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Abstract value, because it cannot express probabilistic depen-
dencies that extend outside the locality of the indi-
Data Oriented Parsing (DOP) is based on  Vidual rule. Data Oriented Parsing (DOP) models
the idea of processing new input by com-  (e.g. Bod (2003); Bod (1995); Bod et al. (2003))
bining fragments (associated with some  overcome this limitation, allowing probabilities to
probabilities) that are extracted from a be associated with arbitrarily large syntactic con-
treebank. In the Simp|est case these structions — tree fragments extracted from a tree-
fragments are Subparts of simp|e phrase bank. In the Simplest case (‘Tree'DOP’) these frag—
structure trees (Tree-DOP). The approach ~ ments are subparts of context free phrase structure

is attractive in many ways but the im- trees produced by two decomposition operations:
poverished representational basis is a se- [toot and Frontier. Root creates ‘passive’ (closed,
rious drawback from a linguistic point complete) fragments by extracting substructures, as
of view. This paper describes the the- in Figure 1(b), while Frontier produces ‘active’
oretical foundations of a novel version  (open, incomplete) fragments by deleting pieces of
of DOP with a richer representational substructure, as in Figure 1(c). Probabilities are as-
basis, a form of Typed Feature Struc-  Signed to such fragments based on their relative fre-
ture Grammar, specifically Head-driven ~ duency. Conceived abstractly, parsing in DOP in-
Phrase Structure Grammar (HPSG). volves a process aferivation a DOP derivation is

a process of combining fragments (with their asso-
ciated probabilities), so that the open slots in active
1 Introduction fragments become filled. Disambiguation involves
finding the structure(s) with the highest probabil-
The development of probabilistic extensions of nority.
mal grammatical theories has both practical and the-
oretical motivations. On the practical side, a wa){e

of incorporating probabilistic techniques seems in- . ) .
P gp d tic grammar), but the impoverished representational

dispensable for efficient implementations and appli-~ 2 . ) drawback f linquist int
cations. On the theoretical side, there is large, arhl(as'_s IS aésgrmljjsK ra\IN aclggrgm sdlngwtshl_c pom
growing, evidence of probabilistic effects in humarﬁ view. bod and rapian ( . )a ress fis 1Ssue
| : y proposing a linguistically richer version of DOP
anguage processing. . , :
which uses Lexical Functional Grammar (LFG) rep-

One approach to this involves associating theesentations. Though LFG-DOP constitutes a very
rules of a competence grammar with probabilitiepowerful model of language performance, it also
computed from syntactically annotated corpora. Buduffers from several disadvantages. The first of
simply adding probabilities to rules is of limited

The approach is attractive in many ways (not
ast, it is a venelegantframework for probabilis-
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Figure 1: Decomposition qfane runsn Tree-DOP.

these relates to thgenerality of the fragments it of Discard fragments. But this is unsatisfactory
involves. The LFG-DOP versions of the standardrom a theoretical point of view, because it may eas-
decomposition operations create fragments that aifg classify as ungrammatical impeccable examples
over-specific, leading to under-generation (and exike (3) and (4)

acerbating the normal problem of data sparsity). For
example, from the corpus representationJahe
runs, LFG-DOP Root and Frontier will produce
fragments containing category and feature inform
tion along the lines of (1) and (2).

Of course, what we would like is to produce frag-

ments that are more general than (1) and (2), but
not over-general like (5) and (6). Fragments more
6h_ke (9) and (10) are preferable, where only ‘inher-

ent’, grammatically necessary, features remain, and
(1) [vpJdanel,.q/sg/ rem/nom features that are purely the result of the context in
(2) [s NPs3yq/49/ fem/nom TUNS | which the fragment appeared (nominative marking

These fragments will not be usable in parsing eiEm Jane and feminine on the subject slot aing)

ther (3), which involvesaneappearing as an object, have been removed. But the LFG-DOP decomposi-

hence marked accusative, whereas the fragmenttllr?n operations do not deliver this.

(1) is nominative; or (4), becausensin (2) requires (9) [wpJane,.q/sg/rem
its subject to be feminine, anthckis presumably (10)  [s NPs,4/59/nom runs ]

masculine. A further problem is that not all of LFG’s well-

(3) Sam likes Jane. formedness conditions can be checked during the
(4) Jack runs. derivation process. In particular, LFG uses non-
To overcome this, Bod and Kaplan formulate a}r_nonotonlc? operations Wh!Ch have to be applied as

ilters on final representations. The problem here is

third decomposition operation known d&iscard, i . .
which generalizes over the fragments produced bthatt some probability mass will be assigned to struc-
res that are filtered out, and this probability mass

he other two.Ds however liesin a highly . . .
the othe t. 0.Discard, howe ef, applies in a hightly is wasted, it ‘leaks away’, with the result that the
unconstrained manner causing (i) the size of the . .

. . values assigned to structures are not genuine proba-
fragment database to explode and (ii) allowungt bilities 2

der-specific fragments such as (5) and (6) to be pro-

duced, leading to overgeneration, as with examples In the following section we set out the theoret-
like (7) and (8). ical foundations of a novel version of DOP based
on a form of Typed Feature Structure Grammar,

(5) Lvp Jan€}en, mom specifically Head-driven Phrase Structure Grammar

(6) [S’ NP3rd/sg runs]

* 1Suppose, for example, thains only ever occurs with a
(7) *Janerun. > O ) ;

Lp feminine subject in the corpus, addneis never an object,
(8) *Him runs. hence never accusative. For such common words, this is per-
haps implausible, but it is very likely for less common words

To deal with this, Bod and Kaplan propose a reand phrases.

ised definiti f ticality: tical This problem is not fatal, since the values can be ‘renormal-
vise efiniuon or grammatcality: grammatical” ;o4 1o compensate for lost probability mass (Bod and Kaplan,

sentences are those that can be derived without uzEm3), but this solution is not very aesthetically appealing.



(HPSG) (Pollard and Sag, 1994; Ginzburg and Sad Phrase

2000), that addresses these isstes. PHON  list-of-phoneme
SYNSEM synsem
DTRS list-of-signs
2 HPSG-DOP HD-DTR  sign

Figure 3: TypeExpthrasg
Presenting a DOP model involves instantiating the

following four parameters: (i) how utterances are,.
. . different types. Fragments should respect the same
represented; (ii) how representations are decom-. . :
principles as the representations they are produced

posed into fragments; (iif) how fragments are COMsom: ie. they should béotally well-typedfeature

bined; and (iv) how ch0|ces_ among alternative ana[s'tructures. Théeotal well-typednessequirement im-
yses can be made (disambiguation).

plies that fragments may be subject to a form of type
inference which we will refer to aype expansion

Definition 2.1 (TypeExp). Let F be a feature struc-

The representational framework we assume fdHre andT’ atype theory, thedypeEup (F) is the
HPSG-DOP is conventional HPSG, along the lined10st general and totally well-typed extensionzof
of Ginzburg and Sag (2000): words and utterance¥®cording tol” such thatt” C TypeEzp 7 (F).

are modeled by feature structures represersiggs
We will draw feature structures either as Directe
Acyclic Graphs (DAGS) or as Attribute Value Matri-

2.1 Representation

o take a simple example, type expanding the sort
hraseproduces the feature structure in Figure 3 (as-

: i suming the type theory in Ginzburg and Sag (2000)).
ces (AVMs), using a wide range of standard abbr Type expansion can also produce far more extensive

viations (e.g. dNP stantlj_s for‘ilgomln,al_phrass;vﬂ%sult& For example, there is a type constraint on
empty spi and comps 1ISts, nom.3 1S @n hd-subj-sts (head-subject-structures) that requires

Whose.CASE \{alue 'shom and WhoSeNDEX|PER re-entrance between the head daughtaris; value
value is3). Figure 2(a) gives the DAG representa-

. ¢ hile Fi b _ and thesvnsem value of the non-head daughter.
tion of Jane runswhile F_|gur_e_ 2(b) presents it as aN\oreover, sincehd-subj-stris a sub-sort ohd-str,
AVM (both somewhat simplified).

such structures must also satisfy a type constraint
We assume representations totally well-typed requiring a re-entrance between itsAp value and

feature structures. A representatiortasally well- that of itszpp7r. Similarly, type constraints associ-

typed if all and only the required attributes areated with a third person singular verb form likens

present and each of them has an appropriate valull require that its subject i8.sg*

Of course, this only makes sense against the back-

ground of a particulatype theorythat is, asigna- 2.2 Decomposition Operations

ture, which defines an hierarchy ofpes and a col-

lection oftype constraintsvhich indicate what com- Decomposition is carried out by versions Bbot

binations of attributes and values are permitted fctnd Frontier. These operations are normally de-
fined on trees, to adapt them for feature structures

3This is not the first attempt to define such a model. | i ;
particular, Neumann (1999), Neumann (2003) describes an ;\Ne intraduce the notion of thdescendanigof a

proach which involves extracting a Stochastic Lexicalized Tre§|gn)f defined to be the elements of thigns pTrs
Grammar (SLTG) from a parsed HPSG corpus and using it ifist, and their descendants (recursively)_

a manner similar to Tree-DOP. Node are labeled to reflect the

HPSG rule-schema that licenses the subtree. A complete parse\\Ne begin with the definition oFrontier, which

tree can be unfolded into an HPSG representation by expand-

ing the rule labels and lexical types to the corresponding fea- “It is perhaps worth emphasizing the centrality of the type
ture structures. Despite the very different linguistic theories intheory in recent versions of HPSG, where essentially a gram-
volved, the approach is in many ways very similar to LFG-DOPmar (including the lexicon) consists of nothing but a type theory
and suffers from the same problems. Moreover, the use of tre@his was not the case with in earlier versions of HPSG such as
as the basic representational framework is not entirely consi®ollard and Sag (1994), where a variety of other devices were
tent with the formal foundations of HPSG, where tree structuressed — these devices have generally been either discarded or
have no role as such. reformulated within the type system).
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Figure 2: Two representations &dine runs

produces fragments with open slots, to which othdfigure 5.
fragments may be attached in the course of deriva-

tion Notice that this version offrontier produces

fragments of the desired level of generality: gen-
Definition 2.2 (Frontier). Frontier erases any eral enough to allow both masculine and feminine
combination of a fragments’s descendants and typgibjects, and so allodack runs but not sufficiently
expands the result, marking the erasure points ageneral to allow accusative subjects, as Him
‘open slots’ for composition. runs®

Consider Figure 2, where one of the descendants V& NOW turn to the definition oftoot, which re-
(in fact the first daughter) is the-lx (noun lexeme) 9dUIres some extra terminology. Létbe a feature

whose phonology idJanel If Frontier applies to Structure with a o.Ie'scen.damF., SupposeDr is
this, it will first erase the entire subgraph of Fig-éMOved from#” giving rise to /. Then Context

ure 2(a) which is the value af7rs| 157, and mark (Dr) _denotes the subgraph rooted at the removal
the erasure point with, as shown in Figure 4. No- "°d€ inTypeBzp 7 (F'), andInherent (Dr) denotes
tice that this has in effect removedl information the relative complement db and Contest (D).

about the subject afuns This structure must now  An example will clarify this. Supposé’ is the
be type-expanded. structure in Figure 2 andy is its n-Ix p7r (i.e.
Of course, just how type-expansion works Wi”the structure that correspondslane and which we

depend on the precise type-theory involved, but 0_ﬁrased withFrontier above). As already discussed,

standard assumptions, an HPSG grammar of Engliéfh,D_F IS removgd frme it gives rise to a struc;lére
will require that what fills theprrs|isT slot is an £ ke the one in Figure 4, and as we have sé€n

object of typesign, whoserrow is re-entrant with Wil b€ type-expanded to Figure Dy is the graph

the first part of theerrow of the whole sentence (i.e. that has been (?rased in Figure@qnt_ext (D) is
tag[z)). This follows from general constraints ontN® 9raph that ‘grows back’ when Figure 4 is type
phrases, includindiead-subj-str In addition, the expanded — the part of Figure 5 which is drawn

sign's synseu (ss) value will be re-entrant with the yvith dot'Fed !ines. Intuitively, it is the ‘c'ontextue_ll’
the susJ|15T slot ofruns This will restricts it to be- nformation in the substructure — the information

ing a 3rd person, singular, nominative nominal. But 5This formulation ofFrontier can eliminate any and all de-

there will of course be no constraint that requires théendants of a sign. This is perhaps too liberal. An alternative
biect off to bef Thatis. t . fWould be to limit Frontier so that it produces fragments con-

subject orrunsto berem atis, type-expansion o taining a lexical head. This possibility is discussed in (Linar-

Figure 4 can be expected to produce something likeki, 2006).
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that could come from the surrounding context. For Root can now be defined simply:
example, it contains the information that this StrucDefinition 2.3 (Root). Given a fragmentF, Root
ture is a 3rd singular nominative NP. selects any descendamdr of F and returns

We can get the ‘inherent’, non-contextual, infor-TYPEEXp{nherent (DF)).
mation in this structure by comparing the contex- . _ .
tual information with the original. The purely in- FOr €xample, ifRoot applies toJane(i.e. the value
herent information is just the information that is in®f P7ES|2ST in Figure 2), it will return the type-
the original but not in the contextual information —&xPansion of the structure in Figure 6. Again, the
the relative complement dPr and Context (Dp). Precise details will depend on the precise type the-

In this example, the purely inherent information in-"Y (i-e. the grammar and lexicon), but it is plausi-
cludes the fact that is a noun lexemely), as well Pl€ that type-expanding-lexin a way that s consis-

as phonological and semantic features of the struf€nt with arron value of/Jane/will produce some-
ture, including the fact that its phonological contentling which is 3rd person singular, represented as an
is /Jane/and that it is feminine. This is given as an”VM in Figure 7. Equally, itis plausible that it will
AVM in Figure 6. Of course, this may exclude Somenotprodgce a struc_:turg that is marked as nomma_uve
information which should intuitively be regarded adthere will be nothing in the type system to require
inherent, in the sense of being grammatically neces-

sary (specifically, this will happen if such informa- n-Ix

tion is also contextual). However, type-expansion [PHON /Jané ]

can be used to recover this information. SS|LOC|CONT fem

Figure 6:Inherent (Jane)



arbitrary nouns to be so marketl). sentations will also be valid (because they are pro-

Notice again that this produces a fragment of thguceol by type-expansion, which by definition pre-

. e : Serves validity). But composition involves noth-
desired level of generality: the fragment ftanein . e L . :
) . ing more than unification, and unifications involving
Figure 7 is3.sg.fembut nothom as we wanted.

valid structures will only succeed if the result is also
The example we have discussed involves onlyalid.

ject-ver reement and nominative markin - .
subject-verb agreeme t a d or ative marking, Standard composition approaches in DOP are
and may seem rather trivial. It is important to em-.

rightwards or incrementally rightwards directed

phaS|_ze that .because all linguistic ph_enomena a od, 1995; Neumann, 2003). In an HPSG context,
described using the same apparatus in HPSG (i.g. . ! X ; o
it is interesting to consider a ‘head-driven’ approach

using the type theory), these decomposition OPeres composition, whereby it is the head chain of the

tions can be expgcted to produce fragments Of.aPﬁitial fragment of a derivation that identifies the or-
propriate generality regardiess of the grammatlcager in which open nodes are filled. More specif-

phenomena involved (subcategorization, raising, e)i(éally, the open nodes of a fragment are filled in

traposition, inversion, long-distance dependenC|esUCh a way that each node along the path leading

etc. etc.). Notice glso that bec_ause this appr Oa(l:Jpwards from the head lexical anchor to the root of
makes no use of discard operation to generalize

. : ) : the fragment is closed before the next node along
fragments, it avoids the explosive effect this opera; . . .

. . he path is considered (so, for example, in the case
tion has on the size of the fragment database that Wc? g ) . .
noted in relation to LEG-DOP of a transitive sentence with open subject and object

' slots, the object slot will be filled first). Composition

_ N is thus bidirectional with the direction being iden-
2.3 Head-driven Composition tified at each step (rather than in some predefined
manner). Such a process is of course reminiscent

Composition in HPSG-DOP involves unifying an ¢ head_driven parsing strategies (Proudian and Pol-
‘open’ slot in one with the root of another. For €X-1ard. 1985: van Noord. 1997 for example)
ample, composing the fragment in Figure 5 with the ’ ’ ' '

fragment corresponding ttane(Figure 7) involves
unifying Figure 7 with the node markedn Figure 5

(this of course gives back the original representatiofs in other DOP models. an HPSG-DOP represen-
of Jane runsFigure 2). tation will typically have many different derivations,

Notice that this process is guaranteed to producd any string may have many different represen-
only valid structures (i.e. ones which respect the refations. Assuming composition steps are treated as
evant type system). To see this, notice that assumi,i@dependent events, the probabilities of a derivation
initial corpus representations are valid, then ‘basic? involving the composition of a collection of frag-

fragments produced by decomposing corpus reprents< fi,..., f, > can be given as the product
of the individual fragment probabilities, as in (11).

! 6AIOID')/iﬂ@JhRoot to the subject OEEG runswoulﬁ be sim-  The probability of a final representatidd with m
ilar, except that nominative caseou e among the features 9erivati0n3lj can be given as the sum over the prob—

2.4 Fragment Probabilities

that ‘grows back’ under type-expansion, since it is presumabl

required by the lexical type that correspondshe ability of all m derivations, as in (12).
n
n-Ix (11) P(d) =[] P(£)
PHON /Jand i=1
loc
SS LoC |caT NP m
CONT 3.sgfem (12) P(R) = ZP(dj)

Figure 7: TypeExp-(Inherent (Jang), i.e. Root appliedto
Jane "This is described in more detail in (Linardaki, 2006).



In Tree-DOP, fragment probabilities are calculatedannot be predetermined. Suppdse, is the struc-
using a relative frequency estimator, as in (13): thaure produced before thé" step of the derivation
probability of a fragmentf; is its frequency of oc- process. The probability associated with a fragment
currence relative to all fragmenis with the same f; is defined as in (15).

root node label.

| fil

(13) P(fi) S (15) P(f;) = AL

root(f)=root(f;) . Z’f’

fis unifiable

This is a reasonable definition in the context of with NOS(—1)
Tree-DOP, because the root node label does indeed ) )
characterize the combinatory potential of a frag3 Discussion and Concluding Remarks
ment. However, applying this approach to model

with richer representations like HPSG-DOP is probYVe have presented the theoretical foundations of a
lematic. DOP model which uses the formal and representa-

tional apparatus of HPSG. It is perhaps worth point-

Suppose, for the sake of argument, we takgqy oyt that this is a significant result in itself (it is
the car values of HPSG-DOP fragments as deteryo; 5 priori obvious that a DOP model can be pro-

mining their combinatory potential (this includes,jyeq for any particular linguistic theory or formal-

HEAD features and various subcategorization fearém)_ Apart from the advantages that follow from
tures). The probability of am HPSG-DOP fragmeniyq ‘richer representational basis that such a model

fi would then be defined as in (14) — the relativeyo s it has a number of attractions. (i) Itis able to
frequency off; to all fragments with the sameaT  proqyce fragments are at the right level of generality,

value. S0 as to avoid both under- and over-generation, and
| fil avoid the combinatory explosion of fragments which
(14) P(fi) ZEW accompanies use of Biscard operation; (i) the
probability model (relative frequency estimation) is

v(ssLoc|cAT,r(f))= . .
v(ssLoc|CAT,r(f;)) very simple and easy to understand; (iii) the model is

probabilistically well behaved, in the sense of defin-
The problem is that this is not guaranteed to idering a genuine probability distribution over fragments

tify a probability distribution over the set of valid and representations. Notice that this means that it
representations — the combinatory potential of aay in principle provide a general foundation for
fragment is not entirely determined by itar value ‘probabilistic HPSG'.
— there are many other values that may be _rele- There are a number of issues that deserve further
vant (e.g. coNTENT, and NONLoOcAL values). This .

attention.
means that a fragment may form part of the com-
petition set for composition at some point, but not We have assumed that in HPSG all grammatical
actually be composable (because of a failure of unphenomena can be captured in the type theory. This
fication). This will result in the probability mass as-is nearly, but not quite, true. One area which seems
sociated with that fragment being wasted. In order to resist this is Binding Theory, where ‘Condition
avoid th|s.probabll|ty Ie_a_k’ Itis essentlal_that eve,r 8Fragment probabilities for the derivation initial fragments
fragment in the competition set at a particular poingre more straightforward, and can e.g. be based on frequency
actually be composable there. Thus, we must defirﬁé}irgation(cllgbgf% values. ot relative f .

s . . ney argues at relative trequency esumation
f:ompetltlon sets relative to particular open SIOtS’_e_mig problematic for probabilistic Attribute-Value Grammars
include all fragments that can be successfully unifieghvGs) in general, and loglinear or maximum entropy models
with the next Open SIOt (NOS) of an active fragment(Abney, 1997; Miyao and TSUjii, 2002) are generally consid-

. . .. ered to be more suitable for such formalisms. In this context, it
Since previous derivation steps can affect the spe

- ) o G interesting that a relative frequency estimation approach can
ficity of such slots, this means that competition setse used in connection with a rich formalism such as HPSG.



C’ — the requirement that non-anaphoric NPs b&ens Bod and Ronald Kaplan. 2003. A DOP Model

unbound — resists this. See (Linardaki, 2006) for for Lexical-Functional Grammar. —In Remko Scha
discussion and possible solutions. Rens Bod and Khalil Sima’an, editol®ata-Oriented

Parsing chapter 12, pages 211-233. CSLI Publica-
From a practical, e.g. language engineering, point tions, Stanford, California.

of view, a natural objection is this: one of the al.rens Bod, Remko Scha, and Khalil Sima’an, editors.

tractions of DOP is that it seems to dispense with 2003. Data-Oriented Parsing CSLI Publications,

the need to write grammars — all that is needed is a Stanford, California.

treebank. Clearly, this approach lacks this attractiogyens god. 1995, Enriching Linguistics with Statis-

since it relies on the existence of a type system (i.e. tics: Performance Models of Natural Languageh.D.
an HPSG grammar). Several reactions are possible.thesis, Universiteit van Amsterdam, Amsterdam, The

One is that, from a theoretical point of view, itis rea- Netherlands.

sonable to expect to have both a performance modgbns Bod. 2003. An Efficient Implementation of a New

(e.g. aform of DOP), and a (competence) grammar. DOP Model. InProceedings of the EACL 200gages

Another is to note that in point of fact the existence 19-26, Budapest, Hungary, April.

of an HPSG treebank entails the existence of & tyR€ederik Fouvry.  2003. Robust Processing for

theory, however unarticulated or partial, in the rep- Constraint-based Grammar Formalismih.D. thesis,

resentations themselves. Finally, one may note that University of Essex, April.

from a practical point of view there is n_o need_forJonathan Ginzburg and Ivan A. Sag. 200terrogative

the type-system to be a complete, precise or highly |nvestigations CSLI Publications, Stanford.

articulated grammar HPSG grammar in the norm}I 2 Linardaki. 2006.Linquistic and statistical ext
i H ey -Vila Linaraaxi. .LInguistic and statistical exten-

Sense . simply, the more precise itis, the more pr sions of Data Oriented Parsing?h.D. thesis, Univer-

cise will be the results of type-expansion, and the gy of Essex.

less the system will overgenerate.
S _ Yusuke Miyao and Jun’ichi Tsujii. 2002. Maximum en-
Another natural objection is that by ensuring that tropy estimation for feature forests. Broceedings of

fragments have the ‘right’ level of generality, we the Human Language Technology Conference

have lost the robustness that is a fea.ture Of aRsinter Neumann. 1999. Learning Stochastic Lexical-
proaches that use &iscard operation (i.e. the ized Tree Grammars from HPSG. Technical report,
ability to deal with input which is in some way DFKI, Saarbruecken.

ill-formed or extra-grammatical). One p055|b|I|tyG[.mter Neumann. 2003. A Data-Driven Approach to
would be to explore other approaches to robustfess. Head-Driven Phrase Structure Grammar. In R. Scha
But of course one could also introducelsscard R. Bod and K. Sima’an, editorfata-Oriented Pars-
operation directly: this would bring the advantages ing, chapter 13, pages 233-251. CSLI Publications,

of robustness without the cost of a theoretically un- Stanford.

sound characterization of ungrammaticality. Carl J. Pollard and Ilvan A. Sag. 1994.Head-
driven Phrase Structure GrammarChicago Univer-
sity Press.
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°Robust unification (Fouvry, 2003), which is based on ex-
tending the signature to a lattice to include the unique joins of
every set of incompatible types, is a promising alternative here.



