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Chapter 1

Introduction

1.1 Motivation

In practical data mining applications data often has to be pre-processed to
be usable by a chosen machine learning method and to achieve an acceptable
level of performance in prediction. One central problem in this context is
the representation of the examples by a good set of features, i. e. a set
of features that allows the learning method to find a candidate hypothesis
solving the learning task at hand within its hypothesis search space. Hence,
finding a suitable set of features may be far more important for the overall
learning success than the choice of a particular learning method. Therefore
it is often necessary to use complex operator chains, combining different pre-
processing and learning steps, rather than using a particular single learning
scheme. While such methods can be combined manually and by writing
special scripts whenever a new data mining task arises, much less effort is
required, if a flexible machine learning and data mining environment can be
used.

A tool that meets all the described requirements is YALE - Yet another
learning environment [9], which allows to easily specify and execute such
learning chains for pre-processing, especially comprising feature generation
and selection as well as multi-strategy learning. This modular, non-com-
mercial environment supports nested operator chains and the exchange of
individual operators by alternative operators and thereby the systematic
evaluation and comparison of different operators and operator chains for the
same (sub)task. To guarantee the re-usability and applicability to new tasks,
this machine learning environment was designed to be easily extendable.

For an enhanced scalability and applicability, YALE was designed to read
data from files, main memory, or a database, which ever seems to be most
appropriate for the current task, without making changes in the data mining
operators necessary when changing the data source or switching between
keeping all or just one example at a time in main memory. The latter may

11



12 CHAPTER 1. INTRODUCTION

be the preferable approach in case of very large data sets. Thus, the source
and the way of handling the example is transparent to the other operators in
the data mining chain. For efficiency reasons, YALE does not create copies
of the data unless really necessary for the task. This a clear advantage
compared to other existing data mining tools (see section 1.2).

1.2 Existing environments

There already exist several machine learning and data mining environments
that provide a number of methods from machine learning, statistics, and
pattern recognition. This sections describes two of the most popular existing
non-commercial learning environments and explains why they do not fully
meet our requirements. These two freely available data mining enviroments
are WEKA! (Waikato Environment for Knowledge Analysis) [13], developed
at University of Waikato, NZ, and MLC++2 [7], first developed at Stanford
University, CA, USA, and then extended by Silicon Graphics, Inc. (SGI),
CA, USA.

Weka is a collection of machine learning algorithms implemented in Java.
WEKA supports a large number of learning schemes for classification and
regression (numeric prediction) like decision tree inducers, rule learners, sup-
port vector machines, instance-based learners, naive Bayes, multi-layer per-
ceptrons, etc. and basic evaluation methods like cross-validation and boot-
strapping [2]. WEKA has some pre-processing algorithms for the manipula-
tion of attributes as well as three basic feature selection schemes, namely the
feature correlation based approach [3], a wrapper approach [6], and a filter
approach [5]. Additionaly WEKA provides meta classifiers like bagging [1]
and boosting [11].

MLC++ is a library of C++ classes for supervised machine learning.
It provides a number of learning schemes similar to those used in WEKA.
Additionally wrappers around these basic inducers like a discretization filter,
a bagging wrapper, and a feature selection wrapper are provided.

Unfortunately neither of these two data mining environments meets all
of our requirements, because for example both of them neither support the
composition and analysis of complex operator chains consisting of different
nested pre-processing, learning, and evaluation steps nor sophisticated fea-
ture generators for the introduction of new attributes. MLC++ supports
operator chains in a rather restrictive way. One can only build wrappers
around basic inducers (learning schemes), but not around nested operator
chains. The same applies to WEKA, where nesting can only be realized
by numerous comand line calls, by creating copies of (subsets of) the data
set, and manual data file management or by writting your own experiment
and data management program. An additional shortcoming of WEKA is its

1h'l:'l:p ://www.cs.waikato.ac.nz/ml/weka/
zhttp ://www.sgi.com/tech/mlc/
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lacking scalability. It expects the example set to fit completely into main
memory, which for many data mining tasks is not possible, and it is very
slow on large data sets. For n-fold cross-validation WEKA creates n copies
of the original data set, only one at a time, but still requiring the resources
for the copying.

1.3 Operators and operator chains

Real-world data mining tasks are often solved by a sequence or combination
of several data pre-processing and machine learning methods. In YALE, each
such method is considered an operator.

A sequence of such operators is called an operator chain. An operator
chain again is an operator, both in the sense of a definition as well as in the
object-oriented programming sense. One central aspect is, that by enclosing
other operators or operator chains, operators are arbitrarily nestable, so that
even complex experimental setups can be built.

For example a nested cross-validation could be used to first optimize
some parameters of a data pre-processing and learning chain (inner valida-
tion) and to then evaluate the performance of the whole experimental set-up
(outer validation).

Operators that enclose other operators or operator chains are often re-
ferred to as wrappers. Typical examples of wrappers are cross-validation
and feature selection wrappers [6]. Section 4 describes an example of such a
nested cross-validation experiment for the learning task of selecting a good
attribute set.

To explain some basic concepts behind operator chains in YALE, let us
first consider a simple learning chain presented in figure 1.1 .

Operator Chain
Cross Validation AREIE G
ExampleSet| average
Example ExampleSet | Learner "7 Model ExampleSet Evaluator Paform%,, F?tfo,r[n,a}ie
Source Mogel | Applier

Figure 1.1: A simple example of a nested operator chain.

This figure shows an example of a simple nested operator chain. The
outmost operator is an Operator Chain which sequentially applies its inner
operators. The first of them is an instance of the operator ExampleSource
which loads a set of labelled examples from a file. These examples are passed
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to a CrossValidation Chain which splits them up into a training and a test set.
The Learner uses the training set for the generation of a model which then is
used by the ModelApplier to label the test set. The Evaluator compares the
generated and the actual labels and returns the performance value. Finally,
the enclosing CrossValidation Chain outputs the average performance value
of all cross-validation steps.

The operator chain in figure 1.1 showed rather abstract operator types
like learner, model applier, and evaluator than concrete operators like e.g.
a specific decision tree learner.

The different types of operators can be organized in a hierarchy in the
object-oriented programming sense with the class Operator at its top and
for example OperatorChain, Learner, ModelApplier, and Evaluator as
some of its descendants and with e.g. DecisionTreelLearner as a subclass
of Learner, which again has C45Learner, a C4.5 decision tree learner [8],
as a subclass.

Similarly, the things passed between operators can be organized in a
hierarchy. As already explained in the previous section, among the ob-
jects passed between operators in an operator chain are attribute sets, ex-
ample sets, classification and regressions models, example sets with addi-
tional labels, and performance evaluation results. Each operator receives an
I0Container as input that may contain some of these objects and delivers
an I0Container with such objects. During its execution, an operator may
modify, remove, or add objects in the I0Container before passing it to the
next operator in the operator chain. Some operators may require certain
objects to be present in their input and guarantee others to be in their out-
put. For example a Learner requires a labeled set of examples as input and
generates a model, a ModelApplier requires a model and a set of examples,
for which it should predict the labels, and so on. Objects that are present
in the input of an operator without being required are usually ignored and
passed on to the next operator. YALE verifies that each operator receives
its required inputs before executing an operator chain.

In order to support the comparison of different operators and operator
chains for the same (sub)tasks, operators are easily ezchangable by other
operators. The only premise is, that the subsequent operators in an operator
chain, or more general all operators that share a common interface, have
fitting input /output types.

1.4 Data handling

The data is described in an attribute set description file® and the experiment
is specified in a configuration file* containing a description of the employed

3For a more elaborate description of attribute set description files see section 3.3.2
*A detailed description of configuration files is provided in section 3.2
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operator chain. Two additional types of files are needed to execute an ex-
periment. One file type contains the examples (attribute values file) and
the other contains the labels of the examples for a particular classification
or regression task (label file). YALE can process data sets that can be de-
scribed in a single table, i.e. in an attribute-value vector format, in which
each example is described by an attribute-value vector of equal fixed length.

For almost all operators in YALE it is transparent, whether the examples
are read in from a text file, from main memory or from a database, and
whether only one or all examples are kept in main memory at a time. The
environment only uses an internal structure to iterate over the instances in
an example set and hence does not need to distinguish between the different
possible data sources and ways of managing the data. The source and way
of handling the data only depend on the chosen example source operator
and its parameterization.

1.5 Meta knowledge

While the use of meta knowledge is standard in database and software en-
gineering systems, many learning systems do not consider meta knowledge.
YALE supports the (optional) use of meta knowledge, especially for the task
of feature generation.

Attributes in YALE are described by two data structures, the value type
and the block type. While the value type of an attribute (or label) specifies
the data type of the individual attribute (like e.g. numerical or nominal),
the block type contains some meta-data about the attribute, e.g. if it is
just an individual attribute or part of a more complex data structure like
an interval boundary or a time series. For each data structure, there exists
an ontology describing the hierarchical is-more-general-than- /is-superset-of-
relation between the different types.

The information about the attribute types of an example is useful for
feature generators, which can check their applicability to given attributes by
verifying their attribute types. A generator extracting the maximum value of
a time series can for example restrict its application to all value series in the
attribute value vector of an example and generate the maximum for each
such series separately while ignoring for example all individual attributes
and interval attributes.
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Chapter 2

Installation notes

2.1 Download

The latest version of YALE is available on the YALE homepage:
http://yale.cs.uni-dortmund.de/ .

The YALE homepage also contains this document, the YALE javadoc, exam-
ple datasets, and example configuration files.

2.2 Installation

YALE is completely written in Java, which makes it run on almost every
platform. Therefore it requires a Java Runtime Environment (jre) or a
Java Development Kit (jdk) version 1.2 or above. Both are available at
http://java.sun.com/. After unzipping the downloaded YALE version to
a directory of your choice, it is necesssary that the bin directory is added
to the PATH environment variable.

Congratulations: YALE is now installed. In order to check if YALE is
working correctly, you can change to another directory and create the fol-
lowing file installtest.xml:

<operator name="Global" class="OperatorChain'">
</operator>

Figure 2.1: Installation test

It shows the simplest experiment which can be done with YALE. More
precisely, it isn’t even an experiment, because nothing will be done. Nev-
ertheless, start YALE typing yale installtest.xml and you should see
the message ”Experiment finished successfully” after a few moments if ev-
erything goes well. Otherwise the words ”Experiment not successful” or

17
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another error message can be read. In this case something is wrong with
the installation. Please check if you execute the correct file.

2.3 General settings

Certainly you have seen that a running installation of Java is essential for
working with YALE. The possibility of using external programs such as
machine learning methods is discussed in the operator reference (chapter 5).
These programs must have been properly installed and must be executable
without YALE, before they can be used in any YALE experiment. You have
to specify the paths to this programs and some other general or platform
dependant settings which do not need to be declared in every experiment
file. Similarly one can specify different settings for each user.

In order to use the external operators, you need to download the software
called by these operators, i.e. some of the following. Please make sure that
the programs run properly without using YALE first and specify the paths
to the programs as described below.

e mySVM is Stefan Riping’s implementation of a support vector ma-
chine [12].
http://www-ai.informatik.uni-dortmund.de/SOFTWARE/MYSVM/

e SVMU 9ht is Thorsten Joachim’s implementation of a support vector
machine.
http://svmlight.joachims.org/

e The Weka package contains many learning and clustering algorithms.
In order to use Weka, you do not need to specify a path in a config file,
but simply put the file weka. jar from the downloaded Weka library
in the 1ib directory of YALE. Please refer to the description of the
Weka, operators in section 5.3.16.
http://www.cs.waikato.ac.nz/ml/weka/

e (C4.5 is a widely used descision tree learner by Ross Quinlan [8].
http://www.cse.unsw.edu.au/ "quinlan/

You can specify the paths to external programs, which of course may
be platform dependent in a network environment, or general settings, which
should be applied for all users, in the YALE configuration files, which can be
found in the etc directory. Additionaly, a user can declare options which
exclusively hold for himself. In each line of these files a parameter can be
specified by key = wvalue. Comments start with #. Table 2.1 shows all
possible keys. Please also consult the operator reference in chapter 5.

There are several ways to use these settings files. You can store them in
different places or pass them to YALE via the command line. In all cases,
local settings are more binding than global settings.
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‘ Key ‘ Description
yale.logfile.format declares if YALE should format the log file
(true or false or yes or no)
yale.mysvm.learncommand absolute path to the mySVM model learner
yale.mysvm.applycommand absolute path to the mySVM model applier

yale.svmlight.learncommand | absolute path to the SVM!9ht model learner
yale.svmlight.applycommand | absolute path to the SVM' 9" model applier

yale.c4b.learncommand absolute path to the C4.5 decision tree
learner

yale.c4b.rulecommand absolute path to the C4.5 tree to rule
converter

Table 2.1: Possible global settings

global: In the etc subdirectory of the YALE directory with names yalerc
for global settings or yalerc.OS for platform dependent global set-
tings like absolute pathes to the learning methods. OS can be Sun0S,
Linux or other platforms supported by Java. You can pass the place
where the global files are stored to YALE with the option
-Dyale.globalrc=filename .

user: In his home directory, each user can declare settings that only apply
to him in configuration files named .yalerc and/or .yalerc. OS.

directory: Files named like the files mentioned under global are also searched
for in the current working directory from where YALE is invoked. All
experiments executed in this directory use these settings.

commandline: After all you can start YALE with the option
-Dyale.rcfile = filename , e.g.

yale -Dyale.rcfile=mySettings myExperiment.xml

YALE searches for the given file mySettings and for mySettings. OS
with the current value of OS, which is the value of the Java property
os.name. If you don’t know the value of this porperty, scan the output
of YALE for the configuration files it tries to read. If you want to use
different settings for a certain experiment you can pass these settings
to YALE in this way.
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Chapter 3

First steps

3.1 First example

Let’s start with a simple example similar to the one you know from the
introduction (simpleezample.xzml). The example at hand loads an example
set from a file, generates a model using a support vector machine (SVM)
and evaluates the performance of the SVM on this dataset by estimating the
expected absolute and squared error by means of a ten-fold cross-validation.
In the following we will describe what the parameters mean without going
into detail to much. We will describe the used operators later on in this
section.

But first of all let’s start the experiment. We assume that your cur-
rent folder contains the two files simpleexample.xml (see figure 3.1) and
attributes.cml. Also make sure you have a tmp subdirectory to store tem-
porary files in. Now start YALE typing yale simpleexample.xml. After a
short while you should read the words “Experiment finished successfully”.
Congratulations, you just made your first YALE experiment. If you read
“Experiment not successful” instead, something went wrong. In either case
you should have a newly generated file named simpleezample.log in your
working directory. In the latter case it should give you information about
what went wrong. All kinds of debug as well as information messages and
the measured absolute and squared errors are written to this file. Have a
look at it now.

The log file starts with the experiment tree and contains a lot of warnings,
because most of the parameters are not set. Don’t panic, reasonable default
values are used for all of them. At the end you find the experiment tree
again. The number in squared brackets following each operator gives the
number of times the operator was applied. It is one for the outer operators
and ten within the ten-fold cross-validation. Every time an operator is
applied a message is written to the log file indicating its input objects (like
example sets and models). When the operator terminates its application it

21
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<operator name="Global" class="OperatorChain">

<parameter key="logfile" value="simpleexample.log"/>
<parameter key="logverbosity" value="0"/>
<parameter key="temp_dir" value="./tmp"/>

<operator name="ExampleSource" class="ExampleSource'">
<parameter key="attributes" value="attributes.xml"/>

</operator>

<operator name='"XValid" class="XValidation">
<parameter key='"number_of_validations" value="10"/>

<parameter key="type" value="polynomial"/>
<parameter key="degree" value="3"/>

<operator name="Learner" class="SVMLearner" parentlookup="1"/>

<operator name="ApplierChain" class="OperatorChain'">
<operator name="Applier" class="SVMApplier" parentlookup="2"/>
<operator name="Performator" class="PerformanceEvaluator">

<parameter key="criteria_list" value="absolute squared"/>

</operator>

</operator>

</operator>
</operator>

Figure 3.1: Simple example configuration file
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writes the output to the log file again. You can find the average performance
estimated by the cross-validation close to the end of the file.

Taking a look at the experiment tree in the log file once again, you will
quickly understand how the configuration file is structured. There is one
operator tag for each operator specifying its name and class. Names must
be unique and have the only purpose of distinguishing between instances of
the same class. Operator chains like the cross-validation chain may contain
one or more inner operators. Parameters can be specified in the form of
key-value pairs using a parameter tag.

We will now focus on the operators without going into detail too much.
If you are interested in the the operator classes, their input and output ob-
jects, parameters, and possible inner operators you may consult the reference
section of this tutorial (chapter 5).

The outermost operator called “Global” is an OperatorChain. An oper-
ator chain works in a very simple manner. It applies its inner operators
successively passing their respective output to the next inner operator. The
ouptut of the operator chain is the output of the last inner operator. While
normal operator chains do not take any parameters, this particular oper-
ator chain (being the outermost operator) has two parameters: the name
of the log file (logfile) and the name of the directory for temporary files
(temp_dir).

The ExampleSource operator loads an example set from a file. An ad-
ditional file containing the attribute descriptions is specified (simpleezam-
ple.zml). References to the actual data files are specified in this file as well
(see section 3.3 for a description of the files). The resulting example set is
then passed to the cross-validation chain.

The CrossValidation evaluates the learning method by splitting the input
example set into ten subsets Si,...,S19. The inner operators are applied
ten times. In run number 7 the first inner operator, which is a SVMLearner,
generates a model using the training set (J;.; Sj. The second inner operator,
an evaluation chain, evaluates this model by applying it to the remaining
test set S;. The SVMApplier predicts labels for the test set and the Perfor-
manceEvaluator compares them to the real labels. Afterwards the absolute
and squared errors are calculated. Finally the cross-validation chain re-
turns the average absolute and squared errors over the ten runs and their
variances.

3.2 Configuration files

Configuration files are XML documents containing of only three types of
tags. They define the operator tree and the parameters for the operators.
Parameters can have a single value or a set of values. This feature must
not be mistaken. If a parameter is defined as a set of values, then certain
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operators facilitate repetitive execution of operator chains with the different
parameter values. Without those special operators only the first value for
each parameter will be used.

operator

The operator tag represents one instance of an operator class. Three at-
tributes can be set:

name: A unique name identifying this particular operator instance

class: The operator class. See the operator reference (chapter 5) for a list
of operators.

parentlookup: If this parameter is set to the integer n, then every time a
parameter for this operator is queried, but undefined for this operator,
the n enclosing operator chains will be queried for the parameter as
well. The default value is zero.

For instance, an operator tag for an operator that reads an example set from
a file might look like this:
<operator name='"MyExampleSource" class="ExampleSource">

If class is a subclass of OperatorChain, then nested operators may be con-
tained within the opening and closing tag. Parameters for this operator are
defined by means of parameter tags.

parameter

As discussed above, a parameter can have a single value or a set of values.
In either case it must have a name which is unique for the operator. The
attributes of the parameter tag are as follows:

key: A unique name for the parameter.

value: The value of the parameter. The character ’$’ has a special meaning.
Parameter values are expanded as follows:

$n becomes the name of the operator.

$c becomes the class of the operator.

$a becomes the number of times the operator was applied.
$t becomes the system time.

$$ becomes $.

group: This attribute is optional and rarely needed. The respective oper-
ator description gives information about how grouped parameters are
interpeted. The group attribute is used when the key does not have
a fixed value.
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In order to specify a filename for the above example one might use the
following parameter:

<parameter key="attributes" value="myexamples.txt"/>

If the value attribute is not used, all text between the opening and closing
tag is interpreted as the value. Similarly one can use the set tag to define
a set of values.

set

This tag can only be used within a parameter tag. All enclosed text is
interpreted as a comma separated list of parameter values. See section 5.5.9
for the purpose of this tag.

3.3 Input files

YALE knows four kinds of input files, which are discussed in this section.

3.3.1 Example data files

The data for an example set can be distributed over several files. Therefore
it is possible to specify the way example files are parsed, there is a default
meeting the usual requirements: examples are separated by newlines, the
columns are separated by whitespace.

3.3.2 Attribute set description files

Attribute set description files are read by the ExampleSource operator. They
are simple XML documents defining the properties of the attributes (like
their name and range) and their source files.

The outer tag must be an <attributeset> tag. The only attribute of
this tag may be default_source=filename. This file will be used as a default
file if it is not specified with the feature.

The inner tags can be at most one <label> and at most one <weight>
tag and an arbitrary number of <attribute> tags. Apart from their obvious
meaning all of them have the same attributes:

name: The name of the attribute.

sourcefile: The name of the file containing the data. If this name is not
specified, the default file is used.

sourcecol: The column within this file (numbering starts at 1). If this
attribute is a label and your dataset is unlabelled you can omit the
sourcecol attribute. Note that you cannot omit the whole label tag
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if you have unlabelled data and intend to label it! In that case you
can specify this by setting sourcecol to none.

sourcecol _end: If this parameter is set, its value must be greater than the
value of sourcecol. In that case, sourcecol — sourcecol_end attributes
are generated with the same properties. Their names are generated
by appending numbers to the value of name. If the blocktype is
value_series, then value_series_start and value_series_end re-
spectively are used for the first and last attribute bocktype in the
series.

unit: The unit given as a list of m, s, kg, A, K, cd, mol followed by an

exponent (only necessary if different from 1). Example : kgms-2 (=

k‘; 2 = Newton). The specification of of a unit is optional.

valuetype: One out of nominal, numeric, integer, real, and ordered.

blocktype: Oneout of single value, value_series, value_series_start,
and value _series_end

blocknumber: A block number.

classes: A whitespace-separated list of values for nominal attributes. For
classification learners that can handle only binary classifications (“pos-
itive” and “negative”) the first entry in this list is assumed to be the
positive label.

See figure 3.2 for an example attribute description file.

3.3.3 Model files

Model files contain the models generated by learning operators in previous
YALE runs. They can be read in and applied by the appropriate model
applier, i.e. the appropriate subclass of ModelApplier.

3.3.4 Attribute generation files

An AttributeSetWriter can write an attribute set to a text file. This file can
later be used by a FeatureGeneration operator to generate the same set of
attributes in another experiment and/or for another set of data.

The attribute generation files can as well be generated by hand. Every
line is of the form f(attribute_-names,...,attribute_name,). The functions
can as well be nested. An example of a nested generation description might
be: f(g(a),h(b),c). See page 5.6.8 for a reference of the available functions.
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<attributeset default_source="polynom.dat">

<attribute name = "attl"
sourcecol = """
valuetype = "real"
blocktype = "single_value"
blocknumber = "1"
unit = "n
/>
<attribute name = "att2"
sourcecol = nan
valuetype = "real"
blocktype = "single_value"
blocknumber = "2"
unit = un
/>
<attribute name = "att3"
sourcecol = 3"
valuetype = "real"
blocktype = "single_value"
blocknumber = "3"
unit = un
/>
<attribute name = "att4"
sourcecol = ""4n
valuetype = "real"
blocktype = "single_value"
blocknumber = "4"
unit = "n
/>
<attribute name = "attb"
sourcecol = "g"
valuetype = "real"
blocktype = "single_value"
blocknumber = "H"
unit = "n
/>
<label name = "label"
sourcecol = "g"
valuetype = "real"
blocktype = "single_value"
blocknumber = "6"
unit =
/>
</attributeset>

Figure 3.2: An example attribute set description file in XML syntax.
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Chapter 4

Advanced experiments

At this point, we assume that you are familiar with the simple example
from section 3.1. You should know how to read a dataset from a file, what
a learner and an applier do, and how a cross-validation chain works. These
operators will be used frequently and without further explanation in this
chapter.

4.1 Feature selection

Let us assume that we have a dataset with numerous attributes. We would
like to test, whether all of these attributes are really relevant, or whether
we can get a better model by omitting some of the original attributes. This
task is called feature selection and the backward elimination algorithm is an
approach that can solve it for you.

Here is how backward elimination works within YALE: Enclose the cross-
validation chain by a FeatureSelection operator. This operator repeatedly
applies the cross-validation chain, which now is its inner operator, until the
specified stopping criterion is complied with. The backward elimination
approach iteratively removes the attribute whose removal yields the largest
performance improvement. The stopping criterion may for example be that
there has been no improvement for a certain number of steps. See page 67 for
a detailed description of the algorithm. Figure 4.1 shows the configuration
file.

You can try most of the algorithms in YALE with small modifications of
this configuration file. You can try some of the following things:

e Use forward selection instead of backward elimination by changing
the parameter value of selection_direction from backward to forward.
This approach starts with an empty attribute set and iteratively adds
the attribute whose inclusion improves the performance the most.

e Use the GeneticAlgorithm operator for feature selection instead of the

29
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FeatureSelection operator (see page 69).

e Compare the results of the three approaches above to the BruteForce
operator. The brute force approach tests all subsets of the original at-
tributes, i.e. all combinations of attributes, to select an optimal subset.
While this operator is prohibitively expensive for large attribute sets,
it can be used to find an optimal solution on small attribute sets in
order to estimate the quality of the results of other approaches.

<operator name='"Global" class="OperatorChain">

<parameter key="logfile" value="advancedl.log"/>
<parameter key="logverbosity" value="0"/>
<parameter key='"temp_dir" value="./tmp"/>

<operator name="Input" class="ExampleSource">
<parameter key="attributes" value="./attributes.xml"/>
</operator>

<operator name='"BackwardElimination" class="FeatureSelection">
<parameter key="selection_direction" value="backward"/>

<operator name="XVal" class="XValidation">
<parameter key="number_of_validations" value="5"/>

<parameter key="type" value="polynomial"/>

<parameter key="degree" value="3"/>

<operator name="Learner" class="SVMLearner" parentlookup="1"/>

<operator name="ApplierChain" class="OperatorChain">
<operator name="Applier" class="SVMApplier" parentlookup="2"/>
<operator name="Evaluator" class="PerformanceEvaluator">

<parameter key="criteria_list" value="absolute"/>

</operator>

</operator>

</operator>
</operator>
</operator>

Figure 4.1: A feature selection experiment
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4.2 Splitting up experiments

If you are not a computer scientist but a data mining user, you are probably
interested in a real-world application of YALE. May be, you have a small la-
belled dataset and would like to train a model with an optimal attribute set.
Later you would like to apply this model to your huge unlabelled database.
Actually you have two separate experiments.

4.2.1 Learning a model

This phase is basically the same as described in the preceeding section.
We append two operators to the configuration file that write the results
of the experiment to files. First, we write the attribute set to the file
selected attributes.att using an AttributeSetWriter. Second, we once
again train a model, this time using the entire example set, and we write it
to the file model.mod. For the configuration file see figure 4.2. Execute the
experiment and take a look at the file attributes.att. It should contain
the selected subset of the originally used attributes, one per line.

4.2.2 Applying the model

In order to apply this learned model to new unlabelled dataset, you first
have to load this example set using an ExampleSource. You can now load
the trained model using a ModelLoader. Unfortunately, your unlabelled data
probably still uses the original attributes, which are incompatible with the
model learned on the reduced attribute set. Hence, we have to transform the
examples to a representation that only uses the selected attributes, which
we saved to the file attributes.att. The FeatureGenerator loads this file
and generates (or rather selects) the attributes accordingly. Now we can
apply the model and finally write the labelled data to a file. See figure 4.3
for the corresponding configuration file.

As you can see, you can easily use different dataset source files even in
different formats as long as you use consistent names for the attributes. You
could also split the experiment into three parts:

1. Find an optimal attribute set and train the model.

2. Generate or select these attributes for the unlabelled data and write
them to temporary files.

3. Apply the model from step one to the temporary files from step two
and write the labelled data to a result file.
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<operator name="Global" class="OperatorChain">

<parameter key="logfile" value="advanced2.log"/>
<parameter key="logverbosity" value="0"/>

<parameter key="temp_dir" value="./tmp"/>
<parameter key='"type" value="polynomial"/>
<parameter key='"degree" value="3"/>

<operator name="Input" class="ExampleSource'>
<parameter key="attributes" value="./attributes.xml"/>
</operator>

<operator name="BackwardElimination" class="FeatureSelection">
<parameter key="selection_direction" value="backward"/>

<operator name="XVal" class="XValidation">
<parameter key="number_of_validations" value="2"/>

<operator name="Learner" class="SVMLearner" parentlookup="3"/>

<operator name="ApplierChain" class="OperatorChain">
<operator name="Applier" class="SVMApplier" parentlookup="4"/>
<operator name="Evaluator" class="PerformanceEvaluator">

<parameter key="criteria_list" value="absolute"/>

</operator>

</operator>

</operator>
</operator>

<operator class="AttributeSetWriter" name="AttributeSetWriter">
<parameter key="attribute_set_file" value="selected_attributes.txt"/>
</operator>
<operator name="ModelWriter" class="SVMLearner" parentlookup="1">
<parameter key="model_file" value="model.mod"/>
</operator>
</operator>

Figure 4.2: Training a model and writing it to a file
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<operator name="Global" class="OperatorChain">

<parameter key="logfile" value="advanced3.log"/>
<parameter key="logverbosity" value="0"/>
<parameter key="temp_dir" value="./tmp"/>

<operator name="Input" class="ExampleSource'>
<parameter key="attributes" value="./attributes.unlabelled.xml"/>
</operator>

<operator name="FeatureGenerator" class="FeatureGeneration">
<parameter key="filename" value="selected_attributes.txt"/>
</operator>

<operator name="ModelLoader" class="ModelLoader">
<parameter key="model_file" value="model.mod"/>

</operator>

<operator name="Applier" class="SVMApplier">

<parameter key="type" value="polynomial"/>
<parameter key="degree" value="3"/>
</operator>

<operator class="ExampleSetWriter" name="ExampleSetWriter">
<parameter key="example_set_file" value="polynom.labelled.dat"/>
</operator>
</operator>

Figure 4.3: Applying the model to unlabelled data
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4.3 Parameter and performance analysis

In this section we show how one can easily record performance values of an
operator or operator chain depending on varied parameter values. In order
to achieve this, the YALE experiment chain described in this section makes
use of two new YALE operators: ParameterOptimization and ExperimentLog.

We will see how to analyse the performance of a support vector machine
(SVM) with a polynomial kernel depending on the two parameters (poly-
nom) degree and . We start with the usual experiment core: a validation
chain containing a SVMLearner, a SVMApplier, and a PerformanceEvaluator.
Now we would like to vary the parameters. In order to provide a set of pa-
rameters one can use the set tag. Figure 4.4 shows how this works: within
the parameter tag there must be a set tag holding a comma-separated list
of values. Since we have four different values for the parameter (polynom)
degree and five different values for the parameter e, there are 20 possi-
ble parameter combinations. The ParameterOptimization operator applies
its inner operators 20 times using a different one of these combinations each
time. Finally the ParameterOptimization operator returns an optimal param-
eter value combination. In our case, a polynom degree of 3 and the smallest
tested ¢, i.e. 0.01, should be selected, because this combination produces
the optimal performance among the parameter value combinations tested,
i.e. it minimizes the absolute regression error.

In order to create a chart showing the absolute error over the parameters
degree and €, we can create a datafile using the ExperimentLog operator. All
parameters in the group log are evaluated. The key provides the name for
the column and the value specifies where to retrieve the value or parameter
from. See page 42 for details about the format. Figure 4.5 shows the result-
ing file. You can use tools like gnuplot to generate a fancy chart like that
in figure 4.6.

Now you already know quite a lot about YALE. You can try to combine
some of the experiments of this chapter:

e Analyse the performance of a feature selection algorithm over time
(current number of generations).

e Try to optimize the parameters of a genetic algorithm (but be sure to
have a good book to read meanwhile).

!The performance of a polynomial SVM also depends on other parameters like e.g. C,
but this is not the focus of this experiment.
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<operator name="Global" class="OperatorChain'">

<parameter key="logfile" value="advanced4.log"/>
<parameter key="logverbosity" value="0"/>
<parameter key="temp_dir" value="./tmp"/>

<operator name="Input" class="ExampleSource'>
<parameter key="attributes" value="./attributes.xml"/>
</operator>

<operator name="ParameterOptimization" class="ParameterOptimization">

<operator name="Validation" class="RandomSplitValidationChain">
<parameter key="split_ratio" value="0.5"/>

<parameter key="type" value="polynomial"/>
<parameter key="epsilon'"><set>0.01,0.03,0.05,0.075,0.1</set></parameter>
<parameter key="degree'"><set>1,2,3,4</set></parameter>

<operator name='"Learner" class="SVMLearner" parentlookup="1"/>

<operator name="ApplierChain" class="OperatorChain">
<operator name="Applier" class="SVMApplier" parentlookup="2"/>
<operator name="Evaluator" class="PerformanceEvaluator">

<parameter key="criteria_list" value="absolute"/>

</operator>

</operator>

</operator>

<operator name="ExpLog" class="ExperimentLog">
<parameter key="filename" value="svm_degree_epsilon.txt"/>
<parameter group="log"
key="degree"
value="operator.Learner.parameter.degree"/>
<parameter group="log"
key="epsilon"
value="operator.Learner.parameter.epsilon"/>
<parameter group="log"
key="absolute"
value="operator.Validation.value.performance"/>
</operator>

</operator>
</operator>

Figure 4.4: Parameter and performance analysis
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# Generated by
# ExpLogledu.udo.cs.yale.operator.ExperimentLogOperator]
# degree epsilon absolute

1 0.01 53.687639080124534
1 0.03 49.38624625677904
1 0.05 47.49028865368657
1 0.075 46.32938028661449
1 0.1 59.45448890118538
2 0.01 21.846579110313726
[...]

Figure 4.5: The performance of a SVM (gnuplot input data file automati-
cally generated by YALE)

Absolute error

Figure 4.6: The performance of a SVM (plot generated by gnuplot)



Chapter 5

Operator reference

This chapter describes the built-in operators that come with YALE. Each
operator section is subdivided into several parts.

1. An enumeration of the required input and the generated output ob-
jects. The input objects are usually consumed by the operator and
are not part of the output. Operators may receive more input objects
than required. In that case the unused input objects will be appended
to the output and can be used by the next operator.

2. If the operator is an operator chain: A list of the required inner oper-
ators.

3. The parameters that can be used to configure the operators. Ranges
and default values are specified. The values for boolean parameters
can be yes, true, on, no, false, and off. Required parameters are
indicated by bullets (o) and optional parameters are indicated by an
open bullet (o)

4. A list of values that can be logged using the ExperimentLog operator
(see p. 42).

5. A textual description of the operator.

Notice that some operators extend the functionality of other operators. This
is indicated by the word eztends. In this case, the operator inherits its
parent’s input and output classes, parameters, and values. Actually all
operators extend Oper tor or Oper tor  in but this is not indicated.

Some of the operators are bst ¢t and can not be used. They only
serve as a superclass for other operators that have a common behaviour or
purpose. Abstract classes are set t c.



. ¢ nt the number of times this operator was applied
e ¢ e the time elapsed since the application of this operator started

. t e the time elapsed since the last application loop started (only
relevant for some wrappers which call the n pply oop method)

This is the abstract superclass of all operators. It has no
semantics apart from some basic values, that can be queried.

e the first inner operator’s input

e the last inner operator’s output

An operator chain consecutively calls its inner operators
passing their respective output to the next inner operator.



In this section operators are described which provide functionalty to read
or write data and results respectively.

® none

e Ex mpe et the example set which is generated from the data in the
given file

o tt b tes filename for the attribute M file, see section 3.3

e}

se t _¢ s the characters given by this string are separators be-

tween the values. efault values are all whitespace characters and
79

7
o n ec s the characters given by this string are ignored by the op-
erator

oc ent_.c s lines beginning with these characters will be ignored
by the operator

o  zT_ex es the maximum number of examples to read from the file,
default: -1 (read all examples)

This operator reads an example set from one or several files.

ou can specify several delimiter characters and characters that will be ig-

nored totally. Additionally, comment characters can be given. The charac-

ters and’ quote intermediate text. The default values of the Ex mpe o r e

operator can probably be used for most commonly used text file data for-
mats.



® none

e Ex mpe et the example set read from the database

tt b tes filename for the attribute M file, see section 3.3
e ¢ _ e afile containing the S  query

os e_s e themaximum number of examples to read from the database

This operator reads an example set from an S database.

e Ex mpe et the example set to be written to a file

e Ex mpe et the example set which has been written to a file

°cx e_set_. e mname of the file the example set is to be written to

This operator writes the values of all examples and labels of
the example set into a file. Every line represents one example and is written
in the following form:

alue alue alue la el la el .
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