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Chapter 1

Introduction
1.1
1.1.1

Natural language processing
Overview

Nat nra! language processing is a collective term for computational techniques
that process written and spoken human language. Shortly said, it is an attempt
to make a computer understand and process our own language.
Natural language processing (NLP) can have many practical applications.
One can imagine operating a computer by just talking to it instead of entering
text through a keyboard. There already exist some travel information systems
which use natural language as an interface. Isers can call the system by phone,
and just say where they want to go and at what time. The system will retrieve
the right information and give it to the user. The main advantage of systems

using natural language as an interface, is that users can operate it in a very
intuitive way and with a minimum of required training.
An exaniple where NLP is used in a more sophisticated wa is an automatic
translation svsteiii. This is a computer systeiii which translates text from one
language into another. Because the structures of a language often differ strongly,
it is impossible to make a one on one translation most of the time. So instead
of onl translating the words of a sentence, it is necessary to determine the
meaning of a sentence. Subsequently, a sytttacticallv correct sentence with the
same meaning can be created in the destination language. It is Ol)ViOtls that
a great amount of knowledge about the structures and meanings of a human
language is required to build such a traiislatioii system.
3

Human language is very different from computer language. Computer language is defined by strict rules, and therefore it is very structured and titianibigous. Human language however is often missing such strict rules. Because of
that it is much more inconsistent and ambiguous, i.e. one word or sentence can
have several (lifferent meanings. Therefore, it is not straightforward to iiiake
a computer understand natural language. To accomplish this goal, techniques
and knowledge from various fields of science are used. The foundations of NLP
lie in computer science, linguistics. mathematics, electrical engineering and psychology. Time total process of NLP can be separated into different levels:

• Speech recognition -

\Vhen processing spoken language, the first thing

to do is to translate it to written text. The sound of the spoken language
has to be converted into words and sentences. This text can then be
processed further.

• Words -

Ever

• Syntax -

The structural relationship between words. By looking at the

natural language consists of words, which are the atoms
of a sentence. To understand a language the lileaning of the words must
be determined. Usually a dictionary is used to achieve this.

structure of a sentence the correlation between the words and phrases
can be determined. For example, by looking at the syntax, it can be
established what the subject or the object of a particular sentence is.
Typically a grammar is used to determine the syntax.

• Semantics -

The process of determining the meaning of a sentence. The

meaning of the words together with the syntax define the semantics of a
sentence.

• Pragmatics -

The study of the meaning of a sentence in relation to its

context. Two identical sentences can have a totally different meaning if
the context in which they are used vary.
Most of the problems at all of these levels are caused by ambiguity. Every sound,

every word, and every sentence can have multiple meanings, and most of the
time they do. To understand, process or translate a text of a given language, it is
important to choose the correct one of all possible meanings. Therefore, a large
portion of natural language processing consists of resolving these ambiguities,
as we will see in the next subsection.
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Figure 1.1: Parse tree of the sentence:

1.1.2

NP
the

book

The man took the book'

Parsing

Retrieving the syntax of a given sentence is an important aspect of NLP. A
parser is a piece of software that is used to determine the syntax, which is usually (ailed the parse. Generally a parse tree or (lerivatiofl tree is created to
represent the syntax of a sentence graphically. An example can be seen in figure
1.1, which the parse tree of the sentence: "The man took the book." As we can
see all words are grouped in so called phrases, which are then structured in a
hierarchical way. The abbreviations N P and VP stan(l for "Noun Phrase" and
\erb Phrase" respectively. Usually a grammar is used to generate the parse of
a sentence. A grammar consists of a set of production rules, which describe the
way words can be combined to form phrases and sentences, as well as a lexicon,
which contains the words of the language. The lexicon contains information
about the words. Especially what kind of word it is, e.g. a verb or a noun. The
rules of the grammar caji then be use(l to group the words together in phrases,
and phrases into sentences. The following three rules are an example of such a
grammar:

(1)S -4NPVP
(2) NP —t det noun noun
(3) VP —* verb NP

The first rule prescribes that a sentence (S) is formed by a noun phrase (NP)
followed by a verb phrase (VP). The second rule states that a noun phrase can
be formed by a determiner (Det) followed by a noun, or by a noun only. The
third rule defines that a verb phrase consists of a verb followed by a noun phrase.
These three rules, together with a lexicon which contains the words used in the
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Figure 1.2: Two parse trees for an ambiguous sentence
example sentence, can be used to form the parse i ice of figure 1.1. This example
is of course a very simple version of a grammar. A grammar which can generate

nearly all sentences of a particular language, usually needs a great amount of
production rules and a large lexicon to cover all the words. As the amount and
the complexity of the rules increase, the problem of ambiguity arises. One can
imagine that the grammar can produce the same sentence in more than one way
and with a different parse tree. An exaniple of this can be seen in figure 2. Here
we see two parse trees of the sentence "I shot an elephant iii my pyjamas." The
example was taken from .Jurafskv [1] and the sentence was originally stated iw
Groucho Marx in Animal Crackers. Note that the two parse trees represent two
(hfferent meanings of the sentence. The first parse represents the meaning that
I shot an elephant while I was wearing my pyjamas. The second tree represents
the meaning that the elephant was wearing my pyjamas when I shot it. The
correct meaning, and therefore the correct parse tree, seems to be the first one,
but gramatically both parse trees are correct. \Vhen sentences become longer
and more complex, generally the number of parses increases drastically. For
some sentences a grammar can even produce over 10.000 parses.
The goal of a parser is to retrieve the correct parse of a particular semitence. To achieve this, the grammar first generates all possible parses, and
than attributes probabilities to each one of them. The parse with the highest
probability is considered to be the correct one. To acquire the ability to choose
the correct parse out of all possible parses, the parser can learn from other
sentences. By analyzing a set of sample sentences and their correct parses, the
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parser can determine relations between specific features of a sentence and the
corresponding syntax. It can establish what structures occur more frequently
than others in combination with particular words or phrases. Subsequently,
the parser can deduct rules winch can be used to retrieve the correct parse of
arbitrary sentence.

A parser that operates in this way is actually called a statistical parser,
because it uses statistics to determine the probability of a particular sentence.
The more sentences the parser analyzes, the more information and parsing rules
it (an extract from it. So, for the parser to become reliable, a large number of
sample seiitences is needed. Such a collection of sentences is usually called a
corpus. \Vhen the corpus also contains the correct parses of the sentences, it is
said to be annotated. Annotation is the process of providing a given sentence
with its correct parse.

1.2

Research scope

1.2.1

Corpus creation

For many tasks in the field of natural language processing it is necessary to have
an annotated corpus. For example, when training a statistical parser, a sentence
will he provided and then the parser will pro(luce a corresponding parse tree.
By comparing its own results with the correct parse. the parser can determine
the errors made and adjust its weights accordingly. To train the parser well, a
large amount of annotated selitences is required.
In many cases, a proper annotated corpus is not available. Some tasks
might require a collection of sentences with particular properties. For example,
to develop a question answering system, one might need a corpus which only
consists of questions. Sometimes a larger corpus than the existing one is needed,
and for several languages such corpora (10 not even exist. So in these cases, a
corpus has to be created.
Creating an annotated corpus means selecting a number of sentences. an(I

next deterniining the correct parse of each of the sentences. The process of
annotation has to be accomplished iw a human annotator, and therefore it is
a very time-consuming job. Creating such an annotated corpus often turns out
to be quite expensive because of the human labour it requires.
In this paper, we try to develop a method for reducing these annotation
costs. Because man-labour is more expensive than computer-labour, it would

be desirable to let the computer do most of the work. Another possibility is to
reduce the required amount of training material. If less sentences need to be
annotated, the total annotation costs will automatically decrease.

1.2.2

Active learning

Active learning is a common technique in niachitie learning. Active learning
means that the model which is learning, can select its own training material. In
contrast to passive learning, where the training material is provided by the user,
the data can be selected on certain criteria to accelerate the learning process.
The main idea is that the model will choose the most informative samples from
a large set of training data. This process is called sample selection.
In the case of natural language processing, this means that the system will
select sentences of which it thinks it can learn the most. If a model performs
well on a certain type of sentence, it is not very useful to provide the system
with another sentence of this kind. The svstemii will probably learn a lot more
from one of a very different type, or one for which it performs poorly.
By choosing the most informative samples from a large set of training data,
the total amount of training material can be reduced. By selecting the material
in a clever way, i.e. avoiding low-informative sentences, the system can achieve
the same performance level with less training data. Consequently, the total

amount of data that has to be annotated is also reduced. The sentences in
the corpus which are redundant are not selected by the model, so needless
annotation can be avoided.

In the literature, we can see that active learning can be very effective in
natural language processing. In her paper Rebecca Hwa [2] shows that even
a reduction of 27X of the training material can be achieved while training a
statistical parser. and even better results have been reported. So this method
seems very promising in reducing the total annotation costs.
But this method has a large disadvantage for corpus creation. When the
model is selecting training material, it chooses those sentences which are the
most informative for itself at that moment. In this way, a very specific corpus is
created which is particularly suited for this model. Using the same training set
with another model immight not lead to similar results. Baldridgc and Osborne
[3] show that reusing training material, which is achieved with active learning,
with another model, aii result in weak performance. It can even perfrom worse
than training with a randomly chosen training set. So reusing training material
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achieved with active learning may not lead to improvement and can even be
harmful if a different model is used. This implies the training material selected
by the first model is biased and should not be used on another model.
This ineatis that active learning is a good thing if only one model is used.
But in practice, this is not very likely. It is very common that a model evolves
over time and changes drastically. In this case it is possible that the training
material selected by the original model, may be inappropriate for the renewed
one. And because annoting a corpus is very costly and time consuming, it is
often reused for several activities. As a consequence it is much more useful to
have an allround corpus which is capable of various tasks, instead of a specialized

one which can only be used once. In this paper, we therefore concentrate on
annotating a given corpus consisting of randomly chosen sentences, instead of a
corpus where the sentences are selected with active learning.

1.2.3

Semi-automated labeling

\Vlien annotating a corpus each sentence is labeled with its correct parse. This
parse can l)e created from scratch, but this is not very efficient. It (fl be very
helpful to make use of an automated parser. This parser can rule out some
of the labeling possibilities, or it can give the annotator a suggestion for the
correct parse of the sentence. Then the annotator cami (leternhine the correct
parse with the help of the information given by the parser. For example, the
annotator can take the suggestion of the parser and, if lle('essary, can simply
adjust time suggestion until the parse is correct. Annotating with the help of an
automated parser is called semi-automated labeling. Using this technique the
seiitemes can be annotated much more efficiently than annotating them from
scratch.

If the parser is well trained, there is a large chance that the suggestion
given by the parser is close to the correct parse. However, sometimes when a
sentence is very difficult or the parser is not well trained the suggestion from
the parser can be very inaccurate. If this is the ('ase time annotator has to
do a lot of adjustments, and annotation is more expensive. If a statistical
parser is used for semi-automated labeling. the model can learn from annotated
sentences and improve on performance. \Ve a.SSUIne that the parser is not trained

at all in the beginning of the annotation process. During the creation of the
corpus, more annotated material will be available continuously. If the model is
trained wilth all sentences annotated so far, the performance of the parser can
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improve constantly. So in the end of the annotating process. when the model
is performing better t ban in the beginning, relatively less work has to be done
by the annotator. In this way there is more work to be done at the beginning
of the annotation than in the end. This is especially the case when the order of
the sentences which are annotated is random.
This suggests that there might be a difference in total annotation costs if
the order in which the sentences are being annotated varies when using semiautomated labeling. One can imagine that if the model is learning a lot from
the sentences in the beginning of the annotation process, it will perform better
on the remaining part of the corpus. In this way it can make better suggestions
for the later sentences, and their annotation costs will decrease. So by providing
the model with high-informative samples in the beginning, the annotation costs
in the remaining part of the process will be lower. In doing so, it might be that
the total annotation costs will substantially decrease compared to annotating
the sentences in a random order.
On the other hand, if the model is learning a lot from the first sentences,
it probably did not perform well on these senteiices before they were learned.
The most informative sentences are generally the ones which arc the hardest
for the model to annotate. It is very likely that the model had huge problems
finding the correct parse for these sentences aiid the suggestion it provided to
the annotator was very poor. Consequently, the annotation costs for these first
sentences were probably fairly high. These extra costs might be neutralizing
the benefits of time better performance of the model.
Therefore, a good strategy of reducing the total annotation costs could he
the exact opposite of the previous one. Instead of providing the model first with
the most informative (and likely harder) sentences, annotate the easy ones first.
Due to this the model will learn much slower, but it will make fewer mistakes in
the beginning of the process. The model will gradually increase in performance,
while the sentences gradually become harder to annotate. In the beginning,
when the model is not performing as good as it could be, the easier sentences
are annotated. At the end when the hardest sentences have to be annotated,
the model will perform at his best, and will probably make fewer mistakes than
it would be if the same sentence had to be annotated in the beginning of the
process. This strategy could turn out to be quite as effective as the previous
one.

But how can we determine which are the easy sentences, and which the hard

ones? One simple method is to sort the sentences by length. Parsers seem to
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have little trouble with short sentences, which mostly do not contain complex
grammatical structures. Long sentences on the other hand, do often contain
complex structures and are much more ambiguous. Therefore, parsers tend to
perform much worse on them. So if the shorter sentences are being annotated
and learned first and then the longer ones, or in reversed order for that matter.
we can possibly provide the model with the easiest or the hardest sentences first,
and therefore reduce the total annotation costs.
Probably a more reliable method for determining the harder and easier sentences. is active learning. As described above, active learning is looking for those
sentences on which the model is performing worst. But of course, it can also
be used to determine the sentences for which the model will prol)ably perform
well. By evaluating all the available sentences. the nlo(lel can determine which
sentences are the easiest or the hardest for the model at that moment. If we
use active learning to choose training data continuously during the annotation
process. we are fairly sure that the hardest or easiest sentences are selected. So.
by not using active learning in the traditional way, i.e. reducing the needed
amount of training data, but let active learning determine the order in which
the sammiples are presented to the model, we might have found a Wa to reduce
the costs of creating an annotated corpus.

1.2.4

Problem statement

The goal of this paper is to reduce the annotation costs of a given corpus. Therefore, we try to find a good strategy to estimate an order in which the sentences
should be annotated using semi-automated labeling, and we are especially intereste(l to find out whether active learning can help us in this matter. So, the
problem statement is: Can active learning reduce the total annotation costs of
a given corpus?

11

Chapter 2

Active Learning
2.1

Introduction

Active Learning is a very promising and relatively new technique from the field
of machine learning. The primary goal of active learning is to train a learning
system more efficiently. The main idea of this technique is that the system takes
the initiative in determining what data is used to train with. Usually the training
data is chosen by a learner which tries to compose a balanced training set or
just at random. \Vith active learning the system can create his own training
examples. state what kind of training data it requires, or choose its training
data from a large collection of samples. The last technique is usually called
sample selection. By letting the syst ciii select the samples in an intelligent
way. the system can achieve the same performance level using less training
material. The system will select the samples which are the most informative.
i.e. the samples from which the system can learn the most. The less informative
samples are ignored, so no time is wasted by training with samples which are
a minor contribution to the performance of the system. Sample selection can
determine the weak spots of the system and select the right samples to improve
the svsteni.
Sample selection is particularly useful if raw training data is widely available,
but labeling it is an expensive or difficult task. This is often the case in natural
language processing, where training data usually consists of annotated sentences
or phrases. Sentences are easily obtained, but labeling them is a costly and time
consuming jol). By using sample selection not every sample has to be labeled
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and the annotation cost van he reduced. Several researchers have succesfully
applied sample selection on NLP, for example [2],[4] and [5]. We will take a
closer look at some of them later.
The general procedure of sample selection can be represented by tile following pseudo code:

U• unlabeled candidates
L : labeled training samples
S : current state of the svsteni

Initialize
S — Troin(L)

Repeat
\ 4— S(1(Ct(fl. U, S. f)

U 4- U L
LULabel(X)
S +— Troin(L)

Until (S is good enough) or (U =

0)

First we need a small amount of labeled training material L and a large col-

lection of potential training data U, which consists of unlabeled samples which
mniglit be more or less useful for the svstemmi to train with. The systemli will be
initialized by training with the initial amount of available labeled training mimaterial. Then we use an evaluation function f to determine how informative each
sample of U is for the current state of the system. This is done by assigning

a score to each of the samples. The samples with the highest scores are the
most informative ones. Time ii samples with the highest scores are selected and
labeled. These samples are then removed from U and added to the collection of
labeled training data L. Next, the system is trained with the new set of labeled
data. After this, the state of the system will be changed because it is trained

with more and hew material. Then the whole process is repeated from the
point where the unlabeled samples are evaluated ali(l selected. The algorithm
will stop when the systemmi reaches a certain level of performance, or when there

is no more unlabeled training data to select.
Because the state of the systeimi changes in every cycle of the algorithm, it
is likely for the evaluation function f to rate tile samples with different scores
than during the previous cycle. The function will select the n samples which
13

are the most informative at that particular state of the system. Therefore.
the algorithm works best for low values of n, with n = 1 as the optimum. If
n is too large there might be redundant information in the selected training
material. If only few samples are added to the training data, the system can
adapt more quickly to its owli changes and select training (lata more efficiently.
However, if there is only one sample selected in every cycle of the process a
lot of computation is required. All samples of U have to be evaluated in every
cycle. SO more cycles means more evaluation. Therefore, a good value for n
often depends on the situation but should be kept as small as possible.

But how can we determine how informative a sample is for the system?
There are mainly two approaches for sample selection, certainty based [6] and
committee based [7, 8].
Certainty based sample selection, often called uncertainty sampling, assumes
that a sample for which the svsteui is uncertain how to classify it might be a
good training example. That is. if the system probably cannot label a sample
correctly, it is likely that the system can learn a lot from it. The system will
examine the available training samples and estimates the probability that it will
classify each sample correctly. The samples with the lowest probability will be
selected for training.
Committee based sample selection uses a set of classifiers. The potential
training data is presented to each classifier which tries to label the examples.
The samples which cause the most disagreement among the classifiers are selected for training. If classifiers disagree on the label of a certain sample it is
probably a very informative one. This method is working best if the used cla.ssifiers are complementary, i.e. each classifier possesses particular characteristics
which sum up to a balanced and universal classification system. In the literature, good results have been reported for NLP using both committee based [9]
amid certainty based [2] sample selection methods. However, using committee
based sample selection requires a lot of computation, and for our purpose this
might be impracticle. Therefore, and because it is a goo(1 alternative, we will
focus on uncertainty sampling only.

2.2

Uncertainty Sampling

In this paper we try to reduce the annotation costs of corpus creation using
active learning. Therefore, we take a closer look at how sample selection is
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implemented for natural language processing. Suppose we have a statistical
parser. The parser takes a sentence as an input, and gives what he thinks is

the most probable parse of that senteiice as an output. The parser can be
trained by providing it with annotated sentences. \Ve also assume there is a
large collection of unlabeled sentences available. \\ now like to select the tilost
informative sentences for the current state of the statistical parser. In order to
define how informative each sentence is, we iieed a good evaluation function.
Because we focus on uncertainty sampling, this function must determine how
uncertain the parser is about every sentence. In the literature we mainly find two
methods to determiiie uncertainty: error-driven and probability distribution. In
the next two subsections these methods are further explained and corresponding
evaluation functions will be defined.

2.2.1

Error-driven function

With this method we want to estimate the chance that the parser will make an
error in the classification of a sentence. To do this, we look at how certaimi the
parser is about the most probable parse. As we have seen in chapter 1 a parser
first generates all possible parses for a sentence and then determines which is the
correct one. That is. the parser is assigning probabilities to all possible parses
and the parse with the highest probability is what the parser considers to be
the right one. The main idea is that if time probability of the most likely parse
is very high, the model is reasonably certain about the classification of that
sentence. If the probability is relatively low, the uncertainty is higher and it is
more probable for the model to make a mistake. If the sentences are selected
with the highest chance for the parser to make a mistake, we have probably
retrieved the most informative ones.
Basically, the chance that the parser will make a mistake is approximated by
1 minus the relative probability of the most likely parse. To compute the errordriven evaluation function ferr, we first need to know the probability of the
Iliost likely parse of a sentence. Therefore, we define the collection of possible
parses for a givell sentence w as V. Every individual parse i' E V is assigned
a probability PfrIu') by the parser, which represents the likelyhood that v is
the correct parse for sentence u'. The probability is the sum of the probabilities
of all possible parses and equals 1. The probabilities of each parse are rated
between 0 and 1:

15

P(w)= >P(elw)=1,
tEV

where

P: 1

—+ [0,1].

The parse with the highest probability for w given by the parser can be
written as:

Vmax = IO.rvEt'P(iU').
\Vhen we know the probability for

the error-driven evaluation function

can be easily obtained:

ferr(W) = 1 — P(t'maxlW).

(2.1)

The error driven evaluation function is fairly easy to implement. Because the
parser is assigning probabilities to every possible parse for sentence ii' anyway,
a simple script can he used to compute formula (2.1).

2.2.2

Probability distribution

Probably the most widely used strategy for sample select ion in NLP is to base
the uncertainty of a sentence on the probability distribution of all parses. The
maui idea is that if the probabilities of all possible parses of a sentence are uniforini distributed, there are multiple candidates to be the correct parse. There
is no obvious right parse for the sentence, so the system is uncertain which is the
correct one. The more balanced the probabilities of the parses are distributed,
the niore uncertain the parser. For example, if there are four possible parses
for a sentence and the parser rates each of them with a probability of 0.25, all
parses are equally likely and the probabilities are distributed uniformly. But if

the parser rates one parse with a probability of 0.2 and eighty others with a
probability of 0.01 (so they also sum up to 1), the distribution is more scattered
and the parser has a (lear prefereiice for one of the candidates. Because of that
the evaluation function will rate the first sentence with a higher score than the
second one.
Note that this approach is essentially different from the error-driven func-

tion. The error driven function selects on the lowest probability of the most
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likely parse. In the previous example these probabhties were 0.25 and 0.2 respectively. so the error-driven function would assign a higher score to the second
sentence, while the probability distribution based function would rate the first
SPfltPflc(' higher.

To quantify the extent of distribution of the probabilities, we can calculate
the entropy of the distribution. In information theory, the entropy is defined by
the following equation [101:

H(V) = — > P(v)log(P(r)).

(2.2)

VE

Here V is the total collection of possible outcomes, and P( i') defines the prob-

ability of each outcome v E V. Now we want to calculate the entropy of a
distribution of a sentence w. \Vheii we use equation (2.2) this means that V
contains all possible parses for ' and P(i'Iw) computes the probability of one
parse V E U, where P has the same restrictions as in the previous subsection.
now compute the entropy for sentence w using equation (2.2). so that
our entropy based evaluation function
will be:

ftL = — > P(vlw)log(P(vlw)).
The higher the entropy. the more homogeneous the probability distribution and
the more uncertain the parser. however, if We base our evaluation function exclusivelv on entrol)v. it will probably tend to select sentences with many parses.
The more 1)ossible parses a sentence contains, the higher the entropy of the sentell('e. Because longer sentences generally possess more parses, the function will
probably prefer longer sentences over shorter ones. In the literature, we find
two methods to prevent this. The first one is normalizing the entropy by the
number of parses, proposed by Rebecca Hwa[4]. The entropy can be normalized
by dividing the entropy by the log of the number of parses for that sentence. If
we implement this, the final evaluation function fT will be:

f—

—

>IVEV

P(vIw)1og(P(vw))
1og(V II)

The second method for preventing the function to prefer long sentences is

called word entropy [I• The idea of this technique is to divide the entropy by
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the length of the sentence 1. This makes the evaluation function:
—

func——

>.vV P(vn')1og(P(vlw))
I

2 4)

By dividing the entropy directly by the number of words in a sentence it calculates the entropy per word. In this way the effect of longer sentences having a
higher entropy is compensated.

2.3

Results of Active Learning in the literature

In the literature, several examples can l)e found where Active Learning has
been succesfull implemented in various research fields. In the field of Natural
Language P r nessing some good results have been reported for sample selection
and uncertainty sampling in particular. Therefore, we will look at two scientific
articles on sample selection for statistical parsing where uncertainty sampling
is used. The results of some of the experiments will be critically examined, and

we will look at how these experiments are conducted and what we can learn
from them. We are especially interested in the sample selection methods as
described in section 2.2. but in the articles discussed, some other techniques
are used in an attempt to refine the process of sample selection and maximize
results. It is beyond the scope of this paper to explore the frontiers of active
learning and try to improve sample selection. Therefore, we will focus on the
techniques described earlier and ignore the others.

2.3.1

Article

1

The first article examined is Active Learning for Statistical Natural Language
Parsing by Miii Tang, Xiaoqiang Luo and Salirn Roukos [4]. In this paper a
statistical parser is created and trained for an air travel dialog system. They
are using uncertainty sampling to see if the parser can be trained more efficiently.
The technique used for sample selection is based on probability distribution, as
described in subsection 2.2.2. First the entropy of the sentence as a whole is

computed which they call sentence entropy. They also test the technique of
word entropy by normalizing the sentence entropy by the number of words in
the sentence. The statistical parser is first trained with an initial data set of
1000 sentences. There is a large pool of more than 20.000 labeled sentences from
which the active learner can select its training samples. Next, in every cycle 100
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FIgme 2.1: ftrauks for nctive lenraing by 1Mg ml al.

sentences are selected frem this pool and the system it trd with them. After
each cycle the accuracy of she parser it tested on an independent test sot. The
xuracy it the percentage of sentences for which the parser generated the correct
parse tree. This experiment it executed for both sample selection techniques and

the results are compared with random selection of the sentences. The outcome
of the experiments are presented in Igure 2.1. The graph also shows the ie.uks

of a third technique called r-' of entropy, but we will Ignore it for reasons
desbed earher.
We can see fro the graph t seuteace ropy lends to higher accuracy
than random selectio, with the same amount of sentences used. Bat word
entropy it givag math worse results and it sometimes even outpedormed by
random selection. The results for both sentence entropy and word entropy Ixik
very u.stalile, an this graph it ant very convincing anywsy. But more important

it the unit which it med on the x-axit, i.e. the h.r of selected sentences. So
in this graph the wuracy of the parser it et—ip-ed to the number of sentences
learned so r. This does aol seem to he wsy sensible, became the length of

sentences can der dramatically. Therdore, the a_ba of sentences do ant
necessarily indicate the amount of tr-'---g dMa And became longer sentences
generally contnin more information than skirter ones, the parser probably will
learn more from lye king -c.om than from ten short ones. As we saw in the

'I

previous section entropy based sample selection tends to select long sentences.
Therefore, the better results of sentence entropy over random selection might
as well be caused by the selection of longer sentences. Moreover, the authors of
the article state that word entropy is not performing well in this graph because
it tends to select short sentences. This should give them more than enough

reasons to change the basic unit to present their results. The goal of active
learning is to reduce the amount of needed training material, but when the
number of sentences is used as the basic unit, this cannot be verified. A better
choice would be to take the total number of words as the basic unit, which
gives a better indication of the total amount of training material. The actual
goal of active learning in this situation is to reduce the annotation costs, so the
desirable unit would be the total annotation costs of the selected sentences so
far. However, it is not straightforward to define what the actual annotation
costs are as we will see in the next chapter.
Since the basic unit is not representative for the amount of training material,
let alone the annotation costs, the results in this graph and even in the whole
paper are nearly worthless. Because the length of the selected sentences is
unknown, no legitimate conclusions can be derived by the presented data.

2.3.2

Article 2

The second article we are going to review is Sample Selection for Statistical
Parsing by Rebecca Hwa [2]. In this paper she runs a number of experiments
to test the effect of sample selection on statistical parsing. The experiments are
performed on two different kinds of parsers, an Expectation-Maximization based

parser and a history-based statistical parser. Because the history-based parser
resembles the parser used in our experiments the most we will focus on the
outcomes of this experiment. More information about the testing environment
of our experiments will be provided in chapter 4.
The model used in this experiment is Collins Model 2 parser [11], which is
a fully supervised history-based statistical parser. The corpus used is part of
the Penn-treebank [12] which constists of labeled sentences taken from the \Vall
Street Journal. The model is initially trained with 500 labeled seed sentences
and each cycle 100 sentences are selected and added to the training data. There
is a large pool of around 39.000 unlabeled sentences from which new training
data can be selected. The training samples are selected by four different algorithms. First, there is the baseline strategy which randomly selects training data

20

88

e6
is4
182

jeo
78

Nistec ot labeted cons5tueils Ui Sie balnmg set

Figure 2.t Results for active learning by Rebeeca Hwa
fro. the — of unlabeled sentenens. The second algorithm sorts the sentences

by length with the longest sentences frut. At e cyde, the 100 longest
tences are selected and learned by the odel. L sentences tend to possem
more uacfui iukruiation, and therofore th strategy ight leed to better results
pedeemance, as we suggested earlier le the text. The remainrng two strategies

apply Active Learning and are based on the error-èie function and probability distribution, whith are described in sections 2.2.1 and 2.2.2 respectisely. To
prevent the algorithm based on probability dlatributaon fro selecting longer
sentences fret the function is normalleed by the log of the number of parses of
calculated with the F-.rore,
eath sentence. The performance of the model
which is a baMced measure to eess the sccurncy.
The results of the experent are shown in agure 2.2. The results of the
algionlhm using probability distribution are stated under the name tree entropy.
The graph

showing one extra result called novel lex which we will ignore. (hm

of the fret things that stands out when loobing at the graph is the unit on the

x-axis, which is the amber of labeled oonstituents in the tr: set. The
the nodes of the derkatlon tree of
that sence, so the mimer of ronstituents the annotator has to label see to
oon.tituents of a sentence can be seen
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racy of M%.

be a good measure for the aa.MMIos sia of the tu''g data. U.l.g labeled
constituents as the base unit is il4w*ely a better tholee then to junt count the
number of seacea, as we saw is the peevions subsection. This measure should
give us a gcK)d islication of hon math ': material s used.
The graph is clearly showing that the Active Learning teth.iquas perform
better than the bamehme strategy. When koking at the results of tree entropy,

we can see that it produces a higher uracy of the model cs.spaaed to the
baselise strategy vhs. the same amount of tu'ig material is used. However,
the gai, is accuracy is relatively .I, lam (ha. 1 ptuc.eM mont of the tusie.
The real advantage of Active Lear can be seen when a rectal, accuracy
must be obtaised. The smug gala Active Learalag is providing is accuracy w*
came the model to reach a pvas accuracy much ,,,..i,k.. thea using the baicliac
strategy. Became the model
a kit of extra trg Merial to piiwe

oe performance, the aesded amount of ti---'-g data can be èaMlcalIy redared. hs Igure 2.3 the amount of used tug material to reach an accuracy
of 88% is shown for ag strategies.

Ths gure is dearly showing that Active Lea,
is redad.g the reu,.ã.d
(raising data by a large por(ion. Selecting the tr: material ing probability distribution rrr a reductien of 27% is ve.,.Aud labeled co.stitus.
The graph also reveals that tug with the kingrM seut irst eajts is a
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reduction of needed training data, and the error-driven strategr is performing
somewhat worse than probability distribution.

The most important conclusion that can be derived from this experiment is
that Active Learning can produce a small gail! in performance wliemi looking
at the accuracy leel. but that this can result in a huge difference in needed
training material when a certain level must be reached.

2.4

Reusing training material

\Ve have seen that the amount of needed training material can be greatly reduced
when using active learning. Only the most informative samples are selected and

the less informative ones are ignored. This is done by testing all available
training data on the current model and check which sentences are most useful.
In this way a virtuall ideal corpus is being created with only the absolutely
required sentences. However, the available training data is only tested on the
currently used model. \Vhien another model is used it will probably select a
whole different set of sentences to train with. This implies that the selected
sentences are particularly suited for the used model and the created corpus
is biased. Therefore, this method is typically useful when only one model is
used. But this is not very likely, as a model might evolve over time. Labeled
sentences are needed to train the model, so the model can only be tested if we
already created the training material. If the model then turns out to perform
poorly, one could decide to use another model, or the feature set of the model
could be changed to improve performance. Further research and new insights
can cause the model to change dramatically. If this is the case, the training
data is selected by the first model, but used for the improved model or even a
completely different one.
Considering this, it seems sensible to investigate the effectiveness of training

data which is selected by one model and then reused by another. If it turns
out that the selected material is only suited for the model which created the
corpus and cannot he effectively reused, it might he more useful to select the
training material in another way. Baidridge and Osborne [3] have investigated
the effect of reusing training material. They evaluate multiple scenarios to test
the effect of reuse of a corpus created with active learning. For their experiments
they used a hand-built broad-coverage HPSG grammar which is similar to the
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grammar we use in our experiments, so the results of this research might be
applicable to our situation. In their paper they use a variety of models, each
with their own characteristics. One model is acting as the selector, which selects

the training material, and another model is the reuser. The selector creates a
corpus. wich the reuser will use to train with. Each iiiodel will act at least
once as a selector for all other models. In the experiments there are two special
cases, which will he considered as the baselines. The first baseline situation is
when the selector and reuser are the same model, i.e. the model is selecting
training material for itself, which is the case in the normal situation for active
learning. If we compare the results of the other reuse scenarios with this one,
we can determine if reuse can be just as effective as standard active learning.
The other baseline is random sample selection. If the other scenarios turn out
to perform worse than this baseline, it seems that reuse with active learning
might be a bad idea and can be harmful in practice.
To determine whether a s(enario is effective or not, we need a method to
compare the different scenarios. Since we are trying to reduce the annotation
costs, we look at how maiiv annotation is needed to achieve a certain level of
performance. If the same performance level is achieved with less annotation
costs, the scenario is obviously better than the opposite situation. How to measure these annotation costs is a very delicate matter, and this will be discussed
in the next chapter. Baldridge and Osborne have their own way of measuring
annotation costs, but for now we just accept that these costs are givell.
The models used in the experiments differ on two factors. The first factor is
the learning algorithm which is used. Baldridge and Osborne use two algorithms:

log-linear and perceptron based. The second factor is the feature set which is
used. They distinguish four feature sets, each with their own characteristics.
The names of the different models are composed by first stating the learning
technique, LL (for log-linear) or P (for perceptron), and next the name of the
feature set. For example LL-CONFIG is using the log-linear algorithm and the
a feature set named CON FIG.
In figure 2.4 we see the results of one of the experiments. The model LLCONFIG here is used as the reuser, and the training material is selected by two
other models, LL-CONGLOM awl P-MRS. Also the two baselines, selection by
the model itself and random sample selection, are represented in the graph. In
this figure we can see how many annotation cost it takes to achieve a certain
level of accuracy. The first thing we see is that data selection by the model
itself is clearly thw most effective of all strategies. But the graph also shows
24

r5

711

60

Se4eckx LL-CONFIG
Se4edo LL-CCINGLOM
Se4ector RAND
Selecto P-MRS

50

-

0

1000

2000

3000

4000
Annotation cost

5000

6000

1000

8000

Figure 2.-I: Results of Sample Selection with reuse

that random sample selectiomi is actually more effective than LL—CONGLOM
and P-MRS until 7O accuracy is reached.
Time outcomes of the other experiments conducted in the paper show that all
reuse strategies require significantly more annotation cost titan self-reuse. Fur-

thermore. they demonstrate that the random strategy is often a good selector
compared to the other selectors. In some cases it even outperforms the selectors
based on active learning, as can be seen in figure 2.4. This indicates that traimiing data selected with active learning is indeed biased and is not necessarilly
useful for another model. The effectiveness of a reused corpus seems to depend
on the relatedness of the used models. If time selecting model is similar to the
reusing model the training data will probably be well fit. But when the two
models differ significantly, e.g. a whole different learning technique is used, the
selected data will alniost certain be unsuitable and the model might be better
off with randomly selected training data.

The paper of Baldridge and Osborne shows that active learnimig can be brittle. If the selected data is reused by another model, its effectiveness can be
dramatically reduced and ami even l)e outperformed by random data selection.
In practice it is very likely that a model will change over time or that the cor23

pus will be used for multiple purposes. In that case it is preferable to create an
allround corpus which is not tuned for a particular model. For that reason it
might be semisible to compose a corpus with randomly drawn sentences instead
of using active learning to select the training material. In this paper, we will
therefore focus omi annotating a randonily generated corpus.
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Chapter 3

Annotation Costs
3.1

Measuring annotation costs

In this paper our goal is to reduce the annotation costs of a given corpus. But
before we can reduce anything we need to know what these costs really are
and how we can measure them. In the literature, few things are written about
annotation cost. Most papers on Active Learning are about reducing the needed
amount of training material instead of reducing the total cost of obtaining the
needed training material. Most of the time these two measures are correlated
but not necessarily the same. In some research fields obtaining a training sample
does require the same amount of effort every time, regardless of the nature of
the sample. But in NLP the cost of obtaining training samples, i.e. sentences.
can vary strongly, depending on the length and complexity of the sentence. It is
even possible that annotating three easy sentences require less time and effort
than annotating omie complicated sentence. Therefore, it is often more useful
to look at time total costs of obtaining the needed training material than at the
amount of material 1w itself.
But how do we quantify the cost of annotating a sentence? Annotation is
time process of determining the correct parse of a sentence. Usually this is done
by humans to make sure the provided parse is trully the correct one. So in fact.
the cost of annoting a sentence is the time the annotator needs to determine
lie correct parse. So by t inming the annotation process we might obtain the
exact annotation costs of a sentence. However, this is not very practical whmemi
running experiments and simulations. \Vlien using semi-automated labeling for
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example, knowing how much tinie the annotator required at one time is not
enough. because the next time the parser might provide a different suggestion
and the time the annotator needs will differ. Therefore, the annotation process
must be timed every single tinie. It is simply not feasible to annotate hundreds or
thousands of sentences during each experiment. Besides, for the timing data to
l)e consistent, all annotation must be accomplished by the same annotator under

the same conditions. Otherwise, different annotation cost can be ascribed to
different cirdumstaiues. And even if the annotator and conditions are identical,
the timing (lata can vary due to distraction or fatigue.
It is clear that it is very difficult to obtain accurate timing information
and it is often impractible to annotate every time the annotation costs need to
be determined. Therefore, it might be sensible to find a way to estimate the
annotation costs instead of measuring it. A good estimator can give us all the
information we want without the need for annotation during every experiment.
Obviously, it is not our goal to estimate the absolute annotation costs, but we
are only interested in ('St imating the relative costs to see if the they have been
reduced or increased. If we find a reliable estimator, we have a good unit we
can use to represent the results of the experiments.
The costs of annotation strongly depend on the way the annotation process
is conducted. \Vhen using senii-automated labeling for exaniple, the aiinotation
costs will be different from the time when the annotation is done froni scratch.
This implies that different annotation methods require different estimators. In
the next subsections we will look at some of these methods and explore which

('stinlators might be adequate for determining the annotation costs and are
suitable to be used in our experiments.

3.2

Annotating from scratch

In the literature, most papers about active learning presume the parse has to
be created from scratch. In practice this is often not the case, because semiautomate(l labeling is much niore efficient. But in some situations an automated

parser is not available or for another reason the parse has to be constructed
totally by hand. If this is the case, there are several ways to make an estimation
of the annotation costs of a sentence. \Ve will now look at some of them which
have been used in the literature and some ideas of our own.
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• Number of sentences
This is the most basic idea for measuring annotation costs, just look at the
amount of training samples that are used. In some situations this might
be a good way to quantify the cost of obtaining the training material, but

as stated before, in the case of NLP this is not a good way to estimate
the annotation costs. The main reason for this is that sentences can he of
variable length and as a result the annotation Cost can also vary. l)espite
this, in some scientific papers, e.g. [4] and [5]. this measure is USC(l to
express the used training material nonetheless. As we saw in SUI)sectiOfl
2.2.1 the results of experiments presented in this way are rather meaningless and no real conclusions can be derived from them. It is obvious that
the number of sentences is a bad estimator for the annotation costs amid
is not suitable for our experiments.

• Number of words
So when the number of sentences is incompetent as an estimator for annotation costs because the sentence length can vary, it may be logical to
count the number of words in the sentences and use that as an estimator.
The miumber of words is obviously a better measure for the total amount of
training material than the nuniber of sentences, and therefore it probably

is a pretty good estimator for the annotation costs as well. However, it
(hoes not take into account that longer sentences tend to have relatively
larger parse trees. Long sentences often posess more complicated gramilimiatical structures, and therefore the parse trees will be larger and more
complex. For this reason the annotation costs for longer sentences will be
higher than for shorter ones most of the time. By only examining the number of words, this effect will be overlooked and the estimated annotation
costs might be inaccurate.

• Number of elements in parse tree
\Vhen annotating a sentence it is common to represent the grammatical
structure in a parse tree. So. when estimating the annotation costs of a
sentence, it might be sensible to look at the size of the parse tree, i.e. the
number of elements in the tree. Iii her paper Rebecca Hwa [2] uses the
total amount of labeled brackets (elements of the parse trees) to express
the annotation costs in her experiments. Because it is closely related to
the way the annotation is conducted it is probably a pretty good estimator
for the effort it takes the annotator to create the parse.
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• Number of dependencies
The costs of annotation are obviously closely related to the way the annotation is conducted. In our testing environment the parses are represented by dependency structures instead of the parse trees we have seen
so far. Dependeiicv structures are slightly different than parse trees and
they show the relation between words in the sentence. The dependency
structure can also be expressed by a set of dependency relations, where
each relation is representing an edge of the dependency structure. In the
next chapter the testing environment will be described and dependeiicy
structures and relations will be treated in more detail over there. The
point here is that in our tests we cannot count the number of elements in
the parse tree and the number of dependencies can be a good substitute.
Because the parses are represented by dependency relations, the iiumber
of depencies will probably be a good estimator for the annotation costs in
this situation.
The estiniators suggested in this section are all argued with common sense, not
proved with hard data. Furthermore, the real annotation costs depend on some
other factors which are hard to quantify, like the complexity of a sentence or
the experience of the annotator with certain kinds of grammatical structures.
Nonetheless the last two estimators are probably good enough to reliably measure the annotation costs during tests and simulations. One could imagine to

invent a more detailed method to estimate the annotation costs, but the differences will probably be marginal or even negligible. Unfortunately, there are
few researches aI)out this subject and that is obviously beyond the scope of this
paper, so we have to be satisfied with the estimators described in this section.

3.3

Semi-automated labeling

In the previous section we studied some estimators for the annotation costs when

annotating from scratch. In practice however, the annotation is often accomphsln'd using semi-automated labeling. If this is the case, an automated parser
is used to assist with the annotation process and the syntactic structure can be
created more efficiently. Obviously, using this method the annotation costs will
be different compared to when the annotation is created from scratch. Furthermore, the annotation costs now also depend on the quality of the automated
parser. The better the parser can help creating the correct parse, the lower the
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annotation costs will be. In the next two subsections we will look at two cases
where semi-automated labeling is used, and what the consequences are for the
annotation costs and how they can be estimated. The first case is taken from
literature and the second reflects the situation in our testing environment.

3.3.1

Selection with discriminants

Baidridge and Osborne [9] present in their paper a whole different method to
annotate sentences. Inst ea(l of creating the correct parse. it is selected from
the collection of all possible parse trees. First an automated parser creates
all possible parse trees, the so called parse forest, and a human annotator will
then determine which is the correct one. i'he search for the correct parse is
done through discriniinants, properties of the parse tree which split the parse
forest in two parts (preferably of the same size). The annotator indicates if
a discriniinant will be part of the correct parse tree and consequently a large
port ion of the parse forest can be ruled out for being the correct parse. By
evaluating discriminants the parse forest will be scaled down really fast (even
exponentially most of the time) and the correct parse can be singled out. This
method is probably ver cost efficient compared to creating the parse from
scratch.
Wlieii this method is used the annotation costs have nothing to do with the
size of the parse tree or the number of words but they depend on the ambiguity

of the sentence. If only oiie parse can l)e generated for a sentence the annotation will take no effort at all, but when the sentence is very ambiguous a lot of
discriminants have to be evaluated before the correct parse is retrieved. Generall', the annotation costs will correspond to the number of discriminants which
have to be evaluated before the correct parse is found. Baidridge and Osborne
conducted some timing experiments to see if the number of discriminants would
be a solid estimator for the annotation costs and the results suggested that this
was truly the case.
One major drawback of this method is that it requires the correct parse to
be in the parse forest. If it turns out that the correct parse cannot be selecte(l
the parse has to be created by hand anyway, so the annotation costs will be even
higher. In some situations the correct parse will not be in the forest because the
grammar which is used to create all parses is unable to construct the correct one.
.4notlier reason might be that there are so many possible parses, the number of
parses in the forest will he capped at a certain amount. In the next chapter we
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will see that in our testing environment this is often the case, and therefore this
might not be a good annotation method in our situation.

3.3.2

Labeling with suggestion

So when we cannot choose from a parse forrest because the correct parse may
not be in the forest, we have to find another way how an automated parser can
help us annotate a sentence. A logical method is to let the parser select the
parse he thinks is the correct one, and then let an annotator alter the syntactic
structure (if necessary) until it reflects the correct parse. This is exactly the
way syntactic structures are created in our testing environment. With this
method the work that has to be done by the annotator strongly depends on the
suggestion of the parser. Therefore, the annotation costs depend on the quality
of the parser. The better the suggestion the parser provides, the less work has
to l)e done by the annotator.
Note that if another annotation method was used like annotating with dis—
criminants. the order of annotation would be of no influence on the total annotation costs. As a consequence. active learning would be of no help when
annotating a given corpus and this paper would be obsolete. But with this
method the parser can improve during the annotation process and the order of
annotation will affect the total annotation costs.
\Vith this method the annotation costs will depend on how well the suggestion from the parser corresponds to the correct parse. If the parser provides the
correct parse immediately there will be no annotation costs at all. But most
of the time the correct parse will differ from the suggestion and the annotator
must edit the parse until it corresponds to the correct one. So what would be a
good estimator for the annotation costs?

In the testing environment the parses are represented by a set of dependency relations. So when the parser gives a suggestion, the annotator can use
all correct dependency relations from the suggestion and add the missing dependencies so that the correct parse is created. Therefore, the annotation costs
depend on the correct dependencies in the suggestion, or actually on the missing
dependencies. By counting how many dependencies have to be added by the

annotator, we probably have a good estimator for the annotation costs. This
amount can be easily computed by counting the corresponding dependencies
from the suggestion and the correct parse. and then subtract this from the total
amount of dependencies of the correct parse.
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Iiituiti ely the number of incorrect and missing dependency relations in the
suggestion should give a good indication for the amount of work that has to
be done by the annotator. Unfortunately. there is no timing data available for

the annotation of the corpus in our testing environment, so there is no real
validatioii for estimating the annotation uosts in this way. However, there is iio

goo(I aIteriiatie and this estimator closely relates to the actual procedure of
annotation. SO we must be satisfied with this way of estiniat ing the annotation
Costs.
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Chapter 4

Testing Environment
4.1

Alpino

To conduct our experiments we first need an automated parser to provide suggest ioiis during the process of senu-autoniated labeling. For this task we use
Alpino, a computational analyzer for Dutch which is designed for accurate parsing of unrestricted text Alpiiiu is developed at the iuliversitv of Groningen
(RUG) from 2000 until 2005. The main idea is that, with the use of a grammar.
all possible parses will be constructed, and the most probable parse will then be
selected. In this section we will take a closer look at some parts of the system
and how they operate. A more detailed description of Alpino can be found in
.

Van Noord [13].

4.1.1

Grammar

The Alpino grammar is a so called wide-coverage Head-Driven Phrase Structure

(HPSG) grammar that takes a constructional approach. This means that it
consists of a set of rules which define how a certain phrase can be build out
of other phrases and/or words, just like the example grammar given in section
1.1.2. The grammar consists of about 600 detailed constructional rules that
prescribe how Dutch sentences can be created.
To (lenorninate all 'words of a selitence Alpino contains a large lexicon. The
lexicon contains about 100.000 entries and is extended with about 200,000
named entities. The system also contains specific rules and methods to recognize dates, temporal expressions and other special named entities. When a
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Figure 4.1: Dependency structure of the sentence Cathy zag hen wild zwaaien"
Cathy saw theni wave wildIy) and the corresponding set of dependency re-
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lations.

word is not recognized the system has several techniques to determine to which
categorie a word belongs, like numbers or proper names.
Following the rules of the grammar together with the lexicon a parser can

construct all possible parses of a given sentence and next a disambiguation
component (1t1 retrieve the best one. This disambiguation component will be
(lescribed in more detail in the next subsection. \Vhen no complete parse can be
(onstructe(l for a sentence. the parser will construct a parse for each subsi ring.

The best set of non-overlapping parses will be selected as being the correct
parse.

To represent the syntactic structure of a sentence, the grammar is designed
to create (lel)endencv structures, which are slightly different from the parse

trees as presented in the first chapter. An example of such a structure can
1w seen in figure 4.1. The 1" in the structure is an example of co-indexing,

in this case used to in(licate that "lien" is the object of "zie". but also the
subject of "zwaai". The dependency structure can also be represented by a set
of dependency relations, actually the edges of the dependency structure. An
example of this can also he seen in figure 4.1. By representing a parse by the
(lependeilcy relations the differences of parses can easily l)e calculated, as we
will see later in this section.
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4.1.2

Disambiguation Component

As stated before, a major problem in natural language processing is ambiguity.
\Vlten parsing a sentence, a large number of possible parses are created using
the grammar, and subsequently the correct one has to be selected. To determine which of the parses is the most probable, the Alpino system contains a
disambiguation component. This system uses a large set of properties of parses
to distinguish the good parses from the bad ones. These properties are called
features and describe all kinds of detailed characteristics of parses. The Alpino
system contains about 40,000 features. These features represent the application
of a certain rule, combinations of certain words and their lexical category, (ICpendencies l)etween words and/or lexical categories and a lot more. The parses
are stored as the set of features and the frequency in which each feature occurs
in the parse.
All features will be assigned a weight, which can be both positive and negative. \Vln'n the disambiguation component evaluates a parse it determines
which features it contains and sum all features multiplied by their weights. The
parse with the highest score calculated this way is considered to be the most
likely. The weights of the features are estimated by training the model with
annotated sentences. By analyzing the parses of a number of sample sentences
the weigths are adjusted to reflect which features are representing good parses
and which are representing bad parses. \Vhien a certain feature often occurs
in a good parse, the weigth will be increased. But when the features is more
prevalent in wrong parses. the weigth will be decreased. In this way, the good
features will produce higher scores for parses and the bad ones lower scores.
\Vhen the disambiguation component is untrained it will just select the first
parse produced by the system.

When training the model, it might be a problem to evaluate all possible
parses of a sample sentence. Long sentences tend to have a lot of possible
parses, even exponentially by their length. Therefore, it is often not feasible to
evaluate or even create all possible parses, simply because there are too many
of them. To overcome this problem, a random selection of the possible parses is
used to train the model. Since the weights of the features depend only on the
expected value of the features in the possible parses, the results should be pretty
similar if an unbia.sed subset of the parses is used. Some experiments show that
this holds true if even only 250 randomly chosen parses per sentence are used

instead of the complete set of parses. This solution offers a great increase in
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efficiency when training the disambiguation component.
However, since not every parse can l)e evaluated by the disambiguation coni—

ponent. there is no guarantee that the correct dependency structure can be
selected. When the correct parse is not in the set randomly selected parses,
it is impossible for the (lisaulbiguatioll component to retrieve the correct dependency structure. Furthermore, when a sentence is very complicated, the
grammar might be unable to construct the correct parse anyway. For these two
reasons, ALPINO is unable to construct the correct dependency structure at all
times, especially for complicated sentences with many parses.

Results

4.1.3

To measure the performance of a syntactic parser. the parses pro(luced by the
system are compared to the correct parse. In this way the accuracy of the

parser can be determined. The more the produced parse correponds to the
correct parse, the better the parser is performing. Since Alpino is producing
dependency structures, we can easily evaluate how much dependency relations

from the constructed parse iiiatch with the correct parse aid how many are
ommnon measure for evaluating performance of parsers is time Fscore. This is a weigthed measure of two accuracy metrics called precision and
recall. The F-score is very useful when the size of the solution set is unknown in
advance. l)ut in parsing, the number of dependency relations of a sentence are
practically given by the length of the sentence. Therefore, we can use another
measure called concept accuracy (CA). Concept accuracy can be calculated for
a sentence i according to the tiext equation:
missing

C.4 —

1

—

D is

max(D,D)

(4.1)

the number of dependency relations produced by the parser for sentence

i. D9 is the number of relations in the correct parse, and Dj is the number of
incorrect and missing relations produced by the parser.
To calculate the performance of a parser on an entire corpus, we can compute

the mean concept accuracy by dividing the total CA score by the number of
sentences. In that case, shorter sentences are valued equally to longer sentences.
while shorter sentences are usually much easier. To obtain a more informative
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corpus

sents

lengths

Alpifl()

7136

20

CLEF

134

11

Trouw

1400

17

F-sc
88.50
89.87
91.14

CAX
87.92
89.59
90.87

Table 4.1: Accuracy on development set and test sets for Alpino. The table lists
the number of sentences, mean sentence length (in tokens), F-score and CA.

measure for the performance we can compute the total ('A score:

CA=1—

'•f

,iia.r( D. . D;)

(4.2)

Using this measure the quality of the system can be reliably computed.
The accurar of the fully trained Alpino system had been tested on three
different corpora. The results of the tests are stated in table 4.1. The F-scores

of the system are comparable to results of state of the art parsers for other
languages. So Alpino seems to be a good lexical analyzer and certainly will be
adequate for our experiments.

4.2

Corpus

Furthermore, we need a corpus for our experiments, and therefore we use the
Alpino treebank [14]. The Alpino treebank consists of 7,100 annotated sentences (about 145,000 words) which are taken from the newspaper part of the
Eindhoven corpus. For all sentences corresponding dependency structures as
produced by Alpino are documented. Because long sentences can have a very
large number of parses it is not feasible to store every dependency structure that
Alpino constructed for every sentence. Therefore, the number of dependency
structures is capped at 10,000. All sentences are also annotated by hand, so the
correct dependency structure is available for every sentence.
For every dependency structure the CA score is also stored, so when training
the model it can be estimated how useful a sentence is for the disambiguation
component.
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Chapter 5

Experiments
5.1

Introduction

The goal of our research is to reduce the annotation costs of a given corpus
using Active Learning. Usually. Active Learning is used to reduce the needed
aniount of training material, but in our situation we are using Active Learning to
deterniirie how informative each sentence is for the current model. Because we
want to annotate the entire corpus we (10 not let Active Learning decide which

sentences are added to the training data, but instead let it prescribe the order
in which the sentences are provided to the model. For our main experiment
are going to simulate the annotation of a corpus using an automated parsing
model to help us with the annotation process. During the annotation process
the model is trained with the sentences which are annotated SO far. We asSume
the model is untrained at the start of the experiment. For our experiments we
use Alpino and the Alpino treebank, described in chapter 4. To implement the
experiments described in this chapter, we constructed a set of perl Scripts, which

make use of the scripts and tools of Alpino. The source code of these scripts
(fl be found on the CD provided with this report.
As described in chapter 3 the annotation costs are estimated by the number
of dependency relations from the correct parse which are missing in the suggestion provided 1w Alpino. This simulates the process of the annotator using
the correct dependency relations from the suggestion and adding the rest of the
relations by hand.
To conduct this experiment we have to implement Active Learining in the
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first place. \\e discussed the theory in chapter 2. and we will use that to
construct a good Active Leariiing algorithm. To test our algorithm we will do

some experiments to see if it is working properly for the traditional goal of
Active Learning, re(lucuig the needed amount of training miiaterial by selecting
he itiost informative seth ences. If this is the case we can truly investigate
whether Active Learning can reduce the annotation costs of a given corpus.
To identify whether and how much Active Learning will reduce the anno-

tation costs we need we need some baseline data. Therefore, we conduct the
same experiment with three baseline strategies and see how much annotation
costs they generate. And to place the results of the experiments in perspective
we are also trying to determine the boundaries of the annotation costs, i.e. the
niinimum and maximum costs. By estunating the minimum annotation costs
can establish the ultimate goal of reducing the costs and see how close this
minimum can be approached. It is impossible to reduce them eveii further. SO
when these costs are close to the baseline results it might not he worth the
trouble to US active learning.

5.2

Baseline strategies

To see how well Active Learning is able to reduce the annotation costs we need
some baseline strategies. The first goal of a baseline strategy is to simulate the
annotation process when the order in which the training material is presented
is predetermined. \Vhiile active learning will select the training material during

the annotation process, our baselines will leave the order unchanged so the
current state of the system will not be taken into account. This represents the
situation in traditional passive learning, but is does not mean the order cannot
be chosen in a smart way. So the general procedure for these experiments will
be as follows. First all sentences in the corpus will be ordered by a certain
criterion. Next, the first n sentences are selected and annotated by the Alpino
system and the annotation costs for these sentences are estimated. Obviously,
the annotation costs for each sentence are summed to represent the total costs
of the entire corpus. Then Alpino will he trained with the sentences annotated
so far an(l the next n sentences will be selected and annotated. This process is
repeated until the entire corpus is annotated.
We now introduce two criteria to determine the order of the sentences.
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5.2.1

Random order

The most basic baseline strategy is to annotate the sentences of the corpus
in random order. In this way, no attempt is made to train the model in an
intelligent manlier, and this probably often reflects how it is done in practice.
The strategy where the sentences are selected and evaluating liv random we call
BANDOMEVAL. Now we have to decide how much sentences are selected and
annotated during each cycle of the annotation process. The lower the nuniber
of sentences during each cycle, the better the results, but it also increases the
number of times it will be trained. Due to this, the total amount of needed time
will increase severely and this might be itnpractible while annotating. We will
let the number of sentences per cycle depend on the total number of sentences,
and how many sentences are selected l)y the Active Learning experiment which
we are comparing to.

5.2.2

Order by length

A more sophisticated but still very intuitive strategy is ordering the corpus by
length. In this way the shorter sentences are presented first tot the system
and then the longer ones, or in reversed order. Because longer sentences tend
to be more complicated then shorter ones, and therefore are likely to be more
informative for the svsteiii. we can trail! the model with the easy sentences first
and then the more complicated ones, or in reversed order. By providing the
system with the easy sentences first, the model will probably make very few
mistakes in the l)eginning and is still able to learn and improve. \Vhien (he easy
sentences has to be annotated in the end the systeiii is pretty well trained and
it will probably itiake fewer niistakes on theni compared to when they would
he annotated in the beginning of the process. In this way the total annotation
costs might reduce.
On the other hand. if the longer and more informative sentences are presented first, the system will probably learn very fast and that might result in
lower annotation costs for the rest of the corpus. Therefore, this strategy might
just be as effective as its counterpart.
Notice that the idea behind these strategies is the same as our Active Learning strategy. i.e. selecting the hardest (most informative) or easiest sentences.
The main difference between these strategies and Active Learning is that they
do not take into account how the current svsteni is )erforming on certain traiti—
ing material. Furthermore, longer sentences tend to be more informative but
1I

this is not necessarily the case. Therefore. Active Learning can search for the
most informative (or easiest) more effectively. For these reasons we expect Active Learning to do a better job in determining the easiest or hardest sentences.
and therefore result in a larger reduction of annotation costs.
The strategy where we order the selit eiiues from short to long we will (all
LENUTEVAL and the inversed strategy where the sentences are sorted from
long to short we will call INVLENGTHEVAL.

For practical reasons, during each cycle of the process all sentences with a
certain length are annotated and evaluated. Because there is a different number
of sentences of each length this means that there is a difference in the number
of sentences evaluated in each cycle. This is a different situation from RANDOMEVAL. but we assume the differences to be marginal. Fewer sentences per
cycle will result in lower annotation costs and more sentences in higher costs. In
sonie cycles there will be more sentences. but the mean number is roughly the
same as the number of sentences with RANDOMEVAL. so in the end it should
evemi omit

5.3
5.3.1

Boundaries
Maximum costs

We are trying to set some boundaries of the annotation costs to place the results of the other experiments in perspective. By comparing the results with
the mnaximnuin annotation costs we can see the relative reduction of the various strategies. To calculate the maximum annotation costs we will annotate
the sentences with the help of Alpino, but this time the model is not trained
during the annotation. This means that the entire corpus is evaluated with the
uninitialized model, the so called zero-model, and therefore we call this strate'
ZEROEVAL. Because the model will not be trained the order of the sentences
is of no influence on the annotation costs.
The main thing we can learn from comparing the result of ZEROE\AL with
other strategies is the effect of training the model (luring annotation. It seems
obvious that training the model will reduce the annotation costs, but now we
can see how imitich reduction it will offer and whether it is worth the effort.
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5.3.2

Minimum costs

A more interesting exercise is to determine the minimum annotation costs. By
examining the minimum costs we can see how much the system theoretically
can improve and how close the various strategies approach this boundary. If
the maximum gain ol)taine(l by the best possible strategy is not significant in
comparison with a baseline method, one can argue whether it is useful to apply
a complicated and time-consuming strategy like Active Learning. On the other
hamid, if a large reduction of annotation costs is possil)le, we might l)e more
inclined to search for a good strategy. Furthermore, if the results of a strategy
are close to the theoretical minimum, it ha.s proved to be a very good strategy
and it is unnessecarv to look further.
Obviously, the minimum annotation costs are zero. This can be achieved
if the system is always providing the correct parse as a suggestion and no corrections have to be made by the annotator. Unfortunately, it is imlmj)ossil)le for
the system to produce the correct parse at all times. For some complicated
sentences the grammar is unable to construct the correct parse and for some
sentences there are so many parses, it is practically impossible to construct all
of thmemim. In these cases the disambiguation component cannot select the correct

parse and the best the system can do is selecting the parse with the least errors
compared to the correct one. This situation corresponds to the case when the
model is infimiitelv well trained, the system cannot perform better than this. So.
the absolute upper limit of the svst em is when the disambiguation component
chooses the best parse, but not necessarilly the correct one. We can simulate
this situation 1w looking at the best parse Alpino has generated for each sentence and compute the annotation costs accordingly. \Ve will call this strategy
BESTE\AL. because it is the best the system can possibly operate.
\Vithi BESTEVAL, we assume that the model is infinitely well trained. This
situation is preferable. but not very likely. A more realistic way of estimating
the ininiiiiiumn annotation costs is to assume that the model is trained with the

entire corpus, except for the sentence to be evaluated. The idea of training
during the annotation process is that the system will improve by learning from
the sentences annotated so far. So, the best level of performance will probably
be reached when the mmiodel is trained with the entire corpus. Therefore, a good
way to estimate the minimum annotation costs is to find out the annotation costs
of a sentence when the model is trained with the entire corpus. If the model is
also trained with the sentence it has to annotate, the system is biased because
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it has seen the senten(e before. Therefore, this sentence has to be left out of the
training material. To do this for every sentence is very time consuming, so the
final idea is to annotate it selitences. after training the system with the entire
corpus minus these n sentences. This strategy, which we call GOODE\AL. will
probably be a decent esti!nator for the minimum anmiotation costs and iiiore
realistic than BESTE\AL.

However, we assume that the model performs best on a sentence if it is
trained with all other sentences in the corpus, but this might be untrue in some
cases. If a sentence of certain kind has to he evaluated, and the model is only
trained with sentences of the same type so far, it could perform better for this
sentence than it would if it was also trained with sentences of other tvj)es. So
theoretically, the total annotation costs could be lower when the model was only
traine(l with a small part of the corpus, but this is not very likely.

5.4

Active learning

5.4.1

Implementing AL

Now we have to implement an Active Learning algorithm. In chapter 2 we discussed the theory behind Active Learning and presented two evaluation functions, an entropy (probability distribution) based, and an error-driven function.
\\e tested both functions on a small part of the corpus to rate the performance.
The result of this test can be seen in figure 5.1. The x-axis holds the number

of dependency relations in the used training data, which we think is a good
estimator for the amount of training material. On the y-axis the accuracy of
the model is represented by a measure called error reduction. The error reductioii is determined by calculating the actual performance as a percentage of the
best possible perforniance of the model. This can be achieved by comparing the
parse selected by the model with the best parse the model could have selected.
So when the error reduction is 1001X. the model always selects the correct parse,
which represents the BESTE\AL strategy. By looking at the number of missing
and incorrect dependencies in the selected parse compared to the best parse,
the error reduction can easily be calculated. The maximum error reduction is
obviously 100%, but to make the graph more clear the y-axis only goes to 70%
here.

As we can see in the figure, the performance of both functions are almost
exactly the same. so they both seem to be good evaluation functions. \Ve
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FIgure 5.1: Results of setive learning using entropy based and enir-èiven
evaluation functions.

thoose for the entropy based function, mainly because in the literature It is
widely stated to be a reliable evaluation function. When we first tested the
function it sticked out that it tends to select longer sentences. This is a known
side-elect of the entropy based evaluation function, because longer sentences
airn.ay possess more panes, and therefore the entropy wi be hlghei. V Active
Learning as seleetseg the longer sentences first the strat is too dosely related
to LENGTHSORT.

subsection 2.2.2 we introduced two methods to overuuse

this side-elect. The first is to normase the entropy by the log of the naiaher
of panes (function 2.3). When we tried this the function stiM pied longer
sentences over shorter ones. The seaind solution is word entropy, La. normalizag the entropy by the au&er of words in the sentence (function 2.4). This
tec proved to be math more elective and showed no dear preference flw
long or short sentences. So in our experiments, we use word entropy as our
evaluation function for Active Learning.

Th see i the evaluation function is working propeeiy we are first testing
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whether Active Learning is working in the classical way, i.e. reducing the needed
training material when achieving a certain performance level. Therefore, we will

use a small part of the corpus as a test set and the remaining corpus will be
used for sample selection. our evaluation function will select n sentences from
the remaining corpus, the system will be trained with these sentences. After
each cycle the accuracy of the system will be tested using the test set. This is
repeated until a certain accuracy level is obtained. We will then compare this
to the situation where the training material is selected by random. If Active
Learning will result in a reduction in required training material our evaluation
function is operating in the way we want it and we can conduct some reliable
experiments.

5.4.2

Reducing annotation costs with AL

Now that we have a good algorithm to implement Active Learning we can setup
our main experiment, trying to reduce the annotation costs of a given corpus.
As stated before, we like AL to dictate the annotation order of the corpus. At

the beginning of the process the model will be untrained. During each cycle
the entire corpus will be evaluated and the AL formula will select n sentences.
These sentences will be annotated by Alpino and the annotation costs will be
determined. Then Alpino will be trained with the sentences annotated so far.
The next cycle all sentences except the ones that are already selected and annotated are evaluated by the AL algorithm. Again, n sentences are selected,
annotated and added to the training material. When the model is trained again
with the available data, the process is repeated until all sentences are annotated.
The main difference with the baseline strategies is that the order is determined during the annotation process, not beforehand. After each cycle the
model will be different than the previous cycle because it is trained with more
sentences. Since the active learning algorithm will be using the model to evaluate and select the next sentences to be annotated, it could rate a sentence
differently through each cycle. So when the algorithm selects 10 sentences during a cycle, it is very well possible the 11th sentence is not selected in the next
cycle. While the model rated that sentence very high in the first cycle, during
the next cycle the system has learned and the same sentence might have be-

come uninteresting. This is a major difference with for example LENGTHEVAL
where the annotation order is independent from the used model.
\Ve define two strategies where active learning is involved. The first strategy
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is called ACTIVEEVAL. Active learning is designed to find the samples which
are the most informative for the current state of the system. To achieve this, our
algorithm finds the sentences which are the hardest for the model to annotate.

At each cycle the hardest sentences are selected, annotated and added to the
training material. By selecting the hardest, and therefore likely the most informative sentences the model will probably learn very fast. This will probably
result in a higher accuracy level of the model in the beginning of the annotation process. Because the annotation costs heavily depend on the quality of the
model the annotation costs of the remaining part of the corpus will probably
decrease significantly. However, because the hardest sentences are selected the
annotation costs will probably be very high in the beginning of the process. The
model is hardly trained and is yet confronted with the most difficult sentences of
the entire corpus. Therefore, it is expected to give very poor suggestions to the
annotator in the beginning. So in order to decrease the total annotation costs

the better trained model has to make up in the end for the extra annotation
costs made in the beginning of the process. Whether the investment of making
relatively more costs in the beginning will be paid off in the later part of the
process, will be clarified by this experiment.
The second strategy is the inverse of the previous one and is called INVACTIVEEVAL. Instead of selecting the hardest sentences during each cycle, the
easiest sentences are selected. The active learning algorithm rates all sentences
by estimating how much trouble the model will have in finding the right parse.
So by selecting the easiest sentences for the current model, it will probably
make very few mistakes, and therefore generate low annotation costs. However,
the easiest sentences are likely the least informative ones, so the model will be
learning fairly slow. Therefore, it will probably make more mistakes on the easy
sentences compared to when the system was well trained and the annotation

costs of the easy sentences are increased. On the other hand, in the end of
the annotation process when there are only hard sentences left to annotate, the
system has been trained with a fairly large amount of data. It seems pretty
logical to save the hardest sentences for last, when the system is better trained
than in the beginning. A positive side effect of this strategy might be that the
annotator has the opportunity to learn as well. In the beginning the annotator
will be faced with easy sentences and can get used to the annotation process.
The sentences will slightly become more difficult and the hardest sentences will
come by when the annotator is most experienced. In the case of ACTIVEEVAL
this will be quite reversed and the annotator will have to deal with the hardest
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sentences right away. This effect is hard to measure and depends on the annotator, but it is something to keep in mind if the results of the strategies are
pretty close.

Intuitively, these two strategies will exclude each other because they are
so opposite. If ACTIVEEVAL is showing a significant decrease in annotation
costs, it seems unlogical that INVACTIVEEVAL will produce the same results.

However, there are no sound arguments why both strategies cannot perform
better (or worse) than the baseline strategies. There is no obvious correlation
between training order and annotation costs. These experiments will give an
indication whether there is one and in which direction it can be found.
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Chapter 6

Results
6.1

Baselines and Boundaries

The experiments to retrieve the baseline and boundary scores are conducted on
the entire corpus of 7,100 sentences. With RANDOMEVAL and GOODEVAL
we choose to annotate 100 sentences at each cycle, resulting in 71 cycles to
annotate the entire corpus. \Vith LENGTHEVAL and INVLENGTHEVAL the
number of cycles depend on the various length of the sentences in the corpus.
Because the lengths are varying between 1 and 74 words, the number of cycles is
pretty much the same as with RANDOMEVAL. Only the number of sentences
of each cycle is different, but as we explained in subsection 5.5.2, this should not
lead to differeiit results. Since there is no training involved with ZEROEVAL
and BESTE\AL. no cycles are used with these strategies.
The results of the baseline and boundary strategies are shown in table 6.1.
For all strategies the annotation costs are represented in the second column by
Strategy

Costs

Gain

ZEROEVAL
RANDOMEVAL
INVLENGTHEVAL
LENGTHEVAL
GOODEVAL
BESTEVAL

35545
18018
17916
17824

97,27%
0,00%
-0,57%
-1,08%
-5,53%
-45,10%

17021

9892

Table 6.1: Results of baselines and boundaries with 7,100 sentences
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the total number of missing dependency relations. The last column shows the
gain of annotation costs. i.e. the costs relative to the costs of RANDOMEVAL.
By this measure we can see how much gain or reduction of annotation costs a
certain strategy produces.
Looking at the results we can see that both LENGTHEVAL and INVLENGTH-

EVAL are performing a little bit better than RANDOMEVAL, but the cost
reduction is very marginal. More alarming is the result of GOODEVAL. We
consider this as a good estimator for the upper boundary, i.e. the minimum
annotation costs, and this strategy is only producing a cost reduction of 5,5%.
This implies that the maximum performance gain we can realize results in a cost

reduction of a little over 5%. Obviously this is much less than we had hoped
to achieve. The wishful upper boundary BESTEVAL is showing a reduction of
45%, which is more like we hoped. But again, this result is very unrealistic to
achieve. The lower boundary estimator ZEROEVAL causes an increase in costs
of almost 100%. This indicates that training the model during the annotation
process can heavily reduce the annotation costs.

6.2

Active learning

\Vhen conducting the experiments concerning active learning, a problem arised.
It turned out that the process of evaluating sentences on their informativeness
is very time consuming. If we conducted the experiments on the entire corpus,
they would literally take weeks to complete and in our situation this was simply
not feasible. Therefore, we were forced to use a subset of the corpus for the
active learning experiments.
The first experiment was aimed to see whether our active learning algorithm
is working properly. Therefore, we created a testset consisting of 10% of the
corpus (about 700 sentences). The rest of the corpus was left for sample selection. In each cycle 10 sentences were selected by the algorithm and added to
the training material. Then the system was trained and the accuracy was tested
on the testset. \Ve ran this experiment as long as possible, and after 5 days 750
sentences were selected and learned. In the mean time the same experiment

was running with random sample selection. The results of both experiments
are presented in figure 6.1. The unit on the x-axis is the number of dependencies of the used training material and the y-axis represents the error reduction.
The graph clearly shows that our word entropy based algorithm produces in a
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18000

Strategy
ZEROE\'AL

Costs

INVACTIVEEVAL
RANDOMEVAL
INVLENGTHEVAL
LENGTHEVAL

ACTIVEE\AL
GOODE VAL
BESTEVAL

3572
2130
2114
2112
2109
2095
1938
988

Gain
68,979
0,769
0,00%
-0,09%
-0,24%
-0,90%
-8,33%
-53,26%

Table 6.2: Results of all strategies on 700 sentences

higher accuracy level with the same amount of training material. This results in
achieving a certain accuracy level much faster, and that is what active learning
is all about. When we look at the data, we see that random sample selection
reaches a phi score of 62% after training with 15869 dependencies. The same
accuracy is achieved with active learning after 8159 dependencies, meaning a
reduction of almost 50%. These scores might be a little optimistic because only
a small part of the training material is used, but it seems obvious that our algorithm is pretty good at choosing high informative training material, just as
we wanted.
The experiments where we use active learning to reduce the annotation costs

are conducted on a subset of 10% of the corpus, about 700 sentences. For
comparison reasons, we also repeated the baseline and boundary experiments
on this subset. Both RANDOMEVAL and the active learning strategies select
12 sentences per cycle to match the number of cycles used by LENGTHEVAL.
The results of all experiments are stated in table 6.2.
The baseline and boundary experiments show rather similar results as with

the entire corpus. The upper boundaries are a little better relative to RANDOMEVAL for the smaller dataset. This can be ascribed to the fact that the
model is learning faster in the beginning of the training process than in the end,
as can be clearly seen in figure 6.1. At first the learning curve is very steep but
it becomes more gradual really fast. Both GOODEVAL and BESTEVAL represent a fully trained system and the difference with a partially trained system
will be larger in the early stage of the training process. When less training data
is used, this early stage forms a larger portion of the total training process and
the relative performance gain will also be larger. Therefore, GOODEVAL and
BESTE\AL will perform relatively better with smaller data sets.
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The better performance of ZEROEVAL can also be explained by this theory. In the early stage of the process, the difference between ZEROEVAL and a
learning strategy is much smaller than at a later stage. At the start the performance is even the same because in both strategies the system is still untrained.
Because the early stage forms a larger part of the process, the mean difference
in performance level is smaller than with larger data sets.
The baseline strategies LENGTHEVAL and INVLENGTHEVAL producing
an even smaller cost reduction than with the entire corpus. This can be caused
by the smaller dataset, but the differences with RANDOMEVAL are so small
that this might well be just variance.
The results from the active learning strategies is a bit more explicit but
also rather marginal. ACTIVEEVAL is producing a cost reduction of almost
1% and INVACTIVEEVAL is even performing worse dan the baselines. Again,
these differences are rather marginal and do not suggest a possible significant
cost reduction.

6.3

Conclusions

The results of the active learning experiments show no significant reduction in
annotation costs compared to the baseline strategies. Also the smarter baseline
strategies based on sentence length cannot impress. But more importantly, the
highest possible cost reduction appears to be pr(t t small when we consider the
results of GOODEVAL. We cannot expect the model to perform better during
the training process than at the end when more training material has been used.
GOODEVAL is simulating the situation where all sentences are evaluated in the
end of the training process and is only able to reduce the annotation costs by
5,5% on the entire corpus. So, even if we were able to find the perfect strategy, it
would probably still be resulting in a small reduction of annotation costs, while
requiring a lot of computational effort implementing the strategy. \Ve have seen
how much computational time it took the active learning algorithm to select
the sentences to annotate. If during the annotation process the annotator has
to wait a considerable amount of time for the system to select the sentences
to annotate, the possible saving of time using the strategy would probably be
counterfeited.
In the experiments the active learning strategies were unable to come close
to the estimated upper bound of 5,5%. Unfortunately it was impossible for us
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to test the strategies on the complete data set. However, the results on the
smaller data.set were no reason to believe the results would have been better on
the whole corpus. Although INVLENGTHEVAL was performing better on the
entire corpus, and the idea behind ACTIVEE\TAL and INVLENGTHEVAL is
te same, this is no guarantee for ACTIVEEVAL to perform better on the whole
data set. The idea behind IN\ACTIVEEVAL and LENGTHEVAL is also the
same, but the results are quite different. While LENGTHEVAL is causing a
small reduction of annotation costs, INVACTI\EEVAL is even outperformed
by RANDOMEVAL on the small dataset. This and the small margins between
the strategies suggest that the differences might as well be ascribed to variance.
Probably the only way to come close to the results of GOODEVAL is for the
model to become accurate very fast. Our idea was to accomplish this through
active learning, but it turns out that this is not what active learning does. As
can be seen in figure 6.1 the only thing active learning can realize is to let the
model learn a little bit faster, especially in the beginning of the training process.
This will result in a small increase of performance at virtually any point of the

training process. Because the performance of the model is increasing rather
slow, except in the beginning, the small increase of performance caused by
active learning can result in reaching a certain accuracy level much sooner. So
active learning can lead to a large reduction of required training material, but
it cannot force a major increase in performance, which is needed to resemble
the GOODEVAL strategy. Also the idea of IN\ACTIVEEVAL, first annotating
the easy sentences, seem to have no significant effect on the annotation costs.
Herefore we must conclude that active learning cannot help us to reduce the
annotation costs of a given corpus.
\Ve tried to use active learning to find the optimal annotation order when
using semi-automated labeling. To determine the cost reduction of the optimal order, all different annotation orders have to be tested. This is of course
impossible due to the vast amount of possible orders. However, the results of
the optimal order are probably inferior to the results of GOODEVAL, because
it is unlikely the model is performing better during the training process than
at the end. Since the cost reduction of GOODEVAL is pretty small already,
the gain of the optimal training order will almost certainly be very marginal.
\Ve tried annotating the easy sentences first and annotating the hard sentences
first but there was no significant cost reduction observed. Probably high annotation costs in the beginning are compensated in the end and vice versa. So it
seems that the order of annotation will not affect the total annotation costs in
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a significant way. Therefore, the best order is probably the one which suits the
annotator best and takes no large effort to calculate, for instance annotating
the shorter sentences first to accomodate to the annotation process. But it is
obvious that active learning will be no help when annotating a given corpus.
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