Computer Science and ArtificialIntelligence Laboratory

Technical Report

mas sachus etts ins titute of technology , cambr idge, ma 0 213 9 usa — www .csai l.mit.edu

MIT-CSAIL-TR-2009-013 March 31, 2009

Fragment Grammars: Exploring Computation and Reuse in Language

Timothy J. O’Donnell, Noah D. Goodman, and Joshua B. Tenenbaum

Fragment Grammars: Exploring Computation and Reuse in Language

Timothy J. O’Donnell (timo@wjh.harvard.edu)

Harvard University Department of Psychology

Noah D. Goodman

MIT, Brain and Cognitive Science

Joshua B. Tenenbaum

MIT, Brain and Cognitive Science

Contents

1 Introduction and Overview 5 1.1 Linguistic and Psychological Motivation . . . . . . . . . . . . . . . . 6 1.2 Computation versus Reuse as a Bayesian trade-off . . . . . . . . . . . 7 1.3 Lexical Items as Distributions in a Two-stage Generativ e Pro cess . . 9 1.4 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Generative Processes as Random Procedures 11 2.1 Probabilistic Context-free Grammars as Random Pro cedu res . . . . . 12 2.1.1 PCFG Distributions . . . . . . . . . . . . . . . . . . . . . . . 15

3 Stochastic Memoization 18 3.1 Memoization Distributions . . . . . . . . . . . . . . . . . . . . . . . . 20 3.1.1 The Chinese Restaurant Pro cess . . . . . . . . . . . . . . . . . 20 3.1.2 Pitman-Yor pro cesses . . . . . . . . . . . . . . . . . . . . . . . 24 3.1.3 Multinomial-Dirichlet Distributions . . . . . . . . . . . . . . . 25

4 Multinomial Dirichlet PCFGs 27

5 Adaptor Grammars 27 5.1 A Representation for Adaptor Grammar States . . . . . . . . . . . . 29

6 Lexcial Items as Procedures and Two-stage Generative Mode ls 32 6.1 Adaptor Grammars as Two-stage Mo dels . . . . . . . . . . . . . . . . 32

7 Fragment Grammars 37 7.1 Fragment Grammar State . . . . . . . . . . . . . . . . . . . . . . . . 41

8 Inference 41 8.1 Intuitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42 8.2 A Metropolis-Hastings sampler . . . . . . . . . . . . . . . . . . . . . 44 8.2.1 The approximating PCFG: G^′( F_{− p} ( i ) , F ) . . . . . . . . . . . . 45 8.3 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

9 Preliminary Evaluation on the Switchboard Corpus 47 9.1 Metho d . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48 9.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 49

10 Experimental Data: Artificial Language Learning 50 10.0.1 Metho d . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51 10.0.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . 53 11 Relation to Other Models in the Literature. 54 12 Conclusion 55 A Integrating Out Parameters and de Finetti Representation s 59 A.1 de Finetti Representation for MD-PCFGS . . . . . . . . . . . . . . . 62

Abstract

Language relies on a division of lab or b etween stored units a nd structure building op erations which combine the stored units into lar ger structures. This division of lab or leads to a tradeoff: more structure-buildi ng means less need to store while more storage means less need to compute struct ure. We develop a hierarchical Bayesian mo del called fragment grammar to ex plore the optimum balance b etween structure-building and reuse. The mo de l is develop ed in the context of sto chastic functional programming (SFP), and in particular, using a probabilistic variant of Lisp known as the Church pro gramming language [17]. We show how to formalize several probabilistic m o dels of language structure using Church, and how fragment grammar generaliz es one of them— adaptor grammars [21]. We conclude with exp erimental data w ith adults and preliminary evaluations of the mo del on natural language co rpus data.

1 Introduction and Overview

Perhaps the most celebrated feature of human language is its pro ductivity. Language allows us to express and comprehend an unb ounded nu mb er of thoughts using only finite resources. This pro ductivity is m ade p ossible by a fundamental design feature of language: a division of lab o r b etween stored units (such as words) and structure building computations w hich combine these stored units into larger representations.

Although all theories of language make some distinction b et ween what is stored and what is computed, they vary widely in the way in whi ch they actually implement the interaction. Among the many disagreemen ts are questions ab out what kinds of things can b e stored, what conditions cau se something to b e stored (or not), and how storage might b e integrated wit h computation. It is b eyond the scop e of the present rep ort to review the rele vant linguistic and psycholinguistic literatures on storage versus comput ation (see e.g. [30]), instead we will offer a new mo del of this problem known as fragment grammar .

Fragment grammars formalize the intuitive idea that there i s a tradeoff b etween storage and computation. More computation means le ss need to store while more storage means less need to compute. Using to ols fr om hierarchical Bayesian statistics, we will show how this balance can b e opt imized.

Fragment grammars are a generalization of the adaptor grammar mo del intro duced by [21]. Unlike adaptor grammars, however, frag ment grammars are able to store partial as well as complete computations.

This rep ort takes a non-traditional approach to the present ation of the mo deling work. We will use the paradigm of stochastic functional programming (SFP) and in particular the Church programming language [17 ] as a notation to formalize the mo del. Church is a sto chastic version of the lamb da calculus with a Scheme-like syntax built on a sampling semantics. The aim of Church, and of SFP in general, is to develop rich comp ositional langu ages for expressing probabilistic mo dels and to provide generalized inference for those mo dels.^1 Church is aimed at allowing the compact expression of comple x hierarchical Bayesian generative mo dels. We use Church to describ e the fr agment grammar mo del for three reasons. First, Church excels at concisely, but accurately, expressing mo dels involving recursion. Recursion is at the core of linguistic mo dels; however, most current frameworks for probabilisti c mo deling, such as graphical mo dels, make it difficult or imp ossible to express.

Second, Church allows us to develop mo dels comp ositionally , reusing parts where appropriate. In this rep ort, rather than immediately formalizing frag-

1 We do not make use of Church’s generalized inference engine, which is not currently effective for linguistic representations. This is an area of active re search.

ment grammars, we will start by formalizing probabilistic c ontext-free grammars using Church. From this starting p oint, we will then gen eralize the mo del to adaptor grammars, two-stage adaptor grammars, and finall y to fragment grammars. By expressing each stage in Church, the exact rela tionships b etween the mo dels will b e completely explicit, highlighting the reused parts and the innovations.

The final reason that we cho ose to use Church is the language-l evel supp ort it provides for reuse of computation in mo dels. Our analysis of the storage versus computation problem relies crucially on the notion o f reuse. Church provides constructs for this in the language itself. We disc uss this in more detail b elow.

1.1 Linguistic and Psychological Motivation

A central question of the psychology of language and linguis tics is what constitutes the lexicon . Here we are using the term ‘lexicon’ to to refer to the set of stored units, of whatever form, used to pro duce or comprehen d an utterance.^2 Traditional approaches have tended to view the lexicon as co nsisting of just word or morpheme-sized units [5]. However, the past twe nty years have seen the emergence of theories which advo cate a heterogeneous lexicon (e.g. [19, 7, 34, 6, 14, 32], amongst many others).

In a heterogeneous approach to the lexicon, the idea of a lexi cal item— a stored piece of structure—is divorced from particular lin guistic categories such as word or morpheme . These categories still exist, to b e sure, but they are morphological, phonological, or syntactic constructs , indep endent of the question of storage. The divorce of categorical structure f rom storage means a much wider variety of items can b e stored in the mental lexico n. These include structures b oth smaller and larger than words.

It is b eyond the scop e of this rep ort to discuss the many empir ical arguments in favor of the heterogeneous approach to lexical st orage. Interested readers are directed to any of the citations ab ove. The appro ach do es, however, raise several imp ortant questions:

1. Where do es the inventory of lexical items come from in the fi rst place?

That is, how is it learned? 2. How is the pro cess of using and creating stored lexical ite ms integrated with the pro cess of generating linguistic structures?

2 In this rep ort we will use the term lexicon to sp ecifically refer to this rep ository of stored fragments of structure. We will not b e concerned with other s enses of the term, such as those used in theories of what constitutes a morphological or phon ological word. These stored units are sometimes referred to as listemes [8].

To answer these questions we will first re-formulate the stor age/computation problem. Rather than viewing storage as an end in itself, we w ill hyp othesize that instead, storage is just the result of attempting to reu se computational work whenever it makes sense to do so. In other words, we prop o se that during the pro duction and comprehension of language, the langu age faculty will try to reuse work done previously. In order to reuse a previou s computation, that computation must b e stored in memory. Under this view, t he goal is not storage, but rather the optimal reuse of previously compute d structure.

This p ersp ective leads to an immediate question facing the l anguage user: what is the optimal set of computations to store as lexical it ems for my language? Working in the Bayesian framework, this can b e recast as a question of p osterior inference: what is the p osterior distribution ov er lexica given some input data.

1.2 Computation versus Reuse as a Bayesian trade- off As discussed ab ove, our fundamental Bayesian question is th is: given some data, what should the lexicon lo ok like? We will now illustra te the trade-off inherent in this question.

Imagine that we have some generative pro cess pro ducing synt actic trees.^3 A few trees created by this generative pro cess—either durin g pro duction or comprehension—are shown in Figure 1. Each row shows the cons equences for reuse and reusability of three different approaches to the st orage of previously computed structure. In each row, the fragments of the trees h ighlighted in the same color are the fragments which are reusable in this set of trees .

This figure shows two extreme kinds of lexical item storage, a nd an intermediate case. The first row shows the consequences of only sto ring minimal sized lexical items. In this case, the items all corresp ond t o depth-one trees. When we store very small, abstract fragments such as these, t hey have a high degree of reusability. They can app ear in many different synt actic trees. We can reuse them easily when pro ducing or comprehending an utt erance. However, many indep endent choices are required to build any sin gle expression. In a probabilistic setting, indep endent choices corresp ond t o computational work, and therefore if we only store these minimal sized fragments , we will have to do more work each time we build an utterance.

3 For example, a probabilistic context-free grammar of the ki nd we will discuss b elow. In this rep ort, we will use examples drawn mostly from syntax. The mo del, however, is meant to b e a general mo del of reuse in hierarchical generative pro cesse s and can b e applied easily to problems in phonology, morphology, and semantics.

M i n i m a l

I n t e r m e d i a t e

M a x i m a l

Figure 1: This figure shows the consequences for reuse of thre e p ossible storage regimes. Minimal sized fragments allow fine-grained reuse, but force many choices when generating a sentence. Maximal sized fragments of structure allow fewer choices to generate a sentence, but limit reusab ility and therefore increase the numb er of fragments. Storage of an intermediate size optimizes this balance.

The third row shows the consequences of storing maximal sized lexical items. Maximal sized fragments corresp ond to entire syntac tic trees. In other words, they corresp ond to storing all utterances pro duced o r comprehended in their entirety every time. In this setting, if we have alread y seen a particular structure, we can generate it again by making only a single in dep endent choice and reusing the who e stored structure. In general, as lexica l items grow bigger we will require fewer of them to generate any single expressi on. The amount of computation done p er tree will b e minimized. However, any single lexical item can b e used fewer times across expressions. In fact, we w ill only b e able to use a stored lexical item if we want to repro duce an entire u tterance exactly in the same way in the future. As a result, we will have to store many more fragments in memory.

Better solutions fall in-b etween these two extremes. They s imultaneously optimize the numb er of choices that must b e made to generate a set of expressions and the numb er of lexical items that must b e stored. Thi s is illustrated in the middle row of figure 1, where intermediate sized fragments of structure are stored. The fragments in this row allow more reuse than th e third row with fewer indep endent choices p er tree than the first row.

The fragment grammar mo del defines a probability distributi on over the set of different ways of making the reuse/computation tradeo ff. We will show b elow how Bayesian inference can b e used to optimize this tra deoff.

1.3 Lexical Items as Distributions in a Two-stage Generative Process

We have emphasized reuse as the organizing principle b ehind our mo del of the lexicon. Below we will formalize reuse in generative pro ces ses via stochastic memoization . Memoization is a technique long-known in computer science whereby the outputs of computations are stored in memory so t hat they can b e reused by later computations. Sto chastic memoization li fts this idea to the probabilistic case. We will describ e b oth b elow.

Sto chastic memoization as emb o died in Church provides a bri dge b etween ideas from non-parametric Bayesian statistics and ideas fr om functional programming. In this rep ort, we will show how to use sto chastic f unctional programs with sto chastic memoization to elegantly express com plex, recursive, non-parametric Bayesian mo dels of language. In particular , we will show how sto chastic memoization can lead to an elegant presentation of adaptor grammars.

As we mentioned earlier, fragment grammars generalize the a daptor grammar mo del. This generalization relies on two novel ideas whi ch constitute the main technical innovations of the present rep ort: lexical i tems as distributions, and a two-stage generative pro cess.

Typically, in generative mo dels of language, lexical items are thought of as static structures which are assembled into a linguistic e xpression. We will adopt another p ersp ective in which lexical items are active entities that themselves can construct linguistic expressions—distributio ns.

If a lexical item is a distribution how do we construct an expr ession? We will show how this can b e done using a two-stage generative pr o cess. First, cho ose a (p erhaps novel) lexical item; second, sample this l exical item to get a linguistic expression. Because lexical items are defined r ecursively, this second stage will often involve cho osing another lexical item. Thus, our basic generative pro cess, will alternate b etween sampling lexic al items and sampling expressions from those lexical items.

In such a two-stage mo del, there is no distinction b etween pr o cesses which comprehend and pro duce language and pro cesses which learn t he lexicon. The same mo del which provides for language use also provides for language learning.

1.4 Outline

Our plan for the rest of the rep ort is as follows. First, we int ro duce some basic notions from sto chastic functional programming and show ho w a well-known mo del of language structure, the probabilistic context-fr ee grammar (PCFG), can b e formulated in these terms. We then intro duce sto chast ic memoization, discuss its relation to certain to ols from non-parametric B ayesian statistics, and show how the adaptor grammar mo del can b e formulated in th ese terms.

We then show how the adaptor grammar mo del can b e reformulate d as a two-stage mo del with lexical-items as pro cedures. This lea ds directly to the definition of fragment grammars. Having defined fragment gra mmars, we move on to discuss inference in the mo del, taking some time to disc uss intuitions ab out when fragment grammars store lexical items, and when t hey do not. Finally, we rep ort some preliminary data to evaluate the fra gment grammar mo del. In the app endices we discuss several p oints of mathem atical interest.

Throughout this rep ort, we use a mixture of verbal descripti on, Church co de, and mathematical notation to describ e the various mo d els. Most mathematical notation is included only for precision and can b e s kipp ed by the reader on a first pass.

2 Generative Processes as Random Procedures

In SFP, generative pro cesses are defined using random procedures . A traditional deterministic pro cedure^4 always returns the same value when applied to the same arguments. A random pro cedure, on the other hand, defines a distribution over outputs given inputs.

A familiar example of a random pro cedure is the rand or random function of most programming languages. rand typically returns a value on the interval [0, 1] with uniform probability. Another example of a random pro cedure is flip . This pro cedure takes a weight as input and flips a biased coin according to the weight, returning true or false accordingly.

With an inventory of such basic elementary random procedures (ERPs), more complex pro cedures may b e constructed. A simple exampl e of such a pro cedure is expressed in Church co de in Figure 2. This co de d efines a function called noisy-or .^5 With probability ϵ, noisy-or simply returns the result of applying or to its arguments. However, with probability 1 − ϵ, it returns the opp osite of that result (if (or arguments) is true it returns false , and vice versa).

(define noisy-or

(lambda arguments (if (flip ϵ)

(or arguments) (not (or arguments)))))

Figure 2: Church co de defining a noisy-or function.

The probability distribution defined by this and other compl ex pro cedures is the pro duct of all the ERPs which are evaluated in the cours e of invoking the pro cedure. For example, if we applied noisy-or to the arguments 0 and 1 : (noisy-or 0 1) , then the probability of the outcome true would b e ϵ and the

4 Pro cedures are often called “functions.” Here we distingui sh b etween functions, which are the mathematical ob jects which pro cedures compute, and pro ced ures, which are instantiated programmatic recip es for computing them.

5 The syntactic form (lambda arguments body) is an op erator which constructs a pro cedure with arguments arguments and b o dy body —this is the fundamental abstraction op erator of the λ -calculus.

probability of false would b e 1 − ϵ. For a more complex example consider the following expression: (noisy-or (flip 0.5) (flip 0.5)) . Now the probability of true dep ends b oth on the evaluation of the flip s determining the two arguments as well as the flip inside the pro cedure b o dy.

The set theoretic meaning^6 of a pro cedure in Church is a sto chastic function.^7 That is, it is a mapping from the pro cedure’s inputs to a distr ibution over its outputs. If a pro cedure takes no arguments, then thi s mapping is constant, and the pro cedure defines a probability distribut ion. In functional programming, a pro cedure of no arguments is called a thunk . Therefore, in the sto chastic setting thunks are identified with probabili ty distributions. Another interpretation of a Church pro cedure is as a sampler.^8 Application of a pro cedure to some arguments causes it to sample a value from t he distribution over outputs that corresp onds to those arguments. For examp le, noisy-or can b e thought of as a sampler which samples from the set { true, false } conditioned on its inputs.

2.1 Probabilistic Context-free Grammars as Random Procedures

In this section, we show how probabilistic context-free gra mmars can b e formulated in a SFP setting. Context-free grammars (CFGs) are a si mple, widelyknown, and well-studied formalism for mo deling hierarchic al structure and computation [1].^9

Formally, a context-free grammar is a 4-tuple, G = ⟨V , W, R, S⟩ where

• V is a finite set of nonterminal symb ols. • W is the set of terminal symb ols, pairwise disjoint from V . • R ⊆ V × ( V ∪ W )^∗ is the set of productions , or rules . • S ∈ V is a distinguished start symbol .

By convention nonterminals are written with capital letter s and, when used to mo del syntactic structure, they represent categories of constituents such

6 That is, the denotational semantics. 7 Sto chastic functions are sometimes called a probabilistic kernels. 8 Sampling can b e thought of as the op erational semantics of a p ro cedure in Church. 9 CFGs and PCFGs are widely known in b oth linguistics and compu tational linguistics to b e inadequate as mo dels of natural language structure (see for example discussions in [23]). However, they are in some sense the simplest generative mo del which ca ptures the idea of arbitrary (recursive) hierarchical structure. It is also the case that many other m ore sophisticated linguistic formalisms have context-free derivation trees even when their derived structures are non-context-free; one class of such systems are the linear context-free rewrite systems [37].

as “noun phrase” ( NP) or “verb” ( V). The unique, distinguished nonterminal known as the start symb ol is written S. This symb ol represents the category of complete derivations, or sentences. Terminals, written wi th lowercase letters, typically represent words or morphemes (e.g., “chef ”, or “s oup”).

The pro duction rules, which are written A −→ γ , where γ is some sequence of terminals and nonterminals, and A is a nonterminal, define the set of p ossible computations for the system. For example the rule S −→ NP VPsays that a constituent of typ e S can b e computed by first computing a noun phrase NPand a verb phrase VP, and then concatenating the results. The set of computation s defined by a given CFG is hierarchical and can b e recursive. Th e list of symb ols to the right of the arrow is referred to as the right-hand side (RHS) of that pro duction. The nonterminal to the left of the arrow is the ru le’s left-hand side (LHS). Terminal symb ols, such as ‘the’ or ‘works’ are atomic values which cause an expression-building recursion to stop and return. Start ing with the start symb ol S and following the rules until we only have terminals, it is p o ssible to derive sequences of words such as ⟨the chef co oks the omelet ⟩ or ⟨the chef works diligently ⟩ . A sequence of such computations can b e represented by a parse tree like that on the right-hand side of Figure 3

S −→ NP VP VP −→ V NP VP −→ V AP NP −→ D N AP −→ A D −→ the D −→ a N −→ chef N −→ omelet N −→ soup V −→ co oks V −→ works V −→ makes A −→ diligently

(S) (NP) (D) the (N) chef

(VP) (V) co oks

(NP) (D) the (N) omelet

Figure 3: A simple context-free grammar and corresp onding p arse tree. As explained b elow, the parentheses represent pro cedure appl ication.

A CFG enco des the p ossible choices that can b e made in computi ng an expression, but do es not sp ecify how to make the choices. That i s, the choices are non-deterministic . Like other non-deterministic generative systems CFGs als o have a natural probabilistic formulation known as Probabil istic Context-Free Grammars (PCFGs). Making a context-free grammar probabili stic consists of replacing the non-deterministic choice with a random pro ce dure which samples pro duction RHSs from some distribution. There are various w ays to define this distribution, but the simplest draws the p ossible RHSs of a p ro duction from a multinomial distribution.

Assume that we have an elementary random pro cedure called multinomial which is called like this: (multinomial values probabilities) where values is a list of ob jects and probabilities is a list of probabilities for each ob ject. This pro cedure will return samples of ob jects from values according to the distribution in probabilities . We can define the generative pro cess for a PCFG with the Church co de in figure 4.

( d e f i n e D ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " t h e " )

( t e r m i n a l " a " ) ) ( l i s t θ^D_1 θ^D_2 ) ) ) ) )

( d e f i n e N ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c h e f " )

( t e r m i n a l " s o u p " ) ( t e r m i n a l " o m e l e t " ) ) ( l i s t θ^N_1 θ^N_2 θ^N_3 ) ) ) ) )

( d e f i n e V ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c o o k s " ) ( t e r m i n a l " w o r k s " ) ( t e r m i n a l " m a k e s " ) ) ( l i s t θ^V_1 θ^V_2 θ^V_3 ) ) ) ) )

( d e f i n e A ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " d i l i g e n t l y " ) ) ( l i s t θ^A_1 ) ) ) ) )

( d e f i n e A P ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t A ) ) ( l i s t θ^{A P}_1 ) ) ) ) )

( d e f i n e N P ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t D N ) ) ( l i s t θ^{N P}_1 ) ) ) ) )

( d e f i n e V P ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t V A P )

( l i s t V N P ) ) ( l i s t θ^{V P}_1 θ^{V P}_2 ) ) ) ) )

( d e f i n e S ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t N P V P ) ) ( l i s t θ^S_1 ) ) ) ) )

Figure 4: Church co de defining the generative pro cess for a pr obabilistic context-free grammar.

Figure 5 zo oms in on just the VP pro cedure from the ab ove co de listing. VP makes use of the following pro cedures in its definition.

• map is a pro cedure that takes a two arguments: another pro cedure , and a list. It returns the list that results from applying the oth er pro cedure to each element of the input list.

• sample is a pro cedure which takes a thunk and draws a sample from it.

• list is a pro cedure which takes any numb er of arguments and return s a list containing all of those arguments.

Working from the inside out, we see that the VP pro cedure is built around a multinomial distribution. This multinomial is over the tw o p ossible RHSs of VP in our grammar, each RHS is represented as a list. This multin omial distribution is given a list containing these two RHSs as well as lis t of probabilities, ( list θ^{V P}_1 θ^{V P}_2 ), sp ecifying the weights for the RHSs. When called, the VP procedure will first call this multinomial, which will sample an d return one of the two p ossible RHSs as a list. It will then call the map pro cedure. map will apply sample to each element of the list. Since the list consists of names o f other pro cedures, calling sample on each one will implement the basic recursion of the PCFG.

(define VP (lambda () (map sample (multinomial (list (list V AP)

(list V NP)) (list θ^{V P}_1 θ^{V P}_2 )))))

Figure 5: The pro cedure VP

The other pro cedure definitions work similarly. The only rem aining detail is that the pro cedure terminal do es not recurse; it simply returns its arguments.

2.1.1 PCFG Distributions

In this section we will consider in more detail the distribut ion over computations and expressions defined by a PCFG. As mentioned earlier , a parse tree is a tree representing the trace of the computation of some ex pression e from some nonterminal category A. We will call a parse tree complete if its leaves are all terminals; that is, if it represents a complete compu tation of pro cedure A. A tree fragment is a tree whose leaves may b e a mixture of nonterminals and terminals. Given a tree, the pro cedure yield returns the leaves of a tree (fragment) as a list. The pro cedure root returns the pro cedure (name) at the ro ot of the tree. When it is clear from context we will sometim es abuse the meaning of the root function to also return the rule at the top of the tree (that is, the depth-one tree that corresp onds to the ro ot no de plus its children).

We will say that a nonterminal A derives some expression, represented as a list of terminals ⃗w ∈ W^∗ , if there is a complete tree t such that (root t ) = A and (yield t ) = ⃗w. The language asso ciated with nonterminal A is the set of expressions which can b e computed by that nonterminal.

We define a corpus E of expressions of size N_E with resp ect to a grammar to b e the result of executing the pro cedure S N_E times: (repeat N_E S) where the pro cedure (repeat num proc) returns the list resulting from applying the pro cedure proc num times.

Formally, a (multinomial) PCFG, ⟨G, Θ ⟩ , is a CFG G together with a set of vectors Θ = { ⃗θ^A}. Each vector ⃗θ^A represents the parameters of a multinomial distribution over the set of rules that share A on their left-hand sides. We write θ^A_r or θ_r to mean the comp onent of vector ⃗θ^A asso ciated with rule r (that is with the sp ecific RHS of rule r ). Θ satisfies: � ⃗θ^A = 1

As discussed ab ove, the probability distribution of a rando m pro cedure is defined by taking the pro duct of the probabilities of (the ret urn values of ) each elementary random pro cedure evaluated in its b o dy. In the ca se of a PCFG the only randomness is in the multinomial distributions asso ci ated with cho osing a RHS for each nonterminal. Thus the probability of a particu lar parse tree t is given by:

P ( t |G ) = � r ∈ t

θ_r (1)

The probability of a particular expression ⃗w is computed by marginalizing over all derivation trees which share that expression as the ir yield.

P ( ⃗w|G ) = � t | ( y i e l d t ) = ⃗w

P ( t |G )

Given an expression ⃗w and a rule r we define the inside probability of ⃗w given r as:

P ( ⃗w|r, G ) = � t | ( y i e l d t ) = ⃗w ∧ ( r o o t t ) = r

P ( t |G ) (2)

The inside probability of a string given a rule is the probabi lity that that string is the yield of a complete tree whose topmost subtree c orresp onds to that rule.^{1 0}

An imp ortant feature of PCFGs is that they make two strong con ditional indep endence assumptions. First, all decisions ab out expand ing a parse tree are lo cal to the pro cedure. They cannot make reference to any oth er information in the parse tree. Second, sentences themselves are generat ed indep endently of one another; there is no notion of history in a PCFG. These c onditional indep endence assumptions result in the existence of efficien t algorithms for PCFG parsing and training, but they also make PCFGs inadequa te as mo dels of natural language structure. The mo dels we develop b elow c an b e seen as a collection of ways of relaxing the conditional indep enden ce assumptions of PCFGs.

Let E = { e^{( i )} } b e a corpus of expressions, and let P = { p^{( i )} } b e a set of parse trees sp ecifying the exact way each expression was g enerated. Let X = { ⃗x^A} b e the set of count vectors for each nonterminal multinomial in the grammar. The pro cedure counts takes a set of parse trees and returns the corresp onding counts: (counts P ) = X . We will o ccasionally abuse the meaning of this pro cedure and also use it to return the counts asso ciated with some particular parse tree: (counts p^{( i )} ) = x_p ( i ) .

The conditional indep endence assumptions on PCFGs mean tha t we can compute the probability of a corpus of expressions and parse trees by taking the pro duct of rule choices in the parse trees in any order we l ike. Moreover, the counts of rule uses are the sufficient statistics for the multinomials for each nonterminal. This means that the probability of a set of parses can b e calculated purely from the count information.

Thus the probability of a corpus of expressions E and corresp onding parse trees P can b e given in terms of the corresp onding count vectors (counts P ) = X :

P ( E , P |G ) = p cfg ( X ; G ) (3) = � A∈ V � r ∈ R^A

[θ^A_r ]^{x Ar}

Where x^A_r is the numb er of times that rule r with LHS A was used in the corpus.

1 0 Note that we have defined inside probabilities with resp ect t o rules. Usually they are defined with resp ect to nonterminal categories. The inside probabi lity of a string ⃗w with resp ect to a nonterminal A is computed by additionally marginalizing over rules that s hare A on their LHS:

P ( ⃗w|A, G ) = � r | ( l h s r ) = A

� � � t | ( y i e l d t ) = ⃗w ∧ ( r o o t t ) = r

P ( t |G ) � � .

3 Stochastic Memoization

In this section we develop the notion of sto chastic memoizat ion which we will use to formalize our prop osal ab out reuse in language struct ure. Memoization refers to the technique of storing the results of computatio n for later reuse. In situations where identical sub-computations happ en rep ea tedly in the context of a larger computation, the technique can significantly red uce the cost of executing a program.

(define fib (lambda (n) (case n (0 0) (1 1) (else (+ (fib (- n 1)) (fib (- n 2))))))) Figure 6: Pro cedure to compute the n th Fib onacci numb er. This idea can b e b est illustrated with an example. Figure 6 sh ows Scheme co de to compute the n th Fib onacci numb er. This co de says: if n is 0 or 1, then return 0 or 1, resp ectively; otherwise we can compute th e n th Fib onacci numb er by first computing the ( n − 1)th and ( n − 2)th Fib onacci numb ers and adding them. The tree tracing the computation of (fib 6) is shown in Figure 7. ( f i b 6 )

( f i b 5 )

( f i b 4 )

( f i b 3 )

( f i b 2 ) ( f i b 1 ) 1 ( f i b 0 ) 0

( f i b 1 ) 1

( f i b 2 ) ( f i b 1 ) 1 ( f i b 0 ) 0

( f i b 3 )

( f i b 2 ) ( f i b 1 ) 1 ( f i b 0 ) 0

( f i b 1 ) 1

( f i b 4 )

( f i b 3 )

( f i b 2 ) ( f i b 1 ) 1 ( f i b 0 ) 0

( f i b 1 ) 1

( f i b 2 ) ( f i b 1 ) 1 ( f i b 0 ) 0

Figure 7: Computation of (fib 6) without memoization.

What can b e seen from this example is that fib rep eats a lot of computation. For instance, in this tree (fib 2) is evaluated 5 times, and (fib 4) is evaluated twice. By memoizing the result of each of these eva luations the first time they are evaluated, and then reusing those results, we c an save a lot of work. This is represented in Figure 8. In the case of the fib pro cedure in particular, we can turn a computation that takes an exp onential numb er of steps into a computation that takes only a linear numb er of steps by memoizing.

Memoization has b een applied widely in the design of algorit hms, esp ecially dynamic programming algorithms, which figure prominently in linguistic applications such as chart parsing (see, e.g., [23, 27]). It has also played a prominent role in the implementation of functional program ming languages.^{1 1} To memoize a deterministic pro cedure, we need to maintain a t able of input–output pairs, called a memotable When the pro cedure is applied to an argument, we intercept the call to the pro cedure and first con sult the memotable to see if the result has already b een computed. If it ha s, we return the previously computed value. If the pro cedure has not b een applied to these arguments b efore, then we compute the value, save it on the memotable, and return it. In programming languages with first-class pro cedures, such as Scheme, memoization can easily b e added as a higher-order pro cedure, that is, a pro cedure which takes another pro cedure as an argument. We will assume a higher-order pro cedure memwhich takes as an argument a pro cedure and returns a memoized version of it.

( f i b 6 )

( f i b 5 )

( f i b 4 )

( f i b 3 )

( f i b 2 )

( f i b 1 ) 1 ( f i b 0 ) 0

( f i b 1 )

m e m o i z ed

( f i b 2 )

m e m o i z ed

( f i b 3 )

m e m o i z ed

( f i b 4 )

m e m o i z ed

Figure 8: Computation of ((mem fib) 6) .

In a sto chastic setting, a pro cedure applied to some inputs i s not guaranteed to evaluate to the same value every time. If we wrap such a rand om pro cedure

1 1 See [31, 20] for a discussion of the relationship b etween mem oization in functional programming languages and CFG parsing algorithms.

in a deterministic memoizer, then it will sample a value the fi rst time it is applied to some arguments, but forever after, it will return the same value by virtue of memoization. It is natural to consider making th e notion of memoization itself sto chastic, so that sometimes the memoi zer returns a value computed earlier, and sometimes it computes a fresh value.

A sto chastic memoizer wraps a sto chastic pro cedure in anoth er distribution, called the memoization distribution , which tells us when to reuse one of the previously computed values, and when to compute a fres h value from the underlying pro cedure. To accomplish this, we generaliz e the notion of a memotable so that it stores a distribution for each pro cedure–plus–arguments combination [17]. In the next section we describ e these dist ributions.

3.1 Memoization Distributions

Deterministic memoization is imp ortant precisely b ecause much of the work that we do in any particular computation can b e reused. In SFP we work with random pro cedures b ecause we want to express uncertainty in computation. By analogy, a sto chastic memoizer should capture uncertain ty in the reuse of computation. A sensible memoization distribution should b e sensitive to the numb er of times a particular value was computed in the past, f avoring those values which often proved useful. In this section, followin g [21, 17], we develop a memoization distribution based on the Chinese restaurant process (CRP).

3.1.1 The Chinese Restaurant Process

The Chinese restaurant pro cess is distribution from non-pa rametric Bayesian statistics. The term non-parametric refers to statistical mo dels whose size or complexity can grow with the data, rather than b eing sp ecifie d in advance. The CRP is usually describ ed as a sequential sampling scheme usi ng the metaphor of a restaurant.

We imagine a restaurant with an infinite numb er of tables. The first customer enters the restaurant and sits at the first uno ccupi ed table. The ( N + 1)th customer enters the restaurant and sits at either an al ready o ccupied table or a new, uno ccupied table, according to the follo wing distribution.

τ^{( N + 1 )} |τ^{( 1 )} , ..., τ^{( N )} , α ∼ K� i = 1

y_i N + α δ_{τ i} + α N + α δ_{τ K + 1}

N is the total numb er of customers in the restaurant. K is the total numb er of o ccupied tables, indexed by 1 ≥ i ≥ K . τ^{( j )} refers to the table chosen by the j th customer. τ_i refers to i th o ccupied table in the restaurant. y_i is the

Figure 9: A series of p ossible distributions generated by th e Chinese restaurant pro cess. Shown is the distribution over the next customer af ter N customers have already b een seated. The values v_i have b een drawn from some asso ciated base distribution μ .

numb er of customers seated at table τ_i ; δ_τ is the δ-distribution which puts all of its mass on table τ . α ≥ 0 is the concentration parameter of the mo del.

In other words, customers sit at an already-o ccupied table w ith probability prop ortional to the numb er of individuals at that table, or a t a new table with probability controlled by the parameter α . This is illustrated in Figure 9.

Each table has a dish asso ciated with it. Each dish v is a lab el on the table which is shared by all the customers at that table. When a customer sits at a new table, τ_i , a dish is sampled from another distribution, μ , and placed on that table. This distribution, μ , is called the base distribution of the Chinese restaurant pro cess, and is a parameter of the mo del. From then on, all customers who are seated at table τ_i share this dish, v_{τ i} .

To use a CRP as a memoization distribution we let our memotabl e b e a set of restaurants—one for each combination of a pro cedure with its arguments. For example, consider the pro cedure in Figure 2 again. This p ro cedure can take a variety of different kinds of arguments: (noisy-or 1 1) , (noisy-or 0 1) , (noisy-or 0 0 1) , (noisy-or 0 0 0 1) , etc. We asso ciate a restaurant with each of these combinations of arguments as shown in Figu re 10. We let customers represent particular instances in which a pro cedure is applied, and we let the dishes lab eling each table represent the value s that result from those pro cedure applications. The base distribution which generates dishes corresp onds to the underlying pro cedure which we have memoi zed.

When we seat a customer at an existing table, it corresp onds t o retrieving a value from our memotable. Every customer seated at an existi ng table always returns the dish placed at that table when it was created. Whe n we seat a customer at a new table it corresp onds to computing a fresh va lue from our memoized random function and storing it as the dish at the new table.

Another way of understanding the CRP is to think of it as defini ng a distribution over ways of partitioning N items (customers) into K partitions (tables), for all p ossible N and K .

The probability of a particular partition of N customers over K tables is the pro duct of the probabilities of the N choices made in seating those customers. It can easily b e confirmed that the order in which e lements are added to the partition comp onents do es not affect the probabi lity of the final partition (i.e. the terms of the pro duct can b e rearranged in any order). Thus the distribution defined by a CRP is exchangeable .

A sequence of random variables is exchangeable if it has the s ame joint distribution under all p ermutations. Intuitively, exchan geability says that the order in which we observed some data will not make a difference to our inferences ab out it. Exchangeability is an imp ortant prop erty in Bayesian statistics, and our inference algorithms b elow will rely on it crucially . It is also a desirable prop erty in cognitive mo dels.

Figure 10: Sto chastic memoization. To sto chastically memo ize a pro cedure like noisy-or , that is to construct (CRPmemα noisy-or) , we asso ciate a CRP with each p ossible combination of input arguments.

The probability of a particular CRP partition can also b e wri tten down in closed form as follows.

P ( ⃗y) = α^K Γ[ α ]

�_K

j = 0 Γ[ y j ]

Γ[ α +

�_K

j = 0 y j ] (4) Where −→ y is the vector of counts of customers at each table and Γ( ·) is the gamma function, a continuous generalization of the factori al function. This shows that for a CRP the vector of counts is sufficient.

As a distribution, the CRP has a numb er of useful prop erties. In particular, it implements a simplicity bias. It assigns a higher probabi lity to partitions which: a .) have fewer customers b.) have fewer tables c.) for a fixed numb er of customers N , assign them to the smallest numb er of tables. Thus the CRP favors simple restaurants and implements a rich-get-riche r scheme. Tables with more customers have higher probability of b eing chosen by la ter customers. These prop erties mean that, all else b eing equal, when we use the CRP as a sto chastic memoizer we favor reuse of previously computed v alues.

3.1.2 Pitman-Yor processes

In the mo dels we discuss b elow, the memoization distributio n used is actually a generalization of the CRP known as the Pitman-Yor pro cess ( PYP). The Pitman-Yor pro cess is identical to the CRP except for having an extra parameter, a , which intro duces a dep endency b etween the probability of s itting at a new table and the numb er of tables already o ccupied in the res taurant.

The pro cess is defined as follows. The first customer enters th e restaurant and sits at the first table. The ( N + 1)th customer enters the restaurant and sits at either an already o ccupied table or a new one, accordi ng to the following distribution.

τ^{( N + 1 )} |τ^{( 1 )} , ..., τ^{( N )} , a, b ∼ K� i = 1

y_i − a N + b δ_{τ i} +

K a + b N + b δ_{τ K + 1}

Here all variables are the same as in the CRP, except for a and b. b ≥ 0 corresp onds to the CRP α parameter. 0 ≤ a ≤ 1 is a new discount parameter which moves a fraction of a unit of probability mass from each o ccupied table to the new table. When it is 1, every customer will sit at their own table. When it is 0 the distribution b ecomes the single-parameter C RP [33]. The a parameter can b e thought of as controlling the productivity of a restaurant: how much sitting at a new table dep ends on how many tables alre ady exist. On average, a will b e the limiting prop ortion of tables in the restaurant w hich have only a single customer. The b parameter controls the rate of growth of new tables in relation to the total numb er of customers N as b efore [36].

Like the CRP, the sequential sampling scheme outlined ab ove generates a distribution over partitions for unb ounded numb ers of ob je cts. Given some vector of table counts ⃗y, A closed-form expression for this probability can b e given as follows. First, define the following generalizat ion of the factorial function, which multiples m integers in increments of size a starting at x .

[x ]_{m , s} = � 1 for m = 0 x ( x + s ) ...( x + ( m − 1) s ) for m > 0 (5) Note that [1]_{m , 1} = m !. The probability of the partition given by the count vector, ⃗y, is defined by:

P ( ⃗y|a, b) =

[b + a ]_{N − 1 , a} [b + 1]_{K − 1 , 1} K� i = 1

([1 − a ]_{i − 1 , 1} )^{y i} (6)

It is easy to confirm that in the sp ecial case of a = 0 and b > 0, this reduces to the closed form for CRP by noting that [1]_{m , 1} = m ! = Γ[ m + 1]. In what follows, we will assume that we have a higher-order fu nction PYmem which takes three arguments a , b , and proc and returns the PYP-memoized version of proc .

3.1.3 Multinomial-Dirichlet Distributions

In this section we define what is known as the Polya urn represe ntation of the multinomial-Dirichlet distribution. This section and the following section on multinomial-Dirichlet PCFGs are imp ortant for understand ing the details of the fragment grammar mo del, but can b e skipp ed on first readin g.

Imagine a multinomial distribution over K elements with parameters sp ecified by parameter vector ⃗θ. Rather than sp ecifying ⃗θ as a parameter, one can define a hierarchical mo del where ⃗θ is itself drawn from a prior distribution. The most common prior on multinomial parameters is t he Dirichlet distribution.^{1 2}

The combination of a multinomial together with a Dirichlet p rior can b e represented by a sequential sampling scheme which is the fini te analog of the Chinese restaurant pro cess. That is, we can think of the c ombination multinomial-Dirichlet distribution as a distribution ass igning probabilities to

1 2 The Dirichlet is commonly used as the prior for the multinomi al b ecause it is conjugate to the multinomial. This means that the p osterior of a multinom ial-Dirichlet distribution is another Dirichlet distribution [12].

partitions of N ob jects amongst K bins for fixed K . This representation of the MDD can b e defined via a sequential sampling construction which is very similar to that of the CRP. For a discussion of this mysteriou s fact, please see App endix A.

Supp ose that we have a finite set of K values. We define the following sequential pro cess. We sample our first observation v^{( 1 )} according to the following equation.

v^{( 1 )} |π_1 , ..., π_K ∼ π_1 �_K

i = 1 π i

δ_{v 1} + ... + π_K �_K

i = 1 π K

δ_{v K}

Where the π s are pseudocounts , which can b e thought of as imaginary prior observations of each of the K p ossible outcomes. After N observations have b een sampled, the N + 1th observation is sampled as follows:

v^{( N + 1 )} |v^{( 1 )} , ..., v^{( N )} , π_1 , ..., π_K ∼ π_1 + x_1 �_K

i = 1 [π i + x i ]

δ_{v 1} + ... + π_K + x_K �_K

i = 1 [π i + x i ]

δ_{v K}

x_i is the numb er of draws of value i , δ_i is a δ-distribution, in other words a distribution which puts probability 1 on a single value—in t his case partition i . ⃗π is a vector of length K of pseudocounts for each of the K values. The pseudo counts can b e thought of as “imaginary” counts of each the values we have “observed” prior to using the distribution. They give u s a prior weight for each value.

Note that unlike the CRP and PYP, we can draw values v directly from the multinomial-Dirichlet distribution. This is a consequ ence of the fact that our set of values is finite. Under the multinomial-Dirichlet distribution, each time we draw an observation we b ecome more likely to draw it ag ain in the future. This shows that each draw from a multinomial-Dirich let distribution is dep endent on the history of prior draws, and implements a r ich-get-richer dynamic much like the CRP and PYP discussed ab ove.

The distribution over the entire partition is once again giv en by the pro duct of the probabilities of each choice made in its construction . This distribution can b e easily confirmed to b e exchangeable. The probability o f the partition given by the count vector, ⃗x , is given by:

P ( ⃗x |⃗π ) =

�_K

i = 1 Γ( π i + x i ) Γ( �_K

i = 1 π i + x i ) Γ( �_K

i = 1 π i )

�_K

i = 1 Γ( π i ) (7) For further discussion of these distributions please see Ap p endix A.

4 Multinomial Dirichlet PCFGs

In this section we define Multinomial Dirichlet PCFGs (MD-PC FGs), which are PCFGs in which Dirichlet priors have b een put on the rule w eights. Both the adaptor grammar mo del and the fragment grammar mo del dis cussed b elow use MD-PCFGs as their base distributions. For the sake of cla rity, however, this detail has b een suppressed in later discussions. This s ection includes the details of MD-PCFGs for completeness, but can b e skipp ed up o n first reading.

For simple PCFGs the set of weight vectors Θ is sp ecified in adv ance as a parameter of the mo del. It is p ossible to define an alternate mo del, however, where these vectors are drawn from a Dirichlet prior [2 2, 26]. We call the resulting mo del a multinomial-Dirichlet probabilistic context-free gramm ar (MD-PCFG).^{1 3} A MD-PCFG G = ⟨G, Π ⟩ is a context-free grammar together with a set Π = { ⃗π^A} of vectors of pseudo counts for Dirichlet distributions asso ciated with each nonterminal A.

As in the case of the multinomial distribution, the set of cou nts vectors X = { ⃗x^A} is sufficient for the multinomial-Dirichlet distribution (s ee section 3.1.3 ab ove). Thus the probability of a corpus E together with parses for each expression P under an MD-PCFG G can b e given in closed form as follows:

P ( E , P |G) = mdp cfg ( X ; G) (8) = � A∈ V

� �_{K A}

i = 1 Γ( π A i + x^A_i ) Γ( �_K A

i = 1 π A i + x^A_i ) Γ( �_K A

i = 1 π A i ) �_K A

i = 1 Γ( π A i ) �

We can represent a hyp othetical state of an MD-PCFG as in Figu re 11.

5 Adaptor Grammars

A Pitman-Yor adaptor grammar (PYAG), first presented in [21] , is a CFG where each nonterminal pro cedure has b een sto chastically m emoized. This means that PYAGs memoize the pro cess of deriving an expressi on itself. This is shown in the co de listing in Figure 12.

As can b e seen from the co de, each nonterminal pro cedure is no w sto chastically memoized using PYmem. Each time one of these pro cedures is called, the call will b e intercepted and either a .) a previously computed expression will b e

1 3 As discussed in App endix A, if the draws of each of the { ⃗θ^A} are unobserved, then we can equivalently express these distributions with hierarchic al de Finetti representations or as a sequential sampling scheme.

Figure 11: Representation of a p ossible state of an multinom ial-Dirichlet PCFG after having computed the five expressions shown at the b ottom. The numb ers over the rule arrows represent the counts of each rul e in the set of parses.

( d e f i n e D ( P Y m e m a^D b^D ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " t h e " )

( t e r m i n a l " a " ) ) ( l i s t θ^D_1 θ^D_2 ) ) ) ) ) )

( d e f i n e N ( P Y m e m a^N b^N ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c h e f " )

( t e r m i n a l " s o u p " ) ( t e r m i n a l " o m e l e t " ) ) ( l i s t θ^N_1 θ^N_2 θ^N_3 ) ) ) ) ) )

( d e f i n e V ( P Y m e m a^V b^V ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c o o k s " ) ( t e r m i n a l " w o r k s " ) ( t e r m i n a l " m a k e s " ) ) ( l i s t θ^V_1 θ^V_2 θ^V_3 ) ) ) ) ) )

( d e f i n e A ( P Y m e m a^A b^A ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " d i l i g e n t l y " ) ) ( l i s t θ^A_1 ) ) ) ) ) )

( d e f i n e A P ( P Y m e m a^{A P} b^{A P} ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t A ) ) ( l i s t θ^{A P}_1 ) ) ) ) ) )

( d e f i n e N P ( P Y m e m a^{N P} b^{N P} ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t D N ) ) ( l i s t θ^{N P}_1 ) ) ) ) ) )

( d e f i n e V P ( P Y m e m a^{V P} b^{V P} ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t V A P )

( l i s t V N P ) ) ( l i s t θ^{V P}_1 θ^{V P}_2 ) ) ) ) ) )

( d e f i n e S ( P Y m e m a^S b^S ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t N P V P ) ) ( l i s t θ^S_1 ) ) ) ) ) )

Figure 12: Church co de for a PYAG.

returned, or b.) a new expression will b e computed, stored in the memotable , and then returned.^{1 4}

5.1 A Representation for Adaptor Grammar States

The co de ab ove precisely describ es the adaptor grammar gene rative mo del. However, in order to understand the prop erties of the mo del m ore deeply, it is useful to discuss the representation of the state of an ada ptor grammar at a given p oint in time, after having sampled some numb er of expr essions.

Figure 13 shows a p ossible adaptor grammar state after five ca lls to the NP pro cedure. The parse trees for each call are shown at the b ott om of the

1 4 It is not yet clear under what conditions adaptor grammars bu ilt on recursive CFGs are welldefined. This is also true for the mo dels discussed later in th e pap er. This is a topic of ongoing research. In this technical rep ort we restrict ourselves to non-recursive grammars which are welldefined by merit of b eing instances of hierarchical Dirichle t pro cesses.

Figure 13: Representation of a p ossible state of an adaptor g rammar after having computed the five expressions shown at the b ottom.

figure. The figure has b een drawn to show the trace of the comput ations for each call. This representation of the state actually contai ns more information than is really stored in the memotables for each nonterminal pro cedure. What is actually stored on each table in a restaurant is just the co mputed expression that resulted from the call to the base distribution. Howeve r, for clarity we show (in red) the traces of computation that resulted from th at call.

The five calls to NP resulted in the creation of four tables, and the reuse of one computed expression at the third table. Applications of NP resulted in the hierarchical application of the D and N pro cedures. Red arrows show which particular calls to D and N resulted in the sub expressions asso ciated with the tables in the NP restaurant.

A few imp ortant things to note ab out Figure 13.

• The expressions stored at the second and third tables are ide ntical: ⟨the soup ⟩ . Draws from the base distribution for a memoized pro cedure a re indep endent, therefore it is p ossible to draw the same table lab els multiple times.

• The numb er of customers asso ciated with a table only increas es when the table is reused in a computation. In particular, the thir d table, corresp onding to the expression ⟨the soup ⟩ gets reused at the level of NP. This do es not lead to the tables for ⟨the ⟩ and ⟨soup ⟩ getting incremented. The sub expression tables were only incremented when the tab le was first created. It was only then that the pro cedures D and N were evaluated.

• The numb ers over the arrows in the underlying pro cedures rep resent the counts asso ciated with the right-hand sides of the underlyi ng CFG rules that have b een sampled while generating a table lab el. Notic e that these counts corresp ond to the numb er of tables which were built us ing that rule, not to the numb er of times each table was reused. In other words, the distribution over underlying rules only gets up dated wh en new tables are created. Adaptor grammars inherit this prop erty from CRPs. An imp ort ant debate within linguistics has b een whether the probability of a rule should b e estimated based on its token count—that is, the count of the numb er of times the rule o ccurs in a corpus—or its type count—that is, the count of the numb er of different forms it app ears with in the corpus [ 2]. It has b een argued that the ability of CRPs and PYPs to interp olate b etween typ e and token counts in this way is an imp ortant advantage fo r linguistic applications [15, 36].^{1 5}

1 5 Moreover, in the limit, CRP/Pitman-Yor distributions show a p ower-law distribution over frequencies of table lab els [33], consistent with Zipf ’s we ll-known observations ab out word token

When an adaptor grammar reuses a table, it is reusing previou s computation. Thus, according to our discussion in the intro ducti on, the lab els on adaptor grammar tables corresp ond to lexical items.

6 Lexcial Items as Procedures and Twostage Generative Models

We mentioned two novel ideas exp ounded in this rep ort. First is the notion of lexical items as distributions—or, equivalently in the c ontext of sto chastic functional programming—as pro cedures of no arguments (thu nks). The second is two-stage interpretation of our basic generative pro ces s. First, we build a lexical item—deciding what parts of the current computatio n to store for later reuse—and then we use that lexical item pro cedure to sample a n expression.

We will illustrate these ideas in the following section in te rms of adaptor grammars. In the case of adaptor grammars this generalizati on do es not change the b ehavior of the mo del. In other words, for adaptor gramma rs these ideas are meaningless. However, with these changes in place we wil l b e able to define fragment grammars with just a few small changes to our Church co de.

6.1 Adaptor Grammars as Two-stage Models

Consider a PYAG which has generated the single expression ⟨ a chef ⟩ , as in Figure 14.

The pro cedure NPin a PYAG or PCFG defines some distribution over nounphrase expressions. In the case of the grammar in our running example, the supp ort of this distribution—the set of items that have p osi tive probability— is finite. An example of such a distribution is shown on the lef t hand side of Figure 15.

When we sample from our PYAG we create a table asso ciated with the expression ⟨ a chef ⟩ . Up till now, we have thought of using this expression itself as the lab el on the table we created. However, we will n ow pursue the alternative outlined in the intro duction and think of this l exical item as b eing a distribution.

What kind of distribution is lab eling this table? In this cas e, it is the δdistribution (p oint distribution) which concentrates all of its mass on a single expression. This is shown on the right hand side of Figure 15. In Church, distributions are represented as pro cedures of no argument s. A δ-distribution

frequencies [38].

Figure 14: State of a PYAG after having generated the express ion ⟨ a chef ⟩ .

on a single expression is a pro cedure of no arguments which al ways returns the same value, (also known as a deterministic thunk): (lambda () ⟨ a chef ⟩ ) .

Figure 15: Creating a table in a PYAG can b e thought of as conce ntrating a distribution around a single expression. In this case, crea ting a table corresp onding to the expression ⟨ a chef ⟩ can b e thought of as concentrating the NP distribution into the δ-distribution: (lambda () ⟨ a chef ⟩ ) .

The next draw from NP is a draw from the mixture distribution over this δ-distribution and the underlying base distribution. This i s shown in Figure 16. The preceding discussion suggests an alternate, two-stage view of the adaptor grammar generative pro cess. To sample from the pro cedur e A 1.) draw a lexical item from the memoizer asso ciated with A, which in this case is a Pitman-Yor pro cess, and 2.) draw an expression from that lexical item. .

To define the two-stage generative mo del for a PYAG we will firs t need the help er pro cedures shown in Figure 17. The pro cedure sample-delta-distribution implements the basic recursion that builds lexical items in the PYAG. It samples an expression, wraps it in a pro cedure of no arguments, a nd then returns it. The pro cedure expand-lexical-item simply maps sample-delta-distribution across the right-hand-side of a PCFG rule.

With these two pro cedures defined, we can now define the entire two-stage version of the PYAG generative pro cess. This is shown in the c o de listing in Figure 18

When defining a pro cedure A, we first construct a random pro cedure which defines a distribution over lexical items. This pro cedure is encapsulated inside the A pro cedure. The A pro cedure itself first evaluates this closed-over distribution to draw a lexical item, and then samples the lexical it em it drew to pro duce an expression.

Figure 16: After having generated the expression ⟨ a chef ⟩ the next draw from the pro cedure NP is a draw from the mixture over the δ-distribution and the base distribution of NP, μ_{N P}.

( d e f i n e ( s a m p l e - d e l t a - d i s t r i b u t i o n p r o c )

( l e t ( ( v a l u e ( s a m p l e p r o c ) ) )

( l a m b d a ( ) v a l u e ) ) )

( d e f i n e ( e x p a n d - l e x i c a l - i t e m r i g h t - h a n d - s i d e )

( m a p s a m p l e - d e l t a - d i s t r i b u t i o n r i g h t - h a n d - s i d e ) )

Figure 17: Help er pro cedures for generating lexical items i n an adaptor grammar.

The two-stage p ersp ective on adaptor grammars also clarifie s the structure of an adaptor grammar parse tree, which must contain informa tion not present in a (MD-)PCFG parse. While the parses for (MD-)PCFGs simply sp ecify the series of pro cedure calls which lead to an expression, an ada ptor grammar parse tree must also sp ecify, for each pro cedure call, which particular lexical item was returned and used on that call.

Formally, an adaptor grammar, A = ⟨G, { ⃗π^A}, {⟨ a^A , b^A ⟩}⟩ , is a distribution on distributions of expressions. G is a context free grammar. { ⃗π^A} is a set of hyp erparameter vectors for multinomial-Dirichlet distri butions for each nonterminal A and {⟨ a^A , b^A ⟩} is a set of hyp erparameters for Pitman-Yor pro cesses for each nonterminal A. Let X = { ⃗x^A} b e the set of count vectors for underlying CFG rule uses as b efore, and let Y = { ⃗y^A} b e the a set of count vectors for lexical item uses in generating E . We will use the shorthand A = ⟨X , Y ⟩ for the representation of an adaptor grammar state in terms of su fficient statistics (counts) after having generated E . The joint probability of the corpus together with parses P for that corpus is given by:

P ( E , P |A ) = pyag ( A ; A ) (9) = � A∈ V

� � �_K A

i = 1 Γ( π A i + x^A_i ) Γ( �_K A

i = 1 π A i + x^A_i ) Γ( �_K A

i = 1 π A i ) �_K A

i = 1 Γ( π A i ) [b^A + a^A]_N A_{− 1 , a} A [b^A + 1]_K A_{− 1 , 1}

K^A�

i = 1

([1 − a^A]_{i − 1 , 1} )^{y Ai} � �

For a PYAG, the two-stage generative pro cess outlined ab ove is redundant. The distributions asso ciated with particular lexical item s are trivial—they put all their mass on a single expression. In the next section we w ill relax this assumption, to define fragment grammars.

( d e f i n e D ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a D b D ( l a m b d a ( ) ( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " t h e " )

( t e r m i n a l " a " ) ) ( l i s t θ D1 θ D2 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e N ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a N b N ( l a m b d a ( ) ( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c h e f " )

( t e r m i n a l " s o u p " ) ( t e r m i n a l " o m e l e t " ) ) ( l i s t θ N1 θ N2 θ N3 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e V ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a V b V ( l a m b d a ( ) ( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c o o k s " ) ( t e r m i n a l " w o r k s " ) ( t e r m i n a l " m a k e s " ) ) ( l i s t θ V1 θ V2 θ V3 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e A ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a A b A ( l a m b d a ( ) ( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " d i l i g e n t l y " ) ) ( l i s t θ A1 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e A P ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a A P b A P ( l a m b d a ( )

( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( l i s t A ) ) ( l i s t θ A P1 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e N P ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a N P b N P ( l a m b d a ( )

( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( l i s t D N ) ) ( l i s t θ N P1 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e V P ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a V P b V P ( l a m b d a ( )

( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( l i s t V A P )

( l i s t V N P ) ) ( l i s t θ V P1 θ V P2 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

( d e f i n e S ( l e t ( ( s a m p l e - l e x i c a l - i t e m ( P Y m e m a S b S ( l a m b d a ( ) ( e x p a n d - l e x i c a l - i t e m ( m u l t i n o m i a l ( l i s t ( l i s t N P V P ) ) ( l i s t θ S1 ) ) ) ) ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( s a m p l e - l e x i c a l - i t e m ) ) ) ) )

Figure 18: Two-stage version of a PYAG.

7 Fragment Grammars

Fragment grammars (FGs) are a generalization of PYAGs which allow the distributions asso ciated with individual lexical items to b e non-trivial. There are many ways in which to do this. FGs adopt an approach which d raws on the linguistic intuition asso ciated with the idea of a heter ogeneous lexicon.

If lexical items are distributions over expressions, then ( partial) tree fragments with variables at their leaves can b e thought of as a sp e cial kind of distribution over expressions: distributions which have b een concentrated around expressions whose parse trees share the same tree prefix . A tree prefix is a partial tree fragment at the top of a parse tree. The way in whi ch these kinds of tree fragments concentrate a distribution is shown in figu re 19.

Fragment grammars have a two-stage generative mo del identi cal to the two-stage PYAG discussed ab ove. First, we sample a lexical i tem, which in this case corresp onds to the distribution asso ciated with a tree prefix, and then from this lexical item we sample an expression. The seco nd part of this pro cess corresp onds to finishing the derivation from that tr ee prefix. To define

Figure 19: Creating a table in a FG can b e thought of as concent rating a distribution around a distribution over trees that have the same tree prefix (starting tree). In this case, creating a table corresp ondi ng to the tree fragment NP −→ ⟨ a N ⟩ can b e thought of as concentrating the NP distribution into distribution: (lambda () (map sample ⟨ ⟨ a ⟩ N ⟩ )) .

this generative mo del requires only a small change to the lex ical item sampling pro cedures from the two-stage PYAG. This is shown in Figure 2 0.

( d e f i n e ( g r o w - c h i l d - o r - n o t c h i l d )

( i f ( f l i p )

( l e t ( ( v a l u e ( s a m p l e c h i l d ) ) ) ( l a m b d a ( ) v a l u e ) ) c h i l d ) )

( d e f i n e ( e x p a n d - l e x i c a l - i t e m r i g h t - h a n d - s i d e )

( m a p g r o w - c h i l d - o r - n o t r i g h t - h a n d - s i d e ) )

Figure 20: Help er pro cedures for generating lexical items i n a fragment grammar.

Pro cedure grow-child-or-not is a higher-order pro cedure which takes another pro cedure, child , as an argument. It flips a coin, and if it is comes up heads it samples from child , wraps the return value up as a pro cedure and returns it. Otherwise, it simply returns the pro cedure itse lf. In other words, it either returns a δ-distribution concentrated on some return value of child , or leaves child as is and returns it. It represents a mixture distribution ov er the set of δ-distributions on each p ossible expression returned by child and the distribution defined by child itself. The pro cedure expand-lexical-item works like b efore; it takes the RHS of a CFG rule, expressed as a list of pro cedures, and applies grow-child-or-not to each element of that list. Aside from these changes, the Church co de for the fragment grammar and the twostage PYAG are identical.

However, substituting grow-child-or-not for sample-delta-distribution results in a radical change of the b ehavior of the mo del. When grow-child-or-not decides to recurse, then the tree prefix of the corresp onding lexical item grows. However, when it do es not recurse, then it leaves a variable i n the corresp onding right-hand-side p osition of the lexical item.

The decision to grow the lexical item or not is made indep ende ntly for each nonterminal on the RHS of a CFG rule. For simplicity, in t he co de ab ove, this was accomplished by flipping a fair coin. In the ac tual fragment grammar implementation, we put a b eta prior on the probabili ty of this flip and integrated out the weight for each nonterminal on the rig ht-hand-side of each rule. Doing inference over this representation allowe d us to learn, for example, that a particular category in a particular p ositio n on the RHS of a rule was likely to expand when creating a new lexical item—or was likely not to. Formally, a fragment grammar is a 4-tuple F = ⟨G, Π , ⟨a^A, b^A⟩ , Ψ ⟩ where G is a context free grammar, Π are the vectors of multinomial-D irichlet pseudocounts for each nonterminal. ⟨a^A, b^A⟩ is the set of Pitman-Yor hyp erparameters for each nonterminal, and Ψ is the set of pseduo counts for the b eta-binomial distributions asso ciated with the nonterminals on the RHSs of the rules. Let X and Y b e sets of count vectors for underlying rules, and lexical it ems as b efore. Let Z b e the set of count vectors counting the numb er of times that each nonterminal on the RHS of a CFG rule was expanded in pro du cing a lexical item. We will use the shorthand F = ⟨X , Y , Z ⟩ for the sufficient counts representing a fragment grammar state. The joint probabili ty of a corpus E together with parses for those expressions P is:

P ( E , P |F ) = fg ( F ; F ) = � A∈ V

� � �_K A

i = 1 Γ( π A i + x^A_i ) Γ( �_K A

i = 1 π A i + x^A_i ) Γ( �_K A

i = 1 π A i ) �_K A

i = 1 Γ( π A i ) [b^A + a^A]_N A_{− 1 , a} A [b^A + 1]_K A_{− 1 , 1}

K^A�

i = 1

([1 − a^A]_{i − 1 , 1} )^{y Ai}

× � r ∈ R^A

� � � B∈ ( r h s r )

Γ( ψ_B + z_B)Γ( ψ^′_B + ( x_r − z_B)) Γ( ψ_B + ψ^′_B + x_r )

Γ( ψ_B + ψ^′_B) Γ( ψ_B)Γ( ψ^′_B) � � � �

Figure 21: Representation of a p ossible state of a fragment g rammar after having computed the five expressions shown at the b ottom. Red lines represent recursions during the sampling of lexical items. They s how computations that were stored inside of a lexical item. Grey dashed lines r epresent recursions during the sampling of expressions from lexical items . These represent computations whose result was not stored by the system.

7.1 Fragment Grammar State

We can represent a fragment grammar state in a similar way to a n adaptor grammar state as shown in Figure 21. Here we show a p ossible st ate of a fragment grammar after having generated five expressions. The re d lines represent recursions made by the grow-child-or-not pro cedure. These recursions resulted in larger lexical items. In particular, the NP restaurant contains four lexical items 1.) ⟨ a chef ⟩ 2.) ⟨ the N ⟩ 3.) ⟨ D soup ⟩ 4.) ⟨ D N⟩ .

The dotted grey lines represent recursions p erformed to sam ple expressions from these lexical items. For example, the third table repre sents the lexical item ⟨ D soup ⟩ . It has two customers seated at it. This lexical item was drawn once, when it was created, and then used twice to pro duc e two different expressions: ⟨ a soup ⟩ and ⟨ the soup ⟩ .

Note that, as with adaptor grammars, once a lexical item has b een created, the choices which were made internal to it need never b e made a gain. Because these choices need not b e made again, they can b e reused witho ut cost. On the other hand, if an expression is drawn from a lexical item, then all the choices that are made “outside” of that lexical item—i.e., b y calling a leaf pro cedure—must b e paid every time that the lexical item is us ed. In other words, grey lines lead to the seating of new customers at the t ables that they p oint to, while red lines represent structure which is free.

8 Inference

The fundamental inference question for fragment grammars i s: what set of lexical items b est accounts for some observed data. In other words, given (hyp erparameters for) a fragment grammar F and a corpus of expressions E , we would like to estimate the p osterior distribution over le xical items used to build E . Since the pro cess of generating lexical items is the same as the pro cess of generating expressions, the set of lexical items can b e represented by the set of parses for E , P . We are interested in the following p osterior distribution.

P ( P |E , F ) ∝ P ( E |P , F ) P ( P |F ) (10)

In a following section we will describ e a Metrop olis-Hastin gs algorithm for fragment grammar inference based on those in [21, 22]. First , however, we will develop some intuitions for what kinds of fragment grammar p osterior states are go o d and bad hyp otheses ab out different kinds of data.

8.1 Intuitions

A fragment grammar lexical item grows when grow-child-or-not recurses during the sampling of a lexical item. Ab ove we discussed the tradeoff b etween the numb er of lexical items to store and the numb er of choices that must b e made to generate an expression. To sharp en intuitions ab out the optimal b ehavior of a fragment grammar applied to a particular data s et, it is useful to consider a sp ecific case in detail. This will allow us to see where it makes sense for the system to grow larger lexical items, and where i t do es not.

Figure 22: When it makes sense to have a more sp ecific lexical i tem: rep eated substructure in expressions can lead to significant savings by creating larger lexical items.

Figure 22 shows two p ossible fragment grammar states after h aving generated the expression ⟨ a chef ⟩ three times. The left hand side of the figure shows one p ossible extreme. Here, grow-child-or-not has decided for b oth elements of the RHS not to grow the lexical item further. The r esulting lexical item is completely abstract and corresp onds in form to the un derlying CFG rule. To account for the data set, the grammar has seated thre e customers in the NP restaurant, as well as three customers in b oth the D and N restaurants.

The right hand side of the figure shows another extreme soluti on. In this case grow-child-or-not has decided to recurse the maximal amount, creating a lexical item that corresp onds to the full expression ⟨ a chef ⟩ . Subsequent calls to NP can pro duce this entire expression simply by seating anothe r customer at that same table.

The Pitman-Yor pro cess assigns higher probability to seati ng arrangements that minimize the numb er of customers and tables in a restaur ant. They also assign higher probability to seating arrangements that mak e the restaurant “clumpier” by seating more customers at fewer tables. This e xample shows that when expressions rep eat themselves, there can b e signi ficant savings in creating larger lexical items by recursing through grow-child-or-not . Creating a larger lexical item at the NP level in Figure 22 allowed four fewer customers to b e seated at the D and N levels.

Figure 23: When it makes sense to have a lexical item with a var iable.

Figure 23 shows a case where increasing the size of lexical it ems do es not lead to improved p osterior probabilities. In this example, there are three observed expressions: ⟨ a chef ⟩ , ⟨ a soup ⟩ , ⟨ a omelet ⟩ .

On the left-hand-side of the figure we see a solution where max imally large lexical items have b een created for each expression. Becaus e each lexical item is maximally large, and the three expressions are non-identic al, all three require their own table in the NP restaurant. Likewise, b ecause three tables in the NP restaurant each use the table in D, that table has three customers seated at it.

On the right-hand side we see another p ossible p osterior sta te. Here, grow-child-or-not has grown the D child of NP but not the N child. Because the lexical item at the table in NP has expression ⟨ a N⟩ , it can b e reused to generate all three expressions. Since the Pitman-Yor pro cess prefers fewer tables for the same numb er of customers, the p osterior score of this NP restaurant will b e higher than that on the left. Furthermore, we onl y needed to seat a single customer in the D restaurant, the first time we built the NP table.

This example shows that when there is high typ e variability i n a structure, it makes sense to have more abstraction in those p ositions wi th the variability. In cases where there is a variety of unshared, or unrep eated s tructures, it is b etter to pay the cost for the differences as few times as p ossi ble. Creating memoized lexical items allows us to pay the cost of rep eated s tructures “higher up” in our restaurants. However, if we have distinct structu res (typ es), it makes sense to pay the cost for these as close to the source of t he distinctness as p ossible. Each distinct structure must b e represented di stinctly. If we allow this to happ en in higher restaurants we will suffer from the co mbinatorial explosion of p ossibilities. It is b etter to “quarantine” va riability as low as p ossible.

8.2 A Metropolis-Hastings sampler

We now describ e a Metrop olis-Hastings style algorithm for f ragment grammar inference. The algorithm is based on those in [22, 21]. No te that this algorithm relies on several standard techniques in computa tional linguistics. Most imp ortant of these are the computation of the inside tab le for a PCFG, and sampling a parse for a sentence given this inside table. E ach of these techniques has its own complications and we will not describ e them in detail here. Readers seeking more details on these steps are referr ed to the following sources [22, 21, 16].

Given a corpus of expressions E , we wish to do inference on the p osterior distribution over the set of (unobserved) lexical items whi ch gave rise to that corpus: P . In general we would like to sample from P ( P |E , F ). Pitman-Yor pro cesses, multinomial-Dirichlet distributions, and b et a-Binomial distributions are all exchangeable, which means that we are free to treat an y expression e^{( i )} ∈ E in as if it were the last expression sampled during the creati on of E . Our sampling algorithm leverages this fact by (re-)samplin g each p^{( i )} ∈ P for each expression in turn.

After initializing P we lo op through the set of expressions in E and for each expression e^{( i )} we remove p^{( i )} from our fragment grammar state F .^{1 6} We will write the new state as F_{− p} ( i ) .

Ideally, we would now like to sample a parse for e^{( i )} conditional on all of the other parses so far, as if it were the last expression ge nerated by the mo del. That is, we would like to implement a Gibbs sampler . Unfortunately, for reasons discussed b elow, it seems to b e imp ossible to exa ctly sample from this Gibbs distribution efficiently. Instead, we define an app roximating PCFG G^′( F_{− p} ( i ) , F )), and sample a new analysis from this.

1 6 In particular we remove (counts p^{( i )} ) p^{( i ) ′} |e^{( i )} , F_{− p} ( i ) ∼ P ( ·|e^{( i )} , F_{− p} ( i ) , F )

≈ P ( ·|e^{( i )} , G^′( F_{− p} ( i ) , F )) = p cfg ( ·; G^′( F_{− p} ( i ) , F )) (11)

This serves as a prop osal distribution for our MH algorithm. We then accept this prop osal with probability P ( p^{( i )} , p^{( i ) ′} ), the MH criterion.

P ( p^{( i )} , p^{( i ) ′} ) = min � 1, � fg ( F_{− p ( i ) , + p ( i )} ′ ; F ) fg ( F ; F ) × p cfg ( p^{( i )} ; G^′( F_{− p} ( i ) , F )) p cfg ( p^{( i ) ′} ; G^′( F_{− p} ( i ) , F )) �

(12)

8.2.1 The approximating PCFG: G^′( F_{− p} ( i ) , F )

As discussed earlier, PCFGs make strong conditional indep e ndence assumptions. All choices made within a computation and b etween com putations are indep endent. One imp ortant consequence of these condition al indep endence assumptions is that there are efficient dynamic programming a lgorithms available for solving the PCFG parsing problem. These algorithms rely on the fact that the distribution over parses for an expression e is a simple function of distributions over parses for sub expressions of e.

This is not the case for MD-PCFGs, PYAGs and FGs. To see this, o bserve that any choice made in one of these formalisms immediately c hanges the probabilities of all the other p ossible choices for the same nont erminal pro cedure. If the same pro cedure is invoked several times in a parse, the n the probabilities for choices made by each invo cation are not indep endent from one another.^{1 7} Chasing down these dep endencies for exp onentially many par ses destroys the time-b ounds of parsing algorithms.

To address this problem we define an approximating PCFG G^′( F_{− p} ( i ) , F ), which we will use to construct a prop osal distribution for ou r MH sampler. The idea b ehind the approximation is that after observing a numb er of expressions, the amount by which one more use of a particular lexical item o r base rule will change the overall distribution is minimal. For example, if the same lexical item is used twice in a parse, then the probability of all the p arses in the chart should b e adjusted to account for the fact that these uses are not indep endent. However, if this lexical item is one of thousands in a restaur ant, then this nonindep endence will only have a small effect of the overall dist ribution. Thus

1 7 They are exchangeable, however.

we can approximate the correct distribution over parses by p retending that all lexical item uses are indep endent. In effect we “freeze” all t he restaurants associated with nonterminals in our grammar, holding their coun ts constant while we parse the next expression. This frozen grammar represent s our fragment grammar at an instantaneous snapshot in time. This snapshot is a PCFG. We then parse with this PCFG and use the trees it provides as prop osals for our MH algorithm.

In fact, when we sample from the approximating PCFG, the first decision we make is correct from the p oint of view of the FG we were appro ximating. Because we do not up date the corresp onding counts as we sampl e, however, the approximation b ecomes progressively worse over the cou rse of the parse.

Intuitively, a lexical item v^A can b e thought of as a context-free rule A −→ v . For example, a lexical item in the NPrestaurant corresp onding to the expression ⟨ a N ⟩ can b e thought of as the CFG rule A −→ ⟨ a ⟩ N. We can merge lexical items with the set of rules from the underlying grammar to cre ate the set of rules for our approximating PCFG. For each p ossible sequenc e of terminals and nonterminals, γ , found at the leaves of a lexical item in our grammar, or on the RHS of an underlying rule we add a rule to our approximatin g grammar, ρ^A_γ = A −→ γ . The probability of this rule is given as follows.

θ_ρ A_γ = � v ∈ A| ( r h s l ) = γ

y^A_v − a^A N^A + b^A + � r ∈ R^A| ( r h s r ) = γ � K^Aa^A + b^A N^A + b^A × x^A_r + π^A_r K^A + � ⃗π^A �

The first term adds in the probability of all lexical items in t he A restaurant which have γ as their sequence of leaves. The second term adds in the probability of all underlying CFG rules with A on their LHS which share γ as their RHS. The second term has two comp onents; the first rep resents the probability of sitting at a new table in the A restaurant. The second represents the probability of cho osing the base rule as the lab el for tha t new table. Thus we marginalize over all lexical items and underlying CFG rul es which have the form A −→ γ .

Given this approximating grammar we can efficiently compute t he distribution over parses given some expression. To turn this into a prop osal distribution P ( p^{( i ) ′} |e^{( i )} , G^′( F_{− p} ( i ) , F )), we do the following.

1. Compute the inside table over parses of e^{( i )} given G^′( F_{− p} ( i ) , F )). This table includes the inside probability of every p ossible con stituent in every p ossible parse of e^{( i )} . We compute this with a version of the CYK algorithm.

2. Sample a parse using the inside table. Starting at the goal item, we sample a parse for e^{( i )} by recursively sampling from the distribution over backp ointers resulting from normalizing inside scores. Th is algorithm is describ ed in more detail in [22].

3. Sample an FG parse p^{( i ) ′} using the approximating parse. The rules used in the approximating grammar collapse across fragment gram mar lexical items and underlying CFG rules. We recover a FG parse by sampl ing conditionally on the collapsed parse, undoing the marginal ization we p erformed when we calculated the probability of rule ρ^A. We do this b ottomup along the structure of the approximating grammar parse. W e create a new table each time that an approximating parse no de corres p onds to a underlying CFG rule in our fragment grammar.

Once we have sampled a prop osal parse, we calculate our MH sco re and accept or reject accordingly.

8.3 Implementation

The MH sampler just describ ed has b een implemented in the OCA ML programming language and can b e made available up on request to t he first author.

9 Preliminary Evaluation on the Switchboard Corpus

As a preliminary step in evaluating the fragment grammar mo d el, we explored reuse in a corpus of natural language utterances: the Switch b oard corpus of sp oken English [13]. Our Bayesian mo del’s basic tradeoff i s b etween the numb er of fragments which must b e stored (and relatedly the a mount that fragments can b e reused) and the numb er of choices that have t o b e made to generate any single sentence. If we store only small, abstra ct fragments, we will b e able to reuse them in many sentences and therefore we w ill b e able to get by with fewer lexical items. However, generating indi vidual sentences will require many indep endent choices. On the other hand, if we store large, concrete fragments of structure, the numb er of choices that we need to make to generate a single sentence will b e smaller, but we will nee d to store many more fragments in memory and each structure will b e reused le ss often in the corpus.

We examine our corpus using two measures which directly refle ct the nature of this tradeoff. First, we lo ok at the reuse of stored items. The reuse of a lexical item is the numb er of times that the item was used in th e corpus. We exp ect that as items b ecome smaller and more abstract, their reusability will increase. Below, using the Switchb oard corpus, we will comp are reuse rates under the fragment grammar p osterior with the rate of reuse u nder a minimal storage regime where only minimal tree fragments are stored .

Second, we lo ok at how many indep endent choices were needed o n average to generate each sentence. This measure is the percent choices p er sentence. Out of all the parse tree no des in a particular parse tree, how many of them were made as indep endent choices as opp osed to b eing interna l to some lexical item? Below we will compare the average numb er of choice s needed p er sentence under the fragment grammar p osterior with the same measure under a maximal storage regime—where only maximal, complete u tterance-sized fragments have b een stored.

9.1 Method

Input Data Switchb oard is a corpus of sp ontaneous telephone conversations [13], part of which has b een annotated for part-of-sp e ech and hierarchical syntactic structure, amongst other information [28]. Prio r to using the corpus, we transformed the annotation, removing markup relating to dysfluencies and other sp eech errors. Furthermore, we imp osed binary branch ing on all syntactic structure and pro jected a simple X-bar style grammar fro m part-of-sp eech tags and phrasal heads found using the Stanford parser’s hea dfinder [25].

After transformation, the corpus contained 78,838 sentenc es of average length 9.16 words.

Simulation We ran our Metrop olis-Hastings algorithm for a total of 75 sweeps^{1 8} through the corpus with the following parameter settings: G : A CFG was read from the trees in the Swtichb oard corpus; a = 0 and b = 1; π = 1; θ = .5 and ψ = 100. Parses were initialized randomly, indep endent of one another. Individual sentence samples were conditioned on the parse trees from the corpus. The results rep orted in the next section ref er to the final, 75th, sample taken.

1 8 Data rep orted in the left half of Figure 24 is the result of few er (6) sweeps. This is due to a bug that forced us to restart the sampler run.

9.2 Results and Discussion

The goal of our simulation study was to investigate the trade off b etween computation and reuse in a natural language corpus, as reflected in the fragment grammar analyses found for the corpus.

In Figure 24, left, we have given a histogram showing reuse in the analyses found by our fragment grammar simulation. For comparison, o n the right we include a similar histogram for a mo del equivalent to the und erlying PCFG— that is, a mo del with the minimal storage regime in Figure 1.

> 2 > 7 > 3 2 > 1 2 7 > 1 0 2 4 > 8 1 9 1 > 6 5 5 3 5

R e u s e

N u m b e r o f F r a g m e n t s

2 1 6 1 2 8 1 0 2 4 8 1 9 2 6 5 5 3 6

> 2 > 7 > 3 2 > 1 2 7 > 1 0 2 4 > 8 1 9 1 > 6 5 5 3 5

R e u s e

N u m b e r o f F r a g m e n t s

2 1 6 1 2 8 1 0 2 4 8 1 9 2 6 5 5 3 6

Figure 24: This figure shows the distribution of reuse rates a mongst the stored fragments in the grammar. On the left is the result of fragmen t grammar simulation. On the right is the result for a grammar with a min imal storage regime.

The fragment grammar has significantly lower rates of reuse t han the underlying PCFG. This implies that the fragment grammar has le arned a variety of medium-sized fragments from the corpus and is using signi ficantly more memory resources in storing these fragments than do es the PC FG. What is gained in return for this additional memory use is that fewer indep endent choices are required—each choice “frozen” inside a fragmen t is a choice that the PCFG would have to make indep endently.

In Figure 25 we show the indep endent choice results for our si mulation. On the left is a histogram describing the numb er of indep ende nt choices made, across sentences, for our fragment grammar simulation. For comparison, on the right we provide the indep endent choice results of a mo de l corresp onding to the maximal storage regime from Figure 1. The maximal stor age regime is strongly p eaked at low p ercentages b ecause there can b e only one choice made p er sentence under that mo del; but it pays the cost of needing to store every sentence as a fragment in its entirety. Fragment grammar, by contrast, makes many more choices on average to generate each sentence—anot her consequence of storing mid-sized chunks.

> 0 . 0 5 > 0 . 2 > 0 . 3 5 > 0 . 5 > 0 . 6 5 > 0 . 8 > 0 . 9 5

P e r c e n t I n d e p e n d e n t C h o i c e s

N u m b e r o f S e n t e n c e s

0 5 0 0 0 1 0 0 0 0 2 0 0 0 0 3 0 0 0 0

> 0 . 0 5 > 0 . 2 > 0 . 3 5 > 0 . 5 > 0 . 6 5 > 0 . 8 > 0 . 9 5

P e r c e n t I n d e p e n d e n t C h o i c e s

N u m b e r o f S e n t e n c e s

0 5 0 0 0 1 0 0 0 0 2 0 0 0 0 3 0 0 0 0

Figure 25: Results for indep endent choice p ercent for fragm ent grammar run. On the left is the fragment grammar data. On the right are the r esults for a grammar with a maximal storage regime.

10 Experimental Data: Artificial Language Learning

While corpus analyses are a useful to ol for exploring the sta tistical characteristics of samples of natural language, they cannot tell us ab ou t the psychological plausibility of our mo del for real human learning. To test th e mo del’s psychological plausibility, we ran an artificial language learning (ALL) exp eriment (see e.g. [29, 9]).

In the ALL paradigm, sub jects are first exp osed to sequences o f nonsense stimuli constructed according to some pattern. Then they ar e tested to see if they were able to learn the pattern. The ALL paradigm allows u s to directly manipulate the stimulus statistics which we hyp othesize le ad to storage and reuse of bigger and smaller structures.

We wish to manipulate the fragments of structure stored by pa rticipants. In our present context, this means whether or not participan ts stored associations b etween artificial language syllables and the p osi tions in which they app eared. Figure 26 illustrates the basic idea of the design . Stimuli were short, two-syllable sequences, AB . We manipulated the frequency with which items app eared in p osition A or p osition B while keeping the total numb er of exp osure stimuli constant. Figure 26 shows three idealized exp osures. In the top row, there is only one item which app ears in the A p osition, while there are four different items which app ear in the B p osition. Under our mo del, we hyp othesize that this should lead to storage of a fragment wi th a_1 in the first p osition. The symmetric case in the B p osition is shown in the middle row.

Our test items consisted of sequences in which either the ite m app earing in the A p osition or the item app earing in the B p osition was completely novel. This is shown on the right-hand side of Figure 26. When a novel item app ears in a p osition, the participant has no choice but to generate a structure for it from scratch. The test item which contains the novel B in the first row can b e generated using the fragment which links a_1 to the first p osition. This is a highly reused fragment, and thus has high probability in the memoizer. Using this fragment also means fewer indep endent choices are requ ired to generate the test stimulus. On the other hand, the test item which contain s the novel A item can only reuse the smaller, less frequent fragment containi ng b_1 . Generating this sequence also requires more indep endent choices. We hy p othesize that when asked to cho ose which test item is more likely to b e from t he “same” language as the exp osure stimuli, sub jects will favor the on e that represents more reuse, and fewer indep endent choices.

The b ottom row of Figure 26 shows the predictions when there i s no asymmetry b etween A and B p osition. Under this condition the smaller fragments containing a_1 and b_1 are b oth more frequent and have a higher probability in the memoizer than they did in the other conditions. Moreover , b oth test items require an equal numb er of indep endent choices. In this case we hyp othesize sub jects will b e at chance in cho osing b etween the test stimu li.

10.0.1 Method

Design There were 9 b etween-sub ject A :B ratios: (1:36), ..., (4:9), (6:6), ..., (18:2), (36:1). In addition to the critical tests discu ssed ab ove, we included

Exposure Test

Figure 26: Exp erimental setup. The left-hand side shows p os sible reuse in three idealized b etween-sub ject exp osures. The right hand side shows how the reusable fragments apply to critical test items.

additional test items of the form [ a_1 b_1 ] v. [x b_1 ] in order to rule out the hyp othesis that participants were simply forgetting items that app eared during exp osure.

Procedure The exp eriment was conducted through a web browser using software describ ed at www.astoundment.com/netlab/ . The exp eriment consisted of 2 blo cks where participants first listened to the ex p osure stimuli for 3 rep etitions and then went on to p erform 15 forced choice test trials; 5 critical tests and 10 controls.

Modeling We created simulation data by running the fragment grammar sampler on the simple p ositional PCFG describ ed ab ove. For e ach condition, we ran 24 simulation runs under a variety of a , b, θ, and ψ parameter settings. Each simulation ran for a total of 10,000 sweeps through the 3 00 training sequences. After each sweep, we scored the training sequences and test sequences describ ed ab ove. These scores were averaged across sweeps a nd across simulations for each condition. Note that by averaging across a ran ge of parameter settings our results are indep endent of the parameters of th e mo del.^{1 9} To pro duce an exp erimental prediction from our simulations , it was necessary to turn our sequence scores into choice predictions. We did this using the Luce choice rule P ( c_i ) ∝ p( s_i )^β . Where P ( c_i ) is the probability of cho osing sequence s_i , p( s_i ) is the probability of sequence s_i and β is a parameter which controls how much the b etter option is preferred. We to ok β = 0 .5.

Participants Data was collected b oth online and in the lab using the webbased software describ ed ab ove. Participants were exclude d if they did not complete at least 15 overall test trials and 5 critical (half ) test trials. 308 participants met the criteria.

10.0.2 Results and Discussion

Figure 27 shows the results of b oth the participant (black) a nd simulation (red) data. Along the x-axis is the ratio of A to B items. Along the y-axis is the p ercent of the time that participants chose the stimul us with a novel A item in the critical tests. Correlation b etween simulation and test data was high ( r = 0 .97).

Participants showed a bias in all conditions to favor new ite ms in the A p osition. This may b e an artifact of the fact that most of our s ub jects were

1 9 This also explains the high variance in the simulation means .

English sp eakers, and English inflectional morphology tend s to b e suffixal. No such prior bias was built into the simulation.

Figure 27: Results of exp eriment. X-axis shows the ratio of A p osition items to B p osition items. The y-axis shows the prop ortion of the time t hat participants chose the stimulus with a new A p osition item in the crucial tests.

11 Relation to Other Models in the Literature.

The mo deling work which is most similar to the work rep orted h ere is that of Data Oriented Parsing (DOP) [3, 4, 39]. DOP, in its original f orm, is built on the formalism of tree substitution grammar, a generaliza tion of PCFGs which allows the basic building blo cks of the grammar to b e ar bitrary tree fragments. DOP provides a framework for estimating the prob abilities of these tree fragments from corp ora. DOP has also b een extended to tr ee-adjoining and lexical-functional grammars (see articles in [3]).

In a certain sense, DOP is very similar to the mo del presented here. Both embrace the idea that the set of lexical items can consist of a large numb er of heterogeneous tree structures. The main difference b etween the work presented here and DOP is that the present system provides a full genera tive mo del of how the lexical items are built. In contrast, DOP takes a two p art approach. First, an algorithm is applied to a dataset to learn a tree sub stitution grammar. Then, the resulting grammar is used to generate data.

In fragment grammar, and more generally in any generative sy stem using sto chastic memoization, the generative mo del itself tells us how reuse and storage are to happ en in combination. In principle, every ch oice made during generation has an immediate effect on the underlying grammar, as new forms are created and old forms are reused—even during the generat ion of a single sentence.^{2 0}

In a sense, the tree substitution grammar learned by a DOP mo d el can b e seen as an instantaneous snapshot of a fragment grammar st ate. Fragment grammar provides a fully Bayesian solution to the problem of learning the set of fragments used in DOP.

12 Conclusion

We have presented fragment grammars—a mo del which explores the computation/reuse tradeoff in natural language. We expressed fra gment grammars using the vehicle of sto chastic functional programming, an d sp ecifically the Church language [17]. The most imp ortant feature of Church f rom the fragment grammar p ersp ective is its language-level supp ort for sto chastic memoization. We showed how sto chastic memoization can b e used to formalize the notion of reuse of computation.

The most imp ortant technical contribution of the fragment g rammar mo del is its conceptualization of lexical items as distributions in a two-stage mo del. During the generation of a constituent in a fragment grammar , first a (p erhaps novel) lexical item is chosen and then an expression is gener ated from this item. This two-stage mo del means that the pro cess of learning a lex icon is integrated fundamentally into the pro cess of using language.

We also rep orted the results of some preliminary empirical e valuations of the mo del. We found that, as predicted, the mo del finds interm ediate sized fragments of structure in a corpus of natural language dialo g. It also makes accurate predictions in an exp erimental, artificial langua ge learning setting.

Acknowledgements

We would like to thank Frank Jaekel, Jelle Zuidema, Dan Roy, J esse Snedeker, Marjorie Freedman and Sam Scarano for detailed comments on d rafts of this rep ort. We would also like to thank Dan Roy and Mark Johnson fo r many clarifying discussions ab out the mo del.

2 0 As discussed ab ove, our inference algorithm makes use of an a pproximation which do es not up date lexical item counts during the parsing of a single sen tence.

References

[1] Jean-Michel Auteb ert, Jean Berstel, and Luc Boasson. Co ntext-free languages and pushdown automata. In Handbook of Formal Languages , volume 1, pages 111–172. Springer-Verlag, 1997.

[2] Laurie Bauer. Morphological Productivity . Cambridge University Press, 2001.

[3] Rens Bo d, Remko Scha, and Khalil Sima’an, editors. Data-Oriented Parsing . CSLI, 2003.

[4] Gideon Borenszta jn, Willem Zuidema, and Rens Bo d. Child ren’s grammars grow more abstract with age – evidence from an automatic pro cedure for identifying the pro ductive units of language. Cogsci 20 08, 2008.

[5] Noam Chomsky. Aspects of the Theory of Syntax . The MIT Press, Cambridge, MA, 1965.

[6] William Croft. Radical Construction Grammar: Syntactic Theory in Typological Perspective . Oxford University Press, 2001.

[7] Peter Culicover and Ray Jackendoff. Simpler Syntax . Oxford University Press, Oxford, 2005.

[8] Anna Maria Di Sciullo and Edwin Williams. On the Definition of Word .

MIT Press, 1987.

[9] Ansgar D. Endress. Primitive computations in sp eech pro cessing. (Under review), 2007.

[10] T.S. Ferguson. A bayesian analysis of some nonparametr ic problems. Ann.

Statist , 1(2):209–230, 1973.

[11] Cameron E. Freer and Daniel M. Roy. Computable exchange able sequences have computable de Finetti measures. In Klaus Amb os -Spies, Benedikt Löwe, and Wolfgang Merkle, editors, Mathematical Theory and Computational Practice: Fifth Conference on Computabilit y in Europe, CiE 2009 , 2009.

[12] Andrew Gelman, John B. Carlin, Hal S. Stern, and Donald B . Rubin.

Bayesian Data Analysis, Second Edition . Chapman & Hall/CRC, 2003.

[13] J.J. Go dfrey, E.C. Holliman, and J. McDaniel. Switchb o ard: Telephone sp eech corpus for research and development. IEEE ICASSP , pages 517– 520, 1992.

[14] Adele E. Goldb erg. Constructions at Work . Oxford University Press, Oxford, 2005.

[15] Sharon Goldwater, Thomas L. Griffiths, and Mark Johnson. Interp olating b etween typ es and tokens by estimating p ower-law genera tors. In Advances in Neural Information Processing Systems 18 , 2006.

[16] Joshua Go o dman. Parsing Inside-Out . PhD thesis, Harvard University, 1998.

[17] Noah D. Go o dman, Vikash K. Mansinghka, Daniel Roy, Keit h Bonawitz, and Joshua B. Tenenbaum. Church: a language for generative m o dels. In Uncertainty in Artificial Intel ligence , 2008.

[18] Hemant Ishwaran and Lancelot F. James. Gibbs sampling m etho ds for stick-breaking priors. Journal of the American Statistical Association , 96(453):161–173, 2001.

[19] R. Jackendoff. Foundations of language . Oxford University Press New York, 2002.

[20] Mark Johnson. Memoization in top-down parsing. Computational Linguistics , 21(3):405–417, 1995.

[21] Mark Johnson, Thomas L. Griffiths, and Sharon Goldwater. Adaptor grammars: A framework for sp ecifying comp ositional non parametric bayesian mo dels. In Advances in Neural Information Processing Systems 19, 2007.

[22] Mark Johnson, Thomas L. Griffiths, and Sharon Goldwater. Bayesian inference for p cfgs via markov chain monte carlo. In Proceedings of the North American Conference on Computational Linguistics , 2007.

[23] Daniel Jurafsky and James H. Martin. Speech and Language Processing:

An Introduction to Natural Language Processing, Computati onal Linguistics, and Speech Recognition . MIT Press, 2000.

[24] Olav Kallenb erg. Probabilistic symmetries and invariance principles .

Springer, 2005.

[25] Dan Klein and Christopher D. Manning. Accurate unlexic alized parsing.

In Proceedings of the 41st Annual Meeting of the Association fo r Computational Linguistics , pages 423–430. Asso ciation for Computational Linguistics, 2003.

[26] Kenichi Kurihara and Taisuke Sato. Variational bayesi an grammar induction for natural language. In The 8th International Col loquium on Grammatical Inference (ICGI-2006) , 2006.

[27] Chris Manning and Hinrich Schütze. Foundations of Statistical Natural Language Processing . The MIT Press, Cambridge, Ma, May 1999.

[28] Mitchell P. Marcus, Beatrice Santorini, Mary Ann Marci nkiewicz, and Ann Taylor. Treebank-3. Technical rep ort, Linguistic Data Consortium, Philadelphia, 1999.

[29] Tob en H. Mintz. Category induction from distributiona l cues in an artificial laguage. Memory and Cognition , 30(5):678–686, 2002.

[30] S. No oteb o om, F. Weerman, and F. Wijnen, editors. Storage and computation in the language faculty . Kluwer Academic Press, 2002.

[31] Peter Novig. Techniques for automatic memoization wit h applications to context-free parsing. Computational Linguistics , 17(1):91–98, 1991.

[32] Steven Pinker. Words and Rules . Basic Bo oks, 1999.

[33] Jim Pitman. Combinatorial sto chastic pro cesses. Tech nical rep ort, Department of Statistics University of California Berkeley, 2002.

[34] Ivan A. Sag, Thomas Wasow, and Emily M. Bender. Syntactic Theory:

A Formal Introduction . CSLI, 2 edition, 2003.

[35] Jayaram Sethuraman. A constructive definition of diric hlet priors. Statistica Sinica , 4(2):639–650, 1994.

[36] Yee Whye Teh. A hierarchical bayesian language mo del ba sed on pitmanyor pro cesses. In Proceedings of the 21st International Conference on Computational Linguistics and 44th Annual Meeting of the As sociation for Computational Linguistics , pages 985–992, Sydney, Australia, July 2006. Asso ciation for Computational Linguistics.

[37] David Weir. Characterizing Mild ly Context-sensitive Grammar Formalisms . PhD thesis, University of Pennsylvania, 1988.

[38] George Kingsley Zipf. The psycho-biology of language; an introduction to dynamic philology . Houghton Mifflin Company, Boston, 1935.

[39] Willem Zuidema. Parsimonious data-oriented parsing. In Proceedings of the 2007 Joint Conference on Empirical Methods in Natural La nguage Processing and Computational Natural Language Learning (E MNLP- CoNLL 2007) , 2007.

A Integrating Out Parameters and de Finetti Representations

In this app endix, we discuss another way of deriving the Chin ese restaurant, multinomial-Dirichlet and Pitman-Yor distribution s. In our presentation ab ove, each of these distributions was describ ed in ter ms of assigning probabilities to partitions of ob jects. With CRPs and PYPs w e were able to assign ob jects to partitions with p otentially unb ounded nu mb ers of comp onents. With MDD we assigned ob jects to partitions with a fixed numb er of comp onents. In each case, we defined the partition distribut ions in terms of a sequential sampling scheme. In each of the cases, however, there is also an alternate construction of the distribution in terms of a hie rarchical mixture mo del. This is known as the de Finetti representation of the distribution.

We illustrate this fact with the multinomial-Dirichlet dis tribution. Imagine a multinomial distribution over K elements with parameters sp ecified by parameter vector ⃗θ. It is p ossible to draw ⃗θ from a prior distribution rather than sp ecifying it directly. As discussed ab ove, the most co mmon prior on multinomial parameters is the Dirichlet distribution [12] . Let ⃗π b e a vector of p ositive real hyp erparameters of length K , the Dirichlet distribution is defined as: P ( ⃗θ|⃗π ) = Γ( �_K

i = 1 π i )

�_K

i = 1 Γ( π i ) K� i = 1

[θ_i ]^{π i − 1}

The Dirichlet distribution can b e thought of as a defining a di stribution over (biased) K -sided dice. To generate j multinomial observations, v^{( 1 )} , ..., v^{( j )} , using the Dirichlet, we first sample our K -sided die, ⃗θ|⃗π from a Dirichlet distribution, and then use this die to sample our j observations. The joint distribution on the die, ⃗θ, and observations together is given by the following equati on.

P ( v^{( 1 )} , ..., v^{( j )} , ⃗θ|⃗π ) = Γ( �_K

i = 1 π i )

�_K

i = 1 Γ( π i ) K� i = 1

[θ_i ]^{π i + x i − 1} (13)

Here the x_i refer to the counts of observed values which were equal to v_i (i.e. in partition comp onent i ). The generative pro cess is shown on the left side of Figure 28.

Figure 28: Graphical mo del representation of the generativ e pro cesses for the multinomial-Dirichlet distribution and the Dirichlet pro cess. In b oth cases, we first draw a die from the prior distribution, and then sample i .i.d. observations from this die. For the multinomial-Dirichlet distribution , the die is finite; for the Dirichlet pro cess, the die is infinite.

The combination of a Dirichlet prior and a multinomial likel iho o d can b e analytically integrated over the space of p ossible dice; this space is a K - dimensional simplex , the K -dimensional analogue of a triangle, usually written as ⃗θ ∈ Δ_θ . This leads to the closed form of the MDD which we gave ab ove:^{2 1}

P ( v^{( 1 )} , ..., v^{( j )} |⃗π ) = � Δ_θ � Γ( �_K

i = 1 π i )

�_K

i = 1 Γ( π i ) K� i = 1

[θ_i ]^{π i + x i − 1} � dθ (14)

= � �_K

i = 1 Γ( π i + x i ) Γ( �_K

i = 1 π i + x i ) Γ( �_K

i = 1 π i )

�_K

i = 1 Γ( π i ) � (15)

Rememb er that this was the closed form expression for the pro bability of the Polya urn scheme representation of the MDD. In fact, the t wo representations— sequential sampling and hierarchical—are equivalent. The y generate the same probability distributions.

2 1 This integrated version of the multinomial-Dirichlet dist ribution is sometimes referred to as a multivariate-Polya distribution.

When we view the MDD as a hierarchical mo del, the individual o bservation draws are conditionally indep endent given the die ⃗θ. When the value of ⃗θ is unobserved and must b e inferred from data, we refer to this hierarchical mo del as the de Finetti representation of the distribution. From a Bayesian p ersp ective, the uncertainty over ⃗θ can b e removed by integrating over p ossible ⃗θs, as we did ab ove.

Integrating in this way makes explicit the fact that ⃗θ is an hidden variable of the mo del. Intuitively, when we do not know the value of ⃗θ, observations drawn from it are no longer indep endent. Each observation changes our p osterior b eliefs ab out the die weights. For example, if our die was two -sided—a coin— and it came up heads 25 times in a row, we would probably b e incl ined to b elieve that ⃗θ was biased heavily in favor of heads.

The sequential construction of the MDD can b e viewed as an exp licit version of this. As we see more evidence that one particular valu e of ⃗θ is more or less likely than the others, we predict that the next draw w ill favor it more or less. The distribution over observations given by this sc heme is exactly equivalent to the hierarchical version where ⃗θ is unobserved.

A similar derivation can b e given for the CRP. In the case of th e CRP, we do not draw finite dice, but rather we use a construction which al lows us to lazily draw infinite dice. Lazy in this sense means that instead of eagerly computing all die weights at once, we instead draw individual weighs as we need them. This construction is called the Dirichlet process (DP) [10]. Integrating over p ossible infinite die draws from the DP leads to the CRP in the s ame way that integrating over p ossible finite die draws for the MDD leads t o the Polya urn scheme representation of the MDD. [35].^{2 2} This is shown in Figure 29.

A similar derivation can b e given for the Pitman-Yor pro cess using the generalized Dirichlet distribution [18]. The fact that CRPs, PYPs, and MDDs all have these dual representations follows from de Finetti’s t heorem. De Finetti’s theorem states that a sequence of random variables is exchan geable if and only if it has a representation as a mixture with unobserved mixtu re weights [24]. Recently a computable version of the theorem has b een proven which shows that this equivalence is not only guaranteed in principle bu t can b e computed in practice [11].

Because all of the distributions used in this rep ort are exch angeable, each of them will have b oth a de Finetti representation and a repre sentation in terms of sequential sampling.

2 2 In the version of Church presented in [17], the memoization d istribution asso ciated with the pro cedure PYmemis in fact built on the Dirichlet Pro cess, and corresp onds to lazily drawing an infinite-sided die.

Figure 29: Relationship b etween the sequential sampling an d de Finetti representations of the multinomial-Dirichlet distribution a nd Dirichlet/Chinese restaurant pro cesses. On the left are the de Finetti represe ntations of the two distributions. By integrating over the hidden parameters— in this case the dice weights—we derive the sequential sampling constructions.

A.1 de Finetti Representation for MD-PCFGS

In Section 3.1.3 ab ove, we describ ed multinomial-Dirichle t PCFGs. Now, armed with our understanding of the equivalence b etween the sequential sampling and de Finetti representations of the MDD, we give the c o de for an MD-PCFG in its de Finetti representation in Figure 30.

An imp ortant feature of this Church co de is that each multino mial parameter vector ⃗θ^A is drawn when each pro cedure is first define d. Then the value is closed over inside of the lambda corresp onding to the pro cedure. In other words, some value of ⃗θ^A is drawn once, when the pro cedure first comes into existence, and then a closure containing that value is returned as the pro cedure corresp onding to A. A closure refers to a pro cedure that is evaluated in the context of some b ound variables. In this case, the variab le ⃗θ^A.

In Church, the de Finetti representation of a distribution w ill often have this flavor: draw an unobserved distribution, and then return a cl osure containing (and conditioned on) this distribution.

We discussed in the preceding section the equivalence b etwe en de Finetti and sequential sampling representations. Although they ar e equivalent in terms of the distributions they define, in terms of practical inference, it is often b etter to use the sequential sampling representation .

Search over p osterior states in the de Finetti representati on involves searching over the draws of ⃗θ inside the closure for each nonterminal. These values

( d e f i n e D ( l e t ( ( ⃗θ^D ( d i r i c h l e t ⃗π^D ) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " t h e " )

( t e r m i n a l " a " ) ) ⃗θ D) ) ) ) )

( d e f i n e N ( l e t ( ( ⃗θ^N ( d i r i c h l e t ⃗π^N) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c h e f " )

( t e r m i n a l " s o u p " ) ( t e r m i n a l " o m e l e t " ) ) ⃗θ N) ) ) ) )

( d e f i n e V ( l e t ( ( ⃗θ^V ( d i r i c h l e t ⃗π^V) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " c o o k s " ) ( t e r m i n a l " w o r k s " ) ( t e r m i n a l " m a k e s " ) ) ⃗θ V ) ) ) ) )

( d e f i n e A ( l e t ( ( ⃗θ^A ( d i r i c h l e t ⃗π^A) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( t e r m i n a l " d i l i g e n t l y " ) ) ⃗θ A) ) ) ) )

( d e f i n e A P ( l e t ( ( ⃗θ^{A P} ( d i r i c h l e t ⃗π^{A P}) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t A ) ) ⃗θ A P) ) ) ) )

( d e f i n e N P ( l e t ( ( ⃗θ^{N P} ( d i r i c h l e t ⃗π^{N P}) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t D N ) ) ⃗θ N P) ) ) ) )

( d e f i n e V P ( l e t ( ( ⃗θ^{V P} ( d i r i c h l e t ⃗π^{V P}) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t V A P ) ( l i s t V N P ) ) ⃗θ V P) ) ) ) )

( d e f i n e S ( l e t ( ( ⃗θ^S ( d i r i c h l e t ⃗π^{V P}) ) ) ( l a m b d a ( ) ( m a p s a m p l e ( m u l t i n o m i a l ( l i s t ( l i s t N P V P ) ) ⃗θ S ) ) ) ) )

Figure 30: The de Finetti representation of a multinomial-D irichlet probabilistic context-free grammar.

are continuous, and search over them can b e a costly pro cess. In the sequential sampling representation, we can do inference over the n umb er of times a particular rule was used in a corpus and then up date the coun ts for each rule, and use the up dated counts to re-score. In the de Finett i representation, inference over the draws of ⃗θ will generally have to b e implemented in separate step from search over rule uses.