Chapter 3

Statistical Grammar Model

This chapter describes the implementation, training axiddéexploitation of a German statis-
tical grammar model. The model provides empirical lexioébimation, specialising on but not
restricted to the subcategorisation behaviour of verbsettes as source for the German verb
description at the syntax-semantic interface, which islwgghin the clustering experiments.

Before going into the details of the grammar descriptiortridduce the definition of subcategori-
sation as used in the German grammar. The subcategorisétiomverbs distinguishes between
obligatory and facultative verb complemehtsThe subcategorisation is defined by the argu-
ments of a verbs, i.e. only obligatory complements are caned. A problem arises, because
both in theory and in practice there is no clear-cut distomcbetween arguments and adjuncts.
(a) Several theoretical tests have been proposed to dissimgrguments and adjuncts on either
a syntactic or semantic basis, cf. Schitze (1995, pages2383fdr an overview of such tests
for English. But different tests have different resultshwiéspect to a dividing line between ar-
guments and adjuncts, so the tests can merely be regardediastics. | decided to base my
judgement regarding the argument-adjunct distinctionnendptionality of a complement: If a
complement is optional in a proposition it is regarded asmatj and if a complement is not op-
tional it is regarded as argument. | am aware that this distin is subjective, but it is sufficient
for my needs. (b) In practice, a statistical grammar woubldenéearn the distinction between
arguments and adjuncts in a perfect way, even if there wergdhically exact definitions. In this
sense, the subcategorisation definition of the verbs in #gren@n grammar is an approximation
to the distinction between obligatory and facultative ctengents.

The chapter introduces the theoretical background of &isied probabilistic context-free gram-
mars (Section 3.1) describes the German grammar develdameémmplementation (Section 3.2),
and the grammar training (Section 3.3). The empirical kixieformation in the resulting sta-
tistical grammar model is illustrated (Section 3.4), arel¢bre part of the verb information, the
subcategorisation frames, are evaluated against marati@rdiry definitions (Section 3.5).

1] use the terncomplemento subsume both arguments and adjuncts, and | refargomentsas obligatory
complements anddjunctsas facultative complements.
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110 CHAPTER 3. STATISTICAL GRAMMAR MODEL

3.1 Context-Free Grammars and their Statistical Extensios

At one level of description, a natural language is a set ahgs — finite sequences
of words, morphemes, phonemes, or whatever.

Partee, ter Meulen, and Wall (1993, page 431)

Regarding natural language as a set of strings, a large pEmguage structures can be mod-
elled using context-free descriptions. For that reasonject-free grammars have become a
significant means in the analysis of natural language phenamBut context-free grammars
fail in providing structural and lexical preferences inural language; therefore, a probabilistic
environment and a lexicalisation of the grammar framewoekdgsirable extensions of the basic
grammar type.

This section describes the theoretical background of titesstal grammar model: Section 3.1.1
introduces context-free grammars, Section 3.1.2 intredycobabilistic context-free grammars,
and Section 3.1.3 introduces an instantiation of Iexiedligrobabilistic context-free grammars.
Readers familiar with the grammar formalisms might wantkip she respective parts of this
section.

3.1.1 Context-Free Grammars

Context-free grammars can model the most natural languageise. Compared to linear lan-
guage models —such as n-grams— they are able to descrilveivectructures (such as complex
nominal phrases).

Definition 3.1 A context-free grammar'F'G is a quadruple/N, T, R, S) with

N finite set of non-terminal symbols

T finite set of terminal symbolg,N N = ()

R finite set of rule” — ~,
CeNandye (NUT)*

S distinguished start symba$, € NV

As an example, consider the context-free grammar in Taldle Bne grammar unambiguously
analyses the sentencéshn loves MaryandJohn loves ice-crearas represented in Figure 3.1.
If there were ambiguities in the sentence, the grammar wassgign multiple analyses, without
defining preferences for the ambiguous readings.
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N S,NP, PN, CN, VP,V
T John, Mary, ice-cream, loves
R S— NP VP,

NP — PN,

NP — CN,

VP — V NP,

PN — John

PN — Mary,

CN — ice-cream

V — loves
S S

Table 3.1: Example CFG

/\ /\
i /\ | /\

PN PN

John loves PN John loves CN

Mary ice-cream

Figure 3.1: Syntactic analyses fawhn loves MaryndJohn loves ice-cream

The example is meant to give an intuition about the lingaistea of context-free grammars. For
details about the theory of context-free grammars and tbeiral relationship to syntactic trees,
the reader is referred to Hopcroft and Ullman (1979, chaptend Parteet al. (1993, chapter
16).

To summarise, context-free grammars can model the a lamy@®fpaatural language structure.
But they cannot express preferences or degrees of acddgtabid therefore cannot resolve
ambiguities.
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3.1.2 Probabilistic Context-Free Grammars

Probabilistic context-free grammars (PCFGs) are an exierd context-free grammars which
model preferential aspects of natural language by addiolggtnilities to the grammar rules.

Definition 3.2 A probabilistic context-free grammdrtC F'G is a quintuple(N, T, R, p, S) with

N finite set of non-terminal symbols

T finite set of terminal symbol%, N NV = ()

R finite set of rule” — ~,
CeNandye (NUT)*

p  corresponding finite set of probabilities on rules,
(VreR) : 0<p(r) <land
(VCeN) : > p(C—v)=1

S distinguished start symba$, € NV

The probability of a syntactic tree analygig) for a sentence is defined as the product of proba-
bilities for the rules- applied in the tree. The frequency of a rulan the respective tree is given
by f:(r). On the basis of parse tree probabilities for sentencesrts pbsentences, PCFGs rank
syntactic analyses according to their plausibility.

p(t) = ] »(r)® (3.1)

rin R

As an example, consider the probabilistic context-freergnar in Table 3.2. The grammar
assigns ambiguous analyses to the sentdoba ate that cakeas in Figure 3.2. (The rule
probabilities are marked as subscripts on the respectikenpaategories.) According to the
grammar rules, the demonstrative pronoun can either repres stand-alone noun phrase or
combine with a common noun to form a noun phrase. Assuminglemobabilities of0.5 for
both verb phrase typgsV NP ) and( V NP NP ) and equal probabilities df.3 for both noun
phrase typeg N ) and( DEM N ) , the probabilities for the complete trees are45 for the
first analysis compared 00045 for the second one. In this example, the probabilistic gramm
resolves the structural noun phrase ambiguity in the désuay, since the probability for the
preferred first (transitive) tree is larger than for the set(ditransitive) tree.
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Rp

S

S, NP, PN, N, DEM, VP, V
John, cake, ate, that

S— NP VP,
NP — PN,
NP — N,
NP — DEM,
NP — DEM N,
VP — V NP,
VP — V NP NP,
PN — John

N — cake

V — ate
DEM — that
S

p(S— NP VP) =1,
p(NP— PN) =0.3,
p(NP— N)=0.3,
p(NP— DEM) =0.1,
p(NP— DEM N) = 0.3,
p(VP— V NP) = 0.5,
p(VP— V NP NP) = 0.5,
p(PN— John) =1,

p(N — cakg =1,

p(V — ate) =1,
p(DEM — that) = 1

Table 3.2: Example PCFG (1)

S
/N

NP3 VP

/N

PN, \A NP, 5

/N

John ate DEM; N,
I
that cake

S
AN

NP3 VP 5
N
PN, V, NP 1 NPy 3
|
John a|te DE.M1 |\||1
I
that cake

Figure 3.2: Syntactic analyses fawhn ate that cake
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Now consider the probabilistic context-free grammar inléeh3. The grammar is ambiguous
with respect to prepositional phrase attachment: prepasitphrases can either be attached to
a noun phrase by NP> NP PP or to a verb phrase by VB VP PP. The grammar assigns
ambiguous analyses to the sentedokn eats the cake with a spdaas illustrated in Figure 3.3.

N S,NP,PN, N, VP, V, PP, P, DET

T  John, cake, icing, spoon, eats, the, a, with

Rp S— NPVP, p(S— NP VP) =1,
NP — PN, p(NP— PN) =0.3,
NP — N, p(NP— N) = 0.25,
NP — DETN, p(NP— DET N)=0.25,
NP — NP PP, p(NP— NP PP)=0.2,
VP — V NP, p(VP— V NP) =0.7,
VP = VP PP, p(VP— VP PP)=0.3,
PP— P NP, p(PP— P NP) =1,
PN — John p(PN— John =1,
N — cake p(N — cakg = 0.4,

N — icing, p(N — icing) = 0.3,
N — spoon p(N — spoon = 0.3,
V — eats p(V—eatg =1,
P — with, p(P— with) =1,
DET — the, p(DET — the) = 0.5,
DET — a p(DET — a) = 0.5

S S

Table 3.3: Example PCFG (2)

The analyses show a preference for correctly attachingréygogitional phraswith a spooras
instrumental modifier to the verb phrase instead of the nbwage: the probability of the former
parse tree i2.36 x 10~* compared to the probability of the latter parse tte&8 = 10~*. This
preference is based on the rule probabilities in the gramvharh prefer verb phrase attachment
(0.3) over noun phrase attachmeft2).

The same grammar assigns ambiguous analyses to the sedtdmceats the cake with icing
as in Figure 3.4. In this case, the preferred attachmenteopthpositional phraseith icing
would be as modifier of the noun phradee cake but the grammar assigns a probability of
3.15 * 10~* to the noun phrase attachment (first analysis) compared tokmbpility of 4.73 *
10~* for the attachment to the verb phrase (second analysis)n #wipreceding example, the
structural preference for the verb phrase attachment beerdun phrase attachment is based on
the attachment probabilities in the grammar.

°The two example sentences in Figures 3.3 and 3.4 are takerMiamning and Schiitze (1999, page 278).
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The examples illustrate that probabilistic context-freangmars realise PP-attachment struc-
turally, without considering the lexical context. PCFGsigs preferences to structural units on
basis of grammar rule probabilities, but they do not distisly rule applications with reference
to the lexical heads of the rules. With respect to the exaspfitey either have a preference for
PP-attachment to the verb or to the noun, but they do not resedghatspoonis an instrument
for to eator thaticing describes the topping of tleake

In addition to defining structural preferences, PCFGs cadehdegrees of acceptability. For ex-
ample, a German grammar might define preferences on cagam@ssit; genitive noun phrases
are nowadays partly replaced by dative noun phrases: (i)#ige noun phrase subcategorised
by the prepositionvegenbecause of’ is commonly replaced by a dative noun phraseyegen
des Regens,, andwegen dem Regep, ‘because of the rain’. (ii) Genitive noun phrases subcat-
egorised by the vergedenkercommemorate’ are often replaced by dative noun phrasedecf
Menschep.,, gedenkemndden Menscheg,; gedenkercommemorate the people’, but the sub-
stitution is less common than in (i). (iii) Genitive noun pees modifying common nouns cannot
be replaced by dative noun phrases,ddr Hut des Manneg,, and*der Hut dem Manp,; ‘the
hat of the man’. Concluding the examples, PCFGs can definede®@f case acceptability for
noun phrases depending on their structural embedding.

To summarise, PCFGs are an extension of context-free grasniméhat they can model struc-
tural preferences (as for noun phrase structure), and eegfecceptability (such as case assign-
ment). But PCFGs fail when it comes to lexically sensitivempbmena such as PP-attachment,
or selectional preferences of individual verbs, since @reybased purely on structural factors.
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NPO.3 VP0.3

| N
PN, VP 7 PR

| /" N\ /N
John V; NPy 25 P, NPy 25

/N /N

eats DET; Nps with DETy; No.3

the cake a spoon

N

NPy ;5 VPy.7

PN, Vi NP 2
_— PN
John eats NP, o5 PR
/ N\ /N
DET, N4 P, NPy .25

/N

the cake with DETy; No.3

a spoon

Figure 3.3: Syntactic analyses fédwhn eats the cake with a spoon
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RN

NP3 VPy 7
| PN
PN, V, NPo.2
| 7N\
John eats NPy.25 PP,

/N /N

DET;  Nou Pi NPy

the cake with No.3

icing
/Sl\
NPy 3 VP 3
PN, VP, ; PP,
VAN / \
John V, NPy 25 Py NPy 25

/N

eats DET, Nys4 with No 3

the  cake icing

Figure 3.4: Syntactic analyses féwhn eats the cake with icing

117
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3.1.3 Head-Lexicalised Probabilistic Context-Free Gramrars

Various extensions of PCFGs are possible. Since the mawbaiek of PCFGs concerns their
inability of modelling lexical dependencies, a common idedind PCFG extensions is their ex-
pansion with lexical information. Examples are the decigiees in Magerman (1995), parsing
models in Collins (1997), bilexical grammars in Eisner aatt&(1999), and maximum entropy
modelling in Charniak (2000).

The approach as used in this thesis defines head-lexicg@iisbdbilistic context-free grammars
(H-L PCFGs) as a lexicalised extension of PCFGs. The ideaefjtammar model originates
from Charniak (1995) and has been implemented at the IMS$daitity Carroll (1997) to learn
valencies for English verbs (Carroll and Rooth, 1998). Wnisk uses a re-implementation by
Schmid (2000). Like other approaches, H-L PCFGs extenddibe of PCFGs by incorporating
the lexical head of each rule into the grammar parameters.|&tical incorporation is realised
by marking the head category on the right hand side of eactexbfiee grammar rule, e.g. VP
— V' NP. Each category in the rule bears a lexical head, anddhkiedl head from the head
child category is propagated to the parent category. ThedElxead of a terminal category is the
respective full or lemmatised word form.

The lexical head marking in the grammar rules enables the#GEG to instantiate the following
grammar parameters, as defined by Schmid (2000):

e pyare(S) IS the probability that is the category of the root node of a parse tree.
e pyart(h|s) is the probability that a root node of categaripears the lexical head

e p.ue(r|C, h) is the probability that a (parent) node of categ6rywith lexical headh is
expanded by the grammar rule

® Denoice(hc|Cp, hp, Cc) is the probability that a (non-head) child node of categanbears
the lexical head, the parent category (Sp and the parent head is.

In case a H-L PCFG does not include lemmatisation of its tearsymbols, either the lexical
headh of a terminal node and the full word form € 7" are identical angh,.,;.(C' — w|C, h)

is 1 (e.9. prue(C — runs|C,runs) = 1), or the lexical head differs from the word form and
Prute(C — w|C k) is 0 (€.9. prue(C — runs|C,ran) = 0). In case a grammar does in-
clude lemmatisation of its terminal symbols, the prob&pihi,,,.(C — w|C, h) is distributed
over the different word formsv with common lemmatised lexical hedad(e.g. pyu.(C —
runs|C,run) = 0.3, prue(C — run|C,run) = 0.2, prye(C — ran|C,run) = 0.5).

The probability of a syntactic tree analysi§) for a sentence is defined as the product of the
probabilities for the start category the rulesr, and the relevant lexical headswhich are
included in the tree, cf. Equation 3.2 refers to the set of rules established by the grammar,
N to the set of non-terminal categories, ahido the set of terminal categories. Frequencies in
the tree analysis are referred to fyr, C, h) for lexical rule parameters anfl(~hc, Cp, hp, Cc)
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for lexical choice parameters. H-L PCFGs are able to rankagyic analyses including lexical
choices.

p( ) pstart(s) *
pstart(h|5) *

II el eon s (3.2)
r€R,CEN,hET
H pchozce(hc|0p,hp,cc)ft he,Cp,hp,Co)

Cp,CcEN;hp,hceT

As example, consider the head-lexicalised probabilistitext-free grammar in Tables 3.4 and 3.5.
Table 3.4 defines the grammar rules, with the heads of the maégked by an apostrophe. The
probability distributions on the lexicalised grammar paeters are given in Table 3.5. To distin-
guish terminal symbols and lexical heads (here: lemmatiged forms), the terminal symbols
are printed intalic letters, the lexical heads tgpewriter font.

N S,NP, PN, N, VP, V, PP, P, POSS
T John, Mary, anger, smile, blames, loves, for, her
R S— NPVP,
NP — PN’, NP— POSS N,
VP — VP’ PP, VP— V' NP, VP — V' NP PP,
PP— P’ NP,
PN — Johri, PN — Mary’,
N — anger, N — smilée,
V — blame§ V — loves,
P — for’, POSS— her
S S

Table 3.4: Example H-L PCFG (rules)

According to the maximum probability parse, the H-L PCFGlgses the sentencl®hn blames
Mary for her angeras in Figure 3.5, with the prepositional phrdseher angercorrectly anal-
ysed as argument of the verb. The sentedmen loves Mary for her smiles analysed as in
Figure 3.6, with the prepositional phrafee her smilecorrectly analysed as adjunct to the verb
phrase. In the trees, the lexical heads of the grammar aaésgwre cited as superscripts of the
categories.p,,,: IS quoted on the left of the root nodés For each node in the treg, .. is
guoted on the right of the category, ang... is quoted on the right of each child category.

Multiplying the probabilities in the trees results in a pabidity of 8.7 x 10~2 for John blames
Mary for her angelin Figure 3.5 and a probability af9« 102 for John loves Mary for her smile
in Figure 3.6. If theblamesentence had been analysed incorrectly with the prepoaltghrase
for her angeras adjunct to the verb phrase, or thee sentence with the prepositional phrése
her smileas argument of the verb, the probabilities would have begn 10~* and1.1 * 103
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Pstart

Prule

Pchoice

CHAPTER 3. STATISTICAL GRAMMAR MODEL

pstart(s) = 1,
pstart(blame |S) =0.5,

Prue(S— NP VP’ | S,blame ) =1,

prue(NP— PN’ | NP,John ) = 0.9,
prue(NP— PN’ | NP,Mary) = 0.9,
prue(NP— PN’ | NP,anger ) =0.1,
Prue(NP— PN’ | NP,smile )=0.1,

Prue(VP — VP PP | VPblame ) = 0.1,
Prue(VP — V' NP | VP, blame ) = 0.3,

Prue(VP — V' NP PP | VPblame ) = 0.6,

prue(PN— Johri | PN, John) =1
prue(PN— Mary' | PN, Mary) =1

prue(N — angef | N, anger ) =1,
Drute(N — smilé | N, smile ) =1,

prue(V — blames| V, blame ) =1,
Prue(V — loves |V, love ) =1,

prue(PP— P’ NP | PPfor ) =1,
Prule(POSS— her | POSSshe) =1
pchoice(JOhn | S;blame , NP) = 04,
pchoice(anger | S;blame ) NP) = 01,

Penoice(dONN | S,love , NP) = 0.4,
Penoice(@nger | S,love , NP) =0.1,

pchoice(She | NP,\JOhn y POSS) = 1,
Penoice(She | NP,Mary , POSS) = 1,

Penoice(for | VP, blame , PP) =1,

pchoice(JOhn | VP, blame , NP) =0.4,
Penoice(@nger | VP, blame , NP) =0.1,

Pehoice(dOhN | VP, love , NP) = 0.3,
pchoice(anger | VP, love y NP) = 02,

Penoice(dOhN | PPfor |, NP) = 0.25,
pchoice(anger | PPfor , NP) =0.25,

pstart(love |S) =05

Prue(S— NP VP’ | S)love )=1,

prue(NP— POSS N’ | NPJohn) =0.1,
prule(Np_> POSS N’ | NPMary) = 01,
prue(NP— POSS N’ | NPanger ) = 0.9,
Prue(NP— POSS N’ | NPsmile ) =0.9,

Prue(VP — VP PP | VPJove ) =0.3,
Prue(VP — V' NP | VP, love )= 0.6,
Prue(VP — V' NP PP | VPJove )=0.1,

prue(PN— Mary' | PN, John ) =0,
Prue(PN— Johri | PN, Mary) =0,

prue(N — smilé | N, anger ) =0,
prue(N — anger | N, smile ) =0,

prue(V — loves | V, blame ) = 0,
prue(V — blames| V, love ) =0,

prute(P— for’ | P, for ) =1,

pchoice(Mary | S,blame NP) =0.4,
pchoice(SmiIe | S,blame NP) =0.1,

Penvice(Mary | S,love , NP) =0.4,
Pehoice(SMile | S,love , NP) =0.1,

Penvice(She | NP,anger , POSS) =1,
Denoice(She | NP,smile , POSS) =1,

Penoice(for | VP, love , PP) =1,

pchoice(Mary | VP, blame , NP) =0.4,
pChOice(SmiIe | VP, blame s NP) = 011

Penoice(Mary | VP, love , NP) =0.3,
Penoice(SMile | VP, love , NP) =0.2,

Penoice(Mary | PPfor , NP) =0.25,
Dehoice(SMile | PPfor , NP) =0.25

Table 3.5: Example H-L PCFG (lexicalised parameters)
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respectively, i.e. the correct analyses of the sentencégures 3.5 and 3.6 are more proba-
ble than their incorrect counterparts. This distinctiompriobabilities results from the grammar
parameters which reflect the lexical preferences of thesyerbthis example concerning their
subcategorisation properties. Hadame subcategorising the transitiyeV NP PP) including
the PP is more probable than subcategorising the intre@sit¥ NP ) , and forlovethe lexical
preference is vice versa.

1*0.5S[Iblam8]
/ ™~
N il
| 7
PN[IJohn} V[lblame] NP%%Z{E PF{IJZH
) RN
John  blames PNMe  pler] NPy

| | /N

he anger
Mary for POSS”!  Nlwoer

her anger

Figure 3.5: Syntactic analysis fdohn blames Mary for her anger

1x0.5 S[llove}
/ \
NPY s VP
| pd SN
PNoh] vpliere PRy
7/ \ SN
John vl NpMend e NPG o0 %s

| | | / N\

loves PN for  posgtd  NLmie

Mary her smile

Figure 3.6: Syntactic analysis f@ohn loves Mary for her smile
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To summarise, H-L PCFGs are a further extension of conted-§rammars in that they can
model structural preferences including lexical selectgrch as PP-attachment and selectional
argument preferences of individual verbs. According to Mag and Schitze (1999), main
problems of H-L PCFGs concern (i) the assumption of contiedness, i.e. that a certain sub-
tree in a sentence analysis is analysed in the same way nermdiiere in the sentence parse it
is situated; for example, noun phrase formation actuaffgid according to the position, since
noun phrases tend to be pronouns more often in sentenca putsition than elsewhere. And
(ii) for discriminating the large number of parameters in 4. PCFG, a sufficient amount of
linguistic data is required. The detailed linguistic infation in the grammar model is of large
value, but effective smoothing techniques are necessayei@ome the sparse data problem.

3.1.4 Summary

This section has introduced the theoretical backgrounaofext-free grammars and their sta-
tistical extensions. Context-free grammars (CFGs) canaiadarge part of natural language
structure, but fail to express preferences. Probabilsiittext-free grammars (PCFGSs) are an
extension of context-free grammars which can model stracpreferences (as for noun phrase
structure) and degrees of acceptability (such as casenassig), but they fail when it comes
to lexically sensitive phenomena. Head-lexicalised pbdistic context-free grammars (H-L
PCFGs) are a further extension of context-free grammaisainthey can model structural pref-
erences including lexical selection, such as PP-attachamehselectional argument preferences
of individual verbs.

My statistical grammar model is based on the framework of A€FGs. The development of
the grammar model is organised in three steps, accordirigettheoretical grammar levels.

1. Manual definition of CFG rules with head-specification,
2. Assigning probabilities to CFG rules (extension of CFRGFG),
3. Lexicalisation of the PCFG (creation of H-L PCFG).

The following Section 3.2 describes the manual definitiothefCFG rules (step 1) in detail, and
Section 3.3 describes the grammar extension and trainithgrespect to steps 2 and 3.

3.2 Grammar Development and Implementation

This section describes the development and implementafitine German context-free gram-
mar. As explained above, the context-free backbone is this bar the lexicalised probabilistic
extension which is used for learning the statistical grammadel. Section 3.2.1 introduces the
specific aspects of the grammar development which are imupioidr the acquisition of lexicon-
relevant verb information. Section 3.2.2 then describes3arman context-free grammar rules.
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3.2.1 Grammar Development for Lexical Verb Information

The context-free grammar framework is developed with mdarthe overall goal of obtain-
ing reliable lexical information on verbs. This goal infleess the development process in the
following ways:

e To provide a sufficient amount of training data for the modmigmeters, the grammar
model should be robust, since the grammar needs to cover@stnaining data as possi-
ble. The robustness is important (i) to obtain lexical vertoimation for a large sample
of German verbs, and (ii) to learn the grammar parametersétiable degree. To give
an example, (i) in contrast to a former version of the Germamgnar by Beilet al.
(1999) where only verb final clauses are regarded, the grarnavers all German sen-
tence types in order to obtain as much information from thaing corpus as possible.
(ii) For fine-tuning the grammar parameters with regard lialée verb subcategorisation,
no restriction on word order is implemented, but all possgdrambling orders of German
clauses are considered.

¢ Infrequent linguistic phenomena are disregarded if theyligely to confuse the learning
of frequent phenomena. For example, coherent clauses begttucturally merged, such
that it is difficult to distinguish main and subcategoriséalise without crossing edges.
Example (3.3) shows a merging of a non-finite and a relatisas®.sieis the subject of
the control verlversprocherand also embedded in the non-finite cladsa zu liebesub-
categorised byersprochenimplementing the phenomenon in the grammar would enable
us to parse such sentences, but at the same time include anaersosource for ambigu-
ities and errors in the relatively free word order languagen@n, so the implementation
is ignored. The mass of training data is supposed to comgmfar the parsing failure of
infrequent phenomena.

(3.3) den sie zuliebenversprocherat
whomsheto love promised has

‘whom she has promised to love’

e Work effort concentrates on defining linguistic structusdsch are relevant to lexical verb
information, especially subcategorisation. On the onealh#ms results in fine-grained
structural levels for subcategorisation. For example efrh clause type | define an ex-
traordinary rule level

C-<type> — S-<type>.<frame>
where the clause level produces the clause categddywhich is accompanied by the
subcategorisation frame for the clause. A lexicalisatibthe grammar rules with their
verb heads automatically leads to a distribution over fréypes. In addition, the parsing
strategy is organised in an exceptional way: Since the dxierb head as the bearer of
the clausal subcategorisation needs to be propagatedythtba parse tree, the grammar
structures are based on a so-called ‘collecting stratagyiral the verb head, no matter in
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which topological position the verb head is or whether thid\eead is realised as a finite
or non-finite verb.

On the other hand, structural levels for constituents detserb subcategorisation are ig-
nored. For example, adjectival and adverbial phrases afised by simple lists, which
recognise the phrases reliably, but disregard fine-tunirigedr internal structure.

e The grammar framework needs to control the number of paemetspecially when it
comes to the lexicalised probabilistic extension of thetexiafree grammar. This is re-
alised by keeping the category features in the grammar tonamaim. For example, the
majority of noun phrases is recognised reliably with theeckesmture only, disregarding
number and gender. The latter features are therefore disted in the context-free gram-
mar.

The above examples concerning the grammar developmetegtidustrate that the context-free
grammar defines linguistic structures in an unusual ways IB$0 because the main goal of the
grammar is the reliable definition of lexical verb inforntatj and we need as much information
on this aspect as possible to overcome the problem of datsespss.

3.2.2 The German Context-Free Grammar

The German context-free grammar rules are manually writfeme manual definition is sup-
ported by the grammar development environmeAP(Schmid, 1999), a feature based parsing
framework, which helps the grammar developer with managihes and features. In addition,
the statistical parsdroPar (Schmid, 2000) provides a graphical interface to contrelgham-
mar development. Following, | describe the grammar implatatéon, starting with the grammar
terminals and then focusing on the grammar rules.

Grammar Terminals

The German grammar uses morpho-syntactic terminal caesgas based on the dictionary
databaséMSLex and the morphological analys@aMORLeziuset al., 1999, 2000): Each word
form is assigned one or multiple part-of-speech tags andcctheesponding lemmas. | have
adopted the morphological tagging system with task-specifanges, for example ignoring the
featureggenderandnumberon verbs, nouns and adjectives. Table 3.6 gives an oveni¢gleo
terminal categories to which teVIORags are mapped as basis for the grammar rules, Table 3.7
lists the relevant feature values, and Table 3.8 gives ebemiipr tag-feature combinations.
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Terminal Category Features Tag Example
attributive adjective ADJ case ADJ.Akk
indeclinable adjective | ADJ-invar ADJ-invar
predicative adjective | ADJ-pred ADJ-pred
adverb ADV ADV
article ART case ART.Dat
cardinal number CARD CARD
year number CARD-time CARD-time
demonstrative pronoun DEM distribution, case DEM.subst.Nom
expletive pronoun ES ES
indefinite pronoun INDEF distribution, case INDEF.attr.Dat
interjection INTJ INTJ
conjunction KONJ conjunction type KONJ.Sub
proper name NE case NE.Nom
common noun NN case NN.Gen
ordinal number ORD ORD
possessive pronoun | POSS distribution, case | POSS.attr.Akk
postposition POSTP case, postposition | POSTP.Dat.entlang
reflexive pronoun PPRF case PPRF.Dat
personal pronoun PPRO case PPRO.Nom
reciprocal pronoun PPRZ case PPRZ.Akk
preposition PREP case, preposition | PREP.Akk.ohne
preposition + article PREPart case, preposition | PREPart.Dat.zu
pronominal adverb PROADV pronominal adverb | PROADV.dazu
particle PTKL particle type PTKL.Neg
relative pronoun REL distribution, case | REL.subst.Nom
sentence symbol S-SYMBOL symbol type S-SYMBOL.Komma
truncated word form | TRUNC TRUNC
finite verb VXFIN VMFIN
X ={B(leiben), H(aben), M(odal)
S(ein), V(oll), W(erden) }
finite verb VVFINsep VVFINsep
(part of separable verh)
infinitival verb VXINF VWINF
X ={B(leiben), H(aben), M(odal)
S(ein), V(oll), W(erden) }
infinitival verb VVIZU VVIZU
(incorporatingzu)
past participle V Xpast VVpast
X ={B(leiben), M(odal), S(ein),
V(oll), W(erden) }
verb prefix VPRE VPRE
interrogative adverb | WADV interrogative adverh WADV.wann
interrogative pronoun | WPRO distribution, case | WPRO.attr.Gen

Table 3.6: Terminal grammar categories
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Feature

Feature Values

case

Nom, Akk, Dat, Gen

distribution

attr, subst

symbol type

Komma, Norm

conjunction type

Inf, Kon, Sub, Vgl, dass, ob

particle type

Adj, Ant, Neg, zu

preposition

[AKkK] ab, an, auf, auR3er, bis, durch, entlang, fur, gegen, pater, in, je, kontra, neben,
ohne, per, pro, um, unter, versus, via, vor, wider, zwisckiber

[Dat] ab, an, anstatt, auf, aus, aul3er, aul3erhalb, beiebjmank, einschliellich,
entgegen, entlang, entsprechend, exklusive, fern, gégengemar, gleich, hinter,
in, inklusive, innerhalb, laut, lAngs, mangels, mit, mitsamittels, nach,
nah, nahe, neben, nebst, ndchst, samt, seit, statt, trdéz, von, vor,
wegen, wahrend, zu, zunachst, zwischen, &hnlich, tber

[Gen] abseits, abziiglich, anfangs, angesichts, anhatédilani, anstatt, anstelle,
aufgrund, ausschlie3lich, auf3er, au3erhalb, beiderbeitiseits, bezlglich, binnen,
dank, diesseits, eingangs, eingedenk, einschlieRli¢tarey exklusive, fern,
hinsichtlich, infolge, inklusive, inmitten, innerhallerjseits, kraft, laut, links,
langs, langsseits, mangels, minus, mittels, nahe, nameryestlich, nordostlich,
ndrdlich,ob, oberhalb, rechts, seiten, seitens, sejtfitdit, siidlich, stidwestlich,
stdostlich,trotz, um, unbeschadet, unerachtet, ungeacimterhalb, unweit,
vermittels,vermoge, orbehaltlich, wegen, westlich, vedildt, zeit, zufolge,
zugunsten, zuungunsten,zuzuglich, zwecks, 6stlich

postposition

[AKkK] entlang, exklusive, hindurch, inklusive

[Dat] entgegen, entlang, entsprechend, gegeniber, geraéifd, zufolge, zugunsten,
zuliebe, zunéchst, zuungunsten, zuwider

[Gen] halber, ungeachtet, wegen, willen

pronominal adverb

dabei, dadurch, daftir, dagegen, daher, dahin, dahintait,dfanach, daneben, daran,
darauf, daraufhin, daraus, darin, darum, darunter, dartieeon, davor, dazu,
dazwischen, dementsprechend, demgegenuber, demgemiinate demzufolge,
deshalb, dessenungeachtet, deswegen, dran, drauf, driaysirum, drunter, driiber,
hieran, hierauf, hieraufhin, hieraus, hierbei, hierduhsarfir, hiergegen, hierher,
hierhin, hierin, hiermit, hiernach, hierum, hierunteetvion, hiervor, hierzu,

hierliber, seitdem, trotzdem, wahrenddessen

interrogative adverh

wann, warum, weshalb, weswegen, wie, wieso, wieviel, wigew®, wobei, wodurch,
woflr, wogegen, woher, wohin, wohinein, wohinter, womignach, woran, worauf,
woraufhin, woraus, worein, worin, worum, worunter, wortjlveovon, wovor, wozu

Table 3.7: Terminal features
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Terminal Category

Examples

ADJ.Akk kleine, riesiges, schénen

ADJ-invar lila, mini, relaxed

ADJ-pred abbruchreif, dauerhaft, schlau

ADV abends, fast, immer, ratenweise

ART.Gen des, einer, eines

CARD 0,080 5,8,14/91 dreizehn 28

CARD-time 15431920 2021

DEM.attr.Dat/ DEM.subst.Nom | denselben, dieser, jendrdasjenige, dieselben, selbige
ES es

INDEF.attr.Gen / INDEF.subst.Akk irgendwelcher, mehrergrebensoviele, irgendeinen, manch
INTJ aha, hurra, oh, prost

KONJ.Inf/ KONJ.Kon
KONJ.Sub / KONJ.Vgl
KONJ.dass / KONJ.ob

anstatt, um, ohnédoch, oder, und
dass, sooft, weilals, wie
dass/ ob

NE.Nom Afrika, DDR, Julia
NN.Dat ARD, C-Jugend, Hausern
ORD 3. 2704361.
POSS.attr.Nom / POSS.subst.Dat ihr, meine, unseréeurem, unseren
POSTP.Dat.entsprechend entsprechend

PPRF.Akk sich, uns

PPRO.Nom du, ich, ihr

PPRZ.Akk einander

PREP.AKk.fur far

PREPart.Dat.zu zum

PROADV.dadurch dadurch

PTKL.Adj/ PTKL.Ant allzu, anm/ bitte, nein
PTKL.Neg/PTKL.zu nicht/ zu

REL.attr.Gen / REL.subst.Nom

deren, dessehdas, der, die

S-SYMBOL.Komma

S-SYMBOL.Norm ;7

TRUNC ARD- Doktoranden- Jugend-
VBFIN bleibe, blieben

VHFIN hast, hatte

VMFIN durftest, kbnnte, mochten
VSFIN sind, war, waren

VVFIN backte, ranntet, schlaft
VWFIN werden, wird, wirde
VVFINsep gibt, rennen, trennte

VVINF abblocken, eilen, schwimmen
VVIizU dabeizusein, glattzubtigeln
VBpast geblieben

VPRE ab, her, hinein, zu
WADV.warum warum

WPRO.attr.Akk / WPRO.subst.Dat welche, welcheswelchen, wem

Table 3.8:

Examples of grammar terminals

127

es



128 CHAPTER 3. STATISTICAL GRAMMAR MODEL
Grammar Rules

The following paragraphs provide an overview of the Gernanext-free grammar rules. Prefer-
ably the grammar code is omitted, and the rules are illiesiraly syntactic trees and example
sentences. Features which are irrelevant for the illustraif specific grammar rules may be
left out. Explanations should help to grasp the intuitiohibd the rule coding strategies, cf.
Section 3.2.1. The total number of context-free grammasrid 35,821.

Sentence Structure The grammar distinguishes six finite clause types:

e C-1-2 forverb first and verb second clauses,

C-rel for relative clauses,

C-sub for non-subcategorised subordinated clauses,

C-dass for subcategorised subordinatgassclauses (‘that’-clauses),
C-ob for subcategorised subordinatel-clauses (‘whether’-clauses),
C-w for subcategorised indireath-questions.

The clause types differ with respect to their word order drairtfunction.C-1-2 clauses have
the main verb in the first or second position of the clause anather claus types have the main
verb in clause final position. The final clause types arertisished, becausg-dass, C-ob

and C-w can represent arguments which are subcategorised by the luagrC-rel andC-
sub cannot. In additionC-rel andC-sub have different distributions (i.eC-rel typically
modifies a nominal categorg-sub a clause), and the possible clausal argume@ntiass,
C-ob, C-w and alsaC-1-2 may be subcategorised by different verbs and verb classes.

The clause leveC produces another the clause categ®ryhich is accompanied by the relevant
subcategorisation frame type dominating the clause. Aklszfore, this extraordinary rule level
is provided, since the lexicalisation of the grammar ruléh their verb heads will automatically
lead to a distribution over frame types. The effect of thisocfggrammar rules will be illustrated
in detail in Section 3.4 which describes the empirical lakacquisition as based on the grammar.

C-<type> -> S-<type>.<frame>

In order to capture a wide range of corpus data, all possiysubcategorised clause types (verb
first and verb second clauses, relative clauses, and naat®gorised subordinated clauses)
generates-top and can be combined freely by commas and coordinating cotiquns.

S-top -> S-top KONJ.Kon S-top

S-top -> S-top S-SYMBOL.Komma S-top

S-top are terminated by a full stop, question mark, exclamationkmeolon, or semicolon.
TOPIs the overall top grammar category.

TOP -> S-top S-SYMBOL.Norm
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Figure 3.7 illustrates the top-level clause structure bmloiming a matrix clause and a non-
subcategorised causal clause. The example senteReteiskommt zu spéat, weil er verschlafen
hat ‘Peter is late, because he overslept'.

TOP
/ \
S-top S-SYMBOL.Norm
\ ‘
S-top S-SYMBOIL.Komma S-top .
C-|1-2 ‘ C-|sub
Peter koert Zu spat weil er verLchIafen hat

Figure 3.7: Top-level clause construction

Verb Phrases The clausal categories-<type>.<frame> below C are generated by verb
phrases which determine the clause type and the frame typevdrb phrases are the core part
of the German grammar and therefore designed with specialacal attention to detail. A verb
phrase is defined as the verb complex which collects pregeatid following arguments and
adjuncts until the sentence is parsed. The resulBiigame distinguishes verb arguments and
verb adjuncts; it indicates the number and types of the vegbnaents, verb adjuncts are not
marked.

Four types of verb phrases are distinguished: actW®Y, passive VPP, non-finite PI) verb
phrases, and copula constructioK). Each verb phrase type is accompanied by the frame
type which may have maximally three arguments. Any verb carcgpally occur with any frame
type. Possible arguments in the frames are nominative tived(d) and accusative (a) noun
phrases, reflexive pronouns (r), prepositional phrasesp)finite verb phrases (i), expleties

(x), and subordinated finite clauses (s-2 for verb secongsels, s-dass falassclauses, s-ob for
ob-clauses, s-w for indireath-questions). Prepositional phrasesvMBRP, which are headed by
the prepositionsonor durchand indicate the deep structure subject in passive cotisingcare
marked by ‘P’ instead of 'p’. The frame types indicate the temand kind of subcategorised
arguments, but they generalise over the argument ordeexaonple, the verb phras&A.nad
describes an active ditransitive verb phrase with a nonvieaan accusative and a dative noun
phrase (with any scrambling orde¥JPA.ndp describes an active verb phrase with a nominative
and a dative noun phrase plus a prepositional phrase (withsarambling order)VPP.nP
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describes a passive verb phrase with a nominative noungharaisa prepositional phrase headed
by vonor durch (with any scrambling order).

The combinations of verb phrases and frame types are liatddhbles 3.9 to 3.12; the active
frame types in Table 3.9 generalise over the subcategiorisia¢haviour of the verBsand have
already been introduced in Appendix A. The frame types aveldped with reference to the
standard German grammar by Helbig and Buscha (1998). Takaio38 frame types covers the
vast majority of the verb structures, only few infrequeminfie types such asa or nag have
been ignored.

Active and passive verb phrases are abstracted from thie Wy introducing a generalising
level. For example, the clause categ&ya , a transitive type subcategorising a direct object,
producesvVPA.na in active voice and/PP.n andVPP.nP in passive voice. This treatment is
justified by argument agreement of the frame types on the sieegture level, e.g. the surface
structure subject iIWVPP.n andVPP.nP agrees with the surface structure objecViRA.na,
and the prepositional phrase WPP.nP agrees with the surface structure subjecVPA.na .
With ‘agreement’ | refer to the selectional preferenceshefverbs with respect to a frame type
and the frame arguments. In addition to generalising overeydhe different kinds of copula
constructions in Table 3.12 are generalised to the frame'ypThe generalisation is performed
for all S-types. Table 3.13 provides a list of all generalised frarascdptions. VPI do not
represent finite clauses and therefore do not gen&dtat are instead arguments within t8e
frame types.

3This idea will be explained in detail below.
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Frame Type) Example
n Natalie, schwimmt.
na Hans, sieht seine Freundjn
nd Er, glaubt den Leutepnicht.
np Die Autofahrey, achten besonders auf Kinger
nad Annag, verspricht ihrem Vaterein tolles Geschepk
nap Die kleine Verkauferip hindert den Diep am Stehlen
ndp Der Moderatoy, dankt dem Publikugftr sein Verstandnjs
ni Mein Freund versucht immer wieder, punktlich zu kommen
nai Er,, hort seine Muttey ein Lied singen
ndi Heleng verspricht inrem Grof3vatgiihn bald zu besuchen
nr Die kleinen Kindey flirchten sich.
nar Der Unternehmey erhofft sich baldigen Aufwing.
ndr Sie, schlief3t sichnach 10 Jahren wieder der Kirchan.
npr Der Pastoy, hat sich als der Kirche wirdig erwiesen.
nir Die alte Frauy, stellt sich vor, den Jackpot zu gewinnen
X Es, blitzt.
Xa Es, gibt viele Biichey.
xd Es, graut mir,.
Xp Es, geht um ein tolles Angebot flr einen super Computer
Xr Es, rechnet sich.
xs-dass Es, heil3t, dass Thomas sehr klug,ist,s.
ns-2 Der Abteilungsleiter hat gesagt, er halte bald einen Vortrag.
nas-2 Der Chef, schnauzt ihpan, er sei ein Idiat .
nds-2 Er, sagt seiner Freundip sie sei zu krank zum Arbeiten.
nrs-2 Der traurige Voge| wiinscht sich sie bliebe bei ihnp,.
ns-dass Der Winter, hat schon angektindigt, dass er bald kommt,.
nas-dass Der Vater, fordert seine Tochterauf, dass sie verreist, .
nds-dass | Er, sagt seiner Geliebtgndass er verheiratet ist ;...
nrs-dass Der Jungg wunscht sich dass seine Mutter bleipt,, .
ns-ob Der Chef, hat gefragt, ob die neue Angestellte den Vortrag hajt
nas-ob Anton, fragt seine Fray, ob sie ihn liebt .
nds-ob Der Nachbay, ruft der Fray; zu, ob sie verreist .
nrs-ob Der Alte, wird sich. erinnern, ob das Madchen dort war,,.
ns-w Der kleine Jungg hat gefragt, wann die Tante endlich ankommt
nas-w Der Mann, fragt seine Freundin warum sie ihn lieht .
nds-w Der Vater, verrat seiner Tochternicht, wer zu Besuch kommt,.
nrs-w Das Madchep erinnert sich, wer zu Besuch kommt,.
k Der neue Nachbarist ein ziemlicher Idiot.

Table 3.9: Subcategorisation frame types: VPA
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Frame Type) Example
n Peter, wird betrogen.
nP Peter, wird von seiner Freundip betrogen.
d Dem Vatey wird gehorcht.
dP Dem Vatey wird von allen Kinderm gehorcht.
p An die Vergangenhegiwird appelliert.
pP Von den alten Leutgnwird immer an die Vergangenhgiappelliert.
nd Ihm,; wurde die Verantwortungubertragen.
ndP Ihm,; wurde von seinem Cheflie Verantwortung tbertragen.
np Anng, wurde nach ihrer GroBmuttgibenannt.
npP Anng, wurde von ihren Elterp nach ihrer Grolimuttgrbenannt.
dp Der Organisatoring wird fur das Essengedankt.

dpP Der Organisatorirg wird von ihren Kollegep fur das Essengedankt.
i Punktlich zu geherwurde versprochen.

iP Von den Schilerwurde versprochen, punktlich zu gehen
ni Der Sohr) wurde verpflichtet, seiner Mutter zu helfen
niP Der Sohr wurde von seiner Mutterverpflichtet, ihr zu helfen
di Dem Vatey wurde versprochen, frih ins Bett zu gehen
diP Dem Vatey wurde von seiner Freundinversprochen, friih ins Bett zu gehen
s-2 Der Chef halte einen Vortrag,, wurde angekundigt.
sP-2 Vom Vorstand wurde angekiindigt, der Chef halte einen Vortrag
ns-2 Peter, wird angeschnauzt, er sei ein Idjos.
nsP-2 Peter, wird von seiner Freundip angeschnauzt, er sei ein Idiat.
ds-2 Dem Madchepnwird bestatigt, sie werde reich,.
dsP-2 Dem Madchepwird vom Anwalp bestatigt, sie werde reigh,.
s-dass Dass er den Vortrag halt 4,,,, wurde rechtzeitig angektindigt.

sP-dass Dass er den Vortrag hélt 4., wurde rechtzeitig vom Chefangekindigt.
ns-dass Die Mutter, wurde aufgefordert, dass sie verreist, ..

nsP-dass | Die Mutter, wurde von ihnrem Freunedaufgefordert, dass sie verrejst,;.
ds-dass Dem Madchepwird bestatigt, dass sie reich sein wjrd, .

dsP-dass | Dem Madchenwird vom Anwalt bestatigt, dass sie reich sein wjrd,..

s-ob Ob er den Vortrag héalt_,,, wurde gefragt.
sP-ob Ob er den Vortrag héalt_,,, wurde vom Vorstandgefragt.
ns-ob Anng, wurde gefragt, ob sie ihren Freund liebt,,.
nsP-ob Anng, wurde von ihrem Freunegefragt, ob sie ihn lielt ;.
ds-ob Dem Madchepnwird bestatigt, ob sie reich sein wird,.
dsP-ob Dem Madchepwird vom Anwalt bestatigt, ob sie reich sein wiyd,,.
S-w Wann er den Vortrag halt ., wurde gefragt.
sP-w Wann er den Vortrag hlt ,,, wurde vom Vorstanelgefragt.
ns-w Die Mutter, wurde gefragt, wann sie verreist,.

nsP-w Die Mutter, wurde von ihrem Freunegefragt, wann sie verreist,,.
ds-w Dem King, wird gesagt, wer zu Besuch komm;t.
dsP-w Dem King wird von den Elterp gesagt, wer zu Besuch kommj.

Table 3.10: Subcategorisation frame types: VPP
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Frame Type) Example
- zu schlafen
a ihn, zu verteidigen
d ihr, zu helfen
p an die Vergangenheiizu appellieren
ad seiner Muttey das Geschenkzu geben
ap ihren Freund am Gehepnzu hindern
dp ihr, far die Aufmerksamkeitzu danken
r sich. zu erinnern
ar sich. Aufwind, zu erhoffen
dr sich. der Kirche, anzuschlie3en
pr sich. fur den Friedep einzusetzen
s-2 anzukundigen, er halte einen Vortrag
as-2 ihn, anzuschnauzen, er sei ein ldiot
ds-2 ihr, zu sagen, sie sei unmaoglich
s-dass anzukindigen, dass er einen Vortrag halt.,
as-dass sie, aufzufordern, dass sie verrejsf, s
ds-dass ihr, zu sagen, dass sie unmaoglich,sgj
s-ob zu fragen, ob sie ihn lieke,,
as-ob sie, zu fragen, ob sie ihn liehe,,
ds-ob ihr,; zuzurufen, ob sie verrejst,,
S-w zu fragen, wer zu Besuch kommt
as-w sie, zu fragen, wer zu Besuch kommt
ds-w ihr, zu sagen, wann der Besuch kommt

Table 3.11: Subcategorisation frame types: VPI

Frame Type Example
n Mein Vater, bleibt Lehrer.
i Ihn zu verteidigenist Dummbheit.
s-dass Dass ich ihn treffe_,,,,, ist mir peinlich.
s-ob Ob sie kommt ,;, ist unklar.
S-w Wann sie kommt,,, wird bald klarer.

Table 3.12: Subcategorisation frame types: VPK

133



134

CHAPTER 3. STATISTICAL GRAMMAR MODEL

Generalised Verb Phrase Type
Verb Phrase with Frame Type
S.n VPA.n
S.na VPA.na, VPP.n, VPP.nP
S.nd VPA.nd, VPP.d, VPP.dP
S.np VPA.np, VPP.p, VPP.pP
S.nad VPA.nad, VPP.nd, VPP.ndP
S.nap VPA.nap, VPP.np, VPP.npP
S.ndp VPA.ndp, VPP.dp, VPP.dpP
S.ni VPA.ni, VPP.i, VPP.iP
S.nai VPA.nai, VPP.ni, VPP.niP
S.ndi VPA.ndi, VPP.di, VPP.diP
S.nr VPA.nr
S.nar VPA.nar
S.ndr VPA.ndr
S.npr VPA.npr
S.nir VPA.nir
S.X VPA.X
S.xa VPA.xa
S.xd VPA.xd
S.Xp VPA.Xp
S.Xr VPA.Xr
S.xs-dass | VPA.xs-dass
S.ns-2 VPA.ns-2, VPP.s-2, VPP.sP-2
S.nas-2 | VPA.nas-2, VPP.ns-2, VPP.nsP-2
S.nds-2 | VPA.nds-2, VPP.ds-2, VPP.dsP-2
S.nrs-2 | VPA.nrs-2
S.ns-dass | VPA.ns-dass, VPP.s-dass, VPP.sP-dass
S.nas-dass VPA.nas-dass, VPP.ns-dass, VPP.nsP-dass
S.nds-dass| VPA.nds-dass, VPP.ds-dass, VPP.dsP-dass
S.nrs-dass| VPA.nrs-dass
S.ns-ob | VPA.ns-ob, VPP.s-ob, VPP.sP-ob
S.nas-ob | VPA.nas-ob, VPP.ns-ob, VPP.nsP-ob
S.nds-ob | VPA.nds-ob, VPP.ds-ob, VPP.dsP-ob
S.nrs-ob | VPA.nrs-ob
S.ns-w VPA.ns-w, VPP.s-w, VPP.sP-w
S.nas-w | VPA.nas-w, VPP.ns-w, VPP.nsP-w
S.nds-w | VPA.nds-w, VPP.ds-w, VPP.dsP-w
S.nrs-w | VPA.nrs-w
S.k VPK.n, VPK.i, VPK.s-dass, VPK.s-0b, VPK.s-

Table 3.13: Generalised frame description
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Clause Type Example
verb first clause Liebt Peter seine Freundin?
Hat Peter seine Freundgeliebf?
verb second clause| Peteriebt seine Freundin.
Peter hat seine Freundjeliebt
verb final clause weil Peter seine Freundiiebt
weil Peter seine Freundoeliebthat
relative clause der seine Freundilebt
der seine Freundigeliebthat
indirectwh-question| wer seine Freundihebt
wer seine Freundigeliebthat
non-finite clause seine Freundin zlieben
seine Freundigeliebtzu haben

Table 3.14: Clause type examples

As mentioned before, the lexical verb head as the bearerafltusal subcategorisation needs
to be propagated through the parse tree, since the headniation is crucial for the argument
selection. The grammar structures are therefore basedmualled ‘collecting strategy’ around
the verb head: The collection of verb adjacents starts atgtiehead and is performed differently
according to the clause type, since the verb complex isseglby different formations and is
situated in different positions in the topological sentestructure. Table 3.14 illustrates the
propositionPeter liebt seine FreundifPeter loves his girl-friend’ in the different clause types
with and without auxiliary verb. For example, in a verb firkuse with the verb head as the
finite verb, the verb head is in sentence initial position ahdrguments are to its right. But
in a verb first clause with the auxiliary verb as the finite vehe verb head is in sentence final
position and all arguments are between the auxiliary andehe head.

Below, A to E describe the collecting strategies in detaiepBnding on the clause type, they
start collecting arguments at the lexical verb head andggaie the lexical head up to the clause
type level, as the head superscripts illustrate. The claymeS indicates the frame type of the
respective sentence. Adverbial and prepositional phrdismets might be attached at all levels,
without having impact on the strategy or the frame type. Timbedding ofS underTOPis
omitted in the examples.

A Verb First and Verb Second Clauses

Verb first and verb second clauses are parsed by a commontoalechema, since they are
similar in sentence formation and lexical head positioriee $chema is sub-divided into three
strategies:

() In clauses where the lexical verb head is expressed byita fiarb, the verb complex
is identified as this finite verb and collects first all argutseo the right (correspond-
ing to Mittelfeld and Nachfeldconstituents) and then at most one argument to the left
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(corresponding to th&orfeld position which is relevant for arguments in verb second
clauses).

Below you find examples for both verb first and verb secondsdaypes. The verb
phrase annotation indicates the verb phrase tyf8A(n the following examples), the
clause typd-2 , the frame type (herena) and the arguments which have been collected
so far (_ for none). Thel directly attached to the verb phrase type indicates the @iot y
completed frame. As verb first clause example, | analyse éh&enceliebt er seine
Freundin?‘Does he love his girl-friend?’, as verb second clause exap@nalyse the
sentencér liebt seine FreundifHe loves his girl-friend’. The lexical head of pronouns
is PPRO

S-1-2.ndicter]
|

VPA-1-2.na.né&benl

T

VPAl_l_Z'na.Hieben] NPIAkk[Freundin}

N |

VPA1-1-2.na.leben]  NP.Nom?PEOl  seine Freundifeudinl

Liebt{lieben} er[PPRO]

S-1-2.ndicter]
|

VPA-1-2.na.né&benl

T

NP.Nom? POl VPA1-1-2.na.&¢ben]
ErPPROL  VYPAL-1-2.na llicten] NP AKKFreundin]
liebtlticben] seine Freundifeundin]

wh-questions are parsed in the same way as verb second clalls®g.only differ in
that theVorfeld element is realised by ah-phrase. The following parse tree analyses
the questior\Wer liebt seine Freundin2Who loves his girl-friend?’. (Notice thawh-
words in German are actuay-words.)
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S-1-2.ndver!

VPA-1-2.na.n&ben]

T

WNP.Noniwer] VPA1-1-2.na.&ben]
Wertwer] VPA1-1-2.na. licben] NP.AKK! reundin]
liebtltieben] seine Freundifreundin]

(i) Finite verbs with separable prefixes collect their argunts in the same way. The nota-
tion differs in an additional indicatort (for trennbar‘separable’) which disappears as
soon as the prefix is collected and the lexical head identifield necessary to distin-
guish verbs with separable prefixes, since the lexical vedullis only complete with the
additional prefix. In this way we can, for example, diffeiaté the lexical verb heads
servieren'serve’ andabserviererithrow out’ in er serviert eine Tortéhe serves a cake’
vs. er serviert seinen Gegner abe throws out his opponent’.Following you find an
example for the distinction. The head of the first tregasvierenthe head of the second

treeabservieren
S-1-2.na&ervieren]
VPA-1-2.nL.néiervi6renJ
NP.NorﬁPPRO}/ >A1-1-2.na.éervieren]
EHPLRO] VPA1-1-2.na, servieren] E.Akk[%”e}
servierf|58”i6’“8"} eine To|rtéT orte]

4LoPar provides a functionality to deal with particle verb lemmas.



138 CHAPTER 3. STATISTICAL GRAMMAR MODEL

S-1-2. nézbseruieren}

VPA-1-2.na.ngbservieren]

/ \

NP.Nom?##0] VPAL-1-2.na.gbservieren]
EHPLRO} VPA1-1-2_t.na.a®} \ Vsep®!
VPA1-1-2_t.na.[_“@’"6”] E.Akk[Gefmeﬂ ab|[ab]
serviertebservieren] seinen Gl:gné@egner]

(i) In constructions with auxiliary verbs, the argumertllection starts at the non-finite
(participle, infinitival) lexical verb head, collectinggamrments only to the left, since all
arguments are defined in tMerfeld and Mittelfeld. An exception to this rule are finite
and non-finite clause arguments which can also appear iNaebfeldto the right of
the lexical verb head. The non-finite status of the verb cate marked by the low-
level verb phrase typegart for participles andnf for infinitives. As soon as the
finite auxiliary is found, at most one argument (to the leftiriissing, and the non-finite
marking on the clause category is deleted, to proceed as Bdliow you find examples
for verb second clauseEr hat seine Freundin geliebile has loved his girl-friend’ and
Er hat versprochen, dass er komiide has promised to come’. The comma in the latter
analysis is omitted for space reasons.

S-1-2.ndreben]

VPA-1-2.na.n&enl

T

NP.Nom? ROl VPA1-1-2.na.deben
ErlPPRO] VHFIN thaben] VPA-past1-1-2.nal4ben]
hat/aben] NP.Akk Freundin] VPA-past1-1-2.nalleben]

seine Freundifeundin] geliebtticven]
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S-1-2.ns-dagisrrechen]

VPA-1-2.ns-dass.ns-daggsrrechen]

T

NP.Nom?"##0] VPA1-1-2.ns-dass.s-dagg:rrechen]

| }/ \

ErlPPRO] VHFIN [haben VPA-past1-1-2.ns-dass.s-daggrrechen]
hat/aben] VPA-past1-1-2.ns-dasg!e’ sprechen] C-das&ommen]

versprochefiersprechen] dass er komrHemen]

Strategies (i) and (i) can only be applied to sentencesawitlauxiliaries, which is a subset
of VPA Strategy (iii) can be applied to active and passive verlagds as well as copula
constructions. Table 3.15 defines the possible combiratbfinite auxiliary verb and non-
finite verb for the use of present perfect tense, passiveey@tc. An example analysis is
performed for the sentender wird von seiner Freundin geliedHe is loved by his girl-
friend’.

VP Combination Example

Type Type Auxiliary | Non-Finite Verb

VPA | present perfect VHFIN past participle | hat ... geliebt
present perfect VSFIN past participle | ist... geschwommen
‘to have to, must’ | VHFIN infinitive hat ... zu bestehen
future tense VWFIN | infinitive wird ... erkennen
modal construction VMFIN | infinitive darf ... teilnehmen

VPP | dynamic passive | VWFIN | past participle | wird ... gedroht
statal passive VSFIN past participle | ist... gebacken
modal construction VMFIN | past participle | mochte ... geliebt werden

VPK | ‘to be’ VSFIN predicative ist... im 7. Himmel
‘to become’ VWFIN | predicative wird ... Lehrer
‘to remain’ VBFIN predicative bleibt ... doof

Table 3.15: Auxiliary combination with non-finite verb fosm
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S-1-2.ndieben]

VPP-1-2.nP.nipeben]

T

NP.Nom"##0] VPP1-1-2.nP.peben]
EHPLRO} VWEFIN [werder] >P-|oast1-1-2.nPUF”’6”]
W"d“!’”de”} PP-passiv[@”ﬁ V?mlstl-l-Z.nPUf”@”}
PP.Dat.vLW““"dm] gelie[lflieben]

von seiner Freundilficundin]

B Verb Final Clauses

In verb final clauses, the lexical verb complex is in the finasipon. Therefore, verb ar-
guments are collected to the left only, starting from thetdiverb complex. The verb final

clause type is indicated ly. An example analysis for the sub-ordinated senteveiker seine
Freundin liebt'‘because he loves his girl-friend’ is given.

S-sub.n&¢ben]

— T

KONJ.Sulyel VPA-F.na.ndven]
weilwell NP.Nomi? %0 VPA1-F.na.d*bn]
er[PPRO] NP_Akk[Freundin} VPA1-F.na. [lieben]

seine Freundiff revndin] liebtlticber]
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As an exception to the collecting strategy, clausal argusemght appear in th&lachfeld

to the right of the verb complex. Below, two examples are wmivie weil er verspricht zu
kommeribecause he promises to comeérsprichtin final clause position subcategorises a
non-finite clause\(Pl-max is a generalisation over all non-finite clauses), anaveil er
fragt, wann sie kommbecause he asks when she is going to corfragt in clause final
position subcategorises a finigrclause. The comma in the latter analysis is omitted for
space reasons.

S-sub. n[iuersprechen]

— T

KONJ_SuE}UGi” VPA-F.ni.niversprechen]
weillweil NP.Nom?##0] VPA1-F.ni.jversprechen]
er[PPRO} VpAl_F.nl__[versprechen} Vp|_ma)&kommen]

versprichtverserechen] 7z kommefiermen]

S-sub.ns-Wragen]

— T

KONJ.|Sutbwei” wlzns W. ns@
weillvell NP.NoTiP PRO] Vp? NS-W.S-Wraoen]
er ROl VPA1-F.ns-w, [/rasen] C-wikommen]
fragt[f|’ ragen] wann sie komnHrmmen]

C Relative Clauses

Relative clauses are verb final clauses where the leftmgsihant to collect is a noun phrase,
prepositional phrase or non-finite clause containing divel@pronoun:RNRP RPPR, VPI-RC-
max. The clause type is indicated Ipy(as for verb final clauses) until the relative pronoun
phrase is collected; then, the clause type is indicateBRGyAn example analysis is given
for der seine Freundin liebiwho loves his girl-friend’. As for verb final clauses, finitend
non-finite clauses might be subcategorised to the rightefittite verb.
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S-rel.ndeben]

VPA-RC.na.né’nl

T

RNP.Nonfr] VPA1-F.na.d""]
der{de’"] NP.AkKE reundin] VPA1-E. na_ﬁi@ben]
seine Freundiffreundin] liebtltieben]

D Indirectwh-Questions

Indirectwh-questions are verb final clauses where the leftmost argutoeollect is a noun
phrase, a prepositional phrase, an adverb, or a non-fiaitselcontaining wh-phrase WNP
WPRWADWVPI-W-max . The clause type is indicated IBy(as for verb final clauses) until
the wh-phrase is collected; then, the clause type is indicatetVb&n example analysis is
given forwer seine Freundin liedtvho loves his girl-friend’. As for verb final clauses, finite
and non-finite clauses might be subcategorised to the righedinite verb.

S-w. n&ieben}

VPA-W.na.néeben]

T

WNP.Nomwer] VPA1-F.na.dten]
werwer] NP.AkKFreundin] VPA1-FE. na.ﬁie”e”]
seine Freundifevndin] liebtlticben]

E Non-Finite Clauses

Non-finite clauses start collecting arguments from the fioite verb complex and collect to
the left only. As an exception, again, clausal argumentsalfected to the right. An example
analysis is given foseine Freundin zu liebetto love his girl-friend’. As mentioned before,
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VPI-max is a generalisation over all non-finite clauses. It is thevaht category for the
subcategorisation of a non-finite clause.

VPI-maxticten]

VPl.a.d ]
N P.Akk[Freundin} VPI1l.a. [lieben]

seine Freundid7evn@nl  zy lieberf’ee"!

Non-finite clauses might be the introductory part of a retatlause or avh-question. In that
case, the leftmost argument contains a relative pronoumwr@hrase, and théPl category
is marked byRCor W respectively. The following examples analy#ie zu lieberiwhom to
love’ andwen zu lieberwhom to love’.

VPI-RC-maxicben] VPI-W-max!ieben]

VPI-RC!a.#ie”e”] VPl-w.L.eiliebenJ
RNP-AKK{‘{Q] \>|1-a-_[”e”8"] WNP.Akkﬁ \El.a._[”e”m}
die|[di8] zu Iieb|erﬂie”8"} Wer|{wer] zu |ieb|e,ﬂieben}

Noun Phrases The noun phrase structure is determined by practical nééoisn phrases are
to be recognised reliably, and nominal head informationtbdse passed through the nominal
structure, but the noun phrase structure is kept simpleowttia theoretical claim. There are
four nominal levels: the terminal noudNis possibly modified by a cardinal numb€ARD

a genitive noun phrasdP.Gen, a prepositional phrase adjurfeP-adjunct , a proper name
phraseNEP, or a clauseS-NN, and is dominated bN1. N1 itself may be modified by an
(attributive) adjectival phras&DJaP to reachN2 which can be preceded by a determin®R{,
DEM, INDEF, POSY) to reach theNPlevel. All noun phrase levels are accompanied by the
case feature. Figure 3.8 describes the noun phrase stuessuming case agreement in the
constituents. The clause lab8iNN is a generalisation over all types of clauses allowed as
noun modifier.C-rel, C-dass, C-ob, C-w . Example analyses are provided for the noun
phrasegener Mann mit dem Huthat man with the hat,,,, den alten Bauern Fehretthe old
farmer Fehreni,,, andder Tatsache, dass er schl&tfte fact that he sleeps.,..
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NP
/ \
{ 0, ART, DEM, INDEF, POSS } N2
\
{0, ADJa{ N1 \
/
NN~ { 0, CARD, NP.Gen, PP-adjunct, NEP, S-NN }

Figure 3.8: Nominal syntactic grammar categories

NP.Nom* el
DEM.attr.NonVe”{ \NZ.Non{Mann]
jenell{jene’“} N1.No|n{Mann]
NN.No|m[MannJ

N

NN.Nom*enl — pP-adjunct!

ManriMann]l mit dem Hut?v!

NP.AkkBaver]

/\

ART.AKK!der] N2.AkkBauer]

derider] ADJaP.AKk!!] N1.Akk[Bazer]

alterie!tl NN.Akk[Bauer] NEP.AkkFehren]

BauernBeuer]  Fehrent"ehren]
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NP.Geril a!sache]
ART. Geﬁdie}/ \NZ _Genlatsache]
der|{di6} N1. GerILTatsache}
NN .GeﬁT“““ChfﬂA BOI/_. Ko mmél\ S-NNschlafen]
Tatsach|éT atsache] ,[|J C-das&chiafen]

dass er schlafihiefen]

Figure 3.9 describes that proper name phr&deBare simply defined as a list of proper names.
As for common nouns, all levels are equipped with the caswifea Example analyses are
provided forNew York,,, andder alte Peterthe old Petery,,,,.

NEP NE1 NE1
/N ]
NE1 NE NE1 NE

Figure 3.9: Proper names

NEP.AKKY ol NP.Nomi"eter]

NEl.A|kk[Y°’°’“] ART.Nom[deﬂ/ E.Norﬁpet”]
NE.AkkU{w] I\E.Akk[y"”ﬂ deld”] ADJaP.No{”t] ENon{Pm]
Neleew] NE.Aik[Ym“k] altl[“m NEP.NLrﬁPeteﬂ
YorllYork} NEl.N(|)rﬁP8t8’"]

NE.Nom/eter!

Peter!eter]
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Figure 3.10 shows that noun phrases can generate pronodrastdinal numbers, which do
not allow modifiers. A number of examples is provided, ililatihg the simple analyses fah
‘I vom, dich'you’ 441, €inander'each other,,, andallen ‘everybody’p,;.

NP NP NP NP NP NP NP

PPRO PPRF PPRZ POSS CARD DEM INDEF

Figure 3.10: Noun phrases generating pronouns and casdinal

NP.Nom?Fk0] NP.AKkK? RO NP.Akkleinander] NP.Dateel

PPRO.NorH #RO] PPRF.AkKkF RO PPRZ.AkKeinander] INDEF.subst.Dag!¢l

ichlPPRO] dichl" POl einandefemender] allene!’e]

For relative and interrogative clauses, the specific kifdd®s introducing the clause need to
be defined, either as stand-alone pronoun, or attributo@iybined with a nominal oN2 level.
RNPand WNPare also equipped with the case feature. See the definitiGigure 3.11 and
a number of example analyses fiber ‘who’ y,,,, dessen Brudetwhose brothery,,, andwem

‘whom’ p,;.

RNP RNP WNP WNP
/N / \
REL REL N2 WPRO  WPRO N2

Figure 3.11: Noun phrases introducing relative and intgatioe clauses

RNP.Noner] RNP.AKKBruder] WNP.Datve'!
REL.subst.Nord¢’] REL.attr.Gerferl  N2.AkklBruder] WPRO.subst.Déte’]

derider] desself¢’] BruderBruder] wemwer]
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Prepositional Phrases Prepositional phrases are distinguished in their formatidh respect
to their syntactic function: (A) arguments vs. (B) adjunddy introducing both PP-arguments
and PP-adjuncts | implicitly assume that the statisticahgnar model is able to learn the dis-
tinction between the grammatical functions. But this distiion raises two questions:

1. Which is the distinction between PP-arguments and Pimaty?

As mentioned before, to distinguish between arguments dpdhets | refer to the op-
tionality of the complements. But with prepositional plassthere is more to take into
consideration. Standard German grammar such as Helbig aschB (1998, pages 402—
404) categorise adpositions with respect to their usagegumaent and adjunct PPs. With
respect to PP-arguments, we distinguish verbs which atectes to a single adposition
as head of the PP (such ashten auf‘to pay attention, to look after’) and verbs which
require a PP of a certain semantic type, but the adpositiogistvary (e.g.sitzen'to sit’
requires a local PP which might be realised by prepositioich sisauf, in, etc.). Adpo-
sitions in the former kind of PP-arguments lose their leixicaaning in composition with
a verb, so the verb-adposition combination acquires a wompositional, idiosyncratic
meaning. Typically, the complements of adpositions in RRgha@ents are more restricted
than in PP-adjuncts.

2. Is it possible to learn the distinction between PP-arqumand PP-adjuncts?

To learn the distinction between PP-arguments and PP-atdgia specifically hard prob-
lem, because structurally each PP in the grammar can bedmssegument and as adjunct,
as the PP-implementation below will illustrate. The cluassthe learning therefore lie in
the distinction of the lexical relationships between vexbd adpositions and verbs and PP-
subcategorised (nominal) head. The lexical distinctiopuidt into the grammar rules as
described below and even though not perfect actually hapsarning (cf. the grammar
evaluation in Section 3.5).

A PP-Arguments

Prepositional phrase arguments combine the generateditidpavith case information, i.e.
PP.<case>.<adposition> . Basically, their syntactic structure requires an adpmsit
or a comparing conjunction, and a noun or adverbial phrasEjgure 3.12 shows. The head
of the PP-argument is defined as the head of the nominal orla@di/phrase subcategorised
by the adposition. By that, the definition of PP-arguments/igies both the head informa-
tion of the adposition in the category name (to learn theckdxielationship between verb
and adposition) and the head information of the subcategdnphrase (to learn the lexical
relationship between verb and PP-subcategorised nomiraa\erbial head). Examples for
the prepositional phrases in Figure 3.12wafre ein Idiot'as an idiot’,von druberfrom over
there’,am Hafen'at the port’,meiner Mutter wegeftbecause of my mother’.
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PP PP
PREP/KO(J.VgI\ NP PREP/KON/J.ngDVP
PP PP
PREért\NZ NP/ P\OSTP

Figure 3.12: Prepositional phrase arguments

PP.Nom.vgl PP.Dat.vorte"!
KONJ.Vgﬁe] r\}NorﬁMwﬂ PREP.Dat.@n] Evp[drben}
Wie|[“’ie} ein Idi|otU diol] von|[v0n] drUbe’ﬁdrben}
PP.Dat.amf/¢n] PP.Gen.weget{ ]
PREPart.Déﬁ” EDaﬁHﬂf@n} NP.GerﬁM“”e{ PO&Gen.wegéﬁgen]
ar’rl[“”] HaferlH“fB”} meinerMLtteW““”] Wege!{fuegen}

In addition, the prepositional phrases generate prondraimé interrogative adverbs if the
preposition is the morphological head of the adverb, fongxa:

PP.AKkk.fur -> PROADV.dafur’

Like for noun phrases, the specific kinds of PP-argumentsiwintroduce relative and inter-
rogative clauses need to be defined. See the definition ind-Bj@3. Examples are given for
mit dem'with whom’, durch wessen Vatéby whose father’, andavofir ‘for what'.
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RPP

/N

PREP/KONJ.Vgl RNP

WPP WPP WPP
PREP/KONJ.Vgl WNP PREP/KONJ.Vgl WADVP  WADVP

Figure 3.13: Prepositional phrase arguments in relatidaterrogative clauses

RPP.Dat.mite"]
PREP.Dat.nﬁiﬂ EP.Da er]
mit!miﬂ REL.sut!st.Défeﬂ
den|id6ﬂ
WPP.Akk.durch ater] WPP.AKK.flirwo/r]
PREP.Akk.du@:h] hp.AkkWater] WADVP.v[/ofuﬁwofﬂ
durcr|{d“’°0h} wessen |\/até ater] Wofu|r{w0f7"]

Finally, a syntactically based categdi®/W)PP-passive  generates the two prepositional
phrase¢R/W)PP.Akk.durch  and(R/W)PP.Dat.von as realisations of the deep struc-
ture subject in passive usage. See the examplesfoseiner Freundirby his girl-friend’,

anddurch deren Hilfeéby the help of who'.

PP-passivéeundinl RPP-passivéi/el
PP.Dat.voHreundin] RPP.Akk.durcH?#/el
PREP.Dat.vol"! NP.Dat! eundin] PREP.Akk.durcl{urch] NP.AkklHfel

vorivon] seiner Freundif evndin] durchdurch] deren Hilfé!!il/el
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B PP-Adjuncts
Prepositional phrase adjuncts are identified by the syinteategory(R/W)PP-adjunct
As PP-arguments, they require an adposition and a noun or aclgtmase (cf. Figure 3.14),
but the head of the PP-adjunct is the adposition, becauseftirenation subcategorised by
the adposition is not considered relevant for the verb selgoaisation. Example analyses are
provided forbei dem Torat the gate’,nach draul3erto the outside’, andzu dem'towards

who'.

PP-adjunct PP-adjunct PP-adjunct PP-adjunct

/N / N\ /N / \

PREP/KONJ.Vgl NP PREPart N2 PREP/KONJ.Vgl ADVP NP POSTP

RPP-adjunct WPP-adjunct WPP-adjunct

/N /N N

PREP/KONJ.Vgl RNP PREP/KONJ.Vgl WNP PREP/KONJ.Vgl WADVP

Figure 3.14: Prepositional phrase adjuncts

PP-adjunct’ PP-adjundtec"]
PREP. Dat@?ﬂ E’ Dat’*"] PREP.Dat. ngpch] Evp[dmuen}
bei|[”8i] dem ‘|I'0PT0T] nacr|{”“c’1] drau Be[ﬁimum}
RPP-adjunct®
PREP.DatQ} }\IP.Daide’“}
zu[|zu} REL.sub|st.Dai er]

derﬁder]
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Adjectival Phrases Adjectival phrases distinguish between (A) an attribuawvel (B) a pred-
icative usage of the adjectives.

A Attributive Adjectives

Attributive adjectival phrases are realised by a list ofiladitive adjectives. The adjectives are
required to agree in case. Terminal categories other thelmeble attributive adjectives are
indeclinable adjectives, and cardinal and ordinal numbHEme attributive adjective formation
is illustrated in Figure 3.15. Attributive adjectives orethar level might be combined with
adverbial adjuncts. Example analyses are providedoiten alten‘great old’4.., andganz
lila ‘completely pink’x .

ADJaP ADJal ADJal

| / N\

ADJal ADJ ADJal ADJal

ADJal

{ ADJ-invar, CARD, ORD }

Figure 3.15: Attributive adjectival phrases

ADJaP.AKKa!! ADJaP.Nonf#el
ADJa1|.Ak|&a“J ADJaP.|NonHila}
ADJal.AkI{{O”} AEal.Akl&““J ADJal. Norﬁp/amJ Eal.NonH“aJ
ADJ.A|\kk[t0”] ADJ.,lkkth ADV||D{ganz} AD J_ir|“,a,{zua]
toIIe|n[t°l” alte|r{“”] ganlgam} Iila|[”l“}
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B Predicative Adjectives

Predicative adjectival phrases are realised by a predeatijective (possibly modified by a
particle), or by an indeclinable adjective, as displayeéigyre 3.16. As attributive adjectival
phrases, the predicative adjectives on the bar level mghoimbined with adverbial adjuncts.
Example analyses are given o alt‘too old” andwirklich hervorragendreally excellent’.

ADJpP ADJpl ADJpl ADJpl
ADJpl ADJ-pred PTKL.Adj ADJ-pred ADJ-invar

Figure 3.16: Predicative adjectival phrases

ADJpP] ADJpPhervorragend]
ADJ|p1Wﬂ ADJp 1[he|rvorragend}
PTKL. Adjé,b] Q]_predalt] ADVP[rirkﬁ @ qlhervorragend]
zdtu} anLZﬂ wirklichlwirktich] AD J_predlervorragend]

hervorragend: verragend

Adverbial Phrases Adverbial phrase¢W)ADVP are realised by adverbs, pronominal or in-
terrogative adverbs. Terminal categories other than édwane predicative adjectives, particles,
interjections, and year numbers. The adverbial formatoifiustrated in Figure 3.17, and ex-
amples are provided fateswegerbecause of that'wieso'why’, and 1971 The lexical head of
cardinal numbers iI€EARD

ADVP[deswegen] WADVP[wz’eso} ADVP[CARD}
ADV1 [deswegen] WADV1 [wieso] ADV1 [CARD]
PROADV.deswegeéffswesen] WADV.wiesg®s°l CARD-timg“A~D]

deswegelfcswesen] wiesgwiesol 1971 CARD]
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ADVP ADV1 ADV1 WADVP WADV1
ADV1 ADV PROADV WADV1 WADV
ADV1 ADV1 ADV1 ADV1

ADJ-pred  { PTKL.Ant, PTKL.Neg } {INTJ} CARD-time

Figure 3.17: Adverbial phrases

Coordination  Since coordination rules extensively inflate the grammaoydination is only
applied to specific grammar levels. Noun phrases, prepositphrases, adjectival and adverbial
phrases are combined on the phrase level only. For exanf@esttucturally ambiguous NP
die alten Ma&nner und Frauetthe old men and women’ is analysed as [[die alten Manner]
& [Frauen]yp], but not as [die [alten Manney} & [Frauenly,] or [die alten [Manneg; &
Frauen]], since coordination only applies to NP, but not to N2 or Ndoordination of verb
units is performed on fully saturated verb phrases (viéctttep level) and on verb complexes.
For example, the grammar fails in parsibgs Madchen nimmt den Apfel und strahlt ihn an
‘the girl takes the apple and smiles at him’, because it woigled to combine a fully saturated
VPA.na with a VPA.na missing the subject. In contrast, the grammar is able toedaes
Madchen nimmt den Apfel und sie strahlt ihn‘dre girl takes the apple and she smiles at him’,
because it combines two fully saturatéBA.na at theS-top level:

TOP
/ \
S-top S-SYMBOL.Norm
\ ‘
S-top KO}\IJ.Kon S-top .
C-|1-2 UI|‘ld C-|1-2
S-l!z.na S-l!z.na
Das Madchen| nimmt den Apfel sie stra|hlt ihn an

The restriction on coordination is a compromise betweeméuwessity of including coordination
into the grammar and the large number of parameters regditom integrating coordination for
all possible categories and levels, especially with resfmethe fine-grained subcategorisation
information in the grammar.
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3.3 Grammar Training

The previous section has described the development andiingpitation of the German context-
free grammar. This section uses the context-free backi®basas for the lexicalised probabilis-
tic extension, to learn the statistical grammar model. Titaengnar training is performed by the
statistical parselcoPar (Schmid, 2000). Section 3.3.1 introduces the key featurdsegarser,
and Section 3.3.2 describes the training strategy to Iéerstatistical grammar model.

3.3.1 The Statistical Parser

LoPar is an implementation of the left-corner parsing algorithits. functionality comprises
symbolic parsing with context-free grammars, and prologtiultraining and parsing with prob-
abilistic context-free grammars and head-lexicalised@bdistic context-free grammars. In ad-
dition, the parser can be applied for Viterbi parsing, taggnd chunking.

LoPar executes the parameter training of the probabilistic cdfftee grammars by thiaside-
Outside Algorithm(Lari and Young, 1990), an instance of tB&pectation-Maximisation (EM)
Algorithm(Baum, 1972). The EM-algorithm is an unsupervised iteegdchnique for maximum
likelihood approximation of training data. Each iterationthe training process consists of an
estimation (E) and a maximisation (M) step. The E-step atakia probability distribution for
the data given the model parameters from the previous iberatThe M-step then finds the
new parameter set that maximises the probability distiobut So the model parameters are
improved by alternately assessing frequencies and estignatobabilities. The EM-algorithm

is guaranteed to find a local optimum in the search space. Ednsitive to the initialisation of
the model parameters. For theside-Outside Algorithithe EM-parameters refer to grammatr-
specific training data, i.e. how to determine the probaédibf sentences with respect to a
grammar. The training is based on the notion of grammar ocategand estimates the parameters
producing a category (‘outside’ the category with respeect tree structure) and the parameters
produced by a category (‘inside’ the category with respec tree structure), hence the name.
The parameter training withoPar is performed by first optimising the PCFG parameters, then
using the PCFG parameters for a bootstrapping of the lesethH-L PCFG model, and finally
optimising the H-L PCFG parameters.

According to Manning and Schiitze (1999), a main problem &ffM=FGs is that for discriminat-
ing the large number of parameters a sufficient amount otilstg data is required. The sparse
data problem is pervasive, so effective smoothing teclesgue necessaryoPar implements
four ways of incorporating sparse data into the probahilisiodel:

(i) The number of parameters is reduced by allowing lemradtigsord forms instead of fully
inflected word forms.

(i) All unknown words are tagged with the single tokeanknown> which also propagates
as lexical head. A set of categories for unknown words mayeberchined manually before
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the parsing process, e.g. noun tags are assigned by defaalpitalised unknown words,
and verb tags or adjective tags to non-capitalised unknoandsv This handling prevents
the parser from failing on sentences with unknown words.

(iif) Parameter smoothing is performed by absolute distagn The smoothing technique as
defined by Neyet al. (1994) subtracts a fixed discount from each non-zero pasnalue
and redistributes the mass of the discounts over unseetseven

(iv) The parameters of the head-lexicalised probabilstiatext-free grammar can be manually
generalised for reduction (see ‘parameter reductionbelo details).

3.3.2 Training Strategy

The training strategy is the result of experimental work eh HCFGs for German, since there
is no ‘rule of thumb’ for the parameter training which is wafor all possible setups. Former
versions of the training setup and process are reported hyeBal. (1999), Schulte im Walde
(2000b) and Schulte im Walds al. (2001). The latter reference contains an evaluation ofrdese
training strategies.

Training Corpus As training corpus for the German grammar model, | use pdreslarge
German newspaper corpus from the 1990s, which is referred theHuge German Corpus
(HGC). The HGC contains approximately 200 million words of newspatext fromFrank-
furter RundschayStuttgarter ZeitungVDI-Nachrichtendie tageszeitungserman Law Corpus
Donaukurier andComputerzeitung

The corpus training data should be as humerous as posslites sraining should be performed

on all 200 million words accessible. On the other hand, timestraints make it necessary
to restrict the amount of data. The following training paedens have been developed out of
experience and as a compromise between data and time demands

e All 6,591,340 sentences (82,149,739 word tokens) from tB€Hhvith a length between 5
and 20 words are used for unlexicalised training. The grantmas a coverageof parsing
68.03% of the sentences, so effectively the training isqueréd on 4,484,089 sentences.

e All 2,426,925 sentences (18,667,888 word tokens) from tB€HRvith a length between 5
and 10 words are used for the lexicalisation, the bootsingppf the lexicalised grammar
model. The grammar has a coverage of parsing 71.75% of therses, so effectively the
bootstrapping is performed on 1,741,319 sentences.

e All 3,793,768 sentences (35,061,874 word tokens) from tB&Hith a length between
5 and 13 words are used for lexicalised training. The granimaara coverage of parsing
71.74% of the sentences, so effectively the training isqueréd on 2,721,649 sentences.

5The coverageof the grammar refers to the percentage of sentences froootpes which are assigned at least
one parse analysis. The sentences without an analysis t@kea into consideration for in training process.



156 CHAPTER 3. STATISTICAL GRAMMAR MODEL

Initialisation and Training Iterations  The initialisation of the PCFG grammar parameters is
performed by assigning the same frequency to all grammesr@omparable initialisations with
random frequencies had no effect on the model developmehu(t® im Walde, 2000b). The
parameter estimation is performed within one iterationuiolexicalised training of the PCFG,
and three iterations for lexicalised training of the H-L R&ZH he overall training process takes
15 days on a Sun Enterprise 450 with 296 MHz CPU.

Parameter Reduction As mentioned beford,oPar allows a manual generalisation to reduce
the number of parameters. The key idea is that lexical heduishware supposed to overlap
for different grammar categories are tied together. Fomgue, the direct objects dfaufen‘to
buy’ are the same irrespective of the degree of saturatienvafrb phrase and also irrespective
of the clause type. Therefore, | can generalise over thesitre® verb phrase typegPAl-
1-2.na._, VPAl-1-2.na.n, VPAl.1-2.na.a, VPA-1-2.na.na and include the
generalisation over the different clause tyfde8, rel, sub, dass, ob, w . In addi-
tion, we can generalise over certain arguments in activepasdive and in finite and non-finite
verb phrases, for example the accusative object in an datite clausevVPAfor frame typena
and the accusative object in an active non-finite clauiBe for frame typea. The generalisa-
tion is relevant for the lexicalised grammar model and idqgrered for all verb phrase types.
The parameter reduction in the grammar is especially inapbtiecause of the large number of
subcategorisation rules.

Summary We can summarise the process of grammar development anthgyairategy in the
following steps.

Manual definition of CFG rules with head-specification,

Assigning uniform frequencies to CFG rules (extensio@B6G to PCFG),

Unlexicalised training of the PCFG: one iteration on agpB2 million words,

Manual definition of grammar categories for parametencgdn,

Lexicalisation of the PCFG (bootstrapping of H-L PCFG)approx. 19 million words,
Lexicalised training of the H-L PCFG: three iterationsagprox. 35 million words.

o g bk~ wnN ke
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3.4 Grammar-Based Empirical Lexical Acquisition

The previous sections in this chapter have introduced thien&® grammar implementation and
training. The resulting statistical grammar model progidmpirical lexical information, special-
ising on but not restricted to the subcategorisation behenof verbs. In the following, | present
examples of such lexical information. The examples arectedewith regard to the lexical verb
descriptions at the syntax-semantic interface which | ugk in the clustering experiments.

Section 3.4.1 describes the induction of subcategorisdtaomes for the verbs in the German
grammar model, and Section 3.4.2 illustrates the acqoisdf selectional preferences. In Sec-
tion 3.4.3 | present related work on the automatic acqoisitf lexical information within the
framework of H-L PCFGs.

3.4.1 Subcategorisation Frames

The acquisition of subcategorisation frames is directlgtesl to the grammar implementation.
Recall the definition of clause types: The clause |&/ptoduces the clause categ@yvhich is
accompanied by the relevant subcategorisation frame dam@the clause. Each time a clause
is analysed by the statistical parser, a clause level ruletive relevant frame type is included in
the analysis.

C-<type> — S-<type>.<frame>

The PCFG extension of the German grammar assigns freqedndtee grammar rules according
to corpus appearance and is able to distinguish the releva@rdifferent frame types. The usage
of subcategorisation frames in the corpus is empirica#iined.

freq ; C-<type> — S-<type>.<frame >
freq » C-<type> — S-<type>.<frame >
freq .. C-<type> — S-<type>.<frame >
freq , C-<type> — S-<type>.<frame ,>

But we are interested in the idiosyncratic, lexical usagéhefverbs. The H-L PCFG lexicali-
sation of the grammar rules with their verb heads leads taiadksed distribution over frame

types.

freq ; C-<type> [l — S-<type>.<frame >
freq , C-<type> [l — S-<type>.<frame >
freq .. C-<type> [lertl  S-<type>.<frame >
freq , C-<type> Y — S-<type>.<frame ,>

Generalising over the clause type, the combination of granmaies and lexical head information
provides distributions for each verb over its subcategtinos frame properties.
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freq ; Cvtl — S.<frame >
freq , Cv — S.<frame ,>
freq . Cvetl 5 S.<frame >
freq , Cv* — S.<frame ,>

An example of such a purely syntactic subcategorisatidmiloigion is given in Table 3.16. The
table lists the 38 subcategorisation frame types in the gransorted by the joint frequency with
the verbglauben‘to think, to believe’. In this example as well as in all fodohg examples on
frequency extraction from the grammar, the reader mightdeonvhy the frequencies are real
values and not necessarily integers. This has to do withrgieinng algorithm which splits a
frequency of 1 for each sentence in the corpus over all anobigparses. Therefore, rule and
lexical parameters might be assigned a fraction of 1.

In addition to a purely syntactic definition of subcategatien frames, the grammar provides
detailed information about the types of argument PPs witierframes. For each of the preposi-
tional phrase frame types in the grammiap,( nap, ndp, npr, xp ), the joint frequency
of a verb and the PP frame is distributed over the prepositiphrases, according to their fre-
guencies in the corpus. For example, Table 3.17 illustridtesubcategorisation feeden‘to
talk’ and the frame typep whose total joint frequency is 1,121.35.

3.4.2 Selectional Preferences

The grammar provides selectional preference informatiora dine-grained level: it specifies
the possible argument realisations in form of lexical headth reference to a specific verb-
frame-slot combination. l.e. the grammar provides fregiesnfor heads for each verb and
each frame type and each argument slot of the frame type. @itbeargument frequencies are
regarded as a particular strength of the statistical maiete the relationship between verb
and selected subcategorised head refers to fine-grainee frales. For illustration purposes,
Table 3.18 lists nominal argument heads for the wemtiolgen‘to follow’ in the accusative NP
slot of the transitive frame typea (the relevant frame slot is underlined), and Table 3.1 list
nominal argument heads for the vadaden‘to talk’ in the PP slot of the transitive frame type
np:Akk.iber . The examples are ordered by the noun frequencies. Fompadiem reasons, |
set a frequency cut-off.

3.4.3 Related Work on H-L PCFGs
There is a large amount of work on the automatic inductioexitial information. In this section,
| therefore concentrate on the description of related watkiwthe framework of H-L PCFGs.

With reference to my own work, Schulte im Walde (2002b) pnése large-scale computational
subcategorisation lexicon for 14,229 German verbs witheguency between 1 and 255,676.
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The lexicon is based on the subcategorisation frame atiguisis illustrated in Section 3.4.1.
Since the subcategorisation frames represent the corefode verb description in this thesis,
the lexicon is described in more detail and evaluated agamasiual dictionary definitions in
Section 3.5. The section also describes related work onasedparisation acquisition in more
detail.

Schulte im Walde (2003a) presents a database of collocafiiwrGerman verbs and nouns. The
collocations are induced from the statistical grammar rho@®ncerning verbs, the database
concentrates on subcategorisation properties and vearb-gcallocations with regard to their spe-
cific subcategorisation relation (i.e. the representatibselectional preferences); concerning
nouns, the database contains adjectival and genitive noas@ modifiers, as well as their ver-
bal subcategorisation. As a special case of noun-nounaatitms, a list of 23,227 German

proper name tuples is presented. All collocation types anelbined by a perl script which can

be queried by the lexicographic user in order to extracvesleco-occurrence information on a
specific lexical item. The database is ready to be used famdgraphic research and exploitation.

Zinsmeister and Heid (2002, 2003b) utilise the same sitalsgrammar framework for lexical
induction: Zinsmeister and Heid (2002) perform an extacdf noun-verb collocations, whose
results represent the basis for comparing the collocdtignederences of compound nouns with
those of the respective base nouns. The insights obtaintdsinvay are used to improve the
lexicon of the statistical parser. Zinsmeister and Heid@) present an approach for German
collocations with collocation triples: Five different foation types of adjectives, nouns and
verbs are extracted from the most probable parses of Gergwaspaper sentences. The collo-
cation candidates are determined automatically and themwatlg investigated for lexicographic
use.
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Frame Type Freq

ns-dass 1,928.52
ns-2 1,887.97
np 686.76
n 608.05
na 555.23
ni 346.10
nd 234.09
nad 160.45
nds-2 69.76
nai 61.67
ns-w 59.31
nas-w 46.99
nap 40.99
nr 31.37
nar 30.10
nrs-2 26.99
ndp 24.56
nas-dass 23.58
nas-2 19.41
npr 18.00
nds-dass 17.45
ndi 11.08
nrs-w 2.00
nrs-dass 2.00
ndr 2.00
nir 1.84
nds-w 1.68
xd 1.14
ns-ob 1.00
nas-ob 1.00
X 0.00
xa 0.00
Xp 0.00
Xr 0.00
xs-dass 0.00
nds-ob 0.00
nrs-ob 0.00
k 0.00

Table 3.16: Subcategorisation frame distributiongtauben
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Refined Frame Type Freq

np:Akk.uber 479.97
np:Dat.von 463.42
np:Dat.mit 279.76
np:Dat.in 81.35
np:Nom.vg| 13.59
np:Dat.bei 13.10
np:Dat.lber 13.05
np:Dat.an 12.06
np:AkKk.fur 9.63
np:Dat.nach 8.49
np:Dat.zu 7.20
np:Dat.vor 6.75
np:Akk.in 5.86
np:Dat.aus 4.78
np:Gen.statt 4.70
np:Dat.auf 4.34
np:Dat.unter 3.77
np:Akk.vgl 3.55
np:Akk.ohne 3.05
np:Dat.hinter 3.00
np:Dat.seit 2.21
np:Dat.neben 2.20
np:Dat.wegen 2.13
np:Akk.gegen 2.13
np:Akk.an 1.98
np:Gen.wegen 1.77
np:Akk.um 1.66
np:Akk.bis 1.15
np:Akk.ab 1.13
np:Dat.laut 1.00
np:Gen.hinsichtlich|  1.00
np:Gen.wéahrend 0.95
np:Dat.zwischen 0.92
np:Akk.durch 0.75

Table 3.17: Refinedp distribution forreden
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| Noun | Freq|
Ziel ‘goal’ 86.30
Strategie ‘strategy’ 27.27
Politik ‘policy’ 25.30
Interesse ‘interest’ 21.50
Konzept ‘concept’ 16.84
Entwicklung| ‘development’|| 15.70
Kurs ‘direction’ 13.96
Spiel ‘game’ 12.26
Plan ‘plan’ 10.99
Spur ‘trace’ 10.91
Programm | ‘program’ 8.96
Weg ‘way’ 8.70
Projekt ‘project’ 8.61
Prozel3 ‘process’ 7.60
Zweck ‘purpose’ 7.01
Tat ‘action’ 6.64
Tater ‘suspect’ 6.09
Setzung ‘settlement’ 6.03
Linie ‘line’ 6.00
Spektakel ‘spectacle’ 6.00
Fall ‘case’ 5.74
Prinzip ‘principle’ 5.27
Ansatz ‘approach’ 5.00
Verhandlung| ‘negotiation’ 4.98
Thema ‘topic’ 4.97
Kampf ‘combat’ 4.85
Absicht ‘purpose’ 4.84
Debatte ‘debate’ 4.47
Karriere ‘career’ 4.00
Diskussion | ‘discussion’ 3.95
Zeug ‘stuff’ 3.89
Gruppe ‘group’ 3.68
Sieg ‘victory’ 3.00
Rauber ‘robber’ 3.00
Ankunft ‘arrival’ 3.00
Sache ‘thing’ 2.99
Bericht ‘report’ 2.98
Idee ‘idea’ 2.96
Traum ‘dream’ 2.84
Streit ‘argument’ 2.72

Table 3.18: Nominal arguments feerfolgenin na
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Noun | Freq]
Geld ‘money’ 19.27
Politik ‘politics’ 13.53
Problem ‘problem’ 13.32
Thema ‘topic’ 9.57
Inhalt ‘content’ 8.74
Koalition ‘coalition’ 5.82
Ding ‘thing’ 5.37
Freiheit ‘freedom’ 5.32
Kunst ‘art’ 4.96
Film ‘movie’ 4.79
Maglichkeit ‘possibility’ 4.66
Tod ‘death’ 3.98
Perspektive | ‘perspective’ 3.95
Konsequenz | ‘consequence’ | 3.90
Sache ‘thing’ 3.73
Detail ‘detail’ 3.65
Umfang ‘extent’ 3.00
Angst ‘fear’ 3.00
Gefuhl ‘feeling’ 2.99
Besetzung ‘occupation’ 2.99
Ball ‘ball’ 2.96
Sex ‘sex’ 2.02
Sekte ‘sect’ 2.00
Islam ‘Islam’ 2.00
Fehler ‘mistake’ 2.00
Erlebnis ‘experience’ 2.00
Abteilung ‘department’ 2.00
Demokratie ‘democracy’ 1.98
Verwaltung ‘administration’|| 1.97
Beziehung ‘relationship’ 1.97
Angelegenheit ‘issue’ 1.97
Gewalt ‘force’ 1.89
Erh6hung ‘increase’ 1.82
Zolle ‘customs’ 1.00
\orsitz ‘chair’ 1.00
Virus ‘virus’ 1.00
Ted ‘Ted’ 1.00
Sitte ‘custom’ 1.00
Ressource ‘resource’ 1.00
Notwendigkeit| ‘necessity’ 1.00

Table 3.19: Nominal arguments fogden Ubey,, ‘to talk about’
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3.5 Grammar Evaluation

This final part of the grammar chapter describes an evalugtesformed on the core of the
grammar, its subcategorisation frames. | evaluated the silncategorisation frames which are
learned in the statistical grammar framework against miadefanitions in the German dictionary
Duden — Das Stilwdrterbuchrhe work was performed in collaboration wibliographisches
Institut & F. A. Brockhaus AGvho provided a machine readable version of the dictionahe T
evaluation is published by Schulte im Walde (2002a).

Section 3.5.1 describes the definition of verb subcategtois frames (i) in the large-scale com-
putational subcategorisation lexicon based on the statigframmar model and (ii) in the manual
dictionaryDuden In Section 3.5.2 the evaluation experiment is performexttiSn 3.5.3 con-
tains an interpretation of the experiment results, andi@e&.5.4 compares them with related
work on English and German subcategorisation induction.

3.5.1 Subcategorisation Lexica for Verbs
Learning a Verb Subcategorisation Lexicon

Schulte im Walde (2002b) presents a large-scale compuotdtsubcategorisation lexicon. The
lexicon is based on the empirical subcategorisation frazgaiaition as illustrated in Section 3.4.1.
The induction of the subcategorisation lexicon uses thieddsfrequency distributions over frame
types for each verb. The frequency values are manipulatedigring them, in order to achieve
a more clear-cut threshold for lexical subcategorisatidre manipulated values are normalised
and a cut-off of 1% defines those frames which are part of tkiedeverb entry.

The manipulation is no high mathematical transformatiarn jthas the following impact on the
frequency distributions. Assume verbhas a frequency of 50 for the franfg and a frequency
of 10 for framef,; verbu, has a frequency of 500 for the franfigand a frequency of 10 for frame
f». If we set the cut-off to a frequency of 10, for example, thendoth verbs both frameg and

f» are listed in the subcategorisation lexicon (but note fh&t empirically less confirmed far,
than forv,). If we set the cut-off to a frequency of 50, for example, themwould have no frame
listed at all. It is difficult to find a reliable cut-off. If wedsed the decision on the respective
probability value, andp, ({(vi,p.) = 0.83, (vi,pp) = 0.17, (ve, pa) = 0.98, (ve, pp) = 0.02)

it is easier to find a reliable cut-off, but still difficult fa large number of examples. But if we
first square the frequencie8(, f.) = 250, (vy, f}) = 100, (vq, f1) = 250,000, (ve, f{) = 100),
the respective probability value&(, p,,) = 0.71, (v1,p) = 0.29, (v2, pl) = 0.9996, (va, p}) =
0.0004) are stretched, and it is not as difficult as before to find table cut-off.

Tables 3.20 and 3.21 cite the (original and manipulatedjuleacies and probabilities for the
verbsbefreien‘to free’ and zehren‘to live on, to wear down’ and mark the demarcation of
lexicon-relevant frames by an extra line in the rows on malaifgd numbers. The set of marked
frames corresponds to the lexical subcategorisation torebpective verb.
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Frame| Freq (orig)| Prob (orig) | Freq (mani)| Prob (mani)
na 310.50| 0.43313 96,410.25| 0.74293
nr 137.14| 0.19130 18,807.38| 0.14493
nap 95.10| 0.13266 9,044.01| 0.06969
n 59.04| 0.08236 3,485.72| 0.02686
nad 29.62| 0.04132 877.34| 0.00676
npr 23.27| 0.03246 541.49| 0.00417
np 15.04| 0.02098 226.20| 0.00174
nd 11.88| 0.01657 141.13| 0.00109
ndr 11.87| 0.01656 140.90| 0.00109
ns-2 7.46| 0.01041 55.65| 0.00043
nar 3.00| 0.00418 9.00| 0.00007
nrs-2 3.00| 0.00418 9.00| 0.00007
nds-2 2.94| 0.00418 8.64 | 0.00007
nai 2.01| 0.00280 4.04| 0.00003
nir 2.00| 0.00279 4.00| 0.00003
ni 2.00| 0.00279 4.00| 0.00003
nas-2 1.00| 0.00139 1.00| 0.00001

Lexical subcategorisation: { n, na, nr, nap }

Table 3.20: Lexical subcategorisation foefreien

Frame| Freq (orig)| Prob (orig) || Freq (mani)| Prob (mani)
n 43.20| 0.47110 1866.24| 0.54826
np 38.71| 0.42214 1498.46| 0.44022
na 4.79| 0.05224 22.94| 0.00674
nap 3.87| 0.04220 14.98| 0.00440
nd 1.13| 0.01232 1.28| 0.00038

Lexical subcategorisation: {n, np }

Table 3.21: Lexical subcategorisation faghren
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A refined version of subcategorisation frames includesleeific kinds of prepositional phrases
for PP-arguments. The frame frequency values and the P&diney values are also manipulated
by squaring them, and the manipulated values are normaligesiproduct of frame probability
and PP probability is calculated, and a cut-off of 20% defihese PP frame types which are
part of the lexical verb entry. The resulting lexical sulegatrisation fobefreienwould be { n,
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na, nr, nap:Dat.von, nap:Dat.aus }, foehren{ n, np:Dat.von, np:Dat.an }.

| collected frames for all lexical items that were identifiasl verbs in the training corpus at
least once, according to the definitions in the German mdogjal analyseAMORinderlying
the grammar terminals. The resulting verb lexicon on swdgmaisation frames contains 14,229
German verbs with a frequency between 1 and 255,676. Exanfigidexical entries in the
subcategorisation are given by Table 3.22 on the purehasyiotframe types, and by Table 3.23

on the PP-refined frame types.

Lexicon Entry

Verb Freq | Subcategorisation
aufregen ‘to get excited’ 135| na, nr
beauftragen ‘to order’, ‘to charge’ 230 | na, nap, nai
bezweifeln | ‘to doubt’ 301 | na, ns-dass, ns-op
bleiben ‘to stay’, ‘to remain’ | 20,082| n, k
brechen ‘to break’ 786 | n, na, nad, nar
entziehen | ‘to take away’ 410 | nad, ndr
irren ‘to be mistaken’ 276 | n, nr
mangeln ‘to lack’ 438 | x, xd, xp
scheinen ‘to shine’, ‘to seem’ | 4,917 n, ni
strauben ‘to resist’ 86 | nr, npr

Table 3.22: Examples for purely syntactic lexical subcatisgtion entries

Lexicon Entry

Verb Freq Subcategorisation
beauftragen ‘to order’, ‘to charge’| 230| na, nap:Dat.mit, nai
denken ‘to think’ 3,293| n, na, np:Akk.an, ns-2
enden ‘to end’ 1,900 n, np:Dat.mit
ernennen | ‘to appoint’ 277 na, nap:Dat.zu
fahnden ‘to search’ 163 | np:Dat.nach
klammern | ‘to cling to’ 49 | npr:Akk.an
schatzen ‘to estimate’ 1,357| na, nap:Akk.auf
stapeln ‘to pile up’ 137 | nr, npr:Dat.auf, npr:Dat.in
strauben ‘to resist’ 86 | nr, npr:Akk.gegen
tarnen ‘to camouflage’ 32| na, nr, npr:Nom.vgl

Table 3.23: Examples for PP-refined lexical subcategaois&ntries
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Manual Definition of Subcategorisation Frames in Dictionay Duden

The German dictionarpuden — Das Stilworterbudibudenredaktion, 2001) describes the stylis-
tic usage of words in sentences, such as their syntacticduiiriiy example sentences, and id-
iomatic expressions. Part of the lexical verb entries ammé-like syntactic descriptions, such as
<jmdn. befreien> ‘to free somebody’ with the direct object indicated by thewsative
case, okvon etw. zehren> ‘to live on something,,’ .

Dudendoes not contain explicit subcategorisation frames, sinisenot meant to be a subcat-
egorisation lexicon. But it does contain ‘grammatical mfation’ for the description of the
stylistic usage of verbs; therefore, tbedenentries implicitly contain subcategorisation, which
enables us to infer frame definitions.

Alternations in verb meaning are marked by a semantic nump&EMK-ID and accompa-
nied by the respective subcategorisation requiremégp(ovides the subcategorisatidDEF
provides a semantic description of the respective verbeysagdTEXT underBSPprovides ex-
amples for selectional preferences). For example, thedéxerb entry fozehrenn Figure 3.18
lists the following lexical semantic verb entries:

1. <von etw. zehren> ‘to live on something’

2. 'to drain somebody of his energy’

a) no frame which implicitly refers to an intransitive usage
b) <an jmdm., etw. zehren>

Idiosyncrasies in the manual frame definitions lead to d &th, 221 different subcategorisation
frames inDuden

e Subcategorised elements might be referred to either byafgpeategory or by a general
item, for examplergendwie ‘somehow’ comprises the subcategorisation of any prepo-
sitional phrase:

<irgendwie>
But prepositional phrases might also be made explicit:

<fur etw.>
A similar behaviour is exhibited for tHeudenexpressionggendwo ‘somewhere’jr-
gendwohin ‘to some place’jrgendwoher  ‘from some place’jrgendwann ‘some
time’, mit Umstandsangabe ‘under some circumstances’.

¢ Identical frame definitions differ in their degree of exjihess, for example
<[gegen jmdn., etw. (Akk.)]>
<[gegen jmdn., etw.]>
both refer to the potential (indicated by ‘[]') subcategation of a prepositional phrase
with accusative case and hegegen‘against’. The former frame explicitly refers to the
accusative case, the latter implicitly needs the case Becthe preposition demands ac-
cusative case.
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¢ In some case$udendistinguishes between animate and non-animate selettestac-
tions, for example
<etw. auf etw. (Akk.)>
<etw. auf jmdn.>
<etw. auf jmdn., etw.>
<etw. auf ein Tier>
<jmdn. auf etw. (Akk.)>
<jmdn. auf jmdn.>
<jmdn. auf jmdn., etw.>
<jmdn. auf ein Tier>
<ein Tier auf etw. (Akk.)>
<ein Tier auf jmdn.>
<ein Tier auf jmdn., etw.>
all refer to a transitive frame with obligatory prepositadphraseAkk.auf

e Syntactic comments iBudenmight refer to a change in the subcategorisation with refer-
ence to another frame, but the modified subcategorisataoneis not explicitly provided.
For example, <auch mit Akk.> refers to a modification of a feawhich allows the verb
to add an accusative noun phrase.

Correcting and reducing the idiosyncratic frames to themmon information concerning our
needs results in 65 subcategorisation frames without@kphepositional phrase definitions and
222 subcategorisation frames including them.

The lexicon is implemented iIBGML | defined aDocument Type Definition (DTDyhich for-
mally describes the structure of the verb entries and ebetlananually defined subcategorisation
frames for 3,658 verbs from tHauden
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<D2>

<SEM1 SEM1-ID="1">
<DEFPHR>
<GR><von etw. zehren> </GR>
<DEF>etw. aufbrauchen: </DEF>
<BSP>
<TEXT>von den Vorraten, von seinen Ersparnissen zehren; </
</BSP>
</DEFPHR>
</SEM1>

<SEM1 SEM1-ID="2">

<SEM2 SEM2-ID="a">
<DEFPHR>
<DEF>schwachen: </DEF>
<BSP>
<TEXT>das Fieber, die Seeluft, die See zehrt; </TEXT>
<TEXT>eine zehrende Krankheit; </TEXT>
</BSP>
</DEFPHR>
</SEM2>

<SEM2 SEM2-ID="b">
<DEFPHR>
<GR><an jmdm., etw. zehren> </GR>
<DEF>jmdm., etw. sehr zusetzen: </DEF>
<BSP>
<TEXT>das Fieber, die Krankheit zehrte an seinen Kréften; <
<TEXT>der Stress zehrt an ihrer Gesundheit; </TEXT>
<TEXT>die Sorge, der Kummer, die Ungewissheit hat sehr an ih
an ihren Nerven gezehrt. </TEXT>
</BSP>
</DEFPHR>
</SEM2>

</SEM1>
</D2>

Figure 3.18:Dudenlexical entry forzehren
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3.5.2 Evaluation of Subcategorisation Frames

Frame Mapping Preceding the actual experiment | defined a deterministjgoing from the
Dudenframe definitions onto my subcategorisation frame stylg, the ditransitive frame def-
inition <ymdm.  etw.> would be mapped toad, and<bei jmdm. etw.>  would be
mapped tonap without andnap:Dat.bei  with explicit prepositional phrase definition. 38
Dudenframes do not match anything in my frame repertoire (mositg frames such asg Er
beschuldigt ihn des Mordelde accuses him of the murder’, or frame types with more tihaee
arguments); 5 of my frame types do not appear inDlelen(copula constructions and some
frames including finite clause arguments suchds-2 ).

Evaluation Measures For the evaluation of the learned subcategorisation frathesmanual
Dudenframe definitions are considered as the gold standard. Uledéd precision and recall
values on the following basis:

tp
I = 3.4
reca P (3.4)
precision = tp (3.5)
tp+ fp '

tp (true positives) refer to those subcategorisation framesrevlearned and manual definitions
agree,fn (false negatives) to thbudenframes not extracted automatically, afyl (false posi-
tives) to those automatically extracted frames not defineDurden

Major importance is given to the f-score which consideralleand precision as equally relevant
and therefore balances the previous measures:

2 % recall x precision

(3.6)

f — score = —
recall + precision

Experiments The evaluation experiment has three conditions.

I All frame types are taken into consideration. In case ofeppsitional phrase argument in
the frame, the PP is included, but the refined definition i®igd, e.g. the frame includ-
ing one obligatory prepositional phrase is referred tapy(nominative noun phrase plus
prepositional phrase).

Il All frame types are taken into consideration. In case ofr@ppsitional phrase argument
in the frame, the refined definition is included, e.g. the faimcluding one obligatory
prepositional phrase (cf. |) is referred to bg:Akk.fir ~ for a prepositional phrase with
headflr and the accusative casap:Dat.bei  for a prepositional phrase with hebei
and the dative case, etc.
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[l Prepositional phrases are excluded from subcategarisai.e. frames including @ are
mapped to the same frame type without that argument. In thig & decision between
prepositional phrase arguments and adjuncts is avoided.

Assuming that predictions concerning the rarest eventb$weith a low frequency) and those
concerning the most frequent verbs (with increasing teaglemwards polysemy) are rather un-
reliable, | performed the experiments on those 3,090 vertiseDudenlexicon with a frequency

between 10 and 2,000 in the corpus. See Table 3.24 for abdistmn over frequency ranges for

all 3,658 verbs with frequencies between 1 and 101,003. dhedntal lines mark the restricted
verb set.

Freq Verbs

1 -5 162
5 - 10 289
10 - 20 478
20 - 50 690

50 - 100 581
100 - 200 496
200 - 500 459
500 - 1000 251

1000 - 2000 135
2000 - 5000 80
5000 - 10000 24

> 10000 13

Table 3.24: Frequencies Bludenverbs in training corpus

Baseline As baseline for the experiments, | assigned the most fredreme types (intran-
sitive frame) andha (transitive frame) as default to each verb.

Results The experimental results are displayed in Table 3.25.

Experiment Recall Precision F-Score

Baseline| Result | Baseline| Result | Baseline| Result
I 49.57% | 63.91%|| 54.01% | 60.76%| 51.70% | 62.30%
Il 45.58% | 50.83%|| 54.01% | 65.52%/| 49.44% | 57.24%
1 63.92% | 69.74%| 59.06% | 74.53%]| 61.40% | 72.05%

Table 3.25: Evaluation of subcategorisation frames
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Concerning the f-score, | reach a gain of 10% compared toakelime for experiment I: evaluat-
ing all frame definitions in the induced lexicon includingpositional phrases results in 62.30%
f-score performance. Complicating the task by includingpositional phrase definitions into
the frame types (experiment Il), | reach 57.24% f-scoregrarance, 8% above the baseline.
Completely disregarding the prepositional phrases in theategorisation frames (experiment
1) results in 72.05% f-score performance, 10% above treelae.

The differences both in the absolute f-score values andiffexehce to the respective baseline
values correspond to the difficulty and potential of the sasBisregarding the prepositional
phrases completely (experiment Ill) is the easiest tasklagebfore reaches the highest f-score.
But the baseline frameas andna represent 50% of all frames used in thadenlexicon, so
the potential for improving the baseline is small. Compa@e&xperiment I, experiment |
is a more difficult task, because the prepositional phrasesaken into account as well. But

| reach a gain in f-score of more than 10%, so the learned arae improve the baseline
decisions. Experiment Il shows that defining prepositigubses in verb subcategorisation is a
more complicated task. Still, | improve the baseline resijt 8%.

3.5.3 Lexicon Investigation

Section 3.5.2 presented the figures of merit for verb suboagation frames which are learned
in the statistical grammar framework against the manudd descriptions in the German dictio-
naryDuden The current section discusses advantages and shortceofitige verb subcategori-

sation lexica concerning the selection of verbs and detdibme types.

The verb entries in the automatic and manual subcategoriskixica are examined: the re-
spective frames are compared, against each other as wajhasstverb entries in Helbig and
Schenkel (1969) (henceforth: H/S) and corpus evidencedan@@rman newspaper corpdie
tageszeitung (TAZ)n addition, | compare the set of frames in the two lexicajrtintersection
and differences. The result of the investigation is a dption of strengths and deficiencies in
the lexica.

Intransitive Verbs In theDudendictionary, intransitive verb usage is difficult to extragince

it is defined only implicitly in the verb entry, such as for therbsglticken‘to succeed’Jangen

‘to suffice’, verzweifelrito despair’. In additionDudendefines the intransitive frame for verbs
which can be used intransitively in exclamations, suchbaskann aber wetzernf\Wow, he can
dash!’. But the exclamatory usage is not sufficient eviddacatransitive usage. The induced
lexicon, on the other hand, tends to overgenerate the Bitnamusage of verbs, mainly because
of parsing mistakes. Still, the intersection of intranvatirames in both lexica reaches a recall of
77.19% and a precision of 66.11%,
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Transitive Verbs The usage of transitive verbs in the lexica is the most fratjoecurrence
and at the same time the most successfully learned frame Bymendefines transitive frames
for 2,513 verbs, the automatic process extracts 2,597 gamier agreement in 2,215 cases
corresponds to 88.14% recall and 85.29% precision.

Dative Constructions Dudenverb entries are inconsistent concerning the free datimstoac-
tion (‘freier Dativ’). For example, the free dative is exigj in the ditransitive usage for the verb
abloserito remove’ Der Arzt I6ste ihm das Pflaster abhe doctor removed him the plaster), but
not for the verbbacken'to bake’ (H/S:Die Mutter backt ihm einen Kuchémhe mother baked
him a cake’). The induced lexicon is rather unreliable omiea including dative noun phrases.
Parsing mistakes tend to extract accusative construc®dative and therefore wrongly empha-
sise the dative usage.

Prepositional Phrases In generalDudenproperly distinguishes between prepositional phrase
arguments (mentioned in subcategorisation) and adjumat$) some case§udenoverempha-
sises certain PP-arguments in the verb frame definitior) as®at.mit  for the verbsauf-
schlie3erito unlock’, garnieren‘to garnish’,nachkommefto keep up’,Dat.von for the verbs
abbrdckeln'to crumble’, ausleihento borrow’, erbitten‘to ask for’, saubern‘to clean up’, or
Akk.auf for the verbsabklopfento check the reliability’ austiberito practise’,festnagelrito

tie down’, passerito fit’.

In the induced lexicon, prepositional phrase argumentoaeeemphasised, i.e. PPs used as
adjuncts are frequently inserted into the lexicon, e.g.tlierverbsarbeiten‘to work’, demon-
strieren ‘to demonstrate’ sterben‘to die’. This mistake is mainly based on highly frequent
prepositional phrase adjuncts, suchag.in, Dat.an, Akk.in . On the other hand, the
induced lexicon does not recognise verb-specific prepostiphrase arguments in some cases,
such asDat.mit  for the verbsgleichstellen'to equate’,handeln‘to act’, spielen‘to play’,

or Dat.von for the verbsabbringen‘to dissuade’ fegen‘to sweep’,geneserito convalesce’,
schwarmerito romanticise’.

Comparing the frame definitions containing PPs in both kexilce induced lexicon tends to de-
fine PP-adjuncts such &@at.in, Dat. an as arguments and neglect PP-argumets;
dendistinguishes arguments and adjuncts more correctlyeaistto overemphasise PPs such as
Dat.mit andDat.bei as arguments. Still, there is agreement onrthdrame with 59.69%
recall and 49.88% precision, but the evaluatiomap with 45.95% recall, 25.89% precision
and ofndp with 9.52% recall and 15.87% precision pinpoints main deficies in the frame
agreement.

Reflexive Verbs Dudengenerously categorises verbs as reflexives; they appearewieit is
possible to use the respective verb with a reflexive prondthre procedure is valid for verbs
such aerwarmen'to heat’, lohnen‘to be worth’, schamerito feel ashamed’, but not for verbs
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such asdurchbringen‘to pull through’, kiihlen‘to cool’, zwingen‘to force’. The automatic
frame definitions, on the other hand, tend to neglect thexieleusage of verbs and rather
choose direct objects into the frames, such as for the \&slissen'to remove’, erschiel3erto
shoot’, Uberschatzefto overestimate’. The lexicon tendencies are reflectechieynt, nar,

npr frame frequencies: rather low recall values between 28.@46645.17%, and rather high
precision values between 51.94% and 69.34% underline tfezathces.

Adjectival Phrases The definition of adjectival phrase arguments in Bwedenis somewhat
idiosyncratic, especially as demarcation to non-subcaisgd adverbial phrases. For example,
an adjectival phrase for the vedezheinen'to shine’ as inDie Sonne schien heflhe sun is
bright’ is subcategorised, as well as for the vedsiihren'to touch’ as inSeine Worte haben uns
tief berthrt‘His words touched us deeply’. Concerning the induced l@xjche grammar does
not contain adjectival phrase arguments, so they could @oébtognised, such as for the verbs
anmuterito seem’,erscheinerito seem’,verkauferito sell’.

Subcategorisation of Clauses Dudenshows shortcomings on the subcategorisation of non-
finite and finite clauses; they rarely appear in the lexiconly@6 verbs (such agnweisento
instruct’,beschworerto swear’,versprecherto promise’) subcategorise non-finite clauses, only
five verbs (such asehen'to see’, wundern‘to wonder’) subcategorise finite clauses. Missing
verbs for the subcategorisation of finite clauses are —amtimgrs—ausschliel3erto rule out’,
sagen'to say’, vermuterito assume’, for the subcategorisation of non-finite clausedern‘to
prevent’,verpflichtento commit’.

The automatic lexicon defines the subcategorisation olselsmore reliably. For example, the
verbsbehaupterito state’, nérgeln‘to grumble’ subcategorise verb second finite clauses, the
verbsaufpasserto pay attention’ glauben'to think’, hoffen‘to hope’ subcategorise finiass
clauses, the verbezweifeln'to doubt’ subcategorises a finitgb-clause, the verbahnen‘to
guess’ klarmacherto make clear’ raffen‘to understand’ subcategorise indiredt-questions,
and the verbanleiten'to instruct’, beschuldigefto accuse’Jehren‘to teach’ subcategorise non-
finite clauses. Mistakes occur for indiredt-questions which are confused with relative clauses,
such as for the verbmusbaderito pay for’, futtern‘to eat’.

General Frame Description Dudendefines verb usage on various levels of detail, especially
concerning prepositional phrases (cf. Section 2.2). Famgpte,irgendwie  ‘somehow’ in
grammatical definitions means the usage of a prepositidmalse such as for the velagern

‘to store’ (Medikamente miussen im Schrank lag#nugs need to be stored in a cupboard’);
irgendwo ‘somewhere’ means the usage of a locative prepositionagghsuch as for the
verblauern‘to lurk’ (Der Libero lauert am StrafraurfiThe sweeper lies in wait in the penalty
area.’). In more restricted cases, the explicit prepasdi@hrase is given as klber etw.
(AKkk.)> for the verbverzweifelnto despair Man konnte verzweifeln tGber so viel Ignoranz
‘One could despair about that ignorance’).
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The grammatical definitions on various levels of detail asasidered as a strength Buden
and generally favourable for users of a stylistic dictignbut produce difficulties for automatic
usage. For example, when including PP-definitions into taduation (experiment I1), 10% of
theDudenframes (PP-frames without explicit PP-definition, suchascould never be guessed
correctly, since the automatic lexicon includes the PP#@#p.

There are frame types iDudenwhich do not exist in the automatic verb lexicon. This mainly
concerns rare frames suchreg), naa, xad and frame types with more than three arguments
such ashapr, ndpp . This lexicon deficiency concerns about 4% of the total nurob&ames

in the Dudenlexicon.

Lexicon Coverage Compared to the automatic acquisition of veilbadenmisses verbs in the
dictionary: frequent verbs such emreisento enter’, finanzierento finance’,veranschaulichen
‘to illustrate’, verbs adopted from English such @ancen, outen, tunewulgar verbs such as
anpoObeln'to abuse’,ankotzerito make sick’, pissen‘to piss’, recent neologisms such digy-
italisieren ‘to digitalise’, klonen‘to clone’, and regional expressions suchkasken‘to kick’,
latschento walk’, puhlen‘to pick’.

The automatic acquisition of verbs covers a larger amounteobs, containing 14,229 verb
entries, including the missing examples above. Partlytakén verbs are included in the lexicon:
verbs wrongly created by the morphology suchiasgebieten, *dortdrohen, *einkommererbs
which obey the old, but not the reformed German spellingsrgléch aswutofahren'to drive a
car’, danksagerito thank’, spazierengehetto stroll’, and rare verbs, such abirgermeistern,
‘evangelisieren’fiktionalisieren,’feuerwerken’kéasen

Table 3.26 summarises the lexicon investigation. | bliradhgsified 184 frame assignments from
fn and fp into correct and wrong. The result emphasises (i) unrdiiegs for n andnd in both
lexica, (ii) insecurities for reflexive and expletive usageboth lexica, (iii) strength of clause
subcategorisation in the induced lexicon (the few assignsi@ Dudenwere all correct), (iv)
strength of PP-assignment in teiden and (v) variability of PP-assignment in the induced
lexicon.

Summary The lexicon investigation showed that

e in both lexica, the degree of reliability of verb subcategmtion information depends on
the different frame types. If | tried different probabilitiiresholds for different frame
types, the accuracy of the subcategorisation informatiaulsl improve once more.

e we need to distinguish between the different goals of theatggorisation lexica: the
induced lexicon explicitly refers to verb arguments whioh @bligatorily) subcategorised
by the verbs in the lexicon, whereBsidenis not intended to represent a subcategorisation
lexicon but rather to describe the stylistic usage of thdseand therefore to refer to
possibly subcategorised verb arguments; in the latter, tiagee is no distinction between
obligatory and possible verb complementation.
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Frame Type Duden fn Learned:fp
correct| wrong || correct| wrong

n 4 6 3 7
nd 2 8 0 10

nr, nar, ndr 5 5 3 7

X, Xa, xd, xr 6 4 3 7

ni, nai, ndi 5 5
ns/nas/nds-dass 9 0
ns/nas/nds-2 9 1
np/nap/ndp/npr:Dat.mit 7 3 6 4
np/nap/ndp/npr:Dat.von 7 3 5 0
np/nap/ndp/npr:Dat.in 6 4 3 7
np/nap/ndp/npr:Dat.an 9 1 6 4

Table 3.26: Investigation of subcategorisation frames

e a manual lexicon suffers from the human potential of perm#ypestablishing new words
in the vocabulary; it is difficult to be up-to-date, and tharleed lexical entries therefore
hold a potential for adding to and improving manual verb defins.

3.5.4 Related Work

Automatic induction of subcategorisation lexica has mabden performed for English. Brent
(1993) uses unlabelled corpus data and defines morphoesigntaes followed by a statistical
filtering, to obtain a verb lexicon with six different framgpes, without prepositional phrase
refinement. Brent evaluates the learned subcategorisatiores against hand judgements and
achieves an f-score of 73.85%. Manning (1993) also worksnbdabelled corpus data and does
not restrict the frame definitions. He applies a stochasdit-pf-speech tagger, a finite state
parser, and a statistical filtering process (following ByeBvaluating 40 randomly selected verbs
(out of 3,104) againsthe Oxford Advanced Learner’s Dictionaornby, 1985) results in an f-
score of 58.20%. Briscoe and Carroll (1997) pre-define 1&®& types (including prepositional
phrase definitions). They apply a tagger, lemmatiser ansepao unlabelled corpus data; from
the parsed corpus they extract subcategorisation pattelassify and evaluate them, in order
to build the lexicon. The lexical definitions are evaluatgdiast the Alvey NL Tools dictionary
(Boguraewet al.,, 1987) and the COMLEX Syntax dictionary (Grishmetral,, 1994) and achieve
an f-score of 46.09%. The work in Carroll and Rooth (1998)asest to ours, since they utilise
the same statistical grammar framework for the inductiosuifcategorisation frames, but not
including prepositional phrase definitions. Their evalwator 200 randomly chosen verbs with
a frequency greater than 500 agaimbe Oxford Advanced Learner’s Dictionaoptains an f-
score of 76.95%.
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For German, Eckle (1999) performs a semi-automatic adeunsdf subcategorisation informa-
tion for 6,305 verbs. She works on annotated corpus data efimtked linguistic heuristics in the
form of regular expression queries over the usage of 244drypes including PP definitions.
The extracted subcategorisation patterns are judged rivanbekle performs an evaluation on
15 hand-chosen verbs; she does not cite explicit recall egxigion values, except for a subset
of subcategorisation frames. Wauschkuhn (1999) consteuealency dictionary for 1,044 verbs
with corpus frequency larger than 40. He extracts a maximith@)0 example sentences for
each verb from annotated corpus data, and constructs axtdrge grammar for partial parsing.
The syntactic analyses provide valency patterns, whiclyareped in order to extract the most
frequent pattern combinations. The common part of the coatlwins define a distribution over
42 subcategorisation frame types for each verb. The evatuaf the lexicon is performed by
hand judgement on seven verbs chosen from the corpus. Waustlachieves an f-score of
61.86%.

Comparing our subcategorisation induction with existipgraaches for English, Brent (1993),
Manning (1993) and Carroll and Rooth (1998) are more flexibén ours, since they do not
require a pre-definition of frame types. But none of themudek the definition of prepositional
phrases, which makes our approach the more fine-grainetbnerBrent (1993) outperforms

our approach by an f-score of 73.85%, but the number of sirdsais incomparable; Manning
(1993) and Briscoe and Carroll (1997) both have f-scoresvbelurs, even though the evalua-
tions are performed on more restricted data. Carroll andiR@®98) reach the best f-score of
76.95% compared to 72.05% in our approach, but their evalug facilitated by restricting the

frequency of the evaluated verbs to more than 500.

Concerning subcategorisation lexica for German, | havesttooted the most independent ap-
proach | know of, since | do need either extensive annotati@orpora, nor restrict the frequen-
cies of verbs in the lexicon. In addition, the approach i/falitomatic after grammar definition
and does not involve heuristics or manual corrections. |ljirthe evaluation is not performed
by hand judgement, but rather extensively on independentaialictionary entries.
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3.6 Summary

This chapter has described the implementation, trainirhlexical exploitation of the German
statistical grammar model which serves as source for them@&ererb description at the syntax-
semantic interface. | have introduced the theoretical pamknd of the statistical grammar model
and illustrated the manual implementation of the undegy@erman grammar. A training strat-
egy has been developed which learns the large parametersithe lexicalised grammar model.
On the basis of various examples and related work, | illtstrahe potential of the grammar
model for an empirical lexical acquisition, not only for tharpose of verb clustering, but also
for theoretical linguistic investigations and NLP apptioas such as lexicography and parsing
improvement.

It is desirable but difficult to evaluate all of the acquirexkital information at the syntax-
semantic interface. For a syntactic evaluation, manuabegs such as tHeudendictionary are
available, but few resources offer a manual definition ofaen information. So | concentrated
on an evaluation of the subcategorisation frames as coteftfue grammar model. The subcat-
egorisation lexicon as based on the statistical framewaskeen evaluated against dictionary
definitions and proven reliable: the lexical entries holdbgeptial for adding to and improving
manual verb definitions. The evaluation results justify titidsation of the subcategorisation
frames as a valuable component for supporting NLP-tasks.



