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Machine learning is concerned with acquiring knowledge from an environment
in a computational manner, in order to improve the performance. (See [15] for
overview of ML.) Many forces over the past couple of decades have seen the blend-
ing of ML and NLP become increasingly common. The ever expanding availabil-
ity of large corpora; more powerful computing resources; and a greater demand for
natural language based applications, are three important factors.

Many important tasks within NLP require a substantial amount of knowledge,
usually provided manually by practitioners within the field. However, with a shift
to automatic processing of large amounts of language data, empirical methods have
sought to reduce the dependence of manually embedding knowledge into NLP sys-
tems, and to let learning algorithms acquire the knowledge from available data.
Data classification is a thoroughly active research topic within ML, and much re-
search where ML and NLP have been combined is aimed at transforming a com-
mon NLP problem so that it can be represented as a classification problem. As a
result, it is not uncommon nowadays to see that most well known ML techniques
have been applied to just about every possible NLP task, where feasible. See [24]
for an excellent review on the marrying of these two areas, and [12] for more in
depth coverage.

Linear classifiers come in various flavours, but are all relatively simple to un-
derstand and are computationally efficient, particularly with 2-class problems. For
example, linear threshold algorithms can calculate a weighted sum from input fea-
tures, and then depending whether that sum is greater or smaller than a certain
threshold, a decision can be made as its class. Thresholds are determined through
the use of training data. Such classifiers have been applied to text categorisation
[8, 19], shallow parsing [21] and POS tagging [26].

Decision trees are used to partition large samples of data into a hierarchical
structure. Commonly associated as a tool for classification, they are also capable
of generalising seen data into sets of rules. They are generic enough to be applied
to many sub-tasks of NLP, and have been found in POS tagging [23], machine
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translation [29], parsing [9], text categorisation [31] and word-sense disambigua-
tion [3].

Clustering is a powerful method as it is one of the few that is fully unsuper-
vised. It aims to discover natural partitions within data by grouping entities into
clusters based on their similarity. Utilised in syntactic [25, 10] and semantic clas-
sification and information retrieval [11].

Memory-based learning (MBL)1 — as the name suggests — is a method of
classifying by having a full memory of previously seen examples at its disposal.
The essence of this method is that we learn by comparing similarities of past ex-
periences with new ones, as opposed to rule-based models. Traditionally, what is
referred to as the performance stage of a MBL system, i.e., the classification stage,
is often descended from the simple k-nn (k nearest neighbours) algorithm [5].

The TiMBL system, developed at Tilberg University has enjoyed large success
in this domain. This system is more complex than the basic description of MBL
above. It employs an algorithm to compress examples into a decision-tree like
structure. This optimisation step means that the classification process does not
have to examine all examples in memory, and instead only focuses only nodes with
important feature relevant to the instance being classified. A brief summary of all
tasks successfully tackled by TiMBL can be found in [7], and for a more in depth
review of TiMBL applied to speech processing, POS tagging and phrase chunking,
see [6].

Inductive logic programming (ILP) involves the application of machine learn-
ing to gain knowledge from a given domain, and then convert this knowledge into
a set of facts and rules, which are represented in first-order logic. Examples of
this discipline include research from the University of Texas, culminating in the
CHILL system, which has been applied to grammar inference tasks [32, 33]. ILP
has also been utilised in information extraction [28] and facilitating natural lan-
guages queries to databases [30].

Neural networks (NNs) are a well established and popular within AI. It is there-
fore not surprising to see how they have been used in a wide variety of problems
within NLP. NNs consist of units that are connected by links. The links are as-
signed a value, known as a weight. Units perform simple computations based on
the inputs, and pass on their output. Networks of these units can be connected
together in a suitable topology for a given task. Units in between in the input and
output units are called hidden units. Once layers of hidden units are present in a
NN, it is possible to represent complex problems. The learning step is achieved
through training, whereby using an algorithm such as back-propagation, it is pos-

1Memory-based learning is one of several names that this approach has been labelled with. Al-
ternatives include: instance-based, case-based, example-based, similarity-based and lazy learning.
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sible to update the weights within the NN to boost its performance. Applications
of NNs within NLP include grammar inference [17, 18], POS tagging [22, 27],
speech processing [1] and parsing [4].

Genetic algorithms/evolutionary computing has proved to be a successful tech-
nique in optimising solutions, especially for difficult problems with large search
spaces. Rather than a brute force approach (which is often computationally unfea-
sible), GAs emulate natural selection to a certain degree, in an attempt to evolve
towards an optimal solution. GAs are prone to getting stuck at local maxima, as
it is a greedy algorithm that evolves for the largest short term gain. That said, it
is still a very powerful technique, and for its abilities to cope with large problems,
has been applied to information retrieval [20], morphology [13], dialogue systems
[2] and grammar inference [16].

See [14] for a survey on how NNs and GAs have been applied to NLP prob-
lems, including combinatory approaches of the two techniques.
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