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Chapterr  2 

Backgroundd and Language Modeling 
Landscape e 

Thiss chapter has two main goals. The first is to present the background material re-
quiredd for most of the forthcoming chapters, the second one is to situate this thesis in 
thee landscape of natural language parsing. When presenting different approaches for 
dealingg with language models, we adopt a formal language perspective. In Section 2.2 
wee present regular automata, in Section 2.3 context free grammars, in Section 2.4 W-
grammars,, and Section 2.5 we deal with other formalisms that do not fall in any of 
thee previous categories but that are used for natural language parsing. Finally, in Sec-
tionn 2.6 we deal with approaches used for natural language parsing that are mainly 
basedd on machine learning techniques. 

2.11 The Penn Treebank 

Wee start by presenting the material that indirectly defines our task. The Penn treebank 
(PTB)) (Marcus et al., 1993, 1994) is the largest collection of syntactically annotated 
Englishh sentences, and probably the most widely used corpus in computational linguis-
tics.. It is also the basis for the experiments reported in this thesis, and it defines the 
kindd of information we are going to try to associate to naturally occurring sentences. 

Thee PTB project started in 1989. Between then and 1992, 4.5 million words of 
Americann English were automatically part of speech (POS) tagged and then manually 
corrected.. Then, each sentence was associated to a parse tree that reflected its syntactic 
structure.. The first release of the PTB uses basically a context free phrase structure 
annotationn for parse trees, where node labels are mostly standard syntactic categories 
likee NP, PP, VP, S, SBAR, etc. In 1995, a new version was released; this second version 
appliedd a much richer annotation scheme, including co-indexed null elements (traces) 

II I 
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too indicate non-local dependencies, and function tags attached to the node labels to 
indicatee the grammatical function of the constituents. 

Thee parsed texts come from the 1989 Wall Street Journal (WSJ) corpus, and from 
thee Air Travel Information System (ATIS) corpus (Hemphill et al., 1990). The second 
releasee is the basis for the experiments in Chapters 5, 6 and 7. A third release came out 
laterr on, using basically the same annotation schema as the second but also including 
aa parsed version of the Brown Corpus (Kucera and Francis, 1967). 

Thee POS tag set is the same in all three releases. It is based on the Brown Corpus 
tagg set, but the PTB project collapses many Brown tags. The reason for this simplifica-
tionn is that the statistical methods, which were used for the first automatic annotation 
andd envisaged as potential "end users" of the treebank, are sensitive to the sparse data 
problem.problem. This problem comes into play if certain statistical events (e.g., the occurrence 
off  a certain trigram of POS tags) do not occur in the training data, so that their prob-
abilityy cannot be properly estimated. The sparseness of the data is related to the size 
off  the corpus and the size of the tag set. Thus, given a fixed corpus size, the sparse 
dataa problem can be reduced by decreasing the number of tags. Consequently, the final 
PTBB tag set has only 36 POS tags for words and 9 tags for punctuation and currency 
symbols.. Most of the reduction was achieved by collapsing tags that are recoverable 
fromm lexical or syntactic information. For example, the Brown tag set had separate 
tagss for the (potential) auxiliaries be, do and have, as these behave syntactically quite 
differentlyy from main verbs. In the tag set of the PTB, these words have the same tags 
ass main verbs. However, the distinction is easily recoverable by looking at the lexical 
items.. Other tags that are conflated are prepositions and subordinating conjunctions 
(conflatedd in IN) and nominative and accusative pronouns (conflated in PRP), as these 
distinctionss are recoverable from the parse tree by checking wether IN is under PP or 
underr SBAR, and whether PRP is under S or under VP or PP. 

Thee syntactic annotation is guided by the same considerations as POS tagging. For 
instance,, there is only one syntactic category, labeled SBAR, for that- or w/i-clauses 
andd only one S for finite and non-finite (infinitival or participial) clauses, although 
thee two types behave syntactically quite differently. Again, the argument is that these 
distinctionss are recoverable by inspecting the lexical material in the clause; and parsers 
basicallyy use the simple treebank categories. 

Inn general, only maximal projections (NP, VP,...) are annotated, i.e., intermediate 
X-barr levels (N', V') are left unexpressed, with the exception of SBAR. In the first 
releasee of the PTB, the distinction between complements and adjuncts of verbs was 
expressedd by attaching complements under a VP as sisters of the verb and by adjoining 
adjunctss at the VP level. In the second release, both complements and adjuncts are 
attachedd under VP. 

Inn our experiments, we used the PTB as training and test material. We train models 
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onn the data provided by the PTB and we try to obtain, for instances not used in the 
trainingg material, the tree that the PTB would have associated to them. In our exper-
iments,, we did not work directly with the PTB, but with a dependency version of the 
treess in the PTB. That is, we transformed the PTB into dependency trees to obtain the 
trainingg material for our experiments. 

2.1.11 Transformation of the Penn Treebank to Dependency Trees 

Thee experiments we present in the forthcoming chapters use unlabeled dependency 
structures.. We choose to use such structures because they allow us to isolate better 
thann phrase structures the aspects of syntax and language modeling that we want to in-
vestigate.. We transformed all trees in the PTB to dependency trees; the transformation 
proceduree is based on the ideas of Collins (1999). He defines the transformation from 
phrasee structure trees to dependency trees as a function from a tree to its associated 
dependencies.. Two steps are involved in defining this transformation. First, the trees 
aree lexicalized by adding the word to each non-terminal label; second, dependencies 
aree derived by extracting n - 1 dependencies from each rule with n children. Let us 
explainn both steps in more detail. 

Stepp 1: Lexicalization of parse trees. Black et al. (1993); Jelinek et al. (1994); Ma-
germann (1995a) introduced the concept of lexicalization of non-terminal rules as 
aa way of improving parsing accuracy. Each non-terminal node in a tree is mod-
ifiedd by adding the head-word to it. Headwords are assigned through a function 
thatt identifies the "head" of each rule in the grammar. More precisely, the func-
tionn head(X —> Y\,..., Yn) returns a value h such that 1 < h < n, where h is 
thee index of the head. 

Thee function head is used for adding lexical information to all non-terminals in 
aa tree. The function headword adds lexical information to all non-terminals in a 
treee and headword is defined recursively as follows. 

Basee case: If a non-terminal X is on the left-hand side of a rule X —> x, 
wheree X is a non-terminal part of speech, and a: is a lexical item; then 
headword(Xheadword(X - » I ) = I . 

Recursivee case Assume X is a non-terminal on the left-hand side of a rule 
XX —  Yi...Yn, and h = head(X —> Yx... Yn); we put headword(X) = 
headword{Yh) headword{Yh) 

Stepp 2: Derivation of dependencies from lexicalized trees. With the headword for 
eachh non-terminal in the tree defined, the next step is to identify a set of depen-
denciess between words in the sentence. A dependency is a relationship between 
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twoo word-tokens in a sentence, a modifier and its head, which we will write as 
modifiermodifier —+ head. The dependencies for a given tree are derived in two ways: 

 Every rule A' —> Y"i . .. V'„  such that Y"i Yn are non-terminals and 
nn > 2 contributes the following set of dependencies: {headword(Yt) —> 
headword{Yheadword{Yhh)) : 1 < i < n. i f h), where h = head{X -  Yi . .. Yn). 

 If A' is the root non-terminal in the tree, and x is its headword, then x —* 
ENDD is a dependency 

Clearly,, the key component in the transformation process is the function head. This 
functionn has been implemented mainly as a lookup table. For further details on the 
definitionn of the function head, see (Collins, 1999, Appendix A). 

Thee PTB provides us with the training materia! for inducing our own grammars. 
Thee grammars learnt in this thesis are Probabilistic Constrained W-Grammars (PCW 
Grammars),, a new formalism which is presented in Chapter 4. Our formalism is re-
latedd to probabilistic regular languages, probabilistic context free grammars and W-
grammars.. In this chapter we present these three different formalisms. The relation of 
PCWW Grammars to each of the three formalism will become clear in the remainder of 
thee thesis. 

2.22 Probabilistic Regular  Automata 

Lett us start by recalling some preliminary notation and concepts from formal lan-
guages.. Let E be a finite alphabet and E* the (infinite) set of all strings that can be 
builtt from E; e denotes the empty string. A language is a subset of E*. By conven-
tion,, symbols from E will be denoted by letters from the beginning of the alphabet 
(a,(a,fr,fr, c,...) and strings from E* will be denoted by letters from from the end of the 
alphabett (... ,x,y, z). The size of a string x € E*  is written |x|. If ~ denotes an 
equivalencee relation on a set AT, we write [x]  to denote the component of the equiva-
lencee class containing x, that is \x\ = {y e X : y = x). 

AA  probabilistic language L is a probability distribution over E*. The probability of 
aa string x e E*  is denoted as PL{X). If the distribution is modeled by some syntactic 
machinee A the probability of x according to the probability distribution defined by A 
iss denoted as PA{X). 

Twoo probabilistic languages L and L' are equal if Ww : PL{W) — pv{w)\ note that 
thiss definition implicitly states that the two languages contain the same strings. 

Wee now introduce deterministic finite automata (for a more detailed introduction, 
seee (Hopcroft and Ullman, 1979)): 
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2.2.1.. DEFINITION. A deterministic finite automaton (DFA) .4 is a tuple (Q, E, S, q0, 
F),F), where 

 Q is a finite set of states; 

 QQ is the initial state; 

 E is the alphabet; 

 6 : Q x E —> Q is a transition function; 

 F C Q is the set of final states. 

Wee extend 6 in the usual way to a function Ö : Q x E*  —> Q by putting 5(g, c) = g and 

S(q,aw)S(q,aw) — ö(ö(q,a),w). 

Wee now adapt this definition to the probabilistic setting; 

2.2.2.. DEFINITION. A probabilistic deterministic finite automaton (PDFA) A is a tuple 

{Q,, E, <5, g0,7). where Q, E, J, g0 define a DFA and 7 is a function with two profiles: 

 7 : Q x E —*  M (transition probabilities) and, 

 7 : Q -^ K (final-state probabilities). 

Thee function 7 is recursively extended to 7 : Q x E*  —  K such that 7(9, e) = 1 

andd -y(q,ax) - j{q,a)  -y(6(q,a),x). The probability of a string x starting from the 

statee q is defined as p(q,x) = l{q,x)  -y(ö(q,x)). The probability of a string x is 

p{x)p{x) = p(qo, x). Let X be a set of strings, p(X) = Y\xGXp(x). W e s ay m at a prob-

abilityy distribution over L is a probabilistic deterministic regular language (PDRL) if 

itt is produced by a PDFA. As probabilistic languages define probability distributions 

overr E, it is required that 0 < p(x) < 1 and p(E*) = 1 (consistency condition). In 

contrastt to non-probabilistic automata, the deterministic and non-deterministic version 

off  probabilistic automata are not equivalent (Dupont et al., 2004). 

Automataa play a fundamental role in this thesis, both from a theoretical and from 

aa practical point of view. In Chapters 5, 6 and 7 we use automata for building PCW-

grammars.. We induce automata from training material and then combine them for 

definingg grammars. Inferring automata, then, is a fundamental activity in this thesis. 
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2.22.2 A Inferrin g Probabilistic Deterministic Finite Automata 

Thee problem of inferring a PDFA can be seen as a particular instance of the wider task 
off  inferring formal grammars from a finite set of examples. This task has been exten-
sivelyy studied under the paradigm of identification in the limit (Carrasco and Oncina, 
1994,, 1999; Thollard et al., 2000). Under this paradigm, a learner is supplied by an 
(infinite)) stream of input data, generated according to a language. The learning prob-
lemm is to identify the language that explains the data stream. In every iteration step, 
thee learner reads another piece of data and outputs a grammar of a given family of 
grammars.. The main questions addressed by this framework are 

 For which family of grammars are there algorithms which identify a correct hy-
pothesiss at some point in time (in the limit) for any instance of the representation 
class,, and just output syntactic variants of the result from that point on? 

 Does a specific algorithm identify any/one specific instance of a representation 
classs in the limit? 

Notee that the learner is not asked to realize that he has found a correct hypothesis. 
Goldd (1967) introduced this paradigm and he showed that negative examples are re-
quiredd even for learning the class of regular languages, or equivalently for inducing 
deterministicc finite automata (DFAs). 

Whenn training data includes negative examples, the regular positive and negative 
inferencee (RNPI) algorithm can be used for learning PDFAs (Oncina and Garcia, 
1992).. This algorithm was proven to identify in the limit the class of regular lan-
guages.. Negative information, however, is not always available in practical domains 
suchh as natural language or speech applications. A promising approach to learn DFAs 
onlyy from positive examples has been proposed by Denis (2001). There is, however, 
onee more complication: real data is generally noisy, because the data itself does not 
consistentlyy follow a formal syntax. If we choose to learn PDFAs we can, in principle, 
handlee both the lack of negative information and the presence of noise. One possi-
blee approach to learn PDFAs consists in reducing the class of machines of interest 
too a special case of Markov chains called n-grams. These models, however, form a 
properr subclass of PDFAs in which the maximal order of dependence between several 
symbolss in a sequence is bound. We come back to this difference in more detail in 
Chapterr 5 by exploring how the two approaches deal with the creation of context free 
likee rules used for parsing. 

Severall  inference algorithms for probabilistic automata have been proposed. For 
example,, Carrasco and Onciana's ALERGIA algorithm (Carrasco and Oncina, 1994, 
1999),, a stochastic extension of the RPNI algorithm, is not restricted to learning acyclic 
automata.. Most of the algorithms for inducing PDFAs follow the same approach; they 
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startt by building an acyclic automaton, called the initial automaton, that accepts only 
thee strings in the training material. Next, the algorithms generalize over the training 
materiall  by merging states in the initial automaton. In other words, they usually build 
aa sequence of automata .40, ...,Ak, where A0 is the initial automaton and A3 results 
fromm merging some states in Aj-i into a single state in Ar For example, the ALER-
GIAA algorithm merges states locally, which means that pairs of states will be merged 
iff  the probabilistic languages associated to their suffixes are close enough. This local 
mergingg implies that there is no explicit way to bind the divergence between the distri-
butionn defined by the initial automaton and the distribution defined by any automaton 
inn the sequence of automata built by the algorithm. 

Too avoid this problem, the minimal divergence algorithm (MDI) (Thollard et al., 
2000)) trades off minimal size and minimal divergence from the training sample. We 
usee the MDI algorithm in our experiments, and, since it is a key component in the 
forthcomingg chapters, we will now provide a more detailed presentation of its working 
principle. . 

2.2.22 The MDI Algorith m 

Beforee discussing the MDI algorithm, let us introduce some useful concepts and nota-
tions. . 

2.2.3.. DEFINITION. The relative entropy or Kullback-Leibler divergence between two 
probabilityy distributions P{x) and Q(x), defined over the same alphabet Ax, is 

^ i w )) = !>(*> **(£§) . 
wheree log denotes the logarithm base 2. 

Thee Kullback-Leibler divergence is a quantity which measures the difference between 
twoo probability distributions. One might be tempted to call it a "distance," but this 
wouldd be misleading, as the Kullback-Leibler divergence is not symmetric. 

Lett I+ denote the positive sample, i.e., a set of strings belonging to the probabilistic 
languagee we are trying to model. Let PTA(I+) denote the prefix tree acceptor built 
fromm the positive sample I+. The prefix tree acceptor is an automaton that only accepts 
thee strings in the sample and in which common prefixes are merged, resulting in a tree-
shapedd automaton. Let PPTA(I+) denote the probabilistic prefix tree acceptor. This is 
thee probabilistic extension of the PTA(I+), in which each transition has a probability 
proportionall  to the number of times it is used while generating, orequivalently parsing, 
thee sample of positive examples. Let C(q) denote the count of state q, that is, the 
numberr of times the state q was used while generating ƒ+ from PPTA(I+). 
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Lett C(q.EtitD) denote the number of times a string I+ ended on q. Let C{q, a) 
denotee the count of the transition (q,a) in PPTA(I+). The  is the maxi-
mall  likelihood estimate built from I+. In particular, for PPTA{I+), the probability 
estimatess are: 

// A g(q-") , . ,> c(q.m>) 

Figuree 2.1 .(a) shows a prefix tree acceptor built from the sample 

II++  — {a,bb,bba,baab,baaaba}. 

Lett A be an automaton with set of states Q, and let n be a partition of Q. The prob-
abilisticc automaton .4/11 denotes the automaton derived from A with respect to the 
partitionn II . A/U is called the quotient automaton and it is obtained by merging states 
off  A belonging to the same component ix in n. When a state q in A/W results from the 
mergingg of states q' and q" in Q, the following equalities must hold: 

C(q\a)C(q\a) + C(q",a) C(q\ END) + C(q\ END) 
7l<7,, a) = „i  A , „ , „x <Va€ E, and j{q) C(q')C(q') + C(q") '^' C(q') + C(q") 

Quotientt  Automata and Inference Search Space 

Wee define Lat(PPTA(I+)) to be the lattice of automata which can be derived from 
PPTA(IPPTA(I++ ))tt that is, the set of all probabilistic automata that can be derived from 
PPTA(I+PPTA(I+),), by merging some states. This lattice defines the search space of all possible 
PDFAss that generalize the training sample (Dupont et al., 1994). 

Figuree 2.1.(b) shows the quotient automaton PPTA(J+)/Tl corresponding to the 
partition n 

nn = {{0,l,3,5,7,10},{2,8,9},{4},{6}} . 

forr the prefix tree acceptor in Figure 2.1 .(a). Each component of the partition represents 
aa set of merged states. Recall that each state is named with a natural number. Each 
componentt is denoted with the number of the minimal state inside it. 

Byy construction, each of the states in PPTA(I+) corresponds to a unique prefix. 
Thee prefixes may be sorted according to the standard order < on strings. The standard 
orderr is the lexical order found in dictionaries. For instance, according to the standard 
order,, the first strings in the alphabet H — {a, b] are e < a < b < aa < ab < ba < 
bbbb < aaa < .... This order also applies to the prefix tree states. A partition of the set 
off  states of PPTA(I+) consists of an ordered set of subsets, each subset receiving the 
rankk of its state of minimal rank in the standard order. The MDI algorithm proceeds in 
NN - 1 steps, where ./V = 0(I+) is the number of states of PPTA(I+). The partition 
U(i)U(i)  at step i, that is, the quotient automaton obtained at step i, is obtained by merging 
thee two first subsets, according to the standard order defined above, of the partition 
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Figuree 2.1: A prefix acceptor (a) and a quotient automaton (b). 

n(ii  — 1) at step i — 1, so that PPTA(I+)/U(i) is a compatible automaton. Two au-
tomataa are said to be compatible if the following holds. Assume Ai is a temporary 
solutionn and A2 is a tentative new solution derived from Ai by merging some states, 
andd let A ^ ^ a ) = DKL{PPTA{I+)\\A2)-DKL{PPTA{1+)\\A{) be the divergence 
incrementt while going from A\ to A2. The new solution ^2 is considered to be com-
patiblepatible with the training data if the divergence increment relative to the size reduction, 
thatt is, the reduction of the number of states, is small enough. Formally, let alpha 
denotee a compatibility threshold. The compatibility is satisfied if: 

&{A&{A UUAA22)) ^ 
11 ,  1 . 1 < < a lpha. 

Summingg up, the MDI algorithm takes a set of strings as input and outputs a PDFA. 
Theoretically,, the set of strings fed to the MDI algorithm are produced by the unknown 
PDFA,, the MDI algorithm tries to recover. 

Clearly,, the MDI algorithm might output different automata for different values of 
a lpha.. Then, a valid question is how to choose the right value of a lpha. In order to 
determinee the best value of a lpha, we will now discuss how to evaluate automata. 

2.2.33 Evaluating Automata 

Wee use two measures to evaluate the quality of a probabilistic automaton. The first, 
calledd test sample perplexity (PP), is based on the test sample perplexity of strings x 
belongingg to a test sample, according to the distribution defined by the automaton. 
Lett A be an automaton, and let p be the probability distribution defined by A. The 
perplexityy PP associated to A is defined as 
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where e 
LLLL  = ~]è\\^]0gP{jr)-

P(.r)P(.r) is the probability assigned to the string x by the automata .4, 5 is a sample 
sett of strings that follow the right distribution, and | |5 || is the number of symbols 
inn S. The minimal perplexity PP = 1 is reached when the next symbol is always 
predictedd with probability 1 from the current state, while PP = |E| corresponds to 
uniformlyy guessing from an alphabet of size |E|. Intuitively, perplexity (PP) measures 
thee uncertainty faced by an automaton when it is fed a new string. 

Itt is hard to track down the origin of LL, the most appealing explanation we found 
inn (Jurafsky and Martin, 2000) is related to cross entropy. Let us see how. The cross 
entropyy is useful when we do not know the actual probability distribution p that gener-
atedd sequences of words iv\,..., w.n. It allows us to estimate some p which is a model 
off  p, i.e., an approximation to p. The cross entropy of p on p is defined by 

H(p,p)H(p,p) = lim - ^ p{wi wn)\ogp(wi,...,wn). 
W€L W€L 

Thatt is, we draw sequences of words wx according to the probability distribution p, but 
summ the log of their probability according to p. 

Iff  the automaton is a stationary ergodic process, then using the Shannon-McMillan-
Breimann theorem we rewrite 

H(p,p)=H(p,p)= lim — \ ogp(wu . . . ,wn) . 

Forr sufficiently large n, we can rewrite: 

H(p,p)H(p,p) = \ogp(wi,...,wn), 
n n 

whichh corresponds to our definition of LL. 
Thee second measure we use to evaluate the quality of an automaton is the number of 

missedmissed samples (MS). A missed sample is a string in the test sample that the automaton 
failedd to accept. One such instance is enough to have PP undefined (LL infinite). 
Sincee an undefined value of PP only witnesses the presence of at least one MS, we 
decidedd to count the number of MS separately, and compute PP without taking MS into 
account.. This choice leads to a more accurate value of PP, and, moreover, the value 
off  MS provides us with information about the generalization capacity of automata: the 
lowerr the value of MS, the larger the generalization capacities of the automaton. The 
usuall  way to circumvent undefined perplexity is to smooth the resulting automaton 
withh unigrams, thus increasing the generalization capacity of the automaton, which is 
usuallyy paid for with an increase in perplexity. We decided not to use any smoothing 
techniques,, as we want to compare bigram-based automata with MDI-based automata 
inn the cleanest possible way. 
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2.33 Probabilistic Context Free Grammars 

Contextt free grammars are a key component in our formalism, PCW-grammars. We 
usee them for proving the consistency properties of our own formalism and as the back-
bonee of our parsing algorithm. We present them here following the standard conven-
tionss (e.g., (Aho and Ullman, 1972; Hopcroft and Ullman, 1979)). 

AA  context free grammar (CFG) is defined as quadruple (T, N, S, R), consisting of 
aa terminal vocabulary T, a non-terminal vocabulary TV, a distinguished symbol S e N, 
usuallyy called the start symbol or axiom and a set of productions or rewriting rules P. 
Thee sets T, TV, and R are finite; T and TV are disjoint (T D N  ̂ 0), and their union 
cann be denoted V (V = T U TV). In the case of a CFG, the rules of the grammar will 
bee written as A -> a, where A e TV and a e V*. Rules of the form A -> w, where 
ww € T are referred to as lexical rules. 

Givenn a CFG G, a parse tree based on G is a rooted, ordered tree whose non-
terminall  nodes are labeled with elements of TV and whose terminal nodes are labeled 
withh elements of T. Those nodes immediately dominating terminal nodes will be re-
ferredd to as preterminal; the other non-terminal nodes will be referred to as non-lexical. 
AA syntactic tree based on G is said to be well-formed with respect to G if for every non-
terminall  node with label A and daughter nodes labeled Au ..., Ak, there is a rule in 
PP of the form A —> A1... Ak. We shall distinguish between a tree that is compatible 
withh the rules of the grammar, and a tree that also spans a sentence. A syntax tree is 
saidd to be generated by a grammar G if 

1.. The root node is labeled with 5 (the distinguished symbol). 

2.. The tree is well-formed with respect to G. 

Thee conventional rewrite interpretation of CFGs (see, for instance, (Hopcroft and Ull-
man,, 1979)) will also be used in the definition of our stochastic models. Given two 
stringss Wx and w2 G V*, we say that wi directly derives w2, if w^ = SA-y, w2 = 6ay, 
andd A —  a is a rule in P. Similarly, Wi derives w2 (in one or more steps) if the 
reflexivee transitive closure of A directly derives a (written A —>* a to indicate the 
applicationn of zero or more rules in order to derive string a from non-terminal ̂ 4). 

AA  probabilistic context free grammar (PCFG) is a context free grammar G with 
sett of rules R in which a probability has been attached to every rule in R. That is, 
forr every rule of grammar G, A -  a e R, it must be possible to define a probability 
P(AP(A -+ a). Moreover, the probabilities associated to all the rules that expand the same 
non-terminall  must sum up to 1. 

A-+a£R A-+a£R 
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Usingg an auxiliary notation ,4(J to denote a non-terminal node .4 of the parse tree span-
ningg positions of the sentence from i through j , we can define the three assumptions of 
thee model: 

1.. Place invariance: Vi, P(A, A+\Q —+ () is the same. 

2.. Context freedom: P{AJ} — ^anything outside i through j) = P{Ai3 —> C). 

3.. Ancestor freedom: P(A,j —> (| any ancestor nodes above A{j) = P(A{j —» (). 

Thee probabilities attached to the rules can be used either to heuristically guide the 
parsingg process or to select the most probable parse tree(s). The probability of a certain 
derivation,, i.e., a parse tree, can be computed by multiplying the probabilities of all the 
productionss applied in the derivation process. Let i/.' be a finite parse tree, well-formed 
withh respect to G, and let ƒ be the counting function, such that f (A —> a; ip) indicates 
thee number of times rule A —+ a has been used to build tree J/\ Then we can write: 

Inn contrast to PDFAs, where the consistency property is defined over the set £*, the 
consistencyy property for PCFGs is defined over the set ipo of trees accepted by G. P 
iss said to be consistent if 

Thee consistency property for PCFGs is not always satisfied, (see, for instance (Booth 
andd Thompson, 1973)), because it depends on the probability distribution over the 
rules,, P(A —  a). However, if, as usual, the estimation of the probabilities is carried 
outt by means of the maximum likelihood estimator (MLE) algorithm, it can be proved 
thatt this property holds. Chi and Geman (1998) generalizes this approach by means of 
thee relative weighted frequency method. 

2.44 W-Grammars 

Inn the mid-1960s, Aad van Wijngaarden developed a grammar formalism specially for 
thee formal definition of programming languages, based on a combination of generality 
andd simplicity. The formalism was first presented by Van Wijngaarden (1965) and 
wass adopted for a new programming language design project that eventually produced 
ALGOLL 68. Grammars within this formalism are called van Wijngaarden grammars 
oftenn shortened to vW-grammars or W-grammars. Some authors used the name two-
levellevel grammars, but this could lead to confusion, since affix-grammarians also use it 
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too name the general class that includes W-grammars, affix grammars and the rest of 
variantss of AGs as well. Therefore, the name W-grammars is preferred here. 

Wee use the concept of two-level grammars to develop our own formalism, which is 
aa constrained version of W-grammars. W-grammars are too expressive and the compu-
tationall  complexity of dealing with such big expressivity is very high. Our formalism 
iss very close to the PCFG formalism in expressivity but it uses many ideas found in 
W-grammars.. We give here a brief introduction to W-grammars for comparisons with 
ourr own formalism. 

Thee basic idea of W-grammars is that, rather than enumerating a finite set of rules 
overr a finite symbol alphabet, a W-grammar constructs a finite meta-grammar that gen-
eratess the symbols and rules of the grammar. In this way, one can define a Chomsky-
typee grammar with infinitely many non-terminals and rules. 

Thee definition given here follows (Chastellier and Colmerauer, 1969): 

2.4.1.. DEFINITION. A W-grammar is defined by the 6th-tuple (V, NT, T, S, -^->, -^->) 
suchh that: 

 V is a set of symbols called variables. Elements in V are noted with calligraphic 
characters,, e.g., A, B, C. 

 NT is a set of symbols called non-terminals. Elements in NT are noted with 
upper-casee letters, e.g., X, Y, Z. 

 T is a set of symbols called terminals, noted with lower-case letters,e.g., a, 6, c, 
suchh that V, T and NT are pairwise disjoint. 

 S is an element of V called start symbol. 

 —>  is a finite binary relation defined on (V U NT U T)*  such that if x —> y 
thenn x € V. The elements of -^-*  are called meta-rules. 

 -̂—> is a finite binary relation on (V U NT U T)* such that if r -^-» s then s  ̂ e. 
Thee elements of -̂—  are called pseudo-rules. 

W-grammarss are rewriting devices. As rewriting devices, they consist of rewriting 
rules,, but, in contrast to standard rewriting systems, the rewriting rules of W-grammars 
doo not exist a-priori. Pseudo-rules and meta-rules provide mechanisms for building the 
ruless that will actually be used in the rewriting process. The rewriting rules are denoted 
byy = >̂ and are defined below. In general, a rule a ^=> (3 indicates that a should be 
rewrittenn as (3. For W-grammars, these rules are built by first selecting a pseudo-rule, 
andd second, using meta-rules for instantiating all the variables that the pseudo-rule 
mightt contain. Once all variables have been instantiated, the resulting relation can 
bee viewed as a derivation rule, like in context free grammars. The different values a 
variablee in a pseudo-rule can take are given by the meta-rules. In other words, the 
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relationn generated by metarules defines the set of values a variable can have. Once all 

variabless in a pseudo-rule have been instantiated, we obtain a "real" rule. 

Thee idea of rule instantiation is explained in the following example. 

2.4.2.. EXAMPLE. Let \Y = (V, NT,T, S, -^U, -^->) be a W-grammar such that V = 

{S.A~},NT{S.A~},NT = {S,A}. 

meta-rules s 

A^AA A^AA 
A^A A^A 

pseudo-rules s 

ss ^ A ~ 
AA —> a 

Forr building a rewriting rule, we first take a pseudo-rule, say 5 —  A, with all its 

variabless instantiated. For this particular pseudo-rule, the variable A is the only one 

thatt needs to be instantiated. Possible instantiations are defined through meta-rules. 

Forr this example, the variable A can be rewritten as A —  AA ^—> AAA -^-» AAAA. 

Replacingg the instantiation AAAA for the variable A in S -̂—> A yields the rewriting 

rulee S =>  AAAA. Note that pseudo-rules are used only one time to construct =^> 

rules. . 

Inn order to formalize the derivation process and to define the language accepted by 

aa W-grammar, we first extend ^~* to a relation between a sequence of strings in the 

usuall  way: If x ^-* y then vxw —* vyw for any x, y,v,w G (NT U T U V)* . With 

—>>  we denote the reflexive and transitive closure of -^-+. The relation ^=>  is formally 

definedd as follows. 

2.4.3.. DEFINITION. Let r and s be in (NT U T)*. We say that r = > s if there exist 

r',r',  s' in (V U NT U T)* such that r' —> s' and such that r and s can be obtained 

fromm r' and s' respectively by substituting each occurrence of a variable U by a string 

tt G (TuNT)* such that U —  t. If U occurs more that once in r' or s', the same string 

tt has to be substituted in all occurrences. The elements of ^ ^ are called w-rules. 

AA w-rule a =£> (5 defines only one step in the rewriting process. The entire rewriting 

proceduree is defined by extending ^> to elements in (TuNT)* as follows. If r ^=> s 

thenn p, r, q =̂ => p, s, q for any r, s,p and q in (T U NT)*. Also, =^> is the reflexive 

andd transitive closure of =^=>. When a string is rewritten using w-rules, we call that 

derivationn a w-derivation. 

2.4.4.. EXAMPLE. Let W = (V,NT,T, N, -^->, ) be a W-grammar with V = 

{JV ,, L} , A T = {£/} , T = {a, 6, c] and the set of meta-rules and pseudo-rules as 

follows: : 
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metarules s 

~N~N ^JfU 

LL —> a 

LL —> b 

LL —> c 

pseudo-rules s 
Ï V - ^^ A^A^ ÏV c 
~NUL~NUL -  ̂ ~NL,I 

Ul^~>L Ul^~>L 

Thiss grammar generates the language L = {(a, )"(&, )n(c, )" : n > 0} , which is known 

too be context-sensitive (Hopcroft and Ullman, 1979). Note that meta-rules wil l produce 

sequencess of non-terminals U, while a variable TV can be instantiated with any string 

'm{U*'m{U*  : n > 0} . 

Thee pseudo-rule N -̂—» Na, Nb, Nc indicates how many a's, fe's and c's the body 

off  the w-rule resulting from using this w-rule wil l have. The pseudo-rule NUL -̂ —

NL,NL, L is used to build w-rules that rewrite the sequence of (7's to its corresponding 

non-terminals.. Table 2.1 shows the w-rules used for w-deriving a, a, b, b, c, c. 

w-rul e e 

UUUU ^4> UUa, UUb, UUc 
UUaUUa =ï Ua,a 
UUb^>UUb^> Ub,b 
UUcUUc ^=> Uc, c 
UaUa =>  a 
Ub^b Ub^b 
Uc^c Uc^c 

howw to derive it 

Fromm TV -  ̂ ~Na, ~Nb, We with TV := UU. 

Fromm 'NUL -^ 7 7 1 ,1 with ÏV := U and X := a. 
Fromm ~NUZ -^-+ ÏVX, X with TV := C7 and I := 6. 

Fromm ~NUZ -?-> ÏVX, X with F := [/ and X := c. 
Fromm f/L  -̂—» L with L := a. 

Fromm f/L  —> L with L := 6. 
Fromm UL -̂—  Z, with L := c. 

Tablee 2.1: W-rules used to w-derive string a, a, ft, 6. 

Finally,, using the w-rules built in Table 2.1, the w-derivation of string a, a, 6, 6, c, c is: 

f/a,, a, C/t/6, UUc 

a,a,UUb,UUc a,a,UUb,UUc 

a,a, a, Ub,b, UUc 

a,a,b,b,a,a,b,b, UUc 

a,a,b,b,Uc,ca,a,b,b,Uc,c =>  a,a,b,b,c,c 

W-derivationss are represented as a tree. The tree corresponding to the derivation shown 

inn Example 2.4.4 is given in Figure 2.2. Commas separate the units for replacing or 

rewritingg symbols and are a key point in the definition of W-grammars. 

Finally,, we define the string language generated by a W-grammar as follows: 

UU UU UUa,UUa, UUb, UUc 
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UU U 

UUaa UUb UUc 

Uaa a Ub b Uc c 

a b c c 

Figuree 2.2: A derivation tree for the string a, a, b, 6, c, c. 

2.4.5.. DEFINITION. Let W be a W-grammar. The string language L(\V) generated by 
U'' is the set defined by: 

L{W)=L{W)=  {/? e T+ : there exists o e (T U iVT)*  such that 5 ^ a ^ ' / 3 } 

Intuitively,, a string (3 belongs to the language L{W) if and only if there is an a that 
iss an instance of the start variable 5, and if there are rules =̂=> can be build from a to 
derivee p. 

Ass with CFGs, W-grammars define a tree-language: 

2.4.6.. DEFINITION. Let W = (Vr, NT,T, N, - ^ , -?->) be a W-grammar and L(ir ) 
itss language. Let x be an element in L(W). A tree yielding x is defined as the w-
derivationn used for w-deriving x. 

AA w-tree pictures the w-rules that have been used for deriving a string. The way in 
whichh the w-rule has been obtained from the pseudo-rules and meta-rules remains hid-
den,, i.e., there is no way to deduce the way in which variables have been instantiated. 
Thiss property is very important, and it also holds for our formalism. We come back to 
thiss point in Chapter 4. 

2.55 Further  Probabilistic Formalisms 

Inn the literature, many different approaches have been proposed for dealing with natural 
languagee parsing. In this section we present a brief review of existing formalisms to 
placee our approaches into a bigger context of probabilistic formalism. Since many 
formalismss have been proposed, we can only provide a short overview of only some of 
them.. There are many relations between the formalisms discussed in this section and 
thee work presented in this thesis, but we only sketch the most fundamental relations 
here.. More specific relations are described in Chapter 4, where we relate our formalism 
too three specific formalisms: bilexical grammars, Markovian CFGs, and data-oriented 
parsing. . 
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2.5.11 Dependency Based Approaches 

Thee probabilistic link grammar model of Lafferty et al. (1992), grammatical trigrams, 
mightt be considered the earliest work on probabilistic dependency grammars. It is a 
generativee model that specifies a probability distribution over the space of parse/sen-
tencee pairs, and it is trained in an unsupervised way, by means of an approach similar to 
thee Inside-Outside algorithm (Manning and Schütze, 1999). Another related proposal 
iss Lynx (Venable, 2001). Like grammatical trigrams, Lynx are probabilistic models 
basedd on link grammars (Sleator and Temperley, 1993, 1991). Eisner (1996), in his 
modell  C, uses a dependency grammar, with unlabeled links (as opposed to the labeled 
linkss or connectors representing grammatical relationships between words of the link 
grammars).. Carroll and Charniak (1992) focus on dependency grammars as well. They 
definee an inductive algorithm to create the grammar, which performs incrementally: a 
neww rule is introduced only if one of the sentences in the learning corpus is not correctly 
analyzedd by means of the current rule set. 

Headd Automaton Grammars. Alshawi (1996) describes lexicalized head automata, 
aa formalism representing parse trees by means of head-modifier relations. For each 
head,, a sequence of left and right modifier words is defined together with their corre-
spondingg relations. A head automaton grammar (HAG), is defined as a function that 
definess a head automaton for each element of its (finite) domain. A head automaton is 
ann acceptor for a language of string pairs (x, y) (the left and right modifiers), so that 
thee language generated by the entire grammar is defined by expanding the special start 
symboll  $ into x%y for some {x, y), and then recursively expanding the words in strings 
xx and y. A generative probability model is provided (Alshawi describes five parameter 
types),, as well as a parsing algorithm which is analogous to the CKY algorithm (with 
aa cost of 0(n5)). Eisner and Satta (1999) provide a translation from head automaton 
grammarss to bilexical CFGs, obtaining a parsing algorithm for HAGs performing in 
timee 0(n4). Moreover, if the HAGs belong to the particular subclass of split head 
automatonn grammars, aO(n3) parsing algorithm is provided. 

Eisnerr (2000) introduces weighted bilexical grammars, a formalism derived from 
dependencyy grammars which can be considered a particular case of head automaton 
grammars.. Weighted bilexical grammars extend the idea of bilexical grammars so 
that,, instead of capturing black-and-white selection restrictions (say, either a certain 
verbb subcategorizes a certain noun or not), gradient selection restrictions are captured: 
eachh specific word is equipped with a probability distribution over possible dependents. 
Then,, the task of the parser will be to find the highest-weighted grammatical depen-
dencyy tree given an input sentence. A new parsing algorithm for bilexical grammars (a 
variantt of the one described in (Eisner, 1996)) is introduced, improving performance 
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withh respect to the previous and usually used version. This work also shows how the 
formalismm can be used to model other bilexical approaches. Bilexical grammars are 
veryy important in this thesis; many of the grammars we build can be seen as bilex-
icall  grammars. In Section 4.2.1, we show that bilexical grammars are a subclass of 
PCW-grammars. . 

(Lexicalized)) Tree Adjoining Grammars. Lexicalized tree adjoining grammars (or 
LTAGs,, for short) present an example of a lexicalized probabilistic formalism. They 
aree an extension of tree adjoining grammars (TAG) (Joshi, 1987)), for which a prob-
abilisticc model was devised in (Resnik, 1992). In LTAGs, each elementary structure 
hass a lexical item on its frontier, the anchor. Schabes (1992) describes a very similar 
probabilisticc model, and derives an unsupervised version of the inside-outside algo-
rithmm to deal with stochastic TAGs. The main difficulty lies in defining the initial 
grammarr rules. Joshi and Srinivas (1994) use «-gram statistics in order to find an el-
ementall  structure for each lexical item. Then, richer structures can be attached to lex-
icall  items, creating supertags, so that each elementary tree corresponds to a supertag, 
whichh combines both phrase structure information and dependency information in a 
singlee representation. 

Thee disambiguation performed by supertags can be regarded as a preliminary syn-
tacticc parse (almost-parsing), which filters an important number of elementary trees 
beforee the conventional steps of combining of trees by means of adjunction and sub-
stitutionn operations. Srinivas (1997) gives additional models and results. It is not our 
intentionn to provide full details about the extensive literature on this formalism, but 
wee will add some pointers about some aspects of TAGs that are specially interesting 
inn relation to our own work. Nederhof et al. (1998) propose an algorithm for effi-
cientlyy computing prefix probabilities for a stochastic TAG. Satta (1998) provides an 
excellentt review of techniques for recognition and parsing for TAGs. Eisner and Satta 
(1999)) describe a proposal of a more efficient algorithm for parsing LTAGs. Xia et al. 
(2001)) describe a methodology to extract LTAG grammars from annotated corpora, 
andd Sarkar (2001) explores state-of-the-art machine learning techniques to enable sta-
tisticall  parsers to take advantage of unlabeled data, by exploiting the representation 
off  stochastic TAGs to view parsing as a classification task. Emphasis is given to the 
usee of lexicalized elementary trees and the recovery of the best derivation for a given 
sentencee rather than the best parse tree. 

Lexicalizedd Context Free Grammars. Eisner and Satta (1999) define a bilexical 
contextt free grammar as a CFG in which every non-terminal is lexicalized at some ter-
minall  symbol (its lexical head), which is percolated from the constituent's head child 
inn the parse tree. Such grammars have the obvious advantages of encoding lexically 
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specificc preferences and controlling word selection, at the cost of a significant incre-
mentt in size; the number of rules grows at a rate of the square of the size of the terminal 
vocabulary.. As a consequence, the increment in the grammar size makes standard con-
textt free grammar parsers quite inefficient. For example, CKY-based variants perform 
att 0(n5). Eisner and Satta (1999) present a 0(n4) recognition algorithm for bilexical 
CFGss (in CNF), plus an improved version which, while having the same asymptotic 
complexity,, is often faster in practice. By recursively reconstructing the highest proba-
bilityy derivation for every item at the end of the parse, this algorithm can be straightfor-
wardlyy converted into an algorithm capable of recognizing stochastic bilexical CFGs, 
wheree each lexicalized non-terminal has attached a probability distribution over all 
productionss with the same non-terminal as a left-hand side. 

Sattaa (2000) defines lexicalized context free grammars (LCFG) as CFGs in which 
everyy non-terminal is lexicalized at one or more terminal symbols, which are perco-
latedd from the non-terminals in the production right-hand side. Then, the degree of 
lexicalizationn of a LCFG can be defined, so that bilexical CFGs have a degree of lexi-
calizationn of 2. Their major limitation is that they cannot capture relationships involv-
ingg lexical items outside the actual constituent, in contrast with history-based models. 

2.5.22 Other  Formalisms 

Stochasticc Unification Formalisms. Brew (1995) presents a stochastic version of 
thee head-driven phrase structure grammar (HPSG) formalism which allows one to as-
signn probabilities to type-hierarchies. Re-entrancy poses a problem: in some cases, 
evenn if two features have been constrained to the same value by unification, the prob-
abilitiess of their productions are assumed to be independent. The resulting probability 
distributionn is then normalized so that probabilities sum to one, which leads to prob-
lemss with grammar induction, as pointed out by Abney (1997). This latter work de-
finess stochastic attribute-value grammars, shows why one cannot directly transfer con-
textt free grammar methods to the attribute-value grammar case (which is essentially 
whatt was done in (Brew, 1995)) and gives an adequate algorithm for computing the 
maximum-likelihoodd estimate of their parameters using Monte Carlo sampling tech-
niques,, although it is yet unclear whether this algorithm is actually practicable, due 
too its computational costs. Johnson et al. (1999) argue that this algorithm cannot be 
usedd for realistic-size grammars, and instead propose two methods based on a different 
typee of log-linear model, Markov random fields. They apply these algorithms to the 
estimationn of the parameters of a stochastic version of a lexical-functional grammar. 

Dataa Oriented Parsing. Bod (1995)'s approach is different from other stochastic 
approachess in that it skips the step of inducting a stochastic grammar from a corpus. 
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Insteadd of a grammar, the parser uses a corpus annotated with syntactic information, 

soo that all fragments (i.e., subtrees) in this manually annotated corpus, regardless of 

sizee and lexicalization, are considered as rules of a probabilistic grammar. The un-

derlyingg formalism in DOP is called stochastic tree substitution grammars (STSG). In 

Sectionn 4.2.3, we show that STSGs are a subclass of PCW-grammars. 

Forr the time being, we wil l describe an STSG as a device that constructs the entire 

treee for an input sentence as a combination of tree fragments, in such a way that the 

productt of the probabilities is maxima!. During the training procedure, a parameter 

iss explicitly estimated for each sub-tree. Calculating the score for a parse in principle 

requiress summing over an exponential number of derivations underlying a tree, which 

inn practice is approximated by sampling a sufficiently large number of random parsing 

derivationss from a forest, using Monte Carlo techniques. 

Markovia nn Rules. Markovian rules have been successfully used for natural lan-

guagee parsing. The methodology followed by a Markovian rule consists in attaching 

headwordss to each syntactic category in the parse tree, to incorporate lexical probabil-

itiess into a stochastic model. Markovian rules are studied in detail in Section 4.2.2. 

AA remarkable and highly popular parser that uses Markovian rules as a component 

iss Collins's parser. Initially described in (Collins, 1996), it was improved in (Collins, 

1997),, and fully described in (Collins, 1999; Bikel, 2004). Collins uses a supervised 

learningg approach, with the PTB as a knowledge source, for estimating the parame-

terss of his model. The key of his proposal is a well motivated trade-off between the 

expressivenesss of the statistical model and the independence assumptions that must 

bee made for assuring a sound estimation of the parameters given the corpus. In the 

model,, a parse tree is represented as a sequence of decisions corresponding to a head-

centeredd top-down derivation of the tree. Independence assumptions are linguistically 

motivatedd and encoded in the X-bar schema, subcategorization preferences, ordering 

off  the complements, placement of adjuncts, and lexical dependencies, among others. 

Al ll  these preferences are expressed by means of probabilities conditioned on lexical 

heads.. The generative model involves the estimation of the probability of each rule 

fromm the PTB, i.e., the probability of generating the right part conditioned on the left 

part.. Collins decomposes this probability into three factors: (1) accounting for the 

probabilityy of generating the head H, (2) given the parent, the probability of generat-

ingg the components to the left, and (3) the probability of generating the components 

too the right. Independence assumption is introduced in order to make the model feasi-

ble.. This basic model is further extended by introducing distances (taking into account 

somee idiosyncratic features). The parser was trained with the PTB. (Charniak, 1997) 

presentss a similar proposal which combines head word bigram statistics with a PCFG. 

Thee system adds a new useful statistic to guide the parser decisions: the type of the par-
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entt will also condition the probability of a rule. When parsing a sentence, the system 
makess no attempt to find all possible parses, but it uses techniques presented in (Cara-
balloo and Charniak, 1998) to select constituents that promise to contribute to the most 
probablee parses (according to the simple probabilistic CFG distribution). However, as 
thee probability distribution is different, these techniques allow us to ignore improbable 
parses.. Moreover, the resulting chart contains the constituents along with information 
onn how they combine to form parses. The constituents are assigned the probability 
givenn the lexicalized model, and the parser returns the parse with the overall highest 
probabilityy according to this full distribution. 

Alll  these formalisms give a clear picture of all the grammatical formalism that were 
definedd and used for language modeling. In Chapter 4 we present another formalism. 
Thee relations between our formalism and the most representative formalism presented 
abovee are presented in Chapter 4. 

2.66 Approaches Based on Machine Learning 

Thee approaches to language modeling presented in the previous section are mainly 
basedd on a formal grammatical device, i.e., most of them have some kind of grammars 
thatt generates and accepts sentences; the syntactical analysis of a sentence is the re-
sultt of such a derivation. Clearly, there exists a wide variety of approaches based on 
whatt is commonly know as machine learning techniques. Under this perspective lan-
guagee modeling is treated as a pattern recognition problem, and hence, not necessarily 
relatedd to the theory of formal languages. In this section, we present the most repre-
sentativee approaches. It is also difficult to draw hard conclusions on separation line 
betweenn the "formal" approaches and the "machine learning" approaches because usu-
allyy approaches combine the two. In this section we group models whose underlying 
formalismm is very simple, e.g., context free grammar, and that heavily rely on machine 
learningg (ML) techniques for achieving good performance in parsing. 

Increasee Context Sensitivity. The systems Pearl (Magerman and Marcus, 1991) and 
Pickyy (Magerman and Weir, 1992) use context-sensitive derivation probabilities. The 
basicc idea is to try and maximize the probability of a correct derivation for each of the 
sentencess in the corpus (as opposed to the inside-outside idea of maximizing the addi-
tionn of the probabilities of the sentences in the corpus given a grammar). In Pearl, for 
instance,, the application probability of a rule is modeled as a conditional probability, 
conditionedd on the context in which the mother category appears. A chart parser (PUN-
DIT)) is employed, and probabilities are estimated by simply counting the applications 
off  the rules in the ATIS portion of the PTB. 
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Historyy Based Grammars. Black et al. (1993) present a more general framework 
calledd history based grammars. In this system, the term history is equivalent to con-
text:: the application of a rule is conditioned on arbitrary aspects of the context of 
thee parse tree (the context information being both the dominating production and the 
syntacticc and semantic categories of the words in the prior derivations. In his model, 
decisionn trees (see (Jelinek et al., 1994)), are trained from a treebank (computer manu-
alss domain) and they are used to score the different derivations of sentences produced 
byy a hand-written broad-coverage feature-based unification grammar (672 rules, 21 
features). . 

Hermjakobb and Mooney (1997) present a knowledge and context-based system 
(CONTEX)) which, applying machine learning techniques, uses examples to generate 
aa deterministic shift-reduce parser. The learning algorithm uses an extended version of 
thee standard ID3 model (Mitchell, 1997) for more general hybrid decision structures, 
inn combination with decision lists; it starts by assigning to each parse tree from the 
trainingg corpus a sequence of shift-reduce parsing operations needed to produce the 
tree.. In order to learn the specific action to be performed at any point of the derivation, 
thee system relies heavily on an enriched context (to the left and right of each word), 
encodedd in features which include morphological, syntactic, and semantic information 
(thee previously built structure, a subcategorization table, and a knowledge base with 
semanticc information about the words in the lexicon. The methodology is evaluated 
onn a subset of sentences from the WSJ (only the ones fully covered by the 3000 most 
frequentt words in the corpus). 

Probabilisticc LR Parsing. The standard LR parsing methodology performs a left-to-
rightt scan of the input and constructs a rightmost derivation in reverse. Ng and Tomita 
(1991)) extend the well-known generalized LR parsing algorithm from (Tomita, 1996) 
byy attaching probabilities to the nodes of the graph structured stack which constitutes 
thee kernel of the algorithm. Part of their proposal deals with how to consistently main-
tainn these probabilities (initially derived from the probabilities attached to the rules of 
thee PCFG) considering the three operations of the graph-structured stack (merging, lo-
call  ambiguity packing, and splitting). However, it is not possible to use an algorithm 
likee Viterbi in order to compute the most probable parse. 

Otherr LR parsing approaches use PCFGs as a source including (Wright, 1990; 
Wrightt and Wrigley, 1989; Wright et al., 1991). In all of them, an LR parse table 
iss derived from the context free grammar but, in addition, the rule probabilities are 
distributedd among sets of actions in the LR table. The distribution is carried out so that 
itt can be assured that the product of the probabilities associated to those LR actions 
performedd in the derivation of any analysis will be exactly the same as the probability 
whichh would have been assigned to this analysis by the PCFG. 
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Carroll  (1993) discusses the latter as wel! as other methodologies, and presents, 
togetherr with Ted Briscoe, a more ambitious proposal. They start from a unification 
grammarr (the ANLT grammar), from which a context free backbone grammar is au-
tomaticallyy derived, together with an associated residue containing the dependencies 
betweenn features and values not contained in the context free grammar. The parser 
mustt associate the reduce operations of the LR table with a filter based on the unifica-
tionn of the features contained in the residue. The backbone grammar generated from 
thee ANLT grammar had 575 categories and more than 2,000 productions, and an LR 
parsee table was automatically generated for this grammar. Unlike (Ng and Tomita, 
1991),, the probabilistic model consists in attaching probabilities not to the context free 
rules,, but to the actions in the LR table. The model is then more context sensitive. In 
thee experiments described, the learning is supervised, the training corpus consisting of 
aa set of LR parse histories (with human intervention to correct the transition in the LR 
parsee table). Inui et al. (1998) build on Bricoe and Carrol's work, and improve it by 
formalizingg their model in such a way that it provides probabilistically well-founded 
distributions.. Although they focus on the formal and qualitative aspects of the model, 
theyy show how their refinement is expected to improve parsing performance. It is 
worthh noting that recent work by Nederhof and Satta (2002), which investigates the 
problemm of extending parsing strategies to probabilistic parsing strategies. They con-
cludee that LR parsing cannot be extended to become a probabilistic parsing strategy, 
becausee it lacks the property denoted as strong predictiveness property (SPP). In other 
words,, probabilistic LR parsing algorithms might not preserve all the properties of the 
PCFGG probability distributions, which means that LR parsers may sometimes lead to 
lesss accurate models than the grammars from which they are constructed. 

Transformationn Based (Error-Driven ) Learning (TBL) . Bril l (1993) has applied 
TBLL to grammar induction and parsing. The approach consists in learning a ranked 
listt of transformational rules so that, starting from an initial imperfect binary right-
branchingg tree for a sentence, the sequential application of each rule may transform 
aa piece of the original tree, and in the end obtain a parse tree with fewer errors. The 
firingfiring of each rule is conditioned on a context of one or two tags, so that the learning 
processs (performed through a greedy search according to the largest error decrease 
criterion)) needs quite a few number of sentences (150 /250 sentences for the ATIS and 
WSJJ corpora) for obtaining the same accuracy of contemporary systems. 

Instance-Based,, Memory Based or  Case-Based Learning. Instance-based algo-
rithmsrithms (IBL) are a supervised way of inductively learning from examples, that are taken 
intoo account in order to classify new examples by analogy (the most similar instances 
aree retrieved from memory, and used for extrapolation). Memory-based learning is a 
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directt descendant of the classical k-NN {k nearest neighbor) approach to classification. 

Simmonss and Yu (1992) apply the idea to a context sensitive shift reduce (SR) parser. 

SRR parsing is suitable for this classification proposal, since it breaks the parsing pro-

cesss into simple parse actions (shift, reduce, and fin), allowing the construction of an 

examplee base of parse states with their correct parse actions. A parse action is assigned 

too each parse state on the basis of the on information of the parse stack and the input 

buffer.. The parser works on the level of POS tags and windows over the text with a 

contextt of five words to the left and to the right. 

Thee ILK Group at Tilburg University has developed the TiMBL (Tilburg memory-

basedd learning) environment, a general instance-based algorithm which compresses of 

thee base of examples into a tree-based structure, the IGTree (see (Daelemans et al., 

1997)),, which in turn is used to classify new examples. The memory-based algorithms 

implementedd in the TiMBL package have been successfully applied to a large range 

off  NLP tasks, including shallow parsing (see (Daelemans et al., 1999)) and more re-

cently,, full parsing: Veenstra and Daelemans (2000). They construct a memory-based 

shiftt reduce parser, inspired by (Simmons and Yu, 1992). Cardie (1993a) addresses the 

lexical,, semantic, and structural disambiguation of full sentences, within an informa-

tionn extraction environment. In a supervised training phase, the parser creates a case 

basee of domain-specific context-sensitive word definitions. Then, given an unknown 

wordd and the context in which it occurs, an eventual robust parser could retrieve the 

definitionss from the case base in order to infer the necessary syntactic and semantic 

featuress for the unknown word and then continue processing the text. The case re-

trievall  algorithm is basically a k-NN algorithm, but it assumes all features are equally 

importantt for learning each type of knowledge, which, intuitively does not seem to be 

true.. Therefore, the system takes advantage of decision trees for identifying the rele-

vantt features to be included in the k-NN case retrieval; the approach is fully described 

inn (Cardie, 1993b). 

Decisionn Tree Models. Magerman (1995b) has been a pioneer in the use of decision 

treess for syntactic parsing: he explores a wide variety of possible conditioning infor-

mationn and uses a decision-tree learning scheme to pick those analyses that seem to 

givee the most purchase. Three different decision-tree models are used for (1) the POS 

tagging,, (2) the node expansion, and (3) the node labeling. The decisions are based on 

lexicall  and contextual information of the parent and the child of the node. 

Probabilisti cc Feature Grammars. Goodman (1997, 1998) presents probabilistic 

featuree grammars in which each non-terminal is represented as a vector of feature-

valuee pairs. Then, assuming binary-branching rules, the probability of the application 

off  a rule can be decomposed as the incremental prediction of the feature values of each 
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off  the two members of its right-hand side. As all conditioning variables are encoded 
throughh features, different factors such as lexical dependencies or distance features 
cann be dealt with in a unified way. Probabilistic feature grammars put the emphasis 
onn parameter estimation: having chosen the features, the parameters of the model are 
specifiedd by choosing an order for the features being predicted and then applying the 
independencee assumptions and choosing a back-off order for smoothing. The model 
iss tested on the WSJ portion of the PTB, where the following features are considered: 
thee non-terminal label, the headword, the head POS, distance features, and additional 
contextt (modifier non-terminals generated at earlier stages of the derivation). 

Maximumm Entropy Models. The use of maximum entropy (ME) models, has be-
comee very popular lately in various areas of NLP. Rosenfeld (1994) applied it to 
speechh recognition tasks and Berger et al. (1996) to automatic translation, Ratnaparkhi 
(1998)) applies it to several tasks: segmentation, morpho-syntactic disambiguation, PP-
attachment,, and syntactic parsing. Ratnaparkhi (1999) describes the latter application, 
whichh is also an example of lexicalized parser. Maximum entropy (ME) models over-
comee the limitations of independence among the variables. Without the need for an 
explicitt grammar, they can learn, from a labeled set of examples, the model which has 
maximumm entropy out of all the models compatible with this set of examples. In other 
words,, given a collection of facts, ME models choose a model which is consistent with 
alll  the facts, but otherwise as uniform as possible. The basic element of any ME model 
aree the features, binary-valued functions with two parameters, a context and an output. 

Ratnaparkhii  trains his system on a set of templates that are attached to each of the 
parsingg procedures. These templates incorporate the type of factors the author consid-
erss relevant for the analysis: constituent headwords, headword combinations, gener-
alizationss (morpho-syntactic categories, constituent syntactic categories), and limited 
formss of look-ahead. The learning process is very simple, it is just counting, so that 
thee features that appear less than 5 times in the corpus are rejected. Using 40,000 sen-
tencess from the PTB corpus, 1,060,000 features are incorporated in the model (most of 
themm lexicalized), and each one is attached to one of the procedures. 

Charniakk (2000) presents a parser based upon a probabilistic generative model, an 
extensionn of the ones described above (Charniak, 1997; Collins, 1997). The prob-
abilisticc model is maximum-entropy-inspired, since it reformulates the basic maxi-
mumm entropy probability function such that it considers the conditioning information 
off  Markov grammar statistics as features. Moreover it is ultimately smoothed by means 
off  deleted interpolation (instead of the standard feature selection of pure ME models). 
Charniakk (1997) uses his bottom-up best-first chart parser to generate the candidate 
parses,, and his top-down generative model to evaluate them (in a process which, for 
eachh constituent, first guesses its preterminal, then its lexical head, and last its expan-
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sionn into further constituents). 

Otherr  ML-based Models. The idea in explanation-based learning (EBL; (Rayner 
andd Cater, 1996)) is that some of the grammar rules (specially in specific domains) 
tendd to combine much more frequently in a certain way than others. Given a suffi-
cientlyy large corpus parsed by the original (general) grammar, it is possible to learn the 
commonn combinations of rules and chunk them into macrorufes; Samuelsson (1994), 
forr example, defines an entropy threshold for automatically deriving these macrorules. 
Thee result is a specialized grammar, with a larger number of rules but with a simpler 
structure.. In practice, parsing is shown to be faster — 3 to 4 times speed up for an 
LRR parser — at a price of only 5% coverage loss, using a training corpus of a few 
thousandd utterances. Zelle and Mooney (1996) describe a methodology to automate 
thee construction of parsers based on another ML-based learning methodology, induc-
tivee logic programming (ILP). They have developed a system, CHILL, which begins 
withh a well-defined parsing framework, shift-reduce parsing, and uses ILP to learn con-
troll  strategies within this framework, inductively learning a deterministic shift-reduce 
Prologg parser that maps sentences into parses. CHILL represents a highly flexible ap-
plicationn of ILP, allowing the induction over unbounded lists, stacks, and trees. They 
describee the application of the system to the automatic induction of parses that map 
naturall  language database queries into an executable logical form. In addition, there 
hass been research using both neural networks and symbolic induction to iearn parsers 
thatt produce case-role analyses (Miikkulainen, 1996). In NLP, neural networks have 
mostlyy been used basically to address low-level problems, although there are examples 
off  applications to more complex problems such as parsing (sometimes in combination 
withh symbolic approaches such as the above mentioned example). 

Parserr  Combination and Reranking. A methodology for combining three input 
parserss in order to improve parsing results is described by Henderson and Brill (1999). 
Thee three parsers combined are the systems described in (Collins, 1997; Charniak, 
1997;; Ratnaparkhi, 1997). The two techniques used for combining parsers are parser 
hybridizationn and parser switching. The first one is based on combining the substruc-
turess of the three input parsers in order to produce a better parse. 

Twoo hybridization strategies are used, namely constituent voting (a non-parametric 
versionn where the parsers vote on the membership of a certain constituent to the final 
parse)) and naive Bayes classifiers. The second technique, parser switching, chooses 
amongg entire candidate parsers. Again, two strategies are tested, a non-parametric ver-
sionn and a parametric version (naive Bayes again). Experiments on the WSJ portion of 
thee Penn Treebank show that all the combining techniques accomplish better accuracy 
thann any of the single three parsers, and that the method is robust, as incorporating of 
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aa poorly performing parser (a nonlexicalized PCFG parser) hardly affects the results. 
Collinss (2000) proposes two machine-learning methodologies for reranking the 

outputt of a given probabilistic parser. The idea is that in a first step the base parser re-
turnss a set of candidate parses (initially ranked according to the probabilities the parser 
hass attached to them), and then a second step tries to improve this ranking, considering 
additionall  features of the trees. Both approaches are discriminative, since they aim at 
optimizingg a criterion which is directly related to error rate. The first reranking tech-
niquee in based on a generalization of PCFGs, Markov random fields (Abney, 1997), 
whilee the second technique is based on boosting of ranking techniques (Schapire and 
Singer,, 1999) (here the ranking is a simple binary distinction between the highest scor-
ingg parse and the other ones). The methodology was evaluated on the PTB, including 
featuress ranging from rules or bigrams (pairs of non-terminals to the left and right of 
thee rules head), to features involving the distance between head words. The first ap-
proachh was too inefficient to run on the full data set, so only the boosting approach 
couldd be evaluated. 

Collinss (2001) gets more deeply into the differences between parametric maximum 
likelihoodd estimation methods (explicitly modeling the distributions) and distribution-
freee methods (models assuming that the training and test examples are generated from 
thee same distribution, although it is unknown, the results hold across all distributions). 
Twoo methods are proposed: the first one, as in (Collins, 2000), is an application of 
thee Adaboost algorithm to re-rank the output of an existing parser, while the second 
onee uses the perceptron or support vector machines (SVM) algorithms. This second 
methodd is based on the representation of parse trees through tree kernels (a mecha-
nismm allowing one to convert them into efficiently treatable high-dimensional feature 
spaces).. It is described in more detail in (Collins and Duffy, 2001), and the voted 
perceptronn is applied on the ATIS portion of the PTB, for reranking the results of a 
PCFG.. Collins and Duffy (2002) extend the results to the WSJ portion of the PTB, 
startingg from the parses produced by model 2 of (Collins, 1999). The tree kernel al-
lowss the representation of all subtrees in the training data (the same representation used 
byy DOP), so that the perceptron algorithm uses both the result from the base model as 
welll  as the subtrees information to rank the trees. The method accomplishes improve-
mentss of 0.5% and 0.6% respectively in labeled precision and recall with respect to the 
basee model. 

Carrerass et al. (2002) present an approach to partial parsing (though potentially ap-
plicablee to full parsing) which is based on (1) using local classifiers to recognize partial 
parsingg patterns, and (2) using global inference methods to combine the results of these 
classifierss in a way that provides a coherent inference that satisfies some global con-
straints.. Although such ensembles of classifier techniques had already been explored 
(seee for instance (Punyakanok and Roth, 2000)), this work applies it to a deeper and 
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moree difficult level of partial parsing, embedded clause identification. This way, the 
bestt decomposition of a sentence into clauses is selected by means of a dynamic pro-
grammingg scheme which considers previously identified partial solutions, and applies 
learningg at several levels (for detecting beginnings and ends of potential clauses and for 
scoringg partial solutions, including three different scoring functions). The Adaboost al-
gorithmm with confidence rated predictions (see (Schapire and Singer, 1999) is used as 
learningg method. The approach is evaluated using the CoNLL-2001 competition cor-
puss (Tjong Kim Sang and Déjean, 2001), outperforming the best system presented in 
thiss competition. 

Summingg up, this chapter shows that there exists a wide variety of approaches and 
formalismss that focus on natural language syntax. The classification we presented tries 
too separate the "formal" approaches from the "machine learning" approaches. Clearly, 
itt is hard to classify parsing approaches into these two categoriess because they usually 
combinee the two approaches. In the rest of the thesis we advocate an approach to 
naturall  language parsing that is based on the machinery provided by formal languages. 
Machinee learning techniques are not used for the language modeling task, but they are 
usedd for the inference of the formal devices. The distinction is small but important. It 
iss like using a PCFG as a language model and using machine learning for learning the 
PCFGG itself. 


