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Table 2 and Table 3 present the results of theopmdnce of algorithms chosen for the first typeexferiments as
explained in Section 5.2. Five best algorithms wdemtified for each of seven generalized meaning3ables 2-3
they are listed ranked by the values of F-mead\werage F-measure is given for each generalizechinga

It is seen from Tables 2-3, six of seven best #lgms tested on the task of annotating Spanish-metm
combinations with generalized meaninds, make, begin , continue , exist , act accordingly , and
undergo belong to the category of rule-based techniquis. gurpose of algorithms based on rules is to exami
data and construct rules which are first-order d@mhl statements of the form presented below émer that
features in our data are hyperonyms):



% N - -N 2 N
AN

where <generalized meaning> is one of the sevemimggchosen for our experiments and mentionedeabov

Rule-based methods acquire and use conceptual &dge/lwhich is human-readable and easy to understand
b< V7 ?((C6 . Indeed, a concept consists of a number of fesitwtech are necessary and sufficient for
description of an abstract idea. It appears thab-meun collocations as specific linguistic datan dae well
distinguished by rules including hyperonym inforioat Since hyperonyms are words more generic thagiven
word, they are able to represent the generalizeahing. It should be remarked here that though lypens and
generalized meanings both depict the abstract mgawppical for a significant number of linguistibgnomena and
in that sense both possess “generalized” natues, dine different in some important respects. Howetigs issue
belongs more to the area of pure linguistics tlwamatural language engineering and we will not marst here.

The best result is shown by the rule-based meth#d&TPwith the value of F-measure of 0.877 for theamiag
do. The second best result is achieved by Ridor (Bsmes of 0.813 for the meaningntinue & The third and the
fourth places are held by Prism (0.781 for the nrepact accordingly and 0.757 for the meanirzegin ).
The resting best algorithms are JRip reaching #ieevof F-measure of 0.716 forake, then again comes PART
(0.706 forundergo ), and the last best result of 0.696 is shown byriBE for the meaningxist . Note, that
BFTree is the only decision tree learning algoritmntioned in this paragraph, the other six alporg which were
found to be best on annotating collocations with dleneralized meanings are based on rules as aid®arlier in
this section. Concerning decision tree algorithweswill comment on them in the paragraph thaofeh.

& $ do make begin continue
DO MAKE

rules.PART 0.877 | rules.JRip 0.716

trees.SimpleCart| 0.876 | trees.SimpleCart | 0.708

bayes.BLR 0.874 | trees.LADTree 0.706

trees.BFTree 0.869 | tress.REPTree 0.704

functions.SMO 0.864 | trees.BFTree 0.699

Average 0.872 Average 0.70

BEGIN CONTINUE

rules.Prism 0.757 | rules.Ridor 0.813

trees.FT 0.711 | trees.REPTree 0.800

functions.SMO 0.683 | lazy.LWL 0.800

rules.NNge 0.682 | functionsLogistic | 0.786

trees.|ld3 0.667 | rules.Prism 0.783

Average 0.700 | Average 0.79p
( 3% exist  act accordingly undergo

EXIST ACT ACCORDINGLY UNDERGO

trees.BFTree 0.696 | rules.Prism 0.781 | rules.PART 0.706
trees.ld3 0.640 | bayes.BLR 0.650 | trees.J48 0.706
trees.J48 0.636 | functions.SMO 0.627 | trees.LADTree 0.667
lazy.LWL 0.632 | trees.FT 0.598 | rules.JRip 0.629
bayes.BLR 0.600 | rules.NNge 0.593 | trees.SimpleCart 0.625
Average 0.641 Average 0.650 Average 0.667




Itis also seen from Tables 2-3 that the seconttipps of machine learning algorithms on the taslannotating
verb-noun collocations with the generalized measiisgrees. Decision tree learning is a technigbess purpose is
to identify a discrete-valued target function asgisely as possible, and the function is represidoyea decision tree
(Mitchell, 1997). Trees can also be put in the farfmules to make them more human readable.

Table 4 present the results of the second typexpéraments as explained in Section 5.2. Table 4grts the
results of the performance of algorithms which sbdvio be best in the first type of experiments: FARRIp,
Prism, and Ridor representing rule induction alipons, and BFTree. To obtain more evidence of opmerabf
decision tree methods, we also experimented wighfellowing tree-constructing algorithms: SimpleC&T, and
REPTree. We also studied the performance of Naiye84NB in Table 4), a classical probabilistic Bsige
classifier, as well as the performance of IB1, sibaearest neighbor instance based learner usiegnearest
neighbor for classification, and SMO (Sequentialniial Optimization), an implementation of suppogctor
machine.

+ H 8
Algorithm DO | MAKE | BEGIN | SOV | ExisT | AST | UNDER gs;%gtges
rules.PART: 21 rules] 0.894 0.783 0.524 0.174 0.p03%85| 0.643 0.812
rules.JRip: 26 rules 0.878 0.800 0.634 0.800 0.903%86| 0.667 0.815
rules.Prism: 222 rules  0.896 0.840 0.647 0.720 9P)86.744| 0.682 | 0.841
rules.Ridor: 31 rules| 0.888 0.709 0.667 0.174 0.f0%676| 0.618 | 0.780
trees.BFTree 0.908 0.814 0.605 0.800 0.875 0|67B670.| 0.830
trees.SimpleCart 0.915 0.798 0.605 0.800 0.875 20|60.656 0.829
trees.FT 0.915 0.863 | 0.714 | 0.875| 0.903| 0.757| 0.733 0.865
trees.REPTree 0.893 0.746 0.682 0.159 0759 0.526770 | 0.788
bayes.NB 0.759 0.698 0.000 0.000 0.000 0.019 0.0p0.549
lazy.IB1 0.783] 0.620 0.378 0.519 0.688 0.462 0.444.664
functions.SMO 0.916| 0.843 | 0.773 | 0.839 | 0.933| 0.739| 0.714 0.861
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