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Abstract 

We present a nearest-neighbor algorithm 
for resolving prepositional phrase attach-
ment ambiguities. Its performance is sig-
nificantly higher than previous 
corpus-based methods for PP-attachment 
that do not rely on manually constructed 
knowledge bases. We will also show that 
the PP-attachment task provides a way to 
evaluate methods for computing distribu-
tional word similarities. Our experiments 
indicate that the cosine of pointwise mu-
tual information vector is a significantly 
better similarity measure than several 
other commonly used similarity measures. 

1 Introduction 

Natural language sentences often contain various 
forms of attachment ambiguities. Consider the fol-
lowing examples: 

(1)  PP-attachment ambiguity 
a. Mary [ate [the salad] [with a fork]] 
b. Mary [ate [the salad [with croutons]] 

(2) Relative clause attachment ambiguity 
a. They denied [the petition [for his release] 

[that was signed by over 10,000 people]] 
b. They denied [the petition for [his release 

[that would trigger an outrage]] 
(3) Pre-nominal modifier ambiguity 

a. [[Child abuse] expert] 
b. [Child [computer expert]] 

Such ambiguities are a major source of parser errors 
(Lin 2003). In languages with little or no overt case 
marking, such as English and Chinese, syntactic 
information is insufficient to make attachment de-

cisions (as demonstrated in the above examples). 
Many researchers have investigated the resolution 
of attachment ambiguities, especially for PP at-
tachments. 

As in previous work on PP-attachment (Hindle 
and Rooth 1993), we simplified the PP-Attachment 
problem by defining it as the following binary 
classification task.  Given a 4-tuple of the form (V, 
N1, P, N2), where V is the head verb, N1 is the head 
noun of the object of V, P is a preposition, and N2 is 
the head noun of the prepositional complement, the 
goal is to classify the 4-tuple as either adverbial 
attachment (attaching to V) or adjectival attachment 
(attaching to N1). For example, the 4-tuple (eat, 
salad, with, fork) is extracted from example (1a) 
and it has the target classification V; the 4-tuple 
(eat, salad, with, croutons) is extracted from ex-
ample (1b) and it has the target classification N. 

We present a nearest-neighbor algorithm for 
resolving PP-attachment ambiguities. The training 
examples are a set of 4-tuples with target classifi-
cations. Given a new 4-tuple to be classified, we 
search the training examples for its top-k nearest 
neighbors and determine its attachment based on 
the known classifications of the nearest neighbors. 
The similarity between two 4-tuples is determined 
by the distributional similarity between the corre-
sponding words in the 4-tuples.  

In the next section, we will briefly review the 
related work in PP-attachment. Section 3 presents 
several algorithms for computing distributional 
word similarity that are used in our experiments. 
The nearest-neighbor algorithm for resolving 
PP-attachment ambiguities is presented in Section 
4. We then describe our experimental set up and 
results in Section 5 and conclude in Section 6. 

2 Related Work 

Altmann and Steedman (1988) showed that current 
discourse context is often required for disambigu-



ating attachments. Recent work shows that it is 
generally sufficient to utilize lexical information 
(Brill and Resnik, 1994; Collins and Brooks, 1995; 
Hindle and Rooth, 1993; Ratnaparkhi et al., 1994). 

One of the earliest corpus-based approaches to 
prepositional phrase attachment used lexical pref-
erence by computing co-occurrence frequencies 
(lexical associations) of verbs and nouns with 
prepositions (Hindle and Rooth, 1993). Training 
data was obtained by extracting all phrases of the 
form (V, N1, P, N2) from a large parsed corpus. 

Supervised methods later improved attachment 
accuracy. Ratnaparkhi et al. (1994) used a maxi-
mum entropy model considering only lexical in-
formation from within the verb phrase. They 
experimented with both word features and word 
class features. Their combination yielded 81.6% 
accuracy. 

Collins and Brooks (1995) proposed a prob-
abilistic model for PP-attachment, which employed 
a backed-off model to smooth the probabilities of 
unseen events. They discovered that P is the most 
informative lexical item for attachment disam-
biguation and keeping low frequency events in-
creases performance. Their algorithm achieved 
84.5% accuracy on the same data set as (Ratna-
parkhi et al. 1994) and (Brill and Resnik 1994). This 
level of performance was also obtained by several 
methods proposed later. The boosting algorithm in 
(Abney et al. 1999) had an accuracy of  84.6%. The 
nearest-neighbor algorithm in (Zavrel et al. 1997) 
was 84.4% accurate.  

The method in (Zavrel et al. 1997) is quite 
similar to ours. They construct a reduced-dimension 
feature vector for each word by applying the Prin-
ciple Component Analysis (PCA). Each 4-tuple is 
represented by the concatenation of the feature 
vectors of the words in the 4-tuple. The distance 
between two 4-tuples is defined as the sum of the 
distances of each vector component. 

A non-statistical supervised approach by Brill 
and Resnik (1994) yielded 81.8% accuracy using a 
transformation-based approach (Brill, 1995) and 
incorporating word-class information. They report 
that the top-20 transformations learned involved 
specific prepositions supporting Collins and 
Brooks’ claim that the preposition is the most im-
portant lexical item for resolving the attachment 
ambiguity. 

The algorithm in (Stetina and Nagao, 1997) 
employed a semantically tagged corpus. Each word 

in a labeled corpus is sense-tagged using an unsu-
pervised word-sense disambiguation algorithm with 
WordNet (Miller, 1990). Testing examples are 
classified using a decision tree induced from the 
training examples. They report 88.1% attachment 
accuracy approaching the human accuracy of 88.2% 
(Ratnaparkhi et al., 1994). Li (2002) reported 
88.2% accuracy. However, his result was obtained 
with a different corpus than (Ratnaparkhi et al., 
1994) and therefore is not directly comparable with 
ours. 

3 Distributional Word Similarity 

Words that tend to appear in the same contexts tend 
to have similar meanings. This is known as the 
Distributional Hypothesis in linguistics (Harris 
1968). For example, the words test and exam are 
similar because both of them can be objects of verbs 
such as administer, cancel, cheat on, conduct… and 
both of them can be modified by adjectives such as 
academic, comprehensive, diagnostic, difficult…  

Many methods have been proposed to compute 
distributional similarity between words, e.g., 
(Hindle, 1990), (Pereira et al. 1993), (Grefenstette 
1994) and (Lin 1998). Almost all of the methods 
represent a word by a feature vector where each 
feature corresponds to a type of context in which the 
word appeared. They differ in how the feature 
vectors are constructed and how the similarity be-
tween two feature vectors is computed. The re-
mainder of this section details the feature 
representation schemes and similarity formulas 
used in our experiments. 

3.1 Syntax-based Feature Representation 

In syntax-based method, the corpus is first parsed 
and then features are defined in terms of the de-
pendency relationships between words in a corpus. 
A dependency relationship (Hays, 1964; Hudson, 
1984; Mel'čuk, 1987) is an asymmetric binary rela-
tionship between a word called head, and another 
word called modifier. The structure of a sentence 
can be represented by a set of dependency rela-
tionships that form a tree. A word in the sentence 
may have several modifiers, but each word may 
modify at most one word. The root of the depend-
ency tree does not modify any word. It is also called 
the head of the sentence.  



For example, the following diagram shows the 
dependency tree for the sentence “John found a 
solution to the problem”.  

John found a solution to the problem.
det detsubj

obj to

 
The links in the diagram represent dependency 

relationships. The direction of a link is from the 
head to the modifier in the relationship. Labels as-
sociated with the links represent types of depend-
ency relations.  

We define a feature of a word w to be (r, w’) 
such that there is a dependency relationship r be-
tween w and w’. For example, the word solution in 
the above example has three features (-obj, find), 
(to, problem) and (det, a), where -obj is the inverse 
relation of the obj relation. The feature vectors of 
words are constructed by extracting all the features 
of all the words from the corpus. The value of each 
feature is the frequency count of the feature in the 
corpus. The following is a subset of the features and 
their values for the word seminar: 

 
Features Values
(-subj, teach) 3
(-obj, sponsor) 44
(-obj, attend) 81
(-obj, teach) 12
…… ……

 
The features mean that seminar was used as the 

subject of teach 3 times, as the object of sponsor 44 
times and as the object of teach 12 times. 

3.2 Proximity-based Feature Representation 

The syntax-based method requires a parsed corpus, 
which is often unavailable. Since most dependency 
relationships involve words that are situated close 
to one another, the dependency relationships can 
often be approximated by co-occurrence relation-
ships within a small window. In previous ap-
proaches, the size of the window varies from 1 to 
the size of a document. However, having window 
size larger than 1 often introduce confusion be-
tween word association and word similarity. For 
example, suppose the window is ±5 words and the 
corpus contains a sentence He died in a horrific 
traffic accident, the words died, in, a, and horrific 
all become common features of traffic and accident. 
As a result, traffic and accident have a high simi-

larity simply because they tend to collocate with 
one another.  

In (Turney 2001) and (Terra and Clarke 2003), 
only one word within a window around w is chosen 
as a feature of w. They chose the word that has the 
highest pointwise mutual information with w. We 
have taken a different approach. We define features 
of w to be the first non-stop word on either side of w 
and the intervening stop words (which we arbitrar-
ily define as the top-20 most frequent words in the 
corpus). For example, suppose the corpus consist of 
a single sentence John found a solution to the 
problem, the features of solution will be  

 
Features Values
(left, find) 0.50
(left, a) 0.50
(right, to) 0.33
(right, the) 0.33
(right, problem) 0.33

 

3.3 Similarity Measures 

Once the contexts of a word are represented as a 
feature vector, the similarity between two words 
can be computed using their context vectors. We 
use ( )nuuu ,...,, 21  and ( )nvvv ,...,, 21  to denote the 
feature vectors for the word u and v respectively, 
where n is the number of feature types extracted 
from a corpus. We use if  to denote the ith feature. 
The remainder of this subsection explains the simi-
larity measures used in our experiments. 

Cosine Measure 

The Cosine Similarity Measure between two words 
computes the cosine between their feature vectors. 

( )
∑∑

∑
==

=

×

×
=

n

i i
n

i i

n

i ii
Cos

vu

vu
vusim

1
2

1
2

1,  

A serious problem with the cosine measure is 
that the contribution of a feature in the similarity 
function is weighted by its frequency count. Fea-
tures involving frequent words, such as the or of, 
tend to be given much higher weight than words 
with more semantic content. 



Cosine of Pointwise Mutual Information 

The pointwise mutual information between a fea-
ture if  and a word u measures the strength asso-
ciation between them. It is defined as follows: 
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where ( )ufP i ,  is the probability of if  co-occurring 
with u; ( )ifP  is the probability of if  co-occurring 
with any word; and ( )uP  is the probability of any 
feature co-occurring with u. The Cosine of Point-
wise Mutual Information is defined as: 
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Dice Co-efficient 

The Dice co-efficient is a particularly simple simi-
larity measure. It only distinguishes between zero 
and non-zero frequency counts. 
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where s(x)=1 if x>0 and s(x)=0 otherwise. 

Jensen-Shannon Divergence 

The feature vectors can be converted into probabil-
ity distributions by dividing each component with 
the sum of all components in the vector. The Jen-
sen-Shannon divergence measures the distance 
between two probability distributions and their 
average distribution (Rao, 1982; Lin, 1991): 
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where the function ( ) ( )( )xpxpD 21 ||  is the 
KL-Divergence: 
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and avgq,r is the average distribution of q and r:  
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The Jensen-Shannon divergence can be con-
verted into a similarity measure by defining  
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When u and v are identical distributions, 
( ) 0, =vuJS and ( ) 1, =vusimJS . 

4 Resolving PP-Attachment Ambiguity 
with Nearest Neighbors 

Our algorithm for resolving PP-attachment ambi-
guity takes a 4-tuple (V, N1, P, N2) as input and 
classifies it as N or V. The class N means that the 
prepositional phrase modifies the noun N1. The 
class V means that the prepositional phrase modifies 
the verb V. The classification process is comprised 
of 4 steps. Each step attempts to make a decision 
according to the weighted majority vote by the 
nearest neighbors of the input. The weight of a 
training example is the similarity between it and the 
input. Different steps have different definitions of 
what constitutes the nearest neighbors and use dif-
ferent formulas to compute the similarity between 
two 4-tuples.  A step is taken only if the previous 
step fails to make a decision, which happens when 
the classes N and V received an equal vote (often 
due to an empty set of nearest neighbors). 

In Step 1, the nearest neighbors consist of 
training examples that are identical to the input 
4-tuple. The similarity between such an example 
and the input is 1. 

In Step 2, the nearest neighbors consist of the 
top-k (k is determined using a development data set) 
most similar training examples that involve the 
same preposition as the input. The similarity be-
tween two 4-tuples t1 and t2 is computed as follows: 

sim(t1, t2)=ab+bc+ca 
where a, b and c are the distributional word simi-
larities between the two verbs, the two N1’s and the 
two N2’s, respectively. The word similarity can be 
computed using any of the similarity measures 
discussed in the previous section. The 4-tuple 
similarity sim(t1, t2) will be zero when any two of a, 
b and c are zeros. 

Step 3 is identical to Step 2, except that the 
similarity between two 4-tuples t1 and t2 is defined 
as sim(t1, t2)=a+b+c, which has a zero value only 
when all of a, b and c are zeros. 

In Step 4, the set of nearest neighbors includes 
all the training examples that involve the same 
preposition P as the input. The similarity between 
each of them and the input is considered to be a 
constant. If the votes for N and V are tied in this 
step, the default classification N is assigned to the 
input. 



Figure 1: Parameter Tuning on Development Set 
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5 Experimental Results and Discussions 

Data Sets 

We computed the word similarities using the 
ACQUAINT Corpus, which consists of newswire 
text data in English, drawn from three sources: the 
Xinhua News Service (People's Republic of China), 
the New York Times News Service, and the Asso-
ciated Press Worldstream News Service. It contains 
roughly 375 million words (about 3 GB of text). We 
computed the distributional word similarity using 
both syntax and proximity based methods. For the 
syntax-based methods, we parsed the corpus with 
Minipar (Lin 1994) and extracted dependency rela-
tionships. An evaluation with the Susanne corpus 
showed that 88.54% of the dependencies identified 
by Minipar are correct (Lin 2003). 

The PP-attachment data set used in our experi-
ments was extracted from the Penn Treebank WSJ 
corpus by Ratnaparkhi et al (1994). It includes a 
training set, a development set and a testing set, 
consisting of 20801, 4039 and 3097 elements re-
spectively. We preprocessed the data to reduce all 
the words to their root forms. We replaced digits 

with @ signs. For example, 2003 becomes 
@@@@; $1.15 becomes $@.@@. 
 

Parameter Tuning 

For each feature type and similarity measure, we 
run the nearest neighbor algorithm on the devel-
opment data set with different k. Figure 1 shows the 
results. We chose the k-values that produced the 
best performance on the development set and used 
them in the experiments with the test set.  

Results on the Test Data Set 

Table 1 shows the result of PP attachment ac-
curacy using different methods for computing word 
similarity. Among different similarity measures, 
simCosPMI has the best performance, which is sig-
nificantly higher than other similarity measures 
listed in this table with ≥95% confidence (assuming 
binomial distribution). It can also be seen that syn-
tax-based features are better than proximity-based 
ones.  

Despite the high performance of simCosPMI, the 
closely related simCos measure performed rather 
poorly. The only difference between the two is that 
simCos uses the frequency counts as feature values 



whereas simCosPMI uses the pointwise mutual in-
formation between a feature and the word. This 
suggests that frequency counts are inappropriate as 
feature values. In fact, the simDice measure, which 
totally ignores all frequency counts, outperforms 
the measures that use them: simCos and simJS. 

 
Table 1: PP-Attachment Accuracy 

Feature Type Similarity Accuracy k 
Syntax-based simCos 83.1% 25 
Syntax-based simJS 84.9% 11 
Syntax-based simDice 85.3% 29 
Syntax-based simCosPMI 86.5% 33 
Proximity-based simCosPMI 85.6% 35 

The accuracies achieved by previous cor-
pus-based methods that do not rely on manually 
constructed knowledge bases are shown in Table 2. 
The 86.5% accuracy by simCosPMI with syntax-based 
features is significantly higher than all of them with 
≥98% confidence (assuming errors are binomially 
distributed). 

Table 2: Previous PP-Attachment Accuracies 
Method Accuracy
Ratnaparkhi, Reynar and Roukos 94 81.6% 
Collins and Brooks 95 84.5% 
Zavrel, Daelemans and Veenstra 97 84.4% 
Abney, Schapire and Singer 99 84.6% 
Our Result (using simCosPMI) 86.5% 

 
For each of the steps in our algorithm, Table 3 

gives its coverage (the number of decisions made in 
that step), the coverage % (the percentage of deci-
sions made in that step) and the accuracy (the per-
centage of correct decisions in that step). It can be 
seen that over 99.8% of the coverage is provided by 
Steps 1 and 2 in which the preposition P and at least 
two of V, N1 and N2 are involved in the decisions. In 
contrast, only 40% of the decisions involve as many 
words in the method proposed in (Collins and 
Brooks 1994).  

Table 3: Coverage and Accuracy of 4 Steps 
Step Coverage Coverage % Accuracy

1 244   7.88%    91.8% 
2 2848 91.96%   86.0%
3 2   0.06%   100.0%
4 3   0.10% 100.0%

Overall 3097 100.00% 86.5%

6 Conclusion 

We presented a nearest-neighbor algorithm for re-
solving prepositional phrase attachment ambigui-
ties. Our algorithm achieved a significantly higher 
accuracy than other corpus-based methods that do 
not rely on manually constructed knowledge bases. 
We also demonstrated that the PP-attachment prob-
lem can also be used as an evaluation criterion for 
distributional word similarity. Our experiments 
showed that the cosine of pointwise mutual infor-
mation is significantly better than several other 
commonly used similarity measures. 
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