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Executive Summary

This report accompanies the software applicatiootgtype developed as part of
D2.2.2. The software application is call@toSight. It complements LATINO with
a user-friendly graphical interface. It enables tiser to visualize the LATINO’s
intermediate data layer and to create a semardaimesguitable for the task at hand.

The report first argues the need for OntoSightshwort, in the ontology learning
process, the user aggregates different types af ddevant for the domain. With
respect to the task the resulting ontology willshée support, certain types of data are
more relevant than others. The user needs to setveights reflecting the importance
of the corresponding types of data. This is noivéat task as it is often not clear how
a different weight setting will affect the final tmhogy. OntoSight helps the user set
these weights through visualization and interaciod thus helps create task-tailored
domain ontologies.

The theoretical background as well as the userfate of OntoSight is discussed
next. The main feature of OntoSight is the abilityisualize LATINO’s intermediate
data layers and semantic spaces. The visualizgii@s the user a notion of what
kind of semantics is going to be represented by ihsulting ontology. An
intermediate data layer (i.e. document networkyissialized by employing a force-
based graph layout algorithm. A semantic spaceherother hand, is visualized by
employing a pipeline consisting of thk-means clustering algorithm, stress
majorization, an approximatk nearest neighbours algorithm, and a least-squares
solver. The user is able to explore the visualwegiby using either the sniper tool
which allows the user to get more information abauparticular vertex, edge, or
instance, or the context tool which enables the tsenspect a wider area in the
visualization.

The report continues by discussing the progresghencase studies, namely the
VideoLectures case study and the Dassault case.sitte former is a newly
introduced case study which emerged from the acteals of the VideoLectures
team to categorize new video lectures into an ieggaxonomy. In the Dassault case
study, on the other hand, the task of TAO methagiolis to transition a relational
database into an ontology. A database can comalasion dependencies which are
basically implicit (hidden) relations between datsd tables, defined yet at the
application level rather than being evident frora torresponding database schema.
Inclusion dependencies hinder the automated transiy process — the resulting
ontology does not reflect all the relational aspexdtthe database. The task of WP2 is
to help the user detect inclusion dependencies serai-automated fashion. The
identified dependencies are then taken into acciouie ontology learning process.

The report concludes by presenting the plans ferttiird project year. We plan to
extend LATINO with several ontology learning algbms currently employed in
OntoGen. OntoGen is to be extended with relati@mieg capabilities. OntoSight
will be improved in terms of its user interface,vasll as in terms of its functionality
and speed. In the context of the case studies, ilvpavform the evaluation in which
we will try to prove that TAO WP2 methodology (i@ntology-learning methodology
defined in WP2) is superior to the traditional texhing techniques.
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1 Introduction

The focus of this report is on OntoSight, a sofevarototype developed in the second
project year as part of D2.2.2. OntoSigt complemamTINO with a user-friendly
graphical interface. It enables the user to vigeathe LATINO’s intermediate data
layer (i.e. document network) and to create — thhouisualization and interaction — a
semantic spacga.k.a. feature space) suitable for the user'sisie& semantic space
is a high-dimensional space in which each vertermfthe corresponding document
network is described with a sparse feature ve&och semantic space is the basis for
the ontology learning algorithms employed by OntoGad LATINO. Since one
document network can yield several different seiapgaces (depending on how the
weights of different relations are set; see [1] fimore details), it is important to be
able to “pick” the right one; i.e. such that thesuking domain ontology is most
suitable for its task.

In order to credibly argue the need for OntoSighe, need to first go through the
steps of building a domain ontology with LATINO/@&en as envisioned in TAO
WP2:

1. The user first studies the data at hand and dewiieh data entities will play
the role of instancésn the transitioning process. To give a betteliiamobf
what such instances might be, let us summarizedbke study scenarios from
this aspect. In the GATE case study the instanceghe source code Java
classes. In the Dassault inclusion dependenciesstady the instances are the
database table columns. In the VideolLectures dasly $he lectures play the
role of the instances.

2. The user assigns a textual document to each irestafgis step is not
obligatory and even not possible when the datach shat it does not contain
any unstructured textual data. In the GATE caselystihe documents are
created out of the source code comments. In thesdbdtscase study a
document is created by concatenating the textuaksan the corresponding
database table column. In the VideoLectures casly st lecture’s title and its
description are perceived as the correspondingrdenti

3. The user identifies the structural information whis evident from the data.
This step is also not obligatory, provided thatwek documents were attached
to the instances. The user should consider any &inelationships between
the instances (e.g. links, references, computedasities...). In the GATE
case study we consider several types of relatipeshetween Java classes:
inheritance and interface implementation relatigmsh name similarity,
comment references, type references, and so or{iké& more details). In
the Dassault case study we take cosine similaribesveen documents,
similarity between sets of values, and normalizelit eistance between
column names (see Section 4.3 for more detailsjhénVideolLectures case

! Instances in the data mining sense rather thaortwogical sense. Data mining instances are @tomi
objects of interest in the data mining process.hkafcthem is represented by a feature vector fer th
purposes of applying machine learning techniqueh ss clustering and classification. In machine
learning, the term “example” is also used to demmtances.

5
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study we could consider the “people who watchesl lncture also watched-"
relation between the instances (see Section 4.2).

4. The user inputs the instances, the documents, l@dirtks between the
instances into LATINO by using [at least] the feliog LATINO functions
(see Appendix A for more details):

CreateNewDocumentNetwork

AddInstance

RegisterRelation

AddArc
In LATINO, the data is stored as a document networthe intermediate data
layer. With this step, the data preprocessing plsasemplete.

5. The user now has two options: either to write onta@en files (by invoking
the LATINO’s WriteOntoGenFiles function) and continue his/her work
there, or to use LATINQO’s ontology learning funets

As the ontology learning functionality has not yeten incorporated into LATINO,
OntoGen is currently the only option. OntoGen waginally designed to work with
textual documents; it is a system for semi-autotnadiata-driven ontology
construction out of textual corpora. However, sirthe documents are internally
converted into feature vectors anyway, OntoGen vemently extended with the
ability to load a set of feature vectors directljhese feature vectors are not
necessarily representations of textual documentscén be computed out of other
kinds of data as well. LATINO is able to computeclsueature vectors out of a
document network and pass them on to OntoGen. Hemveaven though one
document network can yield several semantic spéices several sets of feature
vectors), only one semantic space can be imporinl ®ntoGen. Optimally this
semantic space would be such that the resultingj@myt is most suitable to the user’s
needs. But how does the user know how to set trenpers in LATINO to achieve
this?

Setting the parameters when creating a semanta@spad.ATINO is not a trivial task
and influences greatly the amount of effort needgaroduce a suitable ontology with
OntoGen. It will also have an impact on the qualify ontologies produced by
LATINO. To help the user set the parameters, weeligped OntoSight, an
application that gives the user insight into docoheetworks and semantic spaces
through visualization and interaction. OntoSighines into play after the document
network has been established (step 4 above) andebefeating OntoGen files and/or
employing LATINO for ontology construction (stepabove). So, the parameters that
are determined through the use of OntoSight infteetie way the semantic space is
built before the ontology learning algorithms -heitin OntoGen or in LATINO — are
employed for ontology construction.
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2 Relevance to TAO
2.2 Relevance to Project Objectives

The ultimate objective in TAO is to provide a medbtogy for transitioning data
sources that accompany legacy applications to ogies. In WP2, we deal with
unstructured data (i.e. texts) and (semi-)structut@ta (i.e. links between the texts).
Our goal is to cover the cases where the structpeetof the data does not directly
provide the structure for the target ontology. Eaample, the source code in the
GATE case study contains several different kindstafcture. However, this does not
mean that adopting any of these kinds of structlome will yield an appropriate
target ontology. On the other hand, we do not ctiverDassault case study in full as
this would not make much sense. The transitionioggss in the Dassault case study
is tailored to the specifics of transitioning redatal databases and the structure of the
final ontology highly reflects the structure of theurce database itself. Similarly, we
do not cover the Amazon case study because thespamding WSDL files contain a
lot of structure which is directly exploitable. Smyr objective is to cover the cases
where the target structure is not obvious and getla to be discovered.

The process in which this latent structure is disced requires the user to input the
requirements for the task at hand. Expressingdhairements is done in an abstract
way so that it can cover a wide range of casedANINO, the user is able to set

parameters which influence the ontology learningsgh(e.g. in OntoGen). Setting
these parameters is not a trivial task as it isroftot clear how a different setting will

affect the ontology learning process. To help tberuwe developed OntoSight, a tool
that is the main part of D2.2.2 and is discusseddisreport.

OntoSight complements LATINO with a graphical useerface that enables the user
to create — through interaction and visualizatiantask-tailored domain ontology. As
such, it is a relevant part of the TAO WP2 methodwl

2.3 Relation to Other Workpackages

OntoSight is not directly dependent on any otherkwackage in the sense that it is a
stand-alone application based on the work bein@ doWP2. However, we can draw
relations to other workpackages from three differparspectives: (i) by putting
OntoSight into the role of a tool, (ii) into theleocof a methodology, or (iii) into the
role of a pre-processing step.

As a tool, OntoSight is related to the case studispecially the GATE case study
(WP6), the Dassault case study (WP7), and the newyduced VideolLectures case
study. The Dassault and VideoLectures case stad@discussed in Sections 4.3 and
4.2, respectively. The GATE case study, on therdihed, is discussed in D2.2.1 [1].

As a part of a methodology, OntoSight has a pladbe bootstrapping methodology
workpackage (WP1). However, it is not expected gctightly integrated into TAO
Suite and is therefore not closely related to thegration workpackage (WP5).

In the role of a pre-processing step, OntoSighisid to prepare data for an ontology
learning tool such as OntoGen or (eventually) LADINThe outcome of the ontology
learning tool can then be consumed by the ontote§igement tools developed in the

7
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content augmentation workpackage (WP3). The pipelim which OntoSight,
OntoGen, and the ontology refinement tools are ecuttve stages, results in a
domain ontology in the end. This ontology can bepleyed as a basis for content
augmentation; hence another indirect relation t8WP

3 OntoSight

OntoSight is an application that complements LATINGh a user-friendly graphical
interface. It enables the user to visualize the IMO’s intermediate data layer (i.e. a
document network) and to create — through visutidimaand interaction — a semantic
space suitable for the task at hand.

LATINO “communicates” with OntoSight through datde$. After the document
network is created in LATINO, it can be stored atata file by calling the LATINO’s
WriteDocNet function. The resulting file can be opened by Giht.

3.1 Visualization of the Intermediate Data Layer

OntoSight visualizes the imported document netwaska set of networks (one
network for each type of relations between instahceigure 1 gives an example of
how a network is visualized in OntoSight. The inteamected vertices are placed
closer together than the disconnected ones angettiiees are distributed more-or-
less equally over the canvas.

The thickness of the edges reflects their weightsn edges have a weight that is
within one standard deviation from the mean. Sémoktedges have a weight that is
within two standard deviations from the mean. Thedges have a weight that is more
than two standard deviations from the mean.

The user can use one of two different tools fomsiag a visualized network. The
first tool is the so calledniper tool which allows the user to get more information
about a particular vertex or a particular edge Vertex is selected, its name and the
names of all its immediate neighbours will be dageld. In addition, the weights on
the edges between the vertex and the neighbouce®rare displayed (Figure 1, top
left corner). On the other hand, if an edge is et the names of the two end
vertices will be displayed together with the weigissigned to that edge (Figure 1,
bottom right corner).

The second tool is the so calledntext tool In enables the user to inspect a wider
area of the visualized network. As the user selactsarea, the names of all the
vertices in that area are displayed in a sidebae. 0ser can widen the area or narrow
it down by using the mouse wheel.

The placement of the network vertices is done bgygushe Fruchterman-Reingold
force-based graph layout algorithm [2]. The commooperty of force-based layout
algorithms is that attractive and repulsive forees defined between vertices. The
most straightforward method is to assign forcei$ e edges were springs (acting in
accordance with the Hooke’s law [4]). In such settihese springs can be stretched,
compressed, or in their equilibrium state. Thetshed springs pull the two end
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vertices closer together while the compressed gpnpush them apart. This gives us
an optimization problem where the overall energyhef system — defined as the sum
of energies of the springs — needs to be minimiggglre 2 illustrates this process
and gives some concrete equations from physicsalgwithm we employ, however,
does not embed springs between vertices but ratbees with forces similar to the
ones defined by the Coulomb’s law [3].

"; ‘-.'.l'——"— B
it ‘!7’7‘5 ST e
A \ pY) S
5 N = ~.rl!-:‘1-"

Figure 1. Visualization of a network. Specifically, this ise comment-reference network from the

GATE case study. In this figure, the sniper toouged to get more information about a particular
vertex (i.e. FSMinstance in the top left cornerd about a particular edge (i.e. the one between
IREngine and IndexManager in the bottom right corne

o AN LA .

TVVVVVVVVVVIVV VYT
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Figure 2: The basic idea behind the force-based graph teglgorithms.
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3.2 Semantic Spaces

A semantic space is in fact a high-dimensionaluieaspace in which feature vectors
are represented as points. It is possible to meada distance between each two
feature vectors. However, rather than measuringeiheidean distance, it is many
times more convenient to measure the cosine sityilaecause it has a couple of
advantages over the former: it is always betweer (acluding) 0 and 1, and is
believed to be a more “semantic” measure as it astf the semantic categories,
defined by the data, would lie on the surface aiper-sphere with the centre at the
origin of the space rather than being scatterec\alr the space. It is used in text
mining when dealing with TF-IDF vectors. We adoptfar the purpose of the
semantic space visualization.

To visualize a semantic space, we need to progattife vectors onto a 2-dimensional
canvas so that the distances between the poiméstréie cosine similarities between
the corresponding feature vectors. If two vectaoes\aery similar to each other, they
should be rendered as two planar points being dlogether. On the other hand, if
two vectors are very dissimilar, they should bederad far apart. It is not possible to
compute this projection so that the distances fatiyrelate with the corresponding
cosine similarities — we need to settle for an apjpnation.

To compute the projection of high-dimensional featuectors onto a planar canvas
or, in other words, to compute a planar layout ¢ feature vectors, we pipeline
several methods from different fields of math anthputer science. We first perform
the clustering of the feature vectors to obtainesalvsmaller, more manageable
segments of the feature space. We then selectadérepresentative” instances — the
medoid$ of the obtained clusters among others — and caenpheir layout by
employing a computationally expensive techniquéedastress majorization. Luckily
the number of the representative instances is raodiler than the number of feature
vectors. After the representative instances aretiposd in 2-D, we construct a
system of linear equations and solve it in the tlsgeares sense. The solver we
employ is optimized for large sparse systems, wisckxactly the property of our
system of equations. The solution gives us theeptimjn of all the feature vectors
onto a planar canvas. In order to construct théesysof equations we need to
compute thek nearest neighbours of each instance (i.e. featector). This is the
most time consuming step in the entire processether we employ a variant of an
approximatek-NN algorithm that exploits the fact that we halready segmented the
space with the&k-means clustering algorithm. In the following sen8 we explain
each of these steps; the entire pipeline is ilstt in Figure 3.

We mostly follow the work of Sorkine and Cohen-Q0@4) [6] and Paulovich et al.
(2006) [7]. However, we concretize the missing pgeé.e. thek-NN algorithm and
the positioning of the representative instancesl) iatroduce changes that make the
process more suitable to our needs. These changesemphasized in the
corresponding sections.

2 A medoid is the instance closest to the clustegister (the cluster's center is also termed ceditroi
Seehttp://en.wikipedia.org/wiki/Medoidndhttp://en.wikipedia.org/wiki/Centroid

10
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Figure 3: The semantic space visualization pipeline.
3.2.1 Clustering: Segmenting the Semantic Space

To segment the semantic space, we emplok-theans clustering [5]. We choose the
number of clusters to bk =log, N which guarantees that the most time consuming

step (i.e. forming neighborhoods) will fall belo@(N?) in its time complexity (see
Section 3.2.3 to understand how this is achieved).

The time complexity of this algorithm ©(IkN) wherel is the number of iterations,
k is the number of clusters (i.e. means), And the number of instances. In our case
the time complexity resolves ©O(IN log, N) = O(Nlog, N).

3.2.2 Stress Majorization

In the final step of the pipeline, the least-sqeasmlver interpolates between
coordinates of several control points (correspopdinrepresentative instances) with
known locations in order to determine planar |lamadi of all the instances. Thus we
need to select several representative instances@ngute their planar locations. In
the work we follow [7] it is suggested to take thmedoids of the clusters as the
representative instances. The authors adoptedcltiuie from [6] where the least-
squares meshes are discussed. The least-squarkesnae intended to be visually
smooth — it is preferable that the points are dyuhstributed across the space or the
plane. Cluster medoids tend to be on a maximunamtst one from another (i.e.
cosine similarity between two medoids tends todr®k Medoid-based control points
thus describe merely the orientation of the spateer than its form. With respect to
this intuition we randomly selea points from each cluster and add them to the
medoids to obtain the set of representative inssnehich we believe is more
suitable for our application.

Once we have selected the representative instameesged to project them onto a
plane to obtain control points for the interpolati®Geveral methods are at hand for
this task and since the number of representatiaanmces is relatively low

((c+Dlog, N, to be exact), we can even use computationallyemsxpensive

11
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methods. At first we used Kamada-Kawai force-bdagdut algorithm [8] but were

unsatisfied with its tendencies to oscillate duritng optimization process. We
therefore resorted to the stress majorization ntetlbich monotonically decreases
the stress function in each iteration [9].

stressk) = _ ;%% - x,|- d, (1)

The stress function is given in Eq. (1) and reflébe quality of the layout — the lower
the stress the better the layout. In the equatky,, is a layout oM 2-dimensional

points, |X; - X;| is the Euclidean distance between pointndj, and d; is the

optimal [Euclidean] distance between pointandj (in our case, this equals to 1
minus the cosine similarity between the two insésncepresented byandj). The
stress is guaranteed to decrease every time any isaiepositioned with accordance
to Eq. (2).

1 2 1 X - X
X~ ——— ., 47X +d;
md e X)) (- )
(2
1 N . Yi- Y,
yi = 7 jti dijzyj +diil 2 : 2
jri i \/(Xi'xj) +(Yi - Yy)

The layout algorithm based on the two equatiorsraightforward and is detailed in
Pseudocode 1. Note that the lines 6 and 7 requiiareer loop that goes through all
the vertices in order to update the coordinatestedtress value.

Input: dj (cosine similarities between instances subtradtedh 1), max_steps
(maximum number of iterationgnin_diff (minimum required stress difference to
proceed with the next iteration)

Output: x;, yi (coordinates of the points)

=

assign random initial positions to the points; e@dnt represents the planar
projection of an instance

2 old_stress= infinity

3 for step= 0 tomax_steps

4 stress= 0

5 for each vertex;

6 updatex; andy; according to Eq. (2)
7

8

stress= stresst i<J_d”?2mxi - X |- d )2 , where X, =(X.,Y,)

end for
9 stress_diff= old_stress-stress
10 if stress_diffis less thamin_diffthen
11 exit the loop, i.e. end the algorithm
12 end if
13 old_stress= stress
14 end for

Pseudocode 1The stress majorization algorithm.

12
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The time complexity of the stress majorization alipon is O(M *) whereM is the
number of vectors we need to project. In our chieresolves t@(log; N )

3.2.3 Approximatek-NN Algorithm

In order to construct the system of equations, weednto computek nearest
neighbours of each instance. This is the most tomesuming step in the entire

pipeline. Normally k-NN would compute such neighbourhoods@¢N?). Here we

employ a simple algorithm that exploits the facittive have already performed the
clustering and that the neighbourhoods do not he&e entirely accurate.

Although neighbourhoods do not need to be entieslgurate, they need to satisfy
these two criteria:

1. They need to be a good approximation of the reight@urhoods.

2. If the real neighbourhood of an instance is sueth ithalso includes instances
from clusters other than the one owning the instanso should the
approximate neighbourhood. This property is impartedo ensure that the
subsystem of linear equations, defined by a pdaicaluster, will overlap
with a subsystem defined by another cluster. ¥ ttondition is not satisfied,
the visualized space will have a “hole” where th&téances of the two clusters
should meet.

For this task we first arrange the instances iheodata structure shown in Figure 4.
We then run an approximate algorithm which worksl@fsned by Pseudocode 2.

Figure 4: The data structure used by the approxinkatN algorithm. This simple example involves 3
clusters of 19 instances altogether. Each listnstainced;; is sorted descending according to the
cosine similarity to the centroid @. Instances it;; belong toC;.

13
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Input: p (persistence, i.e. the minimum number of instarfoes |;; (i * j) that are
considered as neighbours of an instance belongifig)t instances arranged in a
data structure presented in Figure 4

Output: L; (N neighbourhoods; one for each instance)

1 for each instance;
2 find the clusteiC; such that its centroid is more similargathan the centroid
of any other cluster
3 for each instanch in |;;
4 compute the cosine similarity betwegrandb,
5 if the computed cosine similarity is greater than lihwest cosine
similarity in the list of neighbours; then

6 add instancé, to the listL;

7 if the list exceeds the size loftemsthen

8 remove the instance that is least similagtdrom the
list

9 end if

10 end if

11 end for

12 for each sorted list of instanchg j * |

13 pt=p

14 m=1

15 while p¢is greater than @nd mis less than or equal to the sizelgf

do

16 letb be them-th instance in;;

17 compute the cosine similarity betwesgrandb

18 if the computed cosine similarity is greater than liweest

cosine similarity in the list of neighbouls then

19 add instance to the listlL

20 pt=p

21 if the list exceeds the size loftemsthen

22 remove the instance that is least similarato

from the list

23 end if

24 end if

25 m=m+1

26 pt=pc—1

27 end while

28 end for

29 end for

Pseudocode 2Approximatek-NN algorithm.

The time required to build the data structure iguFé 4 isO(MN log, N) whereM is
the number of clustets In addition, the time complexity of the algorithin

Pseudocode 2 is approximately N %Iog2 k+(M - 1)plog,k whereM is again

the number of clusters amds the persistence (persistence is the minimumbsauraf

% Provided that the clusters were computed beforkhan

14
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instances front;; (i * j) that are considered as neighbours of an instaelging to
Ci; see Figure 4 and Pseudocode 2). Siktelog, N in our case an& andp are

2

. . N
constants, the overall time complexity resolveS)teI—N +Nlog, N .
09,

3.2.4 Positioning Non-control Points

The final step in the pipeline is performed by askesquares solver. To construct a
system of linear equations, we need the planardooates of several control points
(obtained by the stress majorization algorithm; Seetion 3.2.2) and thle nearest
neighbours of each instance (obtained by the appaie k-NN algorithm; see
Section 3.2.3). The basic idea of how to use tlieda with a least-squares solver to
compute the coordinates of the non-control positsiken from the work of Paulovich
et al. (2006) [7] which is based on the work of Ksoe and Cohen-Or (2004) [6].
However, since the original method is employed ampute smooth surfaces on 3-
dimensional meshes, we introduce a slight modificatwhich should, at least
intuitively?, produce better results. The original idea isempive each point to be the
centroid of its neighbours (Eq. (3)). We modifystl@quation so that the point is no
longer the strict centroid of its neighbours buthest a linear combination [of the
neighbours] in which the neighbour is weighted ripnally to its proximity to the

point under consideration (Eq. (4)). In Eq. (3) Al Pi denotes a pointR, denotes

the set of its nearest neighbours (note Fhad not its own nearest neighbour), &d
Sy denote the x and y coordinatesS)frespectively. The weightys, is the cosine

similarity between the feature vectors of the ins&s corresponding ®andP;.

_ 1
P'_lRpl STRHSX’ siRplSV (3)
P_—l S S
L L @)
IRpl 2 i

Eq. (4) can be expressed as a system of sparse éneations (shown in Eq. (5)) for
which efficient approximate solvers are at handtrida is anN~ N matrix in which
each row represents Eq. (4) for a particular pdint.element of matriA is defined
by Eq. (6).X is a vector of lengtiN and contains pairs of coordinategy() which
represent the solution of the system, i.e. thedioates of all the point® is a vector
of lengthN and contains values (0,0).

Xyn= 2 (5)

4 A further study is needed to prove or disprovetteeefits of this modification in practice.
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0= "L BEOO ©)

otherwise

In addition to the constraintdx =B which describe the neighbourhoods, we add
constraints which incorporate the coordinates ef ¢bntrol points. With the stress
majorization algorithm we have computdd =(c+1)log, N control points (see
Section 3.2.2). Let the firf rows of matrix A correspond to the control poiatsin
other words, let point®; (L£i£ D) represent the control points, and M
(L£1 £D) be the corresponding actual control points’ cowmtés computed by the
stress majorization algorithm so that=W,; (L£i £ D). The constraintsA'x =B’
incorporate the latter into the system in Eq. §8atrix A' is aD ~ N matrix in which
each row represents a particular control point.efement of matrixA' is defined by
Eqg. (7).B' is a vector of lengt and contains the actual coordinates,We.
A= 1i=] B'=W. 7

"1 0 otherwise ' ' 0

The system in Eg. (5) can be decomposed into twtesys, one for each dimension
of X, as shown in Eq. (8). This gives us a more typscainario in whiclx, y, by, by,
b’ , and b'y are vectors of numbers rather than vectors oftpoin

Ay b

_ XTI N ‘ AN'N byIN
AI XIN - U
D'N

AID:N yIN - bl

Y1 D

(8)

We solve each of the two typical systems in Eq.b§8employing LSQR developed
by Paige and Saunders (1982) [10] as it is freedilable, suitable for our needs, and
extremely fast and robust. The solution computedd B@R is the set of planar points
corresponding to the high-dimensional feature wsct@ll that is left to do is to
visualize them with our 2-D rendering engine. Tiserucan the use either the sniper
tool or the context tool to get a better notionwdiat is “going on” in a particular part
of the semantic space. The use of the contextigatistrated in Figure 5.

3.3 Assessing a Semantic Space

A semantic space, as already explained, is a higlerisional feature space in which
the similarity between two instances (i.e. feattgetors) can be computed. OntoSight
visualizes a semantic space by projecting the Higiensional vectors onto a 2-D

canvas. It is important that the user knows hovwréad” the visualizations to get a

notion of the semantics represented by the space.

In OntoSight, the user can create several diffesarhantic spaces by assigning
different weights to different types of data in tberresponding document network
(see [1] for more details). Each semantic spaceesemts a different view on the
domain. The ontology learning process yields aed#fit ontology for each of the
semantic spaces (even within the same domain).
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For the user it is not practical to try severaltings (i.e. several different sets of
weights) as this is a time-consuming process whisb requires a spot of luck. The
idea is to rather verify the setting before plumginto the ontology construction
process. The setting can be verified by examining $emantic space (through
visualization) and assessing the following two djoes:

1. Do instances that should belong to the same cotieeflbse together?
2. Do “clouds” (i.e. dense groups) of instances thaiuéd belong to the same
super-concept lie close together?

If the answer to both questions is “yes” then th#isg makes sense and a suitable
ontology should be relatively easy to construct ansemi-automated manner.
OntoGen, for instance, is expected to provide gesdmmendations in such case. On
the other hand, if the answer is “no”, the guidapcevided by the computer is not
expected to be very useful. The user will needoimpensate this with a lot of manual
work.

The first evaluated weight setting should be suwdt it only contains the most
prospective type of data (intuitively). The useousld then gradually add other types
of data (always taking the next most prospective)pweighting them so that they
improve the semantics of the space rather tharupoiit. This unfortunately still
requires some experimenting, experience, and iotuit

Figure 5: The visualization of a semantic space and theofisiee context tool for exploring the space.
The green criss-crosses are the instances; thedape reflects the density of instances in a pdatic
region of the space. A dense “cloud” of instancestriikely represents a semantic concept.
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In conclusion, the visualization of a semantic gphelps the user determine whether
the weight setting, used to create the semanticesps prospective with respect to the
task in mind. If the semantic space does not laoknising, the user should readjust
the weights, visualize the new semantic space,aaséss its suitability again. This
process should be repeated until the user is abtentify concepts and structure that
make sense.

3.4 Next Steps in the Development of OntoSight

The development of OntoSight is still in progre¥ge plan to extend the user
interface with convenience tools such as zooming-nooming-out, moving
vertices/instances, and searching through veriitegtworks and through instances
in semantic spaces.

Furthermore, we plan to incorporate a hierarchidaktering algorithm that will
automatically induce a taxonomy with respect to atipular semantic space.
OntoSight will visualize the taxonomy for the useexplore it.

4 Progress on Case Studies

In the second project year a substantial progress wade on the case studies, esp.
the Dassault case study and the VideolLectures stagly. The latter is a newly
introduced case study which emerged from the aateald of the VideolLectures
team.

The Dassault and VideolLectures case studies aceisied in Sections 4.3 and 4.2,
respectively. The GATE case study, on the otherdhavas already discussed in
D2.2.1 [1]. Although LATINO was employed in these case studi@e used the
LATINO Web service in the GATE case study and theerlying LATINO software
library in the other two case studies), OntoSighs mot yet been used to tune the
parameters. This is the main reason why the fesllts are not yet available; we plan
to do the proper tuning of the experimental se#tingthe course of the evaluation
task resulting in D2.3.

4.2 VideolLectures Case Study

The VideoLectures case study was introduced to TA@e second project year. It
emerged from the actual need of the VideolLectueasntto categorize new video
lectures into an existing taxonomy.

Let us first clarify how this task falls into TAO P2 which is about ontology
learning. We see the overall ontology learning pescas the pipeline of the following
four steps:

1.) Concept and hierarchy identification.
2.) Relation induction.

3.) Populating concepts with instances.
4.) Axiom induction.
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The problem that needs to be solved in the Videtlres case study is in fact the
third step in the ontology learning process whéee doncepts are the categories and
the instances are the (new) video lectures that teebe categorized.

VideoLectureslfttp://videolectures.ngts a Web-based service that provides free and
open access of high quality video lectures presebte distinguished scholars and
scientists at the most important and prominent &svdike conferences, summer
schools, workshops, and science promotional events many fields of science. The
portal is aimed at promoting science, exchangirepsd and fostering knowledge
sharing by providing high quality didactic contentst only to a scientific community
but also to a general public. All lectures, acconyirag documents, information, and
links are systematically selected and classifiedufh the editorial process taking
into account also users’ comments.

VideoLectures’ database is growing fast. In Juné72there were 92 events, 1,266
authors, 1,454 lectures, and 2,247 videos; in Déeer8007 there were 122 events,
1,866 authors, 2,153 lectures, and 3,117 videakistime (February 2008) there are
144 events, 2,290 authors, 2,664 lectures, and/ 3jid@os. This means that there are
roughly 200 videos added each month and the needtegorize them in a semi-
automated fashion is more than obvious. The Videtlres taxonomy consists of
roughly 200 categories (Architecture, Businesss AlBiology, Chemistry, Computers,
etc.) and is still growing.

For the experiments, we were given the set of festsome of them were already
manually categorized, many were not yet categoyiZédch lecture is described with
its title and the name of the author; roughly hadlfthe lectures have an abstract as
well. We were also given the taxonomy which is dyma tree of categories (a
category is described with one single textual giri.g. “Arts”) interconnected with
the subsumption relation (i.e. “is-a”, e.g. DatanMg is-a Computer Science).

We decided to exclude the non-English lectures ftben study. Note also that the
ratio between the lectures without an abstract tedlectures with an abstract is
approximately half-half because this is an impdrfact for the interpretation of the
preliminary results.

In the preliminary setting we first grounded thdegmries with the documents from

the Web by querying the Google search engine, doeiryg the name of the category
being grounded (the topmost left-to-right arrowHigure 6). Once all the categories
were grounded, we trained a classifier, classesgbthie categories, and instances
being the TF-IDF vectors of the documents with whilse categories were grounded
(denoted with “Tr” in Figure 6). We then classifiéide lectures that were already
categorized manually (denoted with “CI” in Figure ®his enabled us to measure the
classification (i.e. categorization) accuracy.

The output of the classifier is in fact a sortest bf potential categories rather than
just one predicted category. The list is sortedbatiog to the scores assigned to the
categories by the classifier. It can be seen ast @fl suggestions for the editor that
needs to categorize a new lecture. We measuregetfventage of cases in which the

5 Taken fromhttp://videolectures.net/site/about/
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correct category was in the top 1, 2, 3, 5, andebtd@mmendations in the sorted list
(termed “Accuracy TORN" in Table 1).

Figure 6: The architecture of the preliminary VideoLectuoasegorizer.

We varied the search engine (either the standardgléosearch engine or the
Google’s definition searching capabilities the classifier (either the centroid
classifier or thé&-NN classifief), and whether to put the search term (i.e. thegeay

name) into quotes when querying the search enginenat. The results are
summarized irmable 1

Table 1: The preliminary categorization results.

® In the case of the Google search engine, we ceridthe titles and snippets of the first 30 search
results. In the case of the Google definitions,omasidered all the definitions returned by the clear
engine.

" Please see [11] for more details on these twaitlass. In the case ¢NN, k was set dynamically to
include all the neighbours that yield the cosimrilsirity to the instance in question of at lea$if0.
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From these results we can conclude that it is teesse the centroid classifier — not
only is it more accurate, it is also faster — wifib standard Google search engine. The
queries should be passed to the search engineuwithuting them into quotes. The
accuracy is around 44 % on top 1 and climbs ovelb@lready on top 2 (i.e.
considering the first two recommendations). Theseilts are good because only half
of the lectures being categorized in this experinii@tve abstracts. The other lectures
are being categorized with respect to their titEdlene which is insufficient
information for an accurate categorization. Eventke accuracy climbs up to 70 %
on the top 10 recommended categories, which isgrézed as a very good result by
the VideolLectures team.

As part of the future activities on this case stugyplan to incorporate the structured
data that is available in addition to the unstreedutextual data. The fact is that
almost every lecture belongs to an event (suchpastecular conference or a meeting)
and so we could establish links between lecturas ltelong to the same event. In
addition we could exploit the “people who watchdustlecture also watched-"

relationships that are available in the contextthed VideolLectures’ collaborative

filtering module.

We also plan to incorporate abstracts from the rabyclassified lectures instead / in
addition to the search engine results when grogndne taxonomy. We are also
considering of trying out an SVivbased classifier instead of the simple ones trat a
currently employed. In the end we plan to develdficieoLectures plug-in which will
aid the editor in the categorization task.

4.3 Dassault Case Study

In terms of transitioning applications to ontolagie relational database is often a
very important if not the main corporate assetéaransitioned. Ideally, a relational
database would describe all the relations betwéentdbles in the corresponding
schema. In the real world, however, these relatamesoften implicit and taken into
account yet at the application level. For example, application would store the
user’s input into two different tables yet the esponding database schema would
not reveal the fact that the first table is acta#iferencing the other. It would be
possible to detect the reference yet when expldheglata and discovering (in one of
the two tables) the column that serves as an instexthe other table. These kind of
implicit relations are called inclusion dependesci¢hey play a crucial role in
information integration.

In the Dassault case study the task of the TAO auktlogy is to transition a (legacy)
relational database into an ontology. For this paegpthey have developed a tool
called RDBToOnto [13]. To ensure that the targetolmgy will capture all the
relational aspects of the source data, the inatudiependencies between the tables
should be made explicit either manually or (semitdaatically. RDBToOnto
converts inclusion dependencies into object prager(i.e. relations between
concepts) in the final ontology. At present, themart for inclusion dependency

8 SVM stands for Support Vector Machine; it is atestaf-the-art classification technique. See
http://en.wikipedia.org/wiki/Support_vector mactsrier more details.
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detection is manual — a specific editor can be usedefine the dependencies as
shown in the mock-up in Figure 7.

Figure 7. Defining inclusion dependencies manually in RDBo (a mock-up).

We believe that LATINO and OntoGen can be employedidentify inclusion
dependencies in a semi-automated fashion. The \dised inclusion dependencies
can then be refined in an editor (if needed) akériainto account in addition to the
database schema when constructing the final ontolog

For the experiments, we were given a subset oD#ssault database. For the first cut
we decided to ignore the non-textual and emptyrook! Following the TAO WP2
methodology (see Section 1), we decided to treet ealumn as an instance, and to
form a document by simply concatenating all theugalin the corresponding column.
We decided to interlink the instances with thedwling relations:

Cosine similarity between documents. This is anals choice in a LATINO
setting whenever textual documents are attachatstances.

Similarity between sets of values. We interprebluimn as being the set of its
values (i.e. entries). It is then possible to corap@avo sets of values and
consequently establish a relation between the temesponding columns.
There are several set similarity measures at h@hel.employ the Jaccard
measure (defined by Eq. (9)) and an alternativesomea(Eq. (10)) which we
defined intuitively for our purpose.

sim(A,B) =|ACB|/| AE B| 9)

sim'(A,B) =| AC B|/min{| A[,| B} (10)
Normalized edit distance between column names. tAfpam exploring the
data to draw similarities between columns, we atsmpare the column

names. We employ the normalized edit distance ga.the normalized
Levenshtein distance) [12] for this purpose. Theition behind this is that
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the columns that have similar names, although bigirdifferent tables, might
contain redundant information.

Figure 8 shows the column-column similarities adowy to the cosine similarity
measure between the documents assigned to instéreesolumns). On the right-
hand side, two columns, namelyask_Id.TID_task_owner and task_ingre -
dients_consumable.ING_nato_vendor_code , are shown in detail. We can see that
the entries “F6117” and “198” are present in battumns. The cosine similarity is
consequently very high (0.99). This alerts us &pétt these two tables for inclusion
dependencies.

Figure 8 The column-column similarities according to thusioe similarity.

We hypothesize that a linear combination of theilanity measures would be the
most successful measure (among the listed measdioesdetecting inclusion
dependencies if the weights in the linear combamatire set properly. This is where
OntoSight (see Section 3) could play its role bet decided to develop a dedicated
GUI® for this particular problem as running OntoSigtatuld be overkill.

The next step is therefore to develop a GUI théitemable the user to set the weights
in the linear combination by moving the sliderseTdolumn-column pairs will be re-
ranked each time the user moves a slider. Oncesiedetermines a suitable position
of the sliders (i.e. a suitable linear combinatj®ych setting has a good potential of
being successful on other databases as well. Reatgat, however, may be needed
according to how the database was designed andaired.

° GUI stands for Graphical User Interface and igmetof interface which allows people to interact
with a computer. Selettp://en.wikipedia.org/wiki/Graphical_user_intezéfor more information.
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5 Future Work

In the third project year, the emphasis will betbe evaluation of the TAO WP2
methodology. We will try to prove that TAO WP2 medlology is superior to the

traditional text mining techniques. The evaluatwati be performed in the context of
the case studies where golden standards (i.e. riyamuavided solutions) exist. In

the GATE case study, a golden standard ontologwaslable; in the VideoLectures
case study, manually classified lectures are dailain the Dassault case study,
manually defined inclusion dependencies are availaWith a golden standard
available, we will try to show that the TAO WP2 imedlology is able to re-create the
golden standard more accurately than the traditi@xa mining techniques.

In addition to the evaluation, we will continue tllevelopment of the software
prototypes, namely LATINO, OntoGen, and OntoSigNE plan to extend LATINO
with several ontology learning algorithms currergiyployed in OntoGen. OntoGen
is to be extended with relation learning capabiitiOntoSight will be improved in
terms of its user interface, as well as in termgfunctionality and speed. We plan
to extend the user interface with convenience teoth as zooming-in, zooming-out,
moving vertices/instances, and searching througiworgs and semantic spaces.
Furthermore, we plan to incorporate a hierarchidaktering algorithm that will
automatically induce a taxonomy with respect to atipular semantic space.
OntoSight will visualize the taxonomy for the useexplore it.

In the context of the VideoLectures case studypla® to make use of the structured
data that is available in addition to the unstriedutextual data. There are two kinds
of structured data available. Firstly, lecturesiaterlinked if they belong to the same
event and, secondly, if they were watched by thmesperson. We also plan to
develop a VideoLectures plug-in which will aid theitor in the categorization task.

Regarding the Dassault case study, the next stepdevelop a dedicated GUI that
will help the user detect inclusion dependenciea ohatabase. As already explained,
we believe that a linear combination of severahdase column similarity measures
would be a successful inclusion dependency predidioe GUI will enable the user
to determine (through interaction) a suitable Imeambination for the database at
hand.

Last but not least, a substantial effort will bevdsted into open-sourcing the
developed software prototypes.
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Appendix A: LATINO Reference Manual (Updated)

LATINO (Link-analysis and text-mining toolbox) is r@ference implementation of
the ontology-learning techniques presented in M. In this document we provide
the reference manual of the LATINO Web-servicerifiaige.

LATINO is partly based on Text Garden [14] and |yadeveloped from scratch in
.NET. It is expected to change and grow in the sewf TAO thus this reference
manual will be constantly updated. This implemeaaotatprovides functions for
working with the intermediate data layer, functiofier basic graph/network
operations, functions for generating feature vest@nd functions for generating
OntoGen [15] and Pajek [16] input files. In thiscdment we describe each of the
available functions in terms of its purpose, paramrse and return value.

1. Intermediate data layer management

int CreateNewDocumentNetworK)
Creates a new document network (i.e. intermediata layer)

Parameters:
None.

Return value:
non-negative integer: The id of the newly createdutinent network.

1.1 Working with instances

int AddInstance(int docNetld, string name, string docTxt)
Adds a new instance into the intermediate datarlaye

Parameters:
docNetld: The document network.
name: The name of the new instance.
docTxt: The textual document associated with the imstance.

Return value:
non-negative integer: The id of the newly addedthinse.
—1: The specified document network cannot be found.
—2: Invalid parameter value (name is null or docisxtull).
—3: The instance with the same name already exists.

int Getlnstanceld(int docNetld, string name)
Returns the id of the instance specified by theeaam

Parameters:
docNetld: The document network.
name: The name of the instance.

Return value:
non-negative integer: The instance id.
—1: The specified document network does not exist.
—2: Invalid parameter value (name is null).
—3: The instance does not exist.
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int GetInstanceCountint docNetld)
Returns the number of instances currently in therinediate data layer. Togeth
with GetinstanceNamethis function can be used to traverse the listngtances
Note that the index of an instance in the list esponds to the id of that instance.

er

Parameters:
docNetld: The document network.

Return value:
non-negative integer: The number of instances aotlyren the intermediats
data layer.

—1: The specified document network does not exist.

int SetDocumentTex(int DocNetld, int instld, string docTxt)

Assigns a textual document to the specified inganc

Parameters:
docNetld: The document network.
instld: The id of the target instance. This id dam obtained by callin
Getlnstanceld.
docTxt: The textual document to append to the it#ta

L

Return value:
0: Success.
—1: The specified document network does not exist.
—2: Invalid parameter value (docTxt is null)
—3: The instance does not exist.

string GetDocumentTex{int docNetld, int instld)

Returns the textual document belonging to the $ipédinstance.

Parameters:
docNetld: The document network.
instid: The id of the instance. This id can be ot#d by calling
Getlnstanceld.

Return value:
non-null: The document assigned to the specifisthimce.
null: An error occurred (call GetLastExceptionCode to get more
information).

string GetinstanceNaméint docNetld, int instld)

Returns the name of the specified instance.

Parameters:
docNetld: The document network.
instild: The id of the instance. This id can be olg#d by calling
Getlnstanceld.

Return value:
non-null: The name of the instance.
null: An error occurred (call GetLastExceptionCode to get more

information).
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1.2 Working with relations

In Sections 3.2.1-3.2.4 of D2.2.1 [1] we presensederal graphs of structural
information. These graphs were all extracted frammgame data source. In LATINO,
such set of graphs is represented with one singlphgthat has semantic meanings
assigned to its arcs (or edges). These semantigingsaare called “relations”.

int RegisterRelationint docNetld, string hame)
Registers a new relation with the specified name.

Parameters:
docNetld: The document network.
name: The name of the relation.

Return value:
positive integer: The relation was added — thernetd value is the relation id
—1: The specified document network does not exist.
—2: Invalid parameter value (name is null or thiatren with the same nane
already exists).

int GetRelationld(int docNetld, string name)
Returns the identifier of the specified relation.

Parameters:
docNetld: The document network.
name: The name of the relation.

Return value:
positive integer: The relation identifier.
—1: The specified document network does not exist.
—2: Invalid parameter value (name is null)
—3: The relation does not exist.

int GetRelationCount(int docNetld)
Returns the number of currently registered relation

Parameters:
docNetld: The document network.

Return value:
non-negative integer: The number of registeredioaia.
—1: The specified document network does not exist.

string GetRelationNamgint docNetld, int relld)
Returns the name of the specified relation.

Parameters:
docNetld: The document network.
relld: The identifier of the relation.

Return value:
non-null: The name of the relation.
null: An error occurred (call GetLastExceptionCode to get more
information).
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1.3 Working with arcs

int AddArc (int docNetld, int relld, int instld1, int instid2louble weight)
Adds a new arc to which the specified relationssigned, between the two specified
instances, and with the specified weight.

Parameters:
docNetld: The document network.
relld: The relation assigned to the arc.
instld1: The identifier of the source instance.
instld2: The identifier of the target instance.
weight: The weight assigned to the arc.

Return value:
0: The arc was added successfully.
1: The arc already existed. The specified weight wdded to the weight ¢f
the existing arc.
—1: The specified document network does not exist.
—2: Either the relation or (one of) the two instesidoes/do not exist.
—3: Invalid parameter value (weight is less thaeaqual to 0).

int IsArc (int docNetld, int relld, int instld1, int instld2)
Checks if the specified arc exists.

Parameters:
docNetld: The document network.
relld: The relation assigned to the arc.
instld1: The identifier of the source instance.
instld2: The identifier of the target instance.

Return value:
0: The arc exists.
—1: The specified document network does not exist.
—2: The arc does not exist.

int SetArcWeight(int docNetld, int relld, int instld1, int instid2ouble weight)
Assigns a new weight to the specified arc.

Parameters:
docNetld: The document network.
relld: The relation assigned to the arc.
instld1: The identifier of the source instance.
instld2: The identifier of the target instance.
weight: The weight to be assigned to the specéied

Return value:
0: The weight was updated successfully.
—1: The specified document network does not exist.
—2: The specified arc does not exist.
—3: Invalid parameter value (weight is less thaeaqual to 0).

doubleGetArcWeight(int docNetld, int relld, int instld1, int instld2)
Returns the weight associated with the specified ar

Parameters:
docNetld: The document network.
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relld: The relation assigned to the arc.
instld1: The identifier of the source instance.
instld2: The identifier of the target instance.

Return value:
valid double: The weight associated with the spediarc.
NaN: An error occurred (callGetLastExceptionCode to get more
information).

2. Algorithms

int ConvertArcsToEdgegint docNetld, int relld)

Converts the arcs, defined by the relation, intgesd If two vertices are linked both
ways (i.e. with two arcs), the corresponding wesgdate summed to get the weight| of
the edge between the two vertices.

Parameters:
docNetld: The document network.
relld: The id of the relation defining the arcsb® converted to edges.

Return value:
0: The arcs were successfully converted to edges.
—1: The specified document network does not exist.
—2: The specified relation does not exist.

int MergeRelationgint docNetld, int[] rellds, string newRelName)

Merges several relations, specified by the seelaftions ids, into a new relation. The
weights of the overlapping arcs are summed tolgeweight of the new arc.

Parameters:
docNetld: The document network.
rellds: The set of relations. These relations aeeged into a new relation.
newRelName: The name of the new relation.

Return value:
non-negative integer: The relations were succdgsfuerged. The returne
value is the ID of the newly added relation.
—1: The specified document network does not exist.
—2: The specified set of relations is either nalempty.
—3: One or more of the specified relations doesidbexist in the specifie
network.
—4: Invalid parameter value (newRelName is nullhar relation with the same
name already exists). W

o

=N

int AddDocSimRelationgint docNetld, double thresh, string docSimRelName)

Adds arcs reflecting cosine similarities betweendttached documents.

Parameters:
docNetld: The document network.
thresh: The cosine similarity threshold. If the inessimilarity between two
vertices (their attached documents, to be predcsséglow the threshold, the
document-similarity arc is not established betwinentwo vertices. Otherwise
a document-similarity arc is established and asslgm weight which is equal
to the cosine similarity between the two correspogdocuments.
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docSimRelName: The name of the newly added docusiamlarity relation.

Return value:
non-negative integer: Document-similarity relatienccessfully added. Th
returned value is the ID of the newly added refatio
—1: The specified document network does not exist.

—2: docSimRelName is null or the relation with #ane name already exists.

—3: The threshold parameter is out of range. Ilukhbe greater than or equ
to 0.

3. Dynamic objects

int DeleteObjec{int objectid)
Deletes the specified dynamic object.

Parameters:
objectld: The identifier of the object.

Return value:
0: The object was deleted.
—1: The object was not found.

int DeleteAllObjecty)
Deletes all objects belonging to the session.

Parameters:
None.

Return value:

al

0: The objects were deleted.

3.1 Sparse matrix

int GetNumNonEmptySparseMatrixRowgint sparseMatrixId)
Returns the number of non-empty rows in the spausix.

Parameters:
sparseMatrixld: The identifier of the matrix.

Return value:
non-negative integer: The number of non-empty rowtie sparse matrix.
—1: The sparse matrix was not found.

int GetSparseMatrixRowIndex(int sparseMatrixld, int nonEmptyRowSegNum)
Returns the index of the sparse matrix row whichspecified by the sequenti
number.

Parameters:
sparseMatrixld: The identifier of the matrix.
nonEmptyRowSeqNum: The sequential number of theampty row.

Return value:
non-negative integer: The index of the sparse mativ which is specified by
the sequential number.

—1: The sparse matrix was not found.

—2: The sequential number is out of bounds.
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int GetSparseMatrixRow(int sparseMatrixld, int rowldx)

Returns the identifier of the returned sparse veetthe sparse vector represents
specified sparse matrix row.

Parameters:
sparseMatrixld: The identifier of the matrix.
rowldx: The index of the matrix row.

Return value:
non-negative integer: The identifier of the retwrrsparse vector — the spa
vector represents the specified sparse matrix row.
—1: The sparse matrix was not found.
—2: The specified sparse matrix row is empty,dansists of zeros.

3.2 Sparse vector

int GetNumNonZeroSparseVectorElementgnt sparseVectorld)

Returns the number of non-zero elements in thesspaector.

the

se

Parameters:
sparseVectorld: The identifier of the sparse vector

Return value:
non-negative integer: The number of non-zero elémienthe specified spars
vector.

—1: The sparse vector was not found.

1

int GetSparseVectorElementindexint sparseVectorld
int nonZeroElementSegNum)

Returns the index of the element specified by #gential number.

Parameters:
sparseVectorld: The identifier of the sparse vector

Return value:
non-negative integer: The index of the element ifipelcby the sequentig
number.

—1: The sparse vector was not found.
—2: The sequential number is out of bounds.

doubleGetSparseVectorElementint sparseVectorld, int idx)

Returns the specified sparse vector value.

Parameters:
sparseVectorld: The identifier of the sparse vector
idx: The index of the element to retrieve.

Return value:
valid double: The requested sparse vector value.
NaN: An error occurred (callGetLastExceptionCode to get more
information).

int GetSparseVectorLastNonZeroElementindegint sparseVectorld)
Returns the index of the last non-zero elementénsparse vector.

Parameters:
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sparseVectorld: The identifier of the sparse vector

Return value:
non-negative integer: The index of the last norezelement in the spars
vector.
—1: The sparse vector was not found.

b

—2: The specified sparse vector is empty.

4. Input and output

int WriteDocNetFile(int docNetld, string fileName)

Saves the specified document network in the LATIDN@ary format.

Parameters:
docNetld: The document network.
fileName: The name of the binary file. The extensi®ocNet is adde
automatically.

Return value:
0: The file was created successfully.
—1: The specified document network does not exist.

—2: The file name contains characters that aratotved. Only A-Z, a-z, O+

9, and _ are allowed.

int WritePajekFile (int docNetld, int relld, string fileName)
Saves the specified relation in the Pajek .Net &drm

Parameters:
docNetld: The document network.
relld: The id of the relation to write to a .Ndef
fileName: The name of the binary file. The extensidNet is addec
automatically.

)

Return value:
0: The file was created successfully.
—1: The specified document network does not exist.
—2: The specified relation does not exist in thecded network.
—3: The file name contains characters that aralaved. Only A—Z, a—z, O
9, and _ are allowed.

int WriteOntoGenFiles(int docNetld, int[] rellds, string fileName)
Converts the network’s structural information, dped as a set of relations, in
feature vectors and saves them into OntoGen bagpods files. LATINO performs
the following steps for each relation in rellds:
a.) converts arcs to edges (only if this was not alyedmhe with
ConvertArcsToEdges,
b.) normalizes the outlink weights at each vertex sd they sum up to 1 and
multiplies them by the square root of the corresjpog relation weight.
It can be shown that when OntoGen computes th@easmilarity between two suq
feature vectors, it is as if OntoGen would firstnpute the cosine similarity for ea
relation separately and then compute the final lanty as the average of the
similarities.

(0]

12 B
® 5=

Parameters:
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docNetld: The document network.
rellds: The set of relations. These relations aken into account fg
computing feature vectors.

fleName: The name of the OntoGen files. The extarss.Bow and .BowW
are added automatically.

=

Return value:
0: The file was created successfully.
—1: The specified document network does not exist.
—2: The specified set of relations is either nalempty.
—3: One or more of the specified relations doesidbexist in the specifie
network.
—4: The file name contains characters that arahoved. Only A-Z, a-z, 0]
9, and _ are allowed.

=

5. Debugging

A LATINO function that returns an integer valuepogts that something went wrong
by returning a negative integer value. If the neéa value is —100, this means that an
exception occurred (i.e. something that we do rawtdhe explicitly went wrong). In
such case, the user should caéitLastExceptionto get the corresponding exception
message. Furthermore, a LATINO function that retuandouble or a string value,
reports an error by returning NaN (i.e. not-a-nurhloe null, respectively. The user
should invokeGetLastExceptionCodeto get more information about the error.

string GetLastException()

Returns the exception that occurred while invokthg last function. If the last
function did not throw an exceptio@etLastExceptionreturns null.

Parameters:
None.

Return value:
non-null: The exception that occurred while invakihe last function.
null: The last function did not throw an exception.

int GetLastExceptionCod€)

Returns the code of the exception that occurredewhvoking the last function. If the
last function did not throw an exceptidgaetLastExceptionCodereturns 0.

Parameters:
None.

Return value:
0: The last function did not throw an exception.
—100: A non-LATINO exception occurred. Invok&getLastException to get
the corresponding message.
—101: The specified object was not found or isafdhe expected type.
—102: The specified instance was not found.
—103: The specified relation was not found.
—104: The specified arc was not found.
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