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Abstract

Verbs that have similar meaning and syntactic behaviour can be grouped into
lexical classes (Levin, 1993). These classes are useful for many NLP tasks.
In this study, we investigate the use of supervised machine learning methods,
including the K nearest neighbours, maximum entropy (Berger et al., 1996),
Support Vector Machines (Vapnik, 1995) and the Gaussian model for verb clas-
sification, using as syntactic features SCF distributions in a large automatically
acquired subcategorization lexicon recently built using Briscoe and Carroll’s
(1997) system. We experiment with SCF feature sets previously employed by
Korhonen et al. (2003, 2006) and also with a new extended feature set. With
the best performing method and feature set combination, we obtain the classi-
fication accuracy of 64.2% when classifying 204 verbs into 17 classes. This is
clearly a better result than obtained by clustering the same data and, although
our test set is not identical to that recently used by Joanis et al. (2007), our
good result challenges their conclusion that features extracted by parsing and
subcategorization acquisition are not helpful for verb classification. We discuss
reasons for this, and outline directions for future work.
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Chapter 1

Introduction and
Motivation

1.1 Statement of Purpose

Verbs that share the common element of meaning and syntactic behaviour can
be grouped into lexical classes (e.g. Pinker, 1989; Jackendoff, 1990; Levin, 1993).
These classes generalize over the linguistic properties of verbs without defining
the idiosyncratic details for each verb. For example, the verbs murder, slay and
massacre all belong to the class of Murder verbs.

Although there is rarely a perfect correspondence between the semantics and
syntax of verbs, lexical classes can be helpful for a number of natural language
tasks. For example, they can help to reduce the redundancy in the lexicon,
since verbs in a class share some properties. They can also help and address
the problem of data sparseness which affects many NLP tasks. A verb class can
predict and refine the property of its member verbs,when not enough empirical
evidence is available. The verb classifications have been used to help tasks, such
as language machine translation(Dorr, 1997), document classification (Klavans
and Kan, 1998), and word sense disambiguation (Dorr and Jones, 1996).

The largest manually built verb classification available for English is that of
Levin’s (1993) classification. It mainly deals with verbs which take noun and
prepositional phrase complements, although the latest version incorporated in
VerbNet (http://verbs.colorado.edu/verb-index/index.php) provides additional
classes for verbs taking sentential complements. However, the classification
does not provide exhaustive lists of member verbs with the classes, and does
not include information about the likelihood of different classes for words. This
information is difficult to obtain by hand, especially because it varies from one
domain to another.

Recently, automatic verb classification has received considerable amount of
interest (Merlo and Stevenson, 2001; Joanis and Stevenson, 2003; im Walde,
2006; Korhonen et.al. 2003 and 2006). The automatic approach is cheap and
gathers statistical information during the acquisition process. Like manual clas-
sification, automatic classification is based on the assumption that the shared
semantic behaviour verbs can be largely inferred by their shared syntactic be-
haviour. The methods proposed so far use machine learning techniques to clas-
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sify syntactic features extracted from corpus data using part-of-speech tagging
or statistical parsing techniques.

The syntactically richest features used in this work so far have been com-
prehensive sets of automatically extracted subcategorization frame (SCF) fre-
quency distributions. So far these features have been mainly classified using
unsupervised (clustering) methods. In English, this work has been conducted
by Korhonen et al. (2003, 2006) who have clustered SCF distributions ex-
tracted from corpus data using the system of Briscoe and Carroll (1997). Ko-
rhonen et al. (2003) used the Nearest Neighbour and Information Bottleneck
methods (Tishby et al., 1999) to cluster polysemous verbs in general corpora,
while Korhonen et al. (2006b) used (in addition) Probabilistic Latent Semantic
Analysis (Hofmann, 2001) and a modified version of the Information Bottle-
neck)(Dimitrov and Miller, 2001) to cluster verbs in biomedical texts. These
experiments have shown promising results. Due it its easy portability, clustering
is ideal for classification in domains where the set of verb classes is unknown.
However, supervised or semi-supervised techniques may provide optimal per-
formance when the basic set of classes (and some member verbs) are already
known, but one wishes to extend the classification.

The only published work which involves using supervised methods to classify
SCF distribution data for English so far is the recent work by Joanis, Stevenson
and James (2007). They perform an experiment with 835 verbs (from 14 classes)
where they use Support Vector Machines (Vapnik, 1995) to classify a) shallow
syntactic features obtained using a chunker and b) SCF distributions obtained
using Briscoe and Carroll’s (1997) system. They report 58% accuracy with a)
and only 38% with b). On the basis of this result, they conclude that using
syntactically rich subcategorization features is not helpful for English verb clas-
sification. Their poor result is surprising since better results than 38% accuracy
have been obtained when clustering SCF distributions extracted using Briscoe
and Carroll’s system. Their conclusion is surprising as well, since verb classes
are primarily based on alternating verb subcategorization patterns.

1.2 Outline of Study

In this study, we investigate the use of four supervised machine learning meth-
ods, including the K nearest neighbours, maximum entropy (Berger et al., 1996),
Support Vector Machines (Vapnik, 1995) and the Gaussian model for verb clas-
sification, using as syntactic features SCF distributions in a large automatically
acquired subcategorization lexicon built using Briscoe and Carroll’s system. We
experiment with SCF feature sets employed by Korhonen et al. (2003, 2006) and
also with a new extended feature set. With the best performing method and
feature set combination, we obtain the classification accuracy of 64.2% when
classifying 204 verbs into 17 classes. This is clearly better result than obtained
when clustering the same data and, although our test set is not identical to that
of Joanis et al. (2007), the good result challenges their recent work. We discuss
reasons for this, and outline directions for future work.

The report is structured as follows:
The chapter 2 describes the background and previous work on verb classi-

fication. It introduces the concepts of subcategorization, diathesis alternation
and lexical verb class. We review previous work on verb classification and finally
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explain the automatic subcategorization acquisition process.
In chapter 3, we introduce our approach to automatic verb classification. We

start by describing our 3 feature sets (basic, refined and new features) and four
classification methods: the K nearest neighbours, Maximum entropy, Support
Vector Machines and the Gaussian model.

In chapter 4, we report verb classification experiments. We describe the
data, experimental methodologies and evaluation measures used. We report the
quantitative and qualitative analysis of the results for each method and feature
set combination using ’leave one out’ cross validation and re-sampling.

In chapter 5, we summarise our contributions and discuss several directions
for future work.
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Chapter 2

Background

2.1 Subcategorization Frames and Diathesis Al-
ternations

Different subcategories of verbs impose different constraints on the number and
the type of arguments they take. The syntactic variation can be captured by
frames called subcategorization frames (SCFs). Similar verbs take similar SCFs
and participate in similar alternating pairs of SCFs (diathesis alternations). For
example, the verb eat can take a simple NP frame which consists of one subject
and one direct object (Example 1).

Example 1 I ate an apple.

On the other hand, the verb put cannot take this frame (Example 2). It re-
quires at least three syntactic arguments: subject, direct object and an indirect
object, as shown in the SCF NP-PP in Example 3.

Example 2 I put the apple*

Example 3 I put the apple on the table.

The semantics of the verb is said to determine its syntactic behaviour. To
prove the interdependency, Hale and Keyser (1987) presented the below exam-
ple showing that the verb semantics is a key to the verb syntactic behaviour.
Suppose we don’t know the meaning of the archaic English word ’gally’, as in
The sailor gallied the whales. Some people might suggest that the word means
’see’, as in The sailor saw the whales, while others might suggest that it means
’frighten’, as in The sailor frightened the whales. At this point, we don’t know
which meaning is correct. To solve this problem, Hale and Keyser looked at
the middle transitivity alternation, where the subject of the intransitive usage
of the verb can be placed as the object the the transitive usage. For exam-
ple, for the verb ’read’, we can say ’this book reads well’; or we can move the
subject ’book’ to the object position, as in ’I read this book’. The people who
believe ’gally’ means ’see’ would not allow for the sentence ’Whales gally eas-
ily’, because middle transivity alternation is not allowed for ’see’ (*Whales see
easily). The people who believe the meaning is ’frighten’ would allow for the
middle transivity alternation, as in Whales frighten easily. In fact, the verbs
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with middle transitivity alternation would normally cause a change of state, e.g.
frighten, open, split, crush.

From this example, we can see that a verb’s behaviour has a very strong
relationship with its semantics.

2.2 Verb Classes

On the basis of the interdependency between the alternation behaviour of verbs
and their meanings, Levin (1993) manually created classification for English
verbs. The verbs within the same class share some meaning component and a
similar syntactic frames.

Firstly, Levin defined 78 possible diathesis alternations. Then, each verb
was associated with the possible set of alternations. Finally, the verbs with the
same or similar alternation behaviour were assigned to the same class. Levin
classified 3104 verbs into 49 broad verb classes, some of which divide further
into subclasses, making the total number of classes 192. For example, the class
of ’COOK’ verbs includes verbs such as cook, bake, boil, roast, heat . . . which
share the following syntactic behaviour and alternations (Levin, 1993):

1. Causative/Inchoative Alternation

(a) Jennifer baked the potatoes.

(b) The potatoes baked.

2. Middle Alternation:

(a) Jennifer baked Idaho potatoes.

(b) Idaho potatoes bake beautifully.

3. Instrument subject Alternation

(a) Jennifer baked the potatoes in the oven.

(b) This oven bakes potatoes well.

4. Resulative Phrase

(a) Jennifer boiled the pot dry.

(b) Jennifer baked the potatoes to a crisp.

Besides defining the alternations, Levin also defines other alternations that
the verbs cannot take. The resulting verb classes are impressive in capturing
the interdependency between the syntax and and the verb meaning.

VerbNet (http://verbs.colorado.edu/verb-index/index.php) is the most ex-
tensive on-line verb lexicon currently available for English. It provides detailed
syntactic-semantic descriptions of Levin classes organized into a refined taxon-
omy. It has recently been extended with additional classes for verbs not covered
comprehensively by Levin. It provides now 274 fine-grained classes which cover
a wider number of verb senses and member verbs (5257). The resource has
been used to aid a number of NLP applications such as automatic verb acquisi-
tion (Swift, 2005), semantic role labelling (Swier and Stevenson, 2004), robust
semantic parsing (Shi and Mihalcea, 2005), word sense disambiguation (Dang,
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2004), building conceptual graphs (Hensman and Dunnion, 2004), and creat-
ing a unified lexical resource for knowledge extraction (Croch and King, 2005),
among others. However, the classification is still not comprehensive, it includes
no statistical information about the likelihood of different classes for individual
verbs, and is not helpful for processing texts in specific domains where verb
senses (and thus classes) may only partially overlap with the ones in general
language.

2.3 Previous Work

Since Levin released her classification, there have been attempts to automati-
cally classify verbs into lexical classes.1

Merlo and Stevenson (2001) presented an automatic classification of En-
glish intransitive verbs into three syntactical classes. The three classes are:
unergative, unaccusative and object-drop verbs. The classification is based on
argument structure and thematic relations. The features used are transitivity,
causativity, animacy, passive voice and verb tense. Each verb is associated with
a vector of 5 features. The vectors are the input to a decision tree classification
algorithm. 60 verbs are classified into three classes with accuracy of 69.8%. The
baseline accuracy is 33.3%.

In further research, Stevenson and Joanis (2003), classified 841 verbs into
14 Levin’s classes. They extended their feature set e.g. with features based on
simple syntactic slots (identified by a chunker) and compared supervised, semi-
supervised and unsupervised techniques. They used a decision tree learner (C5.0
http://www.rulequest.com) and a set of 220 features. The supervised decision
tree classifier gave the best result. They also found that a semi-supervised
approach where a classifier trained with five seed verbs from each verb class
outperformed both manual selection of features and the unsupervised approach
of Dash, Liu, and Yao (1997) which used an entropy measure to organise data
into multi-dimensional space.

In the most recent research, Joanis et. al. (2007) performed experiment
with almost identical data and very similar feature sets using support Vector
Machines. They report 58% accuracy using this approach, and 38% accuracy
when they replace their own feature sets with basic SCF distributions obtained
using Briscoe and Carroll’s system (1997) which distinguishes 163 SCFs for
verbs.

Schulte im Walde (2003) classified 168 mostly monosemous German verbs
to 43 classes on the basis of cues related to SCF frequency information. A set
of 38 SCFs was employed, some of which were parameterised for prepositions
and enriched with information about selectional preferences. The frequency
information was extracted automatically from data parsed using a statistical
parser. She obtained 0.182 adjusted Rand Index when she used K-means (a
standard clustering technique) for classification

Korhonen et al. (2003) conducted a similar experiment with English verbs.
They reported similar results (60% modified cluster purity) in their more chal-
lenging experiment which involved assigning 110 difficult, highly polysemous
English verbs into 34 Levin-style classes. Like Schulte-im-Walde, they clustered

1Note that although purely semantic classification of verbs is a related and partly overlap-

ping NLP task, we focus here only on previous work on lexical classification.
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cues related to SCF frequency information, but employed more robust tech-
nology capable of also dealing with sense variation. Cues were extracted from
corpus data using the SCF acquisition system of Briscoe and Carroll (1997).
They parameterized two of the SCFs for prepositions, and applied a clustering
technique (the Information Bottleneck) and the Nearest Neighbours method to
assign verbs into classes corresponding to (any of) their senses in the corpus
data.

Korhonen et al. (2006b) extended this system with additional clustering
methods (Probabilistic Latent Semantic Analysis and a modified version of the
Information Bottleneck) and applied it to the biomedical domain. 192 medium
to high frequency verbs were selected from biomedical journals for the exper-
iment. The resulting classification was highly accurate (they obtained 77 F-
measure) and domain specific.

The approaches most related to ours are those of Schulte im Walde (2003)
and Korhonen et. al. (2003, 2006). These approaches make use of detailed
syntactic (subcategorization frequency) features extracted automatically from
corpora. So far this related work has used unsupervised (clustering) methods.
Only Joanis et al. (2007) have attempted classifying SCF distributions using
SVMs, but the results have been poor.

2.4 Automatic Acquisition of Subcategorization
Frames

Our approach relies essentially on automatically extracted SCF frequency infor-
mation. We make use of the Valex (Korhonen et al., 2006a) lexicon which was
acquired automatically from five corpora and Web using Briscoe and Carroll
(1997)’s system. It includes SCF and frequency information for 6,397 English
verbs. There are 163 types of SCF in the lexicon, a superset of those in the
(ANLT) (Boguraev and Briscoe, 1987) and the COMLEX syntax dictionaries
(Grishman et al., 1994).

The system of Briscoe and Carroll is one of the most comprehensive subcat-
egorization acquisition systems available for English. The version employed for
building Valex is capable of categorizing 163 verbal SCFs and returning relative
frequencies for each SCF found for a verb. It makes use of the first release of
RASP (Robust Accurate Statistical Parsing) toolkit (Briscoe and Carroll, 2002).

As explained in detail in Briscoe and Carroll (1997), raw corpus data are
first tokenized, tagged, lemmatised, and parsed with RASP using a tag-sequence
grammar written in a feature-based unification formalism. This yields (com-
plete) intermediate parses. Briscoe and Carrolls system invokes RASP in a
mode which outputs intermediate phrase structure analyses. Verb subcatego-
rization patterns (local syntactic frames including the syntactic categories and
head lemmas of constituents) are then extracted from parsed sentences, from
subanalyses which begin or end at the boundaries of specified predicates. The
patterns are classified into SCFs using a comprehensive classifier which is capa-
ble of categorizing the 163 verbal SCFs. They abstract over lexically-governed
particles and prepositions and specific predicate selectional preferences. Lexi-
cal entries are constructed for each verb and SCF combination, and the basic
lexicon is built.
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As no lexicon or semantic information is exploited during parsing, the basic
lexicon is noisy. A filtering component may therefore be applied which can be
used to remove noisy SCFs from the lexicon. In our work, we experimented
with three versions of Valex:

Valex 1: The basic unfiltered lexicon

Valex 2: A sub-lexicon created by selecting from the basic lexicon only those
SCFs whose relative frequency is higher than a SCF-specific threshold.

Valex 4: A sub-lexicon created by selecting from the basic lexicon all the SCFs
which are also listed in the ANLT and/or COMLEX dictionaries plus the
ones whose relative frequency is higher than a SCF-specific threshold.

The accuracy of these lexicons is 21.9, 58.6 and 83.7 according to F-measure,
respectively. See Korhonen et al. (2006a) for the details of the evaluation.

12



Chapter 3

Automatic Verb
Classification

We first extract feature sets from corpus data and then classify them using
different methods. These steps are described in the following two sections,
respectively.

3.1 Feature Sets

3.1.1 Feature Set 1: Basic Features

In the previous section we mentioned that the SCF frequency information was
extracted from three versions of the automatically built Valex lexicon. Recall
that in the Valex lexicon, each verb is associated with some of the 163 SCF types
and that each SCF is associated with the relative frequency with the verb in
question. The 163 SCFs and their relative frequencies form our basic feature

set. For the detailed description of the 163 SCFs, see Briscoe (2000).

3.1.2 Feature Set 2: Refined Features

Some of the SCFs can be further refined by the prepositional phrases involved.
For example, consider the SCF 49 (NP-PP):

Example 4 she put the flowers on the table.

Example 5 she removed the flowers from the table.

As the examples 4 and 5 show, ”put” and ”remove” have same SCF NP-PP.
However, put prefers a PP headed by on, while remove prefers a PP headed
by from. Therefore, to tell the difference between ”put” and ”remove” (which
belong to different verb classes, those of PUTTING and REMOVING verbs) it
helps to know the prepositions occurring in their SCFs. The lexical entries in
the Valex lexicon include the preposition data, so it is easy to parameterise the
SCFs for them. This feature set, where we enrich two high frequency SCFs (49
which is NP-PP and 87 which is PP) with the preposition types, is called the
refined feature set.
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Table 3.1: 15 SCFs refined by their PPs, ranked by their frequency

Tag Description
VV0 Verb, base form
VVD Verb, past tense
VVG Gerund or present participle
VVN Verb, past participle
VVZ Verb, 3rd person singular present

Table 3.2: Verb tense tags
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3.1.3 Feature Set 3: New Features

The feature sets 1 and 2 have been previously used by Korhonen et al. (2003
and 2006). In addition, we experimented with new a new feature set consisting
of a number of new features:

1. In addition to SCFs 49 and 87, we parameterized additional SCFs involv-
ing PPs for prepositions, those which were the 5, 10 and 15 most frequent
ones in the Valex lexicon, respectively. We examined different frequency
ranges because we were concerned about the effects of sparse data (as
some of the SCFs involving PPs are low in frequency). The list of all
the SCFs parameterized by PPs is shown in table 3.1, starting from the
highest ranked SCF 49.

2. We used the tense of the verb, indicated by the simple part-of-speech
tag (POS) of the verb (e.g. VVN, VV0), and its relative frequency with
specific verbs as additional features. The list of all the POS tags indicating
verb tense are shown in the table 3.1.2. This feature type is meaningful
for verb classification, is readily available in the SCF lexical entries and
has been previously used e.g. by Merlo and Stevenson (2001).

The figure 3.1 shows some of the features for the verb put. The first box
shows some basic features and the second shows refined ones (SCFs 49 and 87
parameterized by PPs), and new ones (the tense features).

3.2 Data Preprocessing

We constructed a feature vector for each verb in our data. In the basic feature
set, each verb had 163 features. Each feature corresponds to a SCF class, and
its value is the relative frequency of the SCF with the verb in question. Some
of the feature values are zero, because most verbs only take a subset of the
possible 163 SCFs. For the two other feature sets, the number of dimensions
vary depending on the feature set used. However, for all the feature sets, all the
verbs have the same vector template, hence the high number of dimensions.

Vector template: [ Class label Basic features(SCF1 SCF2 . . . SCF163)Refined features Tense

features ]

The feature vectors constitute the input to machine learning. This data is used
to train the automatic classifiers to determine the class labels, given the feature
vector of a unknown verb (not in the training data).

3.3 Classification Methods

Machine learning enables the computer to ’learn’ by using various algorithms.
There are mainly two types of algorithms: supervised and unsupervised. As
mentioned above, a number of unsupervised learning (clustering) techniques for
verb classification have been previously investigated by Korhonen et al. (2003,
2006). In this study, we focus on supervised techniques, namely on the ’classi-
fication’ tasks.
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Figure 3.1: Sample features from the 3 feature sets for the verb put
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We experiment with two types of classifiers: model-based classifiers and
discriminative classifiers.

A model-based classifier builds a model independently for each class from
samples during the training stage. During the test stage, the classification is
performed according to the similarity between the test sample and the model.
Maximum entropy model and the Gaussian classifier are both model-based clas-
sifiers.

A discriminative classifier tries to find an optimal boundary between
classes during the training stage. Test samples are classified according to the
class boundary. The K Nearest Neighbours and Support Vector Machines are
discriminative classifiers.

3.3.1 K Nearest Neighbours

The k nearest neighbour method (KNN) is a classification method based on the
K closest training sample in the feature space. For each verb feature vector in
the test data, we measure its distance to each verb in the training data. Then,
the verb class label is the most frequent class label in the top k closest training
samples.

Three distance metrics are tried: the Euclidean distance, Kullback-Leibler
(KL) divergence, and Jensen-Shannon (JS) divergence (Lin, 1991). The eu-
clidean distance is the distance between two points (P,Q).

D(P,Q) =

√

∑

i=1

n(pi − qi)2 (3.1)

The KL and JS divergence are entropy based. They measure the similarity
between two SCF distributions. KL divergence between SCF distribution P and
Q measures the expected number of bits necessary for identifying an event based
on Q when the true distribution is P.

D(P‖Q) =
∑

i

pi log (
pi

qi

) (3.2)

The JS divergence is similar to KL divergence. It relies on the assumption
that if P and Q are similar, then they are close to their average.

JS(P,Q) =
1

2

[

D(P‖
P + Q

2
) + D(Q‖

P + Q

2
)

]

(3.3)

The value of k is the only free parameter. A larger k value reduces the effect
of noise, but it also makes the boundary between the classes less clear. The k
value is determined by performing cross validation on the training data. The
detail of estimating the k value is discussed in section 4.3.

3.3.2 Maximum Entropy Model

The idea behind maximum entropy is simple: given a collection facts, we

want to choose a model consistent with all the facts, and avoid as-

sumption on anything that is unknown.

The fact we know in this experiment is the SCF distribution of the verb. A
verb can have many SCFs out of the 163 possible and each SCF is associated
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with the relative frequency of usage with the verb in question. We define the
verb class as y and its SCF as x. To express the fact that a verb v1 is in the
verb class 10.1 and takes the SCF 49 with relative frequency 0.6, we have:

f(x, y) = 0.6 if y = 10.1 and x = 49

This is called the feature function or feature. The expected value of a feature
f with respect to the empirical distribution (training data) is

Ẽ(f) ≡
∑

x,y

p̃(x, y)f(x, y) (3.4)

The expected value of the feature f (on test data) with respect to the model
p(y|x) is

E(f) ≡
∑

x,y

p̃(x)p(y|x)f(x, y) (3.5)

p̃(x) is the empirical distribution of x in the training data. If the training
data is representative, we constrain the expected value E(f) to be the same as
the expected value of training data.

E(f) = Ẽ(f) (3.6)

From the equations 3.4 and 3.5, the equation 3.6 can be rewritten as

∑

x,y

p̃(x, y)f(x, y) =
∑

x,y

p̃(x)p(y|x)f(x, y) (3.7)

We require our probability model p(y|x) to satisfy the equation 3.7 for ev-
ery feature. We eliminate the probability models that do not agree with the
expected feature value of the training sample. The constrained search space is
defined as C.

C ≡ {p ∈ P|E(fi) = Ẽ(fi)i ∈ {1, 2, . . . , n}} (3.8)

So far, we already found all the models C that are consistent with a known
fact. Next, we need to find the most uniform model, which is also the model
with the least assumption. Entropy is a measure of uniformity. For all p ∈ C,
we need to find the distribution p∗ that has the maximum entropy H(Y |X).

H(Y |X) ≡ −
∑

x,y

p̃(x)p(y|x) log p(y|x) (3.9)

This problem is called the primal problem. It cannot be solved directly.
Pietra et al. (1997) shows that the Lagrange multiplier can be used for this
constrained optimization problem (see the paper for details). A dual function

Ψ(λ) is defined as in equation 3.10. The dual problem is to find the parameter
λ∗ that will maximize the dual function. We can also rewrite the primal problem
according to the dual problem as in equation 3.11. Based on the Kuhn-Tucker
theorem, if λ∗ is the solution to the dual problem, then pλ∗ is the solution to
the primal problem.

Ψ(λ) = −
∑

x

p̃(x) log Zλ(X) +
∑

i

λiẼ(fi) (3.10)
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pλ(y|x) =
1

Zλ(x)
exp (

∑

i

λifi(x, y)) (3.11)

The solution to the dual problem can be found by Generalised Iterative
Scaling (Berger, 1997) or Limited-Memory Variable Metric(Malouf, 2002). The
number of iterations for these two algorithms is set to be 30 if not stated. 1

We used Zhang (2004) ’s maximum entropy toolkit to implement the model.
The toolkit supports both generalised iterative scaling and limited-memory vari-
able metric, and more importantly, it supports real-valued feature.

3.3.3 Support Vector Machines

The Support Vector Machines (SVM) (Vapnik, 1995) try to find a maximal
margin hyperplane to separate two group of vectors. The fundamental theory
is that if a set of vectors are mapped to a sufficiently high dimension, they will
always be linearly separable. The maximal margin is just to optimize the choice
of dimensions to avoid over-fitting. The parameters of the hyperplane are found
by solving a quadratic programming optimization problem.

Suppose we want to find a decision function f to separate the verbs x1 . . . xn

into two classes (-1,+1) f(xi) = yi,∀i A hyperplane that correctly classifies the
data must satisfy the following equation:

yi[(w · xi) + b] ≥ 1,∀i (3.12)

In practise, a separating hyperplane often does not exist. So we add a ’slack
variable’ ξ to allow the violation of equation 3.12

ξi > 0,∀i (3.13)

yi[(w · xi) + b] ≥ 1 − ξ,∀i (3.14)

In order to minimize the guaranteed risk bound, we need to minimize the
equation

ι(w, ξ) =
1

2
(w · w) + γ

n
∑

i=1

ξi (3.15)

subject to equations 3.13 and 3.14. By the Kuhn Tucker theorem (Kuhn, 1982)
of optimization theory, the solution is shown in equation 3.16 where ai is the
Lagrange multipliers.

w =

n
∑

i=1

yiaixi (3.16)

Only the training sample xi that precisely satisfies equation 3.14 would have
a non-zero coefficient ai. These xi are called support vectors. All other
training samples are irrelevant. The coefficients ai are found by solving the
following quadratic programming problem, maximize:

W (a) =

n
∑

i=1

ai −
1

2

n
∑

i,j=1

aiajyiyj(xi · xj) (3.17)

1In the experiment, the Limited-Memory Variable Metric always outperform Generalized

Iterative Scaling
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subject to
0 ≤ ai ≤ γ, i = 1, . . . , n, (3.18)

and
n

∑

i=1

aiyi = 0 (3.19)

Due to the linearity of the dot product x ·x, we need to replace x ·x in equation
3.17 with a kernel function to solve the non-linear problem. The kernel is used
to map the input space to a new space to solve the non-linear problem. The
kernels experimented with in our experiment are the ”Polynomial” and ”Radial
basis function”. Polynomial:

K(xi, xj) = (γxt
ixj + r)d, γ > 0 (3.20)

Radial basis function(RBF):

K(xi, xj) = exp (−γ||xi − xj ||
2), γ > 0 (3.21)

Gamma γ, coefficient r, and degree d are the kernel parameters. The cost C is
the penalty for the error term. Gamma and cost are found by performing cross-
validation on the training data. All the other parameters are set to be default:
The degree d is set to be 3. The coefficient r is set to be 0. The tolerance of
termination criterion is set to be 0.001.

We use Chang and Lin (2001) ’s LIBSVM library to implement the SVMs.
In LIBSVM, the binary classification is extended to multi-class classification.
One against one approach is used, where for each verb, a set of binary classifiers
is built to compare each pair of classes. The resulting class label is the class
that is voted most times. In the case of a tie, the resulting class is selected
arbitrarily. For more information, please consult Hsu and Lin (2001).

3.3.4 Gaussian Model

Modelling data using the Gaussian or Gaussian mixture model is common in
many applications, such as speech recognition. The central limit theorem is a
justification of the popularity of the Gaussian model.

The verbs with feature vector xi . . . xn in a verb class y are assumed to be
independent from each other, and have an arbitrary probability distribution.
The central limit theory states that: if we take the average of all the verbs in
the class:

x =
1

n

n
∑

i=1

xi (3.22)

then, irrespective of how the original samples were distributed, the distribution
of the mean (x) is always normally distributed as n ⇒ Limit.

As we will see in the next chapter, we have a relatively small number of
verbs in a class, which does not completely satisfy the central limit theorem.
However, the Gaussian is a good model when the statistical distributions of the
training and test data for a class are very similar to each other.

The covariance matrix of the features is assumed to be diagonal. This means
that no correlation is assumed between features. Suppose x is feature vector
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of a verb, the feature vector has d dimensions, and y is the verb class. The
likelihood is:

p(x|y) = Πd
a=1

1
√

2πσ2
a

exp (−
(xi − µa)2

2σ2
a

) (3.23)

We need to find the mean and the variance in order to calculate the likeli-
hood. Because all the verbs have a feature vector with same number of dimen-
sions, the mean (µi) and variance (σ2) for each dimension i for verbs in a class
can be calculated separately as shown below:

If there are N verbs with feature vectors x1 . . . xn in a verb class the mean
of a dimension i is:

µi =

∑n

i=1 xi

N
(3.24)

The variance of the dimension i is:

σ2
i =

∑n

i=1 (xi − µi)
2

N
(3.25)

With µi and σ2
i , by using the equation 3.23, we can construct a Gaussian model

for each verb class. To predict an unknown verb, we use the feature vector of
the unknown verb (xi) and calculate the likelihood using equation 3.23 for each
verb class. Then we chose the verb class with highest probability.

The data sparseness is a serious problem with the Gaussian model. For any
feature vector in a verb class, there is a possibility that some dimension may
never appear. This can be interpreted in that some SCFs never show up with
a verb class. In fact, this happens quite frequently. With our data on average,
each verb class had 30 to 40 ’blank dimensions’. For these dimensions, the
variance µi is zero. We assigned these zero-variance cases a small value ν. This
is the same idea as behind the ”vFloor” in the Hidden Markov Model Toolkit
(HTK) (Young et al., 2000).

The value of ν is largely affected by system performance due to the high
number of zero-variance dimensions. The relationship between ν and the sys-
tem accuracy is found to be a convex. A simple hill climbing algorithm was
implemented to find the global optimum. The optimal ν was found by perform-
ing ’leave one out’ cross validation on the training data as explained in detail
in the next chapter.
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Chapter 4

Experiments

4.1 Data

We selected our test verbs and classes from VerbNet (Kipper et al., 2000).
17 fine-grained classes were selected, not more than 2 from each broad class
(recall that Levin’s classification is a 2-3 level taxonomy where some broad
classes divide into subclasses or further). The classes were selected subject
to the constraint that they had a sufficient number of member verbs whose
predominant sense belongs to the class in question. We verified the relevant
predominant sense by looking at the predominant verb sense classification used
for constructing the Valex lexicon.

For each class, we selected 12 member verbs. This was the average maxi-
mum number we could find given the predominant sense and fine-grained class
requirement. We also required that each verb should have at least 100 occur-
rences in our input data, i.e. in the Valex subcategorization lexicon. However,
most of the selected verbs had 1000-9000 occurrences in Valex. The chosen
classes and member verbs are listed in table 4.1.

Our set of 17 classes represents various Levin classes. Some classes are very
different in terms of semantics and/or syntax, such as LIGHT OMISSION (e.g.
sparkle) vs. SAY (e.g. say), verbs, while others are similar, e.g. SAY verbs vs.
MANNER OF SPEAKING (e.g. whisper) verbs:

Ellen said / whispered / *sparked a few words.
Ellen said / whispered / *sparkled a few words to Helen.
Susan said / whispered / *sparkled that the party would be tonight.
Susan said / whispered / *sparkled, ’Leave the room.’
Susan said / whispered / *sparkled to Rachel that the party would be tonight.
Susan said / whispered / *sparkled to Rachel how to avoid the crowd.

Thus the difficulty of the classification task varies from one class to another.

4.2 Methodology

For the experiments, we split the data into two parts: the training data, and
the test data. Each classification method was trained on the training data, and

22



Table 4.1: Experiment data
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tested on the test data. We used two methods for partitioning the training and
test data.

The first one is leave one out cross validation. With N verbs, the system runs
N times. For each run, one verb is held out as the test data, and the remaining
N-1 verbs are used as training data. The overall accuracy is the average of
the accuracy of N rounds. This method allows us to examine the classification
performance at both verb and verb class levels.

The second method is re-sampling. There are 12 verbs in each class. For
each class, 3 verbs are selected randomly as test data, and the rest of the verbs
are used as training data. In total 25% of the verbs are used as test data and
75% as training data. The sampling process is repeated for 30 times. The
final result is the average result over the sampling processes. The re-sampling
method creates a larger test set than the leave one out cross validation method.
The downside is that it does not measure the performance at the verb level.

Two evaluation measures are used: accuracy, and F-score. Accuracy is the
percentage of correct classifications out of all the classifications. At the verb
level, there are no false positives or true negatives because a verb can only be
classified correctly (true positive) or incorrectly (false negative).

Accuracy =
truePositives

truePositives + falseNegatives
(4.1)

When we evaluate the performance at the class level, we have the false
positives and true negatives as well. We calculate precision as follows:

Precision =
truePositives

turePositives + falsePositives
(4.2)

Recall is the class level accuracy.

Recall =
truePositives

truePositives + falseNegatives
(4.3)

F-score is the balance over recall and precision.

F − score =
2 × Precision × Recall

Precision + Recall
(4.4)

Given there are 17 classes in the data, the accuracy of randomly assigning a
verb into one of the 17 classes is 1/17 ≈ 5.8%. Therefore, our random baseline
accuracy is 5.8%.

4.3 Parameter Estimation

The classification methods were introduced in section 3. The following list
summarises the settings and free parameters for each method:

KNN We tested three distance metrics using our basic feature set. The result
is shown in table 4.2. The JS divergence outperforms the KL divergence
and euclidean distance. Therefore, the JS divergence was chosen as the
default distance metric. The value k is the only free parameter for KNN.
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Feature Set Distance metric Accuracy(%) F-Score(%)
Basic Euclidian distance 37.7 37.3
Basic KL divergence 40.2 40.9
Basic JS divergence 47.0 47.0

Table 4.2: Leave one out cross validation test for KNN to select the distance
metric, k=4

Maximum entropy We used the built-in L-BFGS as the default parameter
estimation method, as suggested by Zhang (2004). The only free param-
eter for maximum entropy is the number of iterations i in the parameter
estimation algorithm. When this value is too small, the parameters have
a poor fit with the training data. When the value is too large, we have
the over-fitting problem.

SVM We used the standard C-SVC Cost-Based Support Vector Classification
model, and the radial basis function kernel as shown in equation 3.21. This
setting is suggested by the author of the toolkit (Hsh et al., 2003). There
are two free parameters: the cost C for C-SVC, and a scaling parameter
for the kernel γ.

Gaussian In the Gaussian model, we assumed that the features are uncorre-
lated, so the covariance is diagonal. The only free parameter is the value
of zero-variance ν.

KNN, maximum entropy model and Gaussian have one free parameter each.
We use the same parameter estimation technique for them. We first define a
value range for the free parameter. For KNN, the value k is set to be in the
range 2-20. For maximum entropy, the iterations i are set to be in the range
5-50. The original default value of i is 30. For the Gaussian model, the value
of zero variance ν is set between 10−8 and 10−7. Then, we perform ’leave one
out’ cross validation for the Gaussian model and 10-fold cross validation for the
other methods on the training data to find the best parameter value within the
range.

SVM has two free parameters. The recommended range of values for these
two parameters according to Hsh et al. (2003) are:

C = 2−5, 2−3, . . . , 215, 217

γ = 2−17, 2−15, . . . , 21, 23

We tested all the possible combinations of the two values on the training
data using 10-fold cross validation. The combination with the highest accuracy
was selected. This approach (called ’grid search’) was suggested by the author
of the toolkit (Hsh et al., 2003).

For each classification method and feature set, the parameter estimation is
repeated according to the cross validation and re-sampling processes explained
above.

4.4 Experimental Evaluation

In the following sections we report the classification results for the three feature
sets introduced earlier in section 3.1.
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Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 44.1 44.0
KNN Valex 2 34.3 32.4
KNN Valex 4 39.2 39.0
Maximum entropy Valex 1 47.5 47.6
Maximum entropy Valex 2 37.2 35.5
Maximum entropy Valex 4 44.1 43.7
SVM Valex 1 47.1 47.8
SVM Valex 2 40.7 41.3
SVM Valex 4 47.5 47.8

Gaussian Valex 1 49.5 46.2
Gaussian Valex 2 34.3 28.4
Gaussian Valex 4 41.2 36.3

Table 4.3: ’Leave one out’ cross validation result for Feature set 1

4.4.1 Feature Set 1: Basic Features

The average performance of each classifier (with each version of Valex) according
to leave one out cross-validation is shown in figure 4.4.1. The accuracy ranges
from 34.3% to 49.5%, and the F-Score ranges from 28.4% to 47.8%.

SVM yields the best performance (47.8% in F-score), although maximum en-
tropy and the Gaussian model have very similar performance (47.6% and 46.2%,
respectively). All the other methods except SVM have the best performance
with the raw version of the Valex lexicon, indicating that the large noisy lexicon
is more useful for classification than the smaller more accurate lexicons.

Figure 4.4.1 shows the performance figures for individual classes on the Valex
1 (raw) lexicon.

The class 47.3 has the worst performance with all the 4 methods. This is
not surprising since the class (MODES OF BEING IN MOTION) includes in-
transitive verbs (e.g. wobble) with few distinguishing SCFs. The classes 11.1,
29.2 and 40.2 had the best performance (more than 70% in F-score). Interest-
ingly, the Gaussian model fails with classes 47.3, 43.2 and 36.1. In return, it
produces very good performance with the remaining of the classes. Precision is
therefore low with the Gaussian model, but recall is better than for the other
classification methods (49.5%).

Re-sampling results for the basic feature set are shown in table 4.4. These
results are consistent with the ’leave one out’ results, except for the Gaussian
model. The performance of the Gaussian model has declined approximately
4%. A possible reason for this is the smaller training data with re-sampling. In
comparison with the ’leave one out’ method, the re-sampling method has 25%
less training data, and 51 times more test data. The resampling method picks
up randomly 3 verbs for each round, so the performance may vary. So a 1-2%
difference in accuracy and F-score is not necessarily meaningful.

4.4.2 Feature Set 2: Refined Features

As mentioned in section 3.1.2, the refined feature set 2 includes the basic features
from the feature set 1 for all the other SCFs, except for 49 and 87 which are
parameterized according to the preposition in the PP of the SCF.
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Figure 4.1: Class level F-Score for Feature set 1

Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 37.3 36.5
KNN Valex 2 29.8 29.2
KNN Valex 4 34.5 34.1
Maximum entropy Valex 1 47.1 47.0
Maximum entropy Valex 2 42.2 41.5
Maximum entropy Valex 4 49.2 48.9

SVM Valex 1 47.3 47.7
SVM Valex 2 41.1 40.5
SVM Valex 4 46.4 46.4
Gaussian Valex 1 39.0 40.0
Gaussian Valex 2 36.9 34.4
Gaussian Valex 4 43.6 42.2

Table 4.4: Re-sampling results for Feature set 1
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Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 54.9 53.9
KNN Valex 2 46.1 44.1
KNN Valex 4 50.9 49.2
Maximum entropy Valex 1 59.3 59.9

Maximum entropy Valex 2 55.3 56.8
Maximum entropy Valex 4 59.3 59.8
SVM Valex 1 57.8 57.9
SVM Valex 2 55.4 54.9
SVM Valex 4 54.4 54.1
Gaussian Valex 1 59.3 57.1
Gaussian Valex 2 55.3 51.8
Gaussian Valex 4 55.3 52.5

Table 4.5: Leave one out cross validation result on Feature set 2 (refined feature
set)

The ’leave one out’ results are shown in table 4.5. They show that the refined
feature set improves the performance of each classification method by around
10% and that each classification method produces again its best performance
with the raw version of the Valex lexicon. The maximum entropy method has
12% better F-score here than with the basic feature set. Its performance is
the best among the 4 methods. KNN is again the method with the lowest
performance.

Table 4.7 shows the difference in performance for each class when the refined
feature set is used as opposed to the basic one. 13 classes out of the 17 have
better F-score. The classes 10.1, 43.1, 31.1 and 30.3 have more than 20% better
performance. This is not surprising as these classes share the SCFs 49 and 87,
but differ in the type of prepositions they prefer (e.g. the class 10.1, REMOVE
verbs, has a clear preference for the preposition from as in she removed the
bag from the car, while the class 31.1, AMUSE verbs, has a preference for the
preposition with as in she amused her with her stories). The performance of four
verb classes declined by 3.5% on average, but overall 11% increase in F-score
was gained with the refined feature set.

Figure 4.2 shows the F-score results for each verb class on sub-lexicon Valex
1. When compared with figure 4.4.1, we can see clearly that the performance is
significantly better with each method for most of the verb classes. Class 47.3 is
still the class with the worst performance, but the Gaussian model has now non-
zero F-score for classes 43.1 and 36.1, although the results are still lower than
with maximum entropy and SVM. Despite the boost in performance, precision
is lower for the Gaussian model than for maximum entropy and SVM, but the
Gaussian model produces again the highest accuracy (59.3%).

The re-sampling results are shown in table 4.6. These results are consistent
with the ’leave-one-out’ cross validation results, except for the Gaussian model.
As with the basic feature set, the Gaussian model yields a considerably lower
performance here than with the ’leave-one-out’ cross validation.
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Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 42.7 42.6
KNN Valex 2 36.6 35.3
KNN Valex 4 41.6 40.1
Maximum entropy Valex 1 58.1 58.1
Maximum entropy Valex 2 56.8 56.3
Maximum entropy Valex 4 58.8 58.6

SVM Valex 1 56.7 57.1
SVM Valex 2 53.7 50.3
SVM Valex 4 53.9 54.3
Gaussian Valex 1 49.9 51.4
Gaussian Valex 2 44.8 45.2
Gaussian Valex 4 54.3 54.9

Table 4.6: Re-sampling results for Feature set 2 (refined feature set)

Figure 4.2: Class level F-Score for Feature set 2
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Class label Average F-score change
10.1 +31.1
43.1 +24.4
31.1 +20.1
30.3 +20.0
18.1 +19.9
9.1 +17.3
36.1 +16.5
51.3.2 +13.0
13.5.1 +13.2
22.2 +9.3
45.4 +4.3
29.2 +3.7
47.3 +1.5
40.2 -1.8
37.3 -2.1
37.7 -4.5
11.1 -5.5

Table 4.7: Average contribution of Feature set 2 to all the methods for each
class as compared with Feature set 1

4.4.3 Feature Set 3: New features

Additional PP Features

Since the refined features improved the performance considerably, we evaluated
whether we would see a similar or better boost in performance with the new
feature set described in section 3.1.2. Recall that the new features had additional
13 SCFs involving PPs parameterized for prepositions (instead of just the SCFs
49 and 87 in the refined feature set). The additional SCFs are lower in frequency
and classification may thus suffer from sparse data problems.

The 13 new PP features (i.e. refined SCFs) were added in three steps on the
top of Feature set 2. First, the 3 most frequent new features were added, then
5 further features that are less frequent were added, and finally 5 least frequent
features were added. This approach was adopted so that we could examine the
possible sparse data effect.

Tables 4.8, 4.10, and 4.12 show the ’leave one out’ cross validation results
for the new feature set. The performance of KNN method is worse with the
new feature set and keeps on decreasing with the increasing number of features.
The performance of maximum entropy and SVM does not change significantly
over different numbers of new features. In fact, the performance is very similar
to that with feature set 2. However, as shown in table 4.12, the performance
of the Gaussian model is significantly better when all the 13 new features are
used as opposed to using subsets of them. The F-Score is 62.5%, which is 2.5%
higher than with the maximum entropy model, and 5% higher than with SVM.
The best results with each method are once again obtained with the raw version
of the Valex. The raw version of Valex is likely to include a higher number of
the new features as many are absent in the filtered versions of Valex.

Table 4.1.4 shows the contribution of the Feature Sets 2 as compared with
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Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 49.5 48.2
KNN Valex 2 45.6 43.2
KNN Valex 4 51.0 49.2
Maximum entropy Valex 1 59.3 60.0

Maximum entropy Valex 2 55.8 56.7
Maximum entropy Valex 4 59.3 60.0
SVM Valex 1 57.8 58.2
SVM Valex 2 55.3 54.9
SVM Valex 4 54.4 54.1
Gaussian Valex 1 59.3 56.5
Gaussian Valex 2 50.9 48.8
Gaussian Valex 4 56.3 52.8

Table 4.8: Leave one out cross validation results with 3 new PP features added
from Feature set 3

the Feature set 1, and the contribution of Feature set 3 as compared with the
Feature set 2 for the Gaussian model. Most classes have a consistent perfor-
mance increase with additional PP features. With Feature set 2, 13 out of 17
classes have improvement. With Feature set 3, the performance improves fur-
ther for 9 out of the 17 classes. Most classes have net increase on performance.
Exceptions are classes 11.1, 37.3, 37.7 and 45.4. The class 11.1 has the best
performance with Feature set 1, indicating that although members in the class
take prepositions, considering the basic SCFs instead is more helpful. The same
applies to classes 37.3 and 45.4 which have improved performance with Feature
set 2, but decrease with Feature set 3. For class 37.7, the performance declines
with Feature set 2 but improves with Feature set 3. We discuss various sources
of error in the qualitative analysis section 4.6.

Figure 4.3 shows the performance for each class. We can see that the Gaus-
sian model produces consistently better performance for most of the classes. 16
out of the 17 classes have F-score better than 55%. The only exception is still
the problematic class 47.3, which has the F-score zero.

The re-sampling results are shown in table 4.13. As with the other feature
sets, the Gaussian and KNN models still produce lower F-score than they do
with the ’leave one out’ cross validation method. The maximum entropy model
and SVM produce similar results as with the ’leave one out’ cross validation
method.

Verb Tense Features

We finally added the verb tense features (see section 3.1.3) to each classification
method with the best configuration. Recall that the KNN, maximum entropy
and SVM methods had their best performance with feature set 2. The Gaussian
model had its best performance with the new feature set 3.

We can see from table 4.15 that the performance is not improved for any of
the methods by adding the verb tense feature. The performance of the max-
imum entropy and SVM models does not change, while the performance of
the KNN and Gaussian models is decreased. Also Joanis et al. (2007) noted
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Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 27.1 28.2
KNN Valex 2 19.1 19.6
KNN Valex 4 25.6 25.9
Maximum entropy Valex 1 60.1 59.8

Maximum entropy Valex 2 56.4 56.3
Maximum entropy Valex 4 59.3 59.4
SVM Valex 1 54.4 54.6
SVM Valex 2 54.7 54.7
SVM Valex 4 54.7 54.6
Gaussian Valex 1 50.0 51.7
Gaussian Valex 2 48.1 48.2
Gaussian Valex 4 53.5 52.8

Table 4.9: Re-sampling results with 3 new features added from Feature set 3

Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 49.5 48.3
KNN Valex 2 46.1 44.1
KNN Valex 4 51.0 49.2
Maximum entropy Valex 1 59.8 59.9

Maximum entropy Valex 2 53.9 54.2
Maximum entropy Valex 4 59.3 59.7
SVM Valex 1 57.3 57.5
SVM Valex 2 55.3 54.9
SVM Valex 4 54.4 54.0
Gaussian Valex 1 59.8 56.6
Gaussian Valex 2 53.4 49.6
Gaussian Valex 4 55.8 53.4

Table 4.10: Leave one out cross validation result on 8 new features added from
Feature set 3

Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 23.6 24.0
KNN Valex 2 17.6 17.6
KNN Valex 4 21.0 20.7
Maximum entropy Valex 1 59.8 59.6

Maximum entropy Valex 2 56.6 56.5
Maximum entropy Valex 4 59.8 59.7
SVM Valex 1 56.8 56.9
SVM Valex 2 51.5 52.1
SVM Valex 4 53.6 54.0
Gaussian Valex 1 52.4 53.2
Gaussian Valex 2 47.6 48.3
Gaussian Valex 4 56.1 56.6

Table 4.11: Re-sampling results with 8 new features added from Feature set 3
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Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 49.5 48.5
KNN Valex 2 46.6 44.4
KNN Valex 4 47.1 45.7
Maximum entropy Valex 1 59.8 59.9
Maximum entropy Valex 2 53.9 54.4
Maximum entropy Valex 4 59.3 59.7
SVM Valex 1 57.3 57.4
SVM Valex 2 55.8 55.5
SVM Valex 4 53.9 53.7
Gaussian Valex 1 64.2 62.5

Gaussian Valex 2 53.9 50.1
Gaussian Valex 4 56.3 53.5

Table 4.12: Leave one out cross validation results on 13 new features added
from Feature set 3

Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 20.5 20.3
KNN Valex 2 17.0 16.6
KNN Valex 4 22.6 22.1
Maximum entropy Valex 1 57.5 57.8
Maximum entropy Valex 2 52.6 52.8
Maximum entropy Valex 4 59.8 59.7

SVM Valex 1 55.6 55.5
SVM Valex 2 50.7 50.7
SVM Valex 4 55.6 55.6
Gaussian Valex 1 54.0 55.5
Gaussian Valex 2 45.8 46.4
Gaussian Valex 4 56.1 56.6

Table 4.13: Re-sampling results with 13 new features added from Feature set 3)

Figure 4.3: Class specific F-Score results with 13 new features added from Fea-
ture set 3
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Class label Feature set 2
against feature set
1 (%)

36.1 +52.6
51.3.2 +29.3
18.1 +28.2
43.1 +26.7
9.1 +15.0
10.1 +14.6
30.3 +12.7
13.5.1 +11.1
45.4 + 10.9
22.2 +8.8
31.1 +4.1
29.2 +3.5
37.3 +0.2
47.3 0
40.2 -9.8
37.7 -12.4
11.1 -14.0

Class label Feature set 3
against feature set
2(%)

43.1 +33.3
36.1 +17.0
9.1 +16.7
10.1 +14.4
30.3 +13.3
40.2 +11.1
37.7 +9.5
31.1 +9.2
13.5.1 + 7.9
47.3 0
22.2 0
29.2 -1.5
18.1 -2.5
11.1 -2.9
37.3 -4.6
45.4 -12.4
51.3.2 -14.9

Table 4.14: Contribution of Feature set 2 as compared with Feature set 1 and
contribution of Feature set 3 as compared with Feature set 2 for the Gaussian
model

Classification method Lexicon Accuracy(%) F-Score (%)
KNN Valex 1 38.4 38.8
Maximum entropy Valex 1 59.8 59.9
SVM Valex 1 58.8 59.5
Gaussian Valex 1 62.7 62.0

Table 4.15: Leave one out cross validation results with the full Feature set 3,
verb tense features included
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that the contribution of verb tense feature was very small in their classification
experiment.

4.5 Summary of Quantitative Evaluation

To sum up, the system achieved the best performance at F-Score = 62.5% and
accuracy = 64.2% using Gaussian model with the new feature set 3. The ac-
curacy is 59% higher than the baseline accuracy. The Gaussian model proved
very sensitive to the amount of training data. In contrast, the maximum en-
tropy model and SVM are more robust, as they can produce more stable results
when less training data is available. Maximum entropy model is the second
best classification algorithm. It outperforms Gaussian and SVM in most of the
experiments conducted. However, it fails to take advantage of the new features.
SVM performs very similarly with the maximum entropy model. It always has
a significantly better performance than the KNN method. The KNN method is
the simplest method, and it produces acceptable result with feature sets 1 and
3, but the performance declined significantly with the new feature set 3.

In the re-sampling evaluation, the Gaussian model produces considerably
lower performance than in the ’leave one out’ cross validation evaluation. This
seems to indicate that the Gaussian model is more sensitive to the amount
of training data than the Maximum entropy model and SVM. As shown in
figure 4.4, the performance of all the three methods declines with larger sample
size. The Maximum entropy model is the method which produces the most
stable performance over different sample sizes. Only less than 2% change can
be observed from sample size 1 to 4. The SVM changes around 3% from sample
size 1 to 4. The performance of the Gaussian model drops dramatically with
larger sample size. The performance dropps by more than 8% from sample size
1 to 4.

4.6 Qualitative Analysis

We did some qualitative analysis to trace the origin of various error types. We
first investigated whether verb frequency in the Valex lexicon plays any role
in the results. Previous research has shown that verb clustering performance
increases with the size of the SCF lexicon (Korhonen et. al., 2003). From the
204 verbs in our data, 54 had less than 1000 occurrences in the Valex lexicon.
Most of these are found in classes 30.3 (6), 36.1 (4), 40.2 (5), 43.1 (7) and
47.3 (7). While it is true that class 47.3 was the worst performing class, there
appears to be little correction between verb frequency and class performance,
as most other classes have average or very good performance, see e.g. class 40.2.
Figure 4.5 which shows the correlation between verb frequency and classification
performance indicates similarly that verb frequency played little part in the
results. As the Valex lexicon was extracted from several corpora, it provides
sufficient data for verb classification.

We then examined the classification errors for each class. Figures 4.6 and
4.7 show the error matrix for the Gaussian and maximum entropy models with
Feature set 3. In each confusion matrix a column indicates a correct class and
a row a mistakenly predicted class. For example, in figure 4.7 the number 2 in
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Figure 4.6: Error matrix for Gaussian

Figure 4.7: Error matrix for Maximum entropy
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the cell in column 47.3 and row 51.3.2 indicates that class 51.3.2 was predicted
wrongly for 2 verbs belonging to class 47.3.

Examination of the worst performing class 47.3 (MODES OF BEING IN-
VOLVING MOTION verbs) illustrates well the various causes of error we found
in the classification. For the maximum entropy model 10 of the 12 verbs in this
class are classified incorrectly:

• 3 are assigned to class 43.1 (LIGHT EMISSION verbs): Verbs in classes
47.3 and 43.1 both describe intrinsic properties of their subjects (e.g. a
jewel sparkles and a flag flutters). They take very similar SCFs and al-
ternations, making it difficult to separate them on syntactic grounds. For
example, verbs in both classes take intransitive and PP SCFs and partic-
ipate in locative inversion (e.g. a diamond sparkled on his finger - on his
finger sparkled a diamond). Distinguishing these two classes would ideally
require classifying the subjects of the verbs semantically and looking at
the differences in their semantic classes.

• 2 are assigned to class 51.3.2 (RUN verbs): These errors are caused by
the fact that class 47.3 is closely related to 51.3.2 semantically. Verbs
in both classes share the semantic component of motion and take similar
alternations and SCFs. The main difference is that verbs in class 47.3
describe the existence of inanimate entities that involve types of motion
typical to these entities, while most verbs in class 51.3.2 describe the
manners in which animate entities can move. Again it would help to
know the semantic type of the arguments (particularly subjects) of these
verbs.

• 2 are assigned to class 36.1 (CORRESPOND verbs): these errors seem
to be caused by purely syntactic similarities between the two classes, as
semantically verbs in class 36.1 are very different to those in class 47.3.
The confusion is likely to arise from the fact that verbs in both classes
take simple intransitive and PP SCFs with high frequency, although they
do not participate in similar alternations.

• 2 are assigned to class 37.7 (SAY verbs): These errors are surprising as
verbs in 47.3 and 37.7 have little in common in terms of semantics or syn-
tax. The misclassification seems to be caused by idiosyncratic properties
of two individual verbs.

• 1 is assigned to class 45.4 (OTHER CHANGE OF STATE verbs): Verbs in
classes 47.3 and 45.3 are semantically quite different, and the verbs in class
45.3 are richer in terms of subcategorization and alternation behaviour,
but they do share similar SCFs (e.g. PP ones) which may explain the
misclassification.

Interestingly, when looking at the errors the Gaussian method made with
class 47.3, they are fairly similar to the ones we just described with the Maximum
entropy. Both methods confuse 47.3 with classes 51.3.2, 37.7 and 43.1. The
Gaussian method assigns as many as 5 verbs to class 51.3.2. While this is
considered an error here, the classes are closely related, as mentioned above.
Our gold standard does not capture semantic relatedness of different Levin
classes, as neither Levin nor VerbNet does it. Error analysis of the type we

38



have just given could be used as a step towards identifying semantically related
classes.

4.7 Related Work

4.7.1 Recent work of Joanis, Stevenson and James (2007)

As mentioned in the introduction, Joanis et al. (2007) have recently published
an experiment where they used SVMs to classify 835 verbs into 14 classes. They
compared the performance of their best shallow syntactic features (obtained us-
ing a chunker) against deeper ones (SCF distributions obtained using Briscoe
and Carroll’s system). 58% accuracy is reported with the shallow features, and
only 38% with the SCF features. They used basic SCFs without parameteriz-
ing them for prepositions. We obtained considerably better results than 38%
(47.5%) when using the same classification method (SVMs) with a similar basic
SCF feature set. The data sets are not comparable, but our task may be more
difficult as we classified 204 verbs into 17 classes (i.e. we had more target classes
and less training data).

Joanis et al. say that parameterizing SCFs for prepositions might help, but
that they cannot do this because Briscoe and Carroll’s system does not include
preposition information. This is a wrong claim as the system does include this
information. The authors do not say which version of Briscoe and Carroll’s
system they used in their experiments or whether they filtered some SCFs out
or used a raw version of the lexicon. They conclude that using syntactically rich
subcategorization features is not helpful for English verb classification and that
this might be because including information about adjuncts (not only about
arguments of verbs) can be useful for verb classification. In fact, the unfiltered
(raw) version of Valex includes information about both SCFs and adjuncts, and
this is the likely explanation for why in most of our experiments we obtained
optimal results using the raw version of Valex.

4.7.2 Comparison with Clustering

One of the starting points of this work was to investigate the performance of
supervised methods as compared with unsupervised ones. We asked Anna Ko-
rhonen and Yuval Krymolowski to run their clustering methods on same data
and feature sets as the ones employed in our work1. They used their current
best method for the task - a cost-based framework for pairwise clustering in-
troduced by Puzicha et al. (2000). In this method, a cost criterion guides the
search for a suitable clustering configuration. This criterion is realized through
a cost function H(S,M) which takes the following parameters:

(i) S = {sim(a, b)}, a, b ∈ A : a collection of pairwise similarity values, each
of which pertains to a pair of data elements a, b ∈ A.

(ii) M = (A1, . . . , Ak) : a candidate clustering configuration, specifying as-
signments of all elements into the disjoint clusters (that is ∪Aj = A and
Aj ∩ Aj′ = φ for every 1 ≤ j < j′ ≤ k).

1The results reported in this section are provided by Anna Korhonen and Yuval Kry-

molowski.

39



Lexicon FSet1 FSet2 Fset3 (3) Fset3 (8) Fset3 (13)

Valex 1 39.6%± 1.5 51.4%± 2.5 51.5%± 2.6 51.6%± 2.5 51.2%± 3.7
Valex 2 30.3%± 1.4 44.0%± 1.6 45.1%± 1.8 45.0%± 1.5 44.9%± 1.5
Valex 3 34.6%± 2.4 48.9%± 1.6 49.2%± 1.0 49.1%± 1.1 48.3%± 1.0

Table 4.16: Evaluation (uPur) of the verb clusters

The number of clusters, k, is pre-determined and specified as an input parameter
to the clustering algorithm.

The main idea underlying the clustering criteria is the preference of configu-
rations in which similarity of elements within each cluster is generally high and
similarity of elements that are not in the same cluster is correspondingly low.
The following cost function is used:

H = −
∑

nj · Avgsimj , Avgsimj =
1

nj · (nj − 1)

∑

{a,b∈Aj}

sim(a, b)

where nj is the size of the jth cluster and Avgsimj is the average similarity
between cluster members.

They clustered the data in the three Valex lexicons using the three feature
sets. As a similarity function they used the JS divergence (eq. 3.3).

In order to compare the clustering results with classification results they
used a variation of the purity measure (see Korhonen et al. (2003) for details)
in which they allowed each class to be dominant only in a single cluster. They
then summed up the verbs in dominant classes and reported the proportion of
these verbs. This measure is called unique purity - uPur. It is not identical but
it is quite similar to the accuracy measure used in our evaluation. Korhonen and
Krymolowski ran 50 experiments on every input in order to get the distribution
of performance due to the randomness in the initial clustering.

The value of k in the clustering runs ranged from 10 to 35, the best perfor-
mance was obtained for k values close to the number of classes (n = 17). They
provided the results for k = 17. The results for nearby k values were within the
range of the standard deviation from the reported results.

Table 4.16 presents the uPur evaluation of the clusters. Clusters based on
the refined features (Fset2) are significantly better than those based on the basic
features (Fset1), but differences between Fset2 and Fset3 are not statistically
significant. The best performance was obtained with the raw lexicon. As we
can see, the best results here are more than 10% lower than our best accuracy
results, indicating that supervised classification can indeed be helpful for verb
classification.
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Chapter 5

Conclusion and Future
Work

5.1 Conclusion

In this study, we investigated various supervised machine learning techniques for
automatically classifying 204 verbs into 17 lexical classes (Levin, 1993). We ex-
perimented with four supervised machine learning techniques: K nearest neigh-
bour, Maximum entropy model, Support Vector Machines and the Gaussian
model. The results show that the supervised machine learning techniques can
produce accurate result for automatic verb classification and that the accuracy
is clearly better than that obtained using clustering. Model based classifiers
(Gaussian, Maximum entropy model) and discriminative classifiers (SVM) do
not differ considerably in performance, but the K nearest neighbours, our sim-
plest classifier, performs clearly worse than the other methods. The Gaussian
model gives the final best performance at 62.5% in F-Score. However, the max-
imum entropy model and SVM seem more robust than the Gaussian model over
varying amount of training data.

Moreover, our evaluation confirms the previous findings by Korhonen et. al.
(2003, 2007) and Schulte im Walde (2006) that SCFs are helpful and informative
features for lexical classification. All the classifiers generate accuracy greater
than 40% with the basic feature set 1, and the accuracy is improved greatly
when SFCs are parameterized for prepositions. The new extended feature set
has a positive effect for the Gaussian model and SVM, except when the tense
features are added. The fact that the best performance is obtained with the
noisy version of the Valex lexicon suggests that Joanis et al. (2007) are right in
suggesting that using also adjuncts (not only SCFs) as features can be helpful.

5.2 Future Work

5.2.1 Dealing with Polysemous Verbs

In this study, we focused on verbs which have one predominanting sense in
general language. However, predominating verb senses can vary across corpora
(Roland et al., 2000) and many important medium and high frequency verbs
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have flat rather than zipfian sense distributions in general language (Korhonen
and Preiss, 2003). In the future, we plan to extend our system so that we can
such polysemous verbs to multiple classes corresponding to their different senses.
This could be treated as a multi-label classification problem and approach e.g.
via binary classification (Riguzzi, 2005).

5.2.2 Improving the Input Data

In this experiment, our SCF data was obtained from three versions of the Valex
lexicon (section 2.4). According to Korhonen et al. (2006a), the Valex 4 is a lot
more accurate than the raw lexicon (with F-Score at 83.7% which is 60% higher
than with the raw lexicon). However, in the verb classification we get the best
results using the raw lexicon. Because the noise in the raw lexicon contains
valuable information about adjuncts, but on the other hand having accurate
information about SCFs is important for the task as well, we could investigate
improving the input data by merging Valex 4 with the raw lexicon.

5.2.3 Feature selection

In this study, we used one feature set for all the classification techniques. The
feature selection is crucial to the performance and is an aspect of this work
which requires further attention. For the Gaussian model, we could perform the
dimensionality reduction. Liu (2001) shows that the dimensionality reduction
schemes can help to find a feature space with low dimensions and rich discrim-
inant features. The performance of the Gaussian model could be improved by
simply filtering out the low frequency features (e.g. many of the PP features
in our new feature set were low in frequency), but there are also more sophis-
ticated techniques available that could be used, e.g. the Principle Component
Analysis (Kambhatla and Leen, 1997)and Linear Discriminant analyses (Key-
sers and Ney, 2004). For the maximum entropy model, the new feature set
did not improve performance. A possible reason is that we had also irrelevant
features among the relevant ones. We could address the problem by using an
iterative feature selection algorithm (e.g. as suggested by Berger et al. (1996))
to select the most relevant and discriminant features.

5.2.4 Combining Approaches

Combining Different Classification Methods

In the experiments, some classification techniques outperformed others with dif-
ferent feature sets, leading to different performances with different verb classes.
This shows that different classification techniques have different strengths. We
could combine the strengths of different classifiers using linear interpolation.
If we got the results P1, P2 and P3 from three different classifiers, we could
combine them together as:

P = w1 × P1 + w2 × P2 + w3 × P3 (5.1)

The weights w1, w2 and w3 are interpolation weights. The sum of them must
equal to one. They can be estimated by deleted interpolation. We divide the
training data into parts, and we go through each part. Each time, we leave one
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part as leave out data, and we train the model on the other parts. We estimate
the weights by maximising the likelihood of the models on the leave out data.

Combining Supervised and Unsupervised Approaches

The supervised techniques are trained on the labelled data, while the unsuper-
vised techniques do not require any training data. Many studies (e.g. Ando
and Zhang (2005)) have found that the supervised methods, when combined
with unsupervised learning method and a large amount of unlabelled data, of-
ten produces improved performance. This approach falls between unsupervised
and supervised learning, and is therefore called semi-supervised learning.

One of the standard approaches is to use expectation maximization (EM)
algorithm. The unlabelled data are treated as unseen data. We can use the EM
algorithm to maximise the likelihood of the model. The transductive learning
is another semi-supervised learning technique. An implementation of this al-
gorithm is the Transductive Support Vector Machine (TSVM). (Vapnik, 1998)
The TSVM tries to find the boundary that maximises the margin for both the
labelled and unlabelled data. We can supply TSVM with a large amount of
unlabelled verb feature vectors. It would be interesting to implement TSVM
and compare the result to our inductive SVM result.

Of course, when doing classification in a new unknown domain we may
not have any labelled data available. Unsupervised methods offer then a good
starting point, but supervised and semi-supervised methods can be used once
the set of basic classes and some labelled data is already available.
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