
Disambiguating Noun Compounds

Su Nam Kim and Timothy Baldwin
CSSE

University of Melbourne
Australia

{snkim,tim}@csse.unimelb.edu.au

Abstract

This paper is concerned with the interaction between word
sense disambiguation and the interpretation of noun com-
pounds (NCs) in English. We develop techniques for disam-
biguating word sense specifically in NCs, and then investi-
gate whether word sense information can aid in the semantic
relation interpretation of NCs. To disambiguate word sense,
we combine the one sense per collocation heuristic with the
grammatical role of polysemous nouns and analysis of word
sense combinatorics. We built supervised and unsupervised
classifiers for the task and demonstrate that the supervised
methods are superior to a number of baselines and also a
benchmark state-of-the-art WSD system. Finally, we show
that WSD can significantly improve the accuracy of NC in-
terpretation.

Introduction

Word sense disambiguation (WSD) is the task of assign-
ing predefined sense labels to word instances. It is one of
the most challenging tasks in natural language processing
(NLP), to the extent that it has been described as an AI-
complete problem, i.e. a problem which requires human-
level machine intelligence to solve. WSD is convention-
ally conceptualised as an intermediate task in NLP, although
there is some controversy as to what applications it has util-
ity in given current performance levels (Agirre & Edmonds
2006). Sanderson (1996) famously found that unreasonable
levels of accuracy were required for WSD to enhance infor-
mation retrieval performance, whereas Vickrey et al. (2005)
and Carpuat & Wu (2005) got mixed results for WSD in the
context of machine translation.

Ide & Véronis (1998) categorise WSD research into two
primary categories: corpus-based and knowledge-based.
Corpus-based methods use features based on neighbouring
(content) words in a fixed word window of the target word,
while knowledge-based methods extract features from lexi-
cal resources such as dictionaries. As examples of corpus-
based WSD, Yarowsky (1995) used a bootstrap approach to
disambiguate word senses, while McCarthy et al. (2004)
proposed a method for learning the first sense of a word
based on grammatical context, content words in a word win-
dow, and ontological semantics. As examples of knowledge-
based WSD, Leacock, Chodorow, & Miller (1998) acquired
examples automatically to generate features based on iden-
tification of monosemous hypernyms and hyponyms of the
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target word, and Banerjee & Pedersen (2003) showed the
usefulness of hypernyms in definition overlap-based WSD.

In this paper, we are interested in the applications of WSD
to noun compounds (NCs) such as apple pie or family car;1

for a given NC, we will refer to the first element (e.g. ap-
ple) as the modifier and the second element (e.g. pie) as the
head noun. Specifically, we are interested in two tasks: (1)
WSD of the individual elements of NCs, e.g. apple and pie
in apple pie, and (2) the utility of WSD in interpreting the
semantic relations in noun compounds, e.g. interpreting ap-
ple pie as corresponding to the MATERIAL semantic rela-
tion due to apple pies being made from apples. This second
task is of interest to both (a) the WSD community in that
we attempt to showcase a successful application of WSD to
a real-world NLP task, and (b) the lexical semantics com-
munity in that NCs continue to be the target of active re-
search on interpretation (Levi 1979; Moldovan et al. 2004;
Kim & Baldwin 2006).

Our motivation in carrying out WSD over NCs is that
sense-disambiguated elements in NCs provide stronger evi-
dence to disambiguate the word sense of polysemous nouns
than the context of usage of the NC. Also, in focusing on
the elements of the NC, we can bring the one sense per col-
location heuristic into play, in assuming that the elements
in a given NC will always occur with the same sense, and
further, that a given NC will always have the same semantic
relation irrespective of context. We return to discuss this in
detail in the Motivation section. We compare this approach
with a standard corpus-based approach, using a state-of-the-
art WSD system, and show that our disambiguation method
based solely on word sense combinatorics is more successful
at disambiguating word sense than existing methods.

Having disambiguated the word sense of the elements in a
given NC, we can then test the second motivation that word
sense can aid the interpretation of NCs, following the lead
of Moldovan et al. (2004). Unlike Moldovan et al. (2004),
however, we specifically compare word sense-sensitive and
word sense-insensitive approaches to NC interpretation. In
our experiments, we provide conclusive evidence that WSD
can indeed boost the performance of NC interpretation.

Note that we do not dispute the claim that context in-
fluences NC interpretation (e.g., see Nastase et al. (2006)).
Rather, for the our current purposes we focus exclusively on
word sense at the type-level for NCs in isolation, and leave
the harder task of token-level context modelling to future re-

1We focus exclusively on binary noun compounds in this paper.
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day art
sense mod head ∗ mod head ∗

ws1 .13 .04 .41 .85 .62 .67
ws2 .02 .04 .20 .11 .04 .22
ws3 .80 .00 .12 .00 .03 .08
ws4 .00 .91 .20 .04 .31 .03
ws5 .04 .01 .05 — — —
ws6 .00 .00 .03 — — —
ws7 .00 .00 .00 — — —
ws8 .01 .00 .00 — — —
ws9 .00 .00 .00 — — —
ws10 .01 .00 .00 — — —

Table 1: Sense distribution for day and art as an NC modifier
(mod), head noun (head) and overall in SEMCOR (∗)

search.

The remainder of the paper is structured as follows. We
first present the motivations underlying this research, before
outlining the resources used in this research. Next, we pro-
pose supervised and unsupervised methods for WSD of NC
elements and describe the procedure used to generate the
dataset we evaluate our method over. Finally, we evaluate
the proposed WSD methods and move onto the question of
whether the output of these methods can enhance NC se-
mantic relation interpretation, and conclude the paper with a
discussion.

Motivation

Sense Distribution of Polysemous Elements in NCs

Our motivation is that the syntactic role of polysemous ele-
ments in NCs biases their sense distribution to varying de-
grees. Table 1 shows the distribution of word senses for two
polysemous nouns, art and day, as the modifier and head in
a range of NC types, and also overall in SEMCOR (a subsec-
tion of the Brown Corpus which has been manually sense-
tagged with WORDNET senses). Note that here and through-
out the paper, word senses and sense glosses are taken from
WORDNET 2.1.

Day occurs most frequently with ws3 (“daytime, day-
light”) when used as the modifier in an NC, but ws4 (“a day
assigned to a particular purpose or observance”) when used
as the head noun and ws1 overall in SEMCOR. In the case of
art, the predominant sense in all three cases is ws1 (“the
products of human creativity; works of art collectively”),
but as a head noun, there are also significant numbers of
ws4 usages (“photographs or other visual representations in
a printed publication”) while the sense distibution for head
noun instances is less skewed. In summary, we claim that
the sense distribution of nouns is biased when they occur in
NCs, with a different bias depending on whether they occur
as the modifier or head noun.

Sense Restrictions in NCs

Moldovan et al. (2004) used word sense combinatorics to
interpret semantic relations in NCs. They argued that the
semantic relation of an NC can be predicted from the com-
bination of word senses of the modifier (n1) and head noun

exhibition

studio

museum

gallery

...

sense 1 sense 2

journal

magazine

library

sense 4

...

art (modifier)

Figure 1: Sense restriction due to the semantics of the dis-
ambiguated element in NCs

(n2), based on simple conditional probability:

sr∗ = argmaxsri
P (sri|ws(n1), ws(n2)) (1)

where ws(n∗) returns the word sense of noun n∗ and each
sri is a semantic relation.

Based on this, we formulate our probabilistic model to
disambiguate the word sense of polysemous element in NCs
as follows:

ws∗(ni) = argmaxws(ni)P (ws(ni)|ws(nj), sr) (2)

where ni is the element we are seeking to disambiguate,
nj is the remaining element in the NC, which we are as-
suming has already been disambiguated (see below for de-
tails), and sr is the semantic relation between the modifier
and head noun. As we are attempting to use word sense to
disambiguate the semantic relation, we instead use the syn-
tactic role of ni (i.e. modifier or head noun), as motivated
above. Note that we could feasibly identify the semantic
relation independent of word sense information, e.g. using
the method of Kim & Baldwin (2005) based on nearest-
neighbour matching over the union of senses of the modi-
fier and head noun. Based on experimentation, however, the
accuracy of standalone semantic relation disambiguation is
inadequate, motivating the use of word sense information.

We have predicted that the word sense of an NC element
is biased by the syntactic role in which it occurs and the
element with which it co-occurs. Figure 1 shows an exam-
ple of word sense restriction based on collocation: art as a
modifier occurs only with sense 1 in combination with head
nouns such as exhibition, but sense 4 in combination with
head nouns such as journal.

One Sense per Collocation

Yarowsky (1993) originally proposed one sense per collo-
cation as a general bootstrapping technique for WSD, in as-
suming that a word will occur with the same sense in combi-
nation with a given word collocation (specifically targeting
NCs and adjective-noun collocations) across all token oc-
currences. Yarowsky demonstrated the effectiveness of the
heuristic in achieving an accuracy of 90-99% over a range of
binary disambiguation bootstrapping tasks. In earlier work,
Yarowsky (1993) illustrated that for different word classes,
different contexts were most effective in WSD. In the case
of nouns, the best disambiguating context was directly adja-
cent adjectives or nouns, underlying the effectiveness of the
heuristic for our work.
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In our method, we apply the one sense per collocation
heuristic to disambiguate the word sense of the NC ele-
ments. Our use of the heuristic differs slightly from that of
Yarowsky, in that we are seeking to disambiguate both ele-
ments of the NC, rather than just one element based on what
words it co-occurs with. Also, we are applying it to the full
WORDNET sense inventory, rather than just coarse-grained
binary distinctions, and thus don’t expect to be able to repro-
duce the heady numbers of Yarowsky. Note that in using the
one sense per collocation heuristic, we are not making any
linguistic claims about the potential for a given NC to have
different senses based on context. Rather, we are claiming
that the majority of token occurrences of a given NC will
conform to a given sense combination.

Resources

The set of semantic relations we use is based on that of
Barker & Szpakowicz (1998), and made up of 20 relations
including AGENT (e.g. student protest), CAUSE (e.g. flood
water) and OBJECT (e.g. horse doctor).

As mentioned above, we use WORDNET 2.1 (Fellbaum
1998) as our sense inventory. WORDNET is a rich lexical
ontology which is structured primarily using lexical rela-
tions such as synonymy, hypo/hypernymy and troponymy.
Word senses in WORDNET are defined relative to synsets,
that is sets of synonyms.

CORELEX (Buitelaar 1998) is a noun classification based
on a unified approach to systematic polysemy and the
semantic underspecification of nouns, and derives from
WORDNET 1.5. It contains 45 basic types, systematic
polysemous classes and 39,937 nouns with tags. We use
CORELEX to obtain noun clusters to aid WSD. Note that
CORELEX differs from WORDNET in that there is no hier-
archical structure between clusters.

SENSELEARNER (Mihalcea & Faruque 2004) is an all
(open-class) words WSD system, i.e. it disambiguates all
words which are contained in WORDNET. The system uses
minimal supervision, i.e. it uses a relatively small data set
as training data. The system learns a global model for each
word category (noun, verb, adjective and adverb) rather than
learning a separate classifier for each target word. The sys-
tem achieved 64.6% accuracy over the English all words task
in Senseval-3, making it state-of-the-art at the time of writ-
ing. We use SENSELEARNER as a benchmark to compare
our WSD method against.

The British National Corpus (BNC) is used as the source
of corpus counts for our unsupervised WSD method.

Finally, we used the TIMBL 5.1 memory-based learner
(Daelemans et al. 2004) to build all our supervised classi-
fiers.

Approach

Supervised method

The one sense per collocation heuristic encodes the predic-
tion that all occurrences of a noun in a given NC will have
the same sense. We base determination of that sense on
its co-occurring NC element, leading to the formulation in
Equation 2. As features of the classifier, we use the role of

sense substituted NCs
1 craft/artifact museum
2 artistic production/creative activity museum
3 artistry/superior skill museum
4 artwork/graphics/visual communication museum

Table 2: Substitution method for each sense of polysemous
element in art museum

art:4 authority:7 bar:14 channel:8 child:4
circuit:6 day:10 nature:5 stress:5

Table 3: Target noun set, and the polysemy of each

the target noun and word sense of the second noun in the
NC.

To determine the word sense of the collocating element
(nj), we experiment with the use of two types of seman-
tics: noun classes from CORELEX, and the first sense from
WORDNET.

Unsupervised method

As an unsupervised approach to NC WSD, we use lexical
substitution, similarly to Mihalcea & Moldovan (1999) and
Agirre & Martinez (2000). That is, we substitute the target
element with synonyms from each of its WORDNET synsets,
then compute the probability of each underlying word sense
by calculating the frequency of the substituted NCs in a cor-
pus. Since each word sense can have more than one syn-
onym, we calculate the mean frequency across all synonyms.
Finally, the word sense which has highest substitution-based
frequency is assigned as the word sense of the target ele-
ment. In the case that the target noun (n1) is a modifier
collocating with head noun n2, this equates to the following
calculation:

ws∗(n1)=argmaxsi∈ws(n1)

∑
nj∈ss(si)\{si}

freq(nj,n2)

|ss(si)\{si}|
(3)

where each si is a word sense of n1, and ss(si) returns
the synset containing sense si. The calculation in the case
the target noun is a head noun is analogous, with the only
change being in the calculation of the corpus frequency.

Table 2 illustrates the process for the target noun art in
the context of art museum, over the four WORDNET senses
of art.

Dataset

In order to evaluate the proposed method, we constructed a
sense-annotated dataset of NCs. First, we retrieved 20 fre-
quent polysemous nouns from SEMCOR and Senseval-2. We
then identified binary NCs in the BNC incorporating those
20 nouns in either modifier or head noun position (but not
both). From this, we extracted polysemous nouns which oc-
curred as both the modifier and head noun over at least 50
NC token instances, out of which we selected the 9 nouns
which occurred in the most NCs, as detailed in Table 3.

For the 9 target nouns, we then (fully) randomly selected
50 NCs in each of the modifier and head noun positions. As
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Sense 1 lesson
=> teaching, instruction,...

=> education
=> profession

=> ...

art   lesson

Sense 2 example, deterrent example..

Figure 2: Word sense of the collocating element art

a result, we have 100 NCs per target noun, and a total of 900
instances.

Two linguistically-trained human annotators sense-tagged
all 900 NCs, based on analysis of their token occurrences
in the BNC. In the case that a given NC was used over a
range of sense assignments, the majority class assignment
was selected for the NC type. The initial type-level inter-
annotator agreement was 69.2%, and all instances of dis-
agreement were resolved based on discussion. Those same
900 NCs were then annotated with a semantic relation by a
single expert annotator, once again with reference to their
token occurrences in the BNC.

To get the noun classes for the collocating elements to
use in the supervised classifier, we used CORELEX. Among
the 900 NC instances, an entry was found for 61.6% of the
collocating elements in CORELEX. For the remaining ele-
ments a CORELEX class was manually assigned following
the CORELEX clustering methodology.

We also determined the semantics of the collocating el-
ements, based on the first sense prediction method of Mc-
Carthy et al. (2004). Here, we are predicting the predom-
inant sense of each noun in the BNC in an unsupervised
manner, and using this to disambiguate all instances of that
noun. We adopt the method of Kim & Baldwin (2006), in
supplementing the predominant sense with its three WORD-
NET hypernyms, as illustrated in Figure 2 for the collocating
head noun lesson in art lesson (target noun = art).

For the unsupervised classifier, we calculated the web
count of each synonymy-substituted NC using Google. This
was motivated by the findings of Lapata & Keller (2004) that
the web provides reliable probability estimates for tasks in-
cluding compound noun interpretation and bracketing. In
our case, we generated both singular and plural forms of
each NC using morph (Minnen, Carroll, & Pearce 2001) in
calculating the frequency of a given NC. We did not use syn-
onyms that included the target noun; in the instance that no
usable synonyms could be found, we used hypernyms (again
with the constraint on lexical overlap with the target noun).
For example, for sense 1 of art, we selected artifact and craft
as substitutes but not fine art.

Evaluation

In this section, we first evaluate the supervised and unsuper-
vised WSD methods, and compare their performance to a
range of baselines and a benchmark WSD system. We then

return to the second question posed in this research, namely
whether word sense is beneficial in NC interpretation.

WSD Evaluation

We evaluate the supervised WSD method via 10-fold cross-
validation over the 900 NC instances2 using TIMBL, and
evaluate the unsupervised method over the same 900 in-
stances. We use two unsupervised baselines: (1) random
sense assignment, and (2) predicted first sense of the target
noun, based on the full BNC (comprising NC and non-NC
instances of a given target noun). We also have one super-
vised baseline in the form of a majority class classifier, based
on 10-fold cross-validation over the 900 instances. Finally,
in order to benchmark our results, we ran SENSELEARNER

over our dataset using the pre-trained word class models,
randomly selecting one of the original sentential contexts
from the BNC for each NC and sense labelling it. The clas-
sification accuracy for the output of each WSD method over
each target noun, broken down across the modifier and head
noun positions, is shown in Table 4. The best-performing
method in each row is indicated in boldface.

The best-performing classifier overall was the supervised
classifier with CORELEX noun features (combined accuracy
= 55%), although there was very little separating the equiv-
alent classifier with WORDNET features (combined accu-
racy = 54%). Given the relatively close results and the
fact that the CORELEX-based classifier required consider-
able manual lexical expansion of CORELEX in order to get
full coverage over all the collocating nouns, the WORD-
NET-based classifier would be our preferred classifier for
open-text applications. The majority-class baseline was ac-
tually the best-performing classifier for around half of the
sub-experiments in Table 4, but was often only slightly bet-
ter than the CORELEX and WORDNET-based classifiers,
whereas there were a number of instances of the majority-
class baseline falling well behind the other two supervised
classifiers. According to our analysis, the lower perfor-
mance is due to a lack of training data (i.e. 50 instances
for each target word). There was no significant difference
in the performance for modifier vs. head noun WSD, but in
secondary experimentation we verified that conditioning the
disambiguation on the syntactic role improved accuracy.

The SENSELEARNER benchmark performed surprisingly
poorly. That we should do better than a generic WSD sys-
tem is not particularly surprising, as we have fine-tuned
our method to the task, but that the combined accuracy of
SENSELEARNER should be almost half that of the proposed
method is a significant finding, especially when we consider
that SENSELEARNER was trained over Senseval-2 and SEM-
COR data. This shows that the one sense per collocation
heuristic and word sense combinatorics are stronger predic-
tors of noun sense in NCs than standard contextual features.

The unsupervised method performed well below the su-
pervised methods (both the majority class baseline and the

210-fold cross-validation is performed individually for each of
the 9 target words as either head noun or modifier. As a result,
the 9 target words have 50 instances for each of the two syntactic
positions.
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Target Role Baseline Supervised
noun in NC Random First Majority CORELEX WORDNET

Unsupervised SENSELEARNER

art modifier .25 .68 .68 .64 .70 .44 .54
head noun .25 .54 .54 .48 .51 .30 .50

both .25 .61 .61 .56 .61 .37 .52

authority modifier .14 .06 .78 .70 .77 .18 .06
head noun .14 .08 .60 .52 .54 .36 .08

both .14 .07 .69 .61 .65 .27 .07

bar modifier .07 .46 .46 .54 .47 .20 .46
head noun .07 .30 .24 .46 .40 .24 .28

both .07 .38 .35 .50 .43 .22 .37

channel modifier .13 .24 .24 .24 .18 .26 .22
head noun .13 .16 .26 .28 .24 .30 .12

both .13 .20 .25 .26 .21 .28 .17

child modifier .25 .72 .72 .50 .69 .24 .60
head noun .25 .78 .78 .76 .76 .38 .76

both .25 .75 .75 .63 .73 .31 .68

circuit modifier .17 .68 .68 .62 .61 .62 .66
head noun .17 .54 .54 .48 .57 .42 .52

both .17 .61 .61 .55 .59 .52 .59

day modifier .10 .18 .68 .64 .62 .24 .14
head noun .10 .06 .90 .88 .89 .16 .06

both .10 .12 .79 .76 .75 .20 .10

nature modifier .20 .04 .70 .70 .70 .30 .04
head noun .20 .34 .14 .44 .38 .20 .32

both .20 .19 .42 .57 .54 .25 .18

stress modifier .20 .02 .48 .50 .46 .30 .02
head noun .20 .08 .08 .24 .27 .28 .08

both .20 .05 .28 .37 .36 .29 .05

Total modifier .16 .34 .60 .59 .58 .31 .30
head noun .16 .32 .45 .50 .50 .29 .30

both .16 .33 .53 .55 .54 .30 .30

Table 4: WSD accuracy over each target noun in the modifier and head noun positions (the best-performing method in each
row is indicated in boldface)

WORDNET and CORELEX classifiers) and slightly below
the first sense baseline, at the same combined accuracy as
SENSELEARNER.

We next turn to look at the application of the WSD meth-
ods within the task of interpreting NCs.

NC Interpretation Evaluation

In order to quantify the impact of word sense on NC inter-
pretation, we build a classifier which takes the output of a
WSD system and uses these sense features to classify the
semantic relation of the NC. In order to investigate the im-
pact of WSD performance on NC interpretation, we com-
pare the predictions of our two supervised classifiers with
hand-tagged sense data (for the target noun), to establish an
upper bound for the task.

The method we use for NC interpretation is essentially
that of Moldovan et al. (2004) as outlined above. However,
instead of disambiguating the collocating element in the NC,
we use semantic features from CORELEX and WORDNET

as before. This is combined with the WORDNET sense of
the target noun to form the input to our supervised classi-
fier; as before, we perform 10-fold cross validation over the
900-instance dataset. We compare this directly to a first-
sense disambiguation method, trained over the full BNC

Method CORELEX WORDNET

baseline .273 .273
similarity .346 .346

system-tagged .402 .426
first-sense .403 .425

hand-tagged .447 .540

Table 5: Accuracy of interpreting semantic relations in NCs

(i.e. the same as used for the first-sense baseline in WSD).
The output of the first sense classifier is combined with the
CORELEX and WORDNET features of the collocating noun
as above, producing a fully comparable classifier.

As a benchmark for this task, we implemented the method
proposed by Kim & Baldwin (2005), which is based on
nearest-neighbour matching over the union of senses of the
modifier and head noun, with distance defined by word-
level similarity in WordNet (similarity in Table 5). That is,
this method makes use of word sense information but does
not attempt to perform explicit WSD. The initial type-level
inter-annotator agreement of tagging semantic relations in
the test data was 52.31%. The baseline for the task is a
majority-class classifier (the majority class being TOPIC).
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Table 5 shows the classification accuracy of NC inter-
pretation using CORELEX and WORDNET semantic fea-
tures for the collocating noun, and the word sense of the
target noun predicted by the WORDNET-based supervised
method, the first sense (McCarthy et al. 2004) disambigua-
tion method, and hand-tagged sense data. These are com-
pared to the results of our majority-class baseline and the
method of Kim & Baldwin (2005).

The performance of the WORDNET-based supervised
classifier and the first sense disambiguation method are al-
most identical using both the WORDNET and CORELEX se-
mantic representations of the collocating noun, but the up-
per bound classifier based on hand-tagged data is better than
both these, particularly for the CORELEX representation of
the collocating noun. This suggests that the features of the
collocating nouns are weighted higher than the noisy word
sense features of the target noun, and that to approach the up-
per bound accuracy, significantly higher WSD performance
is required. Both automatic WSD-based methods clearly
outperform both the baseline and the benchmark interpre-
tation method, demonstrating that word sense can indeed
boost the performance of NC interpretation. Note that since
all of the NCs in our dataset contain polysemous nouns, the
performance of the Kim & Baldwin (2005) method is con-
siderably lower than that reported in the original paper.

To answer our original question about whether WSD can
contribute to NC interpretation, the answer appears to be a
resounding yes. This is significant both in documenting a
task where WSD makes a positive impact, and in opening
up a new research direction in the field of NC interpretation.

Conclusion

In this research, we proposed both supervised and unsuper-
vised approaches to disambiguating the word sense of NC
elements. Based on the one sense per collocation heuristic
and semantic features of the collocating noun, we disam-
biguate a specific target word. We showed that our method
was better than a number of baselines, and also vastly supe-
rior to a state-of-the-art WSD system over this specialised
task. We then took the based of our WSD methods and ap-
plied it to the task of NC interpretation, and found that WSD
significantly enhanced the accuracy of NC interpretation.
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