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Abstract

Machine learning focuses on automated large-scale data analysis extracting useful
information from data collections. The data are frequently high-dimensional and may
correspond, for example, to images, text documents, or measurements of neural responses. In
many applications data can be collected from multiple data sources, that is, views.

This thesis presents novel machine learning methods for analyzing multiple data sources,
especially for understanding relationships between them. The analysis provides a
comprehensive summary of the data generating process, which may be used for exploring the
relationships and for predicting observations of one or more sources. The methods are based
on two assumptions: each view provides complementary information of the data generating
process, and each view is corrupted by noise. The methods aim to utilize all available
information (views), accumulating partly overlapping information and reducing view-specific
noise.

In particular, this thesis presents several Bayesian latent variable models that learn a
decomposition of latent variables; some of the variables capture information shared by multiple
sources, whereas the remaining variables explain noise in each view. The latent variables may
be efficiently inferred based on the observed data by using sparsity assumptions and Bayesian
inference. The models are applied for analyzing neural responses to natural stimulation as well
as for jointly modeling images and text documents.
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1. Introduction

Recent advances in information technology and computer science have
essentially changed almost every branch of science and engineering from
data-poor to data-rich, calling for up-to-date data analysis methods to con-
duct the research. Machine learning plays an important role in developing
such methods and is becoming increasingly important. One of the most
significant current research directions in machine learning is based on
Bayesian statistics, using probability theory to construct such methods in
a unified and well principled manner.

The concept of a data generating process is central to the discipline of
machine learning. This process induces structure in the observed data.
In the history of machine learning, probabilistic generative latent vari-
able models have been developed and used to capture such structure in
the data. More recently, benefits of the Bayesian approach have been im-
plemented in practice, providing efficient learning algorithms and princi-
ples for making inferences regarding the latent variables, as well as other
unknown quantities of the model, based on the observed data.

Over the past decade, there has been increasing interest in collecting
data from multiple sources or views. For example, web images co-occur
with the surrounding text on the page, and both of these views are useful
for analyzing the web content. The motivation of this approach is that
each view is assumed to provide complementary information regarding
the underlying process generating the views. The corresponding aim is to
utilize all available views to provide a more complete understanding of the
process. In particular, in many research fields it is essential to discover
the process for understanding interactions between the views.

It is becoming increasingly important to jointly model multiple data
sources. Each view may include incomplete and potentially weak infor-

mation, as well as be corrupted by noise. Joint modeling of multiple views
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is able to overcome both of these challenges. On the one hand, weak in-
formation from the views can be accumulated to provide a broader under-
standing of the process under study. On the other hand, the side-effect
of noise in each view can be circumvented by emphasizing common struc-
tures shared by multiple views.

This thesis studies Bayesian latent variable models for multi-view data.
The studied models explain the data collection and capture interactions
between the views. This task is called dependency learning. The model-
ing approach is based on a probabilistic interpretation of canonical corre-
lation analysis [CCA; Hotelling, 1936, Hardoon et al., 2004] as a latent
variable model by Bach and Jordan [2005] and Browne [1979]. The CCA
model assumes a shared process between the views that captures the de-
pendencies. Although Bayesian inference for CCA has been presented by
Klami and Kaski [2007] as well as Wang [2007] and theory exists for mod-
eling dependencies [Klami and Kaski, 2006, 2008], several fundamental
research issues remain to be studied. In particular, the existing theory
and models for learning dependencies are suitable only for limited set-
tings and suffer from inefficient learning algorithms, hindering real-world

applications.

1.1 Contributions and organization of the thesis

This thesis presents several Bayesian latent variable models for learn-
ing dependencies between multiple views. These models remove some of
the limitations of previous research, detailed in the following paragraphs,
and advance the modeling theory. The models are applied to joint model-
ing of images and co-occurring text documents as well as to problems in
computational neuroscience.

Publications I and II present a novel model formulation and inference
algorithm for Bayesian CCA (BCCA) for capturing dependencies between
two views. The novel solution results in considerably more efficient in-
ference for BCCA, especially for high-dimensional data. These papers ad-
vance the state of the art by enabling real-word applications of BCCA,
which were previously not possible to solve. In addition, Publication II
provides an extensive review of BCCA and related extensions.

Publications III and IV introduce a new problem formulation referred
to as group factor analysis (GFA) and models for solving it. GFA extends

BCCA for learning dependencies between more than two views in a flex-

10



Introduction

ible way. A key novelty is that GFA accounts for both inter-view and
within-view dependencies. In particular, Publication IV suggests a novel
prior for GFA, enabling applications with very large number of views.

Publication V generalizes BCCA to data domains in the natural expo-
nential family distributions. Most applications of BCCA have been car-
ried out only for continuous-valued data severely restricting the scope of
research. The new model removes this constraint, thus enabling princi-
pled applications suitable for binary or integer valued data, for example.

Publication VI presents a novel model that combines BCCA-type mod-
eling for learning dependencies with topic modeling. Topic models are
generative models for discrete document data. Thus far, topic model-
ing has paid little attention to learning dependencies between multiple
views: most topic models for multi-view document data make simplifying
assumptions limiting their use in less controlled setups. The proposed
multi-view topic model learns topics that capture dependencies both be-
tween and within the views.

Chapter 2 reviews the necessary background on probabilistic machine
learning. In particular, it discusses various latent variable models for a
single view that serve as a basis for the multi-view models. Chapter 3
contains the contributions of this thesis, and presents the main ideas be-
hind the developed models, comparing them with previous related work.
Finally, Chapter 4 concludes this thesis and offers directions for future

work.
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2. Bayesian machine learning

Machine learning focuses on automated large-scale data analysis, where
the general goal is to extract useful information from data, such as im-
ages, text documents, gene expression or brain imaging measurements,
and annotations or labels obtained by human expertise or from previous
data analyses. Common tasks in machine learning are prediction and
summarization, corresponding to two (partly over lapping) fields of ma-
chine learning called supervised and unsupervised learning, respectively.
Given a collection of paired observations, inputs and outputs, supervised
learning is defined as learning a relationship between them, such that for
an unseen input the output can be predicted accurately. Unsupervised
learning, on the other hand, usually considers observations from a single
source and the aim is to learn a useful description for the data collection.
A considerable amount of recent machine learning research uses Bayesian
statistics. See Barber [2012], Bishop [2006], Bernardo and Smith [1994],
Gelman et al. [2003], Kollar and Friedman [2009], MacKay [2003], and
Murphy [2012] for recent textbook accounts. Bayesian machine learning
is inherently modular and may be considered to consist of three separate,

although related, stages:
i) defining a model (probabilistic description) for data,

ii) learning (or inferring) unknown quantities (that is, parameters and

latent variables) of the model based on the observed data and,

iii) evaluating, interpreting and using the inferred quantities for various

tasks.

A large and growing body of machine learning literature has investi-
gated factor analysis and related latent variable models for a wide range
of applications. This chapter focuses on Bayesian machine learning, which

forms the basis of the models developed in the thesis. In particular, the

13
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chapter discusses latent variable models, such as factor analysis, for un-

supervised single view and multi-view learning.

2.1 Notation

A D-dimensional column vector x is denoted as x € K”, where K indicates
the domain that is usually the set of real numbers, R. A D x K matrix A
is compactly written as A € KP*K,

For matrices and vectors, subscripts are used to indicate the individual
elements, with W.; denoting the whole jth column of W and W;. de-
noting the ith row transposed to a column vector. Finally, we use 0 and
I to denote zero and identity matrices of sizes which make sense in the
context, without cluttering the notation.

In general, probability densities are written as p(x), whereas more ex-
plicit notation is alternatively used to specify the distribution in question.
For example, x ~ N(p,X) and N (x|p,X) denote a random variable x
drawn from a multivariate Gaussian distribution with parameters mean

u and covariance matrix X.

2.2 Bayesian inference

Bayesian models define joint probability distributions for observed (data)
variables, X, and unobserved quantities, ®, expressing a generative pro-
cess for X that depends on ®. The joint probability distribution may be
written as,

p(X,0) = p(X|0)p(®),

where the first term on the right hand side is a conditional (joint) prob-
ability distribution of X given ® and the second term, respectively, is
a (joint) marginal distribution of ®. The ® may contain parameters as
well as (random) variables. The distributions of the parameters are often
referred to as prior distributions, reflecting the a priori belief on those
parameters.

The statistical inference then proceeds by calculating the conditional
distribution of the unknown quantities! given the observations. This dis-

tribution is referred to as the posterior distribution of the unknown quan-

INote, however, that before computations some of the parameters need to be
assigned to known values. In the following, for notational simplicity, conditioning
on the known parameters is omitted.

14
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tities,
_p(X,0)
p(X)

The p(X) is a normalization constant, alternatively referred to as evidence

p(©]X) (2.1)

or marginal likelihood of the model. It is obtained by marginalizing over
O:
p(X) = /p(X, ©)do. (2.2)

High posterior probability for ® indicates ©® explains the observations
well and possesses significant marginal (prior) probability. Uncertainties
concerning the particular values for ® are represented in the posterior
distribution in a natural way.

For most models the normalization constant p(X) required for the pos-
terior distribution (2.1) cannot be computed in closed form. Consequently,
several approximate inference algorithms have been proposed to carry out
computations (see Section 2.2.1). However, accuracy and computational
load of these methods depend heavily on the model assumptions, prefer-
ring certain (usually simple) models. Thus, model construction needs to
balance between background knowledge, mathematical convenience and
computational tractability.

The posterior distribution can be used to generate new data or evaluate
the probability of unseen data under the model. For new data X* the

prediction is written as
pXIX) = [ (X0, X)p(OIX)de, (2.3)

The tasks of machine learning may involve summarization and/or pre-
diction. In the Bayesian setting, summarization is performed by inspect-
ing the posterior distribution (2.1) for some variables, whereas prediction
is based on equation (2.3).

Given a set of possible models for explaining X, corresponding to alter-
native modeling assumptions, model selection is the process of choosing
a single model that best represents the observations or is the most use-
ful. Bayesian model selection proposes to choose the model that has the
highest evidence (2.2), weighted by subjective model probabilities. A more
practical alternative is to choose the model that maximizes some external
performance measure for utility, such as predictive accuracy. These two

solutions may not necessarily lead to equivalent solutions.

15
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2.2.1 Approximate Bayesian inference

This thesis uses variational Bayes, Markov Chain Monte Carlo and em-
pirical Bayes for approximate inference. These approaches are described

in the following.

Variational Bayes

The variational Bayesian approach approximates the true posterior dis-
tribution by a simpler trial distribution ¢(®) [Bishop, 2006, Jordan et al.,
1999]. The idea is to choose ¢(®) such that the marginalization becomes
tractable. One frequently used procedure to achieve this is to assume that
© is factored into separate sets © = {®;}/_,. Then, the trial distribution
is given as ¢(®) = Hle q(©;). The parameters for the various distribu-
tions ¢(®;) in the approximation are updated alternatingly to minimize
the Kullback-Leibler divergence Dy (q,p) between ¢(®) and p(®|X) to
obtain an approximation best matching the true posterior. Equivalently,
the task is to maximize

p(©,X)
q(©®)

£(q) = logp(X) - Dicr(,p) = / 4(©)log o, @4

lower bounding the model evidence.
Variational Bayes is used for inference in Publications I, IT, III, VI and
1v.

Markov chain Monte Carlo methods

Markov Chain Monte Carlo (MCMC) methods construct a Markov chain
over ©® whose stationary distribution is the posterior distribution (2.1)
[Gelfand and Smith, 1990, Geman and Geman, 1984, Hastings, 1970,
Metropolis et al., 1953, Robert and Casella, 2004]. The chain proceeds
iteratively by drawing a value for ®, from a proposal distribution starting
from some initial point. Then samples are collected approximating the
posterior distribution.

Metropolis-Hastings [MH; Metropolis et al., 1953, Hastings, 1970] pro-
poses a new value for ®; from a proposal distribution p(®;|©;), accept-
ing the new value with probability proportional to the joint model. For
a symmetric proposal distribution, p(©;|©®;) = p(0,|®;), the acceptance
probability is x/e)

. p
a = min (1, m)
One interesting special case of MH is Gibbs sampling [Gelfand and Smith,

1990, Geman and Geman, 1984] that draws samples for ®; from a con-

16
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ditional distribution p(®;|®_;) given current values for the remaining
quantities.

Gibbs sampling and MH are used in Publications II and V.

Empirical Bayes

Empirical Bayes [Maritz and Lwin, 1989] seeks a point estimate for ©;
that maximizes the partial evidence p(X|©;), (approximately) marginal-
izing over the remaining variables.

Publications IV and VI use empirical Bayes.

2.3 Latent variable models

Factor analysis and related latent variable models, which are detailed in
the following, are essential tools for data analysis that express a genera-
tive process for observations in terms of a smaller number of unobserved
(latent) variables. Such models provide a lower-dimensional representa-
tion of higher-dimensional data and can be used both for summarization
and prediction. In practice, even though the observations are high-dimen-
sional, one frequently finds that they lie close to a lower dimensional sub-
space, implying that the distribution of the observations is constrained or,
alternatively, that the data variables are strongly correlated.

These models are increasingly relevant and have been shown to perform
well for a large number of applications, such as denoising, dimensional-
ity reduction, collaborative filtering, missing value imputation, gene ex-
pression analysis, brain signal analysis, computer vision, text document
analysis, information retrieval, source separation, matrix factorization
or decomposition, data visualization, feature extraction, topic modeling,
clustering, mixed membership modeling, latent feature modeling, feature
allocation and multi-way analysis (MANOVA), to name a few.

As explained in the introduction, data may be collected from multiple
sources. That is, data are assumed from M sources, constituting multi-
view data: for the nth object there are M vectorial D,,-dimensional obser-
vations x{™ € RP», where m = 1,...,M andn = 1,...,N. For D,, = 1
the mth source contains a single data variable and for D,, > 2 a group of
variables, respectively.

Latent variable models for multi-view data have been applied to su-
pervised dimensionality reduction, image annotation, multi-label predic-

tion, context based information retrieval, data integration or fusion, data
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translation, multi-way analysis for multiple views, and modeling relation-
ships (statistical dependencies) between the views.

In the following, various latent variable models and prior distributions,
relevant for the scope and the developed models of this thesis, are re-
viewed in necessary detail, whereas Bayesian treatment for some of these
models is discussed in the next chapter. In particular, this section first
discusses factor analysis and related linear Gaussian factor models, expo-
nential family factor models and topic models for both single and multiple
data sources. Then it examines useful prior distributions for these mod-
els.

As discussed in the previous section, exact inference is infeasible for
many interesting models including the aforementioned latent variable
models. Hence, in recent years, an increasing number of approximate
posterior inference algorithms have been used. In the following, a few
relevant works are mentioned. Variational Bayesian inference (see Sec-
tion 2.2.1) has been applied to linear Gaussian factor models by Attias
[1999, 2000], Ghahramani and Beal [2000], Wiegerinck [2000] and Xing
et al. [2003], to natural exponential family factor models by Khan et al.
[2010] and Seeger and Bouchard [2012], and to topic models by Asuncion
et al. [2009], Blei et al. [2003] and Teh et al. [2007]. MCMC approaches
(Section2.2.1) have been applied to linear Gaussian models by Salakhut-
dinov and Mnih [2008], and to exponential family models by Mohamed
et al. [2009], and to topic models by Griffiths and Steyvers [2004] and Teh
et al. [2006].

2.3.1 Models for single-view data

Principal component analysis

Principal component analysis [PCA; Pearson, 1901, Jolliffe, 2005] is a well
established technique for dimensionality reduction of single-view data. A
probabilistic interpretation for PCA by Tipping and Bishop [1999b] and

Roweis [1998] allows writing the model for the nth observation as
X, = Az, +e,.

Here, on the right hand side, the first term is a latent representation for
x, and the second term denotes noise that captures the remaining un-
structured variation or measurement error, respectively. The representa-
tion is a linear combination of K (latent) factors z, € R, weighted by

loadings A € RP*X | which are common for all observations. The factors
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provide a less noisy and condensed lower-dimensional representation of
the observations. Probabilistic PCA is a classical linear Gaussian factor
model where both noise and factors are drawn from Gaussian distribu-

tions. Equivalently, the model may be written as

xp ~ N (Az,, 7'_11)7
zn, ~ N(0,1).

Here, the factors are drawn from a Gaussian distribution with zero mean
and identity covariance matrix, and 7 is a precision (inverse variance)
parameter to explain additive unstructured residual to the combination.
For notational clarity zero-mean data is assumed, hence a separate mean
parameter is not included.

Factor analysis [FA; Spearman, 1904] is a closely related model to prob-
abilistic PCA that includes a more flexible noise model. The model for FA

is
x, ~ N (Az,, A),
Zn NN(07I)a

where A is a diagonal matrix with a separate element for each data vari-
able. FA is commonly applied to capturing dependencies between the
individual univariate data variables. Since the A explains independent
variation for each variable, the factors focus on capturing dependencies
(correlations) between them.

Collecting N observations x,, and factors z, into a D x N matrix X and a
K x N matrix Z, respectively, probabilistic PCA and FA can be interpreted
as a matrix decomposition. Variation is decomposed into factors and noise
as

X =WZ+E, (2.5)

where columns of E follow the Gaussian noise distribution.

A canonical example application for linear Gaussian factor models is
biological pathway analysis for microarray gene expression data, where
it is assumed that the factors represent biologically relevant information
[Carvalho et al., 2008]. Another successful application is missing value
imputation, illustrating that the factors learn predictive structure from
data [Ilin and Raiko, 2010, Lim and Teh, 2007, Salakhutdinov and Mnih,
2008].
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Exponential family principal component analysis

Exponential family principal component analysis and closely related mod-
els [EPCA; Collins et al., 2002, Moustaki and Knott, 2000, Tipping, 1999,
Wedel and Kamakura, 2001] generalize the Gaussian noise assumption of
probabilistic PCA to any distribution in the exponential family for taking
the data domain into account in a well principled way. EPCA assumes ob-
servations x, € K”, where K is a suitable subset of the real-space K C R,
drawn from a natural exponential family distribution (see Bernardo and
Smith [1994]),

X, ~ E(wy) = h(x,) exp(xLw, + g(0)).

Here, w,, € K” denotes the natural parameters of the distribution for the
nth observation, ¢(-) is a log-cumulant function specifying the distribu-
tion in question and A(-) is a function of data. The w,, is decomposed into
a linear combination of K factors z, and factor loadings A, as w,, = Az,.
The formulation covers a variety of different data domains such as binary
or integer data, corresponding to Bernoulli and Poisson distributions, re-
spectively. The expectation of x,, is given by transforming the natural

parameters through a link function written as
E[Xn] = gl(wn)v
where ¢'(-) is the link function, derivative of g(-).

Latent Dirichlet allocation

Latent Dirichlet allocation [LDA; Blei et al., 2003, Buntine, 2002] provides
a generative model for document data. Observations correspond to docu-
ments, counts of discrete words, from a certain vocabulary over D words.
Such a representation is called bag-of-words data. The model assumes K
topics 1, where k£ = 1,..., K, and the corresponding topic proportions 6.
Both 6 and 7, are constrained to be probability distributions: n,, is a dis-
tribution over the vocabulary and 6 is a distribution over the topics. The
generative model for an observation begins by drawing a topic proportion

0 from a Dirichlet distribution
6 ~ D(v1),

where v is a concentration parameter. Then, for the ith word w; a topic

indicator z; is drawn first and then w; is drawn from a multinomial distri-
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bution corresponding to that topic,

2~ M(6,1), (2.6)
wi ~ M(nzp 1)'

The process (2.6) may be repeated for drawing multiple words for each
document. The observations can be conveniently represented as D-di-
mensional vectors x,,, whose elements correspond to word counts.

Even though the topic model was originally proposed for modeling text,
it has also been applied to model images in computer vision applications
[Sivic et al., 2005, Sivic and Zisserman, 2003]. LDA is commonly used
for organizing a large collection of observations, facilitating information

retrieval.

2.3.2 Models for multi-view data

Canonical correlation analysis
Canonical correlation analysis [CCA; Hotelling, 1936, Hardoon et al., 2004]
is a well established method for dimensionality reduction of multi-view
data and more importantly for capturing dependencies between two sets
of variables, that is, views. A probabilistic interpretation of CCA [Bach
and Jordan, 2005, Browne, 1979, de Bie and de Moor, 2003] assumes a
latent representation that captures common variation (statistical depen-
dencies) between the views. The model for the nth observation in the mth
view is
xm) = Al g, 4 elm), 2.7

Here, the factors z,, are shared between the views accounting for common
variation, A(™ is the corresponding loadings and e{™ represents noise
for the mth view accounting for any non-shared variation. In other words,
the model assumes x%m) depends on two sources of variation. The first
source is shared between the views, whereas the second is independent of
the other view. Accordingly, the model decomposes the variation in data
to common variation between the views and view-specific variation.

Generative CCA is closely related to FA and probabilistic PCA. The cru-
cial difference worth pointing out is the definition of the noise. Instead
of assuming independent noise over the data variables, the model allows
for arbitrary correlations between them. One technique to achieve this

parameterizes the noise through a covariance matrix. As a result, the
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observation model for x™ is

x(™ ~ N (AMg,, 3m) 2.8)
z, ~ N(0,1).

where the (™ is an unconstrained noise covariance matrix for the mth
view.

CCA is a ideal candidate for supervised dimensionality reduction and
it has also been applied to multi-label prediction [Breiman and Fried-
man, 1997, Glahn, 1968, Ji et al., 2008, Kim and Pavlovic, 2009, Rai and
Daumé III, 2009, Sun et al., 2011, Waugh, 1942]. Here, the two views
consist of inputs and outputs as in supervised learning. CCA can extract
a shared latent representation that captures the dependencies (contain-
ing relevant information for prediction), while i) discarding view-specific
irrelevant variation, which is not useful for prediction, and ii) exploiting
output (or within-view) correlations.

In addition CCA is frequently used in a symmetric setting, where one
view is not considered more important than the other. The goals are then
to evaluate the amount of dependency between the views or to find which

of the variables show the dependency.

Inter-battery factor analysis

The CCA model is closely related to a probabilistic interpretation of inter-
battery factor analysis [IBFA; Tucker, 1958] by Browne [1979]. In recent
years, the IBFA model has been re-invented by multiple authors [Archam-
beau and Bach, 2008, Ek et al., 2008, Klami and Kaski, 2006, 2008, Leen,
2008] using different terminology, denoting the model as extended CCA
or shared-private decomposition. However, all these models correspond to
the one given by Browne [1979]. While the CCA model (2.8) parameterizes
the correlated noise via the unconstrained covariance matrix (™, IBFA

assumes a low-rank decomposition for the £(™). The model becomes

xﬁlm) -~ N(A(m)zn + B<7")Z7(1m), 7—77—%11)7 (2.9)
Zn, Z7(1m> ~ N(07 1)7

where the factors z(™) € RFm with loadings B("™) € RPm*Km affect only
the mth view. The residual variation is explained by the precision 7,,.
The connection between the IBFA and CCA models is illustrated by
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marginalizing z("™),
/ N&EM[AM g 4 B M) =11 A (200, T)dz™ =
N(xM|AM 7 BB 4 2-11) = A (x| A M)z, (M)

re-parameterizing the noise covariance matrix using a low-rank decompo-
sition,

sm — gmgm”’ 4 i
without loss of generality. When the rank of the decomposition K,,, in
essence, the number of specific factors for the mth view, equals the dimen-

sionality of x£,?”), the IBFA model is equivalent to probabilistic CCA.

Multiple battery factor analysis

Multiple battery factor analysis [MBFA; Browne, 1980, McDonald, 1970]
generalizes IBFA/CCA to more than two views. Recently, many models
equivalent to MBFA have been presented [Archambeau and Bach, 2008,
Deun et al., 2011, Lock et al., 2013, Qu and Chen, 2011, Ray et al., 2013,
Salzmann et al., 2010]. These models include both factors that are shared
across all views and specific factors (or a flexible noise model) for each
view.

Also, several straightforward generalizations of (E)PCA for multi-view
data have been proposed [Guo, 2008, Ma et al., 2008, Rish et al., 2008,
Shen et al., 2009, Singh and Gordon, 2008, Yu and Tresp, 2004, Yu et al.,
2006, West, 2003]. These models assume a single set of factors to account
for all variation, corresponding to more simple single view models for con-

catenated data.

Multi-view topic models

Web data sources, such as Facebook, Flickr and Instagram, provide rich
sources of images accompanied with textual captions, words that describe
the visual content of the images. Further, newspaper and Wikipedia ar-
ticles contain pictures related to the content appearing in the document
text. When both text and image observations are represented by bag-of-
word descriptions, multi-modal LDA [Blei and Jordan, 2003] can be used
to explain such data jointly. The model is frequently applied to text-based
image retrieval and image annotation [Barnard et al., 2003, Blei and Jor-
dan, 2003, Yakhnenko and Honavar, 2009]. The task of image annotation
is to predict the text description for an unseen image, whereas the goal

of text-based image retrieval is to retrieve well matching images to a text

query.
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Multi-modal LDA [Blei and Jordan, 2003] extends LDA by including
separate topics n,i,m) for the M views, while the topic proportion 6 for a
document is shared across all views. Then, the ith word wﬁm) for an obser-

vation in the mth view is generated as:

2™~ M(6,1),
wgm) -~ ./\/l(n("}))7 1).

Z

2.3.3 Prior distributions

Priors for the covariance matrix of the Gaussian distribution
For a diagonal noise covariance matrix, the inverse variances (precision)
T4, Whered = 1,..., D, may be drawn from a gamma distribution G (74|, )
with common shape and rate parameters « and f3, respectively. The un-
constrained noise covariance matrix ¥ may be drawn from an inverse-
Wishart distribution

=~ WS, k), (2.10)

where S denotes the scale matrix and « the degrees of freedom for the
distribution. When no prior knowledge exists for 7 or X, one can sim-
ply specify a relatively non-informative prior by assigning « and S or «
to low values, respectively. Note, however, that x > D is required to
guarantee a valid covariance matrix. Publications I-V use gamma and
inverse-Wishart distributions for the covariance matrix of the Gaussian

distribution.

Automatic relevance determination
Automatic relevance determination [ARD; Neal, 1996, Tipping, 2001] prior
distribution may be used for the elements of a continuous-valued loading
matrix. The prior controls model complexity by pushing irrelevant ele-
ments close to zero, inducing sparsity. ARD is widely adopted due to its
simplicity and effectiveness [Archambeau and Bach, 2008, Ghahramani
and Beal, 2000, Fevotte and Godsill, 2006, Fokoue, 2004, Guan and Dy,
2009, Ilin and Raiko, 2010, Li and Tao, 2013, Nakajima et al., 2013, Tan
et al., 2009, Tipping and Bishop, 1999a]. Publications I-IV present exten-
sions of ARD, detailed in the next chapter.

Bishop [1999] showed that ARD can be used to determine the number of
factors K for probabilistic PCA. In particular, the model can be initialized

with a suitably large K. Then during inference some of these factors may
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be pruned out from the model. The prior is

A ;. ~N(0,a;'T), (2.11)
Q. ~ g(a7ﬁ)7

where «y is the precision for the kth column of A and the parameters of
the gamma distribution are assigned to low values. When the «y, is large
(that is, low variance) all the elements in the A.; will be close to zero,
effectively switching off the kth factor. For an intuitive explanation how

ARD induces sparsity, see Tipping [2001].

Hierarchical Dirichlet process
Teh et al. [2006] introduced a hierarchical Dirichlet process (HDP) based
topic model for inferring the number of topics based on the observed data.
The model is based on the clustering property of the Dirichlet Process,
providing a nonparametric prior distribution for the number of topics.
Publication VI builds on this work (see Section 3.4).

The HDP is based on a Dirichlet process [DP; Ferguson, 1973] that is
briefly introduced in the following. Blackwell and MacQueen [1973] and
Sethuraman [1994] define a draw G from a DP as

G =Y pily,, (2.12)
k=1

where the set of values n;, k = 1,..., 00, are drawn from a base probabil-
ity distribution Gy, the ¢,, abbreviates an indicator function defined on
this set, and the p; are non-negative and sum to one. The p, are defined

through a stick-breaking process
k—1
pr =" [[(1=V),
j=1

where the V}, are drawn from the beta distribution Vj, ~ B(1,«). A draw
from the DP is denoted as G ~ DP(«a, Gy).

HDP couples multiple DPs, (G4, ...,Gy). The hierarchical structure en-
sures that each G,, is defined for the same set of variables 7, given in G.

A two-level construction is given as

G~ DP(Oé, Go),
G, ~ DP(B,G),

where G is called the top-level DP and G,, the second-level DP with a

concentration parameter f.
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This paragraph explains a certain construction for a HDP-based topic
model which is later referred to in Section 3.4. For this model, the top-
level DP Gy corresponds to D(v1), the 7, correspond to the topics 7, over
the vocabulary and the probabilities p; are defined as in (2.12). Corre-
spondingly, the second-level DP G,, is defined for the nth document and is

based on a normalized gamma process [Ferguson, 1973],
Z,
Gn=)_ %énk, (2.13)

Zn,k ~ g(ﬁpkv 1)7

where the auxiliary variables Z, ; are drawn from a gamma distribu-
tion. Finally, the topic proportion for the nth document is given as 6,, ;, =
% and the process for drawing the words is similar to (2.6). Even
though the construction is defined for an infinite number of topics, in prac-
tice only a finite set is actually used: a finite data collection is explained

by a finite number of topics.
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3. Models for learning dependencies
between multiple data sources

The structure of this chapter follows roughly the contributions of the pub-
lications. The description is presented for each method, discussing the

concept and related previous work.

3.1 Bayesian canonical correlation analysis via group sparsity

This section examines Bayesian models and inference methods for canon-
ical correlation analysis (CCA; see Section 2.3.2).
Publications I and IT present a novel Bayesian model for CCA. The pro-

posed model is

X(m) ~ N(W(m)yﬂ_r;ll)’
y ~N(0.1),
W~ N(0,0;L1), (3.1)
Qm g ~ g(a07 50)7

Tm ™~ g(agvﬁt‘)r)

A key novelty of the model is that it uses a group-wise ARD prior to push
unnecessary loadings (columns of W (™) to zero for each of the views sep-
arately. When the loadings for the kth factor W(r,?) become non-zero for
both views, that factor captures dependencies between the views. Other-
wise, when the W(z) become non-zero only for one view and zero for the
other, the factor describes view-specific structure. Finally, the prior still
infers the effective number of factors by pushing irrelevant loadings to
zero for both views. See Figure 3.1 for demonstration.

Publications I and II use variational Bayes for inference for the model

in (3.1), marginalizing over the unknown quantities collected in

e = {de Zn,, Qi ks Tm}d,n,7n,k7
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w
Initial W = Inferred W Re-ordered W
w®

Figure 3.1. Illustration of group-wise sparsity. The developed model (3.1) assumes a
group-wise sparse prior distribution for the factor loadings. Here the groups
correspond to a partition of variables according to the two views. The prior
results in the model converging to a solution that decomposes the variation in
data into shared and specific factors. For each factor the loadings correspond-
ing to one view are pushed jointly to zero or all are allowed to be non-zero.

and factored respectively. Open-source implementation of the model, writ-
ten in the R language, is available in CRAN: http://cran.r-project.
org/package=CCAGFA.

The developed model (3.1) differs from the existing Bayesian treatments
for CCA [Klami and Kaski, 2007, Wang, 2007]. The proposed solution
uses uncorrelated diagonal noise covariance matrices, instead Klami and
Kaski [2007] and Wang [2007] complemented the CCA model in (2.8)
by applying non-informative inverse-Wishart (2.10) priors for the uncon-
strained noise covariance matrices £(™. Even though Wang [2007] pro-
vided a variational Bayesian algorithm and Klami and Kaski [2007] de-
rived Gibbs sampling formulas, inferring the (™ becomes very difficult
for high-dimensional data, severely limiting practical applications. In par-
ticular, Publications I and II demonstrate that the corresponding model
becomes computationally inefficient for high-dimensional data and, more
importantly, fails to infer the dependencies accurately.

While a low-rank decomposition for the (™) leading to the IBFA model
(2.9), solves the problem of high-dimensional covariance estimation, it
results in an arduous model selection problem [Archambeau and Bach,
2008]. Hence, this approach has not been shown to work well in real-
world applications. Since the model (2.9) comes with three separate sets
of factors with factor numbers K, K; and K, it becomes very difficult to
correctly assign variation for each factor. Essentially, the proposed solu-
tion (3.1), as shown empirically in Publications I and II, solves this model
complexity problem.

In summary, Publications I and II present a novel Bayesian solution
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for the CCA/IBFA model that can be used efficiently for real-world ap-
plications with large dimensionalities and/or low amount of observations.
The solution extracts the dependencies between the views, additionally
decomposing the variation in data into shared and specific factors. The
novel solution imposes group-wise sparsity to infer the posterior of the
Bayesian CCA/IBFA model.

Publication I demonstrates applicability of the model for analyzing neu-
ral responses to natural stimulation. Conventional experimental settings
and computational methods in neuroscience use block-type stimuli; the
experimental setting consists of repeated blocks of the same stimuli and
rest. However, such artificial setups provide limited connections to the
natural environments our brains usually work in. Being able to study the
brain functions in less artificial setups opens up opportunities for under-
standing the complex functioning of human brains [Malinen et al., 2007].
Publication I uses neural measurements (fMRI) recorded under natural
musical stimulation. Given those measurements and a description of the
stimuli, the variation shared by the brain activity and the stimulus can
be assumed to correspond to stimulus-related activation, while variation
only seen in brain activity corresponds to the back-ground processes. Sim-
ilarly, variation only seen in the stimulus is not being processed by the

brain.

3.2 Bayesian group factor analysis

This section presents a novel problem formulation called group factor
analysis (GFA) for learning dependencies between more than two views
and approaches for solving it, following Publications III and IV.

For a multi-view data collection with M > 3 views and N D,,,-dimensional
observations xﬁf”% wheren =1,...,N and m = 1,..., M, the task of GFA
is to find K < Z;\f:l D,, factors that describe the collection and in partic-

ular dependencies between the views. The GFA model is
xﬁl’m ~ N(W(m)yn, 1),
Yn ~ N(O 1)7

where x™ is generated as a linear combination of K factors y,, and the

corresponding loadings W™ for the mth view. The loadings for all the
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Factor loadings

i s
. Ij
Tt o]
Viewt it =
R 1l
wiilie {ul r; Active inall
e H = views
: IR
aiiai g
. : aiiailel --; Active in a subset
View 2 : : - :I * of views
= ciiebal
M sl r-; Active in one
L u _'iﬂ = view
i : :
i e
" .
View 3 B P
i i 1]
: [N
Lim Y

Figure 3.2. Left: Anillustrated graphical plate diagram of group factor analysis for three
views. The variation in the views, denoted as gray nodes, are divided into var-
ious factors (the remaining nodes). Right: The corresponding factor loadings
‘W are group-wise sparse. Thus each factor may be active in any subset of the
views. In particular, the factors capture either dependencies between subsets
of the views (red nodes are active in all the views and green nodes are active
for two views) or explain independent variation or structured noise for one
view (blue nodes are active in one view).

factors and views are denoted by

wo

W (M)

The key novelty of GFA is an assumption of group-wise sparse factors.
Some factors capture dependencies between any subset of the views, whereas
the remaining factors explain independent variation or structured noise
for each view. In particular, the kth factor describes dependencies be-
tween a subset of the views if the W(? are non-zero only for those views
and zero for the others. Furthermore, the factors that are non-zero only
for a single view explain non-shared variation for one view. Figure 3.2
illustrates the potential factor loadings W for three views.

The key in solving the GFA problem is in correctly inferring the sparsity
structure. Publications III and IV present group-wise sparse prior distri-
butions for solving the GFA task. Then the factors in the GFA model
(loadings W) become group-wise sparse, pushing the unnecessary ele-
ments corresponding to some subsets of the views to zero separately for
each factor. Publication III generalizes the group-wise ARD prior (3.1) for
more than two views. Instead, Publication IV presents a more advanced

sparsity prior to better account for inter-view dependencies.
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The advanced prior is
Wi~ N(0,a,4T),
& J; = exp(Wp Vi + iy, + 1)) (3.2)
U, Vi ~ N(0,\71T),
foms 1~ N0, ALY,

Here u,, € R” and v;, € R” are location variables for the mth view and
for the kth factor, respectively. In addition, the vectors u* € RM and
¥ € RE model the mean profiles. The locations induce correlated sparsity
between the views. For example, proximity for two views in the location
space implies high probability for sharing the same factors. Publication
IV demonstrates that the prior (3.2) is especially useful for large number
(hundreds) of views.

Publications IIT and IV use variational Bayes for inference, whereas
Publication IV uses empirical Bayes for the location variables. Corre-
sponding implementations in R language are provided in CRAN: http:

//cran.r-project.org/package=CCAGFA.

Figure 3.3. Illustrated graphical plate diagrams of the linear Gaussian factor models
(see Section 2.3.2) for three views. Left: Probabilistic PCA and FA assume a
single set of common factors for all views (red nodes) to explain the variation
in data (gray nodes). Right: MBFA as well as probabilistic CCA and IBFA
assume in addition to the common factors another set of factors (or a flexible
noise model) for each view to account for view-specific variation (blue nodes).

The linear Gaussian factor models for multi-view data, discussed in Sec-
tion 2.3.2 and illustrated in Figure 3.3, are not able to solve the GFA
problem correctly. In particular, these models fail to capture dependen-
cies between subsets of views, falsely identifying such dependencies either
view-specific or shared between all views.

In summary, a novel problem formulation referred to as GFA is pro-
posed for inferring factors that describe dependencies between any subset
of views. For solving the GFA problem, group-wise sparse prior distribu-
tions are developed.

In essence, GFA is a basic data analysis tool for unsupervised integra-

tion of multi-view data. Importantly, the formulation enables addressing
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new data analysis problems and designing novel experimental settings.
Publication III demonstrates a novel kind of an analysis setup for compu-
tational neuroscience where the same subject has been exposed to several
variations of the same musical piece. The brain activity measurements
(fMRI) recorded under these separate variations are considered as views
and the task is to reveal brain activity patterns shared by a subset of the
views.

Recently, multiple authors have considered closely related problem for-
mulations to GFA. Gupta et al. [2010] extended Bayesian probabilistic
matrix factorization [BPMF'; Salakhutdinov and Mnih, 2008] to multiple
data matrices with co-occurring observations (views). Their model explic-
itly includes sets of factors for all possible combinations of views. Since
the amount of unique combinations grows exponentially, their approach
is not practical for increasing M. In addition, they failed to address the
model selection problem. Independently, Gupta et al. [2012] extended a
beta process factor analysis model [Paisley and Carin, 2011] building on
the hierarchical beta process [HBP; Thibaux and Jordan, 2007] for solv-
ing the task similar to GFA. The HBP formulation infers the factors, as
well as the number of them using MCMC. Damianou et al. [2012] ex-
tended Bayesian Gaussian process latent variable model by Titsias and
Lawrence [2010] to multiple views, corresponding to a non-linear formu-
lation of GFA. Even though non-linearity increases modeling flexibility,
interpreting the factors may be very difficult. Moreover, non-Bayesian ap-
proaches have been proposed to solve related formulations to GFA. They
are based on multi-view matrix factorizations using point estimates and
structured sparsity inducing regularizers or norms [Bengio et al., 2009,
Garrigues and Olshausen, 2010, Jenatton et al., 2010, Jia et al., 2010,
Deun et al., 2011]. See Bach et al. [2011, 2012] for further introduction
to these approaches. Welling et al. [2008] relates these approaches to the
Bayesian approach in the context of latent variable modeling, showing the

perils of using point estimates.

3.3 Bayesian exponential family canonical correlation analysis

This section presents a generalization of BCCA that removes the assump-
tion of Gaussian noise, following Publication V. In particular, the noise
distribution is generalized to any distribution in the natural exponen-

tial family, similarly to how EPCA generalizes probabilistic PCA (Section
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2.3.1).
Bayesian exponential family CCA (BECCA) assumes observations drawn

from an exponential family distribution,

X E(wl™) = A exp(x™ Wl — glw™)).

n

Here, g(-) specifies the distribution for each variable!, and w{™ denotes
the natural parameters corresponding to the observation x'™. The w!™

is decomposed as

W) = Az, 4 o),
z, ~ N(0,1),

where the latent variables z,, capture shared variation between the views

and eglm> explains view-specific variation, following the notation and the

decomposition idea of probabilistic CCA/IBFA.

Publication V provides a relatively efficient and general solution com-
bining Gibbs and Metropolis-Hastings sampling (Section 2.2.1). In partic-
ular, a simple two-level alternating sampling strategy proposed by Hoff
[2005, 2007] is adopted. The sampler utilizes Gibbs sampler derived for
the fully Gaussian model that is coupled with standard Metropolis-Hast-
ings sampling for providing a generalization to various distributions. If
the domain of w is constrained, proposals outside this domain are rejected.
Due to the difficult model selection problem of IBFA (see Section 3.1), the
model parameterizes the view-specific noise as ™ ~ N (0, (™)), follow-
ing Klami and Kaski [2007] and Wang [2007].

However, this solution does not scale well for high-dimensional data.
A potentially more efficient approach to solve BECCA would utilize the
group-wise sparsity assumption by sampling the natural parameters for
the two-level sampler from the model in (3.1). Consequently, the group-
wise sparse prior could reduce the computational load in addition to solv-
ing the difficult model selection problem.

Since the exponential family factor models for multi-view data, discussed
in Section 2.3.2, assume a single set of factors to account for all variation,
they are incapable of solving the task of CCA.

In summary, the proposed model generalizes BCCA to the data domains
in the exponential family. The solution utilizes a relatively efficient MCMC
schema that could be improved further by incorporating group-wise spar-

sity assumption. In addition, such a formulation would generalize GFA to

IThe distribution may vary for the variables. Common ¢(-) is used in order not
to clutter the notation.
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the exponential family distributions. The model may be useful in various
neuroscientific settings, where the stimulus description contains binary
or integer valued data.

Further research should be done to investigate variational Bayes for
inference, following Khan et al. [2010], Klami et al. [2013] and Seeger and
Bouchard [2012]. In particular, the recent model by Klami et al. [2013]
could be modified to solve exponential family GFA.

3.4 Factorized multi-modal topic model

This section introduces a novel multi-view topic model that generates the
document counts similarly to how CCA/IBFA generates continuous-val-
ued data, following Publication VI. Given multiple bag-of-words descrip-
tions, the proposed model learns topics that are either shared between the
views or specific to each view. The presentation of the model in this intro-
ductory part differs from the original publication to better illustrate the
non-parametric nature of the model. In particular, the model description
provided here relies on the construction of the HDP based topic model in
Section 2.3.3.

The model assumes both separate topics and topic proportions for the
views, but importantly it captures correspondences between the topics
both within as well as between the views and infers the number of top-
ics for each view separately using a HDP formulation. Then the non-zero
(active) topics with high correspondence (that is, correlation) across views
capture dependencies, whereas the remaining active topics with low cor-
respondence, respectively, capture view-specific variation.

The topics for each view are drawn from the distinct top-level DPs. Each

) ¢ R to induce correlations be-

topic is assigned a location variable E,(Cm
tween any two topics either within or across views. For example, two top-

ics that are close to each other in the topic location space tend to co-occur.
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The process is written as

G(m) _ Zp;cm)(s(n;m)’lyl)),
V<m) H V(m)

v~ 6<17a<m>>7
n"™ ~ D(™1),
KI(Cm) ~ N(0,cI),

where c is a non-negative constant. When the view-specific stick-breaking
parameter is (close to) zero, that is, p,(cm) ~ 0, the kth topic in the mth is
effectively switched off.

The document-level DPs are defined via a weighted normalized gamma

process,

G&m) Z¢5 () glm) )
p IZJ lz<m) (TI )

Z((ZZZ) ~ g(ﬁ(’”)pk 7exp(—hgﬁgn)))7 (3.3)
hy ~ N(0,1).

Even though the process appears similar to (2.13), the crucial difference
is the second parameter of the gamma distribution. The hy is a location
variable for the dth document shared between all the views. This vari-
able linearly combines the topic locations, inducing dependency between

) ) Z<m>
the topic proportions, 05;2) = W

proportional to E[Z éfz)} = pm) ](€m> eXP(hgel(cm))-

The expected value of the 0( Lk 18

Finally, the ith word w((ﬁ) for the dth document in the mth view is drawn

as follows

<m) ~ M(fl (m)7 )a
0~ M@,

This process may be repeated to draw more words.

Publication VI re-parameterizes the model and uses truncated varia-
tional Bayesian approximation for inference. The truncation is equivalent
to assigning VT(m) = 1 for a pre-determined truncation number 7'. The re-
parameterization replaces the hgﬂ,(cm) in (3.3) by a variable 5517;;) drawn
from a joint Gaussian distribution over the topics and views &; ~ N (u, X)

with unconstrained covariance matrix 3 and mean u. Essentially, each
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element of the X can be interpreted as a function of the location variables.
Further details regarding the posterior inference algorithm can be found
in Publication VI and Paisley et al. [2011].

When M = 1, the model reduces to the one presented by Paisley et al.
[2011] that is similar to the correlated topic model [CTM; Blei and Laf-
ferty, 2007]. When M > 2, the model is similar to the multi-field CTM
[Salomatin et al., 2009]. However, the developed approach uses nonpara-
metric prior distribution for inferring the number of topics based on the
observed data.

Multi-modal LDA (see Section 2.3.2) and its non-parametric version by
Yakhnenko and Honavar [2009] assume all views to share the same topic
proportions for the documents. For this reason, such models fail to capture
dependencies between the views in an interpretable way when modeling
multi-view data with strong view-specific variation.

In summary, the proposed model combines the modeling principle of
CCA/IBFA for learning dependencies with topic modeling. The developed
model is able to learn topics that are shared between the views as well
as topics specific to one view, using a HDP formulation for learning the
number of topics based on the observed data.

In Publication VI, the model is demonstrated on a relatively large collec-
tion of web images from Wikipedia pages paired with surrounding text on
the page. In particular, both image and text representations may contain
strong view-specific variation. By learning dependencies between the vi-
sual and textual views, the analysis focuses towards the shared content,

isolating aspects that are view-specific.
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4. Conclusions

This thesis presents Bayesian latent variable models for multi-view data
targeting one important task: learning dependencies between multiple
views. Prior studies that have noted the importance of modeling depen-
dencies suffer from inefficient posterior inference algorithms or are lim-
ited to constrained settings, hindering real-world applications. This thesis
set out with the aim of developing new solutions, removing some of these
limitations and advancing the modeling theory for the task.

The developed models of this thesis advance the state of the art for
learning dependencies following two principles: decomposition of latent
variables and advanced prior distributions. A unifying modeling princi-
ple for learning the dependencies decomposes the latent variables into
shared and specific. The underlying motivation is that the shared latent
variables capture systematic joint variation (statistical dependencies) be-
tween the views, while specific latent variables explain remaining non-
shared variation. While this approach results in more complicated latent
variable models including separate sets of various types of latent vari-
ables, the decomposition may be inferred efficiently from the observed
data by using group-wise sparse prior distributions and Bayesian infer-
ence.

Having obtained an efficient inference solution, this thesis provides many
practical data analysis tools for multi-view data that comprise a number
of important implications for future practice. A more efficient and accu-
rate method to solve Bayesian CCA (BCCA) is presented, enabling novel
applications for high-dimensional data. Such application scenarios were
not amenable to address with the existing methods. A novel problem for-
mulation, group factor analysis (GFA), and models for solving it are also
presented, for learning dependencies between more than two views, ex-

tending BCCA. The new formulation enables massively multi-view set-
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tings with tens or hundreds of views. Novel exponential family general-
izations of BCCA and GFA can be computed for various data domains,
increasing modeling flexibility and scope of research. A novel multi-view
topic model is introduced for multi-view document data collections, com-
bining the modeling approach of BCCA/GFA with topic modeling.

The models developed in this thesis serve as a basis for future studies. A
Bayesian approach to machine learning, as discussed in this thesis, con-
sists of three stages. These stages involve making model assumptions,
inferring unknown quantities (that is, latent variables and parameters)
of the model based on observed data and interpreting, evaluating or us-
ing the inferred quantities. Future work can be continued in all of these
three directions by extending the model structures to better suit partic-
ular data, developing and using more efficient posterior inference algo-
rithms and applying the models to various application scenarios in several

research fields.

38



Bibliography

C. Archambeau and F. Bach. Sparse probabilistic projections. In Advances in
Neural Information Processing Systems, pages 73—80, 2008.

A. Asuncion, M. Welling, P. Smyth, and Y. W. Teh. On smoothing and inference
for topic models. In Uncertainty in Artificial Intelligence, pages 27-34, 2009.

H. Attias. Inferring parameters and structure of latent variable models by vari-
ational Bayes. In Uncertainty in Artificial Intelligence, pages 21-30, 1999.

H. Attias. A variational Bayesian framework for graphical models. In Advances
in Neural Information Processing Systems, pages 209-215, 2000.

F. Bach and M. Jordan. A probabilistic interpretation of canonical correlation
analysis. Technical Report 688, Department of Statistics, University of Califor-
nia, Berkeley, 2005.

F. Bach, R. Jenatton, J. Mairal, and G. Obozinski. Convex optimization with
sparsity-inducing norms. Optimization for Machine Learning, pages 19-53,
2011.

F. Bach, R. Jenatton, J. Mairal, and G. Obozinski. Structured sparsity through
convex optimization. Statistical Science, 27(4):450-468, 2012.

D. Barber. Bayesian reasoning and machine learning. Cambridge University
Press, 2012.

K. Barnard, P. Duygulu, D. Forsyth, N. De Freitas, D. M. Blei, and M. 1. Jordan.
Matching words and pictures. Journal of Machine Learning Research, 3:1107—
1135, 2003.

S. Bengio, F. Pereira, Y. Singer, and D. Strelow. Group sparse coding. In Advances
in Neural Information Processing Systems, pages 82—89, 2009.

J. M. Bernardo and A. F. M. Smith. Bayesian theory. Wiley, New York, 1994.

C. Bishop. Variational principal components. In Artificial Neural Networks,
pages 509-514, 1999.

C. M. Bishop. Pattern recognition and machine learning. Springer New York,
2006.

D. Blackwell and J. B. MacQueen. Ferguson distributions via Pélya urn schemes.
The Annals of Statistics, pages 353—-355, 1973.

39



Bibliography

D. Blei and J. Lafferty. A correlated topic model of science. Annals of Applied
Statistics, 1(1):17-35, 2007.

D. Blei, A. Y. Ng, and M. I. Jordan. Latent Dirichlet allocation. Journal of
Machine Learning Research, 3:993-1022, 2003.

D. M. Blei and M. I. Jordan. Modeling annotated data. In International Confer-
ence on Research and Development in Information Retrieval, pages 127-134,
2003.

L. Breiman and J. H. Friedman. Predicting multivariate responses in multiple
linear regression. Journal of Royal Statistical Society B, 59(3), 1997.

M. Browne. Factor analysis of multiple batteries by maximum likelihood. British
Journal of Mathematical and Statistical Psychology, 33:184-199, 1980.

M. W. Browne. The maximum-likelihood solution in inter-battery factor analysis.
British Journal of Mathematical and Statistical Psychology, 32:75-86, 1979.

W. L. Buntine. Variational extensions to em and multinomial pca. In European
Conference on Machine Learning, pages 23—34. Springer-Verlag, 2002.

C. M. Carvalho, J. Chang, J. E. Lucas, J. R. Nevins, Q. Wang, and M. West. High-
dimensional sparse factor modeling: applications in gene expression genomics.
Journal of the American Statistical Association, 103(484), 2008.

M. Collins, S. Dasgupta, and R. E. Schapire. A generalization of principal compo-
nents analysis to the exponential family. In Advances in Neural Information
Processing Systems, pages 617-624, 2002.

A. Damianou, C. Ek, M. Titsias, and N. Lawrence. Manifold relevance deter-
mination. In International Conference on Machine Learning, pages 145-152,
2012.

T. de Bie and B. de Moor. On the regularization of canonical correlation analysis.
In International Symposium on Independent Component Analysis and Blind
Source Separation, pages 785-790, 2003.

K. V. Deun, T. F. Wilderjans, R. A. v. Berg, A. Antoniadis, and I. V. Mechelen. A
flexible framework for sparse simultaneous component based data integration.
BMC Bioinformatics, 12(448), 2011.

C. H. Ek, J. Rihan, P. H. Torr, G. Rogez, and N. D. Lawrence. Ambiquity mod-
elling in latent spaces. In International Workshop on Machine Learning for
Multimodal Interaction, pages 62—73, 2008.

T. S. Ferguson. A Bayesian analysis of some nonparametric problems. The Annals
of Statistics, pages 209-230, 1973.

C. Fevotte and S. J. Godsill. A bayesian approach for blind separation of sparse
sources. IEEE Transactions on Audio, Speech, and Language Processing, 14
(6):2174-2188, 2006.

E. Fokoue. Stochastic determination of the intrinsic structure in bayesian factor
analysis. Statistical and Applied Mathematical Sciences Institute, Tech. Rep.
TR-2004-17, 2004.

40



Bibliography

P. Garrigues and B. A. Olshausen. Group sparse coding with a Laplacian scale
mixture prior. In Advances in neural information processing systems, pages
676-684, 2010.

A. E. Gelfand and A. F. Smith. Sampling-based approaches to calculating
marginal densities. Journal of the American Statistical Association, 85(410):
398-409, 1990.

A. Gelman, J. B. Carlin, H. S. Stern, and D. B. Rubin. Bayesian data nalysis.
CRC press, 2003.

S. Geman and D. Geman. Stochastic relaxation, Gibbs distributions, and the
Bayesian restoration of images. IEEE Transactions on Pattern Analysis and
Machine Intelligence, (6):721-741, 1984.

Z. Ghahramani and M. J. Beal. Variational inference for Bayesian mixtures of
factor analyzers. In Advances in Neural Information Processing Systems, 2000.

H. R. Glahn. Canonical correlation and its relationship to discriminant analysis
and multiple regression. Journal of the Atmospheric Sciences, 25(1):23-31,
1968.

T. L. Griffiths and M. Steyvers. Finding scientific topics. Proceedings of the
National Academy of Sciences, 101(Suppl 1):5228-5235, 2004.

Y. Guan and J. G. Dy. Sparse probabilistic principal component analysis. In
Artificial Intelligence and Statistics, pages 185-192, 2009.

Y. Guo. Supervised exponential family principal component analysis via convex
optimization. In Advances in Neural Information Processing Systems, pages
569-576, 2008.

S. K. Gupta, D. Phung, B. Adams, T. Tran, and S. Venkatesh. Nonnegative shared
subspace learning and its application to social media retrieval. In Interna-
tional Conference on Knowledge Discovery and Data Mining, pages 1169-1178,
2010.

S. K. Gupta, D. Phung, and S. Venkatesh. A Bayesian nonparametric joint fac-
tor model for learning shared and individual subspaces from multiple data
sources. In SIAM International Conference on Data Mining, pages 200-211,
2012.

D. R. Hardoon, S. Szedmak, and J. Shawe-Taylor. Canonical correlation analysis:
An overview with application to learning methods. Neural Computation, 16
(12):2639-2664, 2004.

W. K. Hastings. Monte Carlo sampling methods using Markov chains and their
applications. Biometrika, 57(1):97-109, 1970.

P. D. Hoff. Bilinear mixed-effects models for dyadic data. Journal of the American
Statistical Association, 100(469):286-295, 2005.

P. D. Hoff. Model averaging and dimension selection for the singular value de-
composition. Journal of the American Statistical Association, 102(478), 2007.

H. Hotelling. Relations between two sets of variates. Biometrika, 28:321-377,
1936.

41



Bibliography

A. Ilin and T. Raiko. Practical approaches to principal component analysis in the
presence of missing data. Journal of Machine Learning Research, 11:1957—
2000, 2010.

R. Jenatton, G. Obozinski, and F. Bach. Structured sparse principal component
analysis. In Artificial Intelligence and Statistics, pages 366-373, 2010.

S. Ji, L. Tang, S. Yu, and J. Ye. Extracting shared subspace for multi-label classifi-
cation. In International Conference on Knowledge Discovery and Data Mining,
pages 381-389, 2008.

Y. Jia, M. Salzmann, and T. Darrell. Factorized latent spaces with structured
sparsity. In Advances in Neural Information Processing Systems, pages 982—
990, 2010.

I. Jolliffe. Principal component analysis. Wiley Online Library, 2005.

M. 1. Jordan, Z. Ghahramani, T. S. Jaakkola, and L. K. Saul. An introduction to
variational methods for graphical models. Machine Learning, 37(2):183-233,
1999.

M. E. Khan, G. Bouchard, K. P. Murphy, and B. M. Marlin. Variational bounds
for mixed-data factor analysis. In Advances in Neural Information Processing
Systems, pages 1108-1116, 2010.

M. Kim and V. Pavlovic. Covariance operator based dimensionality reduction
with extension to semi-supervised settings. In Artificial Intelligence and
Statistics, pages 280-287, 2009.

A. Klami and S. Kaski. Generative models that discover dependencies between
data sets. In IEEE International Workshop on Machine Learning for Signal
Processing, pages 123-128, 2006.

A. Klami and S. Kaski. Local dependent components. In International Conference
on Machine Learning, pages 425-432, 2007.

A. Klami and S. Kaski. Probabilistic approach to detecting dependencies between
data sets. Neurocomputing, 72:39-46, 2008.

A. Klami, G. Bouchard, and A. Tripathi. Group-sparse embeddings in collective
matrix factorization. arXiv preprint arXiv:1312.5921, 2013.

D. Kollar and N. Friedman. Probabilistic graphical models: principles and tech-
niques. The MIT Press, 2009.

G. Leen. Context assisted information extraction. PhD thesis, University of the
West of Scotland, 2008.

dJ. Li and D. Tao. Simple exponential family PCA. IEEE Transactions on Neural
Networks and Learning Systems, 24(3):485-497, 2013.

Y. J. Lim and Y. W. Teh. Variational Bayesian approach to movie rating predic-
tion. In Knowledege and Data Discovery Cup and Workshop, 2007.

E. F. Lock, K. A. Hoadley, J. Marron, and A. B. Nobel. Joint and individual
variation explained (JIVE) for integrated analysis of multiple data types. The
Annals of Applied Statistics, 7(1):523-542, 2013.

42



Bibliography

H. Ma, H. Yang, M. R. Lyu, and I. King. Sorec: social recommendation using
probabilistic matrix factorization. In Conference on Information and Knowl-
edge Management, pages 931-940, 2008.

D. J. MacKay. Information theory, inference and learning algorithms. Cambridge
university press, 2003.

S. Malinen, Y. Hlushchuk, and R. Hari. Towards natural stimulation in fMRI-
issues of data analysis. Neuroimage, 35(1):131-139, 2007.

J. Maritz and T. Lwin. Empirical Bayes methods. Number 35 in Monographs
on Statistics and Applied Probability. Chapman and Hall, London, 2 edition,
1989.

R. McDonald. Three common factor models for groups of variables. Psychome-
trika, 37(1):173-178, 1970.

N. Metropolis, A. W. Rosenbluth, M. N. Rosenbluth, A. H. Teller, and E. Teller.
Equation of state calculations by fast computing machines. The Journal of
Chemical Physics, 21(6):1087-1092, 1953.

S. Mohamed, K. Heller, and Z. Ghahramani. Bayesian exponential family PCA.
In Advances in Neural Information Processing Systems, pages 1089-1096,
2009.

I. Moustaki and M. Knott. Generalized latent trait models. Psychometrika, 65
(3):391-411, 2000.

K. P. Murphy. Machine learning: a probabilistic perspective. The MIT Press,
2012.

S. Nakajima, M. Sugiyama, S. D. Babacan, and R. Tomioka. Global analytic
solution of fully-observed variational Bayesian matrix factorization. Journal
of Machine Learning Research, 14:1-37, 2013.

R. M. Neal. Bayesian Learning for Neural Networks. Springer-Verlag, 1996.

dJ. Paisley and L. Carin. Nonparametric factor analysis with beta process priors.
In International Conference on Machine Learning, pages 777-784, 2011.

J. W. Paisley, C. Wang, and D. M. Blei. The discrete infinite logistic normal distri-
bution for mixed-membership modeling. In Artificial Intelligence and Statis-
tics, pages 74-82, 2011.

K. Pearson. On lines and planes of closest fit to systems of points in space. Philo-
sophical Magazine, 2(6):559-572, 1901.

X. Qu and X. Chen. Sparse structured probabilistic projections for factorized la-
tent spaces. In International Conference on Information and Knowledge Man-
agement, pages 1389-1394, 2011.

P. Rai and H. Daumé III. Multi-label prediction via sparse infinite CCA. In
Advances in Neural Information Processing Systems, pages 1518-1526, 2009.

P. Ray, L. Zheng, Y. Wang, J. Lucas, D. Dunson, and L. Carin. Bayesian joint
analysis of heterogeneous data. Technical report, Duke University, 2013.

43



Bibliography

I. Rish, G. Grabarnik, G. Cecchi, F. Pereira, and G. J. Gordon. Closed-form su-
pervised dimensionality reduction with generalized linear models. In Interna-
tional Conference on Machine learning, pages 832—839, 2008.

C. P. Robert and G. Casella. Monte Carlo statistical methods, volume 319. Cite-
seer, 2004.

S. Roweis. EM-algorithms for PCA and SPCA. In Advances in Neural Informa-
tion Processing Systems, pages 626-632, 1998.

R. Salakhutdinov and A. Mnih. Bayesian probabilistic matrix factorization using
Markov chain Monte Carlo. In International Conference on Machine Learning,
pages 880-887, 2008.

K. Salomatin, Y. Yang, and A. Lad. Multi-field correlated topic modeling. In
SIAM International Conference on Data Mining, pages 628-637, 2009.

M. Salzmann, C. H. Ek, R. Urtasun, and T. Darrell. Factorized orthogonal latent
spaces. In Artificial Intelligence and Statistics, pages 701-708, 2010.

M. Seeger and G. Bouchard. Fast variational Bayesian inference for non-
conjugate matrix factorization models. In Artificial Intelligence and Statistics,
pages 1012-1018, 2012.

J. Sethuraman. A constructive definition of Dirichlet priors. Statistica Sinica, 4:
639-650, 1994.

R. Shen, A. B. Olshen, and M. Ladanyi. Integrative clustering of multiple ge-
nomic data types using a joint latent variable model with application to breast
and lung cancer subtype analysis. Bioinformatics, 25(22):2906-2912, 2009.

A. P. Singh and G. J. Gordon. Relational learning via collective matrix factoriza-
tion. In International Conference on Knowledge Discovery and Data Mining,
pages 650-658, 2008.

dJ. Sivic and A. Zisserman. Video google: A text retrieval approach to object
matching in videos. In International Conference on Computer Vision, pages
1470-1477, 2003.

dJ. Sivic, B. C. Russell, A. A. Efros, A. Zisserman, and W. T. Freeman. Discovering
objects and their location in images. In International Conference on Computer
Vision, pages 370-377, 2005.

C. Spearman. General intelligence, objectively determined and measured. Amer-
ican Journal of Psychology, 15:201-293, 1904.

L. Sun, S. Ji, and J. Ye. Canonical correlation analysis for multilabel classifica-
tion: A least-squares formulation, extension, and analysis. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 33(1):194-200, 2011.

V. Y. Tan, C. Févotte, et al. Automatic relevance determination in nonnegative
matrix factorization. In Signal Processing with Adaptive Sparse Structured
Representations, 2009.

Y. W. Teh, M. 1. Jordan, M. J. Beal, and D. M. Blei. Hierarchical Dirichlet pro-
cesses. Journal of the American Statistical Association, 101(476):1566—1581,
2006.

44



Bibliography

Y. W. Teh, K. Kurihara, and M. Welling. Collapsed variational inference for HDP.
In Advances in neural information processing systems, pages 1481-1488, 2007.

R. Thibaux and M. 1. Jordan. Hierarchical beta processes and the Indian buffet
process. In Artificial Intelligence and Statistics, pages 564-571, 2007.

M. E. Tipping. Probabilistic visualisation of high-dimensional binary data. In
Advances in Neural Information Processing Systems, pages 592—-598, 1999.

M. E. Tipping. Sparse Bayesian learning and the relevance vector machine. Jour-
nal of Machine Learning Research, 1:211-244, 2001.

M. E. Tipping and C. M. Bishop. Mixtures of probabilistic principal component
analyzers. Neural Computation, 11(2):443-482, 1999a.

M. E. Tipping and C. M. Bishop. Probabilistic principal component analysis.
Journal of the Royal Statistical Society: Series B (Statistical Methodology), 61
(3):611-622, 1999b.

M. K. Titsias and N. D. Lawrence. Bayesian Gaussian process latent variable
model. In Artificial Intelligence and Statistics, pages 844-851, 2010.

L. R. Tucker. An inter-battery method of factor analysis. Psychometrika, 23:
111-136, 1958.

C. Wang. Variational Bayesian approach to canonical correlation analysis. IEEE
Transactions on Neural Networks, 18(3):905-910, 2007.

F. V. Waugh. Regressions between sets of variables. Journal of the Econometric
Society, pages 290-310, 1942.

M. Wedel and W. A. Kamakura. Factor analysis with (mixed) observed and latent
variables in the exponential family. Psychometrika, 66(4):515-530, 2001.

M. Welling, C. Chemudugunta, and N. Sutter. Deterministic latent variable mod-
els and their pitfalls. In SIAM International Conference on Data Mining, pages
196-207, 2008.

M. West. Bayesian factor regression models in the “large p, small n” paradigm.
Bayesian Statistics, 7(2003):723-732, 2003.

W. Wiegerinck. Variational approximations between mean field theory and the
junction tree algorithm. In Uncertainty in Artificial Intelligence, pages 626—
633, 2000.

E. P. Xing, M. 1. Jordan, and S. Russell. A generalized mean field algorithm
for variational inference in exponential families. In Uncertainty in Artificial
Intelligence, pages 583-591, 2003.

0. Yakhnenko and V. Honavar. Multi-modal hierarchical Dirichlet process model
for predicting image annotation and image-object label correspondence. In
SIAM International Conference on Data Mining, 2009.

K. Yu and V. Tresp. Heterogenous data fusion via a probabilistic latent variable
model. Lecture Notes in Computer Science, pages 20-30, 2004.

S. Yu, K. Yu, V. Tresp, H.-P. Kriegel, and M. Wu. Supervised probabilistic princi-
pal component analysis. In International Conference on Knowledge Discovery
and Data Mining, pages 464-473, 2006.

45



Bibliography

46



DISSERTATIONS IN INFORMATION AND COMPUTER SCIENCE

Aalto-DD70/2013 Ylipaavalniemi, Jarkko
Data-driven Analysis for Natural Studies in Functional Brain Imaging.
2013.

Aalto-DD61/2013 Kandemir, Melih
Learning Mental States from Biosignals. 2013.

Aalto-DD9o/2013 Yu, Qi
Machine Learning for Corporate Bankruptcy Prediction. 2013.

Aalto-DD128/2013 Ajanki, Antti
Inference of relevance for proactive information retrieval. 2013.

Aalto-DD205/2013 Lijffijt, Jefrey
Computational methods for comparison and exploration of event
sequences. 2013.

Aalto-DD21/2014 Cho, Kyunghyun

Foundations and Advances in Deep Learning. 2014.

Aalto-DD49/2014 Lindh-Knuutila, Tiina
Computational Modeling and Simulation of Language and Meaning:
Similarity-Based Approaches. 2014.

Aalto-DD80/2014 Toivola, Janne
Advances in Wireless Damage Detection for Structural Health
Monitoring. 2014.

Aalto-DD105/2014 Parkkinen, Juuso
Probabilistic components of molecular interactions and drug
responses. 2014.

Aalto-DD108/2014 Faisal, Ali
Retrieval of Gene Expression Measurements with Probabilistic
Models. 2014.



ISBN 978-952-60-5784-2
ISBN 978-952-60-5785-9 (pdf)
ISSN-L 1799-4934

ISSN 1799-4934

ISSN 1799-4942 (pdf)

Aalto University

School of Science

Department of Information and Computer Science
www.aalto.fi

DOCTORAL
DISSERTATIONS




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /SUO <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




