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Abstract

The machine learning approach to problems from computational biology is to learn models
from labeled training examples. A common problem in supervised learning is the lack of
sufficient training data. Often, however, there exists a large body of data on a different, but
related problem. In order to boost performance on our problem of interest, we would like to
utilize information from this related domain. The field of domain adaptation formalizes this
scenario and provides intelligent algorithms to transfer information between domains. The
aim of this work is to compare, extend and develop domain adaptation algorithms suited for
problems in computational biology.

A central part of this work is the evaluation of domain adaptation methods in large scale
computational experiments. To our knowledge, this work constitutes the first thorough ex-
perimental comparison of available domain adaptation algorithms in a well controlled exper-
imental framework. Furthermore, we are one of the first to apply such methods to problems
in computational biology, which appears to provide a wealth of potential applications.

Representative for the class of sequence-based classification problems we chose the problem
of splice site prediction - an important subproblem in computational gene finding. In splice
site prediction, challenges arise from an extremely high dimensional feature space, unbalanced
data sets and the fact that there is very little labeled data available for newly sequenced
organisms. To improve performance on the organism of interest, we turn to other organisms as
additional sources of information. Experiments were conducted for a set of target organisms
of varying phylogenetic distance to the source organism and for multiple data set sizes.
Comparing the methods over a range of conditions allows us to draw conclusions under what
circumstances which methods perform well.

We observed that the methods that learn solutions on all data sources simultaneously per-
form best. Furthermore, methods based on simple convex combinations provide the most
cost-effective solution to the domain adaptation problem. The largest improvements over
baseline methods can be observed if the organisms are only distantly related. Using the ex-
ample of splice site prediction, we can show that domain adaptation algorithms are well suited
to considerably boost predictive performance on sequence based classification problems.
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1 Introduction

1.1 Domain Adaptation in Computational Biology

Learning models from data lies at the very heart of computational biology. Advances in
biotechnology have led to considerable amounts of diverse biological data which reside in
databases all over the world. Instead of attempting to decipher data manually to understand
the underlying biological mechanisms, machine learning enables us to learn models from data
in an automated and mathematically well-defined manner. In supervised learning, this is
done by estimating parameters of a model from labeled training examples.

The more complex the model is, the more data is required to obtain a good predictor.
In supervised learning, the limiting factor is often lack of sufficient training data. In fact,
in machine learning, we frequently face situations where only little data is available for the
problem that we would like to investigate, while there exists a large body of data on a different,
but related problem. These data could serve as valuable sources of information, which we
would like to exploit for the purpose of improving the predictive performance on our domain
of interest. This gives rise to the need for intelligent domain adaptation algorithms, which
help to transfer knowledge between domains in a sensible way.

The field of computational biology provides plenty of problems for which domain adaptation
algorithms are relevant. In principle, every family of related problems for which more data
could be helpful constitutes a possible application. Consider metabolic networks for a set
of organisms, gene expression data from multiple tissues or promoter detection on several
families of genes. Only recently, the problem of domain adaptation has started to attract
attention in the machine learning community (EP04; DIM06; BMP06; JZ07; BABCPO07).
Yet, very little research has investigated the application of domain adaptation algorithms to
the field of computational biology (KKSA05). The focus of this work is to analyze domain
adaptation algorithms for biological sequence analysis. This is done with the problem of gene
finding in mind, which heavily relies on sequence signal prediction.

1.2 Application to Gene-finding

In the face of considerable advances in sequencing technologies (Met05; HIO7), the genomes
of an increasing number of organisms have been sequenced. Whereas the number of available
genomes was limited to representants of the main branches of the tree of life (see Figure 1.1)
in the past, the availability of genomes has improved dramatically over the last years and
will continue to become even more fine grained in the future.

To fully take advantage of the genomic sequence, annotations are created by assigning
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Figure 1.1: Tree of life. This figure shows an artistic illustration of the tree of life. One can see

the early split between procaryotes and eukaryotes. Furthermore, the eukaryotic
branch is illustrated with examples for several kingdoms. [http://www.tolweb.org]

labels (e.g. intron, exon) to sequence segments. These annotations are of great importance,
as they form the basis for subsequent biological experiments. Due to the sheer amount of
data from various sources, such as EST (expressed sequence tag) or cDNA (complementary
DNA) alignments, protein alignments, conservation, gene expression data or epigenetical
data, the manual curation of sequence annotations renders extremely labour intensive. All
this motivates the demand for reliable gene finding algorithms to create high-quality sequence
annotations.

The problem of domain adaptation arises when the genomes of organisms are newly se-
quenced that do not have sufficient EST coverage. In fact, this is a common problem as the
sequencing of genomes proceeds at a greater pace than the creation of EST libraries. Thus,
we have to work with extremely incomplete annotations, which in turn results in the lack of
labeled training data. This motivates the idea of considering related organisms as additional
sources of information.

One way of realizing an information transfer between organisms is the use of conservation
of the DNA sequence. Here, one aligns the genomes of two or more organisms and considers
the matching regions. The assumption is that introns are significantly less conserved between
species than exons, because there is lower evolutionary pressure towards the conservation of
non-functional sequence. A potential problem is that we will only be able to benefit from
whole genome alignments if the respective organisms are at an intermediate phylogenetic
distance (e.g. human and mouse). If the organisms are too close, introns as well as exons
might be conserved. On the contrary, if they are too far apart, one will simply obtain bad
alignments, where only a relatively small percentage of the genome is aligned. Most useful are
alignments that preserve the correspondence between coding exons, while showing divergence
in intronic regions. Another way of transferring information between organisms is to align
protein sequences from related organisms to the genomes of the newly sequenced organisms.



1.3 Aims of the Thesis

Lastly, one could simply train a gene finder on a related, well-annotated organism and use it
to predict on a newly sequenced organisms. This has the disadvantage that we discard the
potentially little but valuable information we have for the organism of interest.

In this work, we investigated an alternative approach to the problem of information transfer
between organisms. Instead of relying on alignments, we employ domain adaptation algo-
rithms from the field of machine learning. The domain adaptation algorithms presented in
this work are not meant to replace alignment-based methods, but rather constitute a com-
plement that approaches the problem of information transfer from a different direction.

Ultimately, we would like to use domain adaptation algorithms to enhance the gene finder
mGene, which is a SVM (support vector machine) based machine learning approach to the
gene finding problem and is actively developed by the Machine Learning in Biology group at
the FML!. mGene employs a two-layered design. On the first layer, sequence signals such
as splice sites or transcription start sites are recognized using a binary classifier. All outputs
from the first layer are subsequently combined into a state model to predict a complete gene
annotation. Because of this two-layered structure, it is possible to treat the layers separately
with respect to domain adaptation. The main focus of this work lies on the improvement of
sequence signal recognition on the first layer. Therefore, special attention was paid to domain
adaptation methods that readily integrate into the framework for sequence signal prediction
(SVMs using string kernels).

1.3 Aims of the Thesis

Generally speaking, we attempt to investigate domain adaptation algorithms for genomic
sequence signal prediction in the context of gene finding.

The main contributions of this thesis are:
e A survey of domain adaptation algorithms
e Efficient implementations of domain adaptation algorithms based on new ideas

e Empirical comparison of the above methods on a problem relevant to gene finding

1.4 Thesis Structure

Chapter 2 will provide an overview of the biological background and explain the machine
learning techniques that form the building blocks of the employed domain adaptation algo-
rithms.

Subsequently in Chapter 3, we turn our attention to the field of domain adaptation. Here
the idea of domain adaptation will be discussed in depth, including a detailed description
of the methods used in this thesis. Special attention will be given to methods that were
developed or modified in the course of this work.

'Friedrich Miescher Laboratory of the Max Planck Society, Tiibingen, Germany, where this work was created.
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In Chapter 4, we will briefly go over implementational aspects, explain some design choices
and outline the development of missing computational infrastructure for performing large
scale in silico experiments.

After having introduced the relevant methods and their practical realization, Chapter 5
will discuss the application to splice site prediction. The key difficulties of the splice site
prediction problem are outlined, then the experimental setup is explained and lastly results
are presented.

In Chapter 6, we discuss our findings and give an outlook on future research.

The thesis concludes with Chapter 7, where the central aspects of the thesis are summa-

rized.



2 Background

2.1 Biology

2.1.1 Gene structure

As this work is motivated by the requirements of ab-initio gene finding, it makes sense to first
define the structure of a gene. It is indeed non-trivial to come up with a general definition of
a gene, when taking into account functional RNAs, pseudogenes and the like, as they have no
overall conserved structure. For simplicity, I will therefore restrict myself to the definition of
a eukaryotic protein-coding gene and its elements, based on the dogma of molecular biology.
A simplified illustration of the dogma is displayed in Figure 2.1.

. _DNA genic intergenic
pre - mRNA
exon intron exon intron exon
mRNA
5'UTR e . /" N\ 3'UTR
protein
|

Figure 2.1: Schematic overview of the dogma of molecular biology. The dogma applies to
protein-coding genes only. Segments of the DNA that get transcribed are termed
genic, non-conding regions intergenic. DNA is transcribed to pre-mRNA, which
carries introns and exons. Splicing removes introns from the pre-mRNA, lead-
ing to mature mRNA. Lastly, an mRNA is translated to protein. Segments at
the beginning and end of the mRNA that are not translated are referred to as
untranslated region (UTR). This Figure was created by Gabriele Schweikert.

To obtain a better understanding of the structure of a gene, the steps involved in gene
expression will be briefly explained, as most sequence signals are relevant to one of these
steps. In a simplified view, there are three steps on the way from a gene to its product, a
protein: Transcription, splicing and translation.
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Transcription In the first step, DNA is transcribed to a primary transcript, or pre-mRNA
(pre-messenger RNA). Transcription gives rise to an exact! RNA copy of the (coding strand
of the) genome sequence. An important difference between RNA and DNA is the fact that
RNA is single stranded, while DNA forms a double helix. Transcription is initiated by the
recognition of sequence features or signals on the DNA located immediately upstream of
a gene (the promoter region) by so-called transcription factors. Transcription factors are
proteins that recognize these TFBS (transcription factor binding sites). Once they have
bound to the DNA, an RNA polymerase is attracted and transcription starts. When a signal
for cleavage is encountered the transcript is cleaved and a poly-A tail (chain of several adenine
nucleotides) is appended. The product of this first process is pre-mRNA, which will be further
processed in the subsequent steps.

Splicing Pre-mRNA contains internal non-coding sequences which are excised from the RNA
by subsequent enzymatic reactions. These regions are called introns, the ones that remain are
called exons. The excision involves the recognition of sequence features by so-called splicing
factors and leads to mature mRNA (see Section 2.1.2 for more details). It should be noted
that the choice of splice sites is not always deterministic, but subject to regulation. This is
referred to as alternative splicing.

Translation In the last step (called translation) proteins are synthesized. Triplets of nu-
cleotides (called codons) code for one amino acid. Translation is initiated at another sequence
signal and continues until a stop codon (ATG) is encountered. The region upstream of the
translation start is referred to as 5> UTR (untranslated region), the one downstream of the
stop codon is called 3’ UTR. What follows then is post-processing of proteins, as well as
transport to their destination. After this brief overview of gene expression, sequence signals
and regions are summarized in Figure 2.2.

The recognition of the following signals is involved in gene expression:

e Promoter

Transcription Start

e Donor

Acceptor

Cleavage
e Translation Start

e Translation Stop

With the above signals it is possible to give a precise definition of the structure of a protein
coding gene. Furthermore, the recognition of the above signals, plus the analysis of the
composition of the various regions are exploited to construct high quality gene finders, such
as mGene.

! Thymin in DNA is replaced by uracil in RNA.
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Figure 2.2: Simplified gene structure and positions of sequence signals relevant to gene find-
ing. The promoter is a potentially long region upstream of the transcription
start (TSS). The region contains transcription factor binding sites (TFBS). Not
everything that is transcribed is also translated. The region between T'SS and
translation start (TIS) is referred to as 5’ untranslated region (UTR). Eukaryotic
genes often contain sequences that are excised (introns), which are bounded by
the donor (don) on the 5’ end and the acceptor (acc) on the 3’ end. In between
is the branch point (br), which is relevant for lariat formation. Translation is ter-
minated at translation stop (stop), the region between translation stop and the
cleavage site is called 3> UTR. After transcription, the poly-A tail is appended to
the mRNA. It plays a role in mRNA stability as well as transport.

2.1.2 Splicing

In this work, special attention is given to the recognition of splice sites. Thus, the underlying
process will be explained in more detail. Splicing plays an important role in gene expression,
gene regulation, and protein diversity in eukaryotes.

The Mechanism After transcription of RNA precursors, a complex of splicing factors cat-
alyzes the removal of introns from the pre-mRNA. Splicing can be roughly divided into two
stages. In the first stage, sequence signals are recognized and the complex assembles at the
splice sites. Then, after all components have assembled, cleavage and ligation reactions lead
to the excision of the intron. The complex of splicing components is referred to as spliceo-
some. It consists of several proteins and five snRNPs (small nuclear ribonucleoprotein), U1,
U2, U5, U4, and U6, which contain a small RNA bound by proteins. To assure the precise
excision of introns, a number of signals located in both the intron and the exon have to be
recognized. These signals interact with various parts of the spliceosomal complex. In partic-
ular, splicing is directed by the following main splicing signals, the 5’ splice site or donor, the
branch site, the polypyrimidine tract and the 3’ splice site or acceptor, as shown in Figure
2.3. These sequence signals serve as binding sites for splicing factors. We utilize the presence
of those signals to identify splice sites, with the help of machine learning techniques (see
Section 2.2.4).

The assembly of the spliceosome is initialized by a number of binding reactions of splicing
factors to the respective signals. Ul snRNP binds to the donor, the protein SF1 to the branch
site, the U2 snRNP auxiliary factor U2AF large subunit to the polypyrimidine tract at the
3’ end of the intron, and the U2AF subunit to the 3’ splicesite. Subsequent recruitment of
additional factors that interact with the ones already bound to the pre-mRNA leads to the
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branch pyrimidine

site tract 3'site

exon2 ] 3

Figure 2.3: Assembly of the initial spiceosomal complex. Recognition of the 5’ splice site by
an RNA-RNA binding reaction of Ul snRNP, followed by a recruitment of U2AF
to the polypyrimidine tract and the 3’ splice site. SF1 interacts with the branch
site sequence and bridges Ul with U2AF, making the first connection between
the two splice sites (Lew00).

formation of the mature spliceosome (KRMO05). The spliceosome brings together the 5" and
3’ splice site, before any reaction can occur. The reaction with the 5 splice site involves
formation of a lariat that joins the GU end of the intron via a 5’-2’ linkage to the A at the
branch site (see Figure 2.3). Then the 3° OH end of the exon attacks the 3’ splice site, the
exons are ligated and the intron is released as a lariat (Lew00).

2.2 Kernel Methods

One of the central building blocks of this work are kernels. In the following section we
therefore give an intuitive explanation of the underlying concepts, as well as a few formal
definitions. For a thorough, rather theoretical introduction to kernels, the reader is referred
to (SBS99; SS02). Alternatively, (STV04; BHOS108) provide a comprehensive introduction
to kernel methods with a focus on computational biology.

2.2.1 Similarity Measure

In machine learning, a kernel can be intuitively understood as a similarity measure, which
must satisfy certain mathematical conditions. A simple example of a function that fulfills
these conditions is the scalar product, or dot product. In the context of kernel methods, the
dot product is referred to as linear kernel. Thus, an intuitive way of thinking of kernels is as
a generalization of the dot product.

2.2.2 Kernel Trick

Consider a set {x1,...,x,} € X of arbitrary, possibly non-vectorial objects. A natural way
of processing such objects in an algorithm would involve finding a vectorial representation.
Therefore, a first step would be to come up with a function ¢ : X — R?% d € N that maps
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these objects to a vector space, which we will refer to as feature space. The successive steps
of the algorithm could then deal with the images ¢(x1),...,¢(x,) rather than the objects
themselves.

The problem with this approach is, that such a mapping can lead to very high dimensional
feature spaces. In particular, when attempting to capture all traits of a complex object,
such as a sequence, by a vectorial representation, the feature space becomes often extremely
high-dimensional, which leads to an unacceptable increase in memory usage and computation
time.

Kernel methods employ a different strategy. To circumvent the problem of high-dimensional
feature spaces, kernels avoid an explicit mapping ¢ by providing a way to compare two arbi-
trary objects directly with a real-valued comparison function k. Also, it is sometimes easier
to define a comparison function between two objects than to find an explicit representation
in a vector space. For instance, consider sequence data, where a vectorial representation is
not obvious, while plenty of methods for sequence comparison exist.? With the use of kernels,
the mapping ¢ is solely implicit. Kernels can be formally defined as follows:

Given a mapping ® : X — H, which maps elements x from input space X to a dot product
space H, a kernel corresponds to the dot product in feature space (SS02). In the context of
machine learning, H is often referred to as Reproducing Kernel Hilbert Space (RKHS). For
an exact definition, the reader is referred to (SS02).

k(x,x") = (®(x), P(x')) (2.1)

Example Consider the toy example in Figure 2.4. We have points of two classes (red, blue)
which live in a two dimensional input space. Say, we would like to classify the points by their
class, ideally with a simple rule. Clearly, there exists straight line that separates the two
classes. Thus, we define a mapping ® : R? — R3, & : (21, 29) — (2%, V27172, 23) which maps
our points from two dimensional input space into a three dimensional feature space. In this
space, we can now separate the two classes by a plane.

One can show, that a polynomial kernel of degree two can be used to compute the dot prod-
uct between two points in the three-dimensional feature space, without explicitly performing
the mapping ¢, if we define the kernel as follows:

k(x,x") = (x, x'>2

2However, not all comparison algorithms give rise to valid kernels.
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Figure 2.4: Toy example illustrating the polynomial kernel
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Our kernel £ is simply the square of the dot product in input space. Thus, we can compute
similarities between points in feature space, without having to perform an explicit mapping
®. This allows us to compute similarities between objects efficiently, which would quickly
become computationally infeasible for non-trivial problems.

2.2.3 Encapsulation of data and non-linearity

The use of kernels has two important consequences. In case of a vectorial input space,
they can be used to implicitly map examples from input-space to another vector space of
potentially very high dimension. Therefore, an important aspect of kernels is that they
provide a convenient way of introducting non-linearity into otherwise linear algorithms. An
example where this could be useful was presented in Figure 2.4. Furthermore, in case of non-
vectorial data, the kernel avoids an explicit mapping to a vector space, by directly comparing
objects and thus defining a similarity measure. In either case, the data can now be represented
as a set of pairwise comparisons. For a set of n objects, n X n comparisons represents our
dataset. This matrix of comparisons is referred to as Kernel matrix, or Gram matrix.

10



2.2 Kernel Methods

Definition: Kernel Matrix Given a function k : X? — K (where K = C or K = R) and
patterns x1,...,x, € X, the n X n matrix K with elements

Kij = k(zi, )

is called the Kernel matrix (or Gram matrix) of k with respect to 1, ..., Tp.

Definition: Positive Definite Matrix A complex n x n matrix K satisfying

Z CiCjKij 2 0

ihj

for all ¢; € C is called positive definite (SS02).

Definition: Positive Definite Kernel Let X be a non-empty set. A function k on X x X
that gives rise to a positive definite Gram matrix for all n € N and all zq,...,z, € X, is
called a positive definite kernel.

The above definitions shed light on the question which conditions have to be satisfied such
that a pairwise comparison function k is considered to be a valid kernel.

From the viewpoint of software engineering, kernels allow an elegant encapsulation of ar-
bitrary objects into machine learning algorithms. If the algorithm knows about the kernel
matrix k; ;, it can be agnostic to whether the underlying objects are vectors, sequences, im-
ages, graphs, or of any other structure. This point is worth being stressed in the context of
computational biology, as one encounters objects of diverse structure, such as DNA and pro-
tein sequences, chemical compounds in graph representation, or high-dimensional vectorial
data from microarrays, to name a few.

#examples
kernel #examples N

o function 3 training
=2 a
3 —- = — X
£ g
* £
dataset kernel matrix decision function

Figure 2.5: Encapsulation of data from the algorithm. The kernel encapsulates data from the
algorithm and thus allows a modular design of machine learning software.

As shown in Figure 2.5 kernel methods consist of two components. The first component, the
kernel, is responsible for embedding the dataset in feature space, while the second component,
the learning algorithm, attempts to discover linear patterns in that space. One speaks of
kernelization, when a formerly linear algorithm (i.e. formulated in terms of the dot product)
is generalized by the use of kernels. A prominent example of a classic algorithm, that has
been kernelized is the kernel-principle component analysis (kernel-PCA) (SSM99).

11
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2.2.4 String Kernels

The main idea of string kernels is to define a similarity measure between two strings, based
on the substrings they have in common. In the following, strings of length k will be referred
to as k-mers. Clearly, the more k-mers occur in both sequences at corresponding position,
the more similar the sequences are. Of particular interest to this work is the the so-called
Weighted Degree kernel (RS04), which defines a similarity between two example sequences x
and x’ of fixed length L by counting co-occurring substrings in both sequences at the same
position:

L
kZVd(X7 X,) — Z Z Bd]: (X[l:l+d] = X/[l:l+d]> (22)

where I is an indicator function, X[;.;44 is the substring of length d of x at position [ and

Ba = 2%21‘?1 is the weighting of the substring lengths. The weights compensate for the fact

that longer k-mer are less likely per se.

2.3 Support Vector Machines

2.3.1 Motivation

Many machine learning algorithms have been studied during the last decades, amongst them
prominent algorithms like Neural Networks that have played a role since the 1970s. However,
during the 90s a machine learning method called Support Vector Machine became popular.
An SVM is a typical kernel method, where an otherwise linear algorithm can be extended
by the use of non-linear kernels. Several reasons were responsible for the success of the
SVM. One could argue that one of the central reasons was that statistical learning theory
(Vap00) provides probabilistic bounds, which guarantee a certain performance of the SVM.
In a nutshell, (Vap00) were able to show that pursuing the large margin approach of the
SVM would lead to good generalization performance. Another important reason was that
the training of the SVM corresponds to solving a convex optimization problem, for which
well-understood solutions exist.

Supervised Learning The SVM is a supervised learning approach.? In the supervised learn-
ing scenario, samples are drawn from a joint distribution P(X,Y") of objects and labels. The
goal is to learn a predictor f : X — Y from a set S of labeled training examples. In this
work, we focus on a special case: binary classification, where each object belongs to one of
two classes, indicated by the label y € {—1,+1}. The SVM attempts to separate two classes
by a linear (but kernelizable) discrimination function of the form f(z) = sign(w’x+b). The
question arises how f can be learned from data.

Generative vs. Discriminative In supervised learning one can distinguish generative and
discriminative methods. While discriminative approaches such as the SVM focus solely on

3However, the one-class SVM allows for density estimation.

12



2.3 Support Vector Machines

the discrimination boundary between classes, generative models try to estimate the under-
lying distributions, which would allow the generation of data from the learned model. This
means that, whereas generative classifiers learn a model of the joint probability P(X,Y), a
discriminative classifier focuses on the posterior P(Y|X) directly (see Figure 2.6).

. PXY = +1)
. PYIX)
. -:
® oo
° .o. 3 L .
. ° . 4 o. .o.
! °
......... « ° P(X[Y=-1)
°

Xz

Figure 2.6: Generative vs. discriminative. Discriminative models focus on the separation
boundary P(Y|X). Generative classifiers learn a model of the joint probability
P(X,Y), which is shown class-wise in this Figure.

One can now argue that, given the prior P(X) one can always obtain the posterior P(Y'|X)
from the joint probability P(X,Y") by using Bayes’ Rule: P(Y|X) = P(X,Y)/P(X). Thus, if
we are only interested in classification, generative models take a costly detour. In such cases,
(Vap00) recommend to prefer discriminative classifiers over generative classifiers, in order to
avoid solving a more general problem as an intermediate step to solving a simpler problem.
Intuitively speaking, discriminative models perform better if a limited amount of data is
available, because finding the optimal separator generally has a ”lower degree of freedom”
than estimating the underlying distributions.

2.3.2 Optimization Problem

First, a few definitions are necessary. The SVM attempts to infer a separation boundary to
discriminate examples according to their class. This boundary is commonly referred to as
hyperplane. A hyperplane is a (n — 1)-dimensional subspace of a n-dimensional space. A
hyperplane is defined by a normal vector w that determines the orientation of the plane and
a constant b that determines the distance from the origin. In the following, w and b will be
referred to as primal variables of the SVM.

The training algorithm of the SVM can be formulated as a convex optimization problem.
This is advantageous because there exists one global optimum* and we know how to obtain
it. The ideas that motivate the formulation of the SVM will be briefly discussed.

4Neglecting saddle points which could lead to arbitrarily many optima of the same value.
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2 Background
Large margin

Other than for instance the perceptron, we are not looking for just any hyperplane that
separates our two classes, but the hyperplane that does so with a large margin. This is not
only in agreement with our intuition, but is also motivated by statistical learning theory
(Vap00).

Xi 4 Xq A

X X
(a) Perceptron: Any hyperplane that sepa- (b) Large margin classifier: The optimal solu-
rates the data is an optimal solution tion has the largest possible margin

Figure 2.7: Example illustrating the difference between the perceptron algorithm and the
large margin approach.

It can be shown that the “thickness” of the margin equals m Thus, the SVM can be
formulated as the following optimization problem:

L op
Er
st yi(wlix;+b)—1>0Vielln]

(2.3)

The term w!'w that enforces the large margin is referred to as regularizer. From a func-
tional point of view, it limits the complexity of the function class that is taken into account.
An intuitive explanation of Equation 2.3 is the following. We attempt to find the hyperplane
with the largest margin, given that all training points are to be located on the correct side
(in the half-space that corresponds to their class label) of the hyperplane. The above formu-
lation is generally referred to as hard-margin SVM because a violation of the constraints is
prohibited under all circumstances.
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2.3 Support Vector Machines

Soft margin

In practice, however, most problems are not linearly separable. Therefore one needs to relax
the formulation of the SVM, such that a solution exists, even for problems with overlapping
classes. This is done by introducing so-called slack terms &;. In principle a penalty is intro-
duced into the objective of the optimization problem, for points that lie on the wrong side
of (or within) the margin. This term is referred to as loss-term. In particular, the SVM
incorporates the so-called hinge loss. For an in depth discussion of loss functions, including
the hinge loss, the reader is referred to (CBL06). The hardness of the margin (i.e. slope of
the cost function) can be set using a hyperparameter C'.

min W W+ CZ&, (2.4)

w,b,&

sty (wl Xi+b)+€i— 1>0Viell,n]
& >0Vie(ln

An abstract view

We have introduced all ingredients necessary to formulate the SVM in an abstract manner. It
has become clear that a solution to the optimization problem constitutes a trade-off between
obtaining a large margin (which is enforced by the regularization term ) and minimizing
the cost induced by the loss term L, if constraints are violated.

Thus, the SVM can be written as follows (Cha07):

N
min Q(w) +C Y L(w, bixi, i)

Fither term represents a potential target to introduce conditions relevant to domain adap-
tation into the formulation of the SVM. This will be discussed in Chapter 3.

Solving the SVM

Given the above optimization problem, one can derive the dual formulation of the SVM by
first forming the Lagrangian using Lagrange multipliers o; and then eliminating the primal
variables (w, b, ). Details will be skipped at this point, a thorough discussion of the derivation
of the dual can be found in (SS02). As a result, one obtains the following formulation:
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2 Background

max Z a; — = Z Z 05y Y5 (Xi, Xj) (2.5)

z—l 7=1
subject to Z a;y; =0

0<qa; <~vforalli=1,...,n

It is important to point out that we only have to deal with the dual variables «; in this
formulation. Furthermore, the dual only depends on the dot product and can thus be gener-
alized using the kernel trick, by setting (x;,x;) = k(x;,x;). The solution of an SVM yields a
vector of «;, assigning a weight to each training example z;. Examples z; which are assigned
a non-zero weight a; # 0 are termed support vectors. The normal vector w of the resulting
separation boundary (a hyperplane) is entirely defined by these support vectors, as follows
(note that b can also be obtained from the dual solution):

n
w = E QY X4
i=1

where y; denotes the label of example x;. As mentioned before, this gives rise to a predictor
function f, which can be used to classify unseen examples x:

f(x) = sign(wlx +b)

2.4 Evaluation

2.4.1 Cross-validation

To evaluate a trained predictor, a part of the dataset is set aside before training. This part
will be referred to as evaluation set. It is of great importance that none of the data points
in the evaluation set are used in training, because an overfitted predictor will report a small
error on its training data, while it will most likely perform poorly on unseen data. Because
we are ultimately interested in the ability of our classifier to perform well on unseen data,
we measure performance on the evaluation set to estimate how well our trained predictor
generalizes.

A common technique that formalizes the splitting of data into training and evaluation sets
is the n-fold cross-validation. Here, the dataset is split into n parts. The predictor is trained
on n — 1 parts, and performance is measured on the remaining part. This is repeated until
each part has been used as evaluation set once.

If we use cross-validation to perform hyperparameter (i.e. C' in case of an SVM) optimiza-
tion, the hyperparameters are selected to achieve optimal performance on the evaluation set.
Thus, the hyperparameter are “fitted” to the evaluation set as well. Therefore an additional
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part of the dataset has to be set aside that will not be used in hyperparameter tuning. This
set is called test set and will be used to evaluate performance only after hyperparameters
have been optimized.

2.4.2 Performance Measures

We employ two common performance measures for evaluation purposes. The most common
one in machine learning is the area under the Receiver Operator Characteristic curve (au-
ROC). Due to its problems with unbalanced datasets, another related measure called area
under Precision Recall curve (auPRC) is used.

actual positive actual negative

predicted positive | true positive (TP) | false positive (FP)

predicted negative | false negative (FN) | true negative (TN)

Table 2.1: Confusion matrix of correct and incorrect predictions (DGO6).

The following metrics are relevant to the performance measures that were used.

Precision Precision is defined as the fraction of actual positive examples among all positive
predictions (see also Table 2.1).

TP
Precision = —— (2.6)
TP + FP

True Positive Rate The TPR is defined as the faction of correctly identified positive exam-

ples among all positively labeled examples. It is also referred to as sensitivity, or recall.
TP

TPR = Recall = Sensitivity = ———— (2.7)
TP + FN

False Positive Rate The FPR is the fraction of examples that were incorrectly predicted
as positives, among all negatives. The FPR is often referred to as (1 — Specificity)

False Positive Rate = (1 — Specificity) = TNFifFP (2.8)

auROC
A ROC curve is obtained by plotting sensitivity (or TPR) versus 1 — Specificity (or FPR).

This is done for varying cutoffs. The auROC score is then obtained by calculating the area
under the ROC curve.

auPRC

The area under Precision Recall Curve is a related measure. Because the datasets used in
this work are quite unbalanced (see Chapter 5), the auPRC is better suited to obtain a
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good estimate of the prediction accuracy (DGO06). The auPRC score is obtained by plotting
precision versus recall (as defined above). Again, this is done for varying cutoffs.
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3 Domain Adaptation

3.1 Overview

One of the central assumptions in statistical learning theory is that training and test data are
drawn from the same underlying distribution. However, in many cases this assumption does
not hold. In supervised learning, the bottleneck in terms of predictive performance is often
the lack of sufficient labeled training data. Let us assume, that we have a large body of data
available on some domain, while we are really interested in a different but related domain,
where only little data is available. Following (BABCPO0T7), the domain with sufficient training
data will be referred to as source domain, whereas the domain with none or little labeled
training data will be called target domain. The domain adaptation scenario is encountered
in numerous applications of machine learning. Consider the following examples:

e Spam filter: A spam filter is trained on data from a large body of users. In case of a
new user, the predictor has to be adapted to a similar but possibly different distribution
of emails.

e Acoustic models: In speech recognition, an acoustic model that is trained by one speaker
but used by another has to be adapted to a new domain.

e Face recognition: A predictor is trained on data that was obtained under particular
lighting conditions, but will be used under different conditions as well.

e Splice site prediction: For newly sequenced organisms, nearly no labeled training data
exists, whereas a large body of data is available for related organisms.

One can distinguish two cases of domain adaptation. The first is a purely supervised
learning scenario, where a large corpse of labeled data is available on the source domain and
a limited amount of labeled data is available on the target domain. Following (Jia08), this
case will be termed supervised domain adaptation. Conversely, the case where we do not
have any labeled training examples in our target domain will be referred to as unsupervised
domain adaptation. Unless stated otherwise, the supervised case will be assumed.

3.2 Distributional Point of View

In the following, the domain adaptation scenario is analyzed from a distributional point of
view. In a supervised learning scenario, samples are drawn from a joint distribution P(X,Y)
of examples X and labels Y. Given a source domain, and a target domain, the question arises
in which way Ps(X,Y) can differ from Pr(X,Y), where Ps(X,Y") is the joint distribution
with respect to the source domain and Pr(X,Y) is the joint distribution with respect to the
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3 Domain Adaptation

target domain. The following factorization gives the answer:

P(X,Y)=P(X)-P(Y|X)

It becomes clear that the distributions Ps(X,Y) and Pp(X,Y’) can vary in different ways.

o Pg(X) # Pr(X): Here, we assume that the underlying mechanism, which generated

labels to examples remains unchanged (i.e. Ps(Y|X) = Pr(Y|X)). However, marginal
distributions P(X) might differ between source and target domains. This scenario is
commonly known as covariate shift. For a discussion of the covariate shift scenario
(including problematic aspects of the assumptions) see (Shi00).

For instance, consider the spam filter example. The distribution of words between the
emails of, say, a journalist, who is signed up to several political mailing lists, and a
computer scientist, who is signed up to various tech-related mailing lists, are likely
to be quite different. Some words will be found more frequently in the inbox of one,
others will be more often encountered in the email account of the other. However, in
the covariate shift scenario one assumes, that both individuals agree on which emails
are considered to be spam, and which are not. That way, the underlying mechanism
P(Y|X) is identical for both domains.

Ps(Y|X) # Pp(Y|X): In this case one also allows for differences in the underlying
mechanisms P(Y|X) between domains. Again, in terms of the spam example, this
would mean that one person considers some emails to be spam that are interesting to
another individual.

The above observations not only help giving a better understanding of the domain adap-

tation problem, but also help to organize the methods that will be discussed in the following

section.

3.3 Methods and Extensions

In the following, we will present methods from literature, discuss some extensions and present
own developments. Methods are explained in the context of their respective category to
facilitate their understanding and to expose their relations to each other.

3.3.1 Baseline Methods

As baseline methods, we considered three obvious methods to compare against.
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e SourceOnly: Only examples from the source dataset are used for training, ignoring data

from the target domain.

e TargetOnly: Accordingly, the classifier is only trained on target examples, ignoring data

from the source domain. This method gives an idea of the achievable performance, when
no source data is available.



3.3 Methods and Extensions

o SimpleUnion: The third baseline method is to train a classifier on the union of the
source and target dataset, assuming that we have labeled training data on both.

Note that, if a soft-margin SVM is employed, all of the above baseline methods depend on
only one hyperparameter C' (see Section 2.4.1).

3.3.2 Instance Weighting

A possible way of addressing the domain adaption problem is to assign example-dependent
weights. These weights are generally incorporated into the loss function of a training method
(see Section 2.3.2).

In this section, three methods for instance weighting are presented. First, we introduce a
trivial reweighting method Combined, where example weights are set by domain. Further-
more, we present Instance Pruning which is suited in case of differing functional relations (e.g.
Ps(Y|X) # Pr(Y|X)) and lastly Kernel Mean Matching, which is based on the covariate shift
assumption.

Weighted Combination (Combined)

This method can be regarded a straightforward extension of the baseline method SimpleU-
nion. The idea is to allow a trade-off between source and target domains by assigning domain
dependent weights.

The relative importance of each domain is integrated into the loss term of the SVM and
can be adjusted by setting domain-dependent cost parameters C's and Cr for the m and n
training examples from the source and target domain, respectively:

m m-+n
. 1
min ﬂww+05§fﬁ%% E:@ (3.1)
’ =1 1=m-+1

s.t. yi((w, ®(x;)) +b) >1—-& Yiell,m+n]
& >0 Vie[l,m+n]

If the cost for one domain is set significantly higher than for the other domain, the resulting
solution is clearly dominated by points from the domain with the higher cost.

This method has two model parameters (Cg, Cr) and requires training on the union of
the training sets, which means that within-domain interactions (in the sense of comparisons)
as well as between-domain interactions will be considered. Since the computation time of
most classification methods increases super-linearly with the number of examples and ex-
haustive model selection requires to consider all combinations of parameters, this approach
is computationally demanding.

Instance Pruning (Pruning)

If we allow for differing conditionals (i.e. Ps(Y|X) # Pr(Y|X)), the same observation z € X
might be assigned a different label y, depending on the domain.

21



3 Domain Adaptation

To deal with this scenario, (JZ07) have presented a heuristic which removes misleading
samples from the source dataset (i.e. sets the weights of the respective instances to zero).
This is done by first training a classifier on labeled examples from the target domain. The
classifier is then used to predict labels on examples from the source domain (of which we know
the true labels). In instance pruning, one removes (some) examples from the source sample,
if the predicted label does not match the true label. That way, we avoid using contradictory
information in our training set (which is in itself not as problematic as it might appear, but
also happens in the regular supervised learning case).

However, it should be pointed out that this approach can only be expected to work if
a reasonable number of labeled target examples is available. Otherwise, one might end
up pruning virtually random examples from the source dataset and thus discard valuable
information. This method will not be discussed in the following as initial experiments did
not lead to significant improvements. It is still mentioned here, because it constitutes one of
the few methods available that explicitly focus on the scenario of differing conditionals.

Kernel Mean Matching (KMM)

The idea of Kernel Mean Matching is to reweight examples, such that the mean of distribu-
tions of examples become similar for source and target Ps(X) = Pr(X) (GSH'08).

As explained in Section 2.2, kernel methods map the data into a reproducing kernel Hilbert
space (RKHS) by means of a mapping ® : X — H related to a positive definite kernel via
k(x,x") = (®(x), ®(x’)). Depending on the choice of kernel, the space of H may be spanned
by a large number of higher order features of the data. In such cases, higher order statistics
(e.g. variance, skewness) for a set of input points can be computed in H by simply taking the
mean (i.e. the first order statistics). In fact, it turns out that for a certain class of kernels,
the mapping

1 n
: e, Xy, — d(x;
I PO

is injective (GBR™07) — in other words, given knowledge of (solely) the mean (the right
hand side), we can completely reconstruct the set of points. For a characterization of this
class of kernels, see for instance (FGSS08). Generally speaking, the higher dimensional H,
the more information is contained in the mean.

As mentioned before, the goal of KMM is to match means of source and target distributions
by reweighting source examples. To obtain weights §; € R™ for each source example z;, the
following optimization problem has to be solved (see (GSHT08) for details):

mﬁin %6TKﬂ — k'3 (3.2a)
subject to f; € [0, B] and m(1 —¢) < Zﬂi <m(1+e). (3.2b)
i=1

where Kjj := k(z;,z;) and k; == 7 >0 k(zi,2). The first constraint limits the scope of dis-
crepancy between source Pg(X) and target distributions Pp(X), while the second constraint
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ensures that the reweighted source distribution (i.e. (B(z)Pr(x)) is a probability distribu-
tion. Note that a constant B can be used to determine how strongly the source dataset is
reweighted.

Other than (GSH'08), we do have a certain amount of labels also for the target distribution.
We make use of them by performing the reweighting separately for each class y € {£1}.
This means that instead of attempting to reweight examples from the source sample, such
that Pg(X) = Pr(X), we separately reweight examples from the positive class to obtain
Pg(X|Y = +1) = Pp(X]Y = +1) and examples from the negative class to obtain Ps(X|Y =
—-1)=Pp(X]Y =-1).

The resulting weight vector 8 can be readily plugged into the loss-term of the SVM. One
can either train an SVM on the reweighted source examples only, or use one of the other
methods presented in this chapter (e.g. Combined, Convez) to combine the weighted source
examples with labeled target examples. While the former allows for unsupervised domain
adaptation, the latter was found to perform better.

3.3.3 Change of Representation

With Structural Correspondence Learning (SCL), (BMPO06) presented another approach to
the problem of domain adaptation. The idea behind SCL is to change the representation of
examples x, such that source and target distributions become similar.

It has been pointed out (Jia08) that a change of representation of X can affect the marginal
distribution P(X), as well as the conditional distribution P(Y'|X). In short, the goal is to
find a representation of examples, such that Pp(X,Y) = Ps(X,Y).

In the following we will introduce a KMM-based method, which performs a translation
instead of a reweighting of examples. Furthermore, we will present a method that attempts
to apply the idea of SCL to the Weighted Degree Kernel.

Kernel Mean Matching by Translation (Shift)

In Section 3.3.2, we introduced KMM and discussed why matching means is beneficial in
high-dimensional feature spaces. The same idea motivates this method, however, means are
matched using a different approach. In this variant, we do not reweight source examples, but
rather we translate each example in the direction of the vector that connects the mean of the
source examples and the mean of the target examples:

~ 1 m 1 m+n ‘
(I)(Xj):q’(xj)—’Y(mZ‘I’(Xi)—n Z @(X¢)> Vi=m+1,....,m+n.
i=1 i=m+1

This also leads to a modified source distribution that is statistically more similar to the
target distribution and can thus be used to improve performance when training the target
task. Again, we make use of labeled target data by performing the shift separately for each
class y € {£1}:
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1 m 1 m-+n
b(x;) = B(x;) — 7 (m D lyi=yle(xi) —— > lvi= y]]<1>(xz')>
Y i=1 Y i=m+1
for all j = m+1,...,m +n with y; = y, where m, and n, are the number of source and

target examples with label y, respectively. Using a parameter v, we can set how far source
examples are translated. Analogously to the options available to KMM (see Section 3.3.2),
the shifted examples can be used in different ways to obtain a final classifier.

K-mer Reweighting

This approach is specific to sequence signal prediction, as it is directly applied to features used
in the Weighted Degree Kernel. In order to achieve a change of representation (BABCPO07;
BMPO06) in sequence analysis, we propose the method of reweighting k-mers (see Section
2.2.4) such that source and target samples become similar. While the idea of defining a
reweighting to achieve distribution similarity is clearly related to KMM, the approach focuses
on reweighting features rather than examples.

Recently, a method was proposed by (SZPRO08) that helps the understanding of SVM
classifiers that use the WD kernel: Position Oligomer Importance Matrices (POIMs). In a
nutshell, POIMs assign an importance score to each k-mer at each position, quantifying how
relevant it is for classification.

The idea behind k-mer reweighting is to use POIMs to assign a higher weight to features
that are reported to be important in the POIMs of both domains. In the first step, POIMs
are computed for source and target, resulting in two score vectors. In the next step, POIMs
from source and target are multiplied. If we obtain a large positive product, we know that
the respective k-mer is important in both source and target.

The computed weight will be used to reweight the importance of the individual k-mers in
the Weighted Degree Kernel. The idea for this method arose towards the end of this project,
so there was in-sufficient time to fully implement a working version of it. It is still mentioned
here because it constitutes an interesting way of approaching the problem and is a possible
direction of future research.

3.3.4 Methods using Priors

The idea of prior methods is to integrate prior information about the model w when seeking
an optimal model parameter w*. In domain adaptation we can draw prior information from
the source domain. Most research concerning this approach utilizes a Bayesian framework
where a Bayesian prior P(w) can directly be integrated into the maximum a posterior (MAP)
formulation (CA06).

As we focus on SVM classifiers (see Section 2.3.1), prior information will be encoded as
the normal vector of the separating hyperplane on a previous solution.
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Source-regularized Target (Regtrick)

The idea of this method motivated the thorough investigation of the other related methods
and it was the first to be implemented. Therefore, special attention is given to this approach.

The geometric interpretation behind the regularization trick is the following: Assume, that
we want to train an SVM with only a few labeled training examples available. Furthermore,
let the features space be fairly high dimensional (as induced by string kernels). Thus, the
resulting solution might not be very robust. To obtain a more robust solution, the idea

Xi A

ws T 1 Ps(X[Y =-1)
wr

Figure 3.1: Example illustrating the geometric interpretation. The points in the figure denote
examples drawn from an unknown target distribution. We assume to have a large
amount of source data, such that the empirical distribution approximates the
true source distribution Pg(X) well (drawn in green). Furthermore, source and
target distributions are similar, but not identical. In the example, a few outliers
dominate the resulting solution wp. By using the classifier from source wg as a
prior, one can obtain a more robust solution. The influence of the prior solution
wg can be set via a parameter B.

is to use the normal vector of a previously learned solution with sufficient training data to
stabilize our normal vector. The new solution should not only have a large margin, but should
also result in a normal vector that is similar to the previously learned solution on a related
problem (see Figure 3.1). One can include this criterion into the regularization term of the
optimization problem (see Section 2.3.2).

This leads to the following modified formulation of the SVM:
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Figure 3.2: To illustrate the dependency on the hyper-parameter B, this plot shows classi-
fication performance (auROC) on the y-axis plotted versus different values of B
on the z-axis.

1
Ques(wr) = Sllwrll* = B s(wr, ws) (33)

where s is a similarity measure and B denotes a hyper-parameter that regulates the trade-
off between a large margin and similarity to the old solution wg, which carries our prior
knowledge about the solution. In the following, we will employ the dot product as similarity
measure. Note, however, that other choices of s are possible.

In practice the optimal parameter B depends on the distance between the two domains as
well as the number of available target data (which also holds true for the trade-off parameters
of other methods). In Figure 3.2, we illustrate the dependency of prediction performance upon
the hyper-parameter B. If we choose B to be close to zero, then our prior solution wg plays
no role at all, and the resulting solution will be essentially the same as wp. Analogously,
the solution is dominated by wg if B is set to infinity. Clearly, an improvement can only be
achieved in between these two extrema, as shown in Figure 3.2.
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An Efficient Formulation In order to be able to solve the modified optimization problem
with a standard SVM solver, one has to derive the dual formulation of an SVM that employs
Equation 3.3 as regularizer. The explanation of the mathematical techniques that were used
for the derivation is beyond the scope of this work. The interested reader is referred to
(BV04) which contains an excellent introduction to the field.

We start with the primal formulation using the regularization term from Equation 3.3.

Primal:

1
min 2WTWT +C Z & — Bwhwg

wr,§ =1

s.t. yi(Whx; +b)+& —1>0Vie [1,n]
&E>0Vie [l,n]

The Lagrangian of this is given by:

1
L(WT,f, ) §WTWT+CZ§Z _BWTWS - Zaz yz WTXz+b +§z - 1 Zﬂzfz
=1 =1

W—/
(3.4) (3.5)

By expansion, we obtain:

L(WTa 5, ) 7WTWT+C Z &— BWTWS Z alylWTX’L Z azyzb Z azgﬁ‘z a;— Z :LLZ&"L
(3 6)

Partial differentiation with respect to the primal variables:

oL
aWT

oL
oL 4
a -~ Y

=W — BWS - Z QY X4
=1
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We find the stationary points by setting the partial derivatives to zero:

n
W = Z o;YiX; + Bwg
=1

C—a—pu=0

ay=0

Substitute wr in equation (3.6) using equation (3.7) :

1 n n n n
25(2 aiyixi + Bws) (D ajyx; + Bws) + CY & — B(Y_ cwyixi + Bws) ws

i=1 Jj=1 =1 i=1

n n n n n
= oY agyixg+ Bws) xi — > il + > i — > il
i=1 =1 i=1 i=1 i=1

We move transpose inside, where possible:

n
Z alyzx + BWS Z a;y;x; + Bwg) + C Z & — (Z aiyixg’ + ng)ws

= 7j=1 =1 =1

— Z:OzzyZ Zajij + BWS Zazfz + Z o — Z/hfz

Terms are expanded, where possible:

Zazyz Za]ijj +B Zazyzx wg) + BZWsWS
7=1 =1

n
+C Z & — B Z iyix! ws — B*whwg
i=1 i=1

n n n n n
= o> ajyix] xi + Bwhx) — > i+ Y i — Y piks
i=1 =1 i=1

i=1 j=1
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Terms canceled out where possible, simple sums in vector notation:

Z Qi X Zajy]x] WSWS

Z QYiX Z a;jy;%;) — (B Z aiyiwhxi) + Y i +&C—¢Ta— ¢y

i=1 i=1

Further summerizations, factor out &7 :
1
=—= Z:azyZ Zajy]x] Zazyzx wg) + ZO‘Z +eM(C—a—p) - §BQW§WS
1
Use equation (3.8) to eliminate £ (C — o — p), drop constant §B2W£W5

=—3Z Zazyz Zajijj Zalyzx WS + Zaz

Further simplifications yield the dual Lagrangian:

1 n
L=—— Z Zalajyzij Xj — Z ; Byzx wg — 1) (3.10)

21]1 i=1

Hence, we obtain the following dual optimization problem:

1 n
mgx—fZZalajyzij Xj — Zaz Bylx wg — 1)
i=1 j=1 i=1
st. 0<a; <CVie|[ln]
aTy =0

(3.11)

Note that this formulation explicitly relies on the normal vector wg of the previously trained
SVM. As we deal with extremely high dimensional feature spaces, this is often infeasible. The
remaining steps address this issue.

We use the representer theorem wg = ' =1 o y;x; to substitute wg in equation (3.10),
where x;- denotes an example from the source dataset, y] the corresponding label, and a; the
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weight that was assigned to example x;- with respect to the solution of the previously trained
SVM:

2 :§ : 2 : 2 : i /
= — = Oéz()éjyzij X — Oéz a;Y;X ]
=1 j=1

By rearranging the right term, we obtain:

:_7220‘10@%%)( Xj— ZO‘Z Za yzy/ ix / -1

i=1 j=1

Use kernel trick:

:_’ZZO‘Z%%% (i, X;) Zaz Zayzyj (xi,x5)) — 1) (3.12)

=1 1
Jj= Q]

pi

We obtain the final optimization problem:

1 n n

m
mgxffzz:alajylyj Xi, Xj) Zaz (Z ayyik(xi, x5)) — 1)
i=1

i=1 j=1 j=1
st. 0<a; <CVie|[ln]
aTy =0
(3.13)

This directly corresponds to a QP in standard form:

min o’ Qo + o’p
[0
st. 0<a; <CVielln]
aTy =0
(3.14)
where p; = B(Z;n:l ayiy;k(xi,x5)) — 1. The above formulation can be readily plugged
into an SVM-solver which allows an efficient computation. For implementational details see

Section 4.1. Note that the above formulation is closely related to the regular SVM, where
pi=—1VYie[ln]
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3.3.5 Multi-task Learning

The field of multi-task learning is clearly related to domain adaptation. The difference is
that in multi-task learning it is assumed that there is a single distribution P(X), while there
might be several output variables Y7, ..., Y, where M denotes the number of tasks.

However, domain adaptation can be treated as a special case of multi-task learning, as two
domains correspond to two tasks (S, T'), and it is assumed that the class label sets Yg and
Y7 for these two domains are identical.

Dual-task Learning (DualTask)

This method is clearly motivated by the Regtrick, which is presented in Section 3.3.4. In the
formulation of the Regtrick, the solution of a previously solved optimization problem wg is
held fixed, while we optimize the normal vector wr of the current problem. If we allow the
simultaneous optimization of both normal vectors wg and w7, while maintaining a trade-
off between a large margin of the individual solutions (i.e. minimize ||wg|?> + ||wz||?) and
enforcing similarity between the solutions (i.e. minimize —(wg,wr)) we get the following
optimization problem:

m+n
) 1
min 5\\ws\|2 + - |wrl? = Blws,wr) + C > & (3.15)
eI i=1
s.t. yi((wg, @(x;)) +b) > 1—¢; Viel,...,m
yi((wp, ®(x;)) +b) > 1-¢& Viem+1,....m+n
§& =0 Viel,...,m+n

Again, note that now wg and wr are optimized. Also, if B = 1, then the regularization
term becomes 3| wg — wr 2.

Feature Augmentation (Augmented)

In (Dau07) a method was proposed that augments the features of source and target examples
in a domain-specific way:

D(x;) = ((x;),P(x;),0)" fori=1,...,m

d(x;) = (P(x4),0,8(x;))" fori=m+1,....,m+n.
The intuition behind this idea is that there exists one set of parameters that models the

properties common to both sets and two additional sets of parameters that model the specifics
of the two domains.

It can be shown that the kernel for the augmented feature space can be computed as

2(0(xi), ®(x5)) if [i <m] = [j <m]

kave(xi,xj) = { (@(xi), D(x5)) otherwise
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3 Domain Adaptation

This means that the “similarity” between two examples is twice as high if the examples were
drawn from the same domain as if they were drawn from different domains.

Other than in (Dau07), we parametrized the kernel using a parameter B

B(®(x;), ®(x;)) if [i <m] = [j <m]

kave(xi,x;) = { (@ (x4), P(x5)) otherwise

which allows for a trade-off between the general component and the domain-specific com-
ponent. If B is large, domain specific components will dominate the solution.

3.3.6 Ensemble Methods

While the methods presented in the other sections return single classification models, we will
lastly turn to methods that combine several classification models into a complex classifier.
In particular mizture of erperts methods are considered where the final classification arises
from a weighted vote of underlying classification models.

Convex Combination (Convex)

A straight-forward idea for domain adaptation is to reuse the two optimal functions fg and
fr as generated by the base line methods SourceOnly and TargetOnly and combine them in
a convex manner:

fe(x) = afs(x) + (1 — a) fr(x).

Here, o € [0, 1] is the convex combination parameter that can be tuned in a model selection
step. A great benefit of this approach is the fact that the classifier does not have to be
retrained when performing model selection, which results in great efficiency.

Advanced Convex Combination (AdvancedConvex)

Similar to the convex of combination of SourceOnly and TargetOnly, this method also per-
forms a convex combination of two previously obtained predictors.

fac(z) = afsu(x) + (1 — a) fr(r)

First, optimal functions fsir and fr following the Simple Union and the TargetOnly scheme
are obtained, whereas only a one-dimensional hyperparameter optimization has to be per-
formed for each classifier. Then at linear cost (with respect to the number of evaluation
examples), the optimal combination coefficient o can be obtained as it does not involve the
retraining of the SVM, but can be found by simply taking the maximum over all candidates.

The most important difference to Convex is that AdvancedConvex combines a method
(SimpleUnion) that is trained on the union of both datasets and therefore takes interactions
(in the sense of comparisons) between all examples into account with a method that is specific
to the target domain ( TargetOnly). That way, AdvancedConvex has a general component fgis
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and a target specific component fp, and therefore approximates DualTask, which involves a
two-dimensional hyperparameter optimization (B,C). To summarize, the main idea of this
approach is to perform two separate one-dimensional hyperparameter optimizations and a
cheap convex combination to obtain an approximation of a more expensive method that
involves searching a two dimensional grid in model selection (DualTask).

3.3.7 Combination of Several Sources

Most of the above algorithms can be extended in one way or another to integrate several
source domains (see Figure 3.3).

[+] Multiple Sources
Single Source
Source 1
Target Target

Figure 3.3: Single source domain versus multiple source domain. Left: Data is drawn from
one source only. Right: Source dataset is assembled from multiple heterogeneous
sources.

In this work we consider only three possible algorithms: (a) convex combinations of several
domains, (b) Combined on several domains and (c) an extension of the DualTask approach
to MultiTask. We briefly describe these methods below:

Multiple Convex Combinations (MultiConvex) The most general version would be to opti-
mize all convex combination coefficients independently. If done in a grid-search-like manner,
it becomes prohibitive for more than about three source domains. In principle, one can op-
timize these coefficients also by solving a linear program. In preliminary experiments we
tried both approaches and they typically did not lead to better results than the following
combination:
1
Fare60) = afr(x) + (1) g 3 fs(o)
Ses

where S is the set of all considered source domains. We therefore only considered this way
of combining the predictions.

Multiple Source Combined (MultiCombined) This method is a simple extension to Com-
bined (see 3.3.2). Instead of solely considering one source domain, we assemble the source
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3 Domain Adaptation

dataset from several domains. As in Combined, a trade-off between source and target do-
mains is adjusted via the cost constants C7 and Cg. Here, Cg sets the weight for all source
domains equally.

Multi-task Learning (MultiTask) We consider the following version of multi-task learning,
which is a straight forward generalization of DualTask, which was presented earlier:

. 1
min 5 2 D wunlwo —wo,|* ) & (3.16)

{wp}pep.¢ D1€D D2eD i
st yi((wp,, ®(x;)) +b) >1-¢& (3.17)
& >0

for all examples (x;,¥;) in domain D; € D and Dy € D, where D is the set of all considered
domains. 7y is a set of regularization parameters which we parametrized by two parameters
Cs and Cr in the following way: vp, p, = Cg if D1 and Ds are source domains and Cr
otherwise.

3.4 Method Summary and Contribution

So far, we have discussed a number of domain adaptation methods and categorized them into
several groups to aid the understanding of their differences and similarities. The following
section is intended to provide a high-level summary of the methods that were presented in
this chapter.

In Table 3.1, the most important properties of the presented methods are summarized.
In the first column, we state to which category the respective method belongs. In a nut-
shell, baseline methods involve no domain adaptation, instance weighting methods perform
adaptation by reweighting examples, multi-task methods learn solutions for several domains
simultaneously, prior methods exploit prior information about the solution, ensemble meth-
ods build a complex classifier from a set of single classifiers and representation based methods
attempt to find a representation of examples such that source and target distributions become
similar.

The next column in Table 3.1 refers to the size of the kernel matrix (KM) that is involved
in training. The methods with the largest KM size are ones from the group multi-task and
the method Combined which jointly optimize weight vectors for source wg and target wrp.
In the following, these methods will be referred to as one-step methods. Methods in this
group are generally computationally more demanding than the other methods, as not only
dependencies within source and target data sets have to be considered, but also dependencies
between source and target data sets. As illustrated in Figure 3.4, this leads to a kernel matrix
of size (n +m)2.

The other extreme regarding this criterion are ensemble methods (e.g. Convex) that com-
bine domain specific classifiers and which will be referred to as two-step methods. Here, each
classifier only considers within-domain interactions, leading to total of n? + m? interactions.
A compromise between both extrema is the method Regtrick. Here, one takes into account
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Method Category Size KM Trade-off Parameters Unsup
SourceOnly baseline n? n/a C yes
TargetOnly baseline m? n/a C no
Simple Union baseline (m +n)? n/a C no
Combined weighting (m +n)? Loss Cs, Cr no
Pruning weighting m? Threshold T no
KMM weighting n-m Reweighting Factor B yes
Shift representation n/a Translation Factor yes
KmerReweighting | representation n2 4 m? Threshold T no
Regtrick prior n?+m? +n-sv(m) Regularizer B,Cs,Cr no
DualTask multi-task (m +n)? Regularizer B, C no
Augmented multi-task (m +n)? Regularizer B, C no
Convex ensemble n? +m? Mixture Factor @ no
AdvancedConvexr | ensemble n? +m? Mixture Factor « no

Table 3.1: Summary of method properties. The column Category denotes the group to which
a method belongs. Size KM refers to the size of the kernel matrix, or in other
words, how many examples have to be compared, where m is the number of source
examples, n is the number of target examples, and sv(m) is the number of sup-
port vectors from source. Column Trade-off summarizes how a trade-off between
source and target domains is introduced into the learning algorithm. Which hy-
perparameters are available for each method is displayed in column Parameters.
Lastly, column Unsup shows if methods are suited for the unsupervised domain
adaptation scenario.

the intra-domain interactions on target, and the interactions between target examples and the
support vectors of a previously trained source classifier, leading to a number of interactions of
m? +n?+n-sv(m). Note however, that the interactions between support vectors and target
examples lead to a constant term p in the corresponding quadratic program (see Equation
3.3.4), which means that training will effectively have the same time complexity as simply
training SourceOnly and TargetOnly separately. In instance pruning (Pruning), an SVM is
trained on the target examples, leading to a kernel matrix of size m?. The solution of the
quadratic program to obtain a weight vector 8 in KMM takes into account the similarities
between source and target examples, leading to m - n interactions. Shift on the other hand
simply computes the means for each domain and performs a translation of source examples.
While Shift itself does not involve computing a kernel matrix, successive training steps on the
translated examples might. Finally, in order to perform KmerReweighting, an SVM on tar-
get and an SVM on source have to be trained as an intermediate step to computing POIMs,
resulting in m? 4+ n? interactions.

The column trade-off summarizes how the trade-off between source and target domains
is incorporated into the respective domain adaptation approach. Let us start with methods
that can be formulated similarly to the SVM (i.e. methods from groups multi-task and
prior). As discussed in Section 2.3.2, either the loss term or the regularizer can be used to set
the trade-off. Multi-task methods employ the latter approach and set the trade-off between
domains (or the trade-off between general and domain specific components, to be precise) via
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(n +m)? (n* + m* +n - sv(m)) (n® 4+ m?)

n+m

Multi-task/ Regtrick Convex
Combined

Figure 3.4: Hllustrates the number of interactions (in the sense of comparisons) for different
classes of methods. Methods in the first category take interactions within do-
mains, as well as interaction between domains into account. This leads to a full
kernel matrix of size (m + n)?. On the other extreme are ensemble methods,
which combine classifiers that were trained on each domain separately, leading
to a kernel matrix of size n? + m?. In between is the Regtrick that considers
within domain interactions, as well as interactions between target examples and
the support vectors from source (as can be seen from the dual in Section 3.3.4),
leading to m? + n? 4 n - sv(m) interactions., where sv(m) denotes the number of
support vectors of the source solution.

the regularizer. The same applies to the Regtrick. Only in Combined the trade-off is set via
the loss-term by using domain specific cost values C's and Cp. The remaining methods are
more diverse regarding trade-off incorporation. KMM and Shift allow to set how strongly
examples from the source dataset are reweighted/shifted. Similarly, a threshold determines
which instances are removed in Pruning or which features are assigned a zero weight in
KmerReweighting, respectively. Lastly, a mixture coefficient determines the influence of each
expert of Conver and AdvancedConver.

Which hyperparameters are used by each method depends on how the trade-off is incorpo-
rated, as shown in column Parameters. Baseline methods only have one hyper-parameter C'
that determines the hardness of the SVM margin. Also, methods Pruning, KMM, Shift, and
KmerReweighting each use only one hyperparameter. Combined sets the relative importance
of each domain, via domain-specific cost terms, resulting in two hyperparameters Cs and
Cr. The multi-task methods use a generic cost term C' and an additional trade-off term B.
In Table 3.1, Regtrick is listed with three hyper-parameters: the trade-off parameter B, the
cost terms for the previous solution on source examples Cg, and the cost term for the target
examples C'7. Lastly, convex combinations depend on a trade-off term a.

3.4.1 Contribution
Because methods from literature are difficult to separate from own contributions in this

chapter, we conclude with a summary of the work that was done. The main methodical
contribution was the efficient formulation of the Regtrick for which the dual was derived and
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the resulting quadratic program was integrated into the SVM-solver LibSVM. Some of the
methods taken from literature had to be modified in order to be applied to the scenario at
hand. For instance, performing class-wise KMM constitutes a methodical extension that
allowed us to exploit label information.

The Shift method, which can be regarded as another flavor of KMM, arose in discussions
with Gunnar Réatsch, Gabriele Schweikert, and Bernhard Schélkopf and was added to the list
of candidate methods. Furthermore, the ensemble method Advanced Convexr Combination
constitutes another contribution which was motivated by some of the multi-task methods
(see Section 3.3.5) and by the observation that ensemble methods perform surprisingly well.
Finally, the effort relating the wealth of methods and pinpointing their similarities and dif-
ferences constitutes a large aspect of the work devoted to this chapter.
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The aim of this chapter is to provide an overview of software that was written in the course
of this work and to explain the design choices that were made. In the first section, the
implementation of domain adaptation methods will be explained, then pythongrid, a grid
computing tool which was developed to perform experiments in a cluster computing environ-
ment will be presented, and lastly modifications to the shogun library that allow convenient
data persistence, will be outlined.

In scientific computing one commonly uses chimeras of compiled languages such as C or
C++ for speed-critical code and scripting languages such as Python or Ruby for high-level
programming. That way, one can combine the best of both worlds: the speed of native
programs with the flexibility and rapid development of scripting languages.

Following that paradigm, most of the software for this project was written in Python, but
was built upon the shogun C++ library (SRSS06), which provides implementations of the
Weighted Degree Kernel as well as interfaces to various SVM solvers, including SVMLight
(Joa00) and LibSVM (CLO1). The shogun library can be used from scripting languages, as
bindings are available through SWIG (Simplified Wrapper and Interface Generator) (Bea96),
which allows an automated generation of wrappers for C++ programs. High-level program-
ming was mostly performed in Python, a modern scripting language with a wealth of libraries
for scientific computing (JOP101; PG07; Hun07). As large parts of the computational in-
frastructure at the FML are available only in MATLAB, some prototypes as well as a few
domain adaptation methods in the final version were implemented in MATLAB.

4.1 Implementation of Domain Adaptation Methods

The implementation of most domain adaptation methods was realized on two layers: the
extension of shogun in C++ and the design of high-level code in Python. On the Python
side, code common to all domain adaptation methods was implemented in a base class called
DomainAdaptationMethod. Each domain adaptation method was implemented in its own
class, each subclassing DomainAdaptationMethod, as shown in Figure 4.1.

Note that the methods differ in their training procedure, while most can be evaluated using
the same code. Therefore train in DomainAdaptationMethod solely provides an interface that
has to be implemented for each domain adaptation method. To minimize code duplication,
the evaluation procedure was split up in _predict and _assess. That way, Augmented, which
needs additional domain information during evaluation was implemented by simply overriding
the method _predict, while the rest of the evaluation code is inherited from the base class and
is shared between all methods.
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Class TargetOnly

train()

Class Regtrick

train()

Class SourceOnly o
Class DomainAdaptationMethod
train() — ® model
performance Class Kmm
__init__(model)
train() T train0
evaluate()
Class SimpleUnion _predict_and_assess(feat. lab)
N _out, lab)
train0  _predict(feat)
-~

Class Augmented

train()
_predict(feat)

Class Combined

train()

Figure 4.1: Simplified class hierarchy of domain adaptation methods in the Python layer.
Common functionality is provided by the base class. Other method classes inherit
this functionality and specialize by overriding respective methods (e.g. train)

Baseline Methods The baseline methods SourceOnly, TargetOnly and SimpleUnion were
straight forward to implement, as they do not require a modification of the underlying machine
learning toolkit Shogun.

Regtrick Having shown that the dual can be expressed as a quadratic program in standard
form, the optimization problem was now added to the shogun toolbox!'. A first prototype
was developed in Python and was soon replaced by an efficient implementation in C++.
For this, the LibSVM (CLO1) implementation was generalized such that the Regtrick as
well as the regular SVM could be passed to the same underlying solver. A new SVM class
called RegtrickSVM was added to shogun by subclassing the LibSVM class and overriding
training and evaluation methods. SWIG-bindings provide a convenient interface to Python
and optionally other scripting languages. As for the high-level implementation, only the
method train had to be implemented in the derived class.

Combined For this method, the SVMLight (Joa00) class in shogun was modified. It was
extended such that a cost vector C (containing a weight per example) could be passed instead
of one scalar C for all examples. This allows the assignment of cost to examples, depending
on the domain to which it belongs. Other slight modifications were necessary to incorporate
this new weight vector into the training procedure. As the use of the cost-vector C is relevant
to training only, solely the method train had to be overridden, while the remaining methods
from the base class could be used.

KMM The training of KMM consists of two steps. First, a quadratic program has to be
solved to obtain the weights, which are subsequently used in the training of an SVM. While
a first prototype was implemented in MATLAB using the commercial solver CLPEX, the

LAt the moment in a separate branch, but will be merged into trunk in the near future.

40



4.2 Evaluation Pipleline

quadratic program was then ported to Python using the freely available cvzopt toolbox. The
resulting weight vector was then incorporated into the SVM solver by means of the generic
cost vector C (see above), that has been added. As KMM re-weights source samples, it is
therefore relevant to training only.

Augmented As has been shown in Section 3.3.5, it is possible to implement this method
by using a domain-aware kernel. Hence, such a kernel was added to the Shogun toolbox.
When computing similarity between examples, not only features are taken into account but
also information to which domains the examples belong. The Weighted Degree Kernel was
altered to compute weighted similarities k(4,d;, j, d;) = wa, 4,k(i,j), by extending it such
that a weight matrix W is set on construction. Once this was implemented in C++, SWIG
bindings were created to make the enhanced functionality available to the Python layer.

Dual/Multi-Task  Dual/MultiTask was implemented in MATLAB, as it does not rely on
shogun for training, but on another general purpose solver? that was not available in Python.
The optimization problem as stated in Section 3.3.5, was approximated by replacing the non-
differentiable Hingle loss with the logistic loss, such that it could be solved using a conjugate
gradient procedure (enhanced version of gradient descent). As the name implies, gradient
decent methods rely on gradient information, which is not available if the objective function
is non-differentiable.

Shift Similarly, the prototype of Shift was implemented in MATLAB, as the algorithm
involves explicit computations in feature space (see Section 2.2.2), and parts of the respective
code already existed in MATLAB. Because of its mediocre performance we decided against
developing an efficient implementation and retained the prototype.

KmerReweighting The last method to be implemented was KmerReweighting. For the
computation of POIMs, a library called easysvm was used. Furthermore, routines to compute
feature weights from POIMs had to be implemented. Once brought into the right format, the
resulting weights can be set directly using the standard Weighted Degree Kernel in shogun.
Unfortunately, only a prototype of this method was implemented - further development of
this approach can be considered future research.

4.2 Evaluation Pipleline

After having outlined the implementation of domain adaptation methods, the pipleline for
performance evaluation (see Figure 4.2) will be briefly explained. The objective of the piple-
line is to first perform a model selection on the training set and then measure the performance
of the best model on a test set.

2The conjugate gradient solver minimize was provided by Carl Rasmussen.
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Figure 4.2: Illustration of the model selection pipleline. As input one defines a number of
candidate values for each hyperparameter. According to these values, candidate
models are recursively enumerated. Each model is benchmarked by training and
evaluation. From the list of assessed models, the one with the best performance
is selected.

Method Assessment As summarized in Section 3.4, each method has a number of hyper-
parameters, which have to be optimized. This is usually done by performing a grid search
over all combinations of parameter values. As a first step a set of candidate values for each
parameter has to be defined. In our implementation a class called Modellterator then recur-
sively enumerates all candidate models that have to be evaluated. The evaluation of models is
performed by a module CrossValidation which allows two modes of operation: Performance
of a model can be either assessed by using n-fold cross-validation or a simple validation
(where dataset partitions are not permuted). In both cases a model is first trained on the
training set before performance is assessed on the evaluation set. Thus, for each combination
of parameters, we obtain a performance value (e.g. auROC, auPRC, see Section 2.4.2). One
can now simply choose the best performing model according to the assessed performance.
Using the same routines with slightly different flags, one can re-train the best performing
model on the union of training and evaluation set, and assess the final performance on the
test set, which was not used for hyper-parameter optimization. This final score is what we
are ultimately interested in, as it tells us how well our model generalizes.

Convenient Data Handling To avoid having to re-implement data loading functionality and
data subset selection for each of the domain adaptation methods individually, a generic data
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handling subsystem was created, as shown in Figure 4.3. It is organized in two layers, a
back-end and a front-end. The back-end takes care of the data loading and subset selection.
The program in its current state saves and loads data using Python’s serialization module
pickle. It is however straight forward to add back-ends to additional data formats, such as
flat-files, XML, and databases.

A central feature of a DataHandler is that data is only loaded on demand. This means
that in a cluster computing environment, the data handler carries all the meta-data of a
dataset, such as size and location of the data. The data handler object itself is light-weight
and can be passed onto cluster nodes conveniently (data exchange is handled via a shared
file system). Once the actual dataset is requested, it is loaded dynamically.

[= LabeledData

FlatFile
XML

Database

lBasic Data Loading Functionality

DataHandler

JData Subset Selection

StringDataHandler

lGetter

Shogun Data Objects

Figure 4.3: Ilustration of the data handling sub-system. The back-end (LabeledData) is
responsible for data persistence (save/load). Different back-ends could be used
interchangeably. Another central feature of the back-end is data subset selec-
tion. The class StringDataHandler serves as an adapter to Shogun by providing
accessors that return Shogun data objects.

Another important feature of the back-end is subset selection. For cross-validation, datasets
have to be split up into several partitions. For unbiased evaluation it is very important that
none of the examples used for training reoccur in the test set. The DataHandler class takes
care of dataset splitting on index-basis and provides convenient getter methods to fetch
training and evaluation data.

While the back-end is agnostic to the type of the data, the front-end StringDataHandler
provides an adapter to the type of data that is required. The front-end allows to generate
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required Shogun data objects from a DataHandler. By avoiding code duplication, in particular
in data subset selection and by providing a unified way of obtaining the final data objects,
the chance of observing error-induced artifacts is minimized.

4.3 A Grid Computing Tool: Pythongrid

The computations that were performed in the course of this work sum up to about 1600
days on a state-of-the-art CPU. As this can hardly be realized on a desktop workstation,
a grid computer was used to perform our experiments. Due to the lack of grid computing
infrastructure for Python, we developed a tool called pythongrid that provides high-level
cluster computing functionality for the Python programming language. It communicates
with the grid engine (in our case Sun Grid Engine) via the DRMAA protocol, which is an
established standard for cluster computing. As a convenience feature, local multi-threading
can be used via the same interface as an alternative to cluster computing. For debugging
purposes, it is sufficient to pass a simple flag in order to run the program sequentially on the
host machine.

This piece of software was written employing the back-end-front-end paradigm. pythongrid
is based on an open-source SWIG-wrapped DRMAA implementation by Sun Micro Systems.
As the back-end is exchangeable with relatively little effort, pythongrid can in principle be
used as a front-end to other grid engines besides the Sun Grid Engine. The front-end is written
in Python and provides a convenient method to execute functions on a grid computer.

Class Job

function f
list args

dict kwlist
object ret

__init__(f, args, kwlist)
execute()

Figure 4.4: Simplified UML scheme of the Job class. On construction, the function f, the
argument list args and the keyword arguments kwlist are set. When the method
execute is invoked, function f is executed with the respective arguments args and
kwlist. The return value is written to field ret.

The central entity in pythongrid is the Job object (see Figure 4.4). A Job object consists
of a function?, its arguments, a method that invokes the execution of the function with its
respective arguments, methods for filesystem persistence and some metadata.

Besides the Job class, two important functions are defined in the pythongrid module,
corresponding to two modes of operation:

o submit and collect: Here, a set of jobs is executed on the cluster and the program waits
until all jobs have finished, then collects the return values of the executed functions

3Note that in Python, functions are treated as objects.
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and continues execution. In principle it corresponds to a parallelized for-loop, where
execution continues after processing the loop.

e submit and forget: In this mode, it is assumed, that each Job object takes care of
writing its result to the filesystem or a database, independently. The submission script
will terminate, right after the jobs are sent to the queue of the grid engine. In this
mode, results are not collected automatically.

[+] Local Execution [+] Remote Execution
load data
and unserialize » serialize
B S Results < Archive D S Result
Execution
local
computation
Set of serialize p load data ~ unseralize p
g™ Objects ~ Archives Wrapper —>  Job Object
create invokes wrapper
session when scheduled
[+ DRMAA Library [+ Grid Engine
when all jobs have Y
finished execution send jobs to queue
Session > Queue ) —
queue registers when
T l jobs have finished

session queries
state of jobs

Figure 4.5: Illustration of the cluster computing tool pythongrid. A set of Job objects is
submitted to pythongrid. If these jobs are computed locally, results are returned
after sequential computation. If the user chooses to submit the jobs to the cluster
computer, a new session object is created and Job objects are serialized and
written to the file system. Each job is submitted to the queue of the grid engine,
sending the path to the stored Job file as an argument. When the job is scheduled
on the client side, the Job object is restored from the file system by a wrapper. The
function attached to the Job object is executed with the respective arguments and
the result is written to the field ret in the Job object. The Job object is written
back to the file system and the client terminates, which is registered by the grid
engine. Via the DRMAA layer, the Session object can query whether all jobs
have terminated. Once that is the case results are restored from the file system
and returned, if in submit and collect mode. Results can be collected manually,
if in submit and forget mode.

As shown in Figure 4.5, a list of jobs is passed to one of the submit methods. Depending
on which flags are set, the jobs are executed locally (possibly in a multi-threaded manner) or
sent to the cluster computer. In case of local computation, one simply iterates over the list
of job objects, sequentially invoking their execute methods and returning the results, once
all job objects are processed. While the local computation is straight-forward, the remote
execution demands some explanation.
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When one of the submit procedures is invoked, two things happen. First, all jobs are
written to the filesystem through their persistence methods (in principle this could also be
done via a database). Then, a new session is created via the DRMAA back-end, and each
job is submitted to the grid engine queue, with the filename of the persistent object as
an argument. When the job is then executed on a cluster node, a wrapper unserializes and
restores the persistent Job object, which contains the saved function and its arguments. Once
the object is restored, the execute method is invoked and the return value is written back to
the respective field in the Job object. Again, using its persistence methods, the evaluated
Job object is written back to the file system.

When in submit and collect-mode, the pythongrid back-end keeps querying the grid engine
to keep track of whether all jobs have finished. Once this has happened, the local front-end
of pythongrid collects all processed Job objects that have been saved to the file system and
restores the results on the host computer. In case the user chose to use the submit and forget
mode instead, pythongrid returns a session identifier that allows the user to collect the results
(if desired) at an arbitrary time in the future. This requires that the respective jobs have
already finished, which can also be queried manually given the latter session identifier. A
function for querying the state of a session manually is provided by pythongrid.

The beauty of pythongrid is that all functionality is encapsulated and can be used without
any detailed knowledge about the underlying implementation. The following is a simple
example of how to submit a set of Jobs to the cluster computer.

from pythongrid import Job, process_jobs
import scipy

args_list = [[3], [4], [5], [6]]
jobs = []

for args in args_list:
job = Job(scipy.factorial, args)
jobs.append(job)

results = process_jobs(jobs)

The above example shows the computation of the factorial function on the cluster. Four
Job objects are created, one for each item in args_list, where each object has scipy.factorial
as function, which is to be executed. Once, the list of Job objects is created, the computation
on the cluster computer is as simple as a function call. All argument-passing, queuing,
and cleaning up temporary files is taken care of, under the hood. pythongrid was used
throughout this thesis to conduct large scale experiments and has proven to be a suitable
tool to perform convenient, high-level cluster computing in Python. It is already being used
by other researchers at the FML and will most likely be open-sourced in the near future.
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4.4 Serialization

The need for persistent Shogun objects became apparent when implementing the domain
adaptation method Regtrick. Because a RegTrickSVM requires an already trained SVM to
be passed as a constructor argument, one would like to be able to save a trained SVM and
reuse it later in an automated manner. Therefore, possible solutions to this problem were
researched and it was decided to turn to the boost C++ Library, which provides a serialization
package for C++ programs.

SVMLight

/

Classifier < KernelMachine [« CSVWM < LibSVM « RegtrickSVM
< . < WeightedDegree | WeightedDegree
Kernel StringKernel StringKernel StringKernelAug

—

\

\ Features € StringFeatures

Labels

SGObject

Figure 4.6: Excerpt of the shogun class hierarchy. The displayed classes are the ones that are
most relevant to this project. Serialization code was added to all of them.

A few lines of serialization code had to be added to each relevant Shogun class (see Figure
4.6), such that objects from each class could be saved and restored. As a simple example, the
following code was added to the class KernelMachine, which has the fields kernel, use_lin_add,
use_batch_computation.

#ifdef HAVE_BOOST_SERIALIZATION
private:

friend class boost::serialization::access;
// When the class Archive corresponds to an output archive, the
// & operator is defined similar to <<. Likewise, when the class Archive
// is a type of input archive the & operator is defined similar to >>.
template<class Archive>
void serialize(Archive & ar, const unsigned int version)
{
ar & boost::serialization::base_object<CClassifier>(*this);
ar & kernel;
ar & use_batch_computation;
ar & use_linadd;
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#endif //HAVE_BOOST_SERIALIZATION

Clearly, the serialization of a simple class is straightforward. Each member variable that is
to be serialized should be included in the serialize method, using the overloaded & operator.
Furthermore, by invoking the serialization method of the base class, fields that are inherited
will also be serialized. One can see from the code that Archive is a template variable, so
different types of archives can be used exchangeably (flat file, binary, XML).

While the serialization of simple classes was straight forward, the following obstacles had
to be overcome:

e Serialization across module boundaries (several shared-objects)
e Serialization of pointers to natives (e.g. double*)

e Serialization of classes without default constructor

To be able to perform serialization across module boundaries (e.g. shared objects/dynamic
link libraries), the boost library had to be patched to include functionality, which will be part
of future boost releases. The problem with serializing C-arrays (i.e. double*), is that boost
does not know how many elements the array has. Therefore, the method serialize has to be
split up into save and load.

#ifdef HAVE_BOOST_SERIALIZATION

friend class boost::serialization::access;
template<class Archive>
void save(Archive & ar, const unsigned int version) const
{
ar & boost::serialization::base_object<CSGObject>(*this);
ar & num_labels;
for (int i=0; i < num_labels; ++i) ar & labels[i];

}

template<class Archive>
void load(Archive & ar, const unsigned int version)
{
ar & boost::serialization::base_object<CSGObject>(*this);
ar & num_labels;
labels = new double[num_labels];
for (int i=0; i< num_labels; ++i) ar & labels[i];

BOOST_SERIALIZATION_SPLIT_MEMBERQ) ;
#endif //HAVE_BOOST_SERIALIZATION

In the above example, the Label class is serialized. Member variables are a C-array of
doubles called labels and an integer num_labels that keeps track of the size of the array. In
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save, the first step is to save the number of elements and then each element separately. Later,
when load is invoked, one first restores the number of elements, then allocates an array of
the respective size and subsequently restores the elements of the array. Having to implement
serialization this way is quite inconvenient and could be avoided by using containers from the
standard template library (STL), such as std::vector.

When unserializing an object, boost first creates an object using the default constructor and
then restores the member variables from the archive. For that reason, it constitutes additional
effort to serialize classes that do not have a default constructor. To overcome this problem,
two additional methods have to be added to these kind of classes: save_construct_data and
load_construct_data, which allow to save data separately, that is required to construct an
object. When unserializing an object, these fields are restored first, then an object is created
by passing the values to the constructor and lastly the other fields are restored using the
regular serialization functionality.

In summary, boost provides a convenient way to serialize C++ libraries. However, we
conclude from our experiences of serializing shogun, that if one is planning to add serialization
support to a C++ program in the future, one should try to avoid using C-arrays and classes
without default constructor.

With the serialization support in shogun it is now possible to simply save and restore any
shogun object (i.e. trained SVMs, computed kernels) conveniently. This functionality has
been successfully used for the Python-based experiments performed in this thesis.
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5 Application to Splice Site Prediction

In order to conduct a thorough empirical analysis of domain adaptation algorithms for se-
quence analysis, we selected the problem of splice site prediction. This problem is particularly
well suited, as labeled training data is available for numerous organisms and it exhibits several
interesting attributes. For one, as splice sites are functional elements, they are relatively well
conserved across eukaryotes, which constitutes a fundamental requirement in order to benefit
from transferring knowledge from a source organism to a target organism. However, due
to evolutionary changes, splice sites and the underlying mechanisms are not identical in the
organisms, which gives rise to the need for intelligent adaptation algorithms. Furthermore,
splice site detection can be regarded as a representant for the broad class of sequence-based
classification problems, which we are ultimately interested in.

5.1 The Problem of Splice Site Prediction

The task of splice site prediction can be formulated as a binary classification problem as
follows. We know a priori that the vast majority of splice sites contain a certain consensus
sequence, namely GT on the donor side, and AG on the acceptor side of an intron. As almost
all splice sites contain this consensus, we can use this information to obtain an exhaustive list
of candidates in a straight forward manner. Given the sequence of a genome, we consider all
occurrences of the above consensus sequences and extract a window of a reasonable size, for
instance 150 bp (base pairs), around the consensus position (see Figure 5.2). It is assumed
that sequence features, which are relevant to the splicing mechanism, are likely to be located
in the proximity of the splice site. While this may not hold true for each and every sequence
feature involved in the splicing process, a window of the above size is sufficient to achieve a
good predictive performance.

/s 150 bp window around AG dimer

CT...GTCGTA...GAAGCTAGGAGCGC. . .ACGCGT...GA

Figure 5.1: In splice site prediction, windows of a reasonable size (here 150 bp) are considered
around known consensus sites. This figure shows the consensus AG of a potential
acceptor site. Figure created by Gunnar Réatsch.

The problem of splice site prediction can therefore be formulated as a binary classification
problem, in which one attempts to categorize the set of candidate sequences into true splice
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A\CGTTTCAACCATTTTGAG
SAGATATAATAATCTAATT
TAACACATCCGTCTGTGCC
CAATCTCCAAAACCAACAC

Figure 5.2: Windows around all occurrences of the respective consensus are extracted. Dis-
played in this figure is the consensus of an acceptor site, whereas the positions
in green denote intron positions and the positions in red denote exon positions.
Figure created by Gunnar Rétsch.

sites and decoy sites (sequences which exhibit the consensus, but are not real splice sites).

Unbalanced Problem As DNA sequences are based on an alphabet of cardinality four
{A,T,G,C}, every dimer has a chance of (1/4)? = 1/16 of containing a consensus of length
two. For example, consider the genome of the nematode C. elegans, which has approximately
100 million bp. According to the above calculation, we have about 30 million candidates
for donors or acceptors, respectively. On the other hand, there are roughly 20000 genes
(SAB106) mostly with 4-5 exons on average, so there are roughly 60000 true splice sites of
each type. Thus, for every true splice site we observe about 500 decoy sites.

This simple calculation shows that we are facing an extremely unbalanced classification
problem, where much fewer positive examples are available than negative examples. As has
been shown before (SSPT07), SVMs are well suited for such a task.

Very High Dimensional Feature Space The Weighted Degree Kernel (see Section 2.2.4)
was introduced by (RS04) and has been frequently used in sequence analysis, in particular by
Sonnenburg et. al. (SRS05; SSPT07; SZPR08). When using a Weighted Degree Kernel with
a reasonable degree and window size (e.g. | = 20, w = 150), feature space becomes extremely
high dimensional:

20
dim = 150 - 241'

=1

It has been shown that in order to achieve the best classification performance, a large
number of training examples is essential ((SSPT07) used up to 8 million examples). One can
argue that this motivates the use of domain adaption algorithms even for problems where a
reasonable body of data is available, as performance can nearly always be improved by using
more data.
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5.2 Domain Adaptation Setting

For the problem presented above, we investigated a number of related classification problems,
varying the degree of similarity between source and target domains, and sizes of datasets.

Similarity of Source and Target Distributions A question of particular interest is the effect
of differing degrees of similarity between our source distribution and the target distribution.
Clearly, the closer source and target distributions are, the more we can gain from the in-
formation transfer. However, the question remains whether some of the presented methods
work better under specific circumstances, while others are better in another setting.

Thus, we selected a number of organisms in varying phylogenetic distances to construct
such a scenario. We considered a star topology, where always the same organism was used
as a source dataset. The well-studied model organisms C. elegans seemed to be a reasonable
choice due to the large amount of high-quality training data.

C. elegans

source
domain

target
domain

C.remanei P pacificus D. melanogaster A. thaliana
100 M years 200 M years 990 M years 1600 M years

Figure 5.3: This figure shows the organisms we considered in this study. As source domain,
we always used the splice site data from the well-studied model organism C.
elegans. As target domains we considered organisms at different evolutionary
distances to C. elegans. Pictures of organisms were taken from the website of the
MPI for Developmental Biology and the UCSC genome browser.

As target organisms we chose two additional nematodes, namely, the close relative C. re-
manei, which diverged from C. elegans 100 million years ago (SBBT03), and the more dis-
tantly related P. pacificus, a lineage which has diverged from C. elegans more than 200
million years ago (PDS04). As a third target organism we used D. melanogaster, which is
separated from C. elegans by 990 million years (UVEBO03). Finally, we consider the plant
A. thaliana, which has diverged from the other organisms more than 1,600 million years ago
(HBVS04). It is assumed that a larger evolutionary distance will likely have led to an accu-
mulation of functional differences in the molecular splicing machinery. We therefore expect
that the differences of classification functions for recognizing splice sites in these organisms
will greater with increasing evolutionary distance.
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Various Data Set Sizes Furthermore, we are interested in how different data set sizes of our
source and target sample affect domain adaptation. For computational reasons we decided
to vary only the size of our target sample, while retaining the size of the source sample.
Considering all combinations of evolutionary distance, target sample size and source sample
size, including a complete model selection for each experiment would have been too expensive
in terms of time and resources. Therefore, we randomly selected a large enough source data
set with 100,000 training examples from C. elegans, while for all target organisms data set
sizes of 2500, 6500, 16000, 40000, 100000 were considered.

5.3 Comparison of Domains

Knowing the evolutionary distance between organisms in years, we were now interested in
the difference of the splice site classification problems. For this, we considered a number of
measures that take into account how the SVM “sees” the data through string kernels.

Thus, the following measures were considered:

e Separability of data from different domains
e Break-even point

e Comparison of POIMs (Positional Oligomer Importance Matrices).

Separability by domain To better understand the distance between these organisms with
respect to the specific task of splice site detection, we performed experiments to classify the
example sequences according to their origin. For these pairwise discrimination tasks, we used
the same method as for the splice site detection task, namely SVMs with the weighted degree
kernel (¢ = 22). As a performance measure we used the area under the precision-recall curve
(auPRC). In this context, a higher auPRC is associated with a greater difference between
the functioning of the splice mechanism. We examined the difference between true splice
sites, as well as between decoy sites (i.e. other genomic sequences). For each classifier we
used 1,000 examples from each of the two investigated organisms for training (67%) and
evaluation (33%). The results are shown in Table 5.1.

We observe that the discrimination performance of discriminating true splice sites (auPRC+)
from different organisms correlates well with their evolutionary distance. The discrimination
performance for decoy examples (auPRC-) saturates for organisms more than 100-200 million
years apart (the rest of the genome is evolving faster than important functional elements such
as splice sites).

Break even point The following experiment is in preparation of a larger set of experiments,
which includes all organisms, dataset sizes and methods. While we use the same setting,
solely the baseline methods, SourceOnly and TargetOnly are of interest for this experiment.

The question asked here is: How many examples from the target domain are required to

54



5.3 Comparison of Domains

‘ time (10° years) ‘ auPRC+H ‘ auPRC-

C. elegans - C. remanei > 100 63% 67%
C. elegans - P. pacificus 200 93% 81%
C. elegans - D. melanogaster 990 95% 78%
C. elegans - A. thaliana > 1,600 98% 7%

Table 5.1: Summary of different distance measures between source and target organism. Re-
ported are the times since divergence. Additionally, the performance of classifiers
that distinguishes between examples of two organisms. The performance measure
is given as auPRC+ for a classifier that distinguished between true splice sites
and auPRC- for a classifier that distinguished between decoy sites. This table was
published in (SWSRO0S).

perform equally well (performance is measured on a test set from the target domain) than a
large number of examples from the source domain (100,000 in this case)? This point of equal
performance of the SourceOnly and TargetOnly classifier will be referred to as break-even
point.

Of course, one expects that the more closely related two organisms are, the more target
examples are necessary to achieve a superior performance to a large source sample. While
the ordering of break-even points can be expected to be identical to the ordering induced by
the phylogenetic distance in years, the following experiment can help to find answers to the
question of how different the problems really are.

Results from this experiment are shown in Figure 5.4. Clearly, the break-even point moves
from large target sample size to a small target sample size, as the evolutionary distance
increases. We observe that the break-even point is located at ~ 75K for C. remanei, 25k for
P. pacificus, 10k for D. melanogaster, and 4k for A. thaliana. This measure therefore reveals
the same overall picture as encountered when considering the separability of data sets (as in
Table 5.1), while not converging as quickly (e.g. P. pacificus and D. melanogaster can be
distinguished).

Positional Oligomer Importance Matrices A well-known problem of the SVM is the lack
of interpretability. While the use of, say, single-order Markov Chains allows the visualization
of learned models in the form of a sequence motif, the respective visualization is not obvious,
when using SVMs with string kernels of high degree.

However, (SZPRO08) recently proposed an efficient solution to this shortcoming: POIMs.
In a nutshell, a POIM assigns each k-mer at each position ¢ an importance score, which is
computed by considering the differences between the expectation value, with the k-mer of
interest z at position i held fixed, and the unconditioned expectation value.

Qi k,z) = E[s(X)|zir = 2] — E[s(X)] (5.1)

The rationale behind this is that the above difference will quantify the influence of the
respective k-mer.
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C. remanei P. pacificus
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Figure 5.4: The z-axis shows the number of examples from our target domain, the y-axis
shows the auPRC (area under precision recall curve), which was measured on
a test set from the target domain. The break-even point (illustrated as blue
line) shows how many target examples are required in order to perform equally
well as a large source sample. The four plots show that this clearly depends on
the evolutionary distance of the compared organisms. The closer two organisms
are, the more relevant information about the problem in the target domain is
contained in the source sample.

Figure 5.5 displays a representation of the POIM of the source organisms C. elegans as well
as the target organisms. One can clearly see that the patterns are more similar for closely
related organisms. Furthermore, we observe that the most important k-mers for classification
of splice sites are located next to the intro-exon boundary.

To quantify the similarity between problems, we linearized the POIM matrices @ and
assessed the similarity by taking the normalized dot product between C. elegans and the
target organisms, which corresponds to the following equation.

spom(Qs, Qr) = D2k, Qs(ik 2) - Qr(i k.2)
’ S>>, Qs(ivk,z) + 3> >, Qr(i, k.2)

The resulting value is a similarity measure between 0 and 1, whereas a large value denotes
a larger similarity. The results are listed in Table 5.2.

(5.2)

Summary In this section we investigated three measures to assess the similarities of do-
mains. For all of the above measures, similarities are measured with respect to functions
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Figure 5.5: POIMs of all target organisms in ascending evolutionary distance. The sequence
position ¢ is shown on the z-axis and the degree of k-mers is on the y-axis. The
importance of k-mers of degree d at position ¢ is obtained by summing over all
respective k-mers z, according to Equation 5.1. High importance is encoded as
bright color. While a common pattern can be observed for all organisms, these
plots show that the problems do in fact differ to some extend between organisms.

‘ time (10° years) ‘ POIM similarity

C. elegans - C. remanei > 100 0.468
C. elegans - P. pacificus 200 0.459
C. elegans - D. melanogaster 990 0.362
C. elegans - A. thaliana > 1,600 0.296

Table 5.2: Summary of POIM-based distances between source and target organism according
to the measure defined in Equation 5.2.

in our hypothesis class, i.e. SVMs using the WD-Kernel. To summarize, the measures pre-
sented in this section have three important applications. First, they help to quantify how
different domains are and thus aid the understanding of the domain adaptation problem at
hand. Second, we will show in the following that domain adaptation methods work most ef-
ficiently at the break-even point. Lastly, inter-domain distance measures are needed to prove
generalization bounds for domain adaptation algorithms (BdBCP07; BMP06).
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5.4 Experimental Setup

To simulate the domain adaptation scenario, we randomly selected a dataset of 100,000
examples from C. elegans, while data sets of sizes 2,500, 6,000, 16,000, 40,000 and 100,000
were selected for each target organism. It was ensured that the positives to negatives ratio
is at 1/100 for all datasets. Two thirds of each target set were used for training, whereas
one third was used for evaluation in the course of hyperparameter tuning. Additionally, test
sets of 60,000 examples were set aside for each target organism. As some of the methods
are explicitly computed in feature space, the number of dimensions had to be limited to a
reasonable number. Therefore, we chose to employ WD kernels of degree [ = 1.

All experiments were repeated three times with different training splits (source and target),
except the last one which always used the full data set. Reported will be the average area
under the precision-recall-curve (auPRC) and its standard deviation, which is considered a
sensible measure for imbalanced classification problems.

5.5 Experimental Results

We considered two different settings for the comparison. For the first set of experiments we
assume that there is one source domain with sufficient data (100k examples in our case) that
should be used to improve the performance in the target domain. In the second setting we
analyze whether one can benefit from using several source domains.

Single Source Domain

In Figure 5.7 we compare the methods Regtrick, DualTask, Augmented, Shift, Combined,
Convex, and AdvancedConvex. For each of these methods, we plot the improvement over
the best performing baseline methods SourceOnly and TargetOnly at a given target data
set size. This is done for each of the four target organisms: C. remanei, P. pacificus, D.
melanogaster, A. thaliana. The absolute performance is shown in Figure 7.1 and the exact
numerical values are shown in the appendix. Furthermore, Figure 5.6 shows a summary with
a focus on best/worst performing methods.

A first central observation is that all of the compared domain adaptation methods show
considerable improvements over baseline methods. The improvements show a clear depen-
dency on target data set size as well as evolutionary distance. For each organism, a point of
mazximal gain can be determined, at which the improvement over baseline methods is maxi-
mal. For the closely related nematode C. remanei, the maximum is located at a target data
set size of 40,000, for P. pacificus and D. melanogaster, at 16,000 and for the most distantly
related organism A. thaliana at about 6,500 target examples. The maxima correspond well
to the break-even points that were determined in Section 5.3. We conclude from this obser-
vation, that the application of domain adaptation algorithms improves the performance the
most, when performances of SourceOnly and TargetOnly are similar. This should be kept in
mind when facing a novel domain adaptation scenario.

Moreover, we observe that improvements of different magnitude can be achieved depen-
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C. remanei | P. pacificus | D. melanogaster | A. thaliana || Total

DualTask 1.0 3.0 2.2 1.8 2.00
AdvancedConvex 2.4 1.2 5.0 2.8 2.85
Augmented 6.0 4.4 2.4 3.6 4.10
Shift 4.8 4.2 3.8 4.4 4.30

Convex 3.8 3.6 6.2 4.6 4.55
Combined 5.6 5.8 3.4 4.6 4.85
Regtrick 5.2 6.6 5.4 6.4 5.90
SourceOnly 7.4 8.0 8.6 8.8 8.20
TargetOnly 8.8 8.2 8.0 8.0 8.25

Table 5.3: Average rank of methods. This table displays the mean rank over target data set
sizes for each organism and method. Additionally, the mean rank over all target
data set sizes and organisms is shown in the column Total. Methods are ordered
by their total rank.

| C. rema P. pacificus |D elanogaster A, thaliana
DuaiTask !!!!!+F!Ff!_!!;iﬁ!!!
AdvancedConvex| + | + -- -- . - . - AF .
Augmented ] N P ’_’_ . - T -’TT T
Shift nEEEREEEEnEEEn IEEEnn
Convex N e e
Combined T e e e e e Er e -
Rogwrick LI ] e ] ]
SourceOnly ] -- __--- _----
pEl | sl EEEs

SourceOnly = [
TargetOnly ----’7 --- -- :

Figure 5.6: Summary of performances of each presented method. Each column contains 5
sub-columns, which correspond to ascending target data set sizes (2,500, 6,500,
16,000, 40,000, 100,000). The method with the highest auPRC score for a given
organism and target data set size is assigned a dark green background. Methods
that do not perform significantly worse (within a confidence interval of o//n)
are shown in light green. Accordingly, the worst performer is shown in red, while
methods which perform similarly bad in the sense defined above are assigned an
orange color (does not occur in this plot, but in Figure 5.8 that uses the same
color scheme). The remaining methods that do not fall in any of the mentioned
categories are shown in yellow. This figure summarizes results from the single-
source domain experiments.

dent on the distance between domains (i.e. evolutionary distance between organisms). The
results indicate that domain adaptation methods show the largest improvement if domains
are relatively far apart (note the different scales for the subplots in Figure 5.7). This is be-
cause data from the source domain can readily be applied to the target domain, if source and
target distributions are close. The further source and target distributions are apart, the more
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Figure 5.7: Results of single source domain experiments. The plots show the improvement
over the best of TargetOnly and SourceOnly at each target size.
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critical it is to perform adaptation of the data. For C. remanei, a maximal improvement of
3.2% can be observed, for P. pacificus 5.3%, for D. melanogaster 11.7%, and for A. thaliana
10.6%. Also, note that if close data is available, then it should be used.

We observe that DualTask outperforms the other domain adaptation methods in most
cases. This is most pronounced on C. remanei (i.e. if domains are closest), where DualTask
has superior performance for all target data set sizes. A maximal improvement of about 2%
over the other non-baseline domain adaptation methods can be observed on D. melanogaster
for 16000 and 40000 target examples. From the summary in Figure 5.6, we observe that
DualTask performs best in 12 of 20 experiments. Moreover, DualTask exhibits an average
rank of 2.0, which is lower than the average rank of all other baseline methods (see Table
5.3). The methods showing the least average improvement over baseline methods are Convez,
Combined, and Regtrick. While Regtrick performs worse in most cases, it is able to outperform
Convex on D. melanogaster for low target data set sizes.

Clearly, one-step methods (apart from Combined) show a larger improvement than two-
step methods. This is not surprising, as they take interactions between examples from both
domains into account, whereas two-step methods only “see” interactions within domains
(see Figure 3.4). While two-step methods can be considered more powerful, the superior
performance comes at a significantly higher cost. Considering inter-domain interactions not
only leads to a higher performance but also to more expensive training in terms of time and
memory.

Lastly, AdvancedConvex deserves some attention. While it performs mostly worse than
DualTask, it is often second best (see Table 5.3). It combines the cheapest one-step method
in terms of hyper-parameter optimization SimpleUnion with TargetOnly in a convex man-
ner. That way it takes into account both, within-domain interaction as well as inter-domain
interactions. It allows efficient trade-off parameter optimization, without having to re-train
the combined classifiers. In case one faces a domain adaptation situation, where re-training is
expensive, but inter-domain interactions significantly improve performance, AdvancedConvex
constitutes a reasonable compromise.

5.5.1 Multiple Sources

In a second set of experiments we considered the three algorithms combining several sources
(i.e. MultiCombined, MultiConvex, MultiTask). For our comparison we used 25,000 labeled
examples from each of the four source organism to predict on a target organism. Thus the
total number of source examples is identical to those used in single source experiments. The
results are given in Figure 5.8 and a summary in Figure 5.9. We can make the following
observations:

1. Relative to the corresponding single source algorithms, these algorithms perform better
than the corresponding single source methods, if the organism is far away from the
source used by the single source algorithm (see Table 5.4).

2. For distantly related organisms such as D. melanogaster and A. thaliana, the usage of
multiple sources can lead to considerable improvements relative to the corresponding
single source algorithms. This is most pronounced for small target data set sizes.
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3. Among the multiple source algorithms MultiTask is most successful, as can be seen in

Figure 5.9.
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C. remanei | P. pacificus | D. melanogaster | A. thaliana || Total

DualTask 1.0 1.8 2.8 2.8 2.1
MultiTask 4.4 3.0 1.4 1.2 2.5
Combined 2.8 3.8 4.0 4.4 3.75
MultiCombined 5.8 5.4 3.8 3.2 4.55
Convex 2.2 2.0 5.6 5.0 3.7
MultiConvex 4.8 5.0 3.4 4.4 4.4

Table 5.4: Average ranks for multi-source experiments.

From these experiments we observe that it pays off to use diverse multiple sources, in

particular if there is no very close relative available. On the organisms D. melanogaster and
A. thaliana MultiTask outperforms the other methods in 7 of 10 experiments.

In summary we observe that all domain adaptation algorithms lead to considerable im-
provements over the source and target models. For distantly related organisms learning from
many different sources helps to improve the classification performance.
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In our comparison we determined the DualTask and MultiTask learning algorithms as the
best performing methods. As pointed out earlier, it is not surprising that one-step methods,
which take into account interactions between examples within domains as well as interactions
between examples of different domains perform better than two-step methods which solely
consider intra-domain interactions. These inter-domain interactions are important, because
they allow a bidirectional exchange of information between domains. In conclusion, one-step
methods are more expensive but more powerful as they take into account more information.
Furthermore, a possible explanation of the superior performance of DualTask is the use of
the logistic loss instead of the hinge loss. It is possible that the former is better suited for
the data at hand. This question has to be investigated in future experiments. However,
preliminary experiments suggest that similarly good performance can be achieved with the
hinge loss as well.

We observe that Combined, whose training has the same space and time complexity and
which has the same number of hyperparameters, performs worse than DualTask and Aug-
mented. As pointed out in Section 3.4 the method Combined uses the loss-term of the SVM
to introduce a trade-off between source and target, while DualTask utilizes the regularizer.
Based on our results, we hypothesize that influencing the trade-off via the regularizer is better
suited than via the loss term for this kind of domain adaptation problems. The exact reasons
remain unclear and require a detailed analysis which is beyond the scope of this work.

It is possible to extend DualTask such that it allows an additional trade-off parameter
via its loss term. However, a problem is that this leads to a three-dimensional search grid
with respect to hyperparameter optimization. Either the search space is restricted to a very
sparse grid (which might lead to worse performance) or training becomes extremely expensive.
Additionally, tuning too many hyperparameters may lead to overfitting and thus to worse
performance on unseen data. Yet, an analysis whether an extension of DualTask is beneficial
could be part of future research.

Compared to the other domain adaptation methods, the performance of the method
Regtrick is rather weak. When analyzing the dual of Regtrick (see Equation 3.13) one can see
that it effectively reweights target examples based on their distance to the support vectors of
the solution vector of SourceOnly. The resulting predictor fgr., performs a convex combina-
tion between the solution learned on these reweighted target examples and the solution from
SourceOnly (see Equation 3.7). Thus, it becomes clear that the reweighting step is likely
to be responsible for the inferior performance compared to Convezr. The problem could be
related to the focus on support vectors in the reweighting step. Support vectors represent
a rather extreme subset of the dataset (i.e. examples at class boundaries, outliers), which
might lead to a problematic reweighting, in particular in extremely sparse high-dimensional
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spaces. Benchmarking the Regirick on other, real-valued or lower-dimensional datasets will
be part of future research.

KMM was not part of the above experiments, because it did not bring significant im-
provements in preliminary experiments. Therefore, we considered a derivative of KMM, Shift
which was even able to outperform DualTask in a few cases. While the idea of matching
means by a translation of examples, rather than a reweighting of examples clearly has its
benefits, the down-side of Shift is that computations have to be done explicitly in feature
space and an efficient implementation is not obvious. However, Shift could be applicable to
domain adaptation problems where DualTask fails because source and target distributions
are too different. For the data at hand, however, we could observe only average performance
for most experiments.

In large-scale machine learning, a central criterion for choosing a training algorithm is
the complexity of the training procedure. Efficient hyperparameter optimization is the great
benefit of convex combinations, as the combined classifiers do not have to be retrained, but
only an optimal combination coefficient has to be determined. From our results we conclude
that Convex delivers adequate performance (mostly comparable to more expensive methods)
at a very low cost. The observation has not only been made in sequence analysis, but also
in the field of natural language processing, where (Dau07) reported that simple methods are
surprisingly hard to beat. By presenting the method AdvancedConvexr we make the point
that convex combinations can not only be used to combine classifiers that have been trained
separately per domain. In fact, convex combinations of several of the methods presented above
could bring improvements. In preliminary experiments, we learned that the combination of
Regtrick and TargetOnly was able to considerably improve upon the performance observed
for the regular Regtrick. However, in this work we refrained from considering all possible
combinations because there are simply too many of them.

Generally, multi-task methods are of particular interest, as they can be used in more general
settings than just the domain adaptation scenario. In domain adaptation, it is assumed that a
large body of data is available for the source domain (or domains) while only a limited amount
of data is available for the target domain. However, scenarios exist where only little data is
available for all domains. In that case, multi-task methods are better suited because common
knowledge between domains is shared, while a specific component is learned separately for
each domain. That way, a predictor for each of the domains is obtained and not only for the
target domain. This could be useful in many applications in computational biology.

6.1 Outlook

Application to Gene Finding From our results, we draw the following conclusions with re-
spect to gene finding. As has been shown, simple convex combinations deliver adequate per-
formance at a very competitive cost. In particular with respect to sequence signals for which
plenty of training data is available, desirable performance levels can probably be reached
by employing simple convex combinations of classifiers that were trained separately for each
organism. On signals, however, where little data is available for virtually all organisms (such
as transcription start sites) we could turn to MultiTask methods to create a joint classifier
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for several organisms (see below). As pointed out before, the gene finder mGene decomposes
the gene finding problem in a two-layered manner. The first layer deals with the recognition
of sequence signals (e.g. splice sites), while the second layer integrates all of the individ-
ual sequence signals into a state model with a technique called structured output learning
(THJAO4). For the second layer a set of initial experiments has to be conducted in order to
investigate whether the observations from the first layer carry over.

Universal splice site predictor Inspired by the good performance of the multi-task methods
(using multiple sources), one could attempt to develop a method that learns to predict splice
sites (or other sequence signals) for several organisms at the same time. The idea of multi-
task methods is to define a trade-off between a general solution that is shared between the
domains and domain-specific solutions. If we considered N domains, we could use a matrix
W that encodes how important the similarity between w; and wj; is for the optimal solution.
One could take this idea further and use a phylogenetic tree to determine which domains
are close and encode that information into the matrix W. That way, data from all available
sources could be shared between domains with an appropriate degree of influence to obtain
a predictor that works well for all organsisms. If it turned out that setting weights from
phylogenetic trees does not work well, one could instead employ one of the domain distance
measures presented in this work.

Efficient hyperparameter optimization Methods for efficiently determining the optimal
cost parameter C' (in the context of training an SVM) have for instance been proposed
in (HRTZ04). The idea is to integrate the hyperparameter optimization into the regular
training procedure. This idea has been extended by (WYLO06) to the two dimensional case
(two hyperparameters), setting cost vectors separately for each class. It would be interest-
ing to explore, whether a similar approach can be applied to some of the presented domain
adaptation algorithms in order to determine optimal trade-off parameters (e.g. the parame-
ter B for DualTask) at a very low computational cost. Furthermore, (Cha07) propose SVM
training procedures in the primal, including hyper-parameter optimizations. Again, this can
potentially be used for efficient tuning of trade-off parameters for domain adaptation.

Kmer-reweighting The method Kmer-reweighting approaches the problem of domain adap-
tation from a different angle than most of the other methods that were considered in this
work. Here, the focus is on reweighting features rather than examples. The development
of the initial prototype and the evaluation on a set of experiments will be completed in the
near future. Pursuing this direction of research might lead to improvements over the meth-
ods presented so far as one could potentially benefit from employing hand-tailored domain
adaptation algorithms to the sequence prediction problem.
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7 Conclusion

The aim of this work was to identify suitable methods to perform domain adaptation for
splice site prediction. The main difficulties in splice site prediction arise from the extremely
high dimensional feature space, unbalanced data sets and the fact that there is very little
labeled data available for newly sequenced organisms. These challenges can be addressed by
using efficient formulations of domain adaptation algorithms. The existing set of methods
available for domain adaptation was complemented with extensions to some these methods
and some new developments. In particular, substantial effort was spent on deriving an efficient
implementation of the method Regtrick. Furthermore, the cost effective combination method
AdvancedConvexr was proposed.

In preparation of a thorough comparison, all methods were implemented and missing in-
frastructure was developed to perform large scale experiments in a cluster computing envi-
ronment. To automate data storage and loading, the underlying C++ library Shogun was
extended with serialization functionality using the boost library. The infrastructure that was
created in the course of this project is likely to render useful in future projects.

In a set of initial experiments, we analyzed the similarity between domains. We presented
and evaluated three distance measures for this. The break even point was identified as partic-
ularly interesting, as it gives an idea under which circumstances domain adaptation methods
lead to the greatest improvement. Furthermore, POIMs constitute a powerful tool to compare
sequence based problems. As we have shown, they are not only suited for visual comparisons,
but can also be used to infer a numerical similarity measure.

As one of the main contributions of this thesis we conducted a large set of experiments with
varying phylogenetic distances between organisms and data set sizes with the goal of assessing
the performance of the domain adaptation algorithms in a number of different settings. These
experiments would have taken about 1600 days of computing time on a single state-of-the-
art CPU. We distinguish two classes of methods: one-step methods, for which a classifier
is obtained by training on examples from source and target domains simultaneously, and
two-step methods, for which a classifier is obtained by combining classifiers that were trained
separately on the respective domain (e.g. a convex combination). We observed that one-
step methods that take the inter- and intra-domain interactions into account mostly perform
better than two-step methods which only consider intra-domain interactions. The superiority
in performance comes at the cost of a considerably more expensive training procedure.

The one-step method DualTask has the best overall performance. It not only shows con-
siderable improvements over baseline methods, but also outperforms the other domain adap-
tation methods in 12 of 20 experiments. Furthermore, the strong performance of the method
Conver shows that simple methods are competitive. As the relatively inexpensive convex
combination often performs not much worse than more expensive methods, we clearly con-
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sider it to be the winner in terms of performance per cost. Moreover, we found the method
AdvancedConvex to perform well, in particular on closely related organisms. As a com-
promise between one-step methods and the efficient hyperparameter optimization of convex
combinations, it constitutes an excellent trade-off between performance and cost as well.

The most significant improvement over baseline classifiers could be achieved on target
organisms in a rather distant relationship to C. elegans. Splice sites are quite well conserved
between organisms, which means that the need for adaptation is not as pronounced between
close organisms. For distant organisms on the other hand, intelligent adaptation can yield
significant improvement over baseline methods. In a second set of experiments, we showed
that it makes sense to combine data from several source organisms, if no single close relative
is available. We presume that this way, we avoid an overly strong bias torwards the model
from one source organisms and rather focus on the general aspects of splice sites across a
range of organisms.

Based on our results, we can give the following recommendations to researchers who find
themselves facing a domain adaptation scenario. As a general rule of thumb, the more
distantly related the source and target domains are, the more effort has to be made to benefit
from source domain information. As a first step to see how much we can gain from domain
adaptation algorithms, one should compare the performance of the methods SourceOnly and
TargetOnly. If they are similar (e.g. close to the break-even point), we can expect domain
adaptation algorithms to work well. From our experience with splice site data, we recommend
to employ the method Convex first and check whether the result is already good enough.
Only if further improvements are desirable and the computational resources are available,
one should turn to fully hyperparameter-optimized multi-task methods. When seeking a
compromise between efficiency and performance, one could turn to AdvancedConvex. In
particular when working with large datasets, such that hyperparameter optimization is very
expensive, but at the same time one aims to improve upon the performance of Convez, the
use of the AdvancedConvexr can be recommended.

In summary, we conclude that domain adaptation algorithms are an effective tool to com-
bine information from different domains in order to obtain an optimal classifier. The best
suited domain adaptation method has to be chosen carefully, as it largely depends on frame-
work requirements, such as desired accuracy or available resources and the data themselves.
If a wise choice is made, however, predictive performance can be boosted considerably.
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Appendix

2500 6500 | 16000 | 40000 | 100000
AdvancedConvex | 0.1923 | 0.2945 | 0.3831 | 0.4806 | 0.5397
Augmented | 0.2462 | 0.2733 | 0.3819 | 0.4705 0.536
Combined | 0.1735 | 0.2439 | 0.3809 | 0.4731 | 0.5433
Convex | 0.1927 | 0.2452 | 0.3383 | 0.4293 | 0.5209
DualTask | 0.2421 | 0.273 | 0.3849 | 0.4975 | 0.5654
Regtrick | 0.2019 | 0.2255 | 0.3642 | 0.4477 | 0.5345
Shift | 0.1708 | 0.2643 | 0.3683 | 0.4798 | 0.5596
SourceOnly | 0.1422 | 0.1379 | 0.1392 | 0.1537 | 0.1422
TargetOnly | 0.1023 | 0.1907 | 0.3256 | 0.4537 | 0.5328
Table 7.1: A. thaliana
2500 6500 | 16000 | 40000 | 100000
AdvancedConvex | 0.7589 | 0.7677 | 0.7734 | 0.7812 | 0.8004
Augmented | 0.7537 | 0.761 | 0.7676 | 0.7773 | 0.7975
Combined | 0.7567 | 0.7593 | 0.7717 | 0.7733 | 0.7995
Convex | 0.7224 | 0.7653 | 0.7634 | 0.7741 0.789
DualTask | 0.7706 | 0.778 | 0.7789 | 0.7902 | 0.8049
Regtrick | 0.7594 | 0.7646 | 0.7692 | 0.7728 0.79
Shift | 0.7578 | 0.7555 | 0.7723 | 0.778 | 0.7984
SourceOnly | 0.7577 | 0.7594 | 0.7577 | 0.7577 | 0.7594
TargetOnly | 0.2404 | 0.4645 | 0.6183 | 0.7044 | 0.7833

Table 7.2: C. remanei
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2500 6500 | 16000 | 40000 | 100000
AdvancedConvex | 0.3333 | 0.3526 | 0.4942 | 0.5569 | 0.6183
Augmented | 0.3871 | 0.4123 | 0.4931 | 0.562 0.622
Combined | 0.3691 | 0.3928 | 0.4946 | 0.5598 | 0.6154
Convex | 0.3653 | 0.399 | 0.4503 | 0.5202 | 0.5875
DualTask | 0.408 | 0.3787 | 0.5233 | 0.5817 | 0.6326
Regtrick | 0.3802 | 0.3881 | 0.4714 | 0.5465 | 0.6105
Shift | 0.3529 | 0.4015 | 0.4899 | 0.546 | 0.6353
SourceOnly | 0.326 | 0.3284 | 0.3302 | 0.326 0.326
TargetOnly | 0.1392 | 0.259 | 0.397 | 0.5129 0.612
Table 7.3: D. melanogaster
2500 6500 | 16000 | 40000 | 100000
AdvancedConvex | 0.6493 | 0.6693 | 0.6747 | 0.7248 | 0.7581
Augmented | 0.5767 | 0.6633 | 0.6729 | 0.7149 | 0.7499
Combined | 0.6267 | 0.6596 | 0.6744 | 0.7034 | 0.7433
Convex | 0.5895 | 0.6573 | 0.6503 | 0.7064 | 0.7476
DualTask | 0.6472 | 0.6639 | 0.6844 0.71 | 0.7488
Regtrick | 0.6411 | 0.6474 | 0.6679 | 0.703 | 0.7348
Shift | 0.635 | 0.6607 | 0.6721 | 0.7146 | 0.7511
SourceOnly | 0.6284 | 0.6387 | 0.6261 | 0.6387 | 0.6387
TargetOnly | 0.1968 | 0.3816 | 0.5728 | 0.6844 | 0.7441
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Figure 7.1:

Single-source absolute results.
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Figure 7.2: Multi-source absolute results.




Selbstandigkeitserklarung

Hiermit erklare ich, dass ich die vorliegende Arbeit selbstdndig und nur mit erlaubten Hilfs-
mitteln angefertigt habe.

Tiibingen, den

Vorname Nachname des Bearbeiters

79



Appendix

80



	Abstract
	Acknowledgment
	1 Introduction
	1.1 Domain Adaptation in Computational Biology
	1.2 Application to Gene-finding
	1.3 Aims of the Thesis
	1.4 Thesis Structure

	2 Background
	2.1 Biology
	2.1.1 Gene structure
	2.1.2 Splicing

	2.2 Kernel Methods
	2.2.1 Similarity Measure
	2.2.2 Kernel Trick
	2.2.3 Encapsulation of data and non-linearity
	2.2.4 String Kernels

	2.3 Support Vector Machines
	2.3.1 Motivation
	2.3.2 Optimization Problem

	2.4 Evaluation
	2.4.1 Cross-validation
	2.4.2 Performance Measures


	3 Domain Adaptation
	3.1 Overview
	3.2 Distributional Point of View
	3.3 Methods and Extensions
	3.3.1 Baseline Methods
	3.3.2 Instance Weighting
	3.3.3 Change of Representation
	3.3.4 Methods using Priors
	3.3.5 Multi-task Learning
	3.3.6 Ensemble Methods
	3.3.7 Combination of Several Sources

	3.4 Method Summary and Contribution
	3.4.1 Contribution


	4 Implementation
	4.1 Implementation of Domain Adaptation Methods
	4.2 Evaluation Pipleline
	4.3 A Grid Computing Tool: Pythongrid
	4.4 Serialization

	5 Application to Splice Site Prediction
	5.1 The Problem of Splice Site Prediction
	5.2 Domain Adaptation Setting
	5.3 Comparison of Domains
	5.4 Experimental Setup
	5.5 Experimental Results
	5.5.1 Multiple Sources


	6 Discussion
	6.1 Outlook

	7 Conclusion
	References
	Appendix

