Figure. 1.

SC =

Ontology

Ontology

Parser

Existing
M apping

External
Mapping

’ Alignment Integration ‘

Output Alignments

Figure 1: System Architecture

Due to heterogeneous ways in expressing semantics and
the inference capability brought from ontology languages,
two ontologies being matched may need to be coordi-
nated by removing some redundant axioms from it or
adding some inferred axioms. So coordination actions
should be taken before using GMO approach. We have
integrated several coordination rules in Falcon-AO. Our
Parser component based on Jena 2 has the functionality
of coordinating ontology models.

As is known, given external mapping as input, GMO
can find additional mapping. The external mapping is
made of two parts: one is the existing mapping pre-
assigned by the system; the other comes from another
matcher. The existing mapping is the mapping be-
tween built-in vocabularies of web ontology languages,

http://jena.sourceforge.net/
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datatypes, data literals and URIs used in both ontolo-
gies. And in Falcon-AO we take the alignments gen-
erated by LMO as the other part of external mapping.
Entities involved in the alignments generated by LMO
are set to be external entities and GMO will just output
mapping between internal entities.

When the alignments generated by LMO and GMO are
obtained, Falcon-AO will integrate these alignments by
observing the linguistic comparability and structural
comparability, following the rules below:

1. We take that linguistic similarity is somewhat more
reliable than structural similarity, and that the
alignments generated by LMO are always accepted
by Falcon-AQO.

2. When the linguistic comparability is high and the
structural comparability is low, only alignments
generated by GMO with high similarity are reli-
able and accepted by Falcon-AO.

3. If the linguistic comparability is low, all of the
alignments generated by GMO are accepted by
Falcon-AQ. In this case, there is no enough infor-
mation to measure these alignments and we can
only assume that they are reliable.

Falcon-AO is implemented in Java. The implemented
process can be outlined as follows:

1. Input two ontologies and parse them.
2. Run LMO and obtain matched entity pairs.

3. Calculate linguistic comparability and structural
comparability.

4. In the case that linguistic comparability is below
a very low threshold (e.g. 0.01) and the structural
comparability of them is also low, we take that
these ontologies are quite different and Falcon-AO
exits with no alignment.

5. Set external entities of the ontologies according to
the matched entity pairs generated by LMO.

6. Input matched entity pairs generated by LMO into
GMO and form external mapping for GMO. In the
current version of Falcon-AQ, all the individuals
of ontologies are specified as external entities and
their similarities are computed by LMO.

7. Run GMO and obtain matched entity pairs.

8. Integrate the alignments generated by LMO and
GMO following the rules described above.

9. Exit with alignments as output.



1.5 Adaptations Made for the Contest

For anatomy test, FMA 3 ontology and OpenGALEN *
ontology are not OWL DL. In order to make effec-
tive use of descriptions of entities, we have manually
found some annotation properties and inputted them
into LMO. With the help of these annotation proper-
ties, Falcon-AO can find about 500 more matched en-
tity pairs in addition to other 2000 matched entity pairs
found by a simple version of LMO.

2. RESULTS

In this section we will present the results of alignment
experiments on OAEI 2005 campaign. All the align-
ments output by Falcon-AO are based on the same pa-
rameters.

2.1 Systematic Benchmark Test

We divide all the benchmark tests 5 into five groups:
test 101-104, test 201-210, test 221-247, test 248-266
and test 301-304. We will report the results of align-
ment experiments on these five groups in correspon-
dence. The full results on all tests are listed in section
6.3.

2.1.1 Test 101-104

In tests 101, 103 and 104, the source ontologies contain
classes and properties with exactly the same names as
those in the reference ontologies. LMO can easily get all
the matched entity pairs, and GMO takes little effect.

In test 102, the linguistic comparability of the two on-
tologies is nearly zero and the structural comparability
is low as well. So it could be concluded that the two
ontologies to be aligned are quite different. Falcon-AO
exits with no alignment.

The average performance on test 101-104 is shown be-
low:

Precision | Recall | F-Measure | Time
Average 1.0 1.0 1.0 5s

2.1.2 Test201-210

We find that each pair of ontologies of these ten tests has
high structural comparability, which means that each
pair of the ontologies to be aligned is quite similar in
structure. Our previous experiments showed that GMO
performed well on these tests even without any addi-
tional external mapping input. In most tests, LMO just
finds a small part of all the matched entity pairs, the
rest are generated by GMO. Since GMO runs slower
than LMO, it takes Falcon-AO more time to find all
matched entity pairs.

3http://sig.biostr.washington.edu/projects/fm/
“http://www.opengalen.org/
®http://oaei.inrialpes.fr/2005/benchmarks/
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For test 201, where each of the local name of class
and property is replaced by a random one, LMO can
still find some matched classes and properties due to
the sameness of their labels or comments. With these
matched entity pairs as feed, GMO performs well.

In test 202, names of classes and properties are dis-
turbed and their comments are suppressed. LMO can
only find little mapping. Meanwhile, Falcon-AO still
performs not bad by running GMO. In this test, we find
that it is hard to distinguish many properties purely by
the structure of the ontology, since they have the same
domains and ranges, and never used in other part of the
ontologies. Falcon-AOQ failed to find correct mapping of
these properties, which makes the result not so well as
test 201.

In test 203, LMO is able to find all the matched en-
tity pairs. Therefore, it just takes Falcon-AO several
seconds to find all alignments.

For tests 204 and 208 with naming conventions, both
the linguistic comparability and structural comparabil-
ity are high. The outputs of the integration of LMO
and GMO are well.

For the synonym tests 205 and 209, due to the fact that
no thesaurus is used in our tool, LMO performs not
so well. There are some errors in the outputs of LMO.
With these errors feed to GMO, GMO failed to perform
well. As a result, the outputs of Falcon-AO may be
weaker than the outputs of using GMO independently.

In tests 206, 207 and 210, ontologies to be aligned are
expressed in different languages. Falcon-AO does not
have a specific matcher that uses a dictionary for word
translation. However, because of their high structural
comparability, GMO in Falcon-AO performs not bad on
these tests.

The average performance on test 201-210 is described
below:

Precision | Recall | F-Measure | Time
Average 0.96 0.95 0.95 63s

2.1.3 Test221-247

In these tests, the linguistic comparability of each pair
of ontologies to be aligned is very high. Most of the
alignments are found by LMO and GMO takes little
effect. So, it only takes Falcon-AO a few seconds to
align them.

As is shown below, the average performance on these
tests are perfect.



Precision | Recall | F-Measure | Time
Average 0.99 1.0 0.99 4s

2.1.4 Test 248-266

These fifteen tests are the most difficult ones in all
benchmark tests, since both their linguistic compara-
bility and structural comparability are low. In the case
that the linguistic comparability between two given on-
tologies is very low, Falcon-AO would not call any match-
ers. However, in these tests, there are still some individ-
uals with the same names, which increase the linguistic
comparability. So Falcon-AO will still run GMO inte-
grated with LMO.

Since the ontology pairs to be aligned are quite different
both in linguistics and in structure, our outputs are not
good (with average F-Measure 0.63). Indeed, in some
cases, it is really hard to determine the exact mapping.
For these tests, the time for aligning relies on the size
of two ontologies.

Precision | Recall | F-Measure | Time
Average 0.71 0.60 0.63 60s

2.1.5 Real Ontologies Test 301-304

In these tests, each pair of ontologies has high linguistic
comparability but low structural comparability. This
indicates that the outputs of Falcon-AO mainly come
from the outputs of LMO. Alignments with high simi-
larity generated by GMO matcher are also reliable and
these matched entity pairs should also be output by
Falcon-AQO. The average performance on these four tests
is presented below:

Precision | Recall | F-Measure | Time
Average 0.93 0.81 0.86 20s

2.2 Blind Tests

Blind tests consist of two groups: directory test ¢ and
anatomy test 7, and they are all real world cases.

Directory
We have got the alignment results on directory test by
using the same set of parameters as the ones for bench-
mark test.

Anatomy

Falcon-AO detects that the FMA ontology and Open-
GALEN ontology in anatomy test are so large that our
GMO could not process them. Therefore, our alignment
result of anatomy test comes only from a simple version

of LMO.

Shttp://oaei.inrialpes.fr/2005/directory/
"http://oaei.inrialpes.fr/2005/anatomy/
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3. GENERAL COMMENTS

In this section, we will summarize some features of Falcon-
AO and the improvement in our future work, some com-
ments about test cases will also be presented.

3.1 Comments on the Results

Our Falcon-AO performs well on benchmark tests 101-
104, 201-210 and 221-247, and the results of test 301-304
are moderate, but on test 248-266, Falcon-AO doesn’t
perform so well. According to the results on these
test cases, we can see the strengths and weaknesses of
Falcon-AO:

Strengths

According to the experimental results, Falcon-AO per-
forms well when the structures of the ontologies to be
aligned are similar to each other or there is much lexi-
cal similarity between the two ontologies. Particularly,
Falcon-AO performs well when the two ontologies have
very little lexical similarity but high structural compa-
rability.

Weaknesses

When there is little common vocabulary between the
ontologies and in the meanwhile the structures of the
ontologies are quite different, Falcon-AO can hardly
find the exact mapping. Furthermore, GMO could not
process very large ontologies, which means that while
aligning very large ontologies, Falcon-AO cannot use
their structural information.

3.2 Improvement of Falcon-AO

From the experiments we have learnt some lessons and
plan to make improvements in the later versions. The
following three improvements should be taken into ac-
count.

1. While expressing the same thing, people may use
synonyms and even different languages. Therefore,
it is necessary to use lexicons to match ontologies.

2. The current version of Falcon-AO did not support
many-to-many mapping. The functionality of find-
ing many-to-many mapping will be included in the
later version of Falcon-AQO.

3. Currently, the measure of linguistic comparability
and structural comparability of ontologies are still
simple and an improvement will be considered.

3.3 Comments on the Test Cases

The proposed test cases covered a large portion of dis-
crepancies occurring of ontologies while aligning ontolo-
gies. Doing experiments on these test cases is help-
ful to improving the alignment algorithm and system.
However, there are few tests on real world ontologies in
benchmark tests.



4. CONCLUSION

While aligning real ontologies, linguistic matching plays
an important role in matching process. Therefore, we
integrate our GMO with LMO in Falcon-AO. From the
experiments, we found that, Falcon-AO performed well
on most of benchmark tests. It is also worthy of note
that most of benchmark tests came from artificially al-
tered ontologies, and more real world ontologies are ex-
pected to be included in benchmark tests.
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6.1 Link to the System and Parameters File
Falcon-AO can be found at
http://xobjects.seu.edu.cn/project/falcon/download.html.

6.2 Link to the Set of Provided Alignments
Results presented in this paper are available at
http://xobjects.seu.edu.cn/project/falcon/results/falcon.zip.

6.3 Matrix of Results

Runtime Environment: Tests were run on a PC run-
ning Windows XP with an Intel Pentium 4 2.4 GHz
processor and 512M memory.



No. | Precision | Recall | Time |

101 1.0 1.0 4s
102 NaN NaN 6s
103 1.0 1.0 4s
104 1.0 1.0 4s
201 0.98 0.98 105s
202 0.87 0.87 140s
203 1.0 1.0 4s
204 1.0 1.0 228
205 0.88 0.87 55s
206 1.0 0.99 51s
207 1.0 0.99 51s
208 1.0 1.0 34s
209 0.86 0.86 102s
210 0.97 0.96 68s
221 1.0 1.0 4s
222 1.0 1.0 4s
223 1.0 1.0 4s
224 1.0 1.0 4s
225 1.0 1.0 4s
228 1.0 1.0 3s
230 0.94 1.0 4s
231 1.0 1.0 4s
232 1.0 1.0 4s
233 1.0 1.0 3s
236 1.0 1.0 3s
237 1.0 1.0 4s
238 0.99 0.99 4s
239 0.97 1.0 3s
240 0.97 1.0 4s
241 1.0 1.0 3s
246 0.97 1.0 3s
247 0.94 0.97 3s
248 0.84 0.82 100s
249 0.86 0.86 114s
250 0.77 0.70 7s
251 0.69 0.69 166s
252 0.67 0.67 119s
253 0.86 0.85 80s
254 1.0 0.27 4s
257 0.70 0.64 4s
258 0.70 0.70 162s
259 0.68 0.68 113s
260 0.52 0.48 7s
261 0.50 0.48 8s
262 0.89 0.24 4s
265 0.48 0.45 7s
266 0.50 0.48 8s
301 0.96 0.80 18s
302 0.97 0.67 3s
303 0.80 0.82 39s
304 0.97 0.96 18s
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ABSTRACT

This paper summarizes the results of the o MAP system
for the 2005 Campaign tests of the Ontology Alignment
Evaluation Initiative. First, it describes the system and
its main components. The results of the experiments for
the three tasks follow. Then, we have a short discussion
and interpretation of the results. Finally, we sketch
some ideas to improve our system and provide the link
to our current results.

1. PRESENTATION OF THE SYSTEM
oMAP [12] is a framework whose goal is to automati-
cally align two OWL ontologies, finding the best map-
pings (together with their weights) between the enti-
ties defined in these ontologies. The final mappings
are obtained by using the prediction of different classi-
fiers. For this experiment, we have used terminological
and machine learning-based classifiers, plus a new one,
based on the structure and the semantics of the OWL
axioms.

The oMAP implementation allows to align any OWL
ontologies, represented in the RDF /XML syntax. Hence,
it uses extensively the OWL API [1] and the Alignment
API available in JAVA [3].

1.1 State, purpose, general statement

Our approach is inspired by the data exchange prob-
lem [4] and borrows from others, like GLUE [2], the
idea of using several specialized components for finding
the best set of mappings. The framework resumes par-
tially the formalization proposed in [7] and extends the

*This work was carried out during the tenure of an ERCIM
fellowship at CNR.
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sPLMAP (Schema Probabilistic Learning Mappings) sys-
tem to cope with the ontology alignment problem.

Theoretically, an ontology mapping is a tuple M =
(S,T,%), where S and T are respectively the source
and target ontologies, and X is a finite set of mapping
constraints of the form:

aij 15 < S

where S; and T} are respectively the source and tar-

get entities. The intended meaning of this rule is that
the entity S; of the source ontology is mapped onto the
entity 7 of the target ontology, and the confident mea-
sure associated with this mapping is a; ;. Note that a
source entity may be mapped onto several target en-
tities and conversely. But, we do not require that we
have a mapping for every target entity.

Aligning two ontologies in oMap consists of three steps:

1. We form a possible X, and estimate its quality
based on the quality measures for its mapping rules;

2. For each mapping rule 7 <+ S;, we estimate its
quality o ;, which also depends on the X it belongs
tO, ie. Q5 = ’IU(SZ',TJ', E),

3. As we cannot compute all possible ¥ (there are ex-
ponentially many) and then choose the best one,
we rather build iteratively our final set of map-
pings ¥ using heuristics.

Similar to GLUE [2], we estimate the weight w(S;, T}, X)
of a mapping T; <« S; by using different classifiers
CLy,...,CL,. Each classifier C'L; computes a weight
w(S;,Tj,CLy), which is the classifier’s approximation
of the rule T} < S;. For each target entity 1}, C'Ly, pro-
vides a rank of the plausible source entities S;,. Then
we rely on a priority list on the classifiers, CL; < CLy <
... < CL, and proceed as follows: for a given target
entity 77, select the top-ranked mapping of CL, if the
weight is non-zero. Otherwise, select the top-ranked
mapping provided by C'L, if non-zero, and so on.

In the next section, we briefly present the classifiers that
are currently used in our framework. It is worth not-



ing that some of them counsider the terminological part
of the ontologies only, while others are based on their
instances (i.e. the values of the individuals). Finally,
we end this section by introducing a new classifier that
fully uses the structure and the semantics of ontology
definitions and axioms.

1.2 Specific techniques used

The terminological classifiers work on the name of the
entities (class or property) defined in the ontologies. In
OWL, each resource is identified by a URI, and can
have some annotation properties attached. Among oth-
ers, the rdfs:label property may be used to provide
a human-readable version of a resource’s name. Fur-
thermore, multilingual labels are supported using the
language tagging facility of RDF literals. In the follow-
ing, we consider that the name of an entity is given by
the value of the rdfs:label property or by the URI
fragment if this property is not specified. The typical
terminological classifiers we used in 0 MAP compare the
name of the entities, their stem (using the Porter stem-
ming algorithm [9]), compute some similarity measures
between the entity names (once downcased) such that
the Levenshtein distance[6] (or edit distance), or com-
pute similarity measure between the entity names using
the WordNet®' relational dictionary.

Additionally, an ontology often contains some individ-
uals. It is then possible to use machine learning-based
classifiers to predict the weight of a mapping between
two entities. The instances of an OWL ontology can be
gathered using the following rules: we consider (i) the
label for the named individuals, (i7) the data value for
the datatype properties and (ii¢) the type for the anony-
mous individuals and the range of the object properties.
For example, using the abstract syntax of [5], let us con-
sider the following individuals :

Individual (1 type (Conference)
value (label "Int Conf on Knowledge Capture")
value (location z2))

Individual (z2 type (Address)
value (city "Banff") value (country "Canada"))

Then, the text gathered u; for the named individual x;
will be ("Int Conf on Knowledge Capture", "Address") and
uy for the anonymous individual zo ("Address", "Banff",
"Canada"). Typical and well-known classifiers used in
machine learning such as Naive Bayes and kNN [11]
have then been implemented in 0 MA P using these data.

Finally, a new classifier is able to use the semantics
of the OWL definitions while being guided by their
syntax. This structural classifier is fully described in
[12]. It is used in the framework a posteriori. Indeed,
we rely on the classifier preference relation CLygme <

"WordNet: http://wordnet.princeton.edu/.
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CLStem < CLEditDistance < CLNaiveBayes- According
to this preference relation, a set ¥’ of mappings is de-
termined. This set is given as input to the structural
classifier. Then the structural classifier tries out all al-
ternative ways to extend ¥’ by adding some T}  S; if
no mapping related to T is present in X'.

1.3 Adaptations made for the contest

All the classifiers detailed previously have been imple-
mented to be compatible with the alignment API2, thus
easing their chaining. Therefore, our o MAP framework
benefits from all the evaluation facilities for comparing
our approach with other methods.

For the purpose of this contest, all our classifiers have
been tested alone and then combined. We have then
made no specific adaptations since we are still inves-
tigating how the classifiers should be combined to im-
prove the overall quality of oMAP.

2. RESULTS
The tests proposed by the 2005 campaign of the On-
tology Alignment Evaluation Initiative is composed of
three tasks. Below, we describe the results of the oMAP
system for these three tasks as well as the problems we
have encountered.

2.1 Taskl: benchmarks

The benchmarks tests are systematic benchmarks se-
ries produced for identifying the areas in which each
alignment algorithm is strong and weak. Taking back
the tests of the 2004 contest [13] and extending them,
there are based on one particular ontology dedicated to
the very narrow domain of bibliography and a number
of alternative ontologies of the same domain for which
alignments are provided. The full table results for this
task is given in the section 6.3.

The overall score of o MAP for this task is quite good
(see the table below).

| Tests [ Prec. | Rec. |
1xx 0.96 | 1.00
2xXxX 0.80 | 0.63
3xx 0.93 | 0.64
H-Mean | 0.83 | 0.66

However, oMAP has poor performance for the tests
25x and very bad performance for the tests 26x. Ac-
tually, the terminological and machine-learning based
classifiers give wrong input to our structural classifier,
since most of the data used in these classifiers have
been changed in these tests. The structural classifier
is then not able to counterbalance this effect and give
also wrong alignments. It is the typical case where the

“http://co4d.inrialpes.fr/align/.



other classifiers should be turn off and the structural
classifier should work alone.

2.2 Task2: directory

The directory real world case consists of aligning web
sites directory. It is more than two thousand elemen-
tary tests. These tests are blind in the sense that the
expected alignments are not known in advance. oMAP
success to compute the alignments for all of them in a
total time of about 11 minutes on a normal PC laptop.

2.3 Task3: anatomy

The anatomy real world case covers the domain of body
anatomy and consists of two big ontologies with an ap-
proximate size of several 10k classes and several dozen
of relations. This test was clearly the hardest one and
our oMAP system has not been able to begin the com-
putation of the alignment.

The main problem is the size of the FMA ontology since
the XML parser cannot load the full ontology and crash
for out of memory problem. However, we notice also
that this ontology contains some small mistakes:

e the entities, such that &xsd; &rdfs; ...
defined;

, are not

e a datatype property contains an error since the
value of its rdf : ID attribute contains a space which
is forbidden. The correct definition of this prop-
erty should be:

<owl:DatatypeProperty
rdf:ID="has_inherent_3-D_shape"
rdfs:label="has inherent 3-D shape">
<rdfs:domain rdf:resource="&rdfs;Resource"/>
<rdfs:range rdf:resource="&xsd;boolean"/>
</owl:DatatypeProperty>

Once these mistakes have been corrected, the FMA on-
tology can be validated with an RDF parser, but the
parser included in the alignment API is not able to deal
with, thus preventing the beginning of the alignment
computation by oMAP.

3. GENERAL COMMENTS

3.1 Commentson theresults

As we have seen in the previous section, the oMAP
framework is based on numerous classifiers. Each of
them try to predict some mappings between the ontol-
ogy entities and these predictions are then combined.
Some classifiers are strongly based on the labels at-
tached to the entities (terminological). Therefore, they
performed especially well when labels were preserved.
The machine learning-based classifiers can use the indi-
viduals of the ontologies if they contain. The main im-
provement of our approach is then the structural classi-
fier which is able to align two ontologies solely on their
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semantics, and without the presence of individuals or
even labels.

Finally, the combination of all these classifiers rely on
many different features and thus balance the influence
of individual features. This mixed approach tend to
success on every case (either if the labels are preserved
or not) even if we dispose yet of a large progression
margin.

The main weakness of o MAP is clearly its computation
time. Like we have seen previously, our approach begins
to form some possible X sets, for evaluating the weight
of each mapping rules they contain. The generation
of all possible ¥ sets becomes quickly a critical issue
since this number can be huge (exponentially many)
[12]. We have addressed this problem by implementing
some approximation. The most efficient for reducing
the space search is a local maximum heuristic. When
forming a ¥ set, we consider firstly a class from the
first ontology, and gather all the entities (classes and
properties) involved in its closure definition. We do
the same for each classes of the second ontology and we
evaluate all these small ¥ sets for retaining the best one.
We iterate this process over all the classes. Additional
criteria allow us to guarantee the convergence of our
approach (i.e. the order of the classes considered has
no significance).

3.2 Discussionson theway toimprovethepro-
posed system

As future work, we see some appealing points. Addi-
tional classifiers using more terminological resources can
be included in the framework, and are currently under
implementation, while the effectiveness of the machine
learning part could be improved using other measures
like the KL-distance. While to fit new classifiers into
our model is straightforward theoretically, practically
finding out the most appropriate one or a combination
of them is quite more difficult. In the future, more
variants should then be developed and evaluated to im-
prove the overall quality of oMAP. Furthermore, the
appropriateness of each classifier could be learned via
regression.

3.3 Commentson thetest cases

It is always difficult to create good test cases. The
benchmarks tests should cover the widest range of dis-
crepancies occurring when having two ontologies. For
the cases where a lot of features were explicitly changed
at the same time, oM AP is clearly less good, but such a
mess is unlikely to occur in real cases. On the contrary,
in the real world scenario, as presented by the last four
test cases, oM AP performs quite good.

4. CONCLUSION

As the number of Semantic Web applications is grow-
ing rapidly, many individual ontologies are created. The



development of automated tools for ontology alignment
will be of crucial importance. In this paper, we have
presented the results for the 2005 campaign of the On-
tology Alignment Evaluation Initiative of our formal
framework for ontology Matching, which for ease we
call oMap. oMap uses different classifiers to estimate
the quality of a mapping. Novel is the classifier which
uses the structure of the OWL constructs and thus the
semantics of the entities defined in the ontologies. We
have implemented the whole framework and we con-
tinue to evaluate it on independent benchmark tests
such that the ones provided by this contest.
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6. RAW RESULTS

6.1 Link tothe system and parametersfile
The oMAP system is available at: http://homepages.
cwi.nl/"troncy/.

It can be run with the command:

java -jar omap.jar -i Ymethod’ -r Y%renderer,
-o JresultFileY, %sourceOnto} %targetOntoy

where:

method is: it.cnr.isti.0MapAlignment;

o renderer is: fr.inrialpes.exmo.align.impl
.renderer .RDFRendererVisitor?2;

resultFile is the name of the result file;

sourceOnto and targetOnto are the absolute URIs
of the source and the target ontologies to align.

6.2 Link tothe set of provided alignments

All the alignments computed for this campaign are avail-
able in the alignment format [3] at: http://homepages.
cwi.nl/"troncy/0AEI/.



6.3 Matrix of results

| # [ Name | Prec. | Rec. | Time |

101 || Reference alignment 0.96 | 1.00 | 20ms
102 || Irrelevant ontology 0.00 | NaN

103 || Language generalization | 0.96 | 1.00 | 20ms
104 || Language restriction 0.96 | 1.00 | 20ms
201 || No names 0.88 | 0.38 | 20ms
202 || No names, no comments | 0.85 | 0.24 | 20ms
203 || No comments 0.96 | 1.00

204 || Naming conventions 0.95 | 0.89 | 40ms
205 || Synonyms 0.81 | 0.63 | 40ms
206 || Translation 0.89 | 0.49 | 40ms
207 0.89 | 0.49 | 40ms
208 0.96 | 0.90 | 30ms
209 0.73 | 0.54 | 40ms
210 0.90 | 0.39 | 40ms
221 || No specialisation 0.96 | 1.00 | 20ms
222 || Flatenned hierarchy 0.96 | 1.00 | 20ms
223 || Expanded hierarchy 0.96 | 1.00 | 20ms
224 || No instance 0.96 | 1.00 | 20ms
225 || No restrictions 0.96 | 1.00 | 20ms
228 || No properties 0.92 | 1.00 | 20ms
230 || Flattened classes 0.91 | 1.00 | 20ms
231 || Expanded classes 0.96 | 1.00 | 20ms
232 0.96 | 1.00 | 20ms
233 0.92 | 1.00 | 20ms
236 0.92 | 1.00 | 20ms
237 0.95 | 1.00 | 20ms
238 0.96 | 1.00 | 20ms
239 0.85 | 1.00 | 20ms
240 0.87 | 1.00 | 20ms
241 0.92 | 1.00 | 20ms
246 0.85 | 1.00 | 20ms
247 0.87 | 1.00 | 20ms
248 0.85 | 0.24 | 50ms
249 0.85 | 0.23 | 50ms
250 0.05 | 0.06 | 50ms
251 0.85 | 0.25 | 50ms
252 0.85 | 0.24 | 50ms
253 0.85 | 0.23 | 50ms
254 0.06 | 0.06 | 50ms
257 0.00 | 0.00 | 50ms
258 0.85 | 0.25 | 50ms
259 0.85 | 0.24 | 50ms
261 0.03 | 0.03 | 50ms
262 0.00 | 0.00 | 50ms
265 0.00 | 0.00 | 50ms
266 0.00 | 0.00 | 50ms
301 || Real: BibTeX/MIT 0.94 | 0.25 | 40ms
302 || Real: BibTeX/UMBC 1.00 | 0.58 | 40ms
303 || Real: Karlsruhe 0.90 | 0.79 | 40ms
304 || Real: INRIA 0.91 | 0.91 | 40ms
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ABSTRACT

Among the variety of alignment approaches (e.g., us-
ing machine learning, subsumption computation, for-
mal concept analysis, etc.) similarity-based ones rely
on a quantitative assessment of pair-wise likeness be-
tween entities. Our own alignment tool, OLA, features
a similarity model rooted in principles such as: com-
pleteness on the ontology language features, weighting
of different feature contributions and mutual influence
between related ontology entities. The resulting similar-
ities are recursively defined hence their values are cal-
culated by a step-wise, fixed-point-bound approximation
process. For the OAEI 2005 contest, OLA was provided
with an additional mechanism for weight determination
that increases the autonomy of the system.

1. PRESENTATION OF THE SYSTEM
OLA (for OWL-Lite Alignment) is an open-source tool
jointly developed by teams at University of Montréal
and INRIA Rhone Alpes. It features similarity-based
alignment and a set of auxiliary services supporting the
manipulation of alignment results [5, 6].

1.1 General purpose statement

The primary goal behind the OLA tool design is to per-
form alignment of ontologies expressed in OWL, with a
short-term emphasis on OWL-Lite and long-term one
on OWL-DL. However, its GUI component, VISON!
allows for many other services involving alignments (in
the sense of [4]) to be accessed.

1.1.1 Functional specifications
From a mere algorithm for automated alignment con-
struction, OLA has grown for the last year to an en-

Lsee http://www.iro.umontreal.ca/~owlola/
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vironment for alignment manipulation. Indeed, in its
current version, the system offers, via its GUI compo-
nent VISON, the following services:

e parsing and visualization of OWL-Lite and OWL-
DL ontologies,

e computation of similarities between entities from
two ontologies,

e extraction of alignments from a pair of ontologies,
provided with a set of similarity matrices, one per
category of ontology entities (see below),

e manual construction of alignments by composing
entity pairs from two ontologies,

e use of an existing (partial) alignment as a seed
for automated alignment construction (alignment
completion),

e alignment visualization,

e comparison of two alignments.

In the remainder, the focus will be limited to the auto-
mated alignment construction with OLA.

1.1.2  Principles of the alignment in OLA

The following fundamental principles underly the de-
sign of the three key mechanisms in OLA, internal rep-
resentation of the ontology, similarity computation and
alignment extraction, that are involved in the global
ontology alignment process:

All-encompassing comparison : We tend to believe
that all the available knowledge about a pair of on-
tology entities should be taken into account when
aligning. This does not exclude the possibility of
ignoring particular aspects, i.g., OWL instances
in case of OWL class comparison. However such
a choice should be deliberately made by the tool
user, here through appropriate weight assignment,
or, if performed by an automated mechanisms,
should reflect some particularity, either of the en-
tire ontology (e.g., global absence of instances in
both ontologies) or of the pair of entities at hand
(e.g., local absence of instances in the pair of classes
to be compared).



Highest automation level : Although we recognize
that the entire alignment process often needs to
be set on a semi-automated basis, we nevertheless
argue in favor of a completely automated process
for "draft” alignment generation. Thus, we see the
OLA user providing a minimal set of parameters
at the initial steps of the process whereas the tool
will suggest one or more candidate alignments at
the end, without any other human intervention.

Category-dependent comparison : Following the syn-

tactic structure of the OWL language, entities are
divided into categories, e.g., classes, objects, prop-
erties, relations, and only entities of the same cat-
egory are compared. Moreover, the entities of a
category are compared using similarity functions
of the same basic shape. The respective category
functions comprise the same factors and the same
weights. They are further customized for each pair
of category entities by projecting them over the ac-
tual feature space of the entities (which may be far
smaller than the complete space of the category).

Comparability of similarity results : To enable com-

parison of similarity scores between different align-
ment tasks but also for some computational rea-
sons, a set of useful properties is insured for the
similarity functions: normalization, positiveness,
mazimalness?, and symmetry>.

1.1.3  Current limitations
e Although it would be of certain value for align-
ment, OLA currently offers no inference mecha-
nisms that could help complete the entity descrip-
tions. In particular, inheritance is not used to ex-
pand entities, mostly out of efficiency considera-
tions.

e Although neighborhoods play crucial role in the
similarity definition, two neighbor entities are not
necessarily affecting each other’s respective simi-
larities to a pair of other entities. As only descrip-
tive knowledge is taken into account, given two
such entities, say e; and e, for es to appear in
a similarity expression for ey, it should be consid-
ered as part of the description of the latter. For
instance, a data type is not seen as being described
by a property whose range the datatype repre-
sents. Consequently, datatypes are compared in
an ontology-independent manner.

e Category borders are not similarity-permeable: Only

entities from the same category are compared for
similarity and hence for alignment.

1.2 Specific techniques used

2With normalization, this amounts to forcing scores of 1 for
identical entities within identical ontologies

3The price to pay for symmetry is the impossibility of de-
tecting subsumption by this purely numerical procedure.
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OLA features an alignment process that splits into three
basic steps: constructing the intermediate representa-
tion of the compared ontologies as labeled graphs, com-
puting the similarity of each pair of same-category en-
tities from the respective ontology graphs, extracting
an alignment from the similarity matrices for each cat-

egory.

1.2.1 OL-Graph construction

OL-Graphs are graph structures that provide an easy-
to-process inner representation of OWL ontologies. An
OL-Graph is a labeled graph where vertices correspond
to OWL entities and edges to inter-entity relationships.
As described in [6], the set of different vertex categories
is: class (C), object (O), relation (R), property (P),
property instance (A), datatype (D), datavalue (V),
property restriction labels (L). Furthermore, we dis-
tinguish between datatype relations (Rg;) and object
relations (R,), and between datatype properties (Pg)
and object ones (P,).

The OL-Graph model allows the following relationships
among entities to be expressed:

e specialization between classes or relations (denoted

S),

e instanciation (denoted 7) between objects and classes,
property instances and properties, values and datatypes,

e attribution (denoted A) between classes and prop-
erties, objects and property instances;

o restriction (denoted R) expressing the restriction
on a property in a class,

e valuation (denoted U) of a property in an object.

The OL-Graph of an ontology is built after the ontology
is parsed?. The process of OL-Graph construction is
described in [8].

1.2.2  Similarity model

The similarity functions used in OLA are designed in
a category-specific manner and cover all the available
descriptive knowledge about an entity pair. Thus, given
a category X of OL-Graph nodes, the similarity of two
nodes from X depends on:

e the similarities of the terms used to designate them,
i.e., URISs, labels, names, etc.,

e the similarity of the pairs of neighbor nodes in the
respective OL-Graphs that are linked by edges ex-
pressing the same relationships (e.g., class node
similarity depends on similarity of superclasses, of
property restrictions and of member objects),

o the similarity of other local descriptive features de-
pending on the specific category (e.g., cardinality
intervals, property types)

“So far, we use the OWL API [1].




Funct. Node Factor Measure
Simo o€ O A(o) stmp,
a€ A, (o,a) € A MSima
Sima a€A reR,(a,r)ER Simp
o€ O, (a,0) €U MSimo
veV, (a,v) eU MSimy
Simy v eV value literal type dependent
Simc ceC A(c) simp,
p€P, (¢,p) €A MSimp
cedC, (¢,c)eS MSimc

simp deD A(r) XML-Schema

Stimr r€E€R A(r) stmrp,

c € C, (r,domain, c) € R MSimc

c€ C, (r,range,c) € R MSimco

d € D, (r,range,d) € R Simp

r €R, (r,r')ES MSimp
Simp pEP reR, (p,r')eS Simpg

c€C, (p,all,c) ER MSimc

n € {0,1,00}, (p,card,n) € R  equality

Table 1: Similarity function decomposition

(card = cardinality and a11 = allValuesFrom).

Datatype and datavalue similarities are external to our
model and therefore they are either user-provided or
measured by a standard function (e.g., string identity
of values and datatype names/URIs).

Formally, given a category X together with the set of
relationships it is involved in, N'(X), the similarity mea-
sure Simx : X2 — [0,1] is defined as follows:

Simx(z, ') = Z X M Simy (F(x), F(z')).
FeN(X)

The function is normalized, i.e., the weights W_;_—( sum to
a unit, Z}'GN(X) 71';:( = 1. for the computability The
set functions M Simy compare two sets of nodes of the
same category (see [6] for details). Table 1 illustrates

the set, of similarities in our model. L
Following the lessons learned with our participation in

the EON 2004 alignment contest [?], we have adapted
the above measure to fit cases where particular pair
of entities is described only by a small subset of the
entire set of category descriptors. Thus, a descriptive
factor is ignored for similarity computation whenever
neither of the compared entities possesses a neighbor
with the underlying link label (e.g., no instances for a
pair of compared classes). In this case, not only its
weight is set to 0, but also the weights of the remaining
"active” factors are increased correspondingly. To scale
that principle up to the entire set of descriptive factors,
the following simple mechanism has been realized in
OLA: In order to keep both normalization and equity
in similarity values, the weights of all non-null factors
for a given entity pair are divided through their sum.
Thus, for a category X, the similarity measure Sim} :
X2 —[0,1] becomes:

S' /
Sim¥ (v,2') = _Simx (@)
Zf€N+(x,z’) TF
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where NV (z,2') is the set of all relationships F for
which F(z) U F(z") #0 5.

OLA relies on various functions for identifiers compar-
ison. Both string distances and lexical distances are
used. Lexical distances rely on an exploration of Word-
Net 2.0 [7] with a quantitative assessment of the “relat-
edness” between two, possibly multi-word, terms. More
specifically, the degree of relatedness between two Word-
Net entries is computed as the ratio between the depth,
in graph-theoretic sense, of the most specific common
hypernym and the average of both term depths. The
computation of multi-word term similarity consists in
first splitting the terms into a set of tokens each and
then comparing all possible pairs of tokens from oppo-
site sets using the above depth-based principle. The
global term similarity is then computed as a similarity-
based matching between both sets (see above).

As circular dependencies are impossible to avoid with
the above definitions, the computing of the similarity
values requires non-standard mechanisms. Following [2,
9], an equation system is composed out of the similar-
ity definitions where variables correspond to similari-
ties of node pairs while coefficients come from weights.
The process of iterative, fixed-point-bound resolution
of that system, as well as the related convergence and
determinism issues are described in [6].

1.3 Implementation

OLA is implemented in JAVA. Its architecture follows
the one of the Alignment API and the recent implemen-
tation that was described in [4]. OLA relies on the OWL
API [1] for parsing OWL files. An entire subsystem is
dedicated to the onstruction of OL-Graphs on top of the
parsed ontologies. A set of further components that of-
fer similarity computation services: substring distances,
edit distances, Hamming distance, WordNet interface
(via the JWNL library [3]), etc., that were originally
designed for OLA are now part of the Alignment API.
The VisON GUI component offers a uniform interface
to all services provided by Alignment API and OLA.
In particular, it visualizes both the input data, i.e., the
OL-Graphs, and the final result, i.e., the alignment file,
of the global process.

1.4 Adaptations made for the contest

Along the preparation of the AOEI 2005 contest, a row
of changes have been made to the system in order to
make it fit the complexity of the alignment discovery
task. The most striking one is the introduction of a
weight-computing mechanism that eliminates the ne-
cessity for the tool user to provide initial weights and
hence makes a significant step towards full automation
of the alignment process.

®That is, there exists at least one y such that (z,y) € F or
at least one y’ such that (z',y') € F.



1.4.1 Weight computing mechanism

As it is far from obvious for novice users how to weigh
the different similarity factors, we initiated work on in-
corporating a weight computing mechanism within the
system. The intended mechanism is both intuitive and
effective so that alignment practitioners with various
skill levels could find a match for their knowledge and
experience. So far, we used a simple heuristic method
that, according to the obtained results, performs rea-
sonably well. The basic idea of the method consists
in distributing the weights among similarity factors in
the generic similarity function of a node category ac-
cording to the relative importance of the corresponding
category in the entire ontology. That is to say we use
the average number of links of the corresponding type
per entity of the category at hand. For instance, the
greater the number of super-class links in the ontology,
the higher the weight of the super-class factor in the
class similarity formula.

1.4.2  Similarity measure for entity names

OLA uses two alternative modes of comparison for en-
tity names (URIs, labels, etc.): a string measure® (a
default) and a lexical similarity measure that relies on
WordNet 2.0 (see above).

The highly sophisticated lexical similarity measure that
was used in OLA for the EON competition has been re-
placed by a simpler but more purposeful one. Indeed,
the initial function compared multi-word terms on three
separate axes: nouns, verbs and adjectives, as provided
by WordNet 2,0. Such comparison seemed appropriate
for cases where the meanings of a word fall in more
than one part-of-speech category. The inter-word simi-
larities on each axis were aggregated by an independent
best-match computations while the three resulting val-
ues were further combined to a single one via a weighted
sum.

The new measure trades separate matchings on speech-
part-wise basis to a single global matching along entry
similarities that aggregate all three possible aspects of a
word. Thus, the words are compared to each other with
all possible meanings and the highest similarity over a
single pair of meanings is taken for the words.

For the OAEI competition, as we had to rely on a fixed
parameter set for the entire collection of tests, we have
chosen to force the use of the string distance. Indeed,
it showed better performances while being much more
efficient than the WordNet-based computation.

Nevertheless, the improved lexical similarity was not
completely discarded: it is currently used as a pre-
processing tool that helps decide automatically the dis-
tribution of weights among similarity factors.

SsubString distance provided by the Alignment API
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1.4.3 Minor adaptations

Following experiences from EON 2004, a set of simple
but decisive modifications have been applied in order
to prevent the precision leak in the tests. First, the
instances have been excluded from the alignments by
default, although the possibility is given to the user
to reverse this choice. Then, entities external to the
ontologies at hand have also been excluded from the
alignment (but not from the similarity computation).
Finally, one-to-one alignment production has been en-
forced in OLA to increase the potential recall of the
resulting alignment.

2. RESULTS

The comments are grouped by test categories.

2.101 Tests 10X

OLA performed very well on the tests of this group.
This seems to be due to the fact that while the lan-
guage varies along the individual tests of the group, the
basic ontology entities involved in the similarity compu-
tation remain unchanged with respect to the reference
ontology.

2.102 Tests 2XX

The performances of the algorithm seem to suggest that
three sub-groups of tests can be distinguished. The first
one comprises the tests 21X, 22X, 23X and 24X, with a
small number of exceptions where the performance have
been:

e Quite good: This is the case of tests 201, 202,
with random class names. The random names
were putting a strain on the ability of the algo-
rithm to propagate similarity along the network of
node pairs. Obviously, our technique needs some
improvements on that point.

e Satisfactory: In the case of tests 248, 249, there
is a combination of missing (or random) names
with one other missing factor. For tests 248, 249,
the missing factors are hierarchy (sub-class links)
and instances, respectively. Both play important
role in similarity computation of classes, whenever
these are stripped of their names as is the case
with these two ontologies. Hence the sharp drop in
precision and recall with respect to the preceding
tests.

e Weak: The notorious failure here have been the
tests 205, 209, which are the only ones to use of
synonymous names in the ontology entities (with
respect to the intial ontology). As WordNet has
been plugged-out of the similarity computation,
these results are not surprising.

The second groups is made of the tests 25X. Here OLA
performances varied substantially: from extremely poor



(254) to satisfactory (252, 259).

The last five ontologies of the group, the 26X ones, have
proven to represent a serious obstacle for OLA. The
performances of the system here were poor to very poor.

2.103 Tests 30X

The real-world ontologies of the group 30X made OLA
perform in an unimpressive way. We believe that this
is due to the fact that string similarity was systemati-
cally used as identifier comparison means. Indeed, ten-
tative runs with WordNet as basis for name similarity
yielded way more precise alignments on that group. Un-
fortunately, they also brought down the overall statis-
tics from the entire test set such as mean precision and
mean recall. Hence the choice of the WordNet-based
lexical similarity for a default name comparison means
has been dropped.

3. GENERAL COMMENTS

3.1 Comments on the results

The results show a substantial progress has been made
since the EON 2004 alignment contest. With respect to
the performances of OLA at that forum, we made a big
leap amounting to about 25% in both mean precision
and mean recall.

Nevertheless, we see that a vast space for improvement
lays ahead of our project. The weaknesses of the current
similarity mechanisms can be summarized as follows.
First, the tuning of the algorithm is still a rigid pro-
cess. Indeed, while the weights can now be computed
following a specific footprint of the ontology, a mecha-
nism for the choice of a particular name similarity on
the same basis has yet to be defined.

Second, although we take into account the biggest possi-

ble amount of knowledge about entities, there are sources
of similarity that have been ignored so far, in particular

entity comments.

3.2 Discussions on the way to improve the pro-

posed system

Besides expanding the lexical processing to comments
in entities and providing a flexible decision mechanism
for the choice of the default name similarity, a possible
improvement of the system will be the integration of a
learning module for weight estimation. As for similarity,
the biggest challenge here is to define the representation
of the input data, i.e., the descriptors of the entries for
the learning algorithm.

Another research track would be the definition of an
optimal matching algorithm. In fact, the current proce-
dures are sub-optimal in the sense that they only chose
local optima for each aligned entity. Consequently, as
strict 1:1 matchings are to be produced, a single bad
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choice could easily generate a chain of wrong alignment
decisions and thus negatively impact the performances
of the tool.

3.3 Comments on the experiment
Two months during summer period is definitely too
short to run shuch an experiment.

4. CONCLUSION

In its latest version, OLA has proven a more robust
tool for alignment than it was a year before. While
the difficulties with real-world ontologies persist, the
progress on noisy ones has been substantial.

The next key topic of the research around OLA will be

the automation of the weight computation for a specific
pair of ontologies.

S. RAW RESULTS

5.1 Link to the set of provided alignments

A .zip archive of all the contest results is available at
the following URL:

http://www.iro.umontreal.ca/~owlola/0AEI.html

5.2 Link to the system and parameters file
A similar archive with the parameters and the .jar files

used in the contest-related experiments is available at
the following URL:

http://www.iro.umontreal.ca/~owlola/0AEI.html

5.3 Matrix of results



| # [ Name | Prec. | Rec. | Time |
101 || Reference alignment 1 1
103 || Language generalization 1 1
104 | Language restriction 1 1
201 || No names 0.71 | 0.62
202 || No names & no comments | 0.66 | 0.56
203 | No comments 1 1
204 || Naming conventions 0.94 | 0.94
205 || Synonyms 0.43 | 0.42
206 || Translation 0.94 | 0.93
207 0.95 | 0.94
208 0.94 | 0.94
209 0.43 | 0.42
210 0.95 | 0.94
221 || No specialisation 1 1
222 | Flatenned hierarchy 1 1
223 || Expanded hierarchy 1 1
224 || No instance 1 1
225 || No restrictions 1 1
228 || No properties 1 1
230 || Flattened classes 0.95 | 0.97
231 1 1
232 1 1
233 1 1
236 1 1
237 0.97 | 0.98
238 0.99 | 0.99
239 0.97 1
240 0.97 1
241 1 1
246 0.97 1
247 0.97 1
248 0.59 | 0.46
249 0.59 | 0.46
250 0.3 | 0.24
251 0.42 | 0.3
252 0.59 | 0.52
253 0.56 | 0.41
254 0.04 | 0.03
257 0.25 | 0.21
258 0.49 | 0.35
259 0.58 | 0.47
260 0.26 | 0.17
261 0.14 | 0.09
262 0.2 | 0.06
265 0.22 | 0.14
266 0.14 | 0.09
301 || Real: BibTeX/MIT 0.42 | 0.38
302 || Real: BibTeX/UMBC 0.37 | 0.33
303 || Real: Karlsruhe 0.41 | 0.49
304 || Real: INRIA 0.74 | 0.66
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