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Abstract

In the context of an increasingly networked world, the availability of high quality transla-
tions is critical for success in the context of the growing international competi

international companies as well as medium sized companies are required t
translated, high quality technical documentation for their customers ng
cessful in the market but also to meet legal regulations and to avoid
Therefore, this thesis focuses on the evaluation of translation ally con-

cerning technical documentation, and answers two central g

e How can the translation quality of technical Faluated, given the

original document is available?

e How can the translation quality of teg ts be evaluated, given the

original document is not available

These questions are answered usjg art machine learning algorithms and

translation evaluation metrics ig knowledge discovery process. The eval-
uations are done on a senten bmbined on a document level by binarily clas-
sifying sentences as au Fion and professional translation. The research is
based on a database 27 sentences and 32 translation evaluation attributes,

of five different machine learning approaches. An op-
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Chapter 1

Introduction

1.1 Motivation

Being able to overcome language barriers is a topic of interes, ing of the
17" century. Since then, devices and ideas have been dey
ing between people who speak different languages, § cal dictionaries or
universal languages. Due to highly internationali nd the overall global-
ization, the ability to automatically translate tg guage to another without
human assistance is a subject that has been ughly 60 years and has gained
more interest throughout the last dec cssful in an international market,
companies must provide well trans Aition for their products. As complex
products often have more than ®.g. administrators, users and developers,
the number of different dog ole product can be very high. Especially for
export oriented companj ind professional translators with an appropriate

technical backgroung y translated technical documentation for reasonable

ings that are caused by bad translations.

Since natural language processing is a very complex issue, the output generated by ma-
chine translation software still needs to be approved in order to ensure the required quality.
Thereby, the simple use of software to translate business documents moves the problem
from the creation of the document to the evaluation and correction, but does not solve it.
Consequently, the evaluation of translated technical documentation is an important step
for companies to reduce time and costs as well as to create an effective way of translating
critical documents. Additionally, this ensures a certain level of quality. The difficulty



in evaluating translation quality is due to the subjective nature and different aspects con-
cerning the term quality, such as grammatical correctness, style improvements or semantic
correctness.

Having access to computerized systems that perform correct translations of any sentence
is still visionary, especially due to the problem of translating the meaning of a sentence
to the system. Concerning this problem, it is essential to be able to rank the quality
of a given translation - otherwise it is not possible to ensure that a document has been
well translated. A focus on technical documentation is especially interesting, due to their

high quantity in every product selling company which further increases the

of automatically translating these types of documents. Nowadays, companig

o

ent a machine

translators. Since the person requesting these translations does not
translated language, it is important to ensure that the work has j
professionally by a human as ordered and not by an automateg

Based on this background, the aim of this thesis is to sg
Khether documents
rithm builds the basic

learning process that produces an algorithm, which is
have been translated by humans or computerized s
structure for an approach to evaluate these dog

1.2 Related Work

As mentioned above, the idea
One of the basic methods dis

rating machine translations is not new.
Crature is the “round-trip translation™, which
works by translating a t¢
original text and the g

¥ a foreign language and back. Afterwards, the
text are compared [[I]. On this basis, the “bilingual

evaluation undergyy Mgorithm was developed and presented by Kishore Pa-

puterized translations [2]]. This idea was further developed in the United

ing the NIST algorithm for machine translation evaluation by the National
Institute of Standards and Technology. This algorithm weights matching words accord-
ing to their frequency in the respective reference translation [3]. A second evolution of
the BLEU metric, is the Merric for Evaluation of Translation with Explicit Ordering,
called Meteor, which was developed by Lavie et al. in 2005. The main difference is
Meteor’s ability to detect synonyms of words which results in potentially less erroneous
translations [4]. Furthermore, Kulesza and Shieber (2004) propose the use of Support
Vector Machines for classifying machine translations on a sentence level [5]. Extending
on sentence level evaluation, there has been additional research on substituting the use

[So]



of human-produced reference translations, which often come with high resource require-
ments for the evaluation of machine translation systems. Popovi¢ et al. propose the use of
lexicon probabilities [6], while Gamon et al. suggest the use of pseudo references replac-
ing the commonly used human reference translations with multiple automated translation
systems as references and combining calculated perplexity scores with a machine learn-
ing classifier to evaluate sentence quality [7]. Finally, Albrecht and Hwa successfully use
regression learning in combination with pseudo references [8,9]. As shown above, a lot
of research has been done on the topic of machine translation evaluation.

However, the focus on a specific domain of documents in order to gain implicit agditional

knowledge by using machine learning techniques is not sufficiently addresse
is the comparison of different machine learning approaches in order to g
documents have been translated professionally or automatically. Tl
answer these questions.

1.3 Purpose and Research Question

In this thesis, a machine learning technique will bg Kledge discovery pro-

cess to classify documents by their translation Wil transiation, automated
translation). Further, an approach on how quality of translated techni-
cal documents will be proposed. Concg , we address two main research

questions:

e How can the translatiog nical documents be evaluated, given the

original document i

e How can the y of technical documents be evaluated, given the

evaluated with the machine learning algorithm having access to the original document.
In the second attempt, an algorithm will be optimized on the same task without having
knowledge of the original.

The planned procedure for our master thesis is the following:

Based on research on existing methods and metrics, an iterative knowledge discovery
process will be started to answer the given research questions. This process includes the
determination of quality criteria for translated documents, the implementation of needed



metrics and algorithms as well as the optimization of the machine learning approaches
to solve the given task optimally. It is important to note that this process is of iterative
nature, since the criteria and attributes as well as their impact on translation quality and
classification possibilities will be determined by evaluating the algorithms’ results using a
database of technical documents and their translations. The used data set will range from
automated translations of technical documents using computerized translation systems
to manual and professional translations. Furthermore, during this iterative process, the
methods and algorithms used will be continually changed and optimized to achieve the

best possible results. Finally, the process and results will be critically reviewed, gvaluated

and compared to one another. The limits of automated translations with the state
of the art will be pointed out and a prospect for possible further develop
on this topic will be given.

1.5 Scope and Limitation

Due to the fixed time frame, some limitations have to bg arch to ensure the

work can be finished in time.

e The document classification and evaluag syntactic aspects of tech-

nical documentation, while the sem

e This work focuses specifically uments. This focus has the potential

to implicitly generate kn e machine learning process, due to a
smaller sized vocabulgg aving no limitations on text domains. Other

document domains ded in this thesis.

e Since the exyg documents did not provide multiple professional trans-
uman references used for an evaluation of technical doc-
do references, as described in section [3;2, will be used to
of human translations.

e This work will focus on translations between German and English.

1.6 Target group

First, this work is especially interesting for researches in the area of machine translation
and machine translation evaluation by using combinations of different machine translation
metrics and machine learning approaches. As mentioned in[I.1]the private interest group
for this research are international companies, especially export oriented ones. This is

4



due to the fact that finding technically versed translators on a limited budget is clearly
problematic. Second, this work is of interest for all kinds of customers, since it can
lead to long-term improvement of available information for certain products. This can
be of additional interest for customers and companies that are active in lesser populated
languages.

1.7 Outline

The following chapter [2] will address the theoretical background concerning this work, fo-
cusing on the knowledge discovery process, machine learning approaches, m

lation and technical documentation. After describing the taken methodolog
the empirical data and the respective results of the experiments will b
Ml Chapter 5] will discuss the results, critically review the taken ag
as well as examine the validity and reliability of presented res Fpter [6] will
summarize the work and give an outlook for possible fut expansion on

this topic.



Chapter 2

Theoretical Background

This section gives an overview of the relevant theoretical foundatiog t of

the experiment’s framework, the following questions are answerg
e What is the data knowledge discovery in databases pg

e What are the advantages of data mining and wj are promising in the

field of machine translation evaluation?

e How does machine translation work ¢ ent approaches are available?

e Which metrics are commonly u achine translation quality?

e What characterizes techni

To answer these questions leals with the knowledge discovery in databases
process, followed by g la mining as well as a detailed elaboration on ma-

viedge discovery in database process (KDD) describes the overall step of discov-
ering useful knowledge from data. Although there exist numerous definitions of the KDD
process [10, [T1} [12], most of them agree on the essential parts. Fayyad et al. define the
KDD as an interactive and iterative process. They outline nine main steps [10, p.42 et
seq.]:

1. Identify the goal of the process and gather prior needed knowledge about the appli-
cation domain.

2. Choose an appropriate data set to extract knowledge from.

6



3. Preprocess the data. This includes removing noise or harmful data records and
deciding on certain settings, such as how missing attribute values are handled in the
data set.

4. Reduce the data to a representable format, for instance, removing not helpful vari-
ables or parameters in terms of the task’s objective.

5. Decide on a data mining approach for the defined objective of the KDD process.

6. After deciding on a general data mining approach, the next step is to choose the data
mining algorithm. It is important to note that this choice often depends Qe end

user’s preference, for instance, whether an understandable format o
amount of prediction quality is favored.

7. This is the main data mining step. It consists of apply] 1 to the
preprocessed data set. The algorithm then searches fo cdge within
the data.

8. Interpret the patterns found by the algorithm rn to one of the pre-
vious steps in order to readjust the setup od

9. The final step of the knowledge dig
sults for further actions, for insfg

ses is using the interpreted re-
for further research or applying a
system to a real-world sceng

kn consist of many iterations and loops. For
fn algorithm, one might conclude that the chosen

As mentioned in step [8] the
instance, after interpreti
algorithm was a wrog P back to step [5]or after reducing the data to a repre-

preprocessing has been done wrongly and return to step

applied fo the data set [[10. p.39]. Therefore, it is a central part of the knowledge discovery
in databases process [13, p.2]. Data mining consists of taking any form of data and
applying analysis algorithms to it in order to reveal patterns or models within the data set
and using these structures to classify the data into different classes (labels). It comprises
a number of research fields such as database systems, statistics and pattern recognition.
Data mining tasks are differentiated depending on the knowledge the algorithm has about
the existing classes in the data set [14, p.51]:



e Supervised learning includes every task in which the algorithm has access to input
and output values. Input values are defined as the external information that the
algorithm is allowed to use, such as attribute values and meta data, while output
values, are the specific labels of the class attribute. This means that the structure of
the data is already known and the goal of these programs is to assign new data to
the correct classes.

e In contrast to supervised learning, unsupervised learning includes all tasks that
have no access to output values and therefore try to find structures within the data
by creating classes on their own.

Since the proposed task is a binary classification problem, concernin
classes professional transiation and automated translation, this wor
vised learning methods.

Furthermore, data mining can be differentiated into two main
discovery. While verification tries to prove the user’s hyp My looks for yet
unknown patterns within the data. The discovery stg description, where
the system finds patterns in order to present the d Mdable format and pre-
diction, where the system tries to predict the f data from patterns. The
subgroup prediction can further be distin ification and regression tasks.
While classification tasks have fixed 1 Wata record has one of these labels
as its class attribute value, regressj bntinuous values as output [13]]. This
work focuses on algorithms th hether a given technical documentation
has been translated profess atically. Therefore, the problem consists of
two fixed labels (profes n and automated translation) and belongs to the
discovery-predictioy, ining. Figure [2.T] shows a general view of the data

mining taxono

\ Data Mining

‘ Verification

‘ Prodiction ‘ Description

l Classification l Regression ‘

S5VM | Neural Networks J [ Decision Trees ‘

Bayesian Networks

L

Figure 2.1: Data mining taxonomy based on [13].



2.3 Machine Learning

In context of the data mining step, it is important to choose the correct approach for tack-
ling the task appropriately. This is often done using machine learning methods. A major
difference between humans and computers has been for a long time that a human beings
tend to automatically improve their way of tackling a problem. Humans learn from previ-
ous mistakes and try to solve them by correcting them or looking for new approaches to
address the problem. Traditional computer programs do not look at the outcome of their
tasks and are therefore unable to improve their behavior. The field of machine learning

a program that became better at playing the game checkers with
played [15] p.881]. In 1967, the first pattern recognition progig detect pat-
terns in data by comparing new data to known data and findj Petween them.
Since the 1990’s machine learning is used in data mining Software systems
as well as text and language learning fields. As a Pmputer program that
gathers data concerning the customers of an e-cg nd creates better person-
alized advertisements out of these pieces g Ps the ability to acquire new
knowledge and comes close to being artj
Furthermore, machine learning systcj classified by their underlying learn-
ing strategies, which are often id

is able to perform [16, p.84 ¢

ount of inference the computer program

e Rote Learning (g fiegy that all traditional computer programs use.

ormation from the given input language to an internal language. Al-
¢ knowledge on how to effectively perform this transformation is still

\S

the computer program. Therefore, this defines a separate level of learning system

y the programmer, this requires little forms of inference from the side of

compared to rote learning.

e In contrast to Learning from Instruction, Learning by Analogy tries to develop
new skills that are almost similar to existing skills and therefore easy to adopt, by
performing transformations on known information. This system requires the ability
of creating mutations and combinations of a dynamic knowledge set. It creates
new functionalities, which were unknown to the original computer program and
therefore requires a lot of inference.



e Learning from Examples is nowadays one of the most commonly used learning
strategies as it provides the most flexibility and enables computer programs to de-
velop completely unknown skills or find unknown structures and patterns in data
[17]. Learning from examples is a technique that is often used in classification and
data mining tasks to predict the class label of new data entries based on a dynamic
set of known examples. In this work, the proposed research questions will be tack-
led with strategies and algorithms that belong to this category.

Following, the most common machine learning systems will be briefly described:

2.3.1 Decision Tree

A Decision Tree is a classification technique that focuses on an &g
representation form and is one of the most common learning mg
use data sets that consist of attribute vectors, which in turn cg Passification
Iy to a certain
the attribute that

attributes describing the vector and a class attribute assi
class. A Decision Tree is built by iteratively splitting
separates the data as well as possible into the diffey ses until a certain stop
criterion is reached. The representation form eg ¥et a quick overview of the
data, since Decision Trees can easily be vj ¥e structured format, which is
easy to understand for humans.
One of the first algorithms conc ree training were the Iterative Dichotomiser
, both developed by Ross Quinlan in 1986

ormed the basis for many further developments.

3 (ID3) and its successor t
and 1993 [18, [19]. Theg

Decision trees are dj ich are used as a decision support tool. They repre-

a class prediction. As an example, a decision problem might be the question whether a
customer in an online shop will make a purchase or not, with the class predictions being
ves and no. Leaf nodes have no outgoing and exactly one incoming edge. Edges represent
the decision taken from the previous node.

Given a node n, all following nodes that are separated by exactly one edge to n are called
children of 7, while 7 is called parent of all its child nodes. Figure 2.2 shows an example
of a Decision Tree. For instance, a data record, having the attributes cold, polar Bear

10



would be passed down to the left subtree, since his temperature attribute is cold and then
down to the leaf “North Pole” being classified with the corresponding label.

Temperature

animal

penguin polarBear

C of the amount of information that is gained by splitting the node using this
attribute. Afterwards, the best value from all attributes is taken and the node is split into
the different outcomes of the respective attribute. At this point, the process of finding the
best split among the attributes is applied recursively to all generated sub trees until a stop
criterion is reached.

Common stop criteria are:

¢ The maximum height of the tree has been reached.

e The number of records in the node is less than the allowed minimum.

11



e The best split criterion does not overcome a certain threshold in terms of gained
information.

If the splitting attribute is of numeric type there is no possibility to split the records into
all outcomes of the attribute. This is one of the main upgrades of the C4.5 Decision Tree
compared to the ID3. The C4.5 is additionally able to calculate the best splitting points
for numeric attributes as well and split them by using greater than or equal and smaller
than operators.

from the Decision Tree, such as parts based on noisy or e
overfitted. This often results in further improvements j Wracy and shrinks
down the tree size. This process is especially impgg fact that every real-

world data set contains erroneous or noisy data.

Computation Time
The time complexity of the original Forithm that considers only nominal
attributes, is O (m * n?) with mJg the training data set and n being the
number of attributes. The ing part of the tree-growing algorithm is
the calculation of the gaing Por each attribute [21, p.500 et seq.]. In order to
calculate the informatjg

in the current traing cded. In worst case scenarios the union of all subsets

node toa leaf testing the corresponding attribute at each node and following the edges to

the appropriate leaf.

12



Algorithm Decision Tree Training Process
training set = S;
attribute set: A;
target Attribute = C;
split criterion = sC;

Grow(S, A, C, sC, stop)
if stop(S) = false

1

2

3

4

5.  stop criterion = stop:
6

7

8 then

9. foralla, € A

10. do find a; with the best sc(S);

11. label current Node with a;

12. for all values v; € a

13. do label outgoing edge with v;

14. Ssub= 8 where a = v;;

15. create subNode = Grow(Ssub. A, (

16.  else currentNode = leaf;
17. label currentNode with ¢, where ¢; 4 value of C' € S;

Figure 2.3: Pseudo code of on Tree [13} p.131].

Figure [2.3] shows the process of on Tree in pseudo code, not taking nu-
meric attributes into accoun starts by testing whether the stop criterion
has been reached or not. Jode is labeled with the most common value of
all existing class labg o set. If the stop criterion is not true, the algorithm

calculates the spl attributes and labels the node with the attribute corre-

Singh and Chauhan define Artificial Neural Networks as “a mathematical model that is
based on biological neural networks and therefore is an emulation of a biological neural
system” [22, p.37 et seq.]. Compared to conventional algorithms, neural networks can
solve problems that are rather complex, on a substantially easier level in terms of algo-
rithm complexity. Therefore, the main reason to use Artificial Neural Networks is their
simple structure and self-organizing nature which allows them to address a wide range of
problems without any further interference by the programmer. Example given, a neural
network could be trained on customer behavior data in an online shop and predict whether

13



the person will make a purchase or not.

An Artificial Neural Network consists of nodes, also called neurons, weighted connec-
tions between these neurons that can be adapted during the learning process of the net-
work and an activation function that defines the output value of each node depending on
its input values. Every neural network consists of different layers. The input layer re-
ceives information from external sources, such as attribute values of the corresponding
data entry, the output layer produces the output of the network and hidden layers connect

the input and the output layer with one another. The input value of each node in every

be divided into two main types [22} p.38 et seq.]:

e Feedforward Networks are defined as all networks that g ack from
the network itself. This means that the input data Jg ection, from
the input nodes through 0 to n hidden nodes t There is no

information given backwards to readapt the syg

e Recurrent Networks are defined as all tain a feedback option and

therefore are able to reuse data fron the learning process in earlier

stages.

The output value of each node j Pusing all input values on a predefined

function that is the same fore¢ etwork. The most commonly used function

is the sigmoid function(o, ed as follows [23] p.167]:

Figure [2.4] shows an Feedforward Neural Network with three input nodes in the input
layer, a single hidden layer and two output nodes.

14
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In a supervised learning scenario, Artificig rks can be trained using the

backpropagation algorithm, which reagg s of the interconnections in the

neural network based on local error g

Backpropagation

Backpropagation in neug Bcribes the process of using a local error of the
network to readjust th interconnections backwards through the neural net.
Explicitly, this mg P prediction for a set of input values has been made, the
actual output ed to the prediction value and an error is calculated. This
error is thy st the weights of the connections starting at the edges that are

direct, e output nodes of the network and then proceeding further into it.

In eural network, it is important to understand the main parameters that
C' optimize the learning process:
. learning rate specifies how fast the learning process is performed. The pa-

rameter’s value lies between 0 and 1 and is multiplied with the local error for every
output value. Therefore, a learning rate of 0 would result in no adaptation at all.
The correct setting for the learning rate is crucial to the success of the learning pro-
cess. If the value is set too high the weights can oscillate and complicate the finding
of the optimal values. However, if the value is set too low, found errors will not
have enough weight to push the network into a new optimization and the weights
can get stuck in local maxima [23| p.167]. In order to find the correct settings, a
decay parameter can be added. This parameter ensures a high learning rate value in

15



the earlier cycles of the training process to avoid getting stuck in local maxima and
forces its reduction during the learning process to avoid oscillation.

e Another important parameter for neural networks is called momentum. It is used
to smooth out the optimization process by using a fraction of the last weight change
and adding it to the new weight change.

e The minimal error is a stop criterion for the learning process similar to the stop
criterion for Decision Trees described in subsectionZ.3.11 Once the combined error
of the network falls below this threshold, the learning process is stopped.

Combining these parameters, the formula for computing a new weight for
the following[23, p.167]:
W=Ixe+mx*W,

where

e IV is the new weight change.

[ is the learning rate.

¢ is the minimal error.

m is the momentum.

e IV, is the weight change g

2.3.3 Bayesian Netwo

Bayesian networks 5 and directed connections between these nodes that

an more detailed algorithms. Normal Bayesian networks use known data to
estimate the dependencies between attributes and the class label and use this information
to calculate probabilities of possible different outcomes of future events. It automatically
applies the Bayes’ theorem to complex problems and is therefore able to gain knowledge
about the state of attributes and their dependencies.

; . P(B|A)xP(A

where

16



e Aand B are events.
e (X)) is the probability that event X occurs.

e P(X|Y) is the conditional probability that event X occurs if event Y is known to
be true [24, p.30-31].

Each node of the graph is labeled with a probability distribution that defines the effects of
a parent node on the child node [25. p.166 et seq.].

2.3.4 Instance-Based Learning (KNN)

Instance-based learning describes the process of solving problems ba
for similar already known problems, also known as nearest neigh
instance-based learning system requires a set of parameters:

e A distance function that measure the similarity betvg I data entries.
This is needed to measure which are the closest 7 ew problem.

e A number of neighbors that are considered P the new problem

e A weighting function that enables fug on of found neighbors to in-

crease prediction and learning qu

e An evaluation method that lon on how to use the found neighbors

to solve the given probleg

Instance-based learning g of the lazy learning methods, which means that

data, st¥s by trying to create a function that splits the data points into the corresponding
labels with (a) the least possible amount of errors or (b) with the largest possible margin.
This is due to the fact that larger empty areas next to the splitting function result in fewer
errors, because the labels are better distinguished from one another.

Figure [2.5]demonstrates that a data set may very well be separable by multiple functions
without any errors. Therefore, the margin around a separating function is being used as an
additional parameter to evaluate the quality of the separation. In this case the separation
A is the better one, since it distinguishes the two classes in a more precise manner.
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Z

Figure 2.5: Visualization of a Support Vector Machine s
by using two different linear separations resulting in g
splitting functions [26].

into two classes,
argins around the

Formally, Support Vector Machines creajy
space. The first attempt in the proces

C hyperplanes in an n-dimensional
data is always, to try to linearly sep-
arate the data into the correspon ple given, for a task of predicting the
probability of a purchase of n online shop uses a data set with n data
points, where each data g a label y € {purchase, nopurchase} and an
attribute vector T co alues for that specific session. The Support Vector

Machine now trigg Mion that separates all data points (Z,y) with y = yes

ple that two customers are acting completely similar in an online shop, with
only one of them making a purchase. This would result in not separable data, due

to the same attribute vector having different labels.

e The second concern is the possibility of overfitting the SVM. To avoid this, data
has to be preprocessed to identify noise and accept some misclassifications. Other-
wise, the accuracy values of the SVM will be flawed and result in more erroneous
classification for future events.

The first problem can be resolved by using the kernel trick, mapping the n-dimensional
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input data to a higher dimensional space, where the data can be separated linearly.

2.3.6 Evaluation of Machine Learning

Another very important part in machine learning, is the problem of how a computer pro-
gram notices which of its results were appropriate and which contained mistakes. An
example where this poses no problems to the algorithm would be a computer program
that tries to predict whether a customer in an e-commerce shop will perform a purchase
or not. The data entry will afterwards be logged with the given information whether the

computer program results in the end. As described in subsecti
classification tasks is normally done by splitting the data s data set and
a test data set. The machine learning algorithm is then St one, while the
test data set is used to calculate performance indic; evaluate the quality
of the algorithm. A common problem for machig [ithms lies in the access
to limited test and training data. Therefore be a serious problem when
evaluating these programs. In order to ¢
use an X-Fold Cross Validation. Cr

whole data set into X parts and

Plem, a common approach is, to
scribes the process of splitting the
I them sequentially as the test data set
while combining the others tg a. Afterwards, the performance indicators
are averaged over all valig R, There is no perfect indicator for every sub-
ject concerning evalugg learning algorithms, since everyone has its flaws

and advantages. T} t factors for evaluating the performance of a machine

0 on rate describes the relative amount of falsely classified data
y; 1s the prediction for the data point ¢ and y; is the actual label, the

[:

ation is defined as

- 1 . .
misc, = n " 2(91 7£ y.’)

(3

The main problem for misclassification is that its results depend highly on the
amount of labels or the data distribution among the class labels. Example given,
achieving a misclassification rate of 0.03 may look very promising without further
context, but in an example where 97% of the data set are labeled with class @ and
3% with class b it is not hard to achieve. The same applies for differences in the
amount of classes available. A misclassification rate of 20% or lower symbolizes
a clearly better machine learning system for a data set of three classes than for one
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with two. To avoid this issue, benchmarking is used.

e Benchmarking describes the process of comparing the value of an indicator to a
reference value, to strengthen its statement. Example given, for a binary classifi-
cation task in a supervised learning scenario the benchmarking algorithm could be
a classifier that always predicts the most common class. The misclassification rate
could then be described in reference to the benchmark. A misclassification rate of
20% in this case, would result for equal class distribution in a relative improvement
compared to the benchmark of 30 percentage points.

e The precision value, also called positive prediction value, is defined ¢
amount of correctly as true classified instances among all as true clg
[28. p.2]. This can be illustrated by using the e-commerce 4
earlier. A precision value of 1 signifies that every as cust
label purchase, truly makes a purchase. However, it ig bte that this

has no influence on the amount of as customer clasg bel no purchase

that make purchases as well.

e The recall value also called sensitivity is clative amount of as true

classified instances among all true in . For the proposed example,
this means that a recall value of ery single purchasing customer
has been labeled with purchasg to note that a recall value of 1 can

be easily achieved by clasgg ance of the data set with purchase.

e The F-Measure aimg statements of recall and precision by using the

harmonic mean bg

. precision * recall
*

precision + recall
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Actual Value

p n total

, | True False
p it | B
Positive Negative

False True
Positive Negative

Prediction
Qutcome

total P N

Table 2.1: Example of a confusion matrix.

The main disadvantage of a confusion matrix is that it j
In this work, machine learning methods will be use bf machine translation

problems, which will be explained in section [2 4

2.4 Machine Translation

The subject of overcoming langy sing devices has a long history starting

in the 17" century. In that a universal language emerged to ease un-
derstanding among peoplg ¢ world, Examples in that time, consisted of
symbols and logical pg futomation of the translation task however came up

as a topic in the ny century and the first machine translation (MT) confer-

According to Hutchins and Somers, machine translation includes the areas of Human-
Aided Machine Translation and Machine-Aided Human Translation, which are defined
as the production of translations by systems with assistance by human translators. How-
ever, computerized systems that provide dictionaries or other top level assistance tools to
human translators are not included [29, p.3]. With the current state of the art, machine
translation is still far from being able to perfectly translate any given text from any source
language to any target language. Nevertheless, after more than five decades of develop-
ment on this topic, computerized systems are able to create “raw’ translations, which are
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normally still revised by humans to validate them. Additionally, these translation ma-
chines are often focused on a specific domain, vocabulary or text type to further improve
their translation quality [29. p.1 et seq.]. Today, there are two different approaches to
machine translations, which will be explained below.

2.4.1 Rule-Based Machine Translation

Rule-based translation covers all translation processes that are based on rules concerning
syntactic, semantic and direct word aspects of the text. Using rule-based translation is al-
ways a trade-off between complexity and quality of the translations. This is, bggse one

of the main advantages of rule-based systems is the missing quality ceilig
tions. In theory, every error can be corrected by implementing a rule fo
and since there is no limit to the amount of rules used, every error g
is a theoretical point of view, since the amount of possible word
and their different meanings is generally too large. Therefoy punt of errors
has to be expected when practically applied. According d Somers, there

are three types of rule-based translations:

e Direct Translation was the first type Flation and it describes all

systems that are developed for a si Pslation direction. This means
that the systems is only capableg xts from a specific source to one
specific target language, whi ¢ using a word-based translation dic-
tionary with no attempt g e context or meaning of the sentence or
text. There is very li al analysis performed, such as identification
of word ending ag 29, p.72 et seq.]. Figure [2.6] shows the general

process of theg

/ -
Source

i Bilingual Target
Langua, Dictionary Language
Look-Up Output /

e Due to the grave lack of syntax and context understanding of the direct translation
method, new approaches were taken to tackle the challenge of machine translation.
The second type of rule-based translations is called Transfer translation, because
it uses a transfer step to analyze source as well as target language and identifies
word relations and possible meanings to create higher quality translations. A com-
mon approach to find out dependencies and correlations of words is the parts of
speech tagging method, which labels every word with its corresponding part of
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speech, such as verb, noun, adjective or adverb. Today, transfer-based approaches
are the most commonly used method, due to its clear advantages over direct trans-
lation and their comparably simple structure. One main disadvantage, the language
dependency, of the transfer structure is shown in Figure 2.7} In order to support
multiple languages and bidirectional tasks, a large amount of transfer processes is
needed. Specifically, in order to add the n + 1st language to a system, an additional
2 = n transfer steps are needed [29, p.75-76]. This led to the development of the

third type of rule-based translations: Interlingua translation.

English-German
Transfer

<

French-German
Transfer

o

Mich Generation

English Analysis

English-French
Transfer

French Analysis

German-Eg

Ty

German Analysis

g

English Generation

=

y

an-English
Transfer

Figure 2.7: Visy
transfer step ipg

\O

ranslation was a second approach to solve the lack of syntactical and

language and direction translation dependency of the
nslation process [29, p.76].

1 understanding of the direct translation approach. The main difference

N

separate step in the translation process. The use of such an auxiliary language that

' transfer translation type is the use of an international auxiliary language as a

is easily compatible with a very wide range of different natural languages would
reduce the amount of needed translation steps drastically, since the needed trans-
formation steps are a transformation from each source language into the auxiliary
language and vice versa. In conclusion, supporting a total of n languages, results
in the need of 2n translation steps. The addition of a language would add two ad-
ditional steps, an analysis step to produce a projection from the new language to
the auxiliary language and a generation step to create sentences in the newly added
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language. This stands in contrast to 2n additional steps in the transfer translation
process. Figure 2.8] visualizes an Interlingua translation process for two languages.
The main problem concerning this approach, lies in the fact that the creation of
such an auxiliary language is not trivial and the support of every existing language
is close to impossible [29] p.74]. Furthermore, since the generation of the sentence
in the target language is strictly independent from the original source sentence, it is
not possible to optimize the source text analysis according to the target language.
This imposes a hard to solve requirement to the auxiliary language, because it has

to provide every possible analyzable aspect of the source text, since it gight be

is still in its early stages of research [29, p.118].

English Analysis \\‘ /ﬁ.\
5
Auxiliary

| Language
_

CGerman Analysis
L y,

Figure 2.8: Interlingua translatiog

A proper way to visualize thg ches to rule-based machine translation is

the use of the Vauquois Py in Figure 2.9] The translation process starts
at the bottom left corng . Depending on the translation approach a certain
amount of analysi cfore the transfer step is carried out to generate the

output sentencg frget language analysis. Since the direct translation uses
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Interlingua

Source Semantic [/ \_\ larget Semantic
_;’J N
2 Transfer \'\_\

Source Syntax / Target Syntax

Source Language

Figure 2.9: Visualization of the amount of analysis performed in
translation process.

2.4.2 Example-Based Machine Translation

Ple-based machine trans-
shed 1984) [31]. There are
¢ area of example-based trans-

The second large area of machine translation type
lation (EBMT). It was first proposed by Nagg
many types of machine translation approgg
lation, but the main defining part of ti Se of a database containing already
translated sentences or text parts process for EBMT systems consists
of comparing fragments of n text parts to the database, matching them
with corresponding simila
[32. p.116]. The matgj

is mostly done by

nd combining these to a newly translated text
a points to the most similar ones in the database
ce measures between the fragments and choosing the



























































































































































































































