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Abstract In this framework, the development of open systems able
to acquire knowledge from different sources while support-
The growing success of Grid technologies inside scien-iNg its sharing inside a large community is a needed task.
tific communities has produced an increasing need for the Such infrastructures, as defined in [4], should consist of
development of tools and methodologies able to supportthrée conceptual layersiata layer, information layeand
knowledge sharing and handling among people, built upon knowledge layerSpecifically, the thqu of thes_e layers con-
the Grid. This "semantic” infrastructure is becoming to be Cerns the task of knowledge acquisition, retrieval, use, pub-
referred asSemantic Gridin this paper we propose an orig-  ishing and maintenance.
inal approach to the development of a system for the cre- The aim of our work is to fulfill some of the require-
ation of theKnowledge Layerof the Semantic Grid, that ments needed for the development of kmeowledge layer
is, the layer which carries the informative content that the of the aforementioned system, assuming that the data inside
community shares. Using well-assessed Natural Languagethe grid consist in a collection of unstructured natural lan-
Processing and Machine Learning methodologies and tech-guage documentg¢rpug concerning a domain of interest
niques, our goal is to acquire and organize in an ontology (for instance science, finance, news). Using well assessed
the information stored in the Grid, where this information is Natural Language Processing (NLP) and Machine Learning
supposed to be represented in unstructured documents. Ou(ML) techniques and methodologies, our subsystem will fo-
intent is to extract and shape knowledgesiyntactic pat-  cus on the following specific processes, in the implementa-
ternsand organize them into a hierarchy o¢lational con-  tion perspective of a complete Semantic Grid tool:
cepts whose goal is to improve the process of knowledge

. ) Knowledge acquisition The first task that the sys-
retrieval and maintenance.

tem could carry out is recognizing the information in-
side the data grid, and structure this information into a
sharable knowledge, through a careful step of corpus anal-
ysis. As we assume unstructured documents, the goal
1. Introduction is thus to process the corpus looking for domain spe-
cific ontological resources. We try to address this prob-
The growing interest on developing Grid [5] technolo- lem from an Information Extraction (IE) perspective ([9]),
gies has produced a fairly large number of applications but, at the same time, trying to overcome the specific lim-
and tools, enabling the creation of well defined comput- itations that emerge from the application of a generic IE
ing infrastructures. Recently, more attention has turned tosystem in a knowledge acquisition task. IE tools, in fact, of-
the possibility of implementing systems able to exploit the ten assume that the type of information to be extracted
Grid networks in order to allow the diffusion and sharing from the corpus is narrow and known in advance, shaped
of knowledge among different people and groups . Beis by a useitemplate In our case, by contrast, we need to ex-
manticinfrastructure, called Semantic Grid [3], built over tract all the domain useful information held in the domain
the Grid computational layer, has gained more and more in-corpus (i.e. extraction is not driven by a specific informa-
terest in the scientific community, where an efficient and tion need). In such a perspective, the acquisition phase must
widespread knowledge and data sharing is a primary goal.totally and solely rely on the corpus itself, and the com-
As defined in [3], the information carried by the Seman- mon IE techniques must therefore be enhanced with other
tic Grid can be thus intended as "data equipped with mean-methodologies: using a terminological approach to IE, our
ing” and much more. expectation is that relevant information for the specific do-



main could emerge from the corpus processing. In our

g . . normalised form relational conc.
approach this information takes the form syintactic pat- — — -
terns(or formg, that is, functional relations among impor- (?;?lj)"egr?tti% nr?;)q\(l)vig ((((jj'irr%%.’z(?]rtﬁeg‘;) 12
tant concepts for the specific domain (i.e., verb phrases, (sub'Jéntit }rlw) I(J)se (dirob'J' ercgme) 6-1
that is verbs with all their arguments). For instance, in J,entity. \lIrob),p

(subj,share) fall (dirobj,percemte) 6-1

am astronautical domain, a relevant relation could be
launch(organizationNE,entityNE,dateNE) ,
which indicates the launch by an organization of an en-
tity in a certain date. Aorm is thus, for the sake of clar-
ity, a normalized form of knowledge, which emerges
form the generalization of differerliinguistic formsmet

in the corpus and that share the same syntactic strucqg, ontological class.
ture (e.g.”"NASA will launch the Discovery in July 2005”
and "Tuesday 2nd of March 2004 ESA has launched Ar- 1 4e| can be easily updated with novel information, sup-
lane 5G7). At the end of the acquisition phase infor- ing system scalability. In our framework, in facts, the
mation could be extracted and made accessible to Otherinsertion of new knowledge, in the form of new docu-
components of the Grid, turning therefore into knowl- ments, can be easily performed repeating the abovemen-
edge. tioned acquisition and modelling phase. Moreover, since

Knowledge modelling and retrievaDnce the knowl- the ontological classes .don’t change over the updating pro-
edge has been acquired from the data grid, it must be orga£€sS, the model remains coherent and congruent to the
nized and modelled, in order to be used efficiently. The pre- Original knowledge organization.
vious acquisition step, in facts, returns a collection of se-
mantically unordered forms representing the domain o Knowledge acquisition through a termi-
knowledge. The modelling step is needed to engineer that nologial approach
knowledge in a semantically coherent hierarchical struc-
ture, that is, arontology For instance, in an astronautical
domain it could be useful to gather under the same categoryth
all the forms concerningatellites positioningforms like
launch(organizationNE,entityNE,dateNE)
and orbit(entityNE,placeNE ). From this point of
view the ontology enriches the semantic content of the ex-
tracted information, and, more significantly, normalise

the knowledge in a sharable form agreed by the commu- : o .
For this purpose, it is necessary to implement an algo-

nity that accesses to t_he Grid. In this way the knowlec;lge rithm able to detecadmissible surface form@.e. linguis-
can be accessed consistently and unambiguously by differ-. ", . o X
tic "prototypes” written at a syntactic interpretation level)
ent agents (humans, systems, tools) that share the common : ; .
: . , to normalize them and to produce a ranking according
model. In our approach the ontology is built around a num- . ; . .
: . . . to their domain relevance (i.e. their frequency). Eacin-
ber of categoriesrélational concepts in which each form . ; . : . .
L ; . malised formobtained in the ranking constitutes a syntactic
extracted through the acquisition phase is classified, us- attern (see for an example Tab. 1)
ing ML techniques. At the end of this phase the corpus P P L

knowledge results organized and modelled in a clear se—]c Infthe foIIovc\jll?r? _secno.n (ISec. 2.1), tth(ta deljst':le sur- f
mantic framework. The aim of this ontological model is ace forms and their equivalence are stated and the size o

to allow an efficient procedure of knowledge retrieval. the_problem IS estl_matgd. on the_ other hand, an e_:ff|C|ent al-
One of the major problems in knowledge retrieval (as un- gorithm for the estimation of_the w_nportance function t_)ased
derlined in [4]) is, in fact, to select a specific needed on the frequency of the relations in the target corpus is pre-

knowledge inside the vast repository created during aC_sented in Sec. 2.2

quisition. Suppose, for instance, that a Grid user in an as-

tronautical domain is looking for information about the 2.1. Admissible surface forms:size of the problem
position of all the satellites: he could obtain his de-

sired bit of knowledge simply accessing the ontological A relationr = (rv, (rai,ras,...,ray)) (@s those seen
model at thesatellites positioningcategory, or question- in the aforesaid examples) may be represented in a num-
ing an automatic tool that translates his question as aber of different surface forms. Due to the fact that the cor-
relational concept request that gets identified in a particu- pus should suggest the important relations, we will only

Table 1. An excerpt of classified admissible forms
for a financial domain (relational concepts refers
to the hierarchy in Tab. 2)

Knowledge maintenanceThe proposed ontological

In order to acquire domain knowledge relying solely on
e source of this information (i.e. the corpus), one of the
more convenient ways is to analyse the corpus and to extract
syntactic patterns (linguistiormg. We expect that the lin-
guistic forms ofrelevantrelational concepts could regularly
emerge from a possibly domain independent corpus analy-
Sis process.



consider the realisation of in verbal phrases. The cor-
pus C s then seen as a collection of verb contexts=
(v, (a1, as,...a,)) wherev is the governing verb and each
argumenta; is a couple(g;, ¢;) representing its grammati-
cal roleg; (e.g. subject, object, pp(for), pp(to), etc.) and the
concepte; semantically governing it. A contexte C'is a
positive example of the target relatiore R if rv = v and
r partially covere, i.e. the arguments of should then ap-
pear in any order in the context

Given the domain corpu€ represented as a collection

where M C(v) is the maximum context size for the verb

in C'(v). It is worth noticing thatR(v)| values lie in a very
large range, due to the size dfv). In the next section we
concentrate on a measure of relevance (for the target do-
main) that allows to systematically reduce the size of the
space where pattern selection is applied for each verb

2.2. Estimating the relations importance

Given the corpusC, the space of the possible rela-

of verb contexts, the objective is to evaluate the relevancetions is huge. This inherent complexity is the result of tack-

of each possible relatiofv, (ra1, ras, ..., ra,)). The first
problem is to estimate how many different relations have
to be analysed. This may be obtained after partitioning the
corpusC' according to the verb governing the contexts. For
each verhy, a subset of the corpus is then defined as:

) = {(ar, ..., an)|(v an)) € C} (1)

Defining A (v) and Ax(v) respectively as the possible

C(’U ,(al,...

)

ling the argument order freedom that is neglected in [16].
In order to tackle with the problem, an informed explo-
ration strategy may be settled. This strategy can not take
advantage on the biasing given by the awareness of the fi-
nal information need that is typical of the IE pattern extrac-
tion algorithm. However, some observations may be use-
ful for the purpose:

lexicalised arguments and the possible syntactic arguments © the target of the analysis is to emphasize the more im-

of a relationr(v) € R(v):
) = {a|3(aq, ...
An(v) = {

Ap(v ap) € C(w) AN Jia; =a}  (2)

)

(s,object)|Fi.g; = sA
3((917 Cl)a ) (gna Cn)) € C(U)}

the setR(v) of the possible relation for the nameds the
following:

i=1...MC(v)

®)

R(v) R;(v) 4)

where R;(v) is the collection of all the possible combina-
tion without repetition ofi objects extracted from the set
A(v) = Ap(v) U Ax(v). The distinction between lexi-

portant relations arising from the domain corpus

¢ the frequency of a specific relation strictly depends on
the frequency of a more general relation

A very simple but effective domain relevance estimator
is represented by the frequency of the relation in the corpus.
Therefore, the above considerations may reduce the com-
plexity of the search algorithm if only promising relation
are explored, i.e. patterns whose generalisations are over a
frequency threshold.

The idea is then to drive the analysis using the pattern
generalisation that may be obtained projecting the patterns
on their "syntactic” counterpart. The projectiai{r) of the
relationr over the syntactic spaceis defined as follows:

calised and syntactic arguments is useful to take into ac- S(r) = (S(ray), ..., S(ram))
count the fact that some relations may have a recurrent argu- ) ) i .
ment whose surface concept is not recurrent. In these cased/here S(ra;) = ra; if ra; is @ "syntactic’ argument

a generalisation of the argument concept,dlgect, is re-
tained.

If R(v) is the set of all the relations for the investigated
verbwv, the domain importance of eackw) € R(v) should

(ra; € As(v)) or E(Tal) (84, 0bject) if ra; = (gi,¢;) is
a lexicalised argument¢; € A, (v)). The resulting search
spaceRy(v) = {S(r)|r € R(v)} is greatly smaller than
Ry (v) since|Ax(v)] >> |As(v)| = #preposition + 2.

be assessed. Therefore, at least the evaluation of the freThis search space can be used for the extraction of the

quency of the relatiom(v) over the corpug’(v) has to be
used.
Given the defined sets, the size of thév) set is, in the
worst case, the following:
)1

i=1...MC(v)
1 Notice that, in syntactically meaningful contexts, arguments may ap-
pear with multiplicity higher than 1, so that the factorial expression is
a useful approximation.

|A(v)|+i—1
)

[R(v)

Q)

more promising generalised relations. This suli@etcan

be used for narrowing the search space of the follow-
ing step. In fact, when the acceptance threshold is settled,
the resultant admissible relations are confined in the fol-
lowing set:

R(v) = {r[=(r) € Rx(v)} (6)

The overall domain importance estimation procedure
may take also advantage from the fact that the order of the
relation arguments may be fixed after the analysis of the
promising syntactic patterns. The final counting activity can



be thus performed with a simple sorting algorithm with the  For sake of clarity, before describing the lexical-
O(nlog(n)) complexity. In this case is directly related to ~ semantic model adopted (Sec. 3.2), we will examine the

the number of context samples in the corgi(). The pro- limitations of the general feature-value vector model when
cedure is sketched in the following: used over models for natural language (Sec. 3.1).
procedure SelectAndRankRelationB(v),C(v)) o .
begin 3.1. Limitations of Feature-Value Vector in NLP
SelectRx(v) = {r € R hits(r,C > K}, "
Set], :%.(v) {r p()lhits(r,C(v)) 2 K} Exploiting the feature-value vector model and the re-

lated learning algorithms in NLP may be a very cumber-
some problem mainly when the successful bag-of-word ab-
straction required [13] is abandoned for deeper language in-
terpretation models. The-priori independencamong fea-
tures, thdlatnessf the possible values, and the certainty of
the observations are not very well suited for syntactical and
semantic models. In fact, syntactical models would require
wherehits(r, C(v)) is the number of instances of the re- the definition of relations among features in order to rep-
lation r in C(v) e prj(C(v),r) is the projection of the resent either constituents or dependencies among words. A

for eachr € Rx(v)

L :=LUprj(C(v),r);
RankedR(v) := CountEquals(L);
return RankedR(v);

end

contexts inC(v) on the syntactic relation. The pro- semantic interpretation of the words (intended as their map-
cedureCountFEquals(L) using a standard sorting algo- ping in an is-a hierarchy such as WordNet [7]) would re-
rithm counts the repetition of each element/in Finally, quire the possibility of managing hierarchical value sets in
RankedR(v) is the set of couple§f,r) where f the fre- which the substitution of a more specific node with a more
quency of the relation € R(v) on the corpus. general one can be undertaken as generalisation step. Fi-

nally, the ambiguity of the linguistic interpretations (either
genuine or induced by the interpretation model) limits the
basic assumption of theertainty of the observationslue

to ambiguity, a given instance of a concept may be seen in
the syntactic or semantic space as set of alternative obser-
vations. The limits of the linguistic interpretation models in
selecting the best interpretation requires specific solutions
}o integrate theincertaintyin the feature-value vector.

3. Knowledge modelling and retieval us-
ing machine learning techniques

Once relational conceptdfofmg have been retrieved
from the corpus, this knowledge has to be organized in the
ontological model, in order to allow an efficient retrieval
procedure. We define this task as a classification process o
the forms extracted in a structured framework of domain ) ) n
classes. The definition of these classemngept formation ~ 3-2- I__eX|CaI—Semant|c model for forms classifica-
is left to domain experts and to a preceding phase of ontol- tion
ogy definition performed by the Grid users, agreeing upon
a common structure of the domain knowledge content. A The lexical-semantic model proposed for the classifica-
possible class hierarchy for a financial domain is reportedtion task includes as lexical feature all the verb arguments
in Tab. 2. of the forms appearing in the corpus.

The forms classification process is carried out us- 1he definition on semantic features is a more cumber-

ing ML techniques, applied to lexical and semantic infor- SOmMe problem. We propose here the notioserhantic fin-
mation related to the forms themselves. As ML model we 9€rprint we try here to investigate the possibility of inte-
use thefeature-value vectorThis model suggests an obser- grating some sort of "semantic” generalisation for verbs and
vation space in which dimensions represent features of the?ouns in the normalised forms. Verbs semantically govern
object we want to classify and dimension values are the val-the verbal phrases taken as forms admissible for the rela-
ues of the features as observed in the object. Each instanclonships and may give an important input to cluster pro-
object is then a point in the feature space, i.e. if the fea- fotype forms in classes. For instance, let us take the pat-

ture space i$Fy, ..., F},) an instancd is: terns in Tab. 1 anq suppose that the firsF three Iing§ have
already been met, i.e. these can be considered training ex-
I— 7 amples. The new instance could be assigned both to class

= (f1, fn) O

6-1 and to the class 1-2 as it has one common feature with
where eacly; is respectively the value of the featufefor all the considered known instances. The only possibility of
1. classifying the new instance in one of the two classes relies

In our framework, the classification information must be on some sort of generalisation: the verb seems to be a very
thus translated into featurdgXical-semantic modgl good candidate. According to WordNieise andfall have



two common ancestohangeandmove-displacewhile it verb argumentd/ S; x ... x V Sy, is the semantic fingerprint
does not happen fdall andjoin or fall andown The use  for the verbs, and, finallyy S; x ... x NS, is the semantic
of such kind of knowledge seems therefore to be helpful for fingerprint for the nouns. The baseline model, that itis in it-
the classification task as in [2, 6], where noun conceptual self a good model, is callgolain and it collects verbs and
hierarchies have been exploited using the definition of dis- the bag-of-word of the arguments (ilé.x Wy x ... x W,,).
tance measures among nodes.

The introduction of a conceptual hierarchy is somehow 4 Experimental analysis
in contrast with what has been above called fthtnessof
the feature values. If we want to use this information, these To C|arify the methodo|ogy proposed inthe previous sec-
hierarchies should be somehow reduced to a flatdét  tijons and to evaluate the performance of our system, we
where the problem of the inherent structure is simply for- analise in this section the performance of the knowledge
got. One possibility is choosing one level of generalisation modelling and retrieval task over a specific domain scenario
and reducing each element to this level. This is the one we(financial news). We then firstly prepared a relevant test set
adoptin our model for the exploitation of conceptual hierar- in order to clarify the final classification task. The man-
chies in the problem of detecting equivalent surface forms. ual taggmg procedure and the results are presented in Sec.
As we will see, this choice h8|pS to solve the issue of the 4.1. Then, we have experimented our Semantic-ﬁngerprint-
ambiguity of the sense assignment: verb and noun sensepased models using well-assessed machine learning algo-
should be determined in the domain defined by the text col- rithms gathered in Weka [15]. It is worth noticing that the
lection. The ambiguity should then be modelled in the im- ¢ross-algorithm validatiortan give hints on the relevance
ages of the pattern prototypes in the feature space. It is asind the stability of the chosen feature spaces and on the cor-

if we model uncertainty in the observations of concept in- rectness of the proposed model. The results of this investi-
stances. However, features can not have multiple values. Agation are reported in Sec. 4.2.

word w (a verb or a noun) will leave its fingerpriStF’ (w)
on the setSF that represents all the active senses with re-
spect to the chosen semantic interpretation catalctfde

The semantic fingerprint of word is: In the test set preparation, our aim has been to have two
different sources of information in order to cross check the
results of the experiment. Given a cataloguief relational
concepts, we have produced:

4.1. Test set preparation

SF(w) = {s € SF|s generalises’ ands’ € senses(w)}

(8)
wheresenses(w) are all the senses activated by the word
w in the considered semantic resource. It will be the task e classified formsa set of one-to-many associations be-
of the machine learning algorithm the selection of the sense tween the concepts ifi' and the linguistic normalised
(or the senses) more promising for representing the inves- forms
tigated relationship. The algorithm will therefore also work
as verb/noun sense disambiguator if the semantic informa-
tion and the way we use it demonstrates to be useful.

Integrating the semantic fingerprint in the feature vector
model is straightforward. Given a8y = {true, false} for
each element i5 ', the subpart of the feature space related ~ For the experiments, we used a corpus consisting of fi-
to the semantic fingerprint iS; x ... x S,, wheren is the nancial news, a text collection of around 12,000 news items

¢ classified sentencea set of one-to-many associations
between the concepts @ and sentences in the anal-
ysed corpus somehow related to the analysed linguis-
tic forms

cardinality of SF'. Each instance containing the wordv published from the Financial Times in the period Oct./Dec.
will have the feature value; = true if s; € SF(w) and 2000. As described in Sec. 2, we, firstly, runcarpus
s; = false otherwise. processing phasselecting around 44,000 forms appearing

With the semantic fingerprint abstraction we investi- more that 5 times. Secondly, in thencept formation phase
gated two “semantic” models against a “bag-of-word” adomain expertinspecting the top ranked forms defined 12
model. These are originated from the assumption thattarget relational concepts (see Tab. 2).
verbs play a relevant role in the problem under analy- Theclassification phashas been performed by 2 human

sis. Then, the proposed models are: experts. They were given two separate set of normalised lin-
guistic forms, two separate set of sentences extracted au-
verb-genV x Wy x .. x W, x V8; x ... x VS, (9) tomatically from the corpus and a non-ambiguous defini-

tion of each class. The two experts were given respectively
3500 and 2200 forms to classify, taken from the first 6500

whereV ranges over all the possible verbhg; x ... x W, forms produced in the corpus processing phase. To evalu-
represents the "bag-of-word” approach collecting all the ate the consistency between the classifications produced by

noun-genV x Wi x ... x W, x NSy x ... x NS, (10)



algorithms. We firstly analyse the results on thassified

Class Forms Sentences
1 RELATIONSHIPS AMONGS COMPANIES H 1+ ifi
—e S A formsand then we check our intuitions on ttlassified sen-
1-2 C tion/Splitti 96 471
- P tences -
g; EZ';:;IJI;%?:?S‘::S (Financial Performances , Balances, Sheet Ar - ?335 For the fIrSt Set’ thela‘SSIfled formsreSUlts are reported
2-3 Staff M t(e.9. M tS i 70 355 i i ifi I i 0,
. Staft Movement (¢.g. Management Successior) 7 £ in tab. 3. The basellnt_a of the c':liass.lflcatlon is a_round 27 /0
ST TaxReducioninciease 3 s corresponding to a naive classification of all the instances in
1 JOB VARKET  VASS EWPLOVMENTIUNEVPLOYMENT 7 50 the more probable class (i.e. 6-1). All the algorithms report
51 Position vs Competiors 10 7 both in the lexical and the two lexical-semantic spaces bet-
5-2 Market Sector 10 369 . . .
53 Market Strategies and plans 149 | 1512 ter results with respect to the baseline, showing that the cho-
6 STOCK MARKET 2 3 . . . eps
61 Share Trends 35| 1197 sen features convey the right information for our classifica-
6-2 Currency Trends 2 30

tion problem. Moreover, the use of the semantic information
seems to be relevant, as it emerges in the performance im-
provement obtained with the majority of the investigated al-
gorithms using the semantic prints on both verbs and nouns.

In particular, the verb semantic generalization features
seem to be particularly useful: the best performance for the
the two experts, 300 of the given forms were in common, vast majority of the tested algorithms is in fact achieved us-
and over those forms the rater agreement was calculated. ing the lexical-semantic verb space. Furthermore, the exper-

In case of indecision during the classification the expert iment overall best performance is obtained by the 1Bk algo-
could ask the system to show one or more sentences intithm working on this space.
stance of the form, in order to gain enough information to  In order to verify how the verb semantic informa-
classify the form itself. Annotators were also asked to clas- tion drives the classification, it can be interesting to ex-
sify all the shown sentences. amine the rules produced by a rule based algorithm, such

At the end of the phase, out of the normalised forms con- j48.PART. This algorithm derives its rules from a pruned
sidered, 787 were retained as useful by the first expert, 298partial decision tree built using the C4.5 implementa-
by the second, i.e. the information carried in the words or in tion [10]. One of these rules that involves semantic infor-
the named entity classes survived in the form has been conmation, is the following:
sidered sufficient to draw a conclusion on the classification.
Moreover, the first expert classified 6609 sentences and the
second 3550.

The two data sets;lassified formsand classified sen-
tences have then been prepared. The first one consists of
the 1091 forms obtained merging the two experts forms re-
tained sets (for the 300 common forms, in case of disagree- That rule indicates that every sentence containing a verb

ment the first e_xpert class has been chose_n_). The SeC‘?”Sfsuccessi0|(1i.e., a troponym, in the Wordnet sense, of the
data set comprise the 6609 sentences classified by the f'rs\yerbsucceewtogetherwith arentityNE(that is, a company
expert. The overall distribution of forms and sentences, for or a person) has to be classified in class Z@ff move-
both the domain experts, is reported in Tab. 2. mentevents). This semantic generalised rule, according to

Finally, the inter-annotation agreement has been com-ihe \yordnet hierarchy, therefore classifies verbsuafces-
puted to check the consistency of the data set. The modekjgn ke enter, supplant, replace, substituuch a general
chosen to compute the agreement is the well known raw in- 1o «an not be captured in a simple lexical space.

— L ) i i . .
dexpo = >, n; wherelN is the number of instances, Analysing the results of tab. 3, the noun semantic gen-

and Wh_ere;:t,» is 1 if the two expderts ﬁass.'f'ed t::e Hhin- o ralization seems to be slightly less effective than the one
stance in the same category and 0 otherwise. The agreemenf, \orpq |t is interesting to notice how in the tree ob-

on the normalised forms is 90%, while the agreement on they,i, o 4 by j48 the noun semantic information is used. For in-

: o - L _
sentences is 74%. These results show us a sufficient consi tance, the presence in a form of a noun whazse concept
i.e. noun semantic generalization in EuroWordNet [14]) is

tency over the data set, that can be thus considered a wel
financialobligationis used to capturggovernment activi-

defined gold standard for the experiments.
ties: tax-reduction/increaseévents (class 3-1). In this way
4.2. Analysis of the results forms that contain nouns likdebt, rate, taxare all classi-
fied in class 3-1. This simple rule has been very effective on
The classification problem over the two different pro- our data set, classifying positive instance with 100% preci-
posed data set has been therefore analysed with a pool ofion.

Table 2. The class (relational concepts) hierarchy
of the financial domain, and corresponding forms
and sentences distributions.

price = no A job = noA
hire = no A succeed = yes\ p» =— 2-3 (11)
entityNE = yes




Method plain verb-gen| % inc/dec|| noun-gen| % inc/dec
Trees j48.J48 63,91%| 63,68% | -0,23% 64,37% | +0,46%

ID3 59,31% | 59,31% 0 59,54% | +0,23%

DecStump || 26,44%/| 31,95% | +5,52% 26,44% 0%
Lazy IB1 58,39%| 63,22% | +4,83% 57,70% | -0,69%

IBk 62,53%/| 65,98% | +3,45% 60,69% | -1,84%

Rules j48.PART || 59,77%/| 60,00% | +0,23% 63,22% | +3,45%
Bayes NaiveBayeg 53,33% | 58,85% | +5,52% 40,23% | -13,10%
Misc VFI 59,31%| 57,24% | -2,07% 58,39% | -0,92%

HyperPipes|| 60,92%| 62,76% | +1,84% 62,07% | +1,15%

Table 3. Results on the set of classified forms , using a 5-fold cross-validation (baseline is 27%)

Method plain verb-gen| % inc/dec| noun-gen| % inc/dec
Trees j48.J48 59,19%| 64,80% | +5,61% 64,98% | +5,78%
Lazy IBK 59,19%| 54,72% | -4,47% 53,99% | -5,34%
Bayes NaiveBayeg 47,25% | 54,03% | +6,78% 42,48% -4,77%
Misc VFI 43,81%| 52,08% | +8,27% 51,84% | +8,03%

HyperPipes|| 31,21%| 42,56% | +11,35% || 42,48% | +11,27%

Table 4. Results on classified sentences |, using a 5-fold cross-validation (baseline is 40%)

For the experiment on thassified sentencéb. 4) we make of many-to-one mappings between linguistic forms
used a reduced pool of algorithm, representative of the dif- and their corresponding meaning (i.e. relational concepts) is
ferent classification methodologies. In this case the baselinestrengthened by its diffusion in other linguistic applications.
is around 40%. Similarly to the previous experiment, the re- Many researches are in fact devoted to propose methods
sults show a performance improvement using the verb andfor automatically building equivalence classes of patterns
noun semantic information. In that case the improvement isin fields such as Information Extraction [16, 12], Question
even more sensible, thanks to the larger data set which emAnswering [11], Terminology Structuring [8], or Paraphras-
phasize the beneficial effect of the information carried by ing [1, 6]. As for all the methods, the use of some previous
the used features. Looking at the decision trees produced byspecific knowledge (not always available) seems manda-
the j48 algorithm, it can be noticed that in the lexical space tory, i.e. focused and structured templates plus examples in
the verb lemmas are the most selective information, while in [16, 12], definitions and examples of the target relationships
the lexical-semantic space the semantic verb generalisationn [8, 11], and parallel corpora for [1], we tried to attack the
and the noun generalizations and lemmas tend to discrimi-problem from a different perspective.
nate over the data set more than the verb lemmas. Since the
introduction of the semantic spaces improves the algorithm

performance, it can be stressed again that this kind of infor- Many issues are still open, firstly those related to the

mation has an important discriminational power. knowledge publishing (as described in [4] and the devel-
opment of a related usable tool. We will also address the
5. Conclusions problem of an automatic generation of relational concept
classes from the corpus itself, using advanced clustering

In this paper we introduced a knowledge based approachi€chniques.

to improve development of the Semantic Grid, based on

NLP and ML techniques and methodologies. Our approach

is strongly based on the idea that an ontologial organiza- In any case, we got a few indications that the proposed
tion of the knowledge and the use of terminological and se- way to use semantic hierarchies and IE techniques may be
mantic information automatically extracted from a domain helpful in the creation of an organized domain knowledge
corpus can support the development of a coherent and conrepository sharable among an heterogeneous community, as
sistent Semantic Grid infrastructure. The explicit use we the experiment results show.
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