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Chapter 1Introdu
tion and Motivations
1.1 Introdu
tionNatural language pro
essing is a �eld of 
omputer s
ien
e and linguisti
s thatstudies the automati
 annotation, generation and understanding of writtenor spoken 
orpora in a human language su
h as English. Some of the impor-tant �elds of natural language pro
essing are information extra
tion whi
h
onsists in �nding spe
i�
 information in natural language texts, informa-tion retrieval: �nding among a large ensemble of do
uments the ones that
orrespond to a user request, and automati
 translation. There are some
ommon 
omponents among nearly every natural language pro
essing appli-
ation. One of them is the parser. A parser is able to �nd automati
ally theinner synta
ti
 stru
ture of a senten
e. For example, 
onsider the senten
e:1. Ada had tea with Charles

N

NP

VP

S

NP

N V

Ada had

tea with

PP

P N

CharlesFigure 1.1: A synta
ti
 tree. Note that the leaves represent the words of thesenten
e, and that the unary nodes over these leaves represent the part-of-spee
h tagsof those words. 6



CHAPTER 1. INTRODUCTION AND MOTIVATIONS 7This senten
e 
an have the underlying tree stru
ture showed in �gure 1.1.The leaves represent the words of the senten
e. The lowest nodes over theleaves are always unary. The label of these pre-terminal nodes is the part-of-spee
h tag of the word that they dominate. We 
an 
lassify ea
h word ofa natural language into a 
ategory. This 
ategory is the part-of-spee
h tagof the word.Possible synta
ti
 stru
tures are des
ribed by a grammar. A grammar
onsists of a set of rewriting rules. The type of grammars 
onsidered in thisthesis, 
onsists of rules that allow us to build a 
ertain type of stru
ture:trees. A rule 
an be of the following form:PP−→ P NIn senten
e 1, this rule des
ribes the subtree asso
iated with the 
onstituentwith Charles. The left handside (PP : preposition phrase) represents theparent node, whereas the rights handside represents the 
hildren nodes (P :preposition and N : noun). Figure 1.2 shows the 
orresponding tree.
PP

PN

with CharlesFigure 1.2: A 
onstituent spanning the preposition phrase with Charles.Parsing a natural language, su
h as English, is a di�
ult task. Spe
if-i
ally, it is mu
h more di�
ult than parsing an arti�
ial language, su
h asPerl. Parsers 
an also be useful for arti�
ial languages. For example, a Perl
ompiler needs a parser. But the whole stru
ture of an arti�
ial languageis well known, its vo
abulary is small, and, most of all, it allows no ambi-guity : a given senten
e 
an be parsed with only one possible tree. Naturallanguages, however, are not 
ontrolled; their grammar 
an be very 
omplexand ambiguous. Consider, for example, the following famous senten
e:2. Time �ies like an arrow.This senten
e is highly ambiguous. Figure 1.3 shows some possible parsetrees for this senten
e. The �rst tree represents the usual interpretation ofthe senten
e: a metaphor in whi
h time is portrayed as a �ying arrow. Theinterpretation asso
iated with the se
ond tree 
ould be rephrased as: time�ies (a �
tion kind of inse
t) appre
iate an arrow. The third tree represents
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S

NP VP

Time V PP

flies like an arrow   

S

NP

Time flies

VP

V

like

NP

an arrow      

S

VP

V

Time

NP

flies

PP

like an arrow   Figure 1.3: Possible parse trees for an ambiguous senten
e. Note that ea
h treerepresents a di�erent interpretation of the senten
e.an imperative senten
e: time inse
ts like you would time an arrow. The �rstinterpretation would be semanti
ally preferred, but the senten
e is ambigu-ous at the synta
ti
 level. The problem of ambiguity arises very often innatural languages, and makes the parsing task more di�
ult.A synta
ti
 analysis is the base for any higher level pro
ess, su
h assemanti
 or pragmati
 analysis. Conversely semanti
 analysis 
an help indisambiguating possible synta
ti
 trees, but a previous basi
 level of pars-ing is ne
essary for the semanti
 analysis. Consider for example the taskof semanti
 role labelling, whi
h is a basi
 semanti
 analysis. Surdeanu andTurmo (2005) a
hieved promising results on this task, when using a fullrather than partial synta
ti
 analysis.Many ma
hine translation systems use a parser. Liu and his 
olleagues(2006), for example, proposed a Chinese-English translation system based ontree to string alignment. In this model, a senten
e from the sour
e languageis parsed, before being transformed into a string from the target language.Their model improved translation quality signi�
antly, 
ompared with a sys-tem based on phrases.Spee
h to text also 
an use synta
ti
 analysis to remove ambiguity. Spee
hto text appli
ations often re
ognise several possible sequen
es of words in theinput signal. They must then 
ompute the probability that these sequen
esof words o

ur in the language. Chelba and Jelinek (Chelba and Jelinek,1999) showed that using synta
ti
-like stru
tures to 
ompute these probabil-ities leads to signi�
ant improvement over simpler methods.All these appli
ations need good parsers. Improving the parsing perfor-man
e would also bene�t to the appli
ations that need them. Parti
ularly,one of the motivations of this work, whi
h aims at improving the perfor-man
e of parsing, was to develop a better semanti
 role labeler, whi
h usedparsing.
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1.1.1 Modern ParsersWe �rst need a measure of how good a parser is. A simple automati
 way ofevaluating the performan
e of a parser is to 
ompare its results with the 
or-re
t answers. To perform this evaluation, we need a set of 
orre
t parse treesand a distan
e measure between these trees and the parser trees. Corre
ttrees 
ome usually from a manually parsed 
orpus 
alled the gold standard.The gold standard is a referen
e to whi
h the parsers are 
ompared. The
loser a parser is to the gold standard, the better it is.To know how 
lose a parser output is to the gold standard, we need adistan
e measure. A simple measure 
onsists in 
omparing pairs of trees,one from the parser and the 
orresponding one from the gold standard, andin 
ounting the number of exa
tly identi
al trees. There is a �ner measurewhi
h is widely used for the evaluation of parsers. It is part of an evaluations
heme 
alled the Parseval standard.The Parseval standard 
ompares subparts of a tree: the 
onstituents. A
onstituent is a subtree of a synta
ti
 tree. In �gures 1.1, there are 10 
on-stituents. Their labels are S, VP, NP, NP, PP, N, V, N, P and N (Theletters 
orrespond to the labels Senten
e, Verb Phrase, Noun Phrase, Prepo-sitional Phrase, Noun, Verb and Preposition). But �nding the part-of spee
htags is not the task of the parser, thus, they are not taken into a

ount for
al
ulating performan
es. So this tree would be 
ompared to the gold stan-dard using only the �ve �rst nodes, whi
h are not part-of-spee
h tags.Parseval 
ounts the number of 
onstituents identi
al to the gold standard.This number is then divided to get the proportion of 
orre
t 
onstituents.We 
an divide the number of 
orre
t 
onstituents by two di�erent values: thenumber of 
onstituents in the parser output, or the number of 
onstituentsin the gold. Here is the equation for pre
ision:pre
ision =

|{
onstituents in the gold} ∩ {
onstituents in the parse}|
|{
onstituents in the parse}| (1.1)Pre
ision shows the number of 
orre
t 
onstituents from all those that theparser proposed. Here is the equation for re
all :re
all =

|{
onstituents in the gold tree} ∩ {
onstituents in the parse}|
|{
onstituents in the gold tree}| (1.2)Re
all shows the proportion of 
onstituents that the parser found, from the
onstituents that it should have found. To summarise these two measures,



CHAPTER 1. INTRODUCTION AND MOTIVATIONS 10the parsing 
ommunity uses a third measure 
alled the F-S
ore, whi
h is theharmoni
 mean of pre
ision and re
all:F-s
ore =
2 · pre
ision · re
allpre
ision + re
all (1.3)Now that we know how to evaluate them, we 
an dis
uss the perfor-man
es of modern parsers. They 
an a
hieve performan
es around 88%-90%F-s
ore. These are a high performan
es, and thus it is di�
ult to in
reasethem mu
h. An in
rease in F-s
ore of, for example, 1% is equivalent to anerror redu
tion rate of 10%.Most errors are due to ambiguity. Ambiguity often arises from the prob-lem of PP atta
hment. A PP is a prepositional phrase like with Charles insenten
e 1, or for the di�eren
e engine, in3. Ada Byron worked on algorithms for the di�eren
e engine.It 
an be di�
ult to �nd what the prepositional phrase modi�es. Does for thedi�eren
e engine modify the noun algorithms, implying that the algorithmsare spe
i�
 to the engine, or does it modify the verb worked, implying thatthe work spe
i�
ally bene�ts the engine ? Chur
h and Patil (1982) notedthat �these synta
ti
 ambiguities grow "
ombinatorially" with the numberof prepositional phrases.�To manage ambiguity, some parsers use a probability asso
iated with ea
htree, and 
an output the most probable tree. They need to be trained on a
orre
tly parsed 
orpus. They learn probabilities from the 
orre
t examplesof the 
orpus, and 
an then use these probabilities to parse new senten
es.These parsers are 
alled statisti
al parsers.1.1.2 Parser CombinationWe will now dis
uss a new te
hnique to in
rease performan
es of modernparsers. As we have seen, parsing is a both useful and di�
ult task. Are
ent approa
h to in
reasing the performan
es of parsers is the ensemblelearning framework. Ensemble learning 
onsists in training di�erent 
lassi-�ers and 
ombining them to in
rease performan
e. The method is useful ifthe performan
e of the 
ombined 
lassi�er is better than the performan
eof its individual members. A ne
essary and su�
ient 
ondition for this im-provement is that the individual 
lassi�ers must be a

urate and diverse.
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lassi�er is a

urate if it makes fewer than 50% mistakes. Two 
lassi-�ers are diverse if they make di�erent errors on the same data. There areseveral ways to make di�erent 
lassi�ers for the same problem. One 
ould,for example, train the 
lassi�ers on di�erent data or use di�erent featuresto train them. More on ensemble learning 
an be found in (Dietteri
h, 2000).Parsers are similar to 
lassi�ers. They 
lassify into two 
ategories allthe possible 
onstituents that 
ould be part of the tree of a senten
e. The
ategories are: must be in
luded in the output tree, and must not be in
ludedin the output tree. Parsers only output the 
onstituents that they 
lassifyin the �rst 
ategory, so any 
onstituent that the parser does not output 
anbe 
onsidered as 
lassi�ed in the se
ond 
ategory. This suggests that theprevious 
ondition for ensemble learning applies also on parsers. Modernstatisti
al parsers are a

urate, so, if they are su�
iently diverse, they 
ouldbe 
ombined to in
rease performan
e.J. C. Henderson and Brill (1999) and Sagae and Lavie (2006), showedempiri
ally that parsers 
an be su

essfully 
ombined. They re
ombined theoutput of several parsers, and, as a result, in
reased the global performan
e.This shows that their parsers were su�
iently diverse to bene�t from ensem-ble learning. They re
ombined the parsers using voting s
hemes: for ea
h
onstituent, the parsers voted on its in
lusion in the �nal tree. They re
om-bined the 
onstituents that were voted by a majority of parsers. This allowedthe parsers to re
over from errors that only few of the original parsers made.The resulting parses improved the state-of-the-art in both experiments.These results inspired us to explore more possibilities for parser 
ombi-nation. In this thesis, we will try to improve on previous experiments withseveral methods for parser 
ombination. In the next se
tions, we will dis
ussthe di�eren
es between previous work and our experiments. In se
tion 1.1.3,we will dis
uss the diversity of our parsers. Then, in se
tion 1.1.4, we willpresent a new method to 
ombine the trees. Finally, in se
tion 1.1.5, wewill introdu
e a te
hnique to di�erentiate 
orre
t answers from errors in theparsers output.1.1.3 Our three Parsers and their Di�eren
es.We will use three di�erent parsers, and re
ombine their output. Our threeparsers all use the same kind of te
hnology, but the nature of their outputis di�erent from one another. We will des
ribe the three parsers more in
hapter 3.



CHAPTER 1. INTRODUCTION AND MOTIVATIONS 12All parsers are based on the simple syn
hrony network (SSN) parser by J.B. Henderson (2003). It is a state-of-the-art statisti
al parser. It builds treesby a sequen
e of a
tions. To de
ide whi
h a
tion to take next, the parsertakes into a

ount all the previous a
tions as well as the input senten
e.The other two parsers use the same learning algorithm, but were trainedon trees with ri
her output. The trees were de
orated with fun
tion labels,and semanti
 role labels. The original parser was trained on a 
orpus withsynta
ti
 labels su
h as Noun Phrase or Verb Phrase. The se
ond parser(Merlo and Musillo, 2005) was trained on a 
orpus that indi
ated not onlythese labels but also fun
tions tags whi
h give more information about thesynta
ti
 role of the 
onstituents in the senten
e. The third parser (Musilloand Merlo, 2006a) was trained on a 
orpus that indi
ated the synta
ti
 la-bel as well as semanti
 role labels whi
h give more information about thesemanti
 fun
tion of the 
onstituents in the senten
e. We will des
ribe theselabels further in 
hapter 3.All parsers a
hieved state-of-the-art performan
es on the purely synta
-ti
 task, altough the fun
tion and the semanti
 role label parsers 
an give ari
her output.Combination of the three ParsersEa
h parser uses a di�erent training 
orpus. The outputs of ea
h parserare di�erent from one another in two ways. First they di�er in the kind oflabels asso
iated with the nodes: pure synta
ti
 labels, fun
tion and syn-ta
ti
 labels, or semanti
 roles and synta
ti
 labels, respe
tively. Se
ond,the trees with only the synta
ti
 labels 
an be di�erent from one parser toanother, be
ause the information 
arried with the semanti
 role labels andthe fun
tion labels 
an be used in the training of the parsers, and a�e
t theirbehaviour. Table 1.1 shows a summary of the three parsers.The three parsers based on the SSN parser are all 
lose to the state-of-the-art on synta
ti
 parsing. Sin
e their synta
ti
 outputs 
an be di�erent, we
an assume that they make di�erent mistakes. It should then be possible to
ombine them to improve performan
e. This is what we will do in this thesis.1.1.4 A New Level of CombinationWe will now see how we 
an apply ensemble learning te
hniques to re
om-bine our three parsers. There are a number of possibilities to re
ombine



CHAPTER 1. INTRODUCTION AND MOTIVATIONS 13Table 1.1: Summary of the parsers that we will 
ombine.Parser Author synta
ti
 fun
tion semanti
 role F-s
orelabels labels labels on purelysynta
ti
treesSSN Henderson yes no no 87.8%Fun
tion Musillo yes yes no 88.3%parser and MerloSRL Musillo yes no yes 87.9%parser and Merlothe output of several parsers. J. C. Henderson and Brill (1999) tried twodi�erent approa
hes. The �rst one is the simplest. For ea
h senten
e, theirprogramme 
hooses the tree that is the most similar to all the other trees.This tree, whi
h is 
lose to the 
entre of all the observed parse trees, is the�nal tree. The se
ond approa
h relies on the de
omposition of the trees into
onstituents. The �nal tree is then built out of several 
onstituents. These
onstituents are the ones that were in a majority of observed parse trees.The se
ond method gave better results.Sin
e smaller subparts give better results, it is interesting to experimentwith even smaller parts, a method whi
h, as far as we know, has never beentried. We will de
ompose the trees into entities that will be smaller than the
onstituents. We will see that our entities are a better representation of theparser a
tions than the 
onstituents. This makes them a natural de
ompo-sition of the trees.1.1.5 A New Method for the Classi�
ation of ConstituentsParser 
ombination involves re
ombining 
orre
t subparts of trees, in orderto get better �nal trees. This solution relies on the elimination of false posi-tives. In the 
ase of parse 
onstituents, a false positive is a 
onstituent thatis in the parse tree, but not in the 
orre
t tree. A 
ru
ial part of parser 
om-bination is the dis
rimination between 
orre
t entities and false positives.J. C. Henderson and Brill (1999) and Sagae and Lavie (2006) used systemsbased on votes from the parsers: a parser voted for a 
onstituent if this 
on-stituent appeared in this parser output. Let's 
onsider the parse trees as setof 
onstituents. The parsers are a

urate, so there are generally more truepositives 
onstituents than false positives in the parse trees. If the parsersmake di�erent mistakes from one another, the false positives might be dif-
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onstituents in ea
h parse tree. Only false positives that are voted bya majority of parsers stay in the �nal tree. If the parsers are diverse enough,this number will be small.We will experiment with several systems. We will use votes, but we willalso use an automati
 
lassi�
ation algorithm. Spe
i�
ally we will 
onsiderthe problem of dis
riminating false positives as a 
lassi�
ation problem withtwo 
lasses: true positives and false positives. For this task, we will use asupport ve
tor ma
hine. Support ve
tor ma
hines 
an learn to 
lassify enti-ties using a number of 
lues. They learn the importan
e of ea
h 
lue, and
an ignore useless ones. We will feed our support ve
tor ma
hine with sev-eral 
lues. One of them will be the vote of ea
h parser, but we will also useother 
lues, su
h as the label of a 
onstituent, or the length of the senten
e.1.2 Outline of the ThesisThis thesis is organised as follows. In 
hapter 2 we will summarise previ-ous works on parser 
ombination, by other authors. In 
hapter 3, we willdes
ribe the three parsers that we re
ombined. In 
hapter 4 we will dis
ussthe questions that motivated us to do this work, and the hypotheses that wemade. In 
hapter 5 we will des
ribe our �rst experiments and their results.After the �rsts experiments we in
reased the 
omplexity of the system andtried further experiments, whi
h we will des
ribe in 
hapter 6. Finnally, in
hapter 7, we will give some 
on
lusions.1.3 Con
lusionsWe base our resear
h on the work of (Henderson and Brill, 1999) and (Sagaeand Lavie, 2006), whi
h proved that it is possible to a
hieve better perfor-man
e by 
ombining several parsers. We will do more experiments with thethree following parameters. We will use parsers whi
h are di�erent from oneanother, not in the kind of te
hnology they use, but in the ri
hness of labelsthey output. A ne
essary 
ondition for ensemble learning is that the errorsmust be di�erent for ea
h parser. If we get good results, we will thus verifythe di�eren
e of the parsers due to the di�erent label sets.We will, also, de
ompose the trees into subparts of di�erent sizes. Theseexperiments will show whi
h is the optimal level of de
omposition.



CHAPTER 1. INTRODUCTION AND MOTIVATIONS 15Finally, we will investigate several methods to dis
riminate the 
orre
tsubparts of trees from the false positives. We will use, among others, a ma-
hine learning algorithm to sele
t the relevant features for this 
lassi�
ation.



Chapter 2Related WorkWe will now present some previous works by other authors on the 
ombina-tion of parsers (2.1) and on support ve
tor ma
hines, whi
h we will also useto dis
riminate 
orre
t entities from false positives (2.2).2.1 Parser Re
ombinationThe work of this thesis was mu
h inspired by the work of J. C. Hendersonand Brill (1999) and by the work of Sagae and Lavie (2006). Both a
hievedan improvement of the parsing performan
es by 
ombining the output ofseveral statisti
al parsers.2.1.1 Previous Work by J. C. Henderson and E. BrillJ. C. Henderson and Brill (1999) used ensemble learning methods to improvethe results of three di�erent state-of-the-art statisti
all parsers. They usedfour di�erent te
hniques to 
ombine the output of the parsers.In the �rst te
hnique�parser swit
hing�the �nal parses were entiretrees, ea
h one from one of the parsers outputs. For ea
h senten
e, J. C.Henderson and Brill 
hoose the most 
onsensual tree out of the trees fromtheir parsers output. Formally, the most 
onsensual tree is the tree that hasthe most 
ommon 
onstituents with the other trees.The se
ond te
hnique�
onstituent voting�was to de
ompose the treesinto 
onstituents and to form a new tree out of the most probable of those
onstituents. J. C. Henderson and Brill made the parsers vote for the in
lu-sion of ea
h 
onstituent, and they 
reated a set out of all the 
onstituents16



CHAPTER 2. RELATED WORK 17that were in the output of a majority of parsers. This set of 
onstituentsforms a new tree. Not any set of 
onstituents forms a tree be
ause the 
on-stituents 
an have 
rossing parentheses, that is two 
onstituents 
an in
ludethe same word, without them being embedded in ea
h other. However, J.C. Henderson and Brill showed that the set of majority 
onstituents 
annot
ontain 
onstituents with 
rossing parenthesis, and that it forms a tree.J. C. Henderson and Brill also developed two methods that are similar tothe previous ones, but with a more 
omplex model of the probabilities thata 
onstituent is a true positive, given the votes of the parsers. They used aprobabilisti
 Naive Bayes model, whi
h assumes that the parsers make in-dependent predi
tion for ea
h 
onstituent. In this model, the probability ofa 
onstituent 
an be 
al
ulated using the probability that any 
onstituentproposed by a parser is a true positive and the probability that a given parserproposes a 
onstituent if the 
onstituent is a true positive. Those parameters
an be 
al
ulated from a parsed training 
orpus.J. C. Henderson and Brill adapted the method where the trees are de-
omposed into 
onstituents to use the Naive Bayes model. The new set of
onstituents that forms the �nal parse is then the set of 
onstituents thathave a probability greater than 0.5 of being a true positive. In the parserswit
hing version, they 
al
ulated the probability of the entire trees by mul-tiplying the probabilities of their 
onstituents, and they 
hoose the mostprobable tree for ea
h senten
e.J. C. Henderson and Brill also 
onsidered giving preferen
e to 
ertainparsers that are better than the others in some 
ontext. That is, for the 
on-stituent voting method, they would sometimes in
lude a 
onstituent that wasvoted by only one parser, be
ause the solitary parser would be better thanthe other two under the right 
ir
umstan
es. They 
al
ulated the possibleimprovement of this te
hnique when taking into a

ount the performan
es ofthe parsers for ea
h 
onstituent label. They 
al
ulated, for ea
h label, howmany time a parser was right in in
luding the 
onstituent, when the othertwo were wrong. They found that the 
onstituents voted by only one parserwere mostly false positives, and the few labels for whi
h a parser alone gavemore true positives than false positives in
luded very few 
onstituents in the
orpus that they studied. Therefore, using labels as 
ontextual informationwas useless.All methods, with trees or 
onstituents and with or without Naive Bayesmodels, were su

essful and the Naive Bayes model led to improvement forthe method with entire trees. Constituent voting a
hieved a better F-s
oreand pre
ision than parser swit
hing, but the re
all degraded. An F-s
ore of



CHAPTER 2. RELATED WORK 1890.4% was a
hieved for the simple parser swit
hing experiment. The Bayesparser swit
hing method led to a 90.7% F-s
ore and both the experimentwith 
onstituents gave 91.3% F-s
ore.The work of J. C. Henderson and Brill shows that ensemble learning isappli
able to the parsing problem. It shows that improvement 
an be madeby 
hoosing the most 
onsensual entire tree as well as by 
hoosing the mostvoted 
onstituents. Our work is very similar. We also re
ombined the out-put of several statisti
al parsers. Part of our work was to ensure that evenparsers that might be less diverse than the ones that J. C. Henderson andBrill used 
an be su

essfully 
ombined, when using the same 
onstituentvoting method.The fa
t that 
ombining smaller entities�
onstituents�gave better re-sults than 
ombining bigger entities�trees�inspired us to de
ompose the
onstituents into even smaller entities: parentheses. We will give more mo-tivation and detail for this de
omposition in se
tion 4.2We did not, however implement a probabilisti
 model in our work, asJ. C. Henderson and Brill did not a
hieve better results with their proba-bilisti
 model than with the simple method, when they de
omposed treesinto 
onstituents. We experimented with the same voting s
heme on 
on-stituents as J. C. Henderson and Brill did, but we also experimented withother methods for 
hoosing the best 
onstituents. We gave the 
onstituentsa weight that was proportional to the votes, but we did not dis
ard all mi-nority 
onstituents as J. C. Henderson and Brill did. The reason was thatthe voting s
heme tends to favour pre
ision over re
all, as we will see in thenext se
tion. Moreover, we 
ould not use the voting s
heme for our smallerentities be
ause it was not dire
tly appli
able, and we had to develop news
hemes to handle them.2.1.2 Previous Work by Sagae and LavieSagae and Lavie (2006) also 
ombined the output of several parsers to getbetter performan
es than the individual parsers. They performed two ex-periments, one with dependen
y parsers and one with 
onstituent parsers.We will now summarise the latter.They used �ve state-of-the-art 
onstituent parsers. They de
omposedtheir output into a set of 
onstituents. Ea
h 
onstituent was asso
iated witha weight proportional to the number of parsers that output the 
onstituent.Constituents whose weight was lower than a threshold were dis
arded. Fi-



CHAPTER 2. RELATED WORK 19nally an algorithm that output the heaviest tree out of the remaining 
on-stituents was used. This tree was the �nal parse.If the weight of ea
h 
onstituent is the votes of the parsers and the thresh-old is m+1
2 where m is the total number of parsers, then the experiment isvery similar to the work of J. C. Henderson and Brill (1999). However, thiss
heme tends to favour pre
ision over re
all.Sagae and Lavie used two ways of improving their basi
 experiment.First they 
al
ulated the pre
ision of ea
h individual parser for ea
h labelof 
onstituents. Then they 
al
ulated the weights of the 
onstituents bymultiplying the votes by the pre
isions of the parsers for the label of the
onstituents, so that the weight was proportional to the number of votesand the 
ertainty of the votes. Formally, if P (l, i) returns the pre
ision ofthe ith parser for the 
onstituent bearing the label l, and if V (c, i) returns1 if the ith parser in
luded the 
onstituent c in its output, then they usedweight(c) =

∑
i P (l, i)V (c, i) where l is the label of c.Se
ond, they used a learning algorithm to �nd the best possible threshold.They used a training 
orpus to automati
ally try di�erent threshold and se-le
t the best. They optimised the threshold to suit two di�erent needs: theyfound the threshold that minimises the di�eren
e between pre
ision and re-
all, and the threshold that maximises the F-s
ore.They obtained a 91.6% F-s
ore for the (m+1)

2 threshold, 91.8% for thethreshold that minimises the di�eren
e between pre
ision and re
all (91.8%and 91.9%, respe
tively), and 92.8% for the threshold that maximises theF-s
ore. The F-s
ore of ea
h experiment was better than the F-s
ore of thebest of the individual parser.The work of Sagae and Lavie inspired us not to dis
ard all the minority
onstituents sin
e they showed that this s
heme favours pre
ision over re
all.When the set of 
onstituents 
ontains minority 
onstituents it might 
ontain
onstituents with 
rossing parentheses and thus the set might not form atree. Sin
e we wanted to output a tree, we had to develop an algorithm tobuild a tree out of the heaviest 
onstituents. We developed a new algorithmbased on a well known parsing algorithm, that is able to �nd the best solu-tion in a O(n3) time. This algorithm was also useful when we re
ombinedparentheses, be
ause then the set in
luded 
onstituents that were not in anyof the parser output.Similarly to the work of Sagae and Lavie, we experimented with di�erent



CHAPTER 2. RELATED WORK 20thresholds, however we did not use a learning algorithm to �nd the bestthreshold. Sin
e we had only three parsers, we had few di�erent possibleweights, and we 
ould experiment with ea
h possible threshold manually.2.2 Support Ve
tor Ma
hinesAn important part of our work is to dis
riminate, among the 
onstituentsproposed by the parsers, the true positives from the false positives. We willperform experiments for this 
lassi�
ation with an automati
 
lassi�
ationalgorithm: the support ve
tor ma
hine. We will now give a brief introdu
-tion to this algorithm.A 
lassi�
ation problem 
an formally be represented in the following way.Ea
h item to be 
lassi�ed is represented as a ve
tor of features. The featuresare attributes of the item, that are tought to be useful 
lues to guess the
lass of the item. In binary 
lassi�
ation, the 
lass of the item is a binaryvalue.The goal of a support ve
tor ma
hine is to �nd a fun
tion of the featureve
tors that returns 1 if the item belongs to the �rst 
lass and -1 otherwise.The algorithm learns su
h a fun
tion by looking at examples with the 
orre
tanswers in a training 
orpus. It adapts the fun
tion to the examples, and
an then use this learnt fun
tion to 
lassify new items with unknown answers.Formally, the fun
tion de�nes an hyperplane that separates the inputve
tors into two 
lasses. It 
an happen that it is not possible to separate thetwo 
lasses with an hyperplane: the problem may not be linear. In this 
aseit is possible to map the ve
tors into an higher dimensional spa
e where theymight be linearly separable. A kernel de�nes the fun
tion that does thismapping, and several di�erent kernels 
an be used (Fradkin and Mu
hnik,2006).Hsu, Chang and Lin (2003) developed a methodology and a programmethat allows us to obtain a

eptable results fast and easily with a support ve
-tor ma
hine. They proposed to use the radial basis fun
tion (RBF) kernel,be
ause it 
an handle several di�erent 
ases, in
luding the linear 
ase, andbe
ause it uses reasonable pro
essing time. The support ve
tor ma
hines
an be tuned with some parameters, and Hsu Chang an Lin's programmealso learns the best parameters.



CHAPTER 2. RELATED WORK 21Hsu , Chang and Lin showed that their approa
h gave good results on arange of 
lassi�
ation problems, if the feature set was relatively small (about20 features).2.3 Con
lusionThe parser 
ombination problem is not a new one. We presented the workof J. C. Henderson and Brill and of Sagae and Lavie, whi
h already showedthat it is possible to improve the parsing performan
es by 
ombining theoutput of parsers following the ensemble learning framework.Our work relies mu
h on these previous works but it also introdu
es newexperiments. One new experiment in our work is the de
omposition of 
on-stituents into smaller entities. Those entities ne
essitated a new weightings
heme and the development of a tree building algorithm.We also introdu
ed the support ve
tor ma
hine, whi
h is a powerful 
las-si�
ation algorithm. We will use this algorithm and the programme devel-oped by Hsu, Chang and Lin to dis
riminate the false positives from the truepositives among our 
onstituents.



Chapter 3The Three ParsersThe goal of this thesis is to improve on the performan
e of three parsers, byre
ombining their output. In this 
hapter we will des
ribe in more detail theresour
es that we will use: the gold 
orpora and the three parsers.3.1 The Penn TreebankA set of 
orre
tly parsed senten
es is 
alled a treebank. A treebank is usefulfor the automati
 evaluation and the training of statisti
all parsers. In anautomati
 evaluation s
heme su
h as Parseval, a treebank 
an be used asa gold standard : a set of 
orre
t answers to the problem at hand. Parsersthat are based on supervised ma
hine-learning algorithms also need a tree-bank. They use a set of 
orre
t parse trees as examples, from whi
h they 
anlearn. They generalise from these examples and learn to parse new senten
es.The Penn treebank (Mar
us et al., 1994) is a large treebank. It 
onsistsin a manually annotated 
orpus. The annotators 
onstru
ted the parse treesby 
orre
ting the output of a parser. There 
an be some annotator mistakes,but this problem is inherent to manual annotation. There are several levelof annotations in the Penn treebank: the part of spee
h tags, the skeletalsynta
ti
 stru
tures, and the predi
ate argument stru
ture.3.1.1 Part of Spee
h TagsThe part-of-spee
h tags are the lexi
al 
ategories of the words: nouns, ad-je
tives, verbs, et
. The Penn treebank uses 36 di�erent part-of-spee
h tags,and 12 others for pun
tuation and 
urren
y symbols.22
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(TOP (S (NP (NNP Charles))(VP (VBD liked)(NP (NN sugar)(PP (INin)(NP (PRP$ his)(NNP Earl)(NNP Grey)))))(. .)))Figure 3.1: A tree and a parentheses representation of a parsed senten
eHere is an example of a senten
e with part of spee
h tags:1. Charles liked sugar in his Earl Grey .NNP VBD NN IN PRP$ NNP NNP .NNP is the tag for a singular proper noun, VBD for a verb in past tense,NN for a singular or mass noun, IN for a preposition, and PRP for a per-sonal possessive pronoun (Taylor et al., 2003). The part-of-spee
h tags arethe pre-terminal nodes of a parse tree, and the words are the terminal nodes.3.1.2 Skeletal Synta
ti
 Stru
turesThe trees of the Penn treebank are represented as senten
es annotated withparentheses. There is a one to one mat
h between a tree, and a senten
ewith parentheses. Consider the previous senten
e. Figure 3.1 shows the treeasso
iated with it, and the 
orresponding parentheses representation.Ea
h pair of parentheses represent a 
onstituent. The innermost ones arethe part-of-spee
h tags. The TOP label is an arti�
ial label whi
h always



CHAPTER 3. THE THREE PARSERS 24appears at the root of the tree.The tree in 3.1 is annotated with skeletal synta
ti
 stru
tures. The 
on-stituents of the tree bear a synta
ti
 label. There are 14 possible labels,and 4 null elements. Null elements are used to represent 
onstituents whi
hdo not appear in the senten
e but are ne
essary to the synta
ti
 stru
ture.Consider the following example:2. Who does he want to program ?It 
an be argued that the natural order of this senten
e is:He wants who to program ?Whi
h re�e
ts the order of the assertive senten
e:He wants Ada to program.It is said that the interrogative who is generated in the middle of the sen-ten
e and is moved to the beginning, leaving an invisible tra
e in its originalposition. The senten
e would then be:Who does he want tra
e to program.This has several 
onsequen
es, for example, it 
an be argued that the pres-en
e of the tra
e prevents the 
ontra
tion of want and to. Altough the Penntreebank has annotations of null elements su
h as tra
es, the parsers do nottake them into a

ount, and we will not dis
uss those annotations any fur-ther.3.1.3 Fun
tion LabelsIn the Penn treebank, the skeletal synta
ti
 trees are also de
orated withri
her labels that 
arry more information about the semanti
 and grammat-i
al role of the phrases in the senten
e. These labels are �ner grained thanthe skeletal labels. So, for example, a NP will also be a subje
t or an ob-je
t. There are 17 fun
tion tags that 
an be appended to the skeletal labels.Figure 3.2, from (Musillo and Merlo, 2005), shows a tree annotated withsome of the fun
tion tags. The NP the authority 
arries the fun
tion tagsubje
t, and the PP at midnight 
arries a fun
tion tag indi
ating that it istemporal. The tree still 
arries all the skeletal synta
ti
 stru
ture, but withmore information.
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NP−TMPPP−TMPVBD PP−DIR
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IN NP

at NN

midnight

TO NP

to QP

$ 2.80 trillionFigure 3.2: A tree annotated with fun
tion tags. The tags represent sub
lasses ofea
h synta
ti
 tag.3.2 The Prop BankThe Proposition bank (Palmer et al., 2005) is the Penn treebank with treesannotated with more information than the synta
ti
 stru
ture: semanti
 la-bels. Palmer and her 
olleagues added two layers of semanti
 annotations tothe trees of the Penn treebank. First, they de�ned a number of argumentsfor ea
h verb, and numbered them. For example, the verb to open, with thesense to 
ause to open, has three arguments: the agent, the thing openedand the instrument (example from (Palmer et al., 2005)). The phrases ofea
h senten
e of the Penn treebank were annotated with the number of theargument they 
orrespond to.Se
ond, the Proposition bank annotates adjun
ts to verbs. This anno-tation is similar to the fun
tion label annotation of the Penn Treebank anduses labels su
h as lo
ation time or 
ause. These annotations are the samefor every verb in the treebank (Musillo and Merlo, 2006b).Figure 3.3, from (Musillo and Merlo, 2006b), shows a tree of the Propo-sition bank. There are three arguments to the verb drop: A1, A4 and A3.There are two adjun
ts, both temporal: at midnight and Tuesday. Theoriginal synta
ti
 stru
ture from the Penn treebank is still present, but thesemanti
 information is added to the synta
ti
 labels, making them �ner-grained.
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Figure 3.3: A tree annotated with semanti
 role labels. There are three argumentsto the verb and two adjun
ts.3.3 The SSN ParserWe will now des
ribe the �rst parser that we used in our re
ombination. It isthe Simple Syn
hrony Network (SSN) parser des
ribed in (Henderson, 2003).The SSN parser is a statisti
al parser: it uses a ma
hine learning ap-proa
h. It learns a probabilisti
 model of parsing by looking at 
orre
tparsing examples from a training 
orpus. Many statisti
al parsers representtrees as a sequen
e of a
tions. These a
tions are moves required to build thetree, su
h as 
reating or atta
hing a node. These statisti
al parsers 
an thenoutput the most probable tree whi
h is the tree 
omposed of by the mostprobable a
tions at ea
h step. The parsers 
an use an history-based ap-proa
h: they 
al
ulate whi
h is the most probable 
orre
t next a
tion giventhe input senten
e and all the previous a
tions that they have performed toprodu
e the tree so far. The 
hallenge with this approa
h is that the numberof relevant previous a
tions at any moment is not bounded. Many parserssolve this by using only a �xed number of de�ned features of the history.They make an independen
e assumption: they assume that the probabilityof the next a
tion is independent of the other features.The SSN parser does not make this assumption. J. B. Henderson usesa spe
i�
ally designed neural network (the simple syn
hrony network (Laneand Henderson, 2001)) to 
al
ulate a �nite representation of the history atea
h step. Sin
e this representation is 
al
ulated re
ursively, taking intoa

ount ea
h time the previous representation, there is no independen
e as-sumption.J. B. Henderson's parser 
onsists in two main levels. The �rst one is
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al
ulates the history representation, and the se
ondone is the parsing algorithm that 
omputes the most probable next a
tiongiven the history representation and the input senten
e. Neural networksare algorithms that allow a programme to learn from 
orre
t examples, gen-eralise from them, and give the 
orre
t answer to new examples. The parsermust, therefore, be trained on a 
orre
tly parsed 
orpus before it 
an parsenew senten
es.The a
tions that the parser 
an take to 
onstru
t the trees are modi�-
ations of a sta
k and of the parse tree. At the beginning the sta
k only
ontains the label root. The a
tions are (Henderson, 2003):� Shift(w): puts the 
urrent tag-word pair w on top of the sta
k.� Proje
t(y): removes the token X of the top of the sta
k and repla
e itwith the token Y . It also spe
i�es, in the tree, that Y is the parent of
X.� Atta
h: removes the token X from the top of the sta
k. Spe
i�es thatthe next token Y of the sta
k is the parent of X in the tree.� Modify: removes the token X from the sta
k. Spe
i�es that the nexttoken Y of the sta
k is the modi�er parent of X in the tree.The neural network that 
al
ulates the representation of the history re-
eives as input the last representation of the history as well as some de�nedfeatures of the history. Choosing the features that are dire
tly passed to theneural network is a way to implement soft biases. Soft biases are ways togive more importan
e to some features of the history that 
an be used toen
ode a priori linguisti
 knowledge into the parser. J. B. Henderson got im-provement in his results when he used 
arefully 
hosen soft biases. His SSNparser a
hieved state-of-the-art results: 89.1% F-s
ore on the Penn Treebank.3.4 The Fun
tion ParserThe original SSN parser outputs purely synta
ti
 trees. However, as we haveseen in se
tion 3.1.3, the trees of the Penn Treebank also 
arry ri
her fun
-tion labels. Musillo and Merlo (Musillo and Merlo, 2005) trained the SSNparser on those labels. We will now des
ribe the resulting parser: the fun
-tion parser.As Musillo and Merlo (2005) noted, before their work the standard ap-proa
h to getting fun
tion tags was to use a two level system were a senten
e
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orated with those labels. Musillo and Merlo, how-ever, developed a system in whi
h both tasks are performed together. Theyretrained the SSN parser on a 
orpus annotated with the fun
tion tags. Thestru
ture of the trees were the same, but all labels were �ner grained (188labels instead of the original 33). They used biases to give more importan
eto the part of the history relating to nodes that are synta
ti
ally 
lose to thenode that the parser is guessing. Their parser not only gave state-of-the-artresults on the fun
tion parsing task, but also the performan
e did not de-
rease 
ompared to the SSN parser on the purely synta
ti
 task, altough thetask was more 
omplex and the output was ri
her. The parser 
ould takeadvantage of the ri
her information to better learn the original task.The fun
tion parser a
hieves 89.2% F-s
ore on the Penn Treebank forthe purely synta
ti
 task.3.5 The Semanti
 Role Labelling (SRL) ParserMusillo and Merlo (Musillo and Merlo, 2006a) trained another parser in asimilar fashion to the fun
tion parser. This time they trained the SSN parseron the Proposition bank (see 3.2). They used a tagset of 613 non-terminalsinstead of the 33 purely synta
ti
 tag that the SSN parser uses. The newtags are made of the original tag set followed by one or more semanti
 rolesfrom the Proposition bank.Their new parser had to solve a more 
omplex task than the originalparser sin
e it not only output the synta
ti
 stru
ture but also the semanti
role labels. It gave satisfa
tory results on the semanti
 role labelling task,and the performan
e on the purely synta
ti
 task did not signi�
antly de-
rease (89.0% F-s
ore on the Penn treebank), altough the task was more
omplex.3.6 Con
lusionIn this 
hapter we des
ribed a 
orpus with synta
ti
 stru
ture information:the Penn treebank. We saw that the Penn treebank had also been annotatedwith semanti
 role labels resulting in the Proposition bank.In this work we will use three parsers: the SSN parser, the fun
tionparser and the SRL parser. We will 
ombine their results to improve theperforman
e of parsing. One of the novelty of this work is that the three



CHAPTER 3. THE THREE PARSERS 29parsers are not di�erent in the te
hnology that they use, but in the granu-larity of the tags on whi
h they were trained and that they 
an output. Thete
hnology used for all three parser is the same: It is based on the parserdeveloped by (Henderson, 2003). As we will see in the next 
hapter, one ofthe question underlying this work is whether the parsers are diverse enoughto be su

essfully 
ombined.



Chapter 4Resear
h Question: How 
anwe get a Better S
ore with ourParsers ?The goal of this thesis is to 
ombine three parsers that are all based on theSSN te
hnology, but that were trained on 
orpora whose label inventory hada di�erent granularity and 
onveyed di�erent types of linguisti
 information.This 
ombination will be su

essful if it in
reases the performan
e, 
omparedto the performan
es of the individual parsers. In this 
hapter we will exam-ine in detail the resear
h questions that underlie this work, as well as thehypotheses that we will make.4.1 Can we Su

essfully Apply Ensemble Learningto our Parsers ?We will 
onsider that the 
ombination of several programs is su

essful, ifthe resulting performan
e is higher than the performan
e of the individualprograms. As we have already seen in 
hapter 1, Dietteri
h (2000) gives thefollowing 
ondition for the 
ombination of several 
lassi�ers: the 
ombina-tion will be su

essful if the 
lassi�ers are a

urate and diverse. We know,from previous work su
h as (Henderson and Brill, 1999) and (Sagae andLavie, 2006), that it is possible to su

essfully 
ombine the output of severalparsers. We will investigate if this result applies to our SSN parsers, thatis, if our parsers satisfy the 
ondition. Our parsers are a

urate: they havea pre
ision and a re
all higher than 50%. The question is whether they arediverse enough. 30



CHAPTER 4. RESEARCH QUESTION 31The parsers are diverse if their errors on new inputs are independent fromea
h other. An error that is made by all parsers will also o

ur in the �nalparse, whereas it is possible to dete
t and 
orre
t an error that is made byfew parsers. This means that the more 
orrelated the errors are among theparsers, the less su

essful the 
ombination will be.It is not straightforward to determine if our parsers are diverse, be
ause,
ontrary to previous work, we use parsers that are implemented with thesame te
hnology, and this 
ould make the errors more 
orrelated. There areseveral reasons to believe that this will not be an obsta
le. We will examinethem in details in the next se
tions. In se
tion 4.1.1, we will 
al
ulate howthe performan
e would in
rease if the errors were independent. In se
tion4.1.2 we will present a minimal 
ondition on the 
orrelation of errors, forthe 
ombination to be su

essful. We will then present an upper bound onperforman
es for our spe
i�
 data.4.1.1 Upper Bound with Independent ErrorsThe more independent the errors, the better the 
ombination will be. Wewill now 
al
ulate an upper bound for the 
ombination, if it is done with avoting te
hnique, and if the errors are totally independent between parsers.If this upper bound were too low, our work would not be relevant, but wewill see that it is high.The voting te
hnique 
onsists in 
hoosing only 
onstituents that are ina majority of observed trees, so that only errors that appear in two or threeof the parsers would also appear in the �nal trees. We 
al
ulate the upperbound of pre
ision �rst. The original parser a
hieves a pre
ision of 88.4%,the fun
tion parser 88.9% and the SRL parser 88.3%, that is, error ratesof 11.6%, 11.1% and 11.7% respe
tively. If the errors of the parsers areindependant, then we 
an multiply their probabilities to obtain the proba-bility that two or three parsers make an error. The probability that onlythe original and the fun
tion parsers make an error is 0.116 · 0.111 · 0.883.The probability that only the fun
tion and the SRL parsers make an erroris 0.884 · 0.111 · 0.117. The probability that only the original and the SRLparsers make an error is 0.116 · 0.889 · 0.117. The probability that all parsersmake an error is 0.116 · 0.111 · 0.117. So we have:
0.116 · 0.111 · 0.883 + 0.884 · 0.111 · 0.117

+ 0.116 · 0.889 · 0.117 + 0.116 · 0.111 · 0.117 = 0.036
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false positives in best parser: P1

false positives
P2in

false positives in P3Figure 4.1: False positives in ea
h parser. If the 
ardinality of the upper grey areais lower than the 
ardinality of the lower grey area, the 
ombination will be su

essful.So, if the errors are independent, the false positive rate in the �nal parseis 3.6%, whi
h represent a pre
ision of 96.4%. The same reasoning appliesto re
all:
0.127 · 0.123 · 0.876 + 0.127 · 0.877 · 0.124

+ 0.873 · 0.123 · 0.124 + 0.127 · 0.123 · 0.124 = 0.0427So the upper bound re
all for voting is 95.7%.Unfortunately, we 
annot assume that the errors are independent. Theparsers may en
ounter similar di�
ulties, and some 
onstituents may bemore di�
ult than others for all parsers, so the errors are probably not to-tally independent. But improvement 
an be made if the errors are not highly
orrelated. We will now present a minimal 
ondition on the distribution oferrors for the 
ombination to be su

essful.4.1.2 A Minimal Condition on the Correlation of ErrorsLet us formalise what the pre
ision of a su

essful 
ombination is. The samereasoning applies to re
all, but applied to false negatives. Pre
ision in
reasesif there are fewer false positives in the �nal parse than in the best parser out-put.Let P1 be the parser that produ
es the least false positives, and P2 and
P3 the other two parsers. If we use votes, we keep all the false positives thatare in the interse
tions of two or three parsers. Figure 4.1 shows the set offalse positives. The 
ombination is su

essful if there are fewer false positives
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tions of the 3 sets than in P1:
| P1 ∩ P2 | + | P1 ∩ P3 | + | P2 ∩ P3 | −2 | P1 ∩ P2 ∩ P3 |

<| P1 |The interse
tions involving P1 are shared and 
an be subtra
ted fromboth sides:
| P2 ∩ P3 | − | P1 ∩ P2 ∩ P3 |

<| P1 | − | P1 ∩ P2 | − | P1 ∩ P3 | + | P1 ∩ P2 ∩ P3 |This means that the 
ardinality of the lower grey area in �gure 4.1 mustbe smaller than the 
ardinality of the upper grey area. P1 must more oftenbe the only parser whi
h is mistaken than the only parser whi
h is right, forthe parse 
ombination to bring an improvement in prin
iple.We 
ounted the 
ardinality of these sets in our parsers output for se
tion24 of the Penn Treebank, to verify that the 
ondition applies. The bestparser is the fun
tion parser. The results are given in table 4.1.Table 4.1: Some analysis of the results of the parsers to 
al
ulate the upper boundfor ensemble learning. Only in the fun
tion parser In both other parsersfalse positives 1087 406false negatives 650 426The 
ells on the left 
ontain higher numbers than the 
ells on the right,so the 
ondition is veri�ed for our parsers, and the 
ombination 
ould besu

essful. Experiments will show how mu
h.We veri�ed that the in
rease in performan
e 
an be signi�
ant by 
al
u-lating a more pre
ise upper bound. We used the output of our parsers onse
tion 24 of the Penn Treebank. We 
al
ulated this upper bound for twodi�erent 
ombination te
hniques: re
ombining 
onstituents, and re
ombin-ing smaller entities. We wanted to verify the presen
e of 
orre
t 
onstituentsin at least one parser output, and the absen
e of some false positives in atleast one parser output. The exa
t pro
edure is des
ribed in se
tion 5.5.



CHAPTER 4. RESEARCH QUESTION 34The upper bound performan
es were mu
h higher than the best parser per-forman
es and than the state-of-the-art: 93.9% maximum re
all and 96.3%maximum pre
ision.4.2 How do we De
ompose the Parses before Re-
ombining them ?As we explained in 
hapter 2, previous works use mainly two levels of de
om-position: one 
onsists in sele
ting the best whole trees out of the observedparse trees, and the other 
onsists in using the best 
onstituents in the ob-served parse trees to build new trees. The se
ond approa
h gave betterresults. Con
eptually, a bigger entity might 
ontain more mistakes than asmaller 
orre
t entity. For example, if we 
hoose the most 
orre
t tree outof several trees that all 
ount several false positives, we will still have falsepositives in the best possible output. Those mistakes 
ould be 
orre
tedby 
hoosing individually the 
orre
t 
onstituents, be
ause the 
orre
t 
on-stituents might be in other trees. The most 
orre
t bigger entity 
annot
ontain less error than the entity made out of the most 
orre
t sub-entities.At the limit, if the entities are atomi
, 
hoosing always the 
orre
t ones pro-du
es a perfe
t result. We will, thus, examine if we 
an further de
omposethe 
onstituents.A 
onstituent is de�ned as a triplet: (label, opening position, 
losing po-sition). Label is the synta
ti
 label of the 
onstituent, opening and 
losingposition are the indi
es of the �rst and of the last word of the 
onstituent.For example the tree in �gure 4.2 in
ludes the following 
onstituents: (S, 1,8), (NP, 1, 2), (VP, 3, 8), (VP, 4, 8), (PP, 5, 8).
S

NP VP

VBD VP

VBNwas

powered

PP

 

by a steam engine    

  The  machine 

1 2

3

4 5 6 7 8Figure 4.2: A synta
ti
 tree with word indi
es. The tree in
ludes several 
onstituents.Two of them bear the VP label.



CHAPTER 4. RESEARCH QUESTION 35As we have seen in 
hapter 3, the parsers build the trees using sequen
esof a
tions. The a
tions never involve a
tual 
onstituents, but they 
an beseen as manipulating parts of 
onstituents. Spe
i�
ally, the proje
t(Y) a
-tion de
ides on the opening position of a 
onstituent, and some atta
h a
tionsde
ide on the 
losing position of a 
onstituent. Proje
t(Y) introdu
es a new
onstituent Y, and spe
i�es that the �rst 
hild of Y is X : the 
onstituenton the top of the sta
k. This spe
i�es that the opening position of Y is theopening position of X. Similarly, the atta
h a
tion that atta
hes the last 
hildof a 
onstituent, de�nes this same 
onstituent 
losing position. Although themat
h between a
tions and opening and 
losing positions of 
onstituents isnot bije
tive, the opening and 
losing positions are more similar to the parsera
tions than the 
onstituents.The fa
t that they are 
loser to the parser a
tions than 
onstituentsmakes the opening and 
losing positions a natural 
hoi
e for de
omposingthe 
onstituents. We will extra
t two pairs from ea
h 
onstituent: (label,opening position) and (label, 
losing position). We will 
all these pairs paren-theses, be
ause they mat
h the parentheses in the parentheses representationof the trees. We will then re
ombine these pairs into new 
onstituents. Wewill sele
t among them the 
onstituents that form the �nal trees. It is possi-ble that some of these re
ombined 
onstituents do not appear in any of theobserved trees.We will 
all a 
onstituent formed of two half 
onstituents and that isnot ne
essarily in any observed tree a re
ombined 
onstituent. In 
ontrast,we will 
all 
onstituents that were not de
omposed whole 
onstituents. Wewill make experiments with re
ombined 
onstituents and with whole 
on-stituents.4.3 Whi
h are the Corre
t Entities ?Independently of the size of the entities that we 
ombine, we need a methodto dis
riminate the true from the false positives. As we have seen in 
hapters1 and 2, J. C. Henderson and Brill (1999) had good results with votes. Sagaeand Lavie (2006) generalised the te
hnique by using a weighing s
heme.They attributed a weight to ea
h 
onstituent, and 
ombined the heaviest
onstituents into the �nal trees. They 
ombined only 
onstituents that wereheavier than a threshold. They expressed J. C. Henderson and Brill's methodin this framework: the weight is the number of votes, and the threshold isthe majority of the parsers.
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onstituents a weight based on votes and determinewhat is the best threshold. However, we need to adapt this method tore
ombined 
onstituents. We will use two di�erent weighing s
hemes forre
ombined 
onstituents. The voting te
hnique 
annot be adapted straight-forwardly, be
ause, although the 
ase of one whole 
onstituent appearingseveral times in one parse tree is impossible, the same parenthesis 
an ap-pear many times in ea
h tree. For example, several NPs 
an begin at thesame position, leading to many opening parenthesis of the same label atthe same pla
e. We will, thus, use a weight proportional to the number ofobserved trees in whi
h ea
h parenthesis o

ur, and another weight, propor-tional to the total number of o

urren
es of ea
h parenthesis in the observedtrees. Experiments will show whi
h weighing s
heme gives better results.Those weighing s
hemes will be dis
ussed in detail in 
hapter 5.We will also use a support ve
tor ma
hine 
lassi�er to 
lassify the 
on-stituents into two 
lasses: true positives and false positive. We hope thatusing more parameters to dis
riminate false positives will lead to better re-sults. Here the parameters will be the kind and number of features on whi
hthe support ve
tor ma
hine will be trained. Parti
ularly, the experimentwill show if the labels of the 
onstituents 
an help in dis
riminating falsepositives or are useless, as they were for J. C. Henderson and Brill (1999).4.4 How do we Build a Tree out of a Set of Con-stituents ?The Parseval standard, whi
h we will use to evaluate our results, applieson sets of 
onstituents. A tree is always a set of 
onstituents, however, the
onverse is not true: a set of 
onstituents does not ne
essarily form a tree.For example, if two 
onstituents in the set have 
rossing parentheses thenthey 
annot 
oexist in a tree. It is, thus, possible for a set of 
onstituentsthat is not a tree to have a good s
ore under the Parseval standard. Spe
if-i
ally, it 
an get a 100% re
all, but it 
annot get a 100% pre
ision, be
ausethe 
orresponding tree in the gold standard 
annot in
lude a pair of 
rossing
onstituents.We want to output trees, be
ause a parse whi
h is not a tree has littlesynta
ti
 meaning. So we will use an algorithm that builds a tree out ofthe best 
onstituents. This algorithm will also dis
ard bad 
onstituents that
ompete with better ones, improving pre
ision. We need an algorithm thatoutputs the heaviest tree out of a set of weighted 
onstituents.
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h an algorithm does not, as far as we know, readily exist. There exists,however, several algorithms that �nd the best tree out of a weighted gram-mar. We will adapt and use the Co
ke-Younger-Kasami algorithm, whi
h,being based on dynami
 programming, is a fast parsing algorithm.4.5 Con
lusionOur main obje
tive is to �nd the best way to 
ombine our three parsers. Wewill explore several parameters. We will use two di�erent sizes of tree sub-units: 
onstituents and parentheses. We will sele
t the whole 
onstituentswith two methods: 
hoosing the 
onstituents that get most votes, or using asupport ve
tor ma
hine to dis
riminate them. We will sele
t the re
ombined
onstituents with two weighing s
hemes. The �rst weighing s
heme is basedon one vote per parser, and the se
ond is based on n votes per parser. Wewill explore the spa
e of these parameters to �nd the best results.



Chapter 5Development of a SimpleSystemIn this 
hapter, we will des
ribe our �rst experiments and present their re-sults. Parti
ularly, in se
tion 5.3, we will examine how we de
omposed theparses before re
ombining them. In se
tion 5.5, we will des
ribe how weadapted an existing algorithm to output the heaviest tree out of a set of
onstituents. We will then (5.7) present two simple experiments and analysetheir results. These results led us to develop a more 
omplex system.5.1 Global Flow
hartWe developed a program to re
ombine the parses of our three parsers. Weused this program with di�erent parameters to test our di�erent hypotheses.Figure 5.1 des
ribes the general stru
ture of this program.First, ea
h parser pro
esses a 
orpus of senten
es. The resulting parsesare stored in �les using the parentheses representation (for details about thisrepresentation, see se
tion 3.1.2). Our program retrieves those trees. Theprogram pro
esses sets of three 
orresponding trees, one from ea
h parser,ea
h tree representing the same senten
e. It de
omposes the trees into 
on-stituents, and merges all 
onstituents of all trees into a multiset. This is theset of all possible 
onstituents for this senten
e. At this point, we 
an performtwo di�erent experiments: either the program uses the whole 
onstituents, orit de
omposes the 
onstituents into parentheses and then re
ombines them(for more on the re
ombination see se
tion 5.3). It then gives a weight tothe whole or re
ombined 
onstituents (for more information on this step, seese
tion 5.6). The set of weighted 
onstituents is then passed to a fun
tionthat sele
ts those that form the heaviest possible tree (see se
tion 5.5). This38
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input sentence

original parser function parser SRL parser

tree 1 tree 3tree 2

decompose 
tree into constituents

Set of weighted  constituents

weight whole
constituents

decompose into 
parentheses

recompose and 
weight

Combine into
the heaviest possible

tree

final treeFigure 5.1: Flow
hart of the simple system.



CHAPTER 5. DEVELOPMENT OF A SIMPLE SYSTEM 40tree is then saved into a �le. Finally, we 
an evaluate the quality of theresulting trees using the Parseval measure.5.2 Data and MaterialsWe will now brie�y present the data and the materials that we used for ourexperiments.We performed all experiments on se
tion 24 of the Wall Street Journalpart of the Penn Treebank. This is one of the se
tions that was never usedto train our parsers, and, therefore, it 
onstitutes new data. It is a relativelysmall se
tion, whi
h would not be suitable for training, but having a small
orpus helps to redu
e the run-time of our experiments. Although the se
tionis small it still gives a signi�
ant amount of results. This se
tion 
ontains1'345 senten
es and about 25'600 
onstituents.The input of our program was the parses of the senten
es of se
tion 24by the SSN Parser, the fun
tion Parser, and the SRL Parser. We never usedthe SRL or fun
tion tags, but only the synta
ti
 tags of the parses. Whenevaluating our results, we used se
tion 24 of the Penn Treebank as gold stan-dard, and we took into a

ount only the synta
ti
 tags. For the evaluations,we used the program evalb, whi
h implements the Parseval standard (Sekineand Collins, 2005).We ran all experiments on a linux ma
hine, with two Intel Pentium 43.2GHz pro
essors and 1 Gigabyte of RAM. We wrote the programs in Perl,using the pa
kage Tree::Binary for the trees. The run-time was 5 to 10 min-utes for ea
h experiment.5.3 Combining Tree Sub-Units: Whole Constituentsand ParenthesesThe �rst step of our program was to de
ompose the trees into sub-unitswhi
h 
ould then be re
ombined into new trees. As we have seen in 
hapter4, it is possible to de
ompose trees into 
onstituents, and to de
ompose 
on-stituents into parentheses. We performed experiments with ea
h de
ompo-sition. The former has already been done in previous work, and the latter isa new experiment. We will now des
ribe in details these two de
ompositions.



CHAPTER 5. DEVELOPMENT OF A SIMPLE SYSTEM 415.3.1 Whole ConstituentsWhole 
onstituents are the 
onstituents that appear in the observed trees.Previous work used de
omposition into 
onstituents su

essfully. We used itas well in some of our experiments. We wanted to verify that the positiveresults obtained by previous work (Henderson and Brill, 1999), (Sagae andLavie, 2006) 
ould be reprodu
ed with our parsers. We will give the resultof basi
 experiments with whole 
onstituents in se
tion 5.7.1, and the resultsof more 
omplex experiments in 
hapter 6.5.3.2 Re
ombined ConstituentsAs we have seen in 
hapter 4, the idea for de
omposing the whole 
onstituentsinto parentheses and then re
ombining these parentheses into re
ombined
onstituents was to work with entities smaller than 
onstituents. We wantedto test the hypothesis that using smaller entities would improve the ensemblelearning. To make sure that this method 
ould improve over methods usingwhole 
onstituents, we 
al
ulated an upper bound s
ore for experiments withde
omposition of 
onstituents into parentheses. This upper bound was su-perior to the upper bound of experiments with whole 
onstituents. We willdes
ribe these 
al
ulations in details in se
tion 5.4. We will now formalisethe notion of re
ombined 
onstituents.We de
omposed the whole 
onstituents into parentheses. Formally, anopening parenthesis is a pair of (label, opening position), and a 
losing paren-thesis is a pair of (label, 
losing position). We re
ombined pairs of openingand 
losing parentheses into re
ombined 
onstituents if and only if the twofollowing 
onditions were met:� The label of the opening parenthesis is the same as the label of the
losing parenthesis.� The opening parenthesis o

urs before the 
losing parenthesis: openingposition <= 
losing position. (If the positions are equal, we have aone-word-long 
onstituent).There are two di�erent types of re
ombined 
onstituents: the original
onstituents, and the new 
onstituents. The original 
onstituents did alreadyo

ur in an observed tree. Our rules do not spe
ify that we 
annot re
re-ate those 
onstituents. The only di�eren
e between the whole 
onstituentsand the original 
onstituents is their origin. The whole 
onstituents are di-re
tly extra
ted from the observed trees, whereas the original 
onstituentsare re
reated by re
ombining their parentheses. The new 
onstituents are
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ombined 
onstituents that do not appear in any observed trees.We weighted the re
ombined 
onstituents and extra
ted the heaviest treeout of them. In se
tion 5.6 we des
ribe the weights, and, in se
tion 5.5, wedes
ribe the algorithm that we used to build the trees.5.4 Upper BoundTo make sure that the 
ombination of parses from our parsers 
ould be su
-
essful, we measured an upper bound, using the real output of our parsers.We used the parses of se
tion 24 of the Penn Treebank. For every 
onstituent,we know, for ea
h parser, if the parser in
luded or ex
luded the 
onstituentfrom its parse tree. To 
al
ulate the upper bound, we used an ora
le thatpredi
ts, for any 
onstituent, whi
h parser is right in in
luding or ex
ludingit. If every parser is wrong, then we do not have the answer, and there willbe a mistake. The general idea is to 
ount how many 
orre
t entities are inthe output of at least one parser. These entities 
ould also be in the �nalparse, if the ora
le 
hooses them.We 
al
ulated two upper bounds: one for a method using whole 
on-stituents and one for a method using re
ombined 
onstituents. We 
ouldthen 
ompare the two methods to know if de
omposing the 
onstituents
ould improve the performan
e. Se
tion 5.4.1 des
ribes the upper bound
al
ulations for whole 
onstituents, and se
tion 5.4.2 des
ribes the 
al
ula-tions for re
ombined 
onstituents.5.4.1 Whole Constituents Upper BoundWe de�ne 
onstituents as potentially 
orre
t if they appear in the gold stan-dard tree and in at least one 
orresponding observed tree. With the numberof potentially 
orre
t 
onstituents in a se
tion, we 
an 
al
ulate the upperbound re
all. If we 
ould put all the potentially 
orre
t 
onstituents in the�nal tree, then the re
all would be:re
all =
|{potentially 
orre
t 
onstituents}|
|{
onstituents in the gold standard}| (5.1)With the observed trees of se
tion 24, the upper bound re
all on whole
onstituents is 93.9%.



CHAPTER 5. DEVELOPMENT OF A SIMPLE SYSTEM 43To 
al
ulate an upper bound pre
ision, we need a di�erent denominator.The denominator in the pre
ision 
al
ulations must be the total number of
onstituents in the result parse tree. This number 
an be further de
om-posed into two fa
tors: the number of 
orre
t 
onstituents in the parse tree,and the number of false positives. We will use the number of potentially
orre
t 
onstituents as the number of 
orre
t 
onstituents, and we will fol-low the same intuition for the false positives. Sin
e we 
al
ulate the bestpossible result, we will 
ount as false positives only the 
onstituents thatmust end in the �nal tree, and that we will not be able to dis
ard. These
onstituents are the ones that are in every parser. The ora
le will not beable to 
hoose a 
orre
t parser for them. We don't 
ount other false posi-tives, be
ause we assume that our ora
le dis
ards them. We 
all the falsepositives that must end in the �nal tree unavoidable false positives. We have:pre
ision =
|{potentially 
orre
t 
onstituents}|

|{potentially 
orre
t 
onstituents} ∪ {unavoidable false positives}|(5.2)The upper bound pre
ision on whole 
onstituents is 96.3%.Both upper bound pre
ision and upper bound re
all are mu
h higher thanthe result of the best parser (87.7% re
all, 88.9% pre
ison). These resultsare en
ouraging. They mean that a high improvement might be a
hieved by
ombining the parsers: the 
orre
t information exists. However, the problemof dis
riminating it from the noise remains.5.4.2 Re
ombined Constituents Upper BoundWe also 
al
ulated an upper bound for re
ombined 
onstituents. As withwhole 
onstituents, we use the notion of potentially 
orre
t 
onstituents.These 
onstituents are the ones that appear in the gold standard tree, andwhose parentheses appear in at least one observed tree, not ne
essarily thesame tree for both parentheses. We use the same de�nition of upper boundre
all as for the whole 
onstituents. This gives us an upper bound re
allof 95.3%. This result is higher than the upper bound re
all for whole 
on-stituents whi
h supports the idea that re
ombining the 
onstituents 
ouldlead to higher performan
es.We did not adapt the 
on
ept of unavoidable false positives to the re-
ombined 
onstituents. The resulting pre
ision would have been too low,be
ause all re
ombinations of all whole 
onstituents that are unavoidablefalse positive would also have been unavoidable false positives. Those are
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learly not inevitable, at least be
ause they 
ould have 
rossing parenthesesone with another, and would then not form a tree. We did not 
al
ulatean upper bound pre
ision for re
ombined 
onstituents. We 
ould expe
t thepre
ision to de
rease, be
ause the te
hnique 
an add a lot of noise. Despitethis intuition, we de
ided to experiment with the te
hnique for two reasons:we 
ould not prove that the pre
ision would e�e
tively de
rease, and evenif it did, it was possible that a mu
h higher re
all 
ompensated for it, stillin
reasing the F-s
ore.5.5 The Tree Building AlgorithmWe will now des
ribe how we formed trees out of our weighted 
onstituents.As we have seen in 
hapter 4, a set of 
onstituents does not ne
essarily form atree, and we wanted to output trees. So, when the 
onstituents are weighted,whether they are whole or re
ombined 
onstituents, we need to 
onstru
t theheaviest possible tree out of them.The weighted Co
ke-Younger-Kasami (CYK ) algorithm 
an output theheaviest tree out of a weighted grammar. This algorithm produ
es a solu-tion in polynomial time: O(n3), where n is the length of the senten
e to beparsed. We used a modi�ed version of this algorithm. In se
tion 5.5.1, wewill des
ribe the original CYK. In se
tion 5.5.2, we will present a way tomodify it to suit our needs. Finally, in se
tion 5.5.3, we will des
ribe the realimplementation, whi
h is a little di�erent from the theoreti
al view.5.5.1 The Co
ke-Younger-Kasami Algorithm for WeightedGrammarsThe CYK algorithm uses a te
hnique 
alled dynami
 programming, so beforedes
ribing the algorithm, we will introdu
e this notion.Problems 
an often be divided into sub-parts. The dire
t way to solvesome problems involves solving several times the same sub-problems. Sup-pose, for example, that we need to �nd the shortest path between point Aand G in �gure 5.2. A simple way to solve this is to 
al
ulate the length ofevery possible path and to sele
t the shortest path. But several paths in
lude
C, and it would be more e�
ient to 
al
ulate the length of the shortest pathfrom A to C, and to use it to 
al
ulate both the A to G path that passes by
E and the one that passes by F . In dynami
 programming, any sub-part ofa problem is only solved on
e, so the shortest path from a point to another is
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Figure 5.2: A path problem. It is possible to store the length of sub-paths, to prevent
al
ulating them several times.
al
ulated on
e, then it is stored and reused for the other 
al
ulations. Sup-pose that the shortest path from A to all points but G is already 
al
ulatedand stored. Here is how to 
al
ulate the shortest path from A to G:
P (G) = min(P (E) + E → G,P (F ) + F → G) (5.3)where P (X) is the length of the shortest path from A to X, and X → Y isthe length of the path form X to Y .The dynami
 programming approa
h applies to parsing. The problemhere is, given a senten
e and a binary weighted grammar, to build the heavi-est tree that parses the senten
e. The sub-problems are to �nd the best treethat parses ea
h sub-part of the senten
e. Consider the following senten
eand weighted grammar.1. Ada veri�ed the 
ode on the 
ard.S −→ NP VP, w=3NP −→ NP PP, w=1NP −→ Det N, w=2VP −→ VP PP, w=1VP −→ VP NP, w=2PP −→ Prep NP, w=1VP −→ V-veri�edNP −→ N-AdaCYK �nds the heaviest tree that spans every sub-string of the senten
e.It begins with the trees that span sub-strings of length 1, su
h as Ada or
ode, then it �nds the other trees, the ones spanning a shorter sub-stringbefore the ones spanning a larger sub-string of the senten
e. It stops whenit rea
hes the longest sub-string: the whole senten
e. It uses a 
hart thatstores the parses of every sub-strings. Figure 5.3 shows the 
hart for senten
e
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Figure 5.3: A CYK 
hart. Ea
h 
ell 
ontains the root node of the heaviest tree thatspans it, the weight of this tree, and pointers to the two 
hildren of the root node.1. The ith 
ell (left to right) of the jth line (bottom up) stores informationabout the sub-string of the senten
e that starts at position i and is j wordslong.Ea
h 
ell stores the heaviest tree spanning the sub-string 
orrespondingto it. It stores the root node of this tree, the total weight of the tree, andpointers to the two 
hildren of the root node. CYK �lls the 
hart from left toright and from bottom up. First, it �lls the lowest line whi
h 
onsists in theunary nodes on the terminals. To �ll the higher 
ells, CYK 
onsiders all thepossible binary partitions of the group of words that the 
ell spans. CYK
ompares ea
h binary partition with the right handside of the rules. If thetwo elements of the partition are the two elements of the right handside of arule then CYK makes the left handside of this rule the root of the tree storedin this 
ell. If several trees are possible with di�erent root nodes, they areall added to the 
ell, but if they have the same root label, only the heaviestis stored. The weight of the tree is the sum of the weights of the two sub-trees and of the weight of the rule that produ
ed the root node. There is noneed to re
al
ulate the two sub-trees: they are stored in the appropriate 
ells.This algorithm produ
es the heaviest possible tree in time O(n3), where
n is the number of words of the senten
e. But it requires a binary grammar,and we have 
onstituents whi
h are not ne
essarily binary.
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ation of CYK for ConstituentsWe modi�ed the CYK algorithm to �t our problem. We developed a versionthat dire
tly uses 
onstituents whi
h do not have to be binary. Our versionstill �nds the best solution in time O(n3).Our intuition is to treat 
onstituents dire
tly, without using a grammar.The output of the algorithm must be the heaviest possible set of 
onstituentswith no 
rossing parentheses. We will only dis
ard 
onstituents if they 
om-pete with heavier 
onstituents. Constituents 
ompete with ea
h other if theyhave 
rossing parentheses or if they have the same span.To be sure that the set of 
onstituents that the algorithm output is atree, we need to meet two requirements: that there is no 
onstituent with
rossing parenthesis, and that there is at least one node that spans the entiresenten
e. We need to ensure that the �rst 
ondition is met, but the se
ondwill always be met. The reason is that there always exists a 
onstituentlabelled root that spans the entire senten
e. This 
onstituent 
annot have
rossing parenthesis with another 
onstituent. The only possible 
ompetitorfor the root node would be a 
onstituent that has the same span. And if this
onstituent wins, then we still have a tree, be
ause the winning 
onstituentwill also span the entire senten
e.We will need to take spe
ial 
are of the unary 
onstituents. A unary
onstituent has a single 
hild. Formally two 
onstituents C1 and C2 areunary to ea
h other if C1 and C2 opening and ending positions are the same.Although the notion of unary to ea
h other might seem odd, it is indispens-able be
ause in the 
onstituent representation, if two 
onstituents have thesame span, it is impossible to know whi
h one is the parent, and whi
h isthe 
hild. On
e the 
onstituents are passed to the algorithm, unary ones areindistinguishable from 
ompeting 
onstituents with the same span. Theywould 
ompete with ea
h other, and there would be no unaries in the result-ing tree. Thus, we have to treat them before passing them to the algorithm.We merge unary 
onstituents, retaining the information of whi
h one is theparent and whi
h one the 
hild, and we pass the merged 
onstituents to thealgorithm, where they are treated as normal 
onstituents. We will des
ribethe exa
t method for merging unary in se
tion 5.6.3.The algorithm uses dynami
 programming. We 
al
ulate the best set of
onstituents for ea
h sub-string of the senten
e. As in CYK, we 
al
ulatethe best set of 
onstituents for a group of words by taking the best unionof the set of 
onstituents that spans two sub-strings of our phrase, plus the
onstituent that best spans our phrase, if su
h a 
onstituent exists. There
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on

codeFigure 5.4: Two possible trees for a senten
e. We will extra
t and weight the
onstituents before passing them to the tree building algorithm.is no restri
tion on whi
h 
onstituent 
an be the parent of whi
h other 
on-stituents, whi
h leads ea
h 
ell of the 
hart to be �lled. The weight of a 
ellis 
omputed by summing the weight of its set of 
onstituents. The algorithm
hooses randomly if two possibilities lead to the same weight.For example, let us suppose that two parsers output the �rst tree in �gure5.4, and one parser outputs the se
ond tree, for senten
e 1. We extra
t the
onstituents from the trees and weight them; the weight of ea
h 
onstituentsbeing the number of observed trees in whi
h this 
onstituent appears. Weget the set of 
onstituents in table 5.1.Table 5.1: Set of 
onstituents for the modi�ed CYKlabel opening position 
losing position weightS 1 7 3VP 2 7 3NP 3 4 3PP 5 7 3NP 3 7 2VP 2 4 1NP 6 7 3Figure 5.5 shows the 
hart for 
ombining these 
onstituents into the heav-iest possible tree. The �rst line is �lled with the POS tag, then the other
ells are �lled with the 
onstituent that exa
tly spans the sub-senten
e 
or-responding to the 
ell, if it exists (in the upper left 
orner of the 
ell). The
ell is also �lled with referen
es to the two 
ells that represent the two sub-parts of the original 
ell whose summed weight is the highest (in the lowerleft 
orner of the 
ell). If two de
ompositions produ
e the same weight, thealgorithm 
hooses randomly. The weight of the 
ell is the sum of the weights
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Figure 5.5: A 
hart for the modi�ed CYK. Cells are �lled with 
onstituents andpointers to sub-partitions.of its two sub-parts and of the weight of the 
onstituent that spans the whole
ell, if it exists. If su
h a 
onstituent doesn't exist, then the weight of the
ell is only the sum of its two sub-parts. Generally the weight of the ith 
ellof the jth line is 
al
ulated as follow:
W (i, j) = max

0<k≤j
{C(i, j) + W (i, k) + W (i + k, j − k)} (5.4)Where W (i, j) is the total weight of the tree that spans (i, i + j − 1),and C(i, j) is the weight of the heaviest 
onstituent that spans (i, i + j) if itexists, and is 0 otherwise.When the 
hart is full, the set of 
onstituents that form the heaviest tree
an be retrieved re
ursively:set(C) = 
onst(C) ∪ set(C.sub-part1) ∪ set(C.sub-part2) (5.5)Where C is a 
ell at position (i, j), 
onst(C) returns the heaviest 
on-stituent that spans (i, i + j − 1) and ∅ if su
h a 
onstituent does not exist.

C.sub-part1 and C.sub-part2 are the two 
ells that 
onstitute the best par-tition of C.
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onstituents in our example 
an be found in table 5.2.The resulting tree has a total weight of 17.Table 5.2: The set of 
onstituent that the modi�ed CYK outputs.label opening position 
losing position weightS 1 7 3VP 2 7 3NP 3 4 3PP 5 7 3NP 3 7 2NP 6 7 3The 
omplexity of the algorithm is O(n3). The algorithm needs to �llevery 
ell of the 
hart: 1
2n2. For every 
ell of the 
hart it needs to test every

n − 1 possible partition. 1
2n2 · (n − 1) ⇒ O(n3).We did not implement this algorithm. We implemented another versionwhi
h is des
ribed in the next se
tion.5.5.3 A
tual Implementation of the Tree Building AlgorithmAs we have already stated, the two problems for applying CYK in our 
ase isthat we do not have a grammar, and that the 
onstituents are not ne
essarybinary. It is possible to use the CYK with a non 
onstrained grammar, thatis, allowing 
onstituents to have any parent. It is also possible to binarisethe 
onstituents. The algorithm was mainly developed by Gabriele Musillo(personal 
ommuni
ation).We use a non 
onstrained grammar: every 
onstituent 
an be the parentof every two 
onstituents that span a binary partition of the span of theirparent. So, if the 
onstituents are binary, we 
an use CYK.To ensure that every 
onstituent 
an be generated by two 
onstituents, itis enough to binarise the observed trees before extra
ting their 
onstituents.Trees are binarised by adding an auxiliary 
onstituent with a spe
ial labelevery time the tree is not binary. Figure 5.6 shows an example of the bina-risation pro
ess.The label of the auxiliary 
onstituent represents the labels of the siblingand parent node. All auxiliary labels are removed after the CYK has �n-
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A

B C D E −→

A

B A−B

C

D E

(A−B)−C

Figure 5.6: Binarisation pro
ess. The left tree is transformed into the right tree.The binarisation 
onstituent 
an be removed to retrieve the original tree.
1 2 3 4

 B C1
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3

4

D E

Figure 5.7: CYK 
hart for the non binary tree of �gure 5.6. The algorithm fails tobuild a tree out of the 
onstituents of the original tree for this senten
e.ished, to get the �nal tree. The binarisation 
onstituents are only allowedto appear with their original parent and sibling.The goal of the binarisation pro
ess is to ensure that every 
onstituenthas at most two 
hildren. Without this, the CYK algorithm as we use itwould fail. For example, take the non binary tree in �gure 5.6, assume thatwe use a non-
onstraining grammar, where ea
h 
onstituent 
an generateany 
ombination of sub-
onstituents that 
overs the the whole span of theparent 
onstituent. We would have the 
hart in �gure 5.7.So all 
ells of the se
ond and third line are empty, be
ause there are no
onstituent that spans exa
tly two or three words. If we take into a

ountonly binary partitions, we 
annot �ll the top 
ell, be
ause no binary partitionspans the whole span of the top 
ell. There are 3 possible binary partitions:
ells 1,1 and 2,3, 
ells 1,2 and 3,2 and 
ells 1,3 and 4,1 (
olon line). Ea
h ofthese partitions 
ontains at least one empty 
ell, whi
h makes it impossible
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Figure 5.8: CYK 
hart for the non binary tree of �gure 5.6. This time the algorithm
an �nd the 
orre
t tree.to �ll the top 
ell. If we binarise the tree, however, we get the 
orre
t result.Figure 5.8 shows the CYK 
hart for the binarised tree of �gure 5.6.Note that the unary nodes must be merged before being passed to theCYK, as in the previous algorithm. The pseudo 
ode for this experiment
an be found in Appendix (Gabriele Musillo, personal 
ommuni
ation).5.6 Weighting S
hemeThe purpose of the CYK algorithm is to build the heaviest tree out of aset of weighted 
onstituents. The weight of a 
onstituent should re�e
t theprobability that this 
onstituent is a true positive. We will now des
ribe howwe attributed weights to 
onstituents.(Sagae and Lavie, 2006) used a vote weight : the weight of a 
onstituentis the number of parsers that output this 
onstituent. Sin
e they had goodresults, we also used this s
heme to whole 
onstituents. However we did notuse it for re
ombined 
onstituents: it is inappli
able be
ause some of there
ombined 
onstituents do not appear in the output of any parser. We usedtwo di�erent s
hemes that are more adapted to re
ombined 
onstituents: thesum weight and the o

urren
e weight.5.6.1 The Sum WeightThe sum weight is similar to the vote weight, but it is better adapted tore
ombined 
onstituents. We wanted the parsers to vote on opening and
losing parentheses rather than on whole 
onstituents. We made the hy-
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urren
es of a parenthesis in the parses isproportional to the probability that this parenthesis is a true positive.We summed the weight of the opening and 
losing parentheses to get theweight of the whole 
onstituent. Here is the equation of the sum weight:
weight(label, opPos, 
loPos)

=
∑3

i=1(nbOp(pi, label, opPos) + nbClos(pi, label, 
loPos))Where pi are the parsers, and nbOp (respe
tively nbClos) returns thenumber of opening (
losing) parentheses at position opPos (
loPos) in theoutput of the parser pi.An important di�eren
e between this measure and the vote weight is thathere the parsers do not output a single vote for ea
h parenthesis, they outputthe number of time ea
h parenthesis appears in their parse. The di�eren
erelies on the fa
t that a parenthesis often o

urs multiple times at a givenposition with a given label in an output tree, whereas the same is impossiblefor whole 
onstituents.Let us examine the behaviour of the sum weight fun
tion. The smallestweight is w = 2. That is∑
i nbOp(pi, lab,pos) = 1 and ∑

i nbClo(pi, lab,pos) =
1. Both parentheses must o

ur in at least one parser output for the 
on-stituent to be 
reated (but both parentheses need not appear in the sameparser output). The maximum weight, however, is not theoreti
ally bounded.It is bounded only by the a
tual data.5.6.2 The O

urren
e WeightWe experimented with the sum weight on whole 
onstituents and got poorerresults than with the vote weight (this experiment is more do
umented inse
tion 5.7.2). This led us to design a measure 
loser to the vote weightfor re
ombined 
onstituents. A weakness of the sum weight is that it is un-bounded. Constituents 
an get a very high weight, even if they appear infew parsers. For example, a re
ombined 
onstituent that does not appearin any parse 
an 
ompete and win over a 
onstituent that appears in everyobserved tree. We believe that this behaviour 
ould be a 
ause for bad re-sults, and we tested this hypothesis by experimenting with another measure,whi
h is bounded, and has a behaviour more similar to the vote measure:the o

urren
e weight.
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VP

S

VP NPFigure 5.9: Unary 
onstituents. The left tree in
ludes a unary 
onstituent whi
h will
ompete with the 
onstituents in the middle and in the right trees.
weight(label, opPos, 
loPos)

=
∑3

i=1(occOp(pi, label, opPos) + occClos(pi, label, 
loPos))Where o

Op(pi, label, opPos) (resp. o

Clos(pi, label, 
loPos) ) returns
1 if an opening (resp. 
losing) parenthesis with this label appears at leaston
e at position opPos (
loPos), in the parse of parser pi, and returns 0 oth-erwise. This fun
tion takes into a

ount only the fa
t that the parenthesiso

urs in the parse tree, not the number of time it o

urs.The expe
ted behaviour of this measure is 
loser to the behaviour of thevote measure. The minimum is o

Weight = 2, when one parser proposesthe opening parenthesis and another (not ne
essarily the same) proposes the
losing parenthesis. The maximum is o

Weight = 6, where all parsers pro-pose both parentheses (but not ne
essarily as part of the same 
onstituent).Consensual whole 
onstituents always get the maximum weight.Although the o

urren
e weight is 
loser to the vote weight than the sumweight, it is not equivalent. If we apply this measure to whole 
onstituents,we do not get the same results as with the vote measure. The di�eren
e isthat with the o

urren
e weight parsers that do not propose a whole 
on-stituent 
an still in�uen
e its weight by proposing only one of its parenthesis.5.6.3 Unary ConstituentsThe unary 
onstituents are merged before entering the tree building algo-rithm. This pro
ess 
reates 
omplex 
onstituents. We must use a spe
ialweight for the 
omplex 
onstituents. Here is an example of this mergingpro
ess. Ea
h tree in �gure 5.9 represents a sub-tree returned by a di�erentparser. The right tree in
ludes a unary 
onstituent S whi
h must be mergedwith its 
hild VP.If we merge the unary 
onstituents, we get three di�erent 
onstituents:S-VP, VP and NP. The �rst one is a 
omplex 
onstituent. We 
ould give thesame weight to all three 
onstituents. They would then all have a weight of
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onstituents are not independent from one another.The VP should 
ontribute to the weight of the S-VP, be
ause, if the 
orre
tanswer is VP, outputting S and VP would in
rease the s
ore, 
ompared tooutputting NP. Reversely, if the 
orre
t answer is S and VP, outputting onlyVP is better than outputting NP. We weigh the 
onstituents in the followingway:Let C be a 
omplex 
onstituent resulting from the merge of c1, c2, ...,
clength(C). Let X1, ..., Xn be 
omplex 
onstituents resulting from the mergeof ci with other 
onstituents. Thenweight(C) = vote(C) + vote(c1)length(C)

+ ... + vote(cn)length(C)weight(ci) = vote(ci) + vote(X1)length(X1)
+ ... + vote(Xn)length(Xn)This 
an be seen as a grade system: ea
h parser gives a grade to ea
h
onstituent. A parser gives a whole grade to the 
onstituents that it pro-poses, a partial grade to the 
onstituent from whi
h a part appears in itsoutput, and a null grade to other 
onstituents. The vote fun
tion 
an be oneof the pre
eding measures: sum weight or o

urren
e weight.5.7 Experiments and ResultsIn this se
tion we des
ribe our �rst experiments with whole and re
ombined
onstituents, with the sum weight or the o

urren
e weight.5.7.1 Baseline: Whole ConstituentsWe did a baseline experiment, whi
h is very similar to previous work. Thisexperiment serves as a 
omparison for the other experiments. In this exper-iment we used only whole 
onstituents.We put of all the 
onstituents that appear in at least one parser out-put in a bag. We weigh all the 
onstituents before passing them to the treebuilding algorithm, whi
h outputs the heaviest possible tree. If a 
onstituent
ompetes with another in the tree building algorithm and loses, it does notappear in the �nal tree.We performed this experiment with the three di�erent weighting s
hemes:the vote weight, the sum weight and the o

urren
e weight. Table 5.3 shows
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onstituents.Pre
ision Re
all F-s
oreFun. Parser (baseline) 88.9 87.7 88.3Vote Weight 86.9 90.5 88.7Sum Weight 86.2 89.6 87.9O

urren
e Weight 86.4 89.8 88.1the results, together with the performan
es of the best of the three parsers:the fun
tion parser.We get the best results with the vote weight, but this measure 
an't beused in further experiments, be
ause it doesn't apply to re
ombined 
on-stituents. The de
rease in performan
e with the other two measures showsthat taking partial 
onstituents into a

ount adds noise. It seems that thefa
t that parts of a 
onstituent appear in other parsers does not in
rease theprobability that this 
onstituent is a true positive.The o

urren
e weight gives slightly better results than the sum weight.This does not 
ontradi
t our intuition that the o

urren
e weight is betterthan the sum weight and 
loser to the vote weight, but the di�eren
e is notas high as we might have expe
ted. Further experiments will 
on�rm thisslight superiority.5.7.2 Re
ombined ParenthesesWe will now des
ribe our simplest experiment with re
ombined 
onstituents.It is similar to the baseline, but this time we used a set of re
ombined 
on-stituents instead of whole ones.We experimented with the sum weight and the o

urren
e weight. We
al
ulated the number of new 
onstituents and of 
orre
t new 
onstituentsin the results. The new 
onstituents are 
onstituents that appear in the�nal tree but not in the output of any original parser. The 
orre
t new 
on-stituents 
annot be found with a method that only uses whole 
onstituents.Note that the number of new 
onstituents is not the number of 
onstituentsthat were added to the output of an original parser. The di�eren
es be-tween an original parser output and the output of the experiment 
an be thefollowing: deleted 
onstituents, that is 
onstituents that are in the originalparser but not in the experiment; added original 
onstituents, that is 
on-



CHAPTER 5. DEVELOPMENT OF A SIMPLE SYSTEM 57Table 5.4: Results of the simple experiment with re
ombined 
onstituent.Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser (baseline) 88.9 87.7 88.3Sum Weight 80.4 87.1 83.6 2218 89O

. Weight 80.3 87.3 83.6 2425 95stituents that are in the output of an original parser but not in the outputof the original parser 
onsidered and that are also in the experiment output;and new 
onstituents, that is 
onstituents that are not in any original parseroutput, but that are in the experiment output. Table 5.4 shows the results.These results are worse than the baseline. New 
onstituents add manymore false than true positives. Neither the sum nor the o

urren
e weightis able to dis
ard e�e
tively the false positives. For the o

urren
e weight,we believe that 
onstituents re
ombined out of two 
onsensual 
onstituentsare a large proportion of the false positives. These 
onstituents always getthe maximum weight, although, intuitively, they are not ne
essarily verygood, and they 
an win against 
onstituents that appear in the output oftwo parsers, for example.5.8 Con
lusionsThe re
ombination gives poorer results than the baseline and the originalparsers. Our intuition that the re
all would be improved is not 
on�rmed.The de
rease in pre
ision means that the re
ombination adds false pos-itives to the results. This is not surprising, sin
e the pro
ess 
reates manymore 
andidates than the baseline and 
an give high weights to 
onstituentsthat appear in few parsers.The de
rease in re
all means that the false positives not only end up inthe �nal parse, but also win against true positives, dis
arding them from the�nal tree. This result suggests that the weighting s
heme is inadequate torepresent the probability of the 
onstituents. All the original parsers produ
ea high pre
ision output, and the large majority of the 
onstituents that theypropose are true positives. This is not true for the re
ombined 
onstituents.For those 
onstituents, we have no guarantee that they are true positives.
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hoose re
ombined 
onstituents more restri
tively. We devel-oped several experiments to restri
t the 
ombination of 
onstituents, and thea

ess of false positives to the �nal tree. We will des
ribe these experimentsin the next 
hapter.



Chapter 6Developing a More ComplexSystemAs we have seen in the previous 
hapter, the results of our �rst experimentsdid not meet our expe
tations. In fa
t, the experiments with re
ombined
onstituents a
hieved poorer results than the individual parsers. We sawthat using re
ombined 
onstituents adds mu
h noise, and that a very largemajority of the new 
onstituents in the results were false positives. It be-
ame ne
essary to �nd a better way to sele
t the re
ombined 
onstituents.In this 
hapter we will des
ribe more methods to in
rease the performan
e,and to dis
riminate true positives form false positives.In se
tions 6.1, 6.2 and 6.3, we will des
ribe three methods to produ
efewer re
ombined 
onstituents. We will also examine two methods to restri
tthe a

ess of false positives to �nal trees in se
tions 6.4 and 6.5. Finally, wewill des
ribe a method to dis
riminate true positives from false positives witha support ve
tor ma
hine 
lassi�er, in se
tion 6.7.6.1 Re
ombining only Constituents that Share aNon-Empty Interse
tionAs we have seen, our early experiments with re
ombined 
onstituents showedthat adding new 
onstituents tended to degrade the performan
es. To solvethis problem, we tried to limit the number of new 
onstituents in the resultingtrees, in two di�erent fashion. We limited the 
reation of new 
onstituents,and we limited their a

essing the �nal parse. We will now des
ribe the �rstof three methods to limit the 
reation of new 
onstituents.59



CHAPTER 6. DEVELOPING A MORE COMPLEX SYSTEM 60Table 6.1: Results of re
ombining only 
onstituents that share a non-empty inter-se
tion Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser 88.9 87.7 88.3Simple 80.3 87.3 83.6 2425 95Sum Weight 84.6 88.8 86.7 640 37O

. Weight 84.8 89.2 86.9 648 34It happens that two parsers propose a 
onstituent with a 
ertain label ata position slightly di�erent from a parser to the other. In this 
ase we 
anassume that the two parsers �mean� the same 
onstituent. There must be a
onstituent of this label 
lose to the position where both parsers propose it,but its exa
t span is un
ertain. The fa
t that several parsers propose slightlydi�erent spans is a 
lue that the exa
t span is un
ertain, and the right 
on-stituent might be di�erent from the proposal of ea
h parser. But even if bothparsers are wrong, it is possible that they are both 
lose to the solution. Thefa
t that the parsers output 
onstituents that are 
lose but not equivalent isa 
lue that there is un
ertainty on the 
onstituent that should be here. Wewanted to add noise where there is un
ertainty be
ause this would generatemore possible 
onstituents among whi
h the 
orre
t one would hopefully be.We 
an a
hieve this by re
ombining the 
on
erned 
onstituents.We also wanted to avoid re
ombining 
onstituents that are linearly faraway from ea
h other in the tree. Re
ombining these 
onstituents wouldmake new 
onstituents that are mu
h bigger than the original ones and thatmake little sense.Formally, we de
ided to re
ombine two 
onstituents only if they share anon-empty interse
tion, that is, if they are 
lose to ea
h other. This situation
an happen in two 
ases. Either the 
onstituents have 
rossing parentheses,or one 
onstituent is embedded in the other.This experiment is very similar to the simple re
ombined 
onstituentsexperiments des
ribed in se
tion 5.7.2, ex
ept that this time we only re-
ombined 
onstituents that share a non-empty interse
tion. The other 
on-stituents are kept whole. We use the same weighting s
heme for the whole
onstituents and for the re
ombined ones.Table 6.1 shows the results. We also in
luded the results of the simpleexperiment with the o

urren
e weight with re
ombined 
onstituents (5.7.2),whi
h 
onstitutes a baseline for re
ombined 
onstituents. We also in
luded



CHAPTER 6. DEVELOPING A MORE COMPLEX SYSTEM 61the results of the best individual parser, for 
omparison.Altough it remains lower than the baseline with whole 
onstituents, theF-s
ore in
reases 
ompared to the simple experiment with re
ombined 
on-stituents. This result shows that we add less noise than in the re
ombined
onstituents baseline. Creating fewer new 
onstituents lead to fewer falsepositive new 
onstituents in the results and to an in
rease in performan
e.However, the new 
onstituents still add more false positives than 
orre
t
onstituents, and the per
entage of 
orre
t new 
onstituent is still far lessthan 50%.6.2 Re
ombining only Constituents Voted by FewParsersIn our experiments with whole 
onstituents we made the hypothesis that themore parsers proposes a 
onstituent the more probable it is that the 
on-stituent is a true positive. This kind of hypothesis is at the 
ore of ensemblelearning, and it gave good results in our experiments. Here we use some-thing similar to dis
riminate 
onstituents that should be re
ombined from
onstituents that should be used dire
tly as whole.Consensual 
onstituents are most probably true positives and we don'twant to add noise to them, so we will use them dire
tly. We want, how-ever, to add some noise to 
onstituents that are un
ertain. This 
an be doneby re
ombining them. This 
reates more possibilities and, hopefully, more
orre
t 
onstituents. We will only re
ombine 
onstituents that few parserspropose, sin
e they are the less 
ertain.We did two experiments with re
ombining only 
onstituents proposed byfew parsers. In the �rst experiment, we re
ombined only 
onstituents thatwere proposed by one parser. Sin
e we have three parsers, it is equivalentto re
ombining only 
onstituents that got a minority of votes, and that aremost un
ertain.In the se
ond experiment we kept as whole only the 
onsensual 
on-stituents that were voted by all parsers, and are probably true positives. Were
ombined the other 
onstituents that were proposed by one or two parsers.For 
omparison, we also tried to re
ombine only 
onsensual 
onstituentsand only 
onstituents that are voted by exa
tly two parsers. We expe
tedthe performan
e to drop on those experiments. We used only the o

urren
e



CHAPTER 6. DEVELOPING A MORE COMPLEX SYSTEM 62Table 6.2: Results for re
ombining 
onstituents voted by few parsers
onst. re
ombined Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser 88.9 87.7 88.3simple 80.3 87.3 83.6 2425 95vote=1 86.0 89.7 87.8 153 5vote=2 86.3 89.8 88.0 68 9vote<3 85.8 89.7 87.7 299 20vote=3 81.7 87.8 84.6 1706 63weight, sin
e it gave better results in the previous experiments. Table 6.2shows the results together with the baselines.As we expe
ted, the performan
e dropped when we re
ombined the 
on-sensual 
onstituents. We believe that the reason is that 
onsensual 
on-stituents tend to be already true positives and that re
ombining them addsnoise, whi
h results in a de
rease in pre
ision. The re
all also de
reases,be
ause more new false positives 
an a

ess to the �nal parse, �taking thepla
e� of true positives.The performan
es are about the same for 
onstituents re
ombined outof 
onstituents voted by one parser or by two parsers. We believe that theslightly better performan
e of the experiment with re
ombining only 
on-stituents voted by two parser is the result of the fa
t that there are a fewer
onstituents voted by exa
tly two parsers than voted by exa
tly one (3362vote=2, 4937 vote=1).The number of new 
onstituents is small in both experiments, probablybe
ause the new 
onstituents get a small weight, sin
e their weight is themean of the weights of their parents, whi
h is proportional to the number ofparsers that proposed them.The results were better than on the previous experiment were we re
om-bined only 
onstituents that shared a non-empty interse
tion. Note thatin the previous experiments it was possible to re
ombine 
onsensual 
on-stituents if one was embedded in the other. Those re
ombinations mighthave generated false positives, sin
e they produ
ed 
onstituents that got abig weight, and that might not be intuitively very good.We tried to 
ombine the two experiments. We re
ombined 
onstituentsthat shared a non-empty interse
tion and that were voted by few parsers.
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ombining 
onstituents voted by few parsers and that sharea non-empty interse
tion.
onst. re
ombined Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser 88.9 87.7 88.3simple 80.3 87.3 83.6 2425 95vote=1 86.1 89.7 87.9 108 4vote=2 86.4 89.9 88.1 18 3vote<3 86.0 89.7 87.8 187 14Table 6.3 shows the results, for these experiments together with the baselines.This experiment led to a slight over the previous one. Very few new
onstituents ended in the �nal parses. Of those, only a small per
entage was
orre
t. It seems that the number of new 
onstituent is inversely proportionalto the performan
es. We believe that the reason is that new 
onstituents addmore noise than true positives, and that, even when restri
ting the numberof 
onstituents that we re
ombine, we were not able to 
orre
tly dis
riminatethe 
orre
t new 
onstituents from the false positives.6.3 Re
ombining only Constituents that Share aCommon SpineWe performed another experiment similar to the experiment des
ribed in 6.1where we re
ombined 
onstituents that shared a non-empty interse
tion. Westill wanted to re
ombine two 
onstituents if they were similar. We didn'twant to re
ombine 
onstituents that were too dissimilar, be
ause, intuitively,the resulting 
onstituents would not make a lot of sense. In the �rst exper-iment we re
ombined only 
onstituents that are 
lose to ea
h other in theirposition on the senten
e. In terms of tree, this meant that they were linearly
lose. For example the 
onstituents C2 an C4 in the two trees of �gure 6.1are linearly 
lose. They appear near to ea
h other in the senten
e and have
rossing parentheses.Altough they have 
rossing parentheses and are linearly 
lose, C2 and C4from �gure 6.1 are stru
turally far away from ea
h other. Spe
i�
ally, theyhave di�erent an
estors. In this experiment, we wanted to re
ombine 
on-stituents that are not only linearly but also stru
turally 
lose. To representthis similarity between 
onstituents we use the 
on
ept of spine. The spineof a 
onstituent is the path from a node to the root of this 
onstituent. In
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Figure 6.1: Two 
onstituents that are linearly 
lose, but stru
turally far away. C2and C4 have 
rossing parentheses but they have di�erent an
estors.Table 6.4: Results of re
ombining only 
onstituents that share a 
ommon spine.Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser 88.9 87.7 88.3simple 80.3 87.3 83.6 2425 95Sum Weight 85.2 89.3 87.2 402 28O

. Weight 85.3 89.5 87.3 445 29the previous tree for example the spine of C2 is Root-C1 and the spine of C4is Root-C3. We did this experiment by re
ombining only 
onstituents thatshared a entire 
ommon spine. Those 
onstituents are linearly and stru
-turally 
lose to ea
h other. Table 6.4 shows the results together with thebaselines.As in the previous experiment, the proportion of 
orre
t 
onstituentsamong the new 
onstituents is very low. We were not able to dis
riminatetrue from false positives in new 
onstituents by restri
ting the possible par-ents. In the following experiments we will try to in
rease the proportionof 
orre
t new 
onstituents not by 
hoosing fewer possible parents, but bybetter 
hoosing, among the re
ombined 
onstituents, those that will be partof the �nal parse.6.4 A Threshold on Weight of Constituents thatEnter the Tree Building AlgorithmAs we have seen in the previous experiments, we have many false positive
onstituents in the �nal parse, espe
ially among new 
onstituents. Some ofthese false positives have a small weight. Constituents with a small weight
an be part of the �nal parse in two 
ir
umstan
es. First, it 
an happenthat several 
onstituents with a small weight 
ompete and win against fewer
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onstituents with a bigger weight. For example, a 
onstituent with weight4 
an lose against two 
onstituent with weight 2 that 
ompete with it. Se
-ond, some 
onstituents do not have any 
ompetitor. They end up in the �nalparse independently of their weight whi
h 
an be very low.To prevent this phenomenon where 
onstituents with a low weight en-ter the �nal parse tree, we tried to apply a �lter on weight before the treebuilding algorithm. Constituents whose weight is lower than a threshold aredis
arded, and only the others enter the algorithm.We build a set of all 
onstituents from any of the parsers. We paired ea
h
onstituent with the other 
onstituents bearing the same label, and we 
re-ated the re
ombined 
onstituents. Then we 
al
ulated the o

urren
e weightof ea
h 
onstituent. We applied a threshold to the 
onstituents dis
ardingthose whi
h weight is inferior to 4. This also have the e�e
t of dis
ardingoriginal 
onstituents whi
h vote weight is inferior to two: the minority orig-inal 
onstituents. We then passed the remaining 
onstituents to the treebuilding algorithm.Simply dis
arding the 
onstituents that did not pass the threshold, would
reate problems for running the tree building algorithm. Some of the dis-
arded 
onstituents 
ould have been ne
essary to have a binary grammar.Without those 
onstituents, it 
an be impossible for the algorithm to 
on-stru
t a tree. Therefore, we repla
ed all original dis
arded 
onstituents withghost 
onstituents. These 
onstituents have the same span as the dis
ardedones they repla
e, but they have a spe
ial label, and a null weight. They aretrimmed out of the �nal tree returned by the tree building algorithm.We did several experiments with thresholds. The �rst one was withwhole 
onstituents only. We wanted to see if we got better results than ourbaseline with whole 
onstituents. We used the vote weight, and dis
ardedthe minority 
onstituents. In the se
ond experiment we re
ombined all the
onstituents. And in the third experiments we 
ombined the threshold re-stri
tion with a restri
tion on whi
h 
onstituents 
ould be re
ombined: were
ombined together only 
onstituents that shared a non-empty interse
tionlike in 6.1.Table 6.5 shows the results for these experiments, together with the base-lines and the results of the simple experiment with vote weight and whole
onstituents (5.7.1).The �rst experiment, whi
h involved only whole 
onstituents gave an F-



CHAPTER 6. DEVELOPING A MORE COMPLEX SYSTEM 66Table 6.5: Results for experiments with a threshold.Pre
. Re
. F-s
ore New Const. Corr. NewFun
tional Parser 88.9 87.7 88.3Simple Whole 86.9 90.5 88.7Simple Re
. 80.3 87.3 83.6 2425 95Whole Consts. 91.4 88.5 89.9 0 0All Re
. 82.0 86.7 84.3 2379 93Non-empty Inter. Consts. 86.8 88.6 87.7 617 30s
ore more than 1 point better than the baseline. The pre
ision is improvedand the re
all de
reases. This is not surprising, sin
e the goal of this exper-iment was to remove un
ertain 
onstituents. The improvement shows thatwe removed more false positives than true positives. Note this experimentis very similar to the work of (Henderson and Brill, 1999) and (Sagae andLavie, 2006).The experiment with re
ombined 
onstituents led to an amelioration overthe re
ombined 
onstituents baseline. But the performan
es are lower thanin the previous experiments and mu
h lower than the performan
es of theindividual parsers. On
e again, the new 
onstituents add mu
h more noisethan true positives.6.5 Giving In�nite Weight to Some ConstituentsIn the previous experiment we got an improvement over the baselines byletting only the majority whole 
onstituents enter the tree building algo-rithm. When we let other 
onstituents, the performan
e de
reased. So wewanted to leave no 
ompetition for the majority 
onstituents, and to let thenew 
onstituents 
ompete only among themselves and against 
onstituentsvoted only by one parser. We didn't want the new 
onstituents to be able towin against majority 
onstituents be
ause we saw that the new 
onstituentstended to add noise, whereas the majority whole 
onstituents alone led togood results. We implemented this intuition by giving an in�nite weight tomajority whole 
onstituents. This meant that all of them would end up inthe �nal parse.We used the o

urren
e weight, and did two experiments: one with re-
ombining all 
onstituents, and one with re
ombining only 
onstituents thatshared a non-empty interse
tion. Table 6.6 shows the results together with



CHAPTER 6. DEVELOPING A MORE COMPLEX SYSTEM 67Table 6.6: Results for giving in�nite weight to some 
onstituents.Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser 88.9 87.7 88.3simple 80.3 87.3 83.6 2425 95All Re
. 83.3 90.4 86.7 1434 50Non-empty Inter. Consts. 86.0 90.4 88.2 405 24the baselines.Sin
e all majority 
onstituents end up in the �nal parse, the re
all mustbe at least as high as that of the experiment with whole 
onstituents and athreshold (6.4). A
tually, the re
all is mu
h higher. This means that therewere many true positives among the 
onstituents voted by only one parserand the new 
onstituents. However, the re
all is slightly lower than the re-
all of the baseline with whole 
onstituents (5.7.1). This means that somefalse positives among the new 
onstituents took the pla
e of 
orre
t minoritywhole 
onstituents.The pre
ision is still not satisfa
tory, and the new 
onstituents still addmore noise than true positives. This results in an F-s
ore lower than theF-s
ore of the individual parsers, and mu
h lower than the experiments withwhole 
onstituents only.6.6 Combining Threshold and In�nite WeightBoth previous experiments led to an in
rease in performan
e 
ompared tothe re
ombined 
onstituents baseline. The experiment with threshold andwhole 
onstituents (6.4) also led to improvement over the baseline for whole
onstituents, and to a s
ore mu
h better than the s
ore of the best individualparser. We 
ombined the two previous experiments into a new experiment.We re
ombined every 
onstituents with every other 
onstituents thathad the same label. Then we treated the re
ombined 
onstituents in di�er-ent fashions. The majority original 
onstituents are the 
onstituents thatappeared in at least one parser output and that have a vote weight biggerthan one. Those 
onstituents were given an in�nite weight as in the in�niteweight experiment (6.5). The minority original 
onstituents and the new
onstituents were weighed with the o

urren
e weight. Then we applied athreshold on those 
onstituents. We tried two di�erent threshold. In the
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ombining threshold and in�nite weightThreshold Pre
. Re
. F-s
ore New Const. Corr. NewFun. Parser 88.9 87.7 88.3simple 80.3 87.3 83.6 2425 95w < 4 85.0 89.8 87.3 1388 48w < 6 87.3 89.0 88.1 1084 40�rst experiments we dis
arded all minority original 
onstituents and new
onstituents that got an o

urren
e weight stri
tly inferior to 4. In the se
-ond experiment the threshold was 6. We wanted to use as a 
omplementto majority original 
onstituents the minority 
onstituents and the new 
on-stituents that had a weight above the threshold and we hoped to in
reasethe re
all with them. Table 6.7 shows the results together with the baselines.The re
all must be as high as the one of the experiment with a thresholdand whole 
onstituents, sin
e all majority original 
onstituents end up in the�nal parse. It is also bigger than the re
all of experiments with re
ombined
onstituents and a threshold (6.4). This suggest that in the threshold exper-iment with re
ombined 
onstituents, some false positives took the pla
e of
orre
t majority original 
onstituents, and that this e�e
t was 
an
elled bythe in�nite weights.The re
all is also lower than the re
all of the experiment with in�niteweights 6.5, be
ause some 
orre
t 
onstituents were dis
arded by the useof a threshold. Not surprisingly, this e�e
t is more present with a biggerthreshold.The pre
ision is higher than the pre
ision of the experiment with all
onstituents re
ombined and in�nite weights, be
ause the threshold dis
ardssome false positives. By 
ombining both experiments, we a
hieved a re
allbetter than the re
all of the threshold experiment, and a pre
ision betterthan that of the in�nite weight experiment. The F-s
ore, however, is stillnot satisfying, and the new 
onstituents still add more noise than 
orre
t
onstituents.
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tor Ma
hine for Classi�
a-tionWe did another experiment to see if it was possible to use other features todis
riminate true positives from false positives among the whole 
onstituents.We wanted to see if other parameters, or 
ombinations of parameters wouldgive better 
lues.As we have seen in 
hapter 2, support ve
tor ma
hines are used to 
las-sify entities based on a set of 
lues. If a 
lue is not dis
riminant, an SVM
an ignore it. This makes SVM a natural 
hoi
e to explore how parameters
ould help to 
lassify 
onstituents into two 
lasses: true positives and falsepositives.To train our SVM, we used libSVM (Chang and Lin, 2001). LibSVMprovides a s
ript (easy.py) that automati
ally s
ales data, and sele
ts thebest parameters for the RBF kernel. This s
ript has been been shown to beappropriate for most 
ases ((Hsu et al., 2003)).We wanted to use as many parameters as possible, be
ause useless ones
ould be ignored by the algorithm. However, we had to take a not too longlist of parameters, be
ause, as ea
h parameter makes the sear
h spa
e bigger,the 
omputation time of the SVM training 
an get very big.We used the following list of feature: the length of the senten
e in words,the length of the 
onstituent in words, the label of the 
onstituent, the voteof ea
h parser. We in
luded the vote of the parsers be
ause it was the onlyfeature used for our previous experiment and that it gave good results forwhole 
onstituents. Our intuition for in
luding the label was that someparsers might be better at some labels than other. Similarly we in
ludedthe length of the senten
e and the 
onstituents be
ause we tough that someparsers might be better at parsing longer senten
es or longer 
onstituents.With this set of feature, the SVM 
ould re
reate the voting s
heme sin
ethe parsers votes are a parameter. The algorithm 
ould ignore all otherparameters, sum the votes and dis
ard 
onstituents that got only one vote.This would be similar to the method for whole 
onstituents with thresholddes
ribed in 6.4.As a baseline we trained the 
lassi�er with only the parsers vote as fea-tures. We believe that in su
h a 
ase, the 
lassi�er would learn to 
lassify
onstituents that get a majority of vote in the true positive 
lass and the
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lass. We don't believe it would take into a

ountwhi
h parser issued the vote, be
ause the parsers have very 
lose perfor-man
es, and the performan
e of 
ombining them is higher than the perfor-man
e of any individual parser, and giving priority to one of them woulde�e
tively sele
t only its output whi
h is poorer than the 
ombination.As training data we 
hose the �rst se
tion of the Penn Tree Bank. Wetook only 9900 
onstituents out of this se
tion for training. We took a 
on-stituent every 10 
onstituents of the se
tion. On every 100th 
onstituent wedid not put it in the training data but in the testing data. This made atesting 
orpus of 1100 
onstituents. We used the same testing and training
orpus for all experiments.For the baseline we got an a

ura
y of 91.8. That is, 1008 
onstituentswere 
lassi�ed su

essfully out of 1100. For the real experiment with all thefeatures, we got exa
tly the same result: 1008 
onstituents out of 1100 were
lassi�ed su

essfully. This strongly suggests that the algorithm learnt toignore all features but the parsers vote.We believe that this experiment showed that none of the feature that weused is useful to dis
riminate the true and false positive 
onstituents. Wewere not able to �nd a better way to dis
riminate them, despite using manyfeatures.6.8 General Dis
ussionNone of the experiments with re
ombined 
onstituents did a
hieve betterperforman
es than the individual parsers. The best F-s
ore was 88.2% forthe experiment with in�nite weight in whi
h we re
ombined only 
onstituentsthat shared a non-empty interse
tion (6.5). This experiment also a
hievedthe best re
all (90.4%), be
ause all majority 
onstituents, whi
h tend to betrue positives, ended up in the �nal parse. Minority 
onstituents and new
onstituents 
ould not take the pla
e of majority 
onstituents, but 
ouldstill a

ess to the �nal parse, resulting in a better re
all. The best pre
ision(87.3%), however, was a
hieved by the experiment with in�nite weight anda high threshold (6.6), be
ause the threshold dis
arded many false positives.There are about 25'600 
onstituents in the gold. This means that adding256 
orre
t 
onstituents would in
rease the re
all by 1%. It was our goal toin
rease the re
all by adding new 
onstituents, but in ea
h experiment the
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Figure 6.2: Our experiments with their F-S
ore and the number of new 
onstituentsin the �nal parses of se
tion 24.number of 
orre
t new 
onstituent was far less than 256.A 
onstant of all previous experiments is that it seems that the more new
onstituents ended up in the �nal tree, the worst the performan
e was. Weplotted the number of new 
onstituents and the F-s
ore to have a better ideaof this phenomenon. Figure 6.2 shows this plot, where ea
h point representsan experiment with re
ombined 
onstituents.The experiments with thresholds and in�nite weights 
an a
hieve a bet-ter F-s
ore than the others, given the number of new 
onstituents. They
hose better the 
onstituents that ended up in the �nal parses. But even inthose experiments the number of 
orre
t new 
onstituents was mu
h lowerthan the number of false positive new 
onstituents.To ensure that the bad results were not due to a bias of the evaluationsystem, we also 
al
ulated the performan
es on entire trees. These perfor-
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es were also mu
h lower than the individual parsers: the fun
tionalparser a
hieves 27.7% entirely 
orre
t trees, the best of our experimentsthat involves re
ombining 
onstituents is 21.3% 
orre
t trees. This resultis a
hieved by several experiments su
h as when we re
ombined only 
on-stituents that were voted by exa
tly one parser. The worst experiment onthis level was the simple experiment with the o

uren
e weight: 9.5% ofentirely 
orre
t trees. The experiment with whole 
onstituents and a thresh-old was the only one that surpassed the baseline with 28.3% entirely 
orre
ttrees. Re
ombining the 
onstituents did not lead to any improve in per-forman
e, despite the number of experiments. All the per
entages for allexperiments 
an be found in appendix.When re
ombining 
onstituents we destroyed some information that theparsers output. We lost the information of whi
h parenthesis should form a
onstituent with whi
h other parenthesis. We were not able to re
reate thispart of the work of a parser, whi
h is based on a 
omplex algorithm, withthe simple algorithm that we used.If the weight that we used are good estimators of the probability ofo

urren
e of a single parenthesis, when we summed the weights of twoparentheses to get the weight of the re
ombined 
onstituent, we lost theimportant information of the probability that both parentheses belong tothe same 
onstituent. Here is a possible 
on�guration of parentheses:( A B ) ( C D )1 2 3 4In this 
on�guration and with our weighting s
heme, if all parenthesesappear in the same number of parsers, the weight of the 
onstituent formedof parenthesis 1 and 2 and the weight of the 
onstituent formed of paren-theses 1 and 4 must be the same, even if all parsers proposed the former
onstituent and none proposed the later. The re
ombination of parenthesesdestroyed information that we 
ould not reprodu
e with a simple algorithm.6.9 Con
lusionsIn this 
hapter we des
ribed a number of experiments that we tried to dis-
riminate 
orre
t and false positive 
onstituents, espe
ially among the new
onstituents. We 
ould not �nd a way to dis
riminate them. No experimentgot more 
orre
t new 
onstituents than false positive new 
onstituents. In ev-ery experiment there was far more false positives than true positives amongthe new 
onstituents. The only experiment that got higher performan
es
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onstituents baseline, the experiment with whole 
onstituentsand a threshold des
ribed in 6.4, did not involve new 
onstituents and wasvery similar to previous work. A
tually, no experiment involving new 
on-stituents did get a result better than the result of the fun
tion parser. Thenew 
onstituents always added more noise than true positives.



Chapter 7Con
lusionsIn this work we re
ombined the output of three statisti
al parsers to improvetheir performan
e. We de
omposed the output of the parsers with severallevels of granularity: into 
onstituents and into parentheses. We performedseveral experiments with several level of de
omposition of the parsers out-put (
onstituents and parentheses), several ways of restri
ting the 
reationof new false positives and their a

ess to the �nal parse and several weightings
hemes.We found that our parsers were diverse enough to be 
ombined, despitethe fa
t that they are all based on the same algorithm, and that their onlydi�eren
e is the granularity of the information that they were trained on andthat they 
an output. Our upper bound suggested that the parsers 
ould besu

essfully 
ombined, and the results of the experiments with whole 
on-stituents (5.7.1, 6.4) showed that the performan
e 
ould indeed improve.The experiment with the best F-s
ore was the experiment with whole
onstituents and a threshold (6.4). This experiment was very similar toprevious work. We saw that dis
arding minority 
onstituents resulted in abetter pre
ision and a poorer re
all. The drop in re
all was however 
om-pensated by a mu
h better pre
ision, resulting in a better F-s
ore.Sin
e we had several 
onstituents with 
rossing parentheses in the setof 
onstituents we wanted to re
ombine, we had to use an algorithm to en-sure that the 
onstituents in the �nal parse would form a tree. We alsowanted this tree to be the heaviest possible tree given the weight of the
onstituents. We adapted an existing algorithm to out needs: the weightedCo
ke-Younger-Kasami algorithm.Despite several attempts we were unable to obtain good results with 
on-74



CHAPTER 7. CONCLUSIONS 75stituents re
ombined out of parentheses. We failed in �nding a weight that
ould be applied to re
ombined 
onstituents and that would be proportionalto the probability that the 
onstituent was a true positive. We used twoweighting s
hemes for re
ombined 
onstituents (the sum weight in se
tion5.6.1 and the o

urren
e weight in se
tion 5.6.2). These weights degradedthe performan
es when used on whole 
onstituents, but the voting s
hemethat gave good results 
ould not be dire
tly transposed to new 
onstituents.Our hypothesis that re
ombining 
onstituents would improve the re
allwas not 
orre
t. False positives ended up in the �nal trees and took thepla
e of true positives, degrading not only the pre
ision, but also the re
all.Even if we 
ould �nd the 
orre
t parentheses, based on the votes of theparsers, we 
ould not �nd the 
orre
t 
onstituents to whi
h they belonged.So that even if a majority of 
orre
t parentheses ended up in the trees, thetrees were not ne
essarily entirely 
orre
t nor 
ontained 
orre
t 
onstituents.The ensemble learning was probably su

essfull at the parentheses level, thatis the set of parentheses of the �nal tree might be mostly 
orre
t, but weadded some information to the raw parentheses by putting them togetherinto 
onstituents. The information 
on
erning the mat
hing of parenthesesis important to the evaluation, but it was added without taking probabilitiesinto a

ount.If the we wanted the re
ombination to work better, we would need tointegrate probabilities that two parentheses belong to the same 
onstituents.But it is possible that �nding these probabilities would be a task of 
om-plexity similar to the entire parsing pro
ess itself.



Appendix APseudo Code for the Modi�edCYKThis pseudo 
ode was mostly written by Gabriele Musillo.Let the 
onstituents (re
ombined or whole) be tuples of the form (X, i, j, w)where X is the label, i the beginning position, j the end position and w theweight. First we populate a 
hart:1: for j := 1 to n do2: for i := j − 1 to 1 by −1 do3: for all C in 
onstituents su
h that C.i=i and C.j=j do4: 
elli,j.append(C)5: end for6: end for7: end forThen we pro
ess the 
hart to get the best tree, using the CYK.1: n:= length of the senten
e2: for j := 1 to n do3: for i := j − 1 to 1 by −1 do4: for k := i to j − 1 do5: for all C ∈ 
ellk+1,j, B ∈ 
elli,k and A ∈ 
elli,j do6: if not((C = X0 − . . . Xn) and (B 6= Xn or A 6= X0 − . . . Xn−1))then7: if weight(A)+totalWeight(i, B, k)+totalWeight(k+1, C, j) >

totalWeight(i, A, j) then8: totalWeight(i, A, j) := weight(A)+totalWeight(i, B, k)+
totalWeight(k + 1, C, j)76



APPENDIX A. PSEUDO CODE FOR THE MODIFIED CYK 779: ba
kpointer(i, A, j) := (k,B,C) { to keep tra
k of the bestparse tree rooted at A}10: end if11: end if12: end for13: end for14: end for15: end for16: return totalWeight(1, TOP, n) {to form the best parse tree, follow ba
kp(1, TOP, n)}
weight(A) returns the weight of the 
onstituent A and totalWeight(i,X, j)returns the total weight of the tree stored in 
elli,j with a root of label X.



Appendix BResults on Entirely Corre
tTreesThe �rst 
olumn des
ribes the experiment and the se
ond one gives the per-
entage of entirely 
orre
t trees.Fun
tional Parser (Baseline) 27.7Whole Constituents, Vote Weight 21.9Whole Constituents, Sum Weight 21.0Whole Constituents, O

urren
e Weight 21.3Simple Experiment with Re
ombined Parentheses, Sum Weight 9.7Simple Experiment with Re
ombined Parentheses, O

urren
e Weight 9.5Non-Empty Interse
tion, Sum Weight 18.1Non-Empty Interse
tion, O

urren
e Weight 18.5Voted by Few, vote=1, O

. Weight 21.3Voted by Few, vote=2, O

. Weight 21.3Voted by Few, vote<3, O

. Weight 21.3Voted by Few, vote=3, O

. Weight 9.8Voted by Few and non-empty, vote=1, O

. Weight 21.3Voted by Few and non-empty, vote=2, O

. Weight 21.3Voted by Few and non-empty, vote<3, O

. Weight 21.3Common Spine, Sum Weight 19.3Common Spine, O

. Weight 19.5Whole Constituents, Threshold 28.3All Re
ombined, Threshold 9.9Non-Empty, Threshold 19.6In�nite Weight, All Re
ombined 10.3In�nite Weight, Non-Empty 19.3In�nite Weight, Threshold=4, All Re
ombined 11.0In�nite Weight, Threshold=6, All Re
ombined 13.6
78
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