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1 Introduction

This paper presents an investigation into the
automatic extraction of noun+verb-collocations
from German text corpora, by means of full
parsing with a lexicalized statistical grammar.
We argue that an approach based on full pars-
ing has advantages over a partial analysis (see
section 2.1).

The focus of this paper is not on the linguistic
evaluation of the extracted collocations as such
but on the collocational behaviour of compound
nouns, as compared to the collocational prefer-
ences of their respective base nouns. In abstract,
we expect the following results:

1. Compounds show the same collocational
preferences as their bases' (inherited from
these, cf. Pause einlegen ‘take a rest’ and
Atempause einlegen ‘take a rest’, lit. ‘take
a breathing space’);

2. Compounds have their own collocational
preferences, not found with their bases
( Wahlkampf betreiben ‘pursue an election

1To avoid confusion of terminology, we use the term
‘compound base’ when we refer to the morphological
head of a compound.

campaign’ vs. ' Kampf + betreiben ‘pursue
a fight’, den Fiihrerschein entziehen ‘take
away so’s driving license’ vs. “*Schein +
entziehen ‘take away so’s certificate’.

A special case of the second type are com-
pounds with the same base that group together
according to collocational behaviour, but do
not share this behaviour with the base (einen
Diaabend/Vortragsabend/Ballettabend besuchen
(lit. ‘attend a slide show/talk/ballet evening’)
vs. " einen Abend besuchen ‘attend an evening’).
In linguistic terms, our hypothesis is that there
is a correlation between transparent, produc-
tive compounding and inheritance of the col-
locational behaviour from the base noun (case
1, above). Conversely we expect compounds or
compound groups (case 2) to have their own
collocational preferences when they are “lexical-
ized”, i.e. have a meaning not derivable compo-
sitionally from that of the base.

These facts have an impact on the acquisition
technique based on a stochastic grammar. Our
investigation was motivated by the fact that the
lexicalized statistical grammar, which indexes
all grammar rules by the lemma of the respec-
tive syntactic head, treated noun compounds as
instances of the base noun and introduced the



lemma of the base as the lemma of the com-
pound. This was done to reduce the number of
parameters, i.e. the number of unknown proba-
bility values, which have to be estimated in the
grammar training.? Each occurrence of a com-
pound was counted as an occurrence of the re-
spective base. This is justified for compounds
of the first type (see above), i.e. if the com-
pounds inherit the collocational preferences of
their bases. In cases of nin-inheritance, figures
are blurred for bases and no data for compounds
are available.

We investigated possibilities to improve the re-
sults by including compound lemmas of “lexical-
ized” compounds in the lexicon of the statisti-
cal grammar. We used a sample of base nouns
and pertaining compounds and automatically
extracted candidates of “lexicalized” compounds
from the newly-trained grammar model. The re-
sult was evaluated manually.

In section 2, we will motivate the use of a
stochastic grammar for the analysis of the cor-
pora and briefly explain the parsing and data
extraction methods used. In section 3, we will
describe the experiment, and in section 4, we
will finally discuss the results.

2 Collocation Extraction

2.1 Motivation for Full Parsing

We understand the term ‘collocation’ in a wide
sense that refers to co-occurrence frequency and
non-substitutability, but not necessarily to non-
compositionality, although often the combina-
tions cannot be translated word by word.

The identification of noun+verb-collocations
like seine Stimme abgeben ‘cast one’s vote’ (lit.
give away one’s vote) is a difficult task for au-
tomatic extraction. In contrast to many other

2This is important since the major problem in train-
ing a lexicalized stochastic grammar is the large number
of parameters which have to be estimated (cf. Schulte
im Walde et al. 2001).

types of collocations, they do not necessarily oc-
cur adjacent to each other. They are not even
restricted to a limited range of n adjacent items,
which poses problems for classical n-gram ap-
proaches and for many flat, chunking-based ap-
proaches. We overcome this problem by making
use of a full-fledged clausal analysis as prepro-
cessing step to the collocation extraction.

The problem of non-adjacency holds especially
for languages like German that allow for a rel-
atively free word order of nominal arguments.
There is no fixed order related to grammatical
functions, instead word order and constituent
order depend on various factors like information
structure, animacy, definiteness, etc. The gram-
matical relation between a noun and a verb can
therefore not be read off the linearization. Lin-
guistic knowledge like case morphology and sub-
categorization information are needed to deter-
mine the relation. Not only nominal arguments
do not occur in fixed positions, but also verbs
take part in dislocations: German particle verbs
split in Verb Second contexts. The finite ver-
bal part occurs in second position whereas the
particle remains clause finally at the right edge
of the verb phrase. Consequently, it does not
suffice to identify the finite verb. In addition,
the rest of the clause has to be checked for a
stranded particle to decide whether the finite
verb is independent or just the verbal base of a
split particle verb construction.

The stochastic grammar we used in the exper-
iments covers the described phenomena: it rec-
ognizes (split) particle verbs and identifies ver-
bal arguments independently from linearization,
thus achieving higher recall and higher precision
than flat approaches.

2.2 Corpus Parsing

We used a statistical grammar that models lin-
guistic knowledge and provides full sentence
parses (Schulte im Walde 2001). A manually
established context-free grammar with feature
constraint annotations functions as backbone. It



was trained on a newspaper corpus ® by a statis-
tical parser (LoPar, Schmid 2000): the param-
eters of the grammar are iteratively estimated.
The first steps of training evaluate the grammar
rules independently of lexical information. Fre-
quent structures get high scores, less frequent
structures low scores. In subsequent training
steps each rule is multiplied by all potential lexi-
cal heads. These are the lemmas of the syntactic
heads in terminal phrases which are then prop-
agated to non-terminal structure. The probabil-
ity mass of each rule is spread over the lexical-
ized rule variants. For the grammar rules this
means that common structures might be ‘un-
learned’ for specific lexical heads such that lex-
ically determined structural preferences surface
in the analysis. Lexicalization allows the gram-
mar to learn lexical co-occurrences. These are
head-head relations between mother nodes and
their non-head daughter nodes, for example the
relation between the verbal head of a clause and
the nominal head of its subcategorized object.

2.3 Collocation Candidates

The collocation candidates are extracted from
the trained grammar model which includes all
the relevant frequency information. This al-
lows for a relatively simple extraction algorithm,
since the head-head co-occurrence data can be
read off a file in text format and do not have
to be collected from parse trees or parse forests.
The crucial information is encoded as ‘lexical co-
occurrence’ information: all mother categories
are listed together with their non-head daughter
categories annotated with the lexical heads of
both. In addition, the estimated frequency of the
particular lexical co-occurrence constellation is
given. For example, the occurrence of Hahn
(‘tap’) as accusative object of abdrehen (‘turn
off’): the example line below reads from right
to left as follows. The verb abdrehen with the
subcategorization frame na (expecting a nom-

3The lexicalized training was based on a newspaper
corpus of approx. 25 million words.

inative and an accusative argument) occurs in
VPAs (active verb phrases) of the analyzed cor-
pus together with an NP.Acc (accusative noun
phrase) headed by Hahn with the estimated fre-
quency of 7.62.

| Lexical co-occurrence data: estimated frequency |
| 7.62 Hahn NP.Acc VPA-na

abdrehen |

We extracted pairs of verbs and their internal
arguments, i.e. their accusative objects in active
clauses, by generalizing over various syntactic
realizations: the frequency counts are collected
for noun-+verb-pairs independently of lineariza-
tion, voice (i.e. active/passive alternation), and
finiteness of the verb. This ensures exploiting
the broad coverage of the grammar, thereby in-
creasing recall and precision.

Adding up all occurrences of a given noun in-
dependently of the verbal head results in the
estimated frequency of the noun in general.
The same holds for a given verb, respectively.
Counting all pair frequencies by generalizing
over the lexical heads gives the total number
of noun-+verb-pairs that constitute the back-
ground on which the collocations are to be
identified. From an abstract point of view, the
lexical co-occurrence data of the model rep-
resents a compact corpus of noun-+verb-pairs
(syntactically homogeneous*: verb-direct ob-
ject) which can easily be fed into a lexical associ-
ation measure algorithm. In this sense the statis-
tical grammar serves as an extraction tool in the
process of identifying noun-+verb-collocations.
We ordered the extracted noun-verb-pairs in
two ways. First, with respect to their esti-
mated frequency®. Second, with respect to their
log-likelihood score to identify more reliably®
such pairs that have a high relative association,
i.e. potential collocations (cf. Dunning 1993).

In the terms of (Evert and Krenn 2001).

5A related approach, a combination of estimated fre-
quency and modeled probability in an EM-based clas-
sification model, has been used by (Prescher 2002) to
extract collocation candidates.

8Cf. Evert et al. 2000.



The score expresses a degree of confidence with
which we can reject the assumption that the co-
occurrence of a noun+verb-pair is mere coinci-
dence.

e estimated frequency:” Fio_oec(ni, v5);
for n; functioning as the direct object of v;.

e log-likelihood score:®
_2logA:_2log likelihood L(independence assumption)

likelihood L(dependence assumption)

3 Experiment

3.1 Data

The initial statistical grammar model general-
ized over nominal compounds by mapping com-
pounds onto the lemma of their base noun.
We extracted 200 nouns from the lexicon of
the initial grammar that served as base nouns
of the largest number of compound types (c-
types). We count into the c-types only com-
pounds made up of two common nouns, like
Zementy y|werk ‘cement works’. In addition,
we considered proper name-common noun like
Bonifatiusy g werk, and hyphenated compounds
like Chip-Werk, Mercedes- Werk. Other types of
compounds like Frih,p/werk ‘early works’ or
Stelly Jwerk ‘signal box’ are ignored. If the first
part of the compound was complex itself it was

"More precisely: F., occ(hg, Cq, C,h)+ =
P,utside (e)Pinside (el)Pinside (C)Pcofocc (hd|Dd7 C7 h)/P(T)J
where C' is the mother category and h its lexical head;
Cjy is the category of the non-head daughter and hg its
head, respectively; ¢ is some constituent of category C;
e is the lexical co-occurrence event; and P(T') is the
overall probability of the parse tree (cf. Schmid 2000,
p.14, his ‘lexical choice’ frequency Fepoice)-
8_2log\ =
—2logL(c12,c¢1,p) + logL(ca — ¢12, N — c1,p)
—logL(c12,c1,p1) —logL(ca — ¢12, N — ¢1,p2)
whereby L(k,n,z) = zF(1—2)" % and p = &, p; = &2

=
€C1—Ci2

p2 = =2 (cf. Manning and Schiitze 1999, p. 172ff.).
Ci2 is the co-occurrence frequency f(n;,v;). C1 is the
total frequency of a given object }; f(ni,v;). Cs is the
total frequency of a given transitive verb »°. f(n;,v;).
N is the total frequencies of pairs >, f(ni, v;)-

not analyzed further, e.g. Atomkraftwerk and
Braunkohlekraftwerk count as two different c-
types of the base Werk.

For the experiments on collocations of com-
pounds versus bases, we manually determined
85 bases from the list of the 200 nouns: we
preferred nominalizations of verbs (like das
Verbot ‘prohibition’) and polysemous nouns
(die Leitung ‘wire’,‘pipeline’,‘management’) but
avoided real homographs (der/die Leiter ‘exec-
utive’,’ladder’) and too many concrete nouns.
The 85 bases are related to a total number of
7,518 compound types.

3.2 Preprocessing

The first step of preprocessing includes a mor-
phological analyzer (Schiller 1994). Inflectional
variants are mapped onto their lemmas (e.g.
Hiuser — Haus, abgab — abgeben) and com-
pounds are decomposed (e.g. Atempause -
Atem=Pause). In German, compounds are writ-
ten as a single word without blank (and nor-
mally also without a hyphen). It is therefore
necessary to apply a morphological analysis to
automatically relate compounds to their nom-
inal bases. In addition, each token is assigned
potential parts-of-speech and morpho-syntactic
properties like case.

The lexicon of the parsing grammar is automat-
ically created by morphologically analysing the
corpus and mapping the output onto relevant
grammar tags. Each entry includes the token
and a list of triples consisting of terminal gram-
mar tag, estimated frequency and lemma. In the
initial grammar version the lemma of a com-
pound is the lemma of its base. For example,
Bergqwerks is lemmatized as Werk.

In the experiment, we mapped the compounds
on their compound lemma, for instance the to-
ken Bergwerks is mapped on the lemma Berg-
werk. Supported by the morphological analyzer
we related the 7,518 compound types to their to-
kens and replaced the initial (base) lemma tags
by the corresponding compound lemma. The re-



vised lexicon was used forlexicalization and lex-
icalized training of the statistical grammar.

3.3 Extraction

We extracted pairs of direct object and verb to-
gether with the relevant estimated frequencies.
The frequency values were used to calculate the
log-likelihood ratio, —2log\. The absolute value
of the score tends to be higher if the noun fre-
quency is higher. This means in general that
a base+verb-pair achieves a much higher score
than the average compound+verb-pair. The in-
teresting cases are those in which the compound
gets a higher log-likelihood value than its base
with respect to a given verb, i.e. if it holds that
—2logA(comppgsej,verb;) > —2logA(base;,verb;)
We set the threshold for the log-likelihood score
of compound-verb-pairs at 10.83. This is a
standard critical value of the x2-test. A score
higher than 10.83 means that we can reject the
independence assumption with 99.999 % confi-
dence. The probability of error is thereby less
than 0,001 (Manning and Schiitze 1999, p.174).
The picture gets blurred with nouns that have
an overall low frequency in the preprocessed cor-
pus. If such a noun occurs in a low-frequent
pair, the log-likelihood score tends to be rela-
tively high. In many cases it is higher than the
threshold of 10.83, which means that there is
a lot of noise in the extracted data and pre-
cision is not very good. 5,503 out of 18,051
compound-+verb-pairs with an estimated fre-
quency of lower or equal to 1.00 get a log-
likelihood score of larger than 10.83. Among
them there are even combinations proposed due
to parsing errors, such as Sonntagabend-+rollen
‘roll sunday evening’ which comes with a fre-
quency of 0.88 and a log-likelihood score of
11.85. The pair would be wrongly included in
the candidate set of noun+verb-collocates. To
reduce the noise, we used the log-likelihood in-
formation only for compound-verb-pairs with
an estimated frequency larger than 2.5.

To collect relevant compound-+verb-pairs with

frequencies lower than the threshold, we tested
additional heuristics based on a comparison of
the estimated frequencies of compounds and
their bases. A zero frequency of a base+verb-
pair was taken as an indicator for a lexicalized
compound if (a) the compound co-occurs signif-
icantly often with the respective verb (this case
is already covered in the log-likelihood analysis),
or (b) if n compounds with a common base co-
occur with the same verb which itself does not
co-occur with the base, or (¢) if a compound co-
occurs with n verbs that are all not observed
together with the respective base. In addition
we checked whether or how often the compound
may occur with the same verb as the base does.
These heuristics are tested to find lexicalized
candidates in spite of a sparse data situation.

4 Results

In the following, we first comment on the general
results with respect to the expected types of dif-
ferent collocational behaviour. Then, we discuss
the results of the experiments in more detail.
The experiments are organized as follows. (i)
We extracted compound-+verb-pairs that came
whith a frequency larger than 5.0 and the verb of
which did not co-occur with the respective base.
This turned out to be a quite reliable method for
identifying lexicalized compounds. Due to the
relatively high frequency threshold, this method
cannot deal with sparse data. (ii) To reduce the
sparse data problem, we lowered the frequency
threshold for compound+verb-pairs to 2.5 and
allowed co-occurrence of verb and the respective
base but added restrictions on the log-likelihood
scores. This method improved the recall. (iii) To
get hold of lexicalized compounds that occurred
only in low-frequency pairs, we tested a number
of heuristics by grouping compound types ac-
cording to a given verb or vice versa. This very
rough method helped to handle sparse data.



4.1 Inherited Collocations

The nouns Fest, Kampf, and Kraft were ana-
lyzed in more detail as a sample of the 85 base
nouns included in the experiment because many
of their compounds occur frequently enough to
provide interpretable collocational data.

The most prominent verbal collocates of Fest are
feiern (estimated frequency of 88.24), erdffnen
(20.45), planen (12.79), wveranstalten (11.75),
and machen (10.87). Considering all 94 com-
pounds of Fest in the corpus and the colloca-
tions of these, 38.21% of all observed colloca-
tions (tokens) contain the verb feiern; feiern was
observed in collocations of 49 of the 94 (52.13%
of the) compound types. The next important
collocates with compounds of Fest are erdffnen,
planen, veranstalten, machen, organisieren, be-
suchen; these verbs account for another 24.87%
of the analyzed occurrences.

Another example of the same type is the
noun Kampf. The collocates shared by many
of its compounds are fihren (13.82% of the
total occurrences), erdffnen (3.65%), verlieren,
gewinnen, fortsetzen, beenden, liefern, entbren-
nen, ausfechten, austragen, entscheiden (to-
gether 10.58 % of the occurrences). Interest-
ingly, the second most frequent combination
with Kampf is jmdm den Kampf ansagen (‘to
challenge sb’). This collocation is lexicalized and
a combination with ansagen seems impossible
with any compound of Kampf.

The above examples illustrate cases where the
collocational behaviour of compounds is partly
inherited from that of the bases. The nouns an-
alyzed are mainly monosemous. A polysemous
case is the noun Kraft. Its compounds fall into
two groups:

(a) ‘power, strength, force’: Triebkraft, Symbol-
kraft, Ausdruckskraft, Durchsetzungskraft, ...

(b) ‘employee, personnel’: Nachwuchskraft, Hono-
rarkraft, Fihrungskraft, Halbtageskraft, ...

Along with the two distinct semantic groups,
collocations also group together. With group

(a), prominent verbs are haben, stirken, bin-
deln, wverlieren, verlethen, beweisen, entfalten,
whereas group (b) has einsetzen, einstellen,
freisetzen, suchen, anstellen. Very few — unspe-
cific and likely not collocationally relevant —
verbs show up with compounds of both groups:
brauchen, geben, entwickeln.

4.2 Lexicalized Cases without In-
heritance

From the estimated frequency figures for col-
locations, separately for bases and for com-
pounds, it is easy to extract those cases where
a given compound has a highly frequent collo-
cation with a verb and where this verb does
not collocate with the respective base at all.
This case is the inverse of den Kampf ansagen,
the non-inherited idiom observed above. A few
prominent examples are listed in the following:

o Autobahn, Fahrbahn + sperren, but not *Bahn +
sperren

o Bujfgeld verhdngen, but not *Geld + verhdngen
o Hilfestellung + leisten, but not * Stellung + leisten

The examples all contain lexicalized compounds
which are morphologically transparent, but not
(cf. Hilfestellung) or only partially (cf. BufSgeld)
semantically transparent. Among the bases con-
cerned are mainly very general ones (e.g. Art,
Werk, Wert, Punkt) which give rise to semanti-
cally opaque compounds (like Handwerk, Kunst-
werk, Feuerwerk, Standpunkt, Sportart etc.).

4.3 Frequency-Based Extraction

To evaluate the first extraction results, we
picked 40 automatically derived candidates
for lexicalized compounds and evaluated the
noun-+verb-pairs in comparing the collocational
preferences of these compounds with the collo-
cation preferences of their bases. The candidates
were determined by a threshold of the frequency
f, f > 5, for the lexical co-occurrence event.
The compound co-occurs with a verb that does



not co-occur with the base. 29 of the candidates
occured mainly in idiomatic collocations. 9 can-
didates showed a mixed behaviour: they had an
overlap with their base but are rather idiomatic.
Only 2 out of the 40 candidates mainly inher-
ited the collocation preferences of their base. We
take this result as a confirmation of the hypoth-
esis that the analysis of collocational behaviour
can be used for identifying candidates of lexical-
ized compounds. The following table shows the
result of the (manual) evaluation.

Forming idiomatic collocations |

Alarmanlage Anhaltspunkt
Autobahn Besatzungsmitglied
Bufsgeld Eigentumsverhéltnis(-se)
Fahrbahn Feindbild
Feuerwerk Gangart
Grofsenordnung Handwerk
Hilfestellung Hohepunkt
Meinungsbildung  Notdienst
Spielabend Sportangebot
Sportart Standpunkt
Stellenwert Streckenfiihrung
Streitwert Umweltschutz
Urstand Verkehrsfiihrung
Verwarnungsgeld  Waffenstillstand
Zeitpunkt

Mixed but rather idiomatic

Arbeitskampf Arbeitskraft
Autofahrer Grenzwert
Kopfgeld Motorradfahrer
Ozonwert Sozialhilfe
Wahlkampf

Inheritance of collocation |

| Miftrauensantrag Pressekonferenz |

4.4 Log-Likelihood Scores

To evaluate the rest of the extraction exper-
iments, we pre-determined lexical compounds
from the compound list without taking the
noun-verb-collocations into consideration. The
test was whether a compound can be replaced
by the base without a relevant change in mean-
ing, for example Verteidigerstellung (‘position of
defender’) can be replaced by Stellung which ex-

presses the same meaning in a less specific way,
i.e. it is not a lexicalized compound, whereas
Problemstellung ‘way of looking at a problem’
is not a specific type of Stellung’, i.e. it is a
lexicalized compound. Table 4.4 lists the man-
ually determined lexicalized compounds. The
compounds which were extracted by the log-
likelihood-based method are given in bold let-
ters. We set the following thresholds:

e —2]ogA(compound,verb) > 10.83
e Feo occ(compound,verb) > 2.5

e —2]ogA(compound,verb;) > —2logA(base,verb;)

See also the more detailed results in table 2.

| Base | # | lexicalized c-types |

Abend 65 | Elternabend, Feierabend,
Lebensabend

Art 35 | Eigenart, Gangart, Mundart,
Sportart, Spielart, Tonart

Fest 94 | none

Kampf | 64 Wahlkampf

Stellung | 46 | Fragestellung,  Hilfestellung,
Problemstellung,  Schlisselstel-
lung, Themenstellung

Werk 192 | Bauwerk, Bergwerk, Fachw-
erk, Feuerwerk, Handwerk,
Kraftwerk, Laufwerk, Mundw-
erk, Netzwerk, Triebwerk,
Schuhwerk

Compounds of Stellung tend to be transparent
as long as the first part of them are common
nouns. Due to ambiguities in the morphological
analysis the test items include words like Fest-
stellung, Klarstellung or Zufriedenstellung. They
are in fact not compounds but nominalizations
of complex verbs like feststellen, klarstellen, and
zufriedenstellen. We expect them to be opaque
in meaning, and also to show individual colloca-
tion preferences. They are indeed extracted as
lexicalized items by our tests.

Compounds with the base Art deviate from the
right-hand head rule in that the semantic base
of the compound is its first part, for instance
Baumart ‘treetype’ is not a kind of Art ‘kind’



but a kind of Baum ‘tree’. We expect there-
fore that there is no significant match in the
collocational behaviour of compounds and base.
This is in fact born out. Among the 25 pairs
with —2logA (= L(c,v)) > 10.83 there are only
4 wich have a positive count for a related com-
pound. None of the 9 most prominent pairs of
Art+verb co-occur with a compound of Art.
Compounds involving proper names or hyphen-
ated compounds were evaluated independently.
The latter often feature a proper name or an
abbreviaton as first compound part. Both types
tend to be transparent and inherit their collo-
cational preferences from their bases. Table 1
shows some of the extraction results.

4.5 Grouping Heuristics

To improve the recall on lexicalized compounds,
we tested additional simple grouping heuris-
tics. We extracted sets of compounds with 5
or more members that co-occur with a verb
that has zero-frequency with the corresponding
base. This method lead to 77 additional candi-
dates, among them e.g. Mundwerk and Gottes-
dienst. Another heuristic was extracting com-
pounds that co-occur with a set of 4 or more
verbs that have all zero-frequency with the cor-
responding base. We found 11 additional candi-
dates this way, including Badenwerk (which is a
proper name) and Dauerwelle.

4.6 Using the Results in Colloca-
tion Acquisition

The manually analyzed data support our initial
assumption, that semantically transparent com-
pounds tend to inherit the collocational pref-
erences of their bases whereas lexicalized com-
pounds show their own preferences. The initial
stochastic grammar model was based on the
assumption that the collocational behaviour of
compound nouns is inherited from that of base

9There is a whole class of nouns that behave the same.

nouns. The technical advantage of this approach
was that it helped to reduce the number of pa-
rameters to be estimated. The exemplary data
analyzed in section 4.1 confirmed that the ini-
tial approach was empirically correct for certain
types of compounds. For lexicalized compounds,
this approach did not lead to useful data. There-
fore, lexicalized compounds have to be extracted
from the data (e.g. by the methods discussed in
this paper) and defined in the lexicon for further
applications. Another problematic type involves
polysemous base nouns. Further processing (e.g.
clustering) of the detailed data on compounds
(as we show them in this paper) should lead to
a first rough outline of “senses” of the bases.

4.7 Iterative Approach

We applied an iterative approach for includ-
ing lexicalized compounds into the lexicon. In
general, compounds were lemmatized with the
lemma of their base. Only a part of the com-
pounds was lemmatized with the respective
compound lemma (in our experiment 7,518 com-
pound types, belonging to 85 base types). Af-
ter lexicalization and training of the new model,
collocation mismatches between the compounds
and theor corresponding bases were analyzed.
The compound lemmas of lexicalized com-
pounds were then included in the lexicon. Non-
lexicalized compounds, on the other hand, were
again mapped on the lemma of their bases. The
procedure will be repeated with further simi-
lar samples. This procedure will keep the num-
ber of parameters to be estimated in subsequent
grammar trainings manageable and will itera-
tively lead to an improvement of the extraction
results.

5 Summary and Outlook

For the extraction of noun+verb-collocations
from German corpora, we use a stochastic gram-
mar; it produces mostly syntactically homoge-
neous material, with higher precision and higher



| Verb | base L(b,v) F(b,v) | comp L(c,v) F(c,v) ]
bezeichnen Antrag 0.21 6.66 | CDU- 16.09 3.00
bauen Bahn 17.11 6.01 | U- 19.56 3.71
benutzen Bahn 14.56 4.12 | U- 18.87 2.99
betreten Bahn 0.00 0.00 | U- 24.42 3.00
fahren Bahn 41.52 8.85 | S- 58.19 7.07
fahren Bahn 41.52 8.85 | U- 42.69 5.80
beschéftigen | Kraft 0.02 0.99 | ABM- 30.04 3.67
engagieren Kraft 0.00 0.00 | ABM- 36.41 3.00
ablehnen Vertrag  21.25  16.40 | Maastricht-  30.41 3.98
erwarten Wert 0.01 5.00 | Ozon- 27.68 3.00

Table 1: Sample results for hyphenated compounds

recall than an approach not based on gramma-
tical knowledge of equal detail. To keep the pa-
rameter estimation problem in the training step
manageable, we ran an experiment on the col-
locational preferences of compound nouns, as
compared to those of their bases. The results
suggest that collocate selection is mostly shared
between bases and those compounds which are
productively built, and which are thus not only
morphologically, but also semantically transpar-
ent. Lexicalized compounds, however, tend to
have their own collocations which do not (or
only very partially) overlap with those of their
bases. This has implications for the improve-
ment of the stochastic grammar as a colloca-
tion extraction tool: it makes sense to construct
a lexicon of the most frequent compounds with
deviant collocational behaviour and to use the
inheritance hypothesis for all other compounds.
An iterative methodology is appropriate for this
lexicon construction work, which provides at the
same time lists of lexicalized compounds which
may be of use also for other NLP tasks.
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Verb | base L(b,v) F(b,v) [ comp L(c,v) F(cv) ]
haben Abend 0.43 15.65 | Feier 23.54 6.66
verbringen Abend 168.73  22.07 | Lebens 527.35 39.84
haben Art 8.33  60.47 | Eigen 12.40 5.07
einschlagen Art 0.00 0.00 | Gang 143.74 11.94
ankiindigen Art 0.16 1.00 | Gang 65.07 9.13
einlegen Art 0.00 0.00 | Gang 54.18 6.58
trainieren Art 0.00 0.00 | Kampfsport  50.74 2.86
haben Art 8.33  60.47 | Spiel 10.84 2.85
kennenlernen | Art 0.95 1.00 | Sport 78.07 7.00
ausiiben Art 1.32 1.09 | Sport 27.27 2.91
organisieren Fest 20.54 6.00 | Sommer 32.18 4.64
organisieren Fest 20.54 6.00 | Strafen 32.71 3.90
einlduten Kampf 0.00 0.00 | Wahl 27.76 3.50
dominieren Kampf 0.00 0.00 | Wahl 17.56 2.91
treffen Stellung 0.00 0.00 | Fest 20.07 3.93
leisten Stellung 0.00 0.00 | Hilfe 306.30  32.55
erhoffen Stellung 0.00 0.00 | Hilfe 20.47 2.78
bieten Stellung 0.00 0.00 | Hilfe 25.36 5.41
verlangen Stellung 0.00 0.00 | Klar 27.73 4.48
fordern Stellung 0.00 0.00 | Klar 14.63 3.80
zerstoren Stellung 0.00 0.00 | Luftabwehr 39.55 3.00
ausbauen Stellung  18.92 6.53 | Markt 39.30 4.00
verlieren Stellung  17.68  12.75 | Monopol 18.15 3.00
verbessern Stellung 1.52 2.01 | Rechts 34.07 3.00
einnehmen Stellung  52.26  12.20 | Spitzen 96.02 8.52
vornehmen Stellung 0.00 0.00 | Weichen 47.68 4.99
erwarten Stellung 0.00 0.00 | Weichen 14.86 2.96
abschalten Werk 1.88 0.98 | Atomkraft 291.55  23.13
bauen Werk 64.22 22.22 | Atomkraft 74.23 12.37
instandsetzen | Werk 0.00 0.00 | Bau 41.84 2.98
zerstéren Werk 0.05 1.00 | Bau 17.06 2.99
abbrennen Werk 0.00 0.00 | Feuer 166.53  10.57
entfachen Werk 0.00 0.00 | Feuer 64.64 4.87
veranstalten | Werk 0.00 0.00 | Feuer 23.42 3.00
legen Werk 0.25 1.07 | Hand 502.89 57.32
lernen Werk 0.00 0.00 | Hand 135.75  18.40
erlernen Werk 0.00 0.00 | Hand 109.22  10.00
beherrschen Werk 0.00 0.00 | Hand 80.84 10.94
verstehen Werk 0.08 1.66 | Hand 96.54 16.99
erschweren Werk 0.00 0.00 | Hand 17.31 3.00
betreiben Werk 1.63 3.02 | Kernkraft 19.68 3.00
liefern Werk 2.17 3.69 | Kernkraft 16.12 2.68
abschalten Werk 1.88 0.98 | Kraft 74.44 7.00
stilllegen Werk 22.25 5.00 | Kraft 58.82 6.00
betreiben Werk 1.63 3.02 | Kraft 36.89 6.00
besetzen Werk 12.88 6.77 | Kraft 14.98 2.99
schaffen Werk 0.02 4.12 | Kunst 29.08 7.48
zerstoren Werk 0.05 1.00 | Kunst 13.47 2.99
zerstoren Werk 0.05 1.00 | Lebens 31.16 4.00
aufbauen Werk 4.77 3.96 | Netz 77.23 8.99
tragen Werk 4.63 0.51 | Schuh 27.31 3.91
verlieren Werk 2.20 0.94 | Trieb 23.22 3.96
billigen Werk 0.49 1.00 | Vertrags 31.27 3.21

Table 2: Sample extraction results
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