cmp-lg/9611003 14 Nov 1996

Data-Oriented Language ProcessingAn OverviewILLC Technical Report LP-96-13Rens Bod and Remko SchaDepartment of Computational LinguisticsInstitute for Logic, Language and ComputationUniversity of AmsterdamSpuistraat 134, 1012 VB AmsterdamThe NetherlandsRens.Bod@let.uva.nlRemko.Scha@let.uva.nlAbstractData-oriented models of language processing embody the assumption that human languageperception and production works with representations of concrete past language experiences,rather than with abstract grammar rules. Such models therefore maintain large corpora oflinguistic representations of previously occurring utterances. When processing a new inpututterance, analyses of this utterance are constructed by combining fragments from the corpus;the occurrence-frequencies of the fragments are used to estimate which analysis is the mostprobable one. This paper motivates the idea of data-oriented language processing by consideringthe problem of syntactic disambiguation. One relatively simple parsing/disambiguation modelthat implements this idea is described in some detail. This model assumes a corpus of utterancesannotated with labelled phrase-structure trees, and parses new input by combining subtrees fromthe corpus; it selects the most probable parse of an input utterance by considering the sum of theprobabilities of all its derivations. The paper discusses some experiments carried out with thismodel. Finally, it reviews some other models that instantiate the data-oriented processingapproach. Many of these models also employ labelled phrase-structure trees, but use differentcriteria for extracting subtrees from the corpus or employ different disambiguation strategies;other models use richer formalisms for their corpus annotations.

21.IntroductionDuring the last few years, a new approach to language processing has started to emerge, whichhas become known under various labels such as "data-oriented parsing", "corpus-basedinterpretation", and "tree-bank grammar" (cf. van den Berg et al. 1994; Bod 1992-96; Bod et al.,1996a/b; Bonnema 1996; Charniak 1996a/b; Goodman 1996; Kaplan 1996; Rajman 1995a/b;Scha 1990-92; Sekine & Grishman 1995; Sima’an et al., 1994; Sima’an 1995-96; Tugwell1995). This approach, which we will call data-oriented processing or DOP, embodies theassumption that human language perception and production works with representations ofconcrete past language experiences, rather than with abstract linguistic rules. The models thatinstantiate this approach therefore maintain large corpora of linguistic representations ofpreviously occurring utterances. When processing a new input utterance, analyses of thisutterance are constructed by combining fragments from the corpus; the occurrence-frequenciesof the fragments are used to estimate which analysis is the most probable one.This paper motivates the idea of data-oriented language processing by considering theproblem of syntactic disambiguation (section 1). One relatively simple parsing/disambiguationmodel that implements the approach is described in some detail, both mathematically (section 2)and computationally (section 3). This model assumes a corpus of utterances annotated withlabelled phrase-structure trees, and extracts all (arbitrarily large and arbitrarily complex) subtreesfrom this corpus; it parses new input by combining these subtrees; it selects the most probableparse of an input utterance by considering the sum of the probabilities of all its derivations. Thepaper discusses some experiments carried out with this model (section 4). Finally, it reviewssome other models that instantiate the data-oriented processing approach. Many of these modelsalso employ labelled phrase-structure trees, but use different criteria for extracting subtrees fromthe corpus or employ different disambiguation strategies (section 5); other models use richerformalisms for their corpus annotations (section 6).1.1Competence grammars and performance modelsModern linguistic theory models natural languages after the formal languages of logic andmathematics: as well-defined infinite sets of sentence/meaning pairs, defined by consistent andnon-redundant systems of formal rules ("competence grammars"). It conjectures that humanminds actually employ such rule systems in producing and comprehending new utterances; atthe same time, it acknowledges explicitly that a competence grammar alone cannot account forall aspects of human language processing: a person’s language "performance" is also influencedby several other mental properties, that do not belong to the core-business of linguistics.For instance, it is well-known that a person listening to a spoken language utterance mayperceive one particular sentence, though a large set of grammatical word sequences arephonetically compatible with the incoming signal; and that a person may assign one particularmeaning to an input sentence, though the competence grammar would allow many other

3possibilities. Such capabilities clearly require non-linguistic knowledge, concerning, for instance,the varying degrees of plausibility of different real-world situations, and the varying occurrence-likelihoods of different words and constructions and their meanings. Psycholinguistics andlanguage technology must account for such capabilities, and thus face the challenge of actuallyembedding linguistic competence grammars in a theory of language performance.So far, most psycholinguistic and language-technological work has indeed accepted thecompetence/performance division suggested by linguistic theory. The processes of languagegeneration and comprehension have been assumed to make explicit use of the rules of thecompetence grammar. To explain the actual properties of language performance, one invokes thecomputational properties of the processes that access the competence rules, and their interactionswith other knowledge sources.This paper deals with a language-technological approach that breaks with this tradition. Weconjecture that a person’s knowledge of a language should not be modelled as a compact, non-redundant set of formal rules, but rather as a database that records the utterances the personexperienced, represented as strings of words together with their syntactic structures, their(linguistic and extra-linguistic) contexts, and their meanings. Using such a database, a systemmay parse and interpret new input by constructing analogies with previously experiencedsentence-analyses; no grammar rules that summarize linguistic regularities need to be invoked.We will motivate and demonstrate this idea by considering one particular performanceissue: the problem of syntactic disambiguation.1.2Syntactic disambiguationAs soon as a linguistic competence grammar is large enough to cover a non-trivial fragment ofEnglish, it assigns to many input sentences an extremely large number of alternative syntacticanalyses. Human language users, however, tend to perceive only one or two of these. Thecombinatorial explosion of syntactic analyses (and corresponding semantic interpretations) ofnatural language sentences has been ignored by linguistic theory, but is well-recognized inpsycholinguistics and language technology (cf. Church & Patil, 1983; MacDonald et al., 1994).Martin et al. (1983) list the number of different analyses their grammar assigns to some examplesentences:List the sales of products in 1973.3List the sales of products produced in 1973.10List the sales of products in 1973 with the products in 1972.28List the sales of products produced in 1973 with the products produced in 1972.455Because of the different attachment possibilities of prepositional phrases and relative clauses, aformal grammar must acknowledge many possible structures for such sentences. Human

4speakers of English, however, will fail to notice this dazzling degree of ambiguity; not more thana few analyses will spontaneously come to mind.There are many different criteria that play a role in human disambiguation behavior. First ofall we should note that syntactic disambiguation is to some extent a side-effect of semanticdisambiguation. People prefer plausible interpretations to implausible ones -- where theplausibility of an interpretation is assessed with respect to the specific semantic/pragmaticcontext at hand, taking into account conventional world knowledge (which determines whatbeliefs and desires we tend to attribute to others), social conventions (which determine whatbeliefs and desires tend to get verbally expressed), and linguistic conventions (which determinehow they tend to get verbalized).For the remainder of this paper we will, however, mostly ignore the semantic dimension.We will focus instead on a very important non-semantic factor that influences humandisambiguation behavior: the frequency of occurrence of lexical items and syntactic structures. Ithas been established that (1) people register frequencies and frequency-differences (e.g. Hasher& Chromiak, 1977; Kausler & Puckett, 1980; Pearlmutter & MacDonald, 1992), (2) analysesthat a person has experienced before are preferred to analyses that must be newly constructed(e.g. Hasher & Zacks, 1984; Jacoby & Brooks, 1984; Fenk-Oczlon, 1989), and (3) thispreference is influenced by the frequency of occurrence of analyses: more frequent analyses arepreferred to less frequent ones (e.g. Fenk-Oczlon, 1989; Mitchell et al., 1992; Juliano &Tanenhaus, 1993; Gibson & Loomis, 1994).These findings are not surprising -- they are predicted by general information-theoreticalconsiderations. A system confronted with an ambiguous signal may optimize its behavior bytaking into account which interpretations are more likely to be correct than others -- and pastoccurrence frequencies may be the most reliable indicator for these likelihoods.1.3Stochastic grammarsIt is plausible therefore, that the human language processing system estimates the most probableanalysis of a new input sentence, on the basis of successful analyses of previously encounteredones. But how is this done? What probabilistic information does the system derive from its pastlanguage experiences? The set of sentences that a language allows may best be viewed asinfinitely large, and probabilistic information is used to compare alternative analyses of sentencesnever encountered before. A finite set of probabilities of units and combination operations musttherefore be used to characterize an infinite set of probabilities of sentence-analyses.This problem can only be solved if a more basic, non-probabilistic one is solved first: weneed a characterization of the complete set of possible sentence-analyses of the language. That isexactly what the competence-grammars of theoretical syntax try to provide. Many probabilisticdisambiguation models therefore build on that work: they characterize the probabilities ofsentence-analyses by means of a "stochastic grammar", constructed out of a competence-grammar by augmenting the rules with application probabilities derived from a corpus. Different

5syntactic frameworks have been extended in this way. Examples are stochastic context-freegrammar (Suppes, 1970; Sampson, 1986; Black et al., 1993), stochastic tree-adjoining grammar(Resnik, 1992; Schabes, 1992), and stochastic unification-based grammar (Briscoe & Carroll,1993; Briscoe, 1994).A statistically enhanced competence grammar of this sort defines all sentences of a languageand all analyses of these sentences. It also assigns probabilities to each of these sentences andeach of these analyses. It therefore makes definite predictions about an important class ofperformance phenomena: the preferences that people display when they must choose betweendifferent sentences (in language production and speech recognition), or between alternativeanalyses of sentences (in disambiguation).The accuracy of these predictions, however, is necessarily limited. Stochastic grammarsassume that the statistically significant language units coincide exactly with the lexical items andsyntactic rules employed by the competence grammar. The most obvious case of frequency-based bias in human disambiguation behavior therefore falls outside their scope: the tendency toassign "normal" rather than innovative interpretations to platitudes and conventional phrases.Platitudes and conventional phrases demonstrate that syntactic constructions of arbitrary size andcomplexity may be statistically important, while they may be completely redundant from apurely linguistic point of view. The direct connection between competence grammar andstochastic disambiguation is therefore counterproductive, and should be abolished.1.4Data-Oriented Language ProcessingThe language experience of an adult language user consists of a large number of utterances. Eachof these utterances contains a multitude of constructions: not only the tree of the whole sentence,and all its constituent trees, but also all patterns that can be extracted from these by introducing"free variables" for lexical elements or complex constituents. Which of these constructions areused in processing new input? Most stochastic grammars have assumed that the smallestconstructions (the building blocks of a competence grammar) are the only relevant ones. Weknow that this is false, but it is not immediately clear what we should assume instead. Wetherefore adopt a framework which does not prejudge this issue, and which allows us toexperiment with different assumptions.It is obvious that a person’s past language experience somehow determines the outcome ofthis person’s sentence analysis processes. The basic idea behind the data-oriented approach is thatthis happens in an essentially unmediated way. As a representation of a person’s past languageexperience, we use a large corpus of utterances with their analyses. Analyses of new input-utterances are constructed out of fragments of the analyses that occur in the corpus. By takinginto account the occurrence-frequencies of the fragments, it can be decided which is the mostprobable analysis that can be constructed in this way.Following Bod (1995), we note that a specific instance of this data-oriented processingframework can be described by indicating four components:

61.a definition of a formal representation for utterance-analyses2.a definition of the fragments of the utterance-analyses that may be used as units inconstructing an analysis of a new utterance,3.a definition of the operations that may be used in combining fragments,4.a definition of the way in which the probability of an analysis of a new utterance iscomputed on the basis of the occurrence-frequencies of the fragments in the corpus.The DOP framework thus allows for a wide range of different instantiations. We hypothesizethat human language processing can be modelled as a probabilistic process that operates on acorpus of representations of past language experiences, but we leave open how the utterance-analyses in the corpus are represented, what sub-structures of these utterance-analyses play a rolein processing new input, and what the details of the probabilistic calculations are.In this paper we present an in-depth discussion of a data-oriented processing model basedon labelled phrase structure trees (Bod, 1992-95). Then we will give an overview of the othermodels that instantiate the DOP approach. Many of these models also employ labelled phrase-structure trees, but use different criteria for extracting subtrees from the corpus or for computingprobabilities (Bod 1996b; Charniak 1996a/b; Goodman 1996; Rajman 1995a/b; Sekine &Grishman 1995; Sima’an 1995-96); other models use richer formalisms for their corpusannotations (van den Berg et al. 1994; Bod et al., 1996a/b; Bonnema 1996; Kaplan 1996;Tugwell 1995).2.A First Data-Oriented Processing System: DOP1We now define an instance of the DOP framework which we call DOP1. We make specificchoices for each of the relevant components identified above. We specify (1) the representationsthat are assumed, (2) the fragments of these representations that can be used to generate newtrees, (3) the operator that is used to combine fragments, and (4) the probabilistic model that isassumed.(1) Utterance-analysesWe do not know yet, what kind of representations would provide us with the most suitablestylization of a language user’s "syntactic structure experience"; the representations employed bycurrent linguistic theories are plausible candidates to consider for this purpose. But in this paperwe will stick to a much simpler system: we will encode utterance-analyses as labelled trees,where the labels are primitive symbols. This notation is obviously limited. It does not represent

7the meanings of constituents; it ignores "deep" or "functional" syntactic structures that do notcoincide with surface structures; and it does not even allow syntactic features such as case,number or gender. We therefore do not expect to stay with this decision for a very long time (seesection 6). But for the moment it has two big advantages: it is very simple, and it is the kind ofrepresentation that is assumed in readily available annotated corpora such as the Penn Treebank(Marcus et al., 1993).The representation system is in fact the competence grammar that the system assumes: itdefines the set of possible analyses. Notice that it is not necessary to define this set verynarrowly. Only the linguistic regularities that are exploited by the parsing system or by theprobability calculations must be viewed as "hardwired" in the representation system. Otherregularities may be expected to emerge as side-effects of the disambiguation process.Note that a corpus of utterance-analyses is not a set but a "bag" (also known as an"occurrence-set"). Analyses may occur more than once, and how often they occur is significantfor the statistical calculations that are to be performed on the corpus.(2) FragmentsThe fragments of the corpus trees that the system uses as units are subtrees. A subtree of a treeT is a subgraph t of T such that(1)t consists of more than one node(2)t is connected(3)except for the leaf nodes of t, each node in t has the same daughter-nodes as thecorresponding node in TFor example, suppose we have the tree T shown in Fig. 1 for an utterance of the sentence Johnlikes Mary. Then the trees t and u are valid fragments of T, while trees v and w are not (see Fig.2).Given a corpus of trees C, we define the bag of subtrees of C as the bag in which everysubtree occurs exactly as often as it can be identified in a tree in C.

VNPVPSJohnlikesNPMaryTFigure 1. A corpus analysis tree for John likes Mary

8VNPVPSlikesNPMaryNPMarySVPlikesNPMarySt u v wFigure 2. t and u are subtrees of T, but v and w are not(3) Combination operationsThe only combination operation used by DOP1 is the composition operation, also called leftmostsubstitution operation. Composition is a partial function on pairs of labelled trees; its range is theset of labelled trees. The composition of tree t and tree u, written as t � u, is defined iff the labelon the root node of u is identical to the label on the leftmost nonterminal leaf node of t. If t � u isdefined, it yields a copy of t in which a copy of u has been substituted on t’s leftmostnonterminal leaf node. (The requirement to substitute on the leftmost nonterminal makes thecomposition of two subtrees unique.)The composition operation is illustrated in Figure 3:V

NPVP

SNPNP

Mary

likeso=

VNPVPSlikesMaryNPFigure 3. Illustration of the composition operation.In the sequel we will write (t � u) � v as: t � u � v. Note, however, that composition is notassociative.Given a bag of subtrees B, a sequence of compositions t1 � ... � tn with ti ˛ B yielding atree T is called a derivation of T.Given a bag of subtrees B, the set of trees without nonterminal leaves that can be generatedby means of iterative composition of members of B is called the tree-language generated by B.(This language is a subset of the language defined by the underlying competence model.) The setof strings yielded by these trees is called the string-language generated by B.

9Given a corpus of trees C, the tree-language generated by the bag of subtrees of the trees ofC is said to be the tree-language induced by C. The string-language generated by the bag ofsubtrees of the trees of C is said to be the string-language induced by C.(4) Probability calculationBy defining a method for extracting subtrees from an annotated corpus and a method forcomposing such subtrees to construct new trees, we have effectively established a way to viewan annotated corpus as a grammar -- i.e., as a definition of a set of strings with syntacticanalyses. This grammar becomes a stochastic grammar if we redefine the generation of syntactictrees as a stochastic process that takes the frequency-distributions of the corpus-subtrees intoaccount: a process that first chooses a subtree at random among the subtrees with thedistinguished root label (for instance S), then composes this subtree with a subtree that israndomly chosen among the ones that it can be composed with, and then repeats that step until atree results without nonterminal leaves. To every tree and every string we assign the probabilitythat it is generated by this stochastic process.Note that this calculation does not use the corpus as a sample for estimating the parameter-values of a stochastic model of a population. The corpus subtrees are used directly as a stochasticgenerative system, and new input receives the analysis that is most likely to be generated by thatsystem. We thus treat the collection of corpus subtrees as if (1) all subtrees are stochasticallyindependent, and as if (2) the collection contains all subtrees that may be expected to occur in thefuture. It should be stressed that both assumptions are wrong. The occurrence-probabilities ofthe subtrees are certainly correlated to some extent, because many distinct overlapping subtreesare derived from one and the same corpus-tree. Assumption (1) may nevertheless be relativelyharmless as long as all (arbitrarily large) subtrees are taken into account. That assumption (2) isincorrect, becomes most dramatically obvious when an input utterance contains a word that doesnot appear in any of the corpus-subtrees. This assumption is therefore dropped in Bod (1995,1996b) where a corpus is treated as a sample of a larger population (see section 5).Before we go into more detail about the computation of probabilities, let us illustrate thestochastic generation-process by means of an extremely simple imaginary example. Supposethat a corpus of sentence-analyses consists of only the two trees given in Figure 4.

VNPVPSJohnlikesNPVNPVPSNPPeterMaryhatesSusanFigure 4. A corpus of two trees

1 0 The collection of subtrees extracted from this corpus is represented in Figure 5. (Notice thatsome subtrees occur twice.)

VNPVPSJohnlikesNPVNPVPSNPPeterMaryhatesSusanVNPVPSlikesNPMaryVNPVPSJohnNPMaryVNPVPS

JohnlikesNPV

NPVP

SNPMaryVNPVPSlikesNPVNPVPSJohnNPVNPVPSNPNPVPSJohnNPVPSVNP VP

SNPVNPVPSNPVNPVPSNPVNPVPSNPVNPVPSNPVNPVPSNPVNPVPSNPNPVPSNPVP

ShatesSusanSusanSusanhateshatesPeterPeterPeterPeter

VPlikesNP

MaryV

VPNP

Mary

VPlikesNPV

VPNPVP NP

VPNPVVPNPhateshatesSusanSusanNPJohnNPMaryNPPeterNPSusanVlikesVhatesFigure 5. The collection of subtrees corresponding to the corpus in Figure 4.

1 1 By means of the composition operation, new sentence-analyses can be constructed out of thissubtree collection. For instance:V

NPVP

SNPNP

MaryNP

likesooSusan=

VNPVPSlikesNPMarySusanFigure 6. Generating "Mary likes Susan" by combining subtrees.The probability of this particular derivation is the joint probability of 3 stochastic events:(1) selecting the subtree S[NP VP[V[likes] NP]] among the subtrees with root label S,(2) selecting the subtree NP[Mary] among the subtrees with root label NP,(3) selecting the subtree NP[Susan] among the subtrees with root label NP.Since the events are assumed to be stochastically independent, their joint probability is theproduct of the probabilities of the individual events. Thus, the probability of the derivation ofFigure 6 is:P(t = S[NP VP[V[likes] NP]] | root(t) = S) * P(t = NP[Mary] | root(t) = NP) *P(t = NP[Susan] | root(t) = NP)We assume the selection of subtrees from the collection to be a random process. Conditionalprobabilities can therefore be computed by dividing the cardinalities of the occurrences of therelevant kinds of trees. For instance:P(t = S[NP VP[V[likes] NP]] | root(t) = S) = #(S[NP VP[V[likes] NP]]) / #(t | root(t) = S)where #(x) denotes the number of occurrences of the subtree-type x. The probability of thederivation of Figure 6 is therefore: #(S[NP VP[V[likes] NP]]) / #(t | root(t) = S) * #(NP[Mary]) / #(t | root(t) = NP) *#(NP[Susan]) / #(t | root(t) = NP) =1/20 * 1/4 * 1/4 =1/320

1 2 In general, a derivation t1 � ... � tn thus has a probabilityP(t1 � ... � tn) = Pi #(ti ) / #(t | root (t) = root (ti) )The probability of a parse tree is computed by considering all its derivations. For instance, theparse tree derived in Figure 6 may also be derived as in Figure 7 or Figure 8.=

VNPVPSlikesNPMarySusanVNPVPSNPNPMaryoVlikesoSusanFigure 7. A different derivation, yielding the same parse tree.=VNPVPSlikesNPMarySusanNPVPSVPlikesNPNPNPMaryoooSusanFigure 8. One more derivation yielding the same parse tree.Thus, a parse tree can be generated by a large number of different derivations, that involvedifferent fragments from the corpus. Each of these derivations has its own probability of beinggenerated. For instance, the following shows the probabilities of the three example derivationsgiven above.P(Figure 6)= 1/20 * 1/4 * 1/4 = 1/320P(Figure 7)= 1/20 * 1/4 * 1/2 = 1/160P(Figure 8)= 2/20 * 1/4 * 1/8 * 1/4= 1/1280Table 1. Probabilities of the derivations of Figures 6, 7 and 8.

1 3 The probability that a parse is generated equals the probability that any of its distinct derivationsis generated. Therefore, the probability of a parse is the sum of the probabilities of all itsderivations. If a tree has k distinct derivations, (t11 �... � t1j �...), ..., (ti1 �... � tij �...), ..., (tk1 �... � tkj �...), its probability can be written as: Si Pj #(tij ) / #(t | root (t) = root (tij) ).We note that sentences may be ambiguous, i.e., they may have different parse trees. Theprobability of generating a sentence is therefore the sum of the probabilities of its parses.Formally, DOP1 can be viewed as a Stochastic Tree-Substitution Grammar (STSG). It isuseful, therefore, to introduce this formalism.Stochastic Tree-Substitution GrammarsA Stochastic Tree-Substitution Grammar G is a five-tuple <VN, VT, S, R, P> where VN is a finiteset of nonterminal symbols and VT is a finite set of terminal symbols. S ˛ VN is thedistinguished nonterminal symbol. R is a finite set of elementary trees whose top nodes andinterior nodes are labeled by nonterminal symbols and whose yield nodes are labeled by terminalor nonterminal symbols. P is a function which assigns to every elementary tree t ˛ R aprobability P(t). For a tree t with a root a, P(t) is interpreted as the probability of substituting ton a. We require, therefore, that 0 < P(t) £ 1 and St:root(t)=a P(t) = 1.If t1 and t2 are trees such that the leftmost nonterminal yield node of t1 is equal to the root oft2, then t1�t2 is the tree that results from substituting t2 on this leftmost nonterminal yield node int1. The partial function � is called leftmost substitution or simply substitution. We write (t1�t2)�t3as t1�t2�t3, and in general (..((t1�t2)�t3)�..)�tn as t1�t2�t3�...�tn.A leftmost derivation generated by an STSG G is a tuple of trees <t1,...,tn> such that t1,...,tnare elements of R, the root of t1 is labeled by S and the yield of t1�...�tn is labeled by terminalsymbols. The set of leftmost derivations generated by G is thus given byDerivations(G) = {<t1,...,tn> | t1,...,tn ˛ R � root(t1) = S � yield(t1�...�tn) ˛ VT+}For convenience we will use the term derivation for leftmost derivation. A derivation<t1,...,tn> is called a derivation of tree T, iff t1�...�tn = T. A derivation <t1,...,tn> is called aderivation of string s, iff yield(t1�...�tn) = s. The probability of a derivation <t1,...,tn> is definedas P(t1) * ... * P(tn). A parse tree generated by an STSG G is a tree T such that there is a derivation <t1,...,tn> ˛Derivations(G) for which t1�...�tn = T. The set of parse trees, or tree language, generated by Gis given byParses(G) = {T | $ <t1,...,tn> ˛ Derivations(G) : t1�...�tn = T}For reasons of conciseness we will often use the terms parse or tree for a parse tree. A parsewhose yield is equal to string s, is called a parse of s. The probability of a parse is defined as thesum of the probabilities of all its derivations.

1 4 A string generated by an STSG G is an element of VT+ such that there is a parse generatedby G whose yield is equal to the string. The set of strings, or string language, generated by G isgiven byStrings(G) = {s | $ T : T ˛ Parses(G) � s = yield(T)}The probability of a string is defined as the sum of the probabilities of all its parses. Theprobability of a string thus also equals the sum of the probabilities of all its derivations. It is evident that DOP1 is an instantiation of STSG. DOP1 projects a corpus of treestructures into an STSG, where the subtrees of DOP1 are the elementary trees of the STSG, andwhere the corpus probabilities of the subtrees of DOP1 are the probabilities of the correspondingelementary trees of the STSG. Bod (1995) studied the question of stochastic strong generative power of STSG: given anSTSG, can other formalisms be used to formulate stochastic grammars that generate the sametrees with the same probabilities? Among other things, it is shown there that STSG isstochastically stronger than stochastic context-free grammar (Booth, 1969; Suppes, 1970) andstochastic history-based grammar (Smith, 1973; Black et al., 1993).3.Parsing and disambiguation with DOP1We consider the problem of computing the most probable parse tree of an input utterance, asdefined by DOP1. The algorithm we discuss does not exploit the particular properties of Data-Oriented Processing; it works with any Stochastic Tree-Substitution Grammar. We distinguishbetween parsing and disambiguation. By parsing we mean generating a parse forest for an inputsentence. By disambiguation we mean the selection of the most probable parse from the forest.3.1ParsingThe algorithm that creates a parse forest for an input sentence is derived from algorithms thatexist for Context-Free Grammars, which parse an input sentence of n words in polynomial(usually in cubic) time. These parsers make use of a chart or well-formed substring table. Theytake as input a set of context-free rewrite rules and a sentence and produce as output a chart oflabeled phrases. A labeled phrase is a sequence of words labeled with a category symbol whichdenotes the syntactic category of that phrase. A chart-like parse forest can be obtained byincluding pointers from a category to the other categories which caused it to be placed in thechart. Algorithms that accomplish this can be found in e.g. (Kay, 1980; Winograd, 1983; Jelineket al., 1990).The chart parsing approach can be applied to parsing with Stochastic Tree-SubstitutionGrammars if we note that every elementary tree t of the STSG can be viewed as a context-freerewrite rule: root(t) fi yield(t). In order to obtain a chart-like forest for a sentence parsed with anSTSG, we label the phrases not only with their syntactic categories but with their full elementary

1 5 trees. Note that in a chart-like forest generated by an STSG, different derivations that generateidentical trees do not collapse. We will therefore talk about a derivation forest generated by anSTSG (cf. Sima’an et al., 1994). The following formal example illustrates what such a derivationforest may look like. In the example, we leave out the probabilities of the elementary trees, thatwill be needed in the disambiguation phase. The visual representation is based on (Kay, 1980):every entry (i,j) in the chart is indicated by an edge and spans the words between the i-th and thej-th position of a sentence. Every edge is labeled with linked elementary trees that constitutesubderivations of the underlying subsentence. The set of elementary trees of the example STSGconsists of the trees in Figure 9.aBAABcabBbc

dCBabaBASCbcASCBcASC

dFigure 9. Elementary trees of an example STSG.For the input string abcd, this gives the derivation forest in Figure 10. Note that some of thederivations in the forest generate the same tree. By exhaustively unpacking the forest, fourdifferent derivations generating two different trees are obtained. Both trees are generated twice,by different derivations (with possibly different probabilities). We may ask whether we can packthe forest by collapsing spurious derivations, summing up their probabilities. Unfortunately, noefficient procedure is known that accomplishes this. (Remember that there can be exponentiallymany derivations for one tree).

1 6abcd01234

dCASCdASCBcBabaBAABcabaBASCbcBbc

Figure 10. Derivation forest for the string abcd.3.2DisambiguationPolynomial time parsing does not guarantee polynomial time disambiguation. A sentence mayhave exponentially many parses and any such parse may have exponentially many derivations.Therefore, in order to find the most probable parse of a sentence, it is not efficient to compare theprobabilities of the parses by exhaustively unpacking the chart. Even for determining theprobability of one parse, it is not efficient to add the probabilities of all derivations of that parse.Viterbi optimization is not applicable to finding the most probable parseWhen parsing on the basis of an SCFG (stochastic context-free grammar) or an STSG, the mostprobable derivation of a sentence can be selected in cubic time by means of a strategy known asthe Viterbi algorithm (Viterbi, 1967; Fujisaki et al., 1989; Jelinek et al., 1990). When an SCFGis used, the most probable derivation also generates the most probable parse (since every parse isgenerated by exactly one derivation). But when an STSG is used, this is not the case -- since theprobability of a parse is the sum of the probabilities of all its different derivations.

1 7 Let us look in more detail at the Viterbi algorithm. The basic idea of Viterbi is theelimination of low probability subderivations in a bottom-up fashion. Two differentsubderivations of the same part of the sentence whose resulting subparses have the same rootcan both be developed (if at all) to derivations of the whole sentence in the same ways.Therefore, if one of these two subderivations has a lower probability, it can be eliminated. This isillustrated by a formal example in Figure 11. Suppose that during bottom-up parsing of thestring abcd two subderivations d1 and d2 have been generated for the substring abc, with thefollowing resulting subparses.BabcdAabcdBAd1d2

Figure 11. Two subderivations d1 and d2 for the substring abc.If the probability of d1 is higher than the probability of d2, we can eliminate d2 if we are onlyinterested in finding the most probable derivation of abcd. But if we are interested in finding themost probable parse of abcd (generated by an STSG), we are not allowed to eliminate d2. Thiscan be seen by the following. Suppose that we have the additional elementary tree given inFigure 12.aBASC

Figure 12. Additional elementary tree.This elementary tree may be developed to a tree that can also be developed by d2, but not to atree that can be developed by d1. And since the probability of a parse tree is equal to the sum ofthe probabilities of all its derivations, it is still possible that d2 contributes to the generation of themost probable parse. Therefore we are not allowed to eliminate d2.This counter-example does not prove that there is no optimization that allows forpolynomial time selection of the most probable parse. But it makes clear that a best-first search,as accomplished by Viterbi, is not adequate for finding the most probable parse in STSG. In thepast few years, several researchers have tried to find optimizations. But the algorithms that were

1 8 found either turned out to be still exponential (Sima’an et al., 1994), or did not refer to the mostprobable parse (Goodman, 1996; see section 5). Finally, Sima’an (1996b) proved that there is nodeterministic polynomial time algorithm for finding the most probable parse of a sentence inSTSG (i.e., the problem of computing the most probable parse in STSG is NP-hard).We should of course ask how often the most probable derivation in fact happens to yield themost probable parse. The experimental results we discuss in section 4, however, indicate thatcalculating the most probable parse is indeed more accurate than choosing the parse generated bythe most probable derivation.Monte Carlo disambiguation: estimating the most probable parse by sampling randomderivationsAlthough there is no deterministic polynomial algorithm for finding the most probable parse, itmay still be that there is an algorithm that estimates a most probable parse with an error that canbe made arbitrarily small. In this section, we will deal with this question.We have seen that a best-first search, as accomplished by Viterbi, can be used for findingthe most probable derivation in STSG but not for finding the most probable parse. If we applyinstead of a best-first search, a random-first search, we can generate a random derivation fromthe derivation forest -- provided that the random choices are based on the actual probabilities ofthe subderivations. By iteratively generating a large number of random derivations we canestimate the most probable parse as the parse which results most often from these randomderivations (since the probability of a parse is the probability that any of its derivations occurs).The most probable parse can be estimated as accurately as desired by making the number ofrandom samples sufficiently large. According to the Law of Large Numbers, the most oftengenerated parse converges to the most probable parse. Methods that estimate the probability ofan event by taking random samples are known as Monte Carlo methods (Meyer, 1956;Hammersley & Handscomb, 1964).The selection of a random derivation can be accomplished in a bottom-up fashion analogousto Viterbi. Instead of selecting the most probable subderivation at each node-sharing in the chart,a random subderivation is selected at each node-sharing (in such a way that a subderivation thathas n times as large a probability as another subderivation also has n times as large a chance tobe chosen as this other subderivation). Once arrived at the S-node, the random derivation of thewhole sentence can be retrieved by tracing back the choices made at each node-sharing. We mayof course postpone sampling until the S-node, such that we sample directly from the distributionof all S-derivations. But this would take exponential time, since there may be exponentiallymany derivations for the whole sentence. By sampling bottom-up at every node whereambiguity appears, the maximum number of different subderivations at each node-sharing isbounded to a constant (the total number of rules of that node), and therefore the time complexityof generating a random derivation of an input sentence is equal to the time complexity of findingthe most probable derivation. This is exemplified by the following algorithm.

1 9Algorithm 1: Sampling a random derivation from a derivation forestGiven a derivation forest of a sentence of n words, consisting of labeled entries (i,j) that span thewords between the i-th and the j-th position of the sentence. Every entry is labeled with linkedelementary trees, together with their probabilities, that constitute subderivations of the underlyingsubsentence. Sampling a derivation from the chart consists of choosing at every labeled entry(bottom-up, breadth-first)1 at random a subderivation of each root-node:for k := 1 to n do for i := 0 to n-k dofor chart-entry (i,i+k) do for each root-node X doselect at random a subderivation of root-node Xeliminate the other subderivationsLet { (e1, p1) , (e2, p2) , ... , (en, pn) } be a probability distribution of events e1, e2, ..., en; anevent ei is said to be randomly selected iff its chance of being selected is equal to pi. In order toallow for "simple sampling" (Cochran, 1963), where every event has an equal chance of beingselected, one must convert a probability distribution into a sample space such that the frequencyof occurrence ri of each event ei is a positive integer equal to n�pi, where n is the size of thesample space.We thus have an algorithm that selects a random derivation from a derivation forest. Theparse tree that results from this derivation constitutes a first guess for the most probable parse. Amore reliable guess can be computed by sampling a larger number of random derivations, andselecting the parse which results most often from these derivations. How large should thissample set be chosen?Let us first consider the probability of error: the probability that the parse that is mostfrequently generated by the sampled derivations, is in fact not equal to the most probable parse.An upper bound for this probability is given by �i„0 (1 - (�p0 - �pi)2)N, where the differentvalues of i are indices corresponding to the different parses, 0 is the index of the most probableparse, pi is the probability of parse i; and N is the number of derivations that was sampled. (Cf.Hammersley & Handscomb, 1964; Deming, 1966.)This upper bound on the probability of error becomes small if we increase N, but if there isan i with pi close to p0 (i.e., if there are different parses in the top of the sampling distributionthat are almost equally likely), we must make N very large to achieve this effect. If there is nounique most probable parse, the sampling process will of course not converge on one outcome.

1 The heuristics of sampling bottom-up, breadth-first can be changed into any other order (e.g.: top-down,depth-first). We chose the current algorithm for its analogy with Viterbi (cf. Jelinek et al., 1990).

2 0 In that case, we are interested in all of the parses that outrank all the other ones. But also whenthe probabilities of the most likely parses are very close together without being exactly equal, it isnot the most probable parse we are interested in, but the set of all these almost equally highlyprobable parses. In that case there is an ambiguity which cannot be resolved by probabilisticsyntactic considerations; the syntactic disambiguation component of a language processingsystem should recognize this fact and keep the relevant set of alternative analyses for furtherconsideration by other system components.We must conclude, therefore, that it is misleading to construe the task of the syntacticdisambiguation component as the calculation of the most probable parse. The task is thecalculation of the probability distribution of the various possible parses. When we estimate thisprobability distribution by statistical methods, we must establish the reliability of this estimate.This reliability is characterized by the probability of significant errors in the estimates of theprobabilities of the various parses.If a parse has probability pi, and we try to estimate the probability of this parse by itsfrequency in a sequence of N independent samples, the variance in the estimated probability ispi(1 - pi)/N. Since 0 < pi £ 1, the variance is always smaller than or equal to 1/(4N). Thus, thestandard error s, which is the square root of the variance, is always smaller than or equal to1/(2�N). This allows us to calculate a lower bound for N given an upper bound for s, by N ‡1/(4s2). For instance, we obtain a standard error £ 0.05 if N ‡ 100. We thus arrive at the following algorithm:

Algorithm 2: Estimating the parse probabilities.Given a derivation forest of a sentence and a threshold sM for the standard error:N := the smallest integer larger than 1/(4sM2)repeat N times:sample a random derivation from the derivation foreststore the parse generated by this derivationfor every parse i :pi := #(i) / NIn the case of a forced choice experiment we choose the parse with the highest probability fromthis distribution. Rajman (1995a) gives a correctness proof for Monte Carlo disambiguation.4.Experimental properties of DOP1Some properties of DOP1 were established by experiments on a set of 600 trees from the PennTreebank ATIS corpus (Marcus et al., 1993). All trees were stripped of their words, but werenot edited any further. The resulting corpus of 600 trees of part-of-speech sequences was divided

2 1 at random into 500 training set trees and 100 test set trees. The training set trees were convertedinto subtrees, yielding roughly 350 000 distinct subtrees, and were enriched with their corpusprobabilities. The part-of-speech sequences from the test set served as test sentences that wereparsed using the subtrees from the training set (for the parsing of word strings see section 5).The most probable parses were estimated from probability distributions of 100 sampledderivations.We used the following accuracy metrics from the literature to compare the most probableparses generated by the system with the test set parses: (1) the parse accuracy, defined as thepercentage of the selected parses that are identical to the corresponding test set parse (Magerman& Marcus, 1991; Magerman, 1994); (2) the sentence accuracy, defined as the percentage of theselected parses in which no brackets cross the brackets in the corresponding test set parse (Brill,1993; Schabes et al., 1993); and (3) the bracketing accuracy, the percentage of the brackets ofthe selected parses that do not cross the brackets in the corresponding test set parse (Black et al.,1991; Pereira & Schabes, 1992). For measuring the sentence accuracy and the bracketingaccuracy, the output parses were maded binary branching, since otherwise these measures aremeaningless (cf. Magerman, 1994).It may be clear that the parse accuracy is the most stringent metric, while the bracketingaccuracy is the weakest metric. Remember that in testing a performance model, we are first of allinterested in whether the model can correctly select the perceived parse from the possible parsesof a sentence. Therefore, the parse accuracy metric is the most significant one.(1)Accuracy increases if larger corpus fragments are usedDOP1 takes arbitrarily large subtrees into consideration to estimate the probability of a parse. Inorder to test the usefulness of this feature, we performed experiments with versions of DOP1where the subtree collection is restricted to subtrees with a certain maximum depth (where thedepth of a tree is defined as the length of the longest path from the root to a leaf). The followingtable shows the results of these experiments.depth ofparsesentencebracketingsubtreesaccuracyaccuracyaccuracy127%59%88.1%£245%65%90.2%£356%73%91.9%£459%73%91.8%£561%74%93.2%£662%75%93.5%unbounded64%75%94.8%

Table 2. Accuracies against subtree-depth for ATIS.

2 2 The table shows a considerable increase in accuracy, for all metrics, when enlarging themaximum depth of the subtrees from 1 to 2 (note that for depth 1, DOP1 is equivalent to astochastic context-free grammar). The accuracies keep increasing, at a slower rate, when thedepth is enlarged further. The highest accuracies are achieved by using all subtrees from thetraining set: 64% parse accuracy, 75% sentence accuracy and 94.8% bracketing accuracy. Asexpected, the bracketing accuracy is higher than the sentence accuracy which is higher than theparse accuracy. The coverage of the system (defined as the percentage of the test sentences forwhich a parse was found) was 98%.A parse accuracy of 64% seems a less than exciting result. But we should keep in mind thatthe annotations in the Penn Treebank contain many inconsistencies (cf. Ratnaparkhi, 1996). Asingle inconsistency in a test set tree will very likely yield a zero percent parse accuracy for theparticular test set sentence. We have therefore also conducted experiments with ATIS data thatwere manually cleaned up, resulting in much higher parse accuracies, up to 96% (cf. Bod 1995,1996b). However, the accuracies displayed the same kind of improvement if larger subtreeswere used.(2)The most probable derivation is less accurate than the most probable parse.DOP1 disambiguates by selecting the most probable parse rather than the most probablederivation. In section 3.2 we saw that this is computationally unattractive, since it precludes theuse of Viterbi optmization. One may wonder, therefore, whether the most probable derivationmay in fact be a better disambiguation criterion, or whether the two criteria are perhaps closelycorrelated.To study this, we calculated the accuracies for a version of the system which selects the treesgenerated by the most probable derivations. For the same training/test set split, the parseaccuracy decreased from 64% to 46%, the sentence accuracy from 75% to 68%, and thebracketing accuracy from 94.8% to 92.0%. (These are the results if subtrees of unlimited depthare taken into account; if we limit the subtree depth, accuracies decrease in a similar way as inTable 2.) We conclude that predictions based on the most probable derivation are considerablyless accurate than predictions based on the most probable parse.An interesting result by Sima’an (1996a) should, however, be noted in this connection. Hereports on an algorithm computing the most probable derivation which obtains practically thesame results as the most probable parse algorithm on the ATIS corpus. This algorithm uses adifferent set of corpus subtrees than DOP1: it only uses subtrees with at most two non-terminalleaf nodes (see section 5).(3)Accuracy decreases if once-occurring fragments are ignoredThere is an important question as to whether we need all corpus fragments for accuratelypredicting the perceived parse of a string, or whether we can safely throw away the once-occurring fragments (so-called hapaxes). After having eliminated all once-occurring subtrees

2 3 from the training set, all accuracies decreased: the parse accuracy from 64% to 60%, the sentenceaccuracy from 75% to 70%, and the bracketing accuracy from 94.8% to 93.3%. Distinguishingbetween small and large hapaxes, showed that the accuracies were practically not affected byeliminating the hapaxes of depth 1. Eliminating hapaxes larger than depth 1, decreased theaccuracies. We conclude that large subtrees, even if they occur once, contribute to the predictionof the correct parse.5.Alternative Data-Oriented Processing ModelsThe model discussed above closely corresponds to the first fully articulated DOP model,presented in Bod (1992). Several other instantiations of this approach have been proposed in themeantime. Many of these assume the same annotation formalism as DOP1, but try to improvethe efficiency and/or to extend the model in order to cope with unknown words. They exploredifferent criteria for extracting subtree collections from an annnotated corpus, and/or employdifferent disambiguation strategies. We briefly discuss these proposals in the current section.(Other models have explored the possibilities of using richer corpus annotation formalisms;these we discuss in the next section.)Using unknown fragments for coping with unknown words: Bod (1995-96b)Bod (1995, 1996b) studies how DOP1 can be extended to parse word strings. He shows that theproblem of word string parsing does not only lie in unknown words, but also in ambiguouswords that occur in the training set with a different lexical category than is needed for parsing thetest sentence. Bod calls these words "unknown-category words". He argues that in order to copewith unknown and unknown-category words, a data-oriented processing system must computethe probabilities of unknown subtrees. An unknown subtree is a subtree which does not occur inthe training set, but which may show up in an additional sample of trees.To derive unknown subtrees, Bod allows unknown (-category) words of a sentence tomismatch with the lexical items of the training set subtrees. The Good-Turing method (Good,1953) is used to estimate the probabilities of unknown subtrees. In his experiments, Bodrestricts the mismatches to unknown words and a restricted set of potentially unknown-categorywords. On ATIS word strings, he achieves very competitive results, without the need of anexternal part-of-speech tagger.Using the most likely derivation: Sima’an (1995, 1996a)Sima’an (1995, 1996a) gives an efficient Viterbi-style deterministic algorithm for selecting theparse corresponding to the most probable derivation of a sentence in DOP1 and STSG. Hisalgorithm initially uses the CFG-backbone of an STSG for restricting the parse space of asentence, after which it imposes the contraints embedded by the STSG to further restrict theparse space and to select the "best analysis".

2 4 Applying his algorithm to an STSG defined by a collection of subtrees extracted from anannotated corpus, Sima’an reports on experiments with different maximal subtree depths thatdisplay a similar improvement in accuracy as our experiments in section 4. Besides varying thesubtree depths, Sima’an also varies the number of terminals and nonterminals ("substitutionsites") in the frontiers of the subtrees. He shows that the accuracy of the most likely derivationincreases if the subtrees are restricted to those with maximally two nonterminals in the frontiers.Applying this method to the ATIS corpus, he obtains practically the same results as the mostprobable parse method.Using only S and NP fragments: Sekine & Grishman (1995)Sekine and Grishman (1995) give an instantiation of DOP1 which constrains the corpusfragments to subtrees rooted with S and NP. They convert the S and NP fragments into rules andapply the same probability calculation as DOP1, that is, they take the relative frequencies of theserules and normalize them by their lefthand nonterminal. So far, the model is an instantiation ofDOP1, and can be used for parsing part-of-speech strings. To allow for word parsing, Sekineand Grishman interface their model with part-of-speech probabilities in a way which is differentfrom Bod (1995, 1996b) and which looses the statistical dependencies between words andsyntactic structure. However, Sekine and Grishman show that their system can rather efficientlyand accurately parse word strings from the Penn Treebank Wall Street Journal corpus.The main reason for restricting the fragments to S and NP is efficiency. However, theirrestriction puts an upper bound on coverage and accuracy. In a recent personal communication,Sekine reports that by allowing 5 different nonterminals instead of 2, the accuracy increasesconsiderably.Using only fragments of depth one: Charniak (1996a/b)In Charniak (1996a/b), a model is given equivalent to an instantiation of DOP1 in which thesubtrees are constrained to depth one. A subtree of depth one uniquely corresponds to a context-free grammar rule, and as mentioned in section 4, such a DOP model is formally equivalent to astochastic context-free grammar (SCFG). Charniak uses the same probability calculations asDOP1, that is, the probability of each rule r is computed as the number of appearances of thatrule in the treebank divided by the number of appearances of rules with the same lefthandnonterminal as r. He then applies a best-first parsing algorithm for computing the most probableparse (which for subtrees of depth one is equivalent to the most probable derivation).Charniak tested this model on part-of-speech strings from Penn’s Wall Street Journal (WSJ)corpus, and shows that it "outperforms all other non-word-based statistical parsers/grammars onthis corpus". Thus, even if Charniak’s approach constitutes a less-than-optimal version of DOP1,it already outperforms the more sophisticated training and learning approaches such as Inside-Outside training (Pereira & Schabes, 1992; Schabes et al., 1993) and Transformation-Based

2 5 learning (Brill, 1993). We conjecture that Charniak’s results will be even better if also largerfragments are taken into account.Using the Maximum Constituents Parse: Goodman (1996)Goodman (1996) gives a polynomial parsing strategy for an interesting variation of DOP1.Instead of computing the most probable derivation or parse of a sentence, Goodman gives analgorithm which computes the so-called "maximum constituents parse". The maximumconstituents parse of a sentence is the parse tree which maximizes the expected number ofcorrect constituents. Goodman shows that the maximum constituents parse can produce treesthat cannot be produced by the DOP1 model, which means that Goodman’s model is not aninstantiation of DOP1.2 It does, however, share many features with DOP1: it uses the samesubtrees with the same probabilities, and the maximum constituents parse is computed bysumming over all derivations.In his experiments on ATIS, Goodman shows that his method obtains better results than agrammar re-estimation approach based on the Inside-Outside training algorithm (Pereira &Schabes, 1992; Schabes et al., 1993). He performs a statistical analysis using t-test on thedifferences between his results and the results of the Pereira & Schabes method, showing thatthe differences are statistically significant for a cleaned-up ATIS corpus. The approach of directlyusing untrained corpus-fragments thus outperforms an approach based on training techniques.6.Data-oriented processing models using richer corpus representationsIn the following, we give a summary of the DOP models that assume corpus representationsthat are different from DOP1.A DOP model for Logical-Semantic representations: van den Berg et al. (1994)If one wants to use DOP not only as a model for language processing but also for languageunderstanding, it is necessary to develop an instantiation that can deal with semantically analyzedcorpus utterances. Van den Berg, Bod and Scha (1994) propose such a model in which thesyntactic corpus trees of DOP1 are enriched with semantic annotations by adding to everymeaningful syntactic node a type-logical formula that expresses the meaning of thecorresponding constituent. As in the purely syntactic versions of DOP, the probability of a(semantic) analysis is computed by considering all the different ways in which it can begenerated by combining subtrees from the corpus.However, the algorithm needed for extracting a subtree out of a tree requires a procedurewhich can inspect the semantic formula of a node and determine the contribution of thesemantics of a lower node, in order to "factor out" that contribution. The details of this procedurehave not been specified. One can avoid the need for this procedure by using an annotation which

2 See Bod (1996a) for further details.

2 6 indicates explicitly how the semantic formula for a node is built up on the basis of the semanticformulas of its daugther nodes.In Bonnema (1996) and Bod, Bonnema & Scha (1996a), the semantic annotation of thecorpus trees is therefore indicated as follows. (1) For every meaningful lexical node a type-logical formula is specified that represents its meaning. (2) For every meaningful non-lexicalnode a formula schema is specified which indicates how its meaning representation may be puttogether out of the formulas assigned to its daughter nodes. This representation conventionobviously assumes that the meaning representation of a surface-constituent can in fact always becomposed out of the meaning representations of its subconstituents. This assumption is notunproblematic; however, as a first computational approach to data-oriented semantics it turnedout to be powerful enough to annotate almost all ATIS sentences (Bonnema, 1996). The onlyfurther novelty of this DOP model is a slight modification in the operation which combinessubtrees. If a subtree is extracted out of a tree, the semantics of the new leaf node is replaced by aunification variable of the same type. Correspondingly, when the composition operationsubstitutes a subtree at this node, this unification variable is unified with the semantic formula onthe substituting tree.The experiments performed by Bonnema (1996), using the parser developed by Sima’an(1995), show that 88% of the ATIS test sentences obtain the correct semantic interpretation,while only 62% obtain a fully correct syntactic structure (see also Bod, Bonnema & Scha,1996a). Thus, semantic parsing is very robust, even if the underlying syntactic structure does notfully match the syntactic structure of the test set analysis. The semantic annotations alsocontribute to better time performance: with semantic annotations the test sentences are parsed 6times as fast as without semantic annotations.A DOP model for State-Transition representations: Tugwell (1995)Tugwell (1995) raises the fundamental question as to what kind of representation-formalism ismost suited to a DOP approach that will do justice to both statistical and structural aspects oflanguage. He sets out a number of requirements which he thinks such a formalism shouldsatisfy: it must have a close correspondence to a Markov process, it should be radically lexicalist,it should be capable of capturing fully the linguistic intuitions of language users, and it shouldassign an analysis to every interpretable utterance. On the basis of these requirements, Tugwelldevelops a formalism in the vein of dependency syntax which he calls State-TransitionGrammar. The formalism’s backbone is a finite-state grammar in which each state-transition(associated with an individual word) can be labelled by a stack of categories. Such a formalismis equivalent to indexed grammar (Aho, 1968), and if restricted to right linear trees, it becomesequivalent to context-free grammar.Tugwell then defines a DOP model by assuming a corpus analyzed according to thisrepresentation formalism. For parsing fresh text with such a corpus, Tugwell collects for eachword type the transitions with which it occurs, and calculates the probability of a transition as its

2 7 number of occurrences divided by the number of all other transitions of the same word type. Tofind the most probable parse for a sentence, Tugwell simply computes the path from word toword which maximizes the product of the state transitions. This means that Tugwell only takesthe minimal fragments of the corpus into account (the single transitions), effectively leading to afirst order Markov process. In order to cope with sparse transitions, Tugwell proposes togeneralize over a number of transition-features.Tugwell accomplished a preliminary experiment with a small part of the Brown corpus(size: 16000 words) which he hand-parsed using the state-transition formalism. On a test set of100 sentences only 27 were given a fully correct analysis. This extremely modest result is partlydue to the broad domain of the Brown corpus (cf. Francis & Kucera, 1982), of which only arelatively small fraction was analyzed by Tugwell. Furthermore, Tugwell only uses minimalcorpus fragments, and as such his DOP model does not take maximally advantage of thestatistical dependencies that may be found in his corpus. Tugwell’s results are modest andpreliminary, but his model is the first realization of the DOP approach for an essentially differenttheory of linguistic representation.A DOP model for LFG representations: Kaplan (1996)The tree representations of DOP1 ignore deep or functional syntactic structures that do notcoincide with surface structures; moreover they do not even use syntactic features such as case,number or gender. Therefore, in Kaplan (1996) and Bod et al. (1996b), a DOP model isdeveloped for the more articulated representations provided by Lexical Functional Grammar(LFG). On this theory of representation, the analysis of every utterance consists of a constituent-structure (a phrase structure tree), a functional-structure (an attribute-value matrix), and acorrespondence function that maps between them (Kaplan & Bresnan 1982; Kaplan, 1995).Note that a constituent-structure in LFG corresponds to an utterance-analysis in DOP1. New arethus the functional-structure and the correspondence function.As in the other versions of DOP, an analysis of a new utterance is generated by combiningfragments from a corpus of utterance-analyses. A fragment of an LFG utterance-analysis is atriple <c, f, f>, where c is a connected subtree of a constituent-structure, f is a connected sub-functional-structure, and f the correspondence function between them. Kaplan (1996) givestheory-based restrictions for LFG fragments: if a fragment includes a node n, it must include allof n’s sisters; if a fragment includes a node n corresponding to sub-functional-structure f, then allother nodes under n corresponding to f must be included.The combination-operator for LFG fragments uses DOP1’s leftmost-substitution forcombining sub-c-structures, extended with unification for the corresponding sub-f-structures. Aderivation for an utterance can be generated by combining fragments such that the combination-operator applied from left to right results in a "valid" representation. The theory of LFG definesthe notion of "valid": no non-branching dominance chains, a complete and coherent f-structure.

2 8 As to the probability model, the DOP1 method of normalizing fragment probabilities (bythe number of fragments that can be combined with a previously constructed fragment), doesnot properly apply to LFG’s nonmonotonic constraints on valid fragment combinations. Forexample, the completeness condition of LFG representations is something that can be evaluatedonly for a derivation as a whole, not at each stage of a derivation. Therefore, in Kaplan (1996)and Bod et al. (1996b), it is proposed to normalize the probabilities after the fact instead ofbeforehand. The probability of a derivation is initially computed as the product of theunnormalized fragment probabilities, which is then normalized by all valid fragment-sequencesgenerating the same utterance. The probability of a representation is, like in DOP1, the sum of allderivations generating this representation.English, French, German and Arabic corpora have been annotated with LFGrepresentations, but no system for parsing with LFG fragments has been implemented yet.7.ConclusionWe have seen that there is now a large and rapidly growing class of computational models thatprocess new language input not by invoking the rules of a competence grammar, but by directlyconstructing analogies with concrete past language experiences. Independent experiments withdifferent versions of this approach indicate that it disambiguates more accurately than otherprobabilistic methods.Many of these experimental results have been achieved, however, with impoverishedannotation formalisms (labelled phrase-structure trees), with very small corpora (ATIS), or witha sub-optimal version of the data-oriented approach (subtrees of depth one). Much work is stillneeded to be able to annotate large corpora with rich syntactic/semantic structures, and to developparsing/disambiguation algorithms that can use such corpora in an efficient way.To validate the psycholinguistic relevance of these models, they should be refined andextended in several ways. For instance, the parsing/disambiguation algorithms should be madeto operate incrementally; recency and discourse structure should be brought into the picture; andgeneration algorithms should be developed.The most challenging question about the data-oriented perspective on human languageprocessing concerns the issue of language acquisition. If we want to avoid stipulating an "innategrammar", we must show how a corpus with syntactic structures may gradually come intobeing, starting with an initial state in which a child only has a corpus with non-linguisticexperiences. We must show, therefore, how syntactic structures get bootstrapped by a processwhich (1) projects semantic/pragmatic structures onto the word sequences that accompany them,and (2) invents syntactic categories by noting semantic/pragmatic and distributionalcorrespondences between syntactic constituents. Describing this process in any degree of detailwill obviously be very difficult. Nevertheless, it constitutes a more promising research agenda

2 9 than trying to find a connection between the observable child language acquisition data and theprocess of setting parameter values in an innate super-grammar.ReferencesA. Aho, 1968. "Indexed Grammars", Journal of the ACM, 15, 647-671.M. van den Berg, R. Bod and R. Scha, 1994. "A Corpus-Based Approach to Semantic Interpretation",Proceedings Ninth Amsterdam Colloquium, Amsterdam, The Netherlands.E. Black, S. Abney, D. Flickenger, C. Gnadiec, R. Grishman, P. Harrison, D. Hindle, R. Ingria, F. Jelinek, J.Klavans, M. Liberman, M. Marcus, S. Roukos, B. Santorini and T. Strzalkowski, 1991. "A Procedure forQuantitatively Comparing the Syntactic Coverage of English", Proceedings DARPA Speech and NaturalLanguage Workshop, Pacific Grove, Morgan Kaufmann.E. Black, R. Garside and G. Leech, 1993. Statistically-Driven Computer Grammars of English: TheIBM/Lancaster Approach, Rodopi: Amsterdam-Atlanta.R. Bod, 1992. "Data Oriented Parsing (DOP)", Proceedings COLING’92, Nantes, France.R. Bod, 1993a. "Using an Annotated Corpus as a Stochastic Grammar", Proceedings EACL’93, Utrecht, TheNetherlands.R. Bod, 1993b. "Monte Carlo Parsing", Proceedings Third International Workshop on Parsing Technologies,Tilburg/Durbuy, The Netherlands/Belgium.R. Bod, 1995. Enriching Linguistics with Statistics: Performance Models of Natural Language, ILLCDissertation Series 1995-14, University of Amsterdam. (ftp://ftp.fwi.uva.nl/pub/theory/illc/dissertations/DS-95-14.text.ps.gz)R. Bod, 1996a. "Efficient Algorithms for Parsing the DOP Model? A Reply to Joshua Goodman". (cmp-lg/9605031)R. Bod, 1996b. "Two Questions about Data-Oriented Parsing", Proceedings Fourth Workshop on Very LargeCorpora, Copenhagen, Denmark. (cmp-lg/9606022)R. Bod, R. Bonnema and R. Scha, 1996a. "A Data-Oriented Approach to Semantic Interpretation",Proceedings Workshop on Corpus-Oriented Semantic Analysis, ECAI-96, Budapest, Hungary. (cmp-lg/9606024)

3 0 R. Bod, R. Kaplan, R. Scha and K. Sima’an, 1996b. "A Data-Oriented Approach to Lexical-FunctionalGrammar", Computational Linguistics in the Netherlands 1996, Eindhoven, The Netherlands.R. Bonnema, 1996. Data-Oriented Semantics, M.A. Thesis, Department of Computational Linguistics,University of Amsterdam (HTTP://MARS.LET.UVA.NL/ REMKO_B/DOPSEM/SCRIPTIE.HTML).T. Booth, 1969. "Probabilistic Representation of Formal Languages", Tenth Annual IEEE Symposium onSwitching and Automata Theory.T. Briscoe and J. Carroll, 1993. "Generalized Probabilistic LR Parsing of Natural Language (Corpora) withUnification-Based Grammars", Computational Linguistics 19(1), 25-59.T. Briscoe, 1994. "Prospects for Practical Parsing of Unrestricted Text: Robust Statistical ParsingTechniques", N. Oostdijk and P. de Haan (eds.), Corpus-based Research into Language, Rodopi, Amsterdam,The Netherlands.E. Brill, 1993. "Transformation-Based Error-Driven Parsing", Proceedings Third International Workshop onParsing Technologies, Tilburg/Durbuy, The Netherlands/Belgium.E. Charniak, 1996a. "Tree-bank Grammars", Technical Report CS-96-02, Department of Computer Science,Brown University, Rode Island.E. Charniak, 1996b. "Tree-bank Grammars", Proceedings AAAI’96, Portland, Oregon.K. Church and R. Patil, 1983. Coping with Syntactic Ambiguity or How to Put the Block in the Box on the Table,MIT/LCS/TM-216.W. Cochran, 1963. Sampling Techniques, Wiley & Sons, New York (2nd edition).W. Deming, 1966. Some Theory of Sampling, Dover Publications, New York.G. Fenk-Oczlon, 1989. "Word frequency and word order in freezes", Linguistics 27, 517-556.W. Francis and H. Kucera, 1982. Frequency Analysis of English Usage, Houghton Mifflin Company, Boston.T. Fujisaki, F. Jelinek, J. Cocke, E. Black and T. Nishino, 1989. "A Probabilistic Method for SentenceDisambiguation", Proceedings 1st Int. Workshop on Parsing Technologies, Pittsburgh, Pennsylvania.

3 1 E. Gibson and J. Loomis, 1994. "A Corpus Analysis of Recency Preference and Predicate Proximity",Proceedings of the Cognitive Science Society.I. Good, 1953. "The Population Frequencies of Species and the Estimation of Population Parameters",Biometrika 40, 237-264.J. Goodman, 1996. "Efficient Algorithms for Parsing the DOP Model", Proceedings Empirical Methods inNatural Language Processing, Philadelphia, PA.J. Hammersley and D. Handscomb, 1964. Monte Carlo Methods, Chapman and Hall, London.I. Hasher and W. Chromiak, 1977. "The processing of frequency information: an automatic mechanism?",Journal of Verbal Learning and Verbal Behavior 16, 173-184.I. Hasher and R. Zacks, 1984. "Automatic Processing of Fundamental Information: the case of frequency ofoccurrence", American Psychologist 39, 1372-1388.L. Jacoby and L. Brooks, 1984. "Nonanalytic Cognition: Memory, Perception and Concept Learning", G.Bower (ed.), Psychology of Learning and Motivation (Vol. 18, 1-47), San Diego: Academic Press.F. Jelinek, J. Lafferty and R. Mercer, 1990. Basic Methods of Probabilistic Context Free Grammars,Technical Report IBM RC 16374 (#72684), Yorktown Heights.C. Juliano and M. Tanenhaus, 1993. "Contingent Frequency Effects in Syntactic Ambiguity Resolution",Fifteenth Annual Conference of the Cognitive Science Society, 593-598, Hillsdale, NJ.D. Kausler and J. Puckett, 1980. "Frequency Judgments and Correlated Cognitive Abilities in Young andElderly Adults", Journal of Gerontology 35, 376-382.R. Kaplan, 1995. "The Formal Architecture of Lexical-Functional Grammar", in M. Dalrymple, R. Kaplan, J.Maxwell and A. Zaenen (eds.), Formal Issues in Lexical-Functional Grammar, CSLI Publications, Stanford,CA.R. Kaplan, 1996. "A probabilistic approach to Lexical-Functional Grammar", slides of the keynote lectureheld at LFG-workshop 1996, Grenoble. (available at ftp://ftp.parc.xerox.com/pub/nl/slides/grenoble96/kaplan-doptalk.ps)

3 2 R. Kaplan and J. Bresnan, 1982. "Lexical-Functional Grammar: A Formal System for GrammaticalRepresentation", in J. Bresnan (ed.), The Mental Representation of Grammatical Relations, The MIT Press,Cambridge, MA.M. Kay, 1980. Algorithmic Schemata and Data Structures in Syntactic Processing. Report CSL-80-12, XeroxPARC, Palo Alto, Ca.M. MacDonald, N. Pearlmutter and M. Seidenberg, 1994. "Lexical Nature of Syntactic AmbiguityResolution", Psychological Review 101, 676-703.D. Magerman and M. Marcus, 1991. "Pearl: A Probabilistic Chart Parser", Proceedings EACL’91, Berlin,Germany.D. Magerman, 1994. Natural Language Parsing as Statistical Pattern Recognition, Ph.D. thesis, StanfordUniversity.M. Marcus, B. Santorini and M. Marcinkiewicz, 1993. "Building a Large Annotated Corpus of English: thePenn Treebank", Computational Linguistics 19(2).W. Martin, K. Church and R. Patil, 1987. "Preliminary Analysis of a Breadth-first Parsing Algorithm:Theoretical and Experimental Results", in: L. Bolc (ed.), Natural Language Parsing Systems, SpringerVerlag, Berlin.H. Meyer (ed.), 1956. Symposium on Monte Carlo Methods, Wiley, New York.D. Mitchell, F. Cuetos and M. Corley, 1992. "Statistical versus Linguistic Determinants of Parsing Bias:Cross-linguistic Evidence", Fifth Annual CUNY Conference on Human Sentence Processing, New York.N. Pearlmutter and M. MacDonald, 1992. "Plausibility and Syntactic Ambiguity Resolution", Proceedings14th Annual Conf. of the Cognitive Society.F. Pereira and Y. Schabes, 1992. "Inside-Outside Reestimation from Partially Bracketed Corpora",Proceedings ACL’92, Newark, Delaware.M. Rajman, 1995a. Apports d’une approche a base de corpus aux techniques de traitement automatique dulangage naturel, PhD thesis, Ecole Nationale Superieure des Telecommunications, Paris.M. Rajman, 1995b. "Approche Probabiliste de l’Analyse Syntaxique", Traitement Automatique des Langues,vol. 36(1-2).

3 3 A. Ratnaparkhi, 1996. "A Maximum Entropy Model for Part-Of-Speech Tagging", Proceedings EmpiricalMethods in Natural Language Processing, Philadelphia, PA.P. Resnik, 1992. "Probabilistic Tree-Adjoining Grammar as a Framework for Statistical Natural LanguageProcessing", Proceedings COLING’92, Nantes, France.G. Sampson, 1986. "A Stochastic Approach to Parsing", Proceedings COLING’86, Bonn, Germany.R. Scha, 1990. "Taaltheorie en Taaltechnologie; Competence en Performance", in Q.A.M. de Kort and G.L.J.Leerdam (eds.), Computertoepassingen in de Neerlandistiek, Almere: Landelijke Vereniging van Neerlandici(LVVN-jaarboek).R. Scha, 1992. "Virtuele Grammatica’s en Creatieve Algoritmen", Gramma/TTT 1(1).Y. Schabes, 1992. "Stochastic Lexicalized Tree-Adjoining Grammars", Proceedings COLING’92, Nantes,France.Y. Schabes, M. Roth and R. Osborne, 1993. "Parsing the Wall Street Journal with the Inside-OutsideAlgorithm", Proceedings EACL’93, Utrecht, The Netherlands.S. Sekine and R. Grishman, 1995. "A Corpus-based Probabilistic Grammar with Only Two Non-terminals",Proceedings Fourth International Workshop on Parsing Technologies, Prague, Czech Republic.K. Sima’an, R. Bod, S. Krauwer and R. Scha, 1994. "Efficient Disambiguation by means of Stochastic TreeSubstitution Grammars", Proceedings International Conference on New Methods in Language Processing,UMIST, Manchester, UK.K. Sima’an, 1995. "An optimized algorithm for Data Oriented Parsing", Proceedings InternationalConference on Recent Advances in Natural Language Processing, Tzigov Chark, Bulgaria.K. Sima’an, 1996a. "An optimized algorithm for Data Oriented Parsing", in R. Mitkov and N. Nicolov (eds.),Recent Advances in Natural Language Processing 1995, volume 136 of Current Issues in Linguistic Theory.John Benjamins, Amsterdam.K. Sima’an, 1996b. "Computational Complexity of Probabilistic Disambiguation by means of TreeGrammars", Proceedings COLING-96, Copenhagen, Denmark. (cmp-lg/9606019)R. Smith, 1973. Probabilistic Performance Models of Language, Mouton, The Hague.

3 4 P. Suppes, 1970. "Probabilistic Grammars for Natural Languages", Synthese 22.D. Tugwell, 1995. "A State-Transition Grammar for Data-Oriented Parsing", Proceedings EACL’95, Dublin,Ireland.A. Viterbi, 1967. "Error bounds for convolutional codes and an asymptotically optimum decoding algorithm",IEEE Trans. Information Theory, IT-13, 260-269.T. Winograd, 1983. Language as a Cognitive Process. Volume I: syntax. Reading (Mass.).