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Chapterr 5 

Alternativee Approaches for Generating Bodies 
off Grammar Rules 

5.11 Introduction 

Soo far, we have developed a grammatical formalism capable of capturing different 
state-of-the-artt language models, which gave us a novel perspective on state-of-the-art 
languagee models. In Chapter 4 we identified that some language models use n-grams 
forr building bodies of rules. From the literature, we know that n-grams have had a big 
impactt on the state-of-the-art in natural language models. They are central to many lan-
guagee models (Charniak, 1997; Collins, 1997; Eisner, 1996; Collins, 2000), and despite 
theirr simplicity, n-gram models have been very successful. Modeling with n-grams is 
ann induction task (Gold, 1967): given a sample set of strings, the task is to guess 
thee grammar that produced that sample. Usually, the grammar is not chosen from an 
arbitraryy set of possible grammars, but from some given restricted class. Grammar in-
ductionn consists of two parts: choosing the class of languages amongst which to search 
andd designing the procedure for performing the search. By using n-grams for gram-
marr induction one addresses the two parts in one go, and the use of n-grams implies 
thatt the solution will be searched for in the class of probabilistic regular languages, 
sincee n-grams induce probabilistic automata and, consequently, probabilistic regular 
languages.. But probabilistic regular languages induced using n-grams form a proper 
subclasss of the class of all probabilistic regular languages; for instance, n-grams are 
incapablee of capturing long-distance relations between words. At the technical level 
thee restricted nature of n-grams is witnessed by the special structure of the automata 
inducedd from them, as we will see in Section 5.4.2. 

/V-gramss are not the only way to induce regular languages, and they are not the 
mostt powerful way to do so. There is a variety of general methods capable of inducing 
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allall  regular languages (Denis, 2001; Carrasco and Oncina, 1994; Thollard et al., 2000). 
Whatt is their relevance for natural language parsing? Recall from Chapter 4 that regu-
larr languages are used for describing the bodies of rules in a grammar. Consequently, 
thee quality and expressive power of the resulting grammar is tied to the quality and 
expressivee power of the regular languages used to describe them. And these proper-
ties,, in turn, are influenced directly by the method used to induce them. At this point 
aa natural question arises: can we gain anything in parsing from using general methods 
forr inducing regular languages instead of methods based on n-grams? Specifically, can 
wee describe the bodies of grammatical rules more accurately and more concisely by 
usingg general methods for inducing regular languages? 

Inn the context of natural language parsing we present an empirical comparison 
betweenn algorithms for inducing regular languages using n-grams on the one hand, 
andd more general algorithms for learning the general class of regular language on the 
other.. We proceed as follows. We generate our training data from the Wall Street 
Journall  section of the Penn Tree Bank (PTB), transforming it to projective dependency 
structures,, following (Collins, 1996). Since projective dependency structures can be 
seenn as a special type of context free grammars (Gaifman, 1965), word dependents can 
bee seen as bodies of context free rules. We extract these rule bodies and use them as 
trainingg material for the rule induction algorithms we consider. The automata produced 
thiss way are then used to build grammars which, in turn, are used for parsing. 

Wee are interested in two aspects of the use of probabilistic regular languages for 
naturall  language parsing: the quality of the induced automata and the performance of 
thee resulting parsers. For evaluation purposes, we use two metrics: perplexity for the 
firstt aspect and percentage of correct attachments for the second, both explained in 
detaill  in Section 2.2.3. The main results of the chapter are that, measured in terms of 
perplexity,, automata induced by algorithms other than n-grams describe rule bodies 
betterr than automata induced using n-gram-based algorithms. Moreover, the gain in 
automataa quality is reflected by an improvement in parsing performance. The pars-
ingg performance of both methods (n-grams vs. general automata) can be substantially 
improvedd by splitting the training material into POS categories. As a side product, 
wee find empirical evidence to explain the effectiveness of rule lexicalization (Collins, 
1997;; Sima'an, 2000) and parent annotation techniques (Klein and Manning, 2003) in 
termss of a reduction in perplexity in the automata induced from training corpora. 

5.22 Overview 

Wee want to build grammars using different algorithms for inducing their rules. Our 
mainn question is aimed at understanding how different algorithms for inducing regular 
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languagess impact the parsing performance with those grammars. A second issue that 
wee want to explore is how the grammars perform when the quality of the training 
materiall  is improved, that is, when the training material is separated into part of speech 
(POS)) categories before the regular language learning algorithms are run. 

Thee first step is to transform the PTB into projective dependencies structures fol-
lowingg (Collins, 1996). From the resulting tree bank we delete all lexical information 
exceptt POS tags. Every POS in a tree belonging to the tree-bank has associated to it 
twoo different, possibly empty, sequences of right and left dependents, respectively. We 
extractt all these sequences for all trees, producing two different sets containing right 
andd left sequences of dependents, respectively. 

Thesee two sets form the training material used for building four different gram-
mars.. The four grammars differ along two dimensions: the number of automata used 
forr building them and the algorithm used for inducing the automata. As to the latter 
dimension,, in Section 5.4 we use two algorithms: the Minimum Discriminative Infor-
mationn (MDI) algorithm, and a bigram-based algorithm. As to the former dimension, 
twoo of the grammars are built using only two different automata, each of which is 
builtt using the two sample set generated from the PTB. The other two grammars are 
builtt using two automata per POS, exploiting a split of the training samples into mul-
tiplee samples, two samples per POS, to be precise, each containing only those samples 
wheree the POS appeared as the head. 

5.33 From Automata to Grammars 

Inn this section we describe how to learn PCW-grammars from the automata that we are 
goingg to induce in Section 5.4. Since we will induce two families of automata ("Many-
Automata""  where we use two automata per POS, and "One-Automaton" where we use 
onlyy two automata to fit  every POS), we need to describe two automata-to-grammar 
transformations. . 

Lett us start with the case where we build two automata per POS. Let w be a POS 
inn the PTB; let Af and A% be the two automata associated to it. Let Gf and G% be 
thee PCFGs equivalent to Af and A% respectively, following (Abney et al., 1999), and 
lett Sf and S% be the start symbols of G1 and G% respectively. We build our final 
grammarr G with start symbol S, by defining its meta-rules as the disjoint union of all 
ruless in Gf and G  ̂ (for all POS w), its set of pseudo-rules as the union of the sets 

{W{W -=->! S^wS^} 

and d 
SS -=->! S?wS%}, 
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wheree \\ is a unique new variable symbol associated to w. 
Whenn we use two automata for all parts of speech, the grammar is defined as fol-

lows.. Let AL and .4̂  be the two automata learned. Let GL and GR be the PCFGs 
equivalentt to AL and AR, and let Si and SR be the start symbols of GL and GR, re-
spectively.. Fix a POS w in the PTB. Since the automata are deterministic, there exist 
statess S£ and SR that are reachable from SL and SR, respectively, by following the arc 
labeledd with w. Define a grammar as in the previous case. Its start symbol is 5, its set 
off  meta-rules is the disjoint union of all rules in Gf and GU

R (for all POS it'), its set of 
pseudo-ruless is {\V -^-»1 S'[wS^, S - ^ S£wS% : a- is a POS in the PTB and W is 
aa unique new variable symbol associated to w}. 

5.44 Building Automata 

Thee four grammars we intend to induce are completely defined once the underlying 
automataa have been built. We now explain how we build those automata from the 
trainingg material. The process of building the automata consists of three steps: 

1.. Extracting the training material from the transformed PTB. 

2.. Applying the algorithm to learn automata to the training material. 

3.. Searching for the optimal automata. 

Sectionss 5.4.1, 5.4.2 and 5.4.3 deal with steps 1, 2, and 3, respectively. 

5.4.11 Building the Sample Sets 

Thee training material is obtained as follows. We transform the PTB, sections 2-22, to 
dependencyy structures, as suggested by (Collins, 1999). All sentences containing CC 
tagss are filtered out, following (Eisner, 1996). We also eliminate all word information, 
leavingg only POS tags. For each resulting dependency tree we extract a sample set 
off  right and left sequences of dependents. Figure 5.1 shows an example of a phase 
structure,, Figure 5.2 shows its corresponding dependency tree, and Table 5.1 shows 
thee sample sets of right and left dependents we extracted from it. The sample set used 
forr automata induction is the union of all individual tree sample sets. 

5.4.22 Learning Probabilistic Automata 

Probabilisticc deterministic finite state automata (PDFA) inference is the problem of 
inducingg a stochastic regular grammar from a sample set of strings belonging to an 
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for r 
NN N 

I I 
perm.sstonn N p_£B J 

thee probes f o r N N N N S 

II ! 
brainn studies 

Figuree 5.1: Tree extracted from the PTB, Section 02, file ws j _02 97 . mrg. 

OrResearcherss 1 :can 2:apply 3:for 4:permission5:to 6:use 7:the 8:probes 9:for 10:brain ll:studiesl2:. 
NNN MD VB IN NN TO VB DT NN IN NN NN DOTSYB 

Figuree 5.2: Dependency structure corresponding to the tree in Figure 5.1. 
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Wordd Position 

0 0 

1 1 

2 2 

3 3 
4 4 

5 5 

6 6 

7 7 

8 8 

9 9 

10 0 

11 1 

12 2 

Word'ss POS 

NN N 

MD D 

VB B 

IN N 

NN N 

TO O 

VB B 

DT T 

NN N 

IN N 

NN N 

NN N 

DOTSYB B 

Left t 

NN N 

MDN N N 

VB B 

IN N 

NN N 

TO O 

VB B 

DT T 

NNDT T 

IN N 

NN N 

NNNN N 

DOTSYB B 

Right t 

NN N 

MDD VB DOTSYB 

VBI N N 

INN N N 

NNTO O 

TOVB B 

VBB NN IN 

DT T 

NN N 

INN N N 

NN N 

NN N 

DOTSYB B 

Tablee 5.1: Bags of left and right dependents. Left dependents are to be read from right 
too left. 

unknownn regular language. The most direct approach for solving the task is by using 
n-grams.. The n-gram induction algorithm works as follows. It starts with an empty au-
tomaton,, i.e., an automaton whose set of states and set of arcs are empty. It adds states 
andd arcs to the initial automaton as follows. It adds a state to the current automaton for 
eachh sequence of symbols fi of length n that appear in the training materia!. It adds an 
arcc between states afi and fib labeled b to the current automaton, if the sequence a(3b 
appearss in the training set. 

Thee probability assigned to the arc (a/?, fib) is defined as the number of times the 
sequencee afib appeared in the training set divided by the number of times afi was 
followedd by any other character appeared in the training set. Note that a n STOP 
symbolss have to be postfixed to each string in the training material before the induction 
algorithmm is used. The role and importance of the STOP symbol is discussed in detail 
inn Appendix B. 

Clearly,, the size and quality of the automata produced by the ri-gram based algo-
rithmm depends on n. For our experiments, we chose n equal to 2 because n equal to 
11 and n greater than 2 produce automata of very low quality. For n equal to 1 the 
automataa are uncapable of learning dependencies between words For n greater than 2 
thee algorithm immediately suffers from data sparseness, because the automata model 
bodiess of rules which tend to be very short. Consequently, for the remainder of the 
chapter,, we take n-grams to be bigrams. Note also that we do no use any smoothing 
techniquee that would make it possible to use other values of n and at the same time 
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avoidd the problems mentioned. If we want to carry out a fair comparison of both meth-
ods,, smoothing techniques used for optimizing automata based on n-grams should also 
bee used for optimizing MDI-based automata. Two or more n-gram based automata 
smoothedd into a single automaton would have to be compared against two or more 
MDI-basedd automata smoothed into a single automaton. It would be hard to determine 
whetherr the differences between the final automata are due to the smoothing procedure 
orr to the algorithms used for creating the initial automata. By leaving smoothing out 
off  the picture, we obtain a clearer understanding of the differences between the two 
algorithmss to induce automata. 

Theree are other approaches to inducing regular grammars besides ones based on 
n-grams.. The first algorithm to learn PDFAs was ALERGIA (Carrasco and Oncina, 
1994);; it learns cyclic automata with the so-called state-merging method. The Min-
imumm Discrimination Information (MDI) algorithm (Thollard et al., 2000) improves 
overr ALERGIA and uses Kullback-Leibler divergence for deciding when to merge 
states.. We opted for the MDI algorithm as an alternative to n-gram based induction 
algorithms,, mainly because its working principles are radically different from the n-
gram-basedd algorithm. The MDI algorithm first builds an automaton that only accepts 
thee strings in the sample set by merging common prefixes, thus producing a tree-shaped 
automatonn in which each transition has a probability proportional to the number of 
timess it is used while generating the positive sample; see Section 2.2.2 for details. 

Forr comparison purposes, let us repeat here the working principle of the MDI algo-
rithm.. The MDI algorithm traverses the lattice of all possible partitions for this general 
automaton,, attempting to merge states that satisfy a trade-off that can be specified by 
thee user. Specifically, assume that A\ is a temporary solution of the algorithm and that 
AA22 is a tentative new solution derived from Ax. A(v4i;J42) = ^ ( ^o l l ^ ) - ^K^H^li ) 
denotess the divergence increment while going from A\ to A2, where Df^oll^ ) is the 
Kullback-LeiblerKullback-Leibler divergence or relative entropy between the two distributions gener-
atedd by the corresponding automata (Cover and Thomas, 1991). The new solution 
AA22 is compatible with the training data if the divergence increment relative to the 
sizee reduction, that is, the reduction of the number of states, is small enough. For-
mally,, let a lpha denote a compatibility threshold; then the compatibility is satisfied 
iff  l ^ - l l 2| < alpha. For this learning algorithm, a lpha is the unique parameter; we 
tunedd it to get better quality automata. 

Notee that the working principles of the n-gram-based algorithm and the MDI algo-
rithmrithm are completely different. The n-gram based algorithm works locally by adding 
arcss and states depending on the local configuration of strings in the sample set. In con-
trast,, the MDI algorithm starts by building an automaton that accepts only the strings 
inn the training sample and it over-generalizes over the sample set by merging states that 
itt considers that can be merged. In this way, the MDI algorithm is capable of detecting 
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longg distance dependencies between symbols. 

5.4.33 Optimizing Automata 

Wee use three measures to evaluate the quality of a probabilistic automaton (and set the 
valuee of a lpha optimally). The first two come from come Section 2.2.2 Let Q be a 
testt bag extracted as T. We use perplexity (PP) and missed samples (MS) to evaluate 
thee quality of a probabilistic automaton. The PP and MS measures are relative to a 
testt sample Q; as described in section 5.4.1, we transformed section 00 of the PTB to 
obtainn one. The third measure we use to evaluate the quality of automata concerns the 
sizee of the automata. We compute NumEdges and NumStates. that is, the number of 
edgess and the number of states of the automaton. 

Wee say that one automaton is of a better quality than another if the values of the 
44 indicators—PP, MS, NumEdges, and NumStates—are lower for the first than for the 
second.. Our aim is to find a value of a lpha that produces an automaton of better 
qualityy than the bigram-based counterpart. 

Byy exhaustive search, we determined the optimal value of a lpha. We selected the 
valuee of a l p ha for which the MDI-based automaton outperforms the bigram-based 
one.. An equivalent value of a lpha can be obtained independently of the performance 
off  the bigram-based automata by defining a measure that combines PP and MS. This 
measuree should reach its maximum when PP and MS reach their minimums, see Chap-
terss 6 and 7 for definitions of such functions. 

Wee exemplify our optimization procedure by considering automata for the "One-
Automaton""  setting (where we used the same automata for all parts of speech). In 
Figuree 5.3 we plot all values of PP and MS computed for different values of a lpha, 
forr each training set (i.e., left and right). That is, we fix a value of a lpha, feed the 
MDII  algorithm with the training material (sections 2-22 of the PTB), and compute PP 
andd MS for the resulting automaton using the test sample (section 0 of the PTB). 

Fromm the plots we can identify values of a l p ha that produce automata having 
betterr values of PP and MS than the bigram-based ones. All such a lphas are the ones 
insidee the marked areas (between 5e - 05 and 0.00012 for the left side and 5e - 05 
andd 0.0001 for the right side ); all automata induced using those a lphas possess a 
lowerr value of PP as well as a smaller number of MS, as required. Based on these 

NumEdges s 
NumStates s 

MDI I 
Rightt Left 
2688 328 
122 15 

Bigrams s 
Rightt Left 

205199 16473 
8444 755 

Tablee 5.2: Automata sizes for the "One-Automaton" case, with alpha = 0.0001. 
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Uniquee Automaton - Left Side 

^ - ^ ^ ^ 

y y 

~ ~ 

,, ""' 

MDII Misused Samples (MS) « 

5e-055 0.0001 0.00015 0.0002 0.00025 0.0003 0.00035 0.0004 

Alpha a 

Uniquee Automaton - Right Side 

30 0 

25 5 

20 0 

15 5 

10 0 

5 5 

0 0 

5e-055 0.0001 0.00015 0.0002 0.00025 0.0003 0.00035 0.0004 
Alpha a 

Figuree 5.3: Values of PP and MS for automata used in building One-Automaton gram-
mars.. (X-axis): a lpha. (Y-axis): missed samples (MS) and perplexity (PP). The two 
constantt lines represent the values of PP and MS for the bigram-based automata. 

_ ^ ^ — ' —k ~ " - ' ' 

--
Bigramm Perplex. (PP) — 

MDII  Missed Samples (MS) -
Bigramm Missed Samples (MS) " 

--

explorationss we selected alpha = 0.0001 for building the automata used for grammar 
inductionn in the "One-Automaton" case. Besides having lower values of PP and MS, 
thee resulting automata are smaller than the bigram based automata (Table 5.2). MDI 
compressess information better; the values in the tables suggest that MDI finds more 
regularitiess in the sample set than the bigram-based algorithm. 

Too determine optimal values for the "Many-Automata" case (where we learned two 
automataa for each POS) we used the same procedure as for the "One-Automaton" case, 
butt now for every individual POS. We do not reproduce analogues of Figure 5.3 and 
Tablee 5.2 for all parts of speech but in Figure 5.4 we show some representative plots; 

Besidess allowing us to find the optimal a lphas, the plots provide us with a great 
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0.8 8 

0.6 6 

0.4 4 

0.2 2 
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Ml) !!  Perplex (PP)
Bigramm Perplex (PP)

MDII  Missed Samples (MS) * 
Bigggnii  Missed Samples iMS> -

Alph a a 

MDII  Perplex, (PP)
Bigramm Perplex. (PP)

MDII  Missed Samples (MS)
Bigramm Missed Samples <MSi 

VBPP - RighiSide 
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MDII  Perplex. (PP)
Bigramm Perplex, (PP)

MDII  Missed Samples (MS)
 igram Missed Samples t.MS.i

££ £  £ S' £ 3 3 3 3 3 3 
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All pi i a 

MDII  Perplex, (PP) : 

Bigramm Perplex, (PP)
MDII  Missed Samples (MS)

Bigramm Missed Samples t.MSi 

Alpha a 

MDII  Perplex. (PP)
Bigramm Perplex. (PP)

MDII  Missed Samples (MS)
Biüramm Missed Samples (MS) -

NN-RighiSide e 

Alpha a 

MDII  Perplex. (PP)
Bieramm Perplex. (PP) -

MDII  Missed Samples (MS)
Bigramm Missed Samples iMSt 

Figuree 5.4: Values of PP and MS for different automata. 

deall  of information. The first point to note is that PP values for the one-automaton 
casee are around 20 while they are around 7 for VBP and even lower for other POS (cf., 
Figuress 5.3 and 5.4, second row). We think that such a notable difference exists because 
thee training sets used for the many-automata case are much more homogeneous than 
thee one used for the one-automaton. The one-automaton training set contains instances 
off  regular expressions for all kind of phenomena. In contrast, the training material for 
many-automataa has been split using POS information into more homogeneous classes. 
Thiss is an important point and we come back to it in Chapter 6. 
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Theree are two remarkable things in the plots for VBP (Figure 5.4, second row). 
First,, it is one of the few examples where the bigram-based algorithm outperforms the 
MDII  algorithm. Second, the values of PP in this plot are relatively high and unstable 
comparedd to other plots. Lower perplexity usually implies better quality automata, and 
ass we will see in the next section, better automata produce better grammars. 

Howw can we obtain lower PP values for the automata associated to verbs? The 
classs of words tagged with verbs tags, e.g., VBP, harbors many different behaviors, 
whichh is not surprising, given that verbs can differ widely in terms of, e.g., their sub-
categorizationn frames. One way to decrease the PP values is to split the class of words 
taggedd with VBP into multiple, more homogeneous classes. One attempt to implement 
thiss idea is lexical ization: increasing the information in the POS tag by adding the 
lemmaa to it (Collins, 1997; Sima'an, 2000). Lexicalization splits the class of verbs 
intoo a family of singletons producing more homogeneous classes, as desired. A dif-
ferentt approach (Klein and Manning, 2003) consists in adding head information to 
dependents;; words tagged with VBP are then split into classes according to the words 
thatt dominate them in the training corpus. Following this strategy, in Chapter 6 we 
proposee an algorithm for finding the optimal splitting of the training set, which we 
thenn use for splitting the training set corresponding to VB. 

Somee POS present very high perplexities, while other tags such as DT present a PP 
closee to 1 (and 0 MS) for all values of a lpha. Hence, there is no need to introduce 
furtherr distinctions in DT, doing so will not increase the quality of the automata but 
wil ll  increase their number; for these particular cases, splitting techniques are bound 
too add noise to the resulting grammars. The plots also indicate that the bigram-based 
algorithmm captures them as well as the MDI algorithm. 

Inn Figure 5.4, third row, we see that the MDI-based automata and the bigram-
basedd automata achieve the same value of PP (close to 5) for NN, but the MDI misses 
fewerr examples for a lphas bigger than 1.4e — 04. As pointed out, we built the 

POS S 

DTT NumEdges 
NumStates s 

VBPP NumEdges 
NumStates s 

NNN NumEdges 
NumStates s 

MDI I 
Rightt Left 

211 14 
44 3 

3000 204 
500 45 
1044 111 
66 4 

Bigrams s 
Rightt Left 

355 39 
255 17 

25966 1311 
2500 149 
38277 4709 
2844 326 

Tablee 5.3: Automata sizes for three parts of speech in the "Many-Automata" case, with 
alphaa = 0.0002 for all parts of speech. 
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One-Automaton-MDII  using alpha - 0.0001 and even though the method allows 
uss to fine-tune each a lpha in the Many-Automata-MDI grammar, we used a fixed 
alphaa = 0.0002 for all parts of speech, which, for most parts of speech, produces 
betterr automata than bigrams. Table 5.3 lists the sizes of the automata. The differences 
betweenn MDI-based and bigram-based automata are not as dramatic as in the "One-
Automaton""  case (Table 5.2). but the former again have consistently lower NumEdges 
andd NumStates values, for all parts of speech, even where bigram-based automata have 
aa lower perplexity. 

5.55 Parsing the PTB 

Wee have just observed remarkable differences in quality between MDI-based and bi-
gram-basedd automata. Next, we present the parsing scores, and discuss the meaning 
off  the measures observed for automata in the context of the grammars they produce. 
Thee measure that translates directly from automata to grammars is automaton size. 
Sincee each automaton is transformed into a PCFG, the number of rules in the resulting 
grammarr is proportional to the number of arcs in the automaton, and the number of 
non-terminalss is proportional to the number of states. From Table 5.4 we see that MDI 
compressess information better: the sizes of the grammars produced by the MDI-based 
automataa are an order of magnitude smaller that those produced using bigram-based 
automata.. Moreover, the "One-Automaton" versions substantially reduce the size of 
thee resulting grammars; this is obviously due to the fact that all POS share the same 
underlyingg automaton so that information does not need to be duplicated across parts 
off  speech. We report the size of grammars before they are transformed to Chomskian 
normall  form, i.e., the grammars contain rules with empty bodies and relabeling rules. 
Sincee our parser requires CNF grammars, we need to transform these grammars to 
CNFF before parsing. For details about our parsing algorithms implementation see Ap-
pendixx A. 

Onee Automaton 
MDII  Bigram 
7022 38670 

Manyy Automata 
MDII  Bigram 
53166 68394 

Tablee 5.4: Numbers of rules in the grammars built. 

Too understand the meaning of PP and MS in the context of grammars it helps to think 
off  PCW-parsing as a two-phase procedure. The first phase consists of creating the rules 
thatt will be used in the second phase. And the second phase consists of using the rules 
createdd in the first phase as a PCFG and parsing the sentence using a PCF parser. 
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PCW-grammarss make this distinction clear, and the abstraction is also useful at 
thiss point. Since regular expressions are used to build rules, the values of PP and MS 
quantifyy the quality of the set of rules built for the second phase: MS gives us a measure 
off  the number of rule bodies that should be created but that will not be created, and, 
hence,, it gives us a measure of the number of "correct" trees that will not be produced. 
PPP tells us how uncertain the first phase is about producing rules. 

Finally,, we report on the parsing accuracy. We use two measures, the first one 
(%Words)) was proposed by Lin (1995) and was the one reported in (Eisner, 1996). 
Lin'ss measure computes the fraction of words that have been attached to the right 
word.. The second one (%POS) marks as correct a word attachment if, and only if, the 
POSS tag of the head is the same as that of the right head, i.e., the word was attached 
too the correct word-class, even though the word is not the correct one in the sentence. 
Clearly,, the second measure is always higher than the first one. The two measures 
tryy to capture the performance of the PCW-parser in the two phases described above: 
(%POS)) tries to capture the performance in the first phase, and (%Words) in the sec-
ondd phase. The measures reported in Table 5.5 are the mean values of (%POS) and 
(%Words)) computed over all sentences in section 23 having length at most 20. We 
parsedd only those sentences because the resulting grammars for bigrams are too big: 
parsingg all sentences without any serious pruning techniques was simply not feasible. 

One-Automaton n 
Many-Automata a 

MDI I 
%Wordss %POS 

0.699 0.73 
0.855 0.88 

Bigrams s 
%% Words %POS 

0.599 0.63 
0.733 0.76 

Tablee 5.5: Parsing results for the PTB. 

Fromm Table 5.5 we see that the grammars induced with the MDI algorithm outperform 
thee grammars created with bigrams-based algorithm. Moreover, the grammars using 
differentt automata per POS outperforms the ones built using only a single automaton 
perr side (left or right). The results suggest that an increase in quality of the automata 
hass a direct impact on the parsing performance. 

5.66 Related Work and Discussion 

Modelingg rule bodies is a key component of parsers. TV-grams have been used ex-
tensivelyy for this purpose (Collins, 1996, 1997; Eisner, 1996). In n-gram-based for-
malismss the generative process is not considered in terms of probabilistic regular lan-
guages.. Considering them as such (like we do) has two advantages. First, a vast area 
off  research for inducing regular languages (Carrasco and Oncina, 1994; Thollard et al., 
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2000;; Dupont and Chase, 1998) comes in sight. Second, the parsing device itself can 
bee viewed under a unifying grammatical paradigm like PCW-grammars. 

Inn our comparison we optimized the value of a lpha, but we did not optimize the 
n-grams,, as doing so would mean two different things. First, smoothing techniques 
wouldd have to be used to combine different order n-grams. As pointed out, we would 
alsoo have to smooth different MDI-based automata, which would leave us in the same 
point.. Second, the degree of the n-gram. We opted for n — 2 as it seems the right 
balancee of informativeness and generalization. In this chapter n-grams are used to 
modell  sequences of arguments, and these hardly ever have length > 3, making higher 
degreess useless. To make a fair comparison for the Many-Automata grammars we did 
nott tune the MDI-based automata individually, but we picked a uniform a lpha. 

MDII  presents a way to compress rule information on the PTB; of course, other 
approachess exists. In particular, Krotov et al. (1998) try to induce a CW-grammar from 
thee PTB with the underlying assumption that some derivations that were supposed to 
bee hidden were left visible. The attempt to use algorithms other than n-grams-based 
forr inducing of regular languages in the context of grammar induction is not new; for 
example,, Kruijf f (2003) uses profile hidden models in an attempt to quantify free order 
variationss across languages; we are not aware of evaluations of his grammars as parsing 
devices. . 

5.77 Conclusions 

Ourr experiments in this chapter support two kinds of conclusions. First, modeling rules 
withh algorithms other than n-grams not only produces smaller grammars but also better 
performingg ones. Second, the procedure used for optimizing a l p ha reveals that some 
POSS behave almost deterministically for selecting their arguments, while others do 
not.. These conclusions suggest that splitting classes that behave non-deterministically 
intoo homogeneous ones could improve the quality of the inferred automata. We saw 
thatt lexicalization and head-annotation seem to attack this problem. Obvious follow-
upp questions arise: Are these two techniques the best way to split non-homogeneous 
classess into homogeneous ones? Is there an optimal splitting? Answers to these ques-
tionn will be given in Chapter 6. 


