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� Background

The Prepositional Phrase �PP� attachment task is notorious within the compu�
tational linguists� community for its ambiguity� When a verb NP PP sequence
is observed in a sentence� the task is to distinguish between ��� an adverbial
prepositional phrase modifying the verb� and �	� an adjectival one modifying
the noun phrase on its left side� The corresponding parse trees are as follows


�V P verb �NP ��PP �� ���

�V P verb �NP �NP ��PP ��� �	�

In many cases there is a single interpretation of the verb phrase in question�
For instance� the phrase to provide water for Texas corresponds to parse tree ��
whereas to be the Mayor of Atlanta is an example of tree 	� However� sometimes
phrases such as to scratch a note on the wall are truly ambiguous�wall can be
either the medium of the note or the location where the note is written� For
such examples ambiguity cannot be resolved without the help of the verb phrase
context�

� Method

��� Overview

PP attachment disambiguation can be based on word semantics� The di�erent
syntactic structures behind to have sandwiches with beef and to have sandwiches
with friends are easily perceived by the human reader� who distinguishes between
beef�sem�food as opposed to friends�sem�person 
���

It has been claimed that the set of features used for PP attachment disam�
biguation could be successfully restricted to four head words �Verb�Noun�Prep�Noun�

��� For instance� �have� sandwiches� with� friends� would be used to classify
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the phrase to have some tuna �sh sandwiches with those friends of mine� Al�
ternatively� given the parse tree

�V P �V B eat� �NP �NN toast� �PP �IN with� �NP �NNP Rama����� ���

one may expect Rama to be a kind of food rather than a person or tool�
The data set of such ��tuples used in the mentioned article 
�� was made

freely available�� Since its release in ����� it has been used in several works
based on a rule�based approach 
��� statistical backed�o� models 
	�� or decision
trees 
��� Some of the published approaches 
�� �� make use of semantic tagging�
The former uses all word senses and their hypernyms to tag words� whereas the
latter chooses the most probable tag and compares these results with a manually
disambiguated data�

Both approaches use WordNet as a source of semantic tags� WordNet is
a lexical database describing semantic relations between its lexical entries 
���
One of these relations� namely hypernymy is particularly useful for semantic
tagging� because the �IS A� relationship that it represents� can be directly used
to cluster words corresponding to the same more general word �or hypernym��

Each of word�s ancestors in the hypernym hierarchy can be used as a semantic
tag� Too coarse a tag may not be su�cient to distinguish between di�erent
concepts� On the other hand� the choice of �ne�grain tags might result in an
insu�cient number of examples for each of them� Due to homonymy and lexical
ambiguity� a particular word form may have more than one hypernym� All that
makes the choice of a set of semantic tags a non�trivial task� It has been argued
that sense tagging is an intermediate task� and as such it should be evaluated
according to the success of the more complex task of which it is a part 
���

In this work� the unsupervised tagging of words with all possible seman�
tic tags as provided by WordNet is adopted to tag �Verb�Noun�Prep�Noun�

��tuples� The semantically tagged ��tuples are also labelled with the corre�
sponding PP attachment class� �V� for adverbial attachment and �N� for the
adjectival one� The Inductive Logic Programming �ILP� algorithms Progol 
��
and CLOG 
�� were then used to learn a �rst�order theory distinguishing be�
tween the two� possibly overlapping� classes� It will be shown that those rules
are largely based on semantic labels� i�e�� on word senses or hypernyms�

��� Using ILP

Inductive logic programming �ILP� is machine learning within a logic program�
ming framework� where hypotheses �H� are induced from examples �E� and
background knowledge �B�� H�B and E are all logic programs� As input an
ILP algorithm receives

Background knowledge B consisting of a �nite set of de�nite clauses

Examples E � E� � E� where
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� E� are positive examples
 a �nite set of de�nite clauses �often ground
facts�

� E� are negative examples
 a �nite set of headless Horn clauses

Hypothesis language constraints which constrain the space of acceptable
hypotheses�

As output� an ILP algorithm will produce an hypothesis H which �explains� the
examples with respect to the background knowledge


� H�B j� E� �all positive examples are entailed�

� H�B�E� �j� E� �consistency with negative examples�

To prevent �over�tting� the algorithm will search for an hypothesis H which is
as compact as possible� This prevents� for example� the set of positive examples
E� be returned as an �explanation� of the examples� In practice� some examples
�positive and negative� are treated as noise� so the logical conditions on H are
relaxed�

��� Using Progol to learn attachment rules

In this work� the ILP algorithm P�Progol 	���	 was used� This is a Prolog
implementation� of the Progol algorithm which is explained in detail in 
���
Rules predicting noun attachment and rules predicting verb attachment were
learnt separately� In the noun attachment case� positive examples �E�� were of
the form

n��Accrued��interest�on�refund��

n�adopting�attitude�of�flexibility��

Negative examples �E�� of noun attachment were simply reformulated positive
examples of verb attachment

�	 n�accuse��Cohen��of�wimping��

�	 n�approve�sale�to��Indosuez���

Unusually for ILP� the bulk of the background knowledge consisted of large
tables of ground facts� Firstly� we used predicates mapping nouns and verbs to
their base lexical entries


nlx�address�address�� nlx�addresses�address��

vlx�add�add�� vlx�added�add�� vlx�adding�add��

We then mapped lexical entries to the set of all WordNet senses for that lexical
entry� including all hypernyms� This was done via an intermediary identi�er� as
shown in Figure ��

�P�Progol was developed by Ashwin Srinivasan �Oxford University�
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Figure �
 nsemid�
 and idflathyp�
 map noun lexical entries to word senses
via an id identi�er� vsemid�
 and idVflathyp�
 do the same for verbs

These identi�ers identify semantically equivalent lexical entries�� and also
allowed a more compact representation of the semantic information by elimi�
nating redundancy� WordNet tags have been quoted so that they are stored as
Prolog atoms rather than integers� This approximately halved the amount of
memory required to store the predicates�

Finally the central background predicates noun sense�
 and verb sense�


were de�ned as follows


noun�id�Noun�ID� �	 nlx�Noun�LE�� nsemid�LE�ID��

noun�sense�Noun�Sense� �	 noun�id�Noun�ID�� idflathyp�ID�List��

member�Sense�List��

verb�id�Verb�ID� �	 vlx�Verb�LE�� vsemid�LE�ID��

verb�sense�Verb�Sense� �	 verb�id�Verb�ID�� idVflathyp�ID�List��

member�Sense�List��

Predicate Facts Kbytes

n�� ��� ����	 ���
v�� ��� ���� ���
nlx�
 ���� ���
vlx�
 ���� ��
nsemid�
 ���� ���
vsemid�
 ���� ��
idflathyp�
 ���� ���
idVflathyp�
 ���	 	��

Total �	��� 	�	�

Table �
 Background knowledge and example statistics�

Two learning strategies were used with Progol� In one case the complete set
of examples and a greedy search strategy were used� Progol induces an hypoth�

�That is� with exactly the same list of possible senses� e�g�� to shut and to close�
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esis one clause at a time� In the greedy approach to learning� once a clause is
added to the theory� all positive examples covered by the clause are removed�
This speeds up learning since the training set of positive examples becomes
smaller� On the other hand� this makes it impossible to tell accurately how
many positive examples a clause entails� since some might have been previously
removed� Knowing how many positive and negative training examples a clause
entails is important for gauging the accuracy of the clause� which is especially
important in the presence of noise�

To avoid the shortcomings of the greedy search� a non�greedy approach was
carried out on half of the data� In this approach�� Progol takes each positive
example ����� for noun attachment� ���� for verb attachment� and uses it
as a �seed� to �nd the �best clause� that entails that example� This produced
���� and ���� distinct clauses respectively� One advantage of this approach is
that the process of inducing the best clause for any particular seed example is
completely independent of this process for any other example� This allows one
to parallelise the induction process� The search for a theory for noun attachment
was split up into � P�Progol processes� and that for verb attachment split into
�� Unfortunately� this parallelisation made it di�cult to work out the precise
amount of CPU time required to induce the theory� However� we can say that
each noun attachment clause required on average ��� seconds of CPU time to
induce� and each verb attachment clause required ��� seconds� These average
timings were used to produce the estimated times in Table 	�

��� Using Clog to learn attachment rules

Clog is a system for learning �rst�order decision lists� Details of the algorithm
can be found in 
��� where Clog was applied to the learning of morphological
rules for Slovene�

First�order decision lists are essentially Prolog clauses in which every clause
ends in a cut ���� More generally� decision lists can be thought of as an ordered
set of clauses with speci�c clauses at the top and general clauses at the bottom�
The following in an example of a decision list that generates the past tense of
English verbs

past�A�B� �	 split�A�C��e�p��� split�B�C��e�t�����

���

past�A�B� �	 split�B�A��d��� split�A�C��e�����

past�A�B� �	 split�B�A��e�d�����

Thus the principal di�erence to Progol is that the rules learnt by Progol are
pure Prolog programs with no ordering on them while the rules learnt by Clog
are ordered from speci�c�to�general �going from to top to bottom� and only
the �rst �most speci�c� applicable rule will apply� This means that Clog PP
attachment rules are intended to guess the most likely attachment given the

�Using the induce max command� See the P�Progol manual at
http���www�comlab�ox�ac�uk�oucl�groups�machlearn�PProgol�ppman toc�html for de�
tails
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context �i�e� �verb�noun�prep�noun� tuple�� This also provides an important
justi�cation for choosing another ILP system apart from Progol � we wanted to
verify if a decision�list representation provided a more accurate PP attachment
disambiguation�

In our PP attachment learning experiments� Clog used exactly the same
background knowledge as Progol and used all the ����	����� � 	���� exam�
ples� in a single run� Thus� the reader is referred to section 	�� for details of
the setting of the experiment�

� Results

Examples of rules found by Prolog can be found in Figure 	 �CLOG rules are
similar�� In Figure � we translate some of the rules in Figure 	 into quasi�
English� One advantage of ILP�s logical framework is that such translations are
easily done� Statistics on the number of rules learnt and the time taken can be
found in Tables 	���

n�A� B� �� B� �	 verb�sense�A� �



��������

n�A� B� �� C� �	 verb�sense�A� �



��������

noun�sense�C� ��





����� noun�sense�B� ���
����
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����
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���������

noun�id�C� id������ noun�sense�B� ��
�
��������

n�A� B� �� �� �	 vlx�A� attract��

noun�sense�B� ��


��������

n�A� �� about� B� �	 verb�sense�A� �

����������

noun�sense�B� ��



�������

Figure 	
 Example rules learnt by Progol

n�V�N���N��	 verb�sense�V�synset��grow�develop�produce�acquire���

n�V�N����N
��	 verb�sense�V�synset��suffer�sustain�have�get�expose���

noun�sense�N��synset��time�period���

noun�sense�N
�synset��measure�amount�quantity��� ��	

n�V�N�������	 vlx�V�attract�� noun�sense�N��synset��activity���

n�V���about�N
��	 verb�sense�V�synset��interact���

noun�sense�N
�synset��cause�causal�agent���

Figure �
 Quasi�English version of noun attachment rules learnt by Progol

�The actual syntax of the background knowledge and the induced rules used by Progol and
Clog di	ered slightly but they were equivalent�
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Predicate Rules Time �est� hours� Prolog

n�� ���	 		� Yap
v�� ���� ��� Yap

Table 	
 Statistics on Progol theories induced from half of the data �non�greedy
search� no stopping rule��

Predicate Rules Time �hours� Prolog

n�� 	�� ��� Sicstus
v�� ��� ��� Sicstus

Table �
 Statistics on Progol theories induced from all of the data �greedy
search� stopping rule��

��� Using attachment rules to perform semantic tagging

The learnt rules predict either noun or verb attachment based on possible seman�
tic tags for the words in the four�tuple� Here we use the rules in reverse� Given
a four�tuple of head words with known noun or verb attachment� use the rules to
provide semantic tags for the words� Consider the ��tuple �had�million�of�loans�
which we know is an example of noun�attachment� Had we not known this�
the third rule in Figures 	 and � would have predicted this attachment on the
basis of the semantics of �had�� �million� and �loans�� We then use this in
reverse
 given that �had�million�of�loans� is a noun attachment� the correct tags
are those given in the third rule� namely 	��������� ����	���� and �������	��
respectively� Exactly the same argument applies to both CLOG and Progol
rules�

In the case of Progol� a number of rules can cover a ��tuple� giving multiple
semantic taggings� Also note that not all rules make use of semantic information
for all � non�prepositions in the ��tuple� In such cases� the rule will not constrain
possible semantic tags for all � non�prepositions� In Clog� due to the decision�
list representation� only the �rst applicable rule is employed� but it may still
be the case that multiple senses of a word correspond to the same hypernym
chosen by a Clog rule in which case the tuple is not fully disambiguated�

Rules Time �days� Prolog

��� �� Sicstus

Table �
 Statistics on CLOG decision list induced from all of the data�
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��� Evaluation

Using a semantically tagged part of the Brown corpus� test examples were cre�
ated with both attachment and lexical semantic information


n�receive��

���������portion���

�

�����of�funds���
����������

v�enter��

�����

��candidate���
�����

��in�race���
����������

There were �	� noun attachment test examples� and ��� verb attachment ex�
amples� For each ��tuple� we then compared the semantic tags chosen by our
theories with the one in the test set� Each rule that covers a test example pro�
duces exactly one tag for each word in the example� This is the most speci�c
sense that is �i� consistent with the WordNet information for that word �ii�
consistent with the rule� Sometimes the tag so produced was a dummy tag �top�
indicating a virtual most general hypernym� Since CLOG produces a decision
list each example is covered by at most one CLOG rule� so only one reading is
produced� To provide a baseline we also performed semantic tagging using no
rules�

The distance �d� between an hypothesised sense �S�� for a word and the
true sense �S�� was de�ned as in 
��� Let S� be the most speci�c word sense
that is a hypernym of both S� and S�� Let Li be the distance �in edges�
between the nodes Si and S� in the hypernymy graph� Finally� let L be the
distance between S� and the topmost element of the hypernymy graph� Then

d�S�� S�� �
L�

L�L�
�

L�
L�L�

�
The score for an hypothesised sense was S� simply

�� d�S�� S��� where S� was the sense given in the test data set� The score for
each ��tuple was simply the average score for the verb and two nouns in the
��tuple� Note that even when we use no rules� we can achieve a positive score�
since some words are semantically unambiguous� Figure � gives an example
of scoring� where a rule has correctly tagged �receive�� made no progress with
�portion� and had some success with �funds��

n�receive��

���������portion���

�

�����of�funds���
����������

reading� ��

���������top�of���
���������

score� 
���

Figure �
 Scoring hypothesised semantic tagging

Theory Mean score Mean readings example

None ���� ����
Progol �non�greedy� ���� ����
Progol �greedy� ���� ����
CLOG ��	� ����

Table �
 Evaluation of semantic tagging for ��tuples with noun attachment
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Theory Mean score Mean readings example

None ���� ����
Progol �non�greedy� ��	� ���	
Progol �greedy� ���� ���	
CLOG ��		 ����

Table �
 Evaluation of semantic tagging for ��tuples with verb attachment

The results indicate that further work is required to optimise semantic tag�
ging using this approach� Our rules provide a comprehensible argument for an
hypothesised tagging �see Figure �� and achieve more accurate tagging than our
baseline� but the level of accuracy is less than desired� In the case of Progol�
one possibility would be to rank the rules that cover a test example� and only
use the tagging from that ranked best�

� Conclusion

The approach described here learns rules for syntactic or lexical semantic disam�
biguation� Given
 �i� a set of phrases� �ii� a semantic lexicon �e�g�� WordNet��
�iii� a number of con!icting grammar rules� each of which covering the phrases
���� e�g�� V P � verb NP � V P � verb NP PP � �iv� and the correct parsing�
i�e�� the grammar rule which has to be applied� we specialise the grammar rules
��� using lexical and semantic constraints to reduce the overlap of their scopes�

The learnt rules can be used in two ways
 given some phrase and the se�
mantic lexicon� the correct parse of the phrase is suggested� In this work� the
relationship between the correct parse of a phrase and the meaning of its ter�
minals is utilised in the opposite way�

Given a phrase tagged with all possible semantic tags �or readings� from
WordNet� the rules reject the combinations of semantic tags leading to wrong
parses� and from the remaining readings favour those corresponding to a rule
parsing the input phrase correctly� A speci�c feature of the rules learnt is
that the more ambiguous the data covered by a rule� the stronger the semantic
constraints imposed by the rule� For instance� if all training ��tuples containing
the preposition of were classi�ed as a noun attachment� then the rule learnt
would be n�V�N��of�N
��	true�� i�e�� allowing any possible semantic tagging
of each of the nouns and the verb� On the other hand� in more ambiguous
context� where semantic tags are really needed for disambiguation� the rules
may specify restrictions on the set of semantic tags for all � open�lexicon words�

The learning of rules for PP�attachment disambiguation described here can
be generalised to cover a complete grammar� If the parser is seen as an automa�
ton with a set of states and transitions between them� then the nondeterministic
states of the parser will correspond to a set of con!icting grammar rules 
��� For
each such set of grammar rules� the approach described here can be repeated�
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Our method can be used in a number of ways� It is possible to use it for a
fully automatic tagging� partially reducing in such a way the amount of semantic
ambiguity in the data� The approach can be especially useful in an interactive
framework� where the text is being manually annotated� since our rules can
suggest semantic taggings according to the context�
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