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Abstract

With the explosion of the number of images in personal antireeollections, efficient tech-
niques for navigating, indexing, labeling and searchingges become more and more impor-
tant. In this work we will rely on the image content as the nsiarce of information to retrieve
images. We study the representation of images by topic raddels various aspects and ex-
tend the current models. Starting from a bag-of-visualdsdmage description based on local
image features, images representations are learned insapemised fashion and each image
is modeled as a mixture of topics/object parts depictedeaniniage. Thus topic models allow
us to automatically extract high-level image content dpions which in turn can be used to
find similar images. Further, the typically low-dimensibt@pic-model-based representation
enables efficient and fast search, especially in very laag@badses.

In this thesis we present a complete image retrieval systsadon topic models and evaluate
the suitability of different types of topic models for thekeof large-scale retrieval on real-world
databases. Different similarity measure are evaluatedetrigval-by-example task.

Next, we focus on the incorporation of different types ofdbicnage features in the topic mod-
els. For this, we first evaluate which types of feature detecand descriptors are appropriate
to model the images, then we propose and explore models ubatrfiultiple types of local
features. All basic topic models require the quantizatibthe otherwise high-dimensional
continuous local feature vectors into a finite, discreteabotary to enable the bag-of-words
image representation the topic models are built on. As ibtsctear how to optimally quantize
the high-dimensional features, we introduce differenersions to a basic topic model which
model the visual vocabulary continuously, making the gaatibn step obsolete.

On-line image repositories of the Web 2.0 often store aolufiti information about the images
besides their pixel values, called metadata, such as assddags, date of creation, ownership
and camera parameters. In this work we also investigate tiowlude such cues in our retrieval
system. We present work in progress on (hierarchical) nsosleich fuse features from multiple
modalities.

Finally, we present an approach to find the most relevant @saige., very representative im-
ages, in a large web-scale collection given a query term. Ubsupervised approach ranks
highest the image whose image content and its various ntataglzes gives us the highest
probability according to a the model we automatically béddthis tag.

Throughout this thesis, the suitability of all proposed miscand approaches is demonstrated
by user studies on a real-world, large-scale database itottitext of image retrieval tasks. We
use databases consisting of more than 240,000 images wénehbeen downloaded from the
public Flickr repository.
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1. Introduction

1.1. Motivation

With the emergence and spread of digital cameras in everydaythe number of images in
personal and on-line collections grows daily. For examipdeRlick™ [] photo repository now
consists of more than three billion imagés$ [2]. Such hugegendatabases require efficient
techniques for navigating, labeling and searching. At Hraestime, those Web 2.0 repositories
open new possibilities for the statistical analysis anamattic model learning of images for
classification and indexing.

Currently, indexing and search of images is mainly basedimosnding text, manually entered
tags and/or individual and group usage patterns. Howevanually entered tags have the
disadvantage of being very subjective and noisy as theyllysdlect the author's personal
view with respect to the image content. A good example, fstaince, is the taghristmasin
Flickr. Only a fraction of the images depicts the religiower as one might expect. Instead,
the tag often denotes the time and date of creation. Thus#maols of vacation and party photos
pop up with no real common theme. Moreover there are casesewiteassociated text is
available for the images, as for instance many users do bet fheir pictures in their personal
photo collection. We conclude that image retrieval and xivtg solely based on tags/text is
difficult.

In this work we put our main focus on a different source of infation to retrieve images: the
image content. Our analysis will focus on image search aadFlickr repository. Compared to
standard image databases, this collection provides a lmgard of annotated training data. On
the other hand the annotations are noisy and, comparedtaitiad image databases available
for image classification/object recognition tasks, thegvslvery diverse content and objects
in all sorts of environments, situations and backgroundtuding very cluttered scenes and
artistic pictures.

It should be noted however that the majority of the models @mtepts presented here could
not only be used in the Flickr environment. Our aim is to depehethods that explore such
huge databases for learning the models which could as weltéd in smaller (e.g.) personal
databases.

Thus the main objective of this thesis is to develop modefs@wiate for representing the
image content in the context of retrieval on large scaleldaas. Besides enabling efficient and
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fast retrieval, such models need to be learned automati¢al, without supervision. In this
work we will study the representation of images by topic medeits various aspects. We will
analyze the current models with respect to their suitgtiitan image retrieval task and extend
them.

Probabilistic models with hidden/latent topic variablegls as probabilistic Latent Semantic
Analysis (pLSA) [40] and Latent Dirichlet Allocation (LDAL4] and their extensions are pop-
ular in the document and language modeling community. Rictdrey have been introduced
and re-purposed for image content analysis tasks such s slessification 154, 15, 76], object
recognition [30/8/7, 101], image segmentationl [98 [ 16, 82 ianage annotation [12, 58, 7].

In the context of text, hidden topic models model each doctirimea collection as a distribution
over a fixed number of topics. Each topic aims at modeling theacurrence of words inside
and across the documents and is in turn characterized bytribdi®n over a fixed size and
discrete vocabulary. Applied to visual tasks, the distidouof hidden topics in an image refers
to the degree to which an abstract object such as grass, slatestreet, etc. is contained in the
image. This gives rise to a low-dimensional descriptiorheftoarse image content and allows
us to put images into subspaces for higher-level reasoniighvwean be used to enable efficient
retrieval of images in large databases.

Given unlabeled training images, the parameters, i.e ptbleability distributions of the topic
models are estimated in a completely unsupervised fashibich is a huge advantage in large
and noisy annotated databases.

1.2. Related Work

The area of content-based image retrieval deals mainly iithniques that enable searching
and finding one or more images out of a possibly very largebda® We can identify the
following sub-areas of images retrieval with respect tartbearch goal [90]:

e Associative search: The user has no specific result imagénieh when searching, only a
vague idea of his/her search goal. During searching anddingwresult) images he/she
interactively defines what constitutes an appropriatelrésiage. Some examples for
interactive image retrieval systems &rel[25,[80/95/ 51].108

e Category search: The user searches images of a specifiogatétpese could be scene
images such as a beach during sunset, or specific objeces)aes instance cats or
flowers, as well as landmark images (e.g. Eiffel tower, Gol@ate bridge).

e Targeted search: The user searches for one special imaggheH®s a very precise idea
of how the result image has to look, e.g., he/she has alresatyisbefore.

In this thesis we concentrate on category search. Mostqarewvorks in this area have only
been designed and applied to relatively small and unreailisage databases ranging from a few



1.2. Related Work

thousand to ten-thousands of imaded [84 /5776, 102]. Fonple the widely used COREL-
database consists of very clean and homogeneous imagealmitbt perfect annotations.

There has been a significant amount of research in imagevaitsystems over the last years.
Detailed overviews can be found in[81. 90] 83| 21]. Most imagarch or indexing systems
consist of two steps:

1. image content analysis or recognition of all images indhiabase;
2. subsequent search for similar images based on the edraohtent features.

Thus first one or multiple features/models, are extractethfthe images for the purpose of
content analysis. The aim of such a model or feature is toilpgdsest represent the image
content. In cases where we have a query image, we can thesd basghe models/features,
retrieve those images whose content is most similar to tlegygmage. Thus an appropriate
similarity function based on the model or features used sigmtle defined.

Besides the query-by-example scenario, the query coutdtagiven by drawing an example
image or by a word, term or tag. We will focus in this thesis ba tuery-by-example task,
although in Chaptdi 8 we will show an approach to find releimages given a query term.

1.2.1. Image Features

As stated above, the first necessary step in a retrievalmsyist® describe the image content by
one or multiple features in order to perform retrieval. hare several possible features such
as:

color features (e.g., color histogramisi[93], color mom¢{&i}),

texture/structure features (e.g., Gabor-filtérs [45] },0fhvelets [[104, 24], local edge
distributions [62[ B]),

shape features (e.d..146]) or

object detectors and recognizeis {[56,60, 58]).

Some of the features are being computed based on the entigejme., globally, others are
computed based on a local image neighborhood. To compud fleatures, we first need to
detect appropriate image regions. This can be done fomiosthy segmenting the image into
objects, detecting interest poinis [62] 54| 65], deteckingwn objects[[99, €0] or even ignor-
ing the pixel data by e.g. dividing the image into squareamrgjior describing the image by a
dense grid over pixels and their respective neighborho6d,[34]. In the context of segmenting
objects there are some works that aim to annotate imagene@®®,[ 17 2[7]. This automatic
region annotation requires annotated training data andenanage search based on terms sim-
ilar to text search. Examples of systems that use automatiotation are[[1Z,]17, %5]. However,
object segmentation is a very challenging task due to higacbland background variability
and thus existing approaches for object segmentation vetidbly only on very limited image
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databases.

Computing features at local interest poiris [84, 62] hasatays become popular in many com-
puter vision applications such as scene and object reéognitn this work we will focus on
this type of feature to build our models for representatiod tihus to characterize the images’
content. Interest points mark (distinctive) image regiand do not require any form of segmen-
tation. When using those local features we describe an irsalgdy by a list of features that
have been computed from the local neighborhood of the detenterest points. Previously,
local features have been used for object (class) recogridia/0,62[ 58,87, 14], object cate-
gorization [20], and object search in movies|[89]. Oftensthdigh-dimensional local features
are vector quantized to derive a so-called bag-of-worderg®n, i.e., a normalized histogram
over local features.

1.2.2. Probabilistic Models

More and more computer vision works combine local featuriéls @omplex probabilistic mod-
els. Mainly they have been developed and examined in thexbaf object recognition, such
as the constellation model[31] that uses semi-supervisaadhing for object class recognition
or the pictorial structures modeél[32,129] which describeigats as a collection of local features
or parts which are arranged in a deformable geometric camafiiigun.

Recently probabilistic models, originally developed fange text collections, have been adapted
to the image domain. Those models use mixtures of so-caitieleh topics (as they are not di-
rectly observable) that are common among different doctsriarihe collection to describe the
coarse document content. Such topics are learned completstipervised and enable index-
ing the documents in the collection efficiently. They argfrently referred to as topic models.
The first probabilistic topic model, called probabilistiatent Semantic Analysis (pLSA), was
introduced by Hofmanr [40]. Here each document is desctilyed mixture of topics and in
turn each topic is characterized as a distribution over thedgvin a finite vocabulary. A fixed
number of topics is used to model the documents in the databde pLSA was then extended
by Blei et. al. [14] to a fully generative model, called Laté&nrichlet Allocation (LDA). Both
models will be reviewed in depth in Chapter 2 of this thesis.

A number of extensions to those basic topic models have begpoged [[94] 18, 13, 37,
/9]. They incorporate hierarchical structurésl[67, 11],deiahe correlation between other-
wise independent topic§_[IL3], or account for the authorshefrespective documents in the
database [49].

Topic models have been applied in the image domain mainlpinbination with local image
features. Applied to visual tasks, the mixture of hidderidepefers to the degree to which a
certain object/scene type is contained in the image. Hoiwevde able to apply topic models
to images, the usually high-dimensional, continuous lonalge features need to be quantized
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into a fixed size ‘visual’ vocabulary. Topic models have bapplied and extended in various
image content analysis tasks: scene recognition in cortibimavith the pLSA [/6,15] and
LDA [54] model, object recognition [30, 6L, B7], automatiecnatation [12[_68],17], and image
segmentation[9€, 16, 82]. Extensions of these focus on limgdthe special properties of
images and objects, especially the object’s geometryrelative and absolute positions of the
interest points in images, have been integrated into theetad80, 6192, 101, 75]. Modeling
of multiple hierarchical topics levels has also been adde$§92[ 83].

In contrast to those previous works we concentrate in tieisiton the application and extension
of topic models in the context of image retrieval. Here thallemge consists of mapping the
low-level local features of an image to semantic conceps, the shown object classes, scene
or object parts. Images can then be modeled by a number afstapid the topic distributions
in images can be used for indexing and searching images. Waaém to realize this mapping
by applying topic models to images.

1.2.3. Databases

In most of the above-mentioned works topic models have cegnlapplied to carefully selected
and labeled image databases of relatively small size. Ttabdses consist of very clean and
homogeneous images with almost perfect annotations. Bearfgy such databases are the OT-
dataset[[ /1], the Caltech-101]28] and Caltech-256 [354kkmtes, the VOC dataskil[26] and
the COREL database.

In this thesis, our aim is to design and evaluate models thek for real-world noisy databases.
In this thesis we will apply topic models to and examine themreal-word databases. We will
therefore download a large number of images from Flickr. figwilting databases are large-
scale as they consists of hundreds of thousands of imagesntrast to the above-mentioned
databases we do not clean them which results in a very digetsef images that reflects the
properties of a real on-line image repository. Besides thiee and diversity those databases
also differ in their availability when it comes to labeledtalaMany of the Flickr images are
tagged by their authors. However, those annotations ayerelible in few cases and in general
very noisy. This makes evaluations especially difficult aground truth is available. Thus we
will mainly rely on user studies to judge the suitability afrqgoroposed approaches.

1.3. Contributions

The main contributions of this dissertation can be sumredria nine points:

e Topic models applied to image retrieval We explore the application of different topic
models in a content based image retrieval system. Topic Imade used to automatically
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extract a high-level image content description based oal [teatures appropriate for
retrieval. As this image representation is of low dimenaliiy it is suitable for large-
scale retrieval due to its small memory requirements artds&esch. Further we evaluate
various parameter settings and different distance meadaresimilarity judgment and
perform a competitive comparison between the differenictopdels examined.

e Active Learning and topic models We examine topic-model-based image representa-
tions in an interactive search scenario, more specificallgombination with an active
learning algorithm. Retrieval results are further impm®y means of a novel prepro-
cessing scheme for data selection that prunes the set ofdeémdmages used during
active learning.

e Local feature evaluationn We compare different local image features in combination
with topic models to determine their suitability in sceneagnition and image retrieval
tasks.

e Feature fusion We propose three topic models for fusing different typdescdl features
and explore them in a content based image retrieval task.|8&egamine different local
descriptors and their combination with respect to theitakility to model certain image
categories.

e Continuous vocabulary topic models We present three extensions to the pLSA which
model the visual vocabulary continuously, thus making thantgization step to derive a
finite, discrete visual vocabulary superfluous. We predemtalgorithms for parameter
estimation and inference for each proposed model. Furtleepaerform a competitive
evaluation of the models in scene recognition and imagévetrtasks. The original
pLSA model serves as the baseline and shows that these niroghets/e performance.

e Deep networks applied to image retrieval We exploit deep network models for deriv-
ing a low-dimensional description of the coarse image aunt®©nce their parameters
have been learned, those networks are fast to apply dueitdakd-forward structure.
Additionally they offer a multi-level hierarchical imagermtent description. We compare
their performance to topic models in a retrieval-by-exatpkk.

e Modality fusion: We present work in progress on fusing multiple modalitiesimage
retrieval. We investigate three models. Two of those anahifical models, one based on
the pLSA, the other based on deep networks. In our expergnweatfuse visual features
and semantic features based on tags and evaluate the ptaoposels.

e Finding relevant images We present an approach to find the most relevant images,
i.e., very representative images, in a large web-scalea@@h given a query term. Our
approach ranks that image highest whose image content aiodvanetadata types give
us the highest probability according to the model we buildtiids tag. We learn such a
model to predict the most relevant images in an unsuper¥asddon.
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e Evaluation: We judge the suitability of all proposed approaches by ssadies on a
real-world, large-scale database in the context of imagéeval. Our databases con-
sist of more than 240,000 images which have been downloaded the public Flickr
repository.

1.4. Thesis Overview

Based on a review of different topic models in Chapler 2, wi pvesent our retrieval sys-
tem using a topic-model-based image representation int€Hap We evaluate the system for
different topic models and different distance measuresifoilarity judgment in a retrieval-by-
example task. Active learning is applied to the image repriegions derived to further improve
the results, and a novel pre-processing scheme is propbied, in Chapte[l4, different local
image descriptors are compared in the context of topic nsaaledl approaches for fusing mul-
tiple types of local features are discussed. We propose\aldate extensions to the pLSA for
modeling the visual vocabulary continuously in Chapler Baftel’6 examines deep networks
in the context of image retrieval and compares their peréorre to topic model based image
representations. Approaches for modality fusion are emachin Chaptefl7 and in Chapfdr 8
we present a system to find highly relevant images to a giverygerm. Finally we summarize
the thesis in Chaptél 9 and discuss directions for futureames work.
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2. Topic Models

In this chapter we will review different types of basic topiodels such as probabilistic Latent
Semantic Analysis (pLSA) and Latent Dirichlet AllocatiobA). These topic models are a
fundamental part of our image retrieval system. Due to tbegin from text collection and
document modeling, we will review the topic models in thisitext before we explain how
they can be adapted and applied to image databases in thehagster. Extensive evaluations
and certain extensions of the here described models whichelavant for the image case are
presented in the subsequent chapters.

All topic models discussed here start from a term-documertdacurrence table for the docu-
ments in the database. Assuming a numbeMaofocumentd,,...,dy in our database and a
finite set ofN wordsw?, ...,wN, the so-called vocabulary, the entries of this co-occuweena-
trix D specify the number of timas(w!, d;) the j-th wordw! from the vocabulary occurs in the
document; (see Figur€2Z]1). Note that a document could be a sectiorragnagh or even an
entire book. This basic representation ignores the ordetwods in the documents completely,
which is often known as the bag-of-words assumption. Naettiis assumption might not hold
in many cases.

Such a, usually sparse, co-occurrence matrix can be usectlgito compare documents and
perform retrieval. However there are several problems witbth a document representation
in the context of retrieval. A word might have multiple meags (polysemy), for instance a
jaguar is a type of car as well as an animal, and at the samentenese different words for the
same object/entity or concept (synonymy), e.g., sometimgesight use the word ‘automobile’
instead of ‘car’. This makes the word count vector, a colurfithe term document matrix
representing the words in a document, noisy and accuratevadtdifficult.

The aim of topic models is to overcome these problems by aatioaily finding a latent, i.e.,
hidden, semantic space that is more accurate to model dodsirimethe context of retrieval or
similarity tasks. The semantic structure of a document hefiers to some underlying hidden
concepts, topics or themes that are responsible for thgo@mirrence of words in documents.
Each document is assumed to consist of multiple hidden dopi@ is represented by their
weights. This kind of representation has several advastag@st of all the semantic space
is usually of lower dimension than the simple space thaearfsom using word count vec-
tors. This enables fast search and needs less storage. \Motee conversion to a semantic
space helps reducing noise in the word vectors and addrémsabove-mentioned problems of
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d1 d\ dM
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‘ W niw,d) term vector
co-occurrence table
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Figure 2.1: lllustration of thé\ x M co-occurrence tabl. The entrien(w!, d;) specify the
counts of the wordv! in document;.

synonymy and polysemy thus improving e.g. retrieval pentamce.

We will now first review the Latent Semantic Analysis (LSAP[2nodel. It has been the first
statistical method which aimed to uncover a latent semaiticture in document collections.
Next, in the subsequent sections, we discuss its prob@biistensions. In the following chap-
ters of this thesis we will then solely focus on the variousbaibilistic topic models.

2.1. Latent Semantic Analysis (LSA)

To automatically compute the latent semantic structuredatabase of documents, Latent Se-
mantic Analysis (LSA)[[2R] applies singular value deconipos (SVD). SVD transforms the
term document representation, i.e., the co-occurrende, teibo a relation between some con-
cepts (or topics) and words as well as one between the caneeptthe documents. These
automatically derived concepts thus represent the latanaatic structure in the data and are
used to model the documents in some topic space. Note thadglespace is typically lower
dimensional than the word space, and thus LSA performs ardiimeality reduction.

As stated above, the method starts from a term document@g+etnce matriD of dimension
N x M whereN denotes the number of words that occur across the docummeaid denotes
the number of documents in the collection. Then we perforrdSV

D = UgZoV} (2.1)

whereUg is aN x F matrix that describes which words form a specific topighas dimension
M x F and identifies which topics a document is built of, &iads a diagonal matrix of sizE x

F. F denotes the rank d and the entries afj are called singular values ; they characterize
the importance of the respective topitly and Vg have orthonormal columns. The SVD is

10
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Figure 2.2: Singular value decomposition of the co-ocawregtableD.
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Figure 2.3: Approximation of the co-occurrence table byltB& model.

depicted in Figur&2]2.

Let's now assume that the singular valussin the matrixXy are ordered by size. If we only
keep theK largest valuews, i.e., we set the remaining ones to zero, and then deleteetioe z
rows and columns afy, we can also eliminate the corresponding columnsl@fnd rows of
V. Thus we obtain new matricésof sizeN x K, V of dimensionM x K and theK x K matrix

> and for the term document matrix it holds:

D=usVv'T (2.2)

where D approximates the original co-occurrence mafdixand is used in the following to
represent our datd is the matrix of rank that is closest t® in the least-square senel[22].
Note that the choice df is important as we want to keep the important structure ofitte
and at the same time we aim to eliminate noise in our originadacurrence matrix. The SVD
of the matrixD is shown in Figur&€Z2]3.

If we now want to compare the documents in the database with ether in order to find
documents that are close together thematically, i.e., ensgmantic space, we only need the
matricesx andV if we use the dot product to compare documents:

DD =vs2VT (2.3)

Thus we can consider the rows of the mawiX as the lower dimensional representations for
our documents in the semantic space.

11
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One remaining issue is how to project new documents intostlfispace, i.e., how do we find
the low-dimensional representations for novel documeiigstwhave not been used for training
our model. This task is essential in cases where for instdreeeatabase is too large to learn
the model from all documents and it is instead only traine@ sabset. Another case occurs if
someone wants to add a novel document to the database.

Thus starting with a term vector, denoted dyywe want to find its representationy, i.e. its
representation in th&-dimensional semantic spaceq can be calculated by assuming that
di = 6i:

Vg =djuz! (2.4)

Once we have computed, we can treat it simply as an additional row in ¥enatrix and use
Equation[ZB to compute its similarity to the other docureéntthe database in the semantic
space.

2.2. probabilistic Latent Semantic Analysis (pLSA)

The probabilistic Latent Semantic Analysis (pLSA)[40]he fprobabilistic variant of the LSA.
Instead of performing the mapping into the semantic spac&Wy, the pLSA assumes an
underlying probabilistic model where each document isesgnted by a mixture of topics.
Each topic denotes in turn a distribution over the discratede. Furthermore, the topics in the
model are hidden, i.e., we do not know to which extent whigictés contained in the document
or how the topics are defined in terms of probabilities oventiords. Nevertheless, the model
associates one of the hidden topics with each word observatia document. Note that while
the LSA aims to reconstruct the co-occurrence table in &t lsquare sense, the pLSA aims to
optimize the predictive performance of the model.

Assuming we havéM documentgd; in our database and a finite vocabulary of dizeve sup-
pose that each documemtin the collection is represented as a selNpfvords, i.e., we write
wi = {w1,Ws,...,Wy }, wherew, denotes the value of threth word in the set. Note that this rep-
resentation can be derived directly from the co-occurréabke by collecting all non-zero en-
tries. The pLSA model then assumes the following generativeess for a documedi [40]:

e Pick a documend}; with prior probability P(d;)

e For each of thé\; words in documendl;:
— Select a hidden topic labe} with probability P(z,|d;)
— Generate a words, with probability P(wp|z,)

Note that the number of topids and wordsN in the model are predefined and usudly N
which means a bottleneck.

The above-described generative process results in thwvialy probability of a wordw; in a

12
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ORROERO,

M N

Figure 2.4: Graphical representation of the pLSA motietdenotes the number of documents in
the database aridl the number of words in documetit Shaded nodes highlight the observable
random variablesy for the occurrence of a word ambifor the respective document.denotes
the hidden topic variable.

documend;:

P(wj|z; = k)P(z; = k|di) (2.5)

M =

P(w;,d) = P(d)

k=1

The likelihoodL of the database can then be written as:

L= iﬁﬁP(Wj,di) (2.6)

We can also express the likelihood in terms of the co-ocoggenatrix:
M N _ ,-
L= |‘| ”P(Wj’di)n(w i) 2.7
i=1]=

wherew! denotes thg-th word in the vocabulary consisting bfwords. Figuré 24 shows the
graphical representation of the pLSA model.

The parameters of the pLSA models, i.e., the probabilityrilistions P(w|z) of the visual
wordsw given a topicz, which thus define the hidden topics, as well as the proltliistribu-
tionsP(z|d) of hidden topicz given an imagel, are learned completely unsupervised by means
of the Expectation Maximization (EM) algorithrn [23]. The EAlgorithm iterates between the
E- and M-step to find the maximum likelihood estimate of tHer& variables. Denoting with
Z thek-th topic, i.e.z= k, the E- and M-step for the pLSA are given by:
E-step:

P(2|ch)P(w[Z)

PEId. W) = & oFa PwI @9

M-step:
p(wi|Z) = 2 n(ci, w)P(Z|di, W) 20
Y Sin(di, WhP(Z|di, wi) .
P(X|d) 3 n(dh,w)P(Z|di,w) 010

N;
Note that the EM algorithm does not ensure the globally ogttiselution, the algorithm con-
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2. Topic Models

verges to a local optimum.

Note that the pLSA learns the topic distributidh&z|d) only for the training images. There is no
intuitive way to include new documents into the model, teithie reason why the pLSA model
is not a fully generative model for documents. However weeastimate the topic distributions
for new images that are not part of the original training csrjpy a heuristic, the so called
fold-in technique [14D0]. Here the EM algorithm as describédwve is applied to the unseen
images. However, this time the word distributions condi#éid on the topi®(w|z) are fixed (i.e.,
EquationZPB is not updated) and only the remaining stepkeoEtM algorithm are performed
in order to compute the topic distributid¥ z|d, ) for each novel image.

A further problem of the pLSA model is that it is prone to owvgirig as the number of variables
increases with the number of documents in the training set &@tempt to solve this problem
is to use the tempered EM algorithim [41] 40].

2.3. Latent Dirichlet Allocation (LDA)

The Latent Dirichlet Allocation (LDA)[[14] is a generativegbabilistic model which is sim-
ilar to the pLSA model but fully generative. It also reprasedocuments by a finite mixture
over latent topics. Similarly each topic is characterizgdaldistribution over words, and each
occurrence of a word in a specific document is associated avighunobservable topic. The
main difference to the pLSA model is that topic probabifitiean be easily assigned to new
documents and at the same time the overfitting problem ofltB&\ps avoided. This is realized
by treating the topic mixtures as a hidden random variabtpdercing a Dirichlet pri(ﬂ on the
multinomial mixing weights.

We suppose as before that we represent each docurimeotir collection as a set &f; words,
written asw; = {wy, W, ...,Wy, }, Wherew, denotes the value of theth word in the set. The
LDA model describes the process of generating such a doduasdaollows [14]:

e Choose a K-dimensional Dirichlet random varialfle~ Dir (a), whereK denotes the
finite number of topics in the corpus.

e For each of thé\; words in documenit
— Choose a topic labe}, ~ Multinomial(6).

— Sample the valugy, of the n-th word fromP(w,|z,, ), @ multinomial probability
conditioned on the topig,.

1A K-dimensional Dirichlet random variabl@ has the following probability density function:

_ M(ziion) K a1
PBlm) = M (ax) k:lek

wherer (x) is the Gamma functiorgy > 0 are the parameters of the distribution and 6 < 1 andyK ; 6 =1
holds.
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2.4. Correlated Topic Model (CTM)
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Figure 2.5: Graphical representation of the LDA modé¢ldenotes the number of documents in
the database ard the number of words in documeintThe shaded node denotes the observable
random variablew for the occurrence of a word, denotes the topic variable arftthe topic
mixture variable.

The graphical representation of the LDA model is shown iruRZ%. AgainM indicates the
number of images in the entire database Hndenotes the number of visual words in imafe

The probability of a document; according to the LDA model is given by:

N K

Plila.p) = [P(@Ia)[](3 Pz =KO)Plz=kp)a0 (211
2

The likelihood of the complete document collection is thie@ product of the probabilities of
each single document.

Probability distributions of words given a hidden topic aslivas probability distributions of
hidden topics given the documents are learned in a completslupervised manner. We learn
an LDA model by finding the corpus parametersndf such that the log marginal likelihood
of a database is maximized. Since this maximization canaadived directly, approximate
algorithms such as variational inferen€el[14] or Gibbs Samgd36] are used. In this thesis
we will apply variational inference when using the LDA mad@liven the learned parameters
a and 3, we can then perform approximate inference, i.e, for esimgahe document level
parameters such as the topic mixtures, using also theseaqtyms. Thus we may learn the
LDA corpus level parameters on a subset of the databased@r tr reduce total training time)
and then assign probability distributions to all documents

2.4. Correlated Topic Model (CTM)

Much like in the LDA model, the Correlated Topic Model (CTNID3] assumes that each doc-
ument is composed of words that all arise from a mixture ofcid.e., documents are repre-
sented by finite mixtures over hidden topics. Unlike the LVaere the topic proportions of
a specific document are drawn from a Dirichlet and therefoeecbrrelation between different
topics is disregarded, the CTM draws these topic propastioom a logistic normal distribu-
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2. Topic Models
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Figure 2.6: Graphical representation of the CTM modéldenotes the number of documents
in the database and the number of words in document The shaded node denotes the only
observable random variabkefor the occurrence of a word,denotes the topic variable amd
the topic mixture variable.

tion. That means in detail, to generate the topic propacstimm a document, a random vector
is drawn from a multivariate Gaussian and then mapped toitfglex to obtain a multinomial
parameter. Thus, the covariance of the Gaussian entaiendepcies between the elements of
the vector.

Assuming that each documadrdf a corpus/database bf documents is composed of a set\pf
words, we represent the documerity a N;-dimensional vectow; that contains the values,
of the words the document consists of. Each word in a documerssociated with one of the
K topics in the model. According t0[1L3], the generative psscanN;-word document arises
from can formally be summarized as follows:

1. Drawn;i|{u,Z} ~ N(u,X), whereu denotes &-dimensional mean vector anda co-
variance matrix of siz& x K.

2. For each of thé&J; words in documenit
a) Draw topic assignment, from multinomial f (n;)).
b) Choose a wordv, from P(wy|z,, 3) a multinomial probability conditioned on the
topic z,.
and wheref (n) denotes a mapping of the natural parameterization of thie fwpportions to

the mean parameterization.
6 — f( ):M (2.12)
Siexp{n'}
The graphical representation of the CTM is shown in Figuée 2.

The only observable variables in the CTM are the words eachrdent consists of. Learning
the parameters of such a model given a set of training doctsni€mccomplished by a vari-
ational Expectation-Maximization (EM) procedure. Givle tearned model we can estimate
the topic proportions of a new document by a variationalrarfiee algorithm. Details regarding
the learning and inference algorithms in the CTM model cafobad in [13].
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2.5. Summary

2.5. Summary

In this chapter we reviewed different types of topic modalshie context of document mod-
eling. These topic models are a fundamental part of our inmafgeval system and we will
explain in the next chapter how they can be adapted and dpjgiénage databases. In the
subsequent chapters we will extensively evaluate our tmmidel-based retrieval system and
propose several extensions of the here described modesialbp suited for the application of
topic models in the image domain.
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3. Topic-Model-Based Image Retrieval

In the previous chapter we have introduced different tyggsababilistic topic models for text
collections. We use these topic models throughout thigdlirea different context; for modeling
image databases and representing images in image retimdacene recognition tasks.

It has been shown i [59] that a pLSA-based image descrifni@nlarge-scale image retrieval
task outperforms conventional methods such as using jiradiag-of-words model on local
image features or Color Coherence Vectors (CCWVs) [73] agémapresentations. 1n[103] the
authors show that by using LDA models they are able to impiafeemation retrieval. Inspired
by those two works we will in this chapter examine severaidomodels in the context of image
retrieval. In the first section we present our complete @edli system. We describe the neces-
sary steps to adapt topic models to image collections. Margmilarity measures appropriate
for topic-model-based image retrieval are then discussede second section. The proposed
system is evaluated experimentally for different kindsopfi¢ models in Section3.3.

Furthermore we will show in the fourth section of this chajitew the system can be modified
to allow interactive image retrieval by using active leamtechniques.

3.1. Retrieval System

The core component of our image retrieval system is a prbstbitopic model. This topic
model is used to represent each image by its topic distdbstithus the topic model enables a
high-level low-dimensional representation for each imiagaur database. Once we have found
an appropriate representation for each image in our dagatasan perform query-by-example
image retrieval and scene recognition tasks as descriled.be

As described in the previous section, topic models have beagimally developed in the context
of text modeling where words are the elementary parts of mecits. Documents are modeled
as mixtures of intermediate hidden topics, representiag#imantic structure of the documents,
and topics are characterized by a distribution over wordppli@d to image modeling, the
images are our documents. The mixture of hidden topics thfsrs to the degree to which
certain objects or certain object parts are contained imsge. It is important to note that
topic models allow us explicitly to represent an image asxtumé of topics, i.e., as a mixture
of one or more objects/object parts. Since for all currepthctical applications the number of
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3. Topic-Model-Based Image Retrieval
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Figure 3.1: Image retrieval system based on a discrete bilii@ topic model.

topics in the model is much smaller than the number of woltdstdpic distribution gives rise
to a compact, low-dimensional description of the coarsaygrantent.

In order to apply the various topic models to image databasesquivalent to words as ele-
mentary parts in documents has to be found for images. Thesmatary parts are commonly
known as visual words. To learn visual words we start by aatarally extracting local image
descriptors at previously detected interest points (addlea keypoints) from a set of training
images. There exist many types of interest point detectodsl@al image descriptor com-
binations, each capturing a different property of a locahdge region and being more or less
invariant to illumination, changes in viewpoint and othmsaige transformations. However the
existing descriptors are usually high dimensional (betw&@ and 300 dimensions) and their
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3.1. Retrieval System

entries are continuous. Thus to derive discrete visual svtitdse extracted local features are
vector quantized.

Several approaches for quantization of local image featexést. Often the k-means algorithm
is applied in various forms and the means of the derived etastre kept as visual words.
However, direct application of the k-means algorithm is efficient, especially if the number
of visual words to be computed and thus the number of clukterthe algorithm is large. Then
a large number of training images and extracted featureschbe used to reliably compute
the clusters. To overcome this efficiency problem we derigeal words by first building
small subsets of features out of the huge amount of trainadgufes. Then we perform k-
means clustering on each subset separately. Assuming ¢ salvsets and we derikecluster
centers for each subset, our final vocabulary is then buithbyging the cluster centers of all
subsets resulting in a vocabulary sizel ok. Another approach to build a large vocabulary is
hierarchical k-means clustering which builds a vocabutezg [69].

Given the determined discrete and finite vocabulary, logalures are extracted from each im-
age in the database. Each imafyén our image database is then represented as consisting of
N; visual words by replacing each detected feature vectorsayndst similar visual word. The
most similar visual word to a specific feature vector is defiae the closest word in the high-
dimensional feature space. A term frequency vector for @aelge can then be computed by
counting the visual word occurrences in the images, anddtagsoccurrence table or equiva-
lently a bag-of-words model may be derived.

This bag-of-words image model can then be used as input tpriheously described proba-

bilistic topic models in order to derive a high-level imagpresentation. Note that the spatial
relationships between the occurrences of different viswatls in images is completely disre-
garded in the bag-of-words image description and therefts®in the subsequently computed
probabilistic topic models. It should be noted that instefidsing a bag-of-words image rep-
resentation based on local features, one could as well ysty@ of count vector as the input

to our probabilistic topic models, e.g., one derived frombgll image features. However, the
computed topics will then have to be interpreted differentl

Based on the bag-of-visual-words image descriptions & topidel is trained completely unsu-
pervised as described in the previous chapter. Note thhtsowdel is often learned on a subset
of the images in the database only, as otherwise trainingnigatationally too expensive. After
the model has been learned it is applied to all images in ttabdae and thus a topic distribu-
tion for each image is derived. This topic distribution ighe following used to represent the
image, providing a high-level description of the image eoit In most cases the number of
topics is chosen to be smaller than the number of visual wiarttee model, thus by describing
our images using the discrete topic distributions we obtaitimensionality reduction as well.
This dimensionality reduction is especially advantageibuge go to very large databases, as
storage space for the image descriptions as well as rdttisacan be significantly reduced.
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3. Topic-Model-Based Image Retrieval

Once we have trained a probabilistic topic model and congpat®pic representation for each
image in the database, we need to define an image similarigune in order to perform re-
trieval. In this work, we focus on the task of query-by-exsnetrieval, thus searching in the
database for the most similar items to a given query image&iod& similarity measures are
presented in the next section. Having found the most sinmt@ges to the query image we
show the retrieval results to the user.

Figure[321 gives a complete system overview of our propaseid model based image retrieval
system.

Our query-by-example retrieval system only needs a smatlification to be able to perform
scene recognition. Here we can perform a simple k-NearegthNer (kNN) search for the
unlabeled test images over labeled training images. Thisoagh is similar to the scene clas-
sification system proposed by Bosch et. [all [15], who use aApin®del to describe images.
However, for solving such a recognition task labeled trajrimages are necessary in order to
perform KNN classification or to train any other classifiarcts as Support Vector Machines
(SVMs), Random Forrest (RF), or Adaboost, on the computpit wistributions as image rep-
resentation.

3.2. Similarity Measures

An essential part of our retrieval system is the distancesonreaused to determine the similarity
of two images represented by their topic mixtures. The tofikdure for each image indicates
to which extent a certain topic is contained in the respedtivage. Based on the topic mix-
tures, we look at four different ways to measure similaritfiese measures are experimentally
evaluated in the next section.

First the similarity between two image andd, can be measured by calculating the cosine
similarity between the their topic distributions. The ewstoga, b) between two vectora and
b, here representing the topic mixturesdgfanddy, is popular in text retrieval [6] and is defined
by: b
a-

N PR Gy
Thus, similarity is defined as the cosine of the angle betwbhentwo vectors in the topic
space.

A second possibility to measure image similarity is the UtheL 1 distance between two topic
distributions. The.1 distance between t dimensional vectora andb is given by:

K
Li(ab) =Y lac—bd (32)
k=1

The third similarity measure that we study is the Jensem&ba divergencdS) between the
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3.2. Similarity Measures

discrete topic distributions of two images. The JS measutmsed on the discrete Kullback
Leibler divergence&L():

Igab) = %(KL(a,izb)JrKL(b,i;’)) (3.3)
where K
KL(a,b) = gkai Iog%k (3.4)

We do not use the Kullback Leibler divergence directly to suga similarity as it is not symmet-
ric. In contrast, the Jensen-Shannon divergence is a nuetfiiced by the average KL distance
to the average of the two probability distributions. It isyasnetric and smoothened version of
the KL distance.

The fourth measure we examine in this work is adopted frorgdage-based information re-
trieval. Here, each document is indexed by the likelihoodtimodel generating the query
document, i.e., the most relevant documents are the onesewhodels maximize the condi-
tional probability on the query terms. In the visual domaie, represent a query image as a set
of visual wordsw, and the above-mentioned likelihood turns into:

Na
P(Wa|Mp) = [ P(WA|M (3.5)
[Mp) ,El (W;|Mp)

whereMy, is the model of an imagdy,, N5 the total number of detected visual words in image
da andw? the value of the word in imaged,.

In previous work, Wei and Crofi [103] linearly combined thBA model and the unigram (or
bag-of-words) model with Dirichlet smoothing to represantimage. Similarly we estimate
the termsP(Wf|Mp) by combining the respective topic model for imdgé!, with the unigram
model of that imagé/}:

P(W3IMp) = A - Ry (W3IME) + (1= A) - Pr (W3 Mp) (3.6)

where 0< A < 1 is a weighting factor.
Ry (W M) in Equ.[36 denotes the probability of! in imaged, specified by the unigram
document model with Dirichlet smoothiridy of imaged,. According to [106] it is given by:
Np Np
WA MY 1-—
whereu denotes the Dirichlet prior and, the number of visual words detected in imadye
PuL(W[My) is the Maximum Likelihood (ML) estimate for the probabilif w? under the
unigram modeM}' of imaged,. The ML estimate of the visual word/; under the unigram
model ofdy is simply derived by the relative word count of the value @& #sual wordj in that

Ry (Wj|Mp) = )P (Wf[D) 3.7)
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3. Topic-Model-Based Image Retrieval

image:
n(Wjadb)

Z’j\lil n(w;, db)
n(w;j,d;) is here the number of times the valug of the word j occurs in imaged;. This
probability is smoothened by using the maximum likelihooodbability FﬁWL(w?\D) ofvv"J?‘ given
the entire collection of imageB, i.e., the probability of a visual wordy; given the image
collection is given by:

P (wj[Mp) = (3.8)

ZIM1n(WJ’d|)
Pu D 3.9
L01B) = ppa 12 1n(wj,di) (39

whereM denotes the number of image in the databasedaadpecific image i.

The termPr (\N"J?‘]M{)) in Equatior3.F refers to the probability of the vaiupof the visual wordj
in imaged, given the topic model}, of imaged,. For the different topic models the respective
probability is given by:

pLSA:
K
Wa|MpIsa Z (Wazj = k) - P(zj = k|db) (3.10)
LDA: .
Pr (W3|Md2) = Z (Wzj =k, B)-P(z; = k|6°, ) (3.11)
CTM: K
Pr (WM™ = Z (W|zj =k, B)-P(zj =KIn® u,%) (3.12)

3.3. Experimental Evaluation

We experimentally evaluate the proposed system in a quesxample retrieval task. The
objective of example-based image retrieval is to obtaing@sawith content similar to a given
sample image, also called the query. We evaluate retriegallts based on the judgments of
several ordinary test users about the perceived visualasityi of the retrieved images with
respect to the query image.

We compare the performance of different probabilisticaapbdels in our system and examine
the parameter settings. The following three topic modadseaaluated: pLSA, LDA and CTM.
Furthermore the proposed similarity measures are evaluadenell. As stated above, it has
been shown in previous work [69] that using a pLSA model togsent images in an query-by-
example task outperforms conventional methods such ag dgiectly a bag-of-words model
on local image features or a Color Coherence Vectors (CCX3) 4s image representation.
Thus we will compare different topic models with each othgirrmot to previous approaches.
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3.3. Experimental Evaluation

Category | OR list of tags # of images

1 wildlife animal animals

cat cats 28509
2 dog dogs 24660
3 bird birds 20908
4 flower flowers 25457
5 graffiti 21888
6 sign signs 14333
7 surf surfing 29552
8 night 33142
9 food 18602
10 building buildings 16826
11 goldengate goldengatebridge 23803
12 baseball 12372

Total # of images

(Note images may belong to 246,348

multiple tag categories)

Table 3.1: Image database and its categories used for mergs.

3.3.1. Database

All experiments are performed on a database consisting ®f328 images. The images were
selected from all public Flickr images uploaded prior to S2p06 and labeled agotagged
together with one of the following tagsanfrancisco, beach, andkyo. Of these images only
images having at least one of the following tags were keftllife, animal, animals, cat, cats,
dog, dogs, bird, birds, flower, flowers, graffiti, sign, sigsarf, surfing, night, food, build-
ing, buildings, goldengate, goldengatebridge, basefdle resulting image database was not
cleaned nor preprocessed in any way to increase consistéfecgan group images into twelve
categories as shown in Talfle13.1. Example images from alvéngategories are shown in
Figure[3.P.

The preselection of a subset of images from the entire Ftlekabase based on tags is needed
as Flickr is a repository with hundreds of millions of imagemwever, it should be noted that
indexing purely based on tags is not sufficient as the tags aery noisy indication of the
content shown in the images. This can be observed in FIgGreNbte that this database has
also been used for the experimental evaluation_ih [59].

3.3.2. Local Feature Descriptors

As mentioned in the system description above, various lfeedlre detectors and descriptors
can be applied to extract the basic image features that atetasuild the discrete vocabulary,
which in turn is used to derive the bag-of-words model and the basic image description a
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3. Topic-Model-Based Image Retrieval

food
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dog(s)

" dog(s)

Figure 3.3: Example images showing that categories/tagsoti@lways refer to the content
shown.

topic model is computed from. In Chapfdr 4 we will further lerzde the influence of various
feature detectors and descriptors in the context of ouewetrsystem and describe some of them
in more detail. For now we use the well-known SIFT featurexppsed by Lowel[62] as local
image descriptors. They are computed in two steps: A spats# mterest points is detected at
extrema of the difference of Gaussian pyramid, and a scal@aantation are assigned to each
interest point besides its position. Then we compute a 12@kional gradient-based feature
vector from the local gray scale neighborhood of each istgueint in a scale and orientation
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1800

1700

1500 \\
1500 ‘\
1400

1300

perplexity

5 10 20 30 40 a0 &0

# concepts

Figure 3.4: Perplexity vs. number of topiksfor the pLSA model.

invariant manner.

Note that each image usually leads to a different numberatfifes even if two images have
the same size. The number of feature computed depends otrdbtuse and texture of the
image.

For our experiments we construct a visual vocabulary outveive randomly selected, non-
overlap-ping subsets of all visual words of the image dat@b&ach subset contains 500,000
visual features and was clustered to produce 200 distiscaviwords. The clusters were then
merged, resulting in an overall vocabulary size of 2,400.

3.3.3. Parameter Settings

Since it is not obvious how to choose the parameters in olrgtitistic topic models, the first
step in evaluating our retrieval system is to determineablét parameter settings, such as the
number of training images as well as the number of topicsThus a measure to assess the
performance with respect to different parameter settingeeded. Thperplexityis frequently
used to assess the performance of language models and uateveDA models in the context
of document modeling [14]. The perplexity indicates howIvleé model is able to generalize
on a held out dataséls, and is defined by:

_ SM1logP(w) } (3.13)

er(D =ex
per(Drest) p{ Z:Vlzl N

This measure decreases monotonically in the likelihoodh@test data, thus lower values indi-
cate better modeling performance.

In order to evaluate the influence of the choice of the numbéiidilen topics, we train our
models on a subset of 50,000 database images using a differsiber of topics each time.
The perplexity is then calculated on a previously unseensitsconsisting of 25,000 images
also from the database. The results for the different maatelslepitced in Figure3.4 [0-B.6.
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Figure 3.5: Perplexity vs. number of topiksfor the LDA model.
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Figure 3.6: Perplexity vs. number of topiksfor the CTM model.

One can see that for all models the perplexity decreasesaniihcreasing number of topics.
If the number of topics is small, i.e < 30, the perplexity grows rapidly indicating that the
model fails to fit the unseen test data. Rop 30 the perplexity is almost constant.

Our aim is to obtain a rich image description for our retrig¢aak, but at the same time we need
to consider the dimensionality of our final model as a smaillember of topics is preferred
in large-scale databases to represent the images due torgneamstraints and computational
efficiency. Observing that the difference in perplexityues is rather small above 50 topics, we
setK = 50 in all our subsequent experiments.

Next we evaluate the influence of the size of the training sethe perplexity. We fix the
number of topicK = 50 and vary the number of images in the training set in ordev&uate
the change in perplexity. Perplexity is again calculatadefich setting based on a previously
unseen test set consisting of 25,000 images. The resukéirgaxities for the different models
can be observed in Figure B.7[f013.9.

In the pLSA and LDA case, the perplexity decreases with areaming number of training
samples and is approximately constant for training setssamve 20000 images. For the
CTM model the perplexity does not follow a clear pattern. sThinexpected behavior may be
explained by the more complex model and training procedsiveedl as other parameter settings
for training in this model. In general, the dependence opémplexity on the number of training
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Figure 3.7: Perplexity vs. number of training samples ferphSA model.
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Figure 3.8: Perplexity vs. number of training samples fertiDA model.

samples does not seem to be as pronounced as it is for the nofrtopics. The appropriate
number of images used to train the topic models may also depemther parameters such as
the choice of the maximum number of iteration in the (vaoiadil) inference part as well as the
number of topics and the size of the vocabulary, respegtivébwever it is important to notice
that in our tests it does not seem to be necessary to learrataenpters of the different topic
models on the entire database, which is a huge advantageg@idaale databases. This also
enables adding novel images without re-learning the colgeed parameters as long as they
show already learned topics.

3.3.4. Different Similarity Measures

We described four different similarity measures for imag@esentations based on topic models
in the previous section. Here we evaluate their effects omreage retrieval task, with the
number of topics set to 50 and by training each model on 50r888es. Once we compute the
model, we derive the topic mixtures for each image in thelseta as described in the previous
chapter. The parametegsandA of the information retrieval based distance measure ar® set
50 and 02, respectively.

We judge the effect of the similarity measures on the redtiegsults in a query-by-example
task, i.e., given a query image the goal is to find images oflainaontent in the database.
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Figure 3.9: Perplexity vs. number of training samples fer@TM model.
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Figure 3.10: Average number of correctly retrieved imagaagia pLSA-based image repre-
sentation and different similarity measures.

Thus, we select five query images per category at randontirgsin a total of 60 query images
for the experiments. These 60 test images are used throuttf®experiments in this thesis,
and they are depicted in Appendix A.

Having computed for each of the four different measuresLtke19 most similar images to
each query image, we rate the performance of our models bysnafauser studies: Users
are presented the retrieved images and asked to count tHeenafncorrectly retrieved images
including the query image, i.e., the minimum count for a guerl, the maximum 20. The
final score for each distance measure is then computed agdtama score over all images and
users. Note that the judgment of the users is subjectiveaes @eser may perceive the content
of an image slightly differently. Thus we also compute trendard deviation from the average
score.

The average number of correctly retrieved images for eatfilasity measure and the three
different topic models according to the users’ judgmentdagicted in Figur€3.10 {03112, the
vertical bars mark the standard deviation. Eight users pavicipated in each experiment.

Clearly, the language-based probability measure adopoed ihformation retrieval[[103] out-
performs all other similarity measures for all three topiodels. This indicates that retrieval
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Figure 3.11: Average number of correctly retrieved imagesgia LDA-based image represen-
tation and different similarity measures.
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Figure 3.12: Average number of correctly retrieved imageagia CTM-based image repre-
sentation and different similarity measures.

based on the topic distribution is enhanced by also takingldistributions into account. Note
that the word probability calculated based on the unigrardehis assigned only a small weight
of 0.2 whereas the word probability based on the LDA model is assig large weight (0.8).

Out of the three similarity measures based on only the toigicilolitions, the Jensen-Shannon
divergence and the L1 distance performed almost equallly Wénage retrieval is performed
on large-scale databases the probability measure fromnifiion retrieval may be too time
consuming, and dimensionality reduction in image repradiem is important. In this case one
should also consider one of these approaches, the Jenaangbhdivergence or the very fast-
to-compute L1 norm. As the high-dimensional bag-of-visnatds models are solely needed
to learn the topic-model-based representations, only divedimensional topic distributions
need to be stored and processed for the retrieval task. Tbigsaus to search even very large
databases in a reasonable time.

The cosine distance does not seem to be appropriate fordagge image retrieval in the context
of topic models, as it shows the worst performance througtimexperiments.
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3. Topic-Model-Based Image Retrieval

Further it should be noted that in comparison with LDA and G resulting scores of the
pLSA model are more consistent, they do not show as largerdiites between the distance
measures as we obtain e.g. using an LDA-based image refatisen

3.3.5. Different Types of Probabilistic Topic Models

In order to determine the most appropriate topic model foirage retrieval system, the results
obtained by using the different topic models are compareghtth other. Since the previous
subsection shows that retrieval performance depends dlidgtamnce measure used, we perform
the comparison for two different similarity measures, thstlperforming IR distance measure
as well as the very fast-to-compute L1 measure which is oagetl on the topic distribution.
Using the same setup as before, we perform a user study orstenges and present to the
users the retrieved images of three models: the pLSA, LDAGHM. Eight respectively ten
users judge the retrieval results for the IR measure and thdidtance as described above, and
the results are depicted in Figlire 3.13 Bnd13.14, showinghens and standard deviations of
the number of correctly retrieved images.

It can be seen that when applying the IR distance measureDyenodel outperforms the other
two topic models. In combination with the L1 norm, the pLSAfpems best, closely followed
by the LDA. As in both experiments the scores for the pLSA afALmodel are close, we
perform paired t-tests witr = 0.01 to verify the statistical significance of our results. Hor

IR distance measure the test shows that the hypothesishth&idA model performs equally
well or better than the pLSA model is valid. Similarly we derithat the hypothesis that the
scores of the pLSA model are equally good as or better thaarteg for the LDA model when
using the L1 similarity measure is valid as well. This carmdle seen by comparing the scores
given by one single person for the LDA and pLSA model directjere we see that, while
different users derive different mean scores for the modtisin the case of the IR measure
all users gave higher mean scores to the LDA model than to ltB&pnodel. When using
the L1 similarity measure, nine out of ten test users asdidnigher mean scores to the pLSA
model than to the LDA model. Thus in both cases the variano@sin the figures is due to the
different interpretations of the relevance of the resulig@s and does not show that the users
disagree in the ranking of the models.

It is obvious that the average number of correctly retrienedges of the CTM-based repre-
sentation is lower compared to the score of the LDA and pL&8eh descriptions. This result
is surprising as, when applied to text documents, the CTMbleas shown to produce decent
results [13]. The inferior performance of the CTM model ir database might be due to the
number of topics in the model. As the database is quite ntiisyjnumber of topics might have
been chosen to small to allow for dependencies between piestoHowever, a large number
of topics contradicts the aim of finding a suitable low-dirsienal representation that allows
fast retrieval in large databases. This issue needs to lestigated and addressed in further
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Figure 3.13: Average number of correctly retrieved imadeth® different topic-model-based
image representations when using the IR distance measure.
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Figure 3.14: Average number of correctly retrieved imadethe different topic-model-based
image representations when using the L1 distance measure.

research.

Summarizing we can conclude that the pLSA and LDA model perfequally well, whereas
in our experiments the CTM model did not seem to be apprapf@tsuch a large-scale image
retrieval task.

3.3.6. Results

Finally we show some retrieval results obtained by the psedosystem with different topic

models in Figur€3.15 t0-3.119. As one can see, the systemrpmrtbvery well for the queries

shown in Figurd_3.15 th317. It should be noted that someiegiesuch as the one shown in
Figure[3.1V, perform very well for all topic model types vehdther queries are more difficult.
Figure[3I8 shows a query where the results were suboptandlfor the query depicted in

Figure[3.ID the system failed completely. Displayed resaré obtained using the IR similarity
measure.
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3. Topic-Model-Based Image Retrieval

Figure 3.15: Result obtained by our retrieval system udiegot. SA model and the IR similarity
measure. The top left image shows the query image and theniagamages are the 19 most
relevant images retrieved.

Figure 3.16: Result obtained by our retrieval system ugied- DA model and the IR similarity
measure. The top left image shows the query image and thenieigénages are the 19 most
relevant images retrieved.

3.4. SVM-based Active Learning

Interactive retrieval is another image search task thatamsider in our work. Here the goal is
to deduce the user’s intent with respect to his/her desettval results. This is accomplished
by taking user-provided feedback through interaction it system into account, additional
to the current query image. This enables the system to refisearch results.

Active learning is an approach to interactive image re#dievhich performs several query

rounds. After each round the system presents its currentlseasults and asks the user to
judge a certain number of appropriately chosen images e or not. This feedback is then
used in the next round to improve the classifier that is lehtneseparate relevant images, i.e.,
the ones the user is interested in, from irrelevant images.

Tong and Chang[95] proposed active learning with a binappett vector machine (SVM
classifier), i.e., a hyper plane in some high dimensionatepd he presented active learning
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3.4. SVM-based Active Learning

Figure 3.17: Result obtained by our retrieval system usieg3TM model and the IR similarity
measure. The top left image shows the query image and thenieganages are the 19 most
relevant images retrieved.

Figure 3.18: Result obtained by our retrieval system ugied- DA model and the IR similarity
measure. The top left image shows the query image and thenieganages are the 19 most
relevant images retrieved.

method works as follows: An SVM classifier is trained in eaabry round based on all labeled
images so far. In the first query round the algorithm is ifized with one relevant and one irrel-
evant image, and the user labels a randomly selected 3einofiges. In each following round
the T most informative images are presented to the user for lapellThe most informative
images are defined according to the so called 'simple mefl8&j'as the closest images to the
current hyper plane. Note that it is important to select appate images for labeling in each
query round, as the system should converge quickly to thesudesired query concept, i.e.,
in a minimum number of query rounds. After a number of feedlvacnds, the most relevant
images are presented to the user as the query result. Thy B¢ classifier subdivides the
space by the hyper plane in two sets, relevant and irrelénaages, and thus the most relevant
images are those that are farthest from the current SVM kayrid the kernel space and at the
same time on the correct side of the hyper plane.

In order to apply this algorithm to images, each image needsetpresented as a vector. We
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3. Topic-Model-Based Image Retrieval

Figure 3.19: Result obtained by our retrieval system udiegpt. SA model and the IR similarity
measure. The top left image shows the query image and theniagamages are the 19 most
relevant images retrieved.

propose to represent the images in the database by their dogtributions, thus combining
topic-model-based image representation and SVM activeilggn

The active learning algorithm works well for small datatsasgth carefully selected images.
Problems arise when applying the algorithm to large-scatalihses. First, the user needs to
find at least one positive query image to initialize the athon. Fortunately in this work the
guery-by-example task is considered and thus the exampgdrnan be used to initialize the
algorithm. A second problem arises due to the number of is\agewing the desired content
with respect to the total number of images in the databasthisifiraction is very small (as it
usually is in large-scale databases), active search iseagd.

In order to solve this problem, we propose a novel prepratgstep before starting the actual

active learning algorithm. This preprocessing step aim®duoice the total amount of images
in the database while at the same time keeping images tledy liontain the desired concept,

i.e., the active learning algorithm will not work on the eatdatabase of images but only on a
preselected subset of images. As a convenient side effgrepfocessing, computation time

of each query round is reduced as the algorithm is running emaller dataset making active

search faster.

The proposed data selection approach takes advantagelefithed topic-model-based image
representation: We choose a subseRahages for active learning based on the prior detected
relevance to the query image. Relevance is defined by sityilzased on the topic mixture and
one of the distance measures discussed in a previous sedtius makes sense as the topic
mixture models the image content by topic assignment and ithages having completely
different topic distributions are unlikely to match the ied user concept.
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Figure 3.20: Average number of correctly retrieved imadeisetwo active learning approaches
and the unsupervised approach.

3.4.1. Experimental Results

In order to evaluate the proposed combination of a topied@mage representation and active
learning we perform experiments on the database used inrévéops section. We chose the
LDA as the topic model in our active learning scenario.

The parameters are set as follows: images are representbe@ibyopic distribution, which is
derived from a 50 topics LDA model. We use a radial basis fonqRBF) kernel witha = 0.01

in the SVM and we set the number of query imagigsresented to the user in each query round
to 20. We choose the parameRthe size of the preselected subset, to be 20,000. Thisensur
a sufficient downsizing from the original amount of imagedhia database while at the same
time keeping an adequate number of images likely contaittieglesired content. The subset
of Rimages is determined by applying th& distance on the topic distributions.

The results of the active learning algorithm with pre-filtgrare compared to the results ob-
tained by the active learning algorithm without pre-filtgri[95] and the results from unsuper-
vised retrieval using the IR similarity measure. Evaluatie again performed through user
studies as described above. 25 sample query images arendhmsethe pool of 60 test images
used for the evaluation in the previous section. As a comnsam will most likely perform
no more than three to four query rounds we presented the 18reiegant images to the given
guery concept after three rounds of active learning to thieusers. The mean over all 25 images
is then calculated and the results over all eight test userdepicted in Figure_3.20.

The results show that active learning clearly improves #silts compared to completely un-
supervised retrieval. Moreover, an additional improvenoser the original algorithm[95] can
be achieved by using pre-filtering, i.e., data pre-selactio

In Figure[3Z1l td"3.23 some sample results showing the effawss of the presented active
learning approach are depicted. Three pairs of 10 imagedisptayed, each pair showing the
guery image and the nine most relevant images found usingrgpervised algorithm evalu-
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Figure 3.21. Example results obtained by the unsupervisgatithm (top) and after active
learning with pre-filtering (bottom).
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Figure 3.22: Example results obtained by the unsupervidgatitom (top) and after active
learning with pre-filtering (bottom).

ated in the previous section (top) and after three roundstivedlearning with data pre-selection
(bottom). Green dots mark images showing the correct conted dots mark incorrectly re-
trieved images. Clearly an improvement of the results biyadtarning can be noticed.

3.5. Summary

In this chapter we have presented our query-by-exampleémetgieval system. The system'’s
core component is a topic-model-based image represemtatiach solely relies on visual fea-
tures. We described the necessary steps to adapt topicsriodielage collections and proposed
four different similarity measures appropriate for topmsed image description.

In our experimental evaluation we compared three diffetepic models, the pLSA, the LDA
and the CTM in a retrieval scenario. It was shown that the pla®4 LDA model perform
equally well whereas the CTM does not seem to be an apprepriatiel for query-by-example
image retrieval. Experimental comparison of the simyjanieasures showed that a probabilistic
measure combining a topic model and a unigram represemtatitperformed the other mea-
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Figure 3.23: Example results obtained by the unsupervisgatitom (top) and after active
learning with pre-filtering (bottom).

sures.

Furthermore we have demonstrated how our system can be etbttifallow interactive image

retrieval. We have applied an active learning algorithm o topic-model-based image de-
scription and we demonstrated that retrieval results watbdr improved by means of a novel
preprocessing scheme that prunes the set of candidatesmage during active learning.

Most of the experimental evaluations in this chapter hawnlpgerformed through user studies.
These were necessary as no ground truth is available foraoge-scale image database. It
should be noted that all our user studies reported in thisigheere based on a small number
of test users, typically only five to twelve users were avdda However, we performed paired
t-tests that showed the significance of our results. Negk$is it would be desirable to validate
the results with a larger group of test users in future expents.
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4. Visual Features and their Fusion

Our retrieval system presented in the last section usedanopdel-based image description as
its core component. To learn and use such a topic model inaihieext of images we first need

to represent each image as a bag-of-visual-words. Thisne de described by extracting local
features from the images and quantizing them into a finitefsaésual words.

In this chapter we will focus on the local image features wsethe basic building block in our
model. In the last chapter we have first identified interegttpaas extrema in the difference
of Gaussian pyramid and then extracted SIFT features ag finbsrest points. However many
other local feature detectors and descriptors can be udags, n the first part of this chapter
we will evaluate the influence of the type of detector and detr on the performance of our
retrieval system as well as in a closely related scene réoomgask.

As just mentioned there are various types of descriptorsmnitay be used to build the bag of
word model. In some cases it may improve performance to uge than one feature type,
i.e., to combine two or more descriptors in order to take athge of complementary image
descriptions. Therefore we propose and examine differemtets for fusion of more than one
local feature type in the second part of this chapter.

4.1. Feature Comparison

When applying topic models in the image domain, the first &ep find an appropriate visual
equivalent for words in documents. Thus the retrieval systee described in the previous
chapter starts building the topic-based image representby describing each image with a
number of local image descriptor vectors of one kind. By daarg those features computed
for each image we define our visual vocabulary. Subsequentbigtg-of-words representation
for each image can be easily derived by quantizing the eefiidfeatures for each image.

Local image features are often used in this context as they thee advantage of being more
flexible than global image characterizations, while at thee time capturing more meaning-
ful patterns than individual pixel values. Local descriptbave become very popular in many
computer vision and pattern recognition tasks, and a widetyaof types of local descriptors

has been proposed 62 8/ 9] 85], each capturing a differepepty of a local image region and
being more or less invariant to illumination, changes imwgeint and other image transforma-
tions. Given a predefined interest point at a specified scale $ize of local neighborhood),
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they describe the local image region surrounding the iatgreint compactly by a feature vec-
tor. In the following we will use the terrheature andlescriptor interchangeably.

A thorough comparison of local descriptors in the contexhatching and recognizing the same
object or scene is presented Inl[66]. However, in a matctasg,tthe aim is to find precisely
corresponding points of an object or scene in two imagesrudifferent viewing conditions
such as lightning or pose changes. This requires a verndistgion description. In contrast,
in a topic-model-based scene classification or image vetriask we would like to pool features
describing visually similar regions in order to produce miegful visual words. Most previ-
ous works using topic models in the image domain apply andpeoenthe popular SIFT[62]
descriptor or simple color/gray scale patches [15/54, Békch et al.'s work([155] proposes a
variation of SIFT, taking color channels into account, ia tontext of scene recognition with a
pLSA-based image representation.

In this section we compare two recently proposed local featdescriptors, the geometric blur
descriptor [[9] and the self-similarity descriptar [85] irseene classification task and a query-
by-example retrieval scenario using a pLSA-based imageeseptation. Both features have
shown promising performance in various image analysisstaBkey have not been considered
in the previous comparison_[66]. As the SIFT descriptorsehsitown to outperform other
features in[[66], we take results obtained with the SIFT desir as a baseline. Moreover we
also evaluate three different local interest region detsctvith respect to their suitability for
these tasks.

4.1.1. Local Region Detectors

We compute local features as described above at predefitedshpoints with an associated
scale factor defining the size of the supporting image regimund the interest point. Such
interest points and their associated regions can be ddtesiag various approaches. Thus,
besides comparing the performance of different local digees, we will also analyze the be-

havior of the features for three different interest pointedeors. In the following we describe

the considered region detectors.

Difference of Gaussian (DoG) detector

The DoG detector [62] is a scale-invariant region detectbictvfirst detects a set of interest
points. Then it filters this set to preserve only those pdims are stable under a certain amount
of additive noise.

As a first step, potential interest points, also called kaygpin an image are identified by
scanning the image over location and scale. The localizati@ the scale of the keypoints are
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Figure 4.1: Detection of extrema in scale-space by comgaripixel (x) to its neighborsoj in
the current and adjacent scales (based oh [62])

detected as scale—spzﬂ;extrema of the functio®(x,y, o), which is the difference-of-Gaussian
function convolved with the input imadéx,y):

D(Xa Y, G) = (G(X’ Y, ka) - G(Xa Y, G)) *| (X> y) (41)
wherek indicates a constant multiplicative factor and

1 2 2
GIXV.G) = e (¥+y?)/20, 4.2
( 7y7 I) 27_[0_'2 ( )
is a Gaussian kernel. Local 3D extremalfx,y, o) are detected by comparing each pixel to
its eight neighbors in the current scale space level and ithe meighbors in the scale above
and below (see Figuie4.1). A point is selected only if it igéa or smaller than any of these
neighbors.

Then to accurately determine location and scale, a detailedel is fitted to each candidate
location. The function valu®(X) at the extremunx, is used for rejecting unstable extrema
with low contrast. All extrema with a value db(X)| less than a certain threshold (determined
empirically through experiments) are discarded. Howeweensure stability it is not sufficient
to reject interest point candidates with low contrast, bsb @oints with unstable localization
along edges must be eliminated. That is done by discardiegeist points that have a ratio of
principal curvatures greater than a certain thresholdjtasdst points on edges will have a large
principal curvature across the edge but a small one perpaadito it [62)].

Summarizing, interest points are defined as scale spacenetin the DoG pyramid and are
associated with their respective scale. Thus the DoG detéamtilitates scale-invariant com-

putation of the subsequent local feature descriptor if th@perting region size takes the scale
factor into account.

1Scale-spact(x,y,0) is a local 3D representation of an image wheréndicates the scale. Different levels of
the scale-space representation are created by convolnigput imagd (x,y) with a variable-scale Gaussian
kemelG(x,Y, 0): L(x.y.0) = G(x,,0) *| (x.y)

43



4. Visual Features and their Fusion

iy
"I' N |'|t,l ’ nn; -

4 ‘”I}l.‘ -| I e .
VL s snis

1 e

W " .

(@) (0)

Figure 4.2: Example image (a) and its four computed edgereharib).

Note that in this approach the number of interest pointsotietiin an image varies as it depends
on the structure and texture in each image.

Dense grid over several scales

The second detector we consider is a dense grid over sewataks Therefore we create an
image pyramid with a predefined scale factor. Then we apphgselsampling with a vertical

and horizontal step size af pixels across the images in the pyramid. The supportingoregi
size of the subsequent descriptor computation is held fieedIf pyramid levels, and thus the
scale of an interest point is defined by the current pyranviellle

Note that this approach does not ensure scale invariandeedeature descriptors computed
subsequently. However by computing features at differeates, i.e., at different pyramid
levels, this dense sampling at least ensures a (very) tindegyree of scale invariance in the
representation. One advantage of this approach is thatij@s have the same size, the same
number of interest points is computed for each image. Marealil regions of the image are
considered in the feature vectors, whereas in case of thedet€&tor mostly distinct regions
which are textured/structured are represented.

Edge sampling

Extracting interest points by edge samplihj [9] requiresrthio be located at positions of high
edge energy. In a first detection step we compute a numbeiiefted edge channels, in our
case four, by using a boundary detecfor] [63]. Four edge disrof an example image are
depicted in Figur€4l2. Then all edge channels are threstidtdeping only locations of high
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edge energy. Interest points are computed by randomly sagrplose locations. We randomly
sample all edge channels, nevertheless every positioteisted at most once.

Note that in this approach we predefine the number of feapgeisnage. Features are computed
at one scale and they only represent image regions closesitiops with high edge energy in
at least one of the edge channels.

4.1.2. Local Feature Descriptors

We investigate the performance of the following three Ideature descriptors in the context of
topic models:

Scale Invariant Feature Transform (SIFT)

The Scale Invariant Feature Transform (SIHT) [62] featunegutation for a detected interest
point starts by assigning an orientation, scale, and locat the interest point. The subsequent
descriptor computation is then performed on image datahhstbeen transformed relative to
the assigned orientation, scale and location, therebyigirayinvariance to these transforma-
tions.

The scale and location of the interest point are determinethé feature detector used (see
above) and define the size and position of the local neigldooitaround the detected interest
point the descriptor is based upon.

One or more orientations are assigned to an interest pasethan the dominant gradient orien-
tations of the local image patch surrounding the interesttp@ominant gradient directions are

identified by selecting peaks within an orientation hisémgr This histogram is formed from

the gradients’ angles of sample points within a region addiine keypoint, weighted by each

gradients’ magnitudes. For each dominant orientation tamést point is created with that ori-

entation, i.e., multiple interest points might be creatadtlie same location and scale, but with
different orientations.

Having determined the size and location of the interest tpogighborhood, we construct a

representation of the local image patch around the int@@ist based upon the local image

gradients. The feature entries are thereby computedveltdi the interest point’s assigned

orientation, i.e., the local image region is transformezhghat the associated orientation always
points in the same direction.

Feature computation starts by dividing the local neighbochinto subregions. Subsequently
the gradient magnitudes of each image sample point in a patchnd the interest point location
are accumulated into a local orientation histogram. Whijgragating the gradients into the
histograms, they are weighted with a Gaussian window cedtairthe interest point location.

The computation of a 2 descriptor array computed from arx® set of samples is illustrated
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Figure 4.3: Creation of an SIFT descriptor from the imagelgnats in the neighborhood (based
on [62])

in Figure[4B. On the left side the gradient’'s magnitudes @iehtations are indicated by the
lengths and directions of the arrows respectively; the laigrcircle indicates the Gaussian
window.

In most applications and also in this workx44 arrays of histograms with 8 orientation bins
in each histogram are computed from>186 sample arrays. This results in 128-dimensional
feature vectors where the values of the local orientati@ogram bins (= length of arrows)
form the entries of the feature vector.

Finally, the vector is normalized to ensure invariance ltomination conditions. SIFT features
are also invariant to small geometric distortions and tedimns due to location quantization.
They are widely used in several computer vision and pat&gagnition tasks. Thus the results
obtained with SIFT features serve as a baseline in this work.

Geometric blur

The geometric blur feature vector computatioh [9] startcbmputing a number of oriented
edge channels for the currently considered image. In ouk wercomputed the edge channel
images by the boundary edge detector proposed by Martin §§3jl These edge channels
provide the required sparse signal for computing the gedenieliur descriptor. An example

image together with its four edge channels is shown in Figile

Having derived the edge channels for an image, we determgub-alescriptor for each edge
channel and each interest point. The concatenation of bidsscriptors associated with one
interest point forms its geometric blur descriptor.

In order to build a sub-descriptor we collect the values afige points in the neighborhood of
the interest point. Sample points lie on concentric cirelesind the interest point as shown in
Figure[Z%. In our implementation the outermost circle haadius of 20 pixels. The distance
between the six concentric circles decreases in a quadnatioer towards the center. As twelve
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4.1. Feature Comparison

Figure 4.4: Concentric circles around the interest poinengtthe distance between the circles
decreases in a quadratic manner (b) and twelve equallybditdd samples are taken from each
concentric circle around the interest point to form the dpgar (a).

equally distributed sample values are taken from eachectha size of each sub-descriptor is
72 and thus the dimensionality of the entire feature vest@8B when using four oriented edge
channels.

The value of each sample point is taken from a blurred versfdhe respective edge channel
image. Blurring is performed by convolving with a Gaussiannel whose standard deviation
is defined by the distance of the sample point from the intgreimt. A blurred versiorEy of
the edge channdl is thus derived by:

Eq=ExGy 4.3)

whereGy is a Gaussian kernel with standard deviatibriThus to compute the geometric blur
descriptor, assuming we take a sparse set of sampling pint® first need to compute the
blurred version&y of the edge channels for the valuds

d=als|+B (4.4)

wherea andf3 are constants that determine the amount of Igjus, given relative to the interest
point and thugs| denotes the distance of the respective sampling point tinteeest point.
Then each sample point value is drawn from the appropriateda version of the edge channel
image and they together form the final descriptor.

By taking the sample point value from versions of the edgencbhimage that are smoothed
proportional to the distance of the sample point to the @gepoint, we derive a partly affine
invariant region descriptor. This is due to the assumpfia ander an affine transformation of
the region around the interest point, a piece of signal &urdway from the interest point moves
more than a closer piece.

Note that features could also be computed in an orientatieariant manner by determining
the edge channel with the strongest response and compbtnfature relative to this edge
channel. This option has not been explored in our implentienta

a7



4. Visual Features and their Fusion

descriptor
log-polar SeReibr

coordinates
[ | distanse| 7, feomelation ——, [
surface |surface

Figure 4.5: Self-similarity feature extraction.

image patch

Self similarity

An overview if the self-similarity feature extraction isahn in Figurd 4.b.

The extraction of a self-similarity feature_]|85] for an irget point starts by computing a so
called correlation surface for the neighborhood aroundittkerest pointg. The size of the
neighborhood is determined by the scale associated witlinteeest point and the resulting
local image region is then resized to a palgjof size p, x p2 which is centered & (denoted
by the large green rectangle in Figlirel4.5).

In order to derive a correlation surface, we compare a smalge patchiy of size py x py
around the interest poimt (denoted by the small red rectangle in Figurd 4.5) with sateies

i{q of the same size out of the resized local image regignComparing the patches based on
the sum of squared differences between the pixels’ grayesalwe derive a discrete distance
surfaceSSDy(x,y) as a function of the position of the centery) of i{q. In this work we choose
p1 =5andp, =41.

This distance surfac8SDQ(x,y) is then normalized and transformed into a correlation serfa
S(x,y) according to:

(4.5)

S(xY) = eXp<_ SSR(x.y) >

max(Varneise Varauto(d))

varauo(q) is a variable that takes into account the variations of geyes in the patch, i.e.,
its contrast and its pattern structure, and is used for nizat®n. We choosearyio(q) as
the largest value in the distance surface directly arouediriterest point, i.e., in the 83
region aroundy. varmeisedenotes a constant corresponding to acceptable photomeatiations.
Varoise IS Used in cases whevary,io(q) is small, i.e., the pixel values in the region around the
interest point are very similar, in order not to increasepixel noise.

Then this correlation surface is transformed into a loggpobordinate system and partitioned
into 80 bins (20 angles, 4 radial intervals). The maximunuealin each bin constitute the local
self-similarity descriptor which thus has 80 dimensions.

Finally the derived descriptor vector is normalized whigiseres some invariance to color
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and illumination changes. Invariance against small loffai@and non-rigid deformations is
achieved by the log-polar representation. By choosing thgimmal correlation value in each
bin, the descriptor becomes insensitive to small trarsiati

All investigated feature descriptors are purely based ag-gcale images. In some tasks such
as scene classification, the performance is likely to im@toy taking color into account (e.g.,
color SIFT [15]). As this may not be true for other contentlgsia tasks using probabilistic
topic models such as object recognition or image retridvatduse here categories might be
defined by shape rather than color), we do not consider colthis section. Color features are
investigated in more detail in the second part of this ctrapte

4.1.3. Experimental Evaluation

For evaluation purposes we use the pLSA model in our systerapi@sent each image. We
perform the evaluation in two different tasks, scene reitimgmand image retrieval. The reason
for choosing scene recognition for a first evaluation andgegbent comparison to the results in
a retrieval task is due to the availability of annotated saetognition databases. This enables
us to evaluate the results automatically whereas for imetteeval we need to perform user
studies. Those user studies are time and labor consumintharefore only a limited number
of experiments is possible. Thus we extensively examinddahtires in a scene recognition
task and then conduct a user study which evaluates diffeletettor/descriptor combinations
in an image retrieval scenario. The results of both tasks@eequently compared.

Scene Recognition

To perform scene recognition we need to modify our imageenett system (FigurE=3.1) only
slightly. Given a test image we search for tianost similar images according to our pLSA-
based image description, i.e., their topic distributiansthe training set which consists of la-
beled images. As the similarity measure we use the L2 normenMre apply a k-Nearest
Neighbor classifier (KNN). Here the test image is classifigthle majority vote of the labels of
its N neighbors. Note that we could apply more sophisticatecuigt metrics and/or machine
learning algorithms such as SVMs to improve the classificatesults. As our main goal in
this section is to compare different local feature desergpin the context of topic-model-based
image representations and not machine learning algorjtirashave chosen the simple kNN
approach. Note that this scene recognition system is sitoildne approach proposed by Bosch
et. al. [15], which uses a pLSA model to represent imagesdena recognition.

Experimental Setup:
We use the OT dataseit [71] to evaluate the three differeatdnt region detectors and descrip-
tors in the context of scene classification. The databassisterof a total of 2688 images from
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4. Visual Features and their Fusion

| category | scene type | number of images |

1 coast 360
2 forest 328
3 highway 260
4 inside city 308
5 mountain 374
6 open country, 410
7 street 292
8 tall building 356
total 2688

Table 4.1: Categories and number of images per categorgi@ihdataset.

forest highway inside city mountain open country street tall building

| e
> -
v

Figure 4.6: Sample images for each category of the OT dataset

eight different scene categories. The number of images Asawexamples for each category
are shown in TablE-4.1 and FIg. 1.6, respectively. On thiasgdtwe perform image classifica-
tion by assigning each test image automatically to one oéitjet categories.

We divide the images randomly into 1344 training and 134#iteages. We further subdivide
the 1344 training images into a training and a validation afesize 1238 and 106 respectively.
We used the validation set to find the best parameter configaréor the pLSA model. In
the model we fix the number of topics to 25 and optimize onlyrtbmber of distinct visual
words for the different detectors/descriptors. A numbe2®topics has been shown to give a
good performance for this datasetl[15]. We compute the \isaeds here by applying k-means
clustering to a subset of features from the training imaghs.the number of visual words
needed is relatively small, we are in this case able to agmyktmeans algorithm directly
without merging results of various subsets.

Having determined the optimal number of visual words fordheent detector/descriptor com-
bination we re-train the pLSA model with the all the trainimgages by merging training and
validation set. Final results are then computed on the @stasd detector/descriptor perfor-
mances are compared.

In our experiments, we first analyze the suitability of thfegture detectors in the scene clas-
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sification task while holding the feature descriptor fixechem we pick the best performing
detector to evaluate the local descriptors.

Interest Point Detectors

We select the frequently used SIFT descriptor for the coiaparof the three detectors. Their
parameters are set as follows: the spadrzetween grid points is set to 5 pixels, resulting in
about 5250 features per image when using a factorsdi@ween different scales. Note that
the images in the OT database all have the same size. The noffamdomly sampled edge

locations per image is set to 5000. On the average a numbesQofeatures is extracted per
image with the DoG detector.

Figure[4Y displays the resulting recognition rates on #iglation set for different numbers of
visual wordsW and all three detectors over the paramétef the kNN algorithm. We observe
that for the DoG detector, the dense grid detector over akbgeales, and the edge sampling
detectow = 1000,W = 1000 andV = 1500 gives the best recognition results, respectively.

Using these parameter settings we train a pLSA model on tiive éraining set for each detector
type and fit the test set images to this model in order to coenpubpic vector representation
for all images. The comparison of the recognition resultshentest set can be seen in Higl]4.8.
The dense grid detector outperforms the other detectdmwfed! by random edge sampling.

This may be due to several reasons: Firstly, both the dendalgrector and the random edge
sampling algorithm compute more features per image that@ detector. Moreover they
compute an equal number of features for each image. This malyleea better fitting of the
pLSA model to the scene recognition problem. Secondly,nterést points and regions com-
puted by the dense grid cover the entire image and thus thefbagrds image representation
also covers the entire image and not only regions close te pogls or scale-space extrema.
A further reason might be that in a scene recognition taskepeatability of exact positions
and scales, as provided by the DoG detector, may be not astampas in other tasks such as
object recognition where one would like to match only thecesabpart. In contrast to the other
detectors, the DoG detector offers scale invariance. Neskess this is also not as important
in scene classification as, e.g., in object detection. IMhelatabase used for evaluation, all
images of one category are taken at approximately the saate. shlote that the results are
consistent with previous resulis |15], where a dense reptaton performed best, too.

Feature Descriptors

The dense grid detector showed the best recognition pesforenin the evaluation above, thus
we use this interest point detector for the comparison ddlléeature descriptors. First we

determine the appropriate number of visual words in the pb®Alel for each descriptor. This

has already been done for the SIFT feature (see Figure 4g0reFL® depicts the recognition

rates for differenk in the kNN and different numbers of visual words, for the getia blur
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Figure 4.7: Recognition rates on the validation set for tined different detectors over param-
eterk of KNN for different numbers of visual words: (a) differencEGaussian, (b) dense grid
and (c) edge sampling.

descriptor and the self-similarity descriptor. The bestles for both features are obtained using
1500 visual words.

For both descriptors we train a pLSA model on the entire imgirset, compute a topic vec-
tor representation for all training and test images andoperfa KNN classification of the test
images based on the topic distributions. Then we compareethdts of all local features,
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Figure 4.9: Recognition rates on the validation set for thengetric blur (a) and theself simi-
larity (b) feature for different numbers of visual words dnich KNN.

including SIFT, in Figuré&Z.10.

It can be seen that both, geometric blur and self-simildagtures outperform the commonly
used SIFT feature by about 4% for the OT database. Moreoeegdbmetric blur feature has
a slightly better recognition rate, about 1% better, thanslf-similarity feature, and the best
recognition is achieved fdc= 11 with 78.05%.
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Figure 4.10: Recognition rates on the test set &vfer kNN for different local feature types.

However, a performance difference of 1% does not seem togbéisant given the small size
of the OT dataset. It also has to be taken into account thasetiesimilarity descriptor is of
lower dimensionality than the geometric blur features: 80 288 dimensions. This lower
dimensionality makes computations such as clustering esuMvord assignment much faster.
Moreover, the self-similarity feature is computed withgérforming segmentation or edge
detection as has to be done to compute the oriented edgeathdmnthe geometric blur feature.
We have experimented with simpler oriented-edge chanmepaotations than the one presented
by [63], however performance dropped drastically indimgtihat sophisticated edge channel
computations are important. Thus, given the similar penforce and the more than a magnitude
lower computational complexity over geometric blur, thE-senilarity feature is the preferred
feature.

For a more detailed analysis of the results, the confusiolesdor the best performing parame-
ter settings for each descriptor are depicted in[Eig.]4.¥relt can be seen that there are some
categories, such dsrest,inside city andtreet, where all descriptors work almost equally well,
showing a performance of over 80% and in flegest category even achieving over 90% ac-
curacy. We also noticed some confusion between closeliecetzategories with similar visual
appearance, e.gpen country andoast,tall building andinside city as well asnountain and
open country. In these cases, results might be further ingardy including color.

The largest differences can be noticed in the catetgipuilding where SIFT has an about 20%
smaller recognition rate than both other features. The géterblur descriptor significantly
outperforms SIFT and self similarity in the categagast, whereas the self-similarity feature
performs best in thepen country category.

Finally we would like to examine the variance in performadce to random initialization in
both the k-means clustering algorithm and the pLSA impletat@n. Therefore we choose
the parameter and feature setting of the best performinfjgroation so far (geometric blur
descriptor,W = 1500,k = 11) and repeat the scene classification experiment on thedes
ten times, each time computing the visual vocabulary anddpir®del with different random
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Figure 4.11: Confusion tables for results on the test sediiberent descriptor types and a
dense grid region detector: (a) SIFT (W=1000, k=11), (ahgetoic blur (W=1500, k=11), (c)
self-similarity (W=1500, k=9). The numbers 1,2,...8 refethe categories listed in Talle¥.1.

initializations. The recognition rates are between 77.&58b 79.69% with an average value of
78.93% and a standard deviation of 0.58%. It can be seentthia aren't any large variations
between different runs of the same experiment.

In summary it can be stated that for scene classification ébengtric blur feature outperforms
the other descriptors. In cases where fast computationeidettone should nevertheless con-
sider using the lower dimensional and faster-to-compulfesguailarity feature which shows a
comparable performance to the geometric blur feature.

Image Retrieval

Next we compare our feature detectors and descriptors image retrieval task. We evalu-
ate three different detector/descriptor combinations:DibG detector in combination with the
SIFT descriptor, the dense grid detector in combinatiot wie SIFT descriptor and the dense
grid detector in combination with the self-similarity faat. Due to the expensive computation
of the geometric blur descriptor and its only slight impnaent over the self-similarity descrip-
tor we chose not to evaluate this feature in the context gelacale retrieval. Additionally it is
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of very high dimensionality (288) compared to the 128-disienal SIFT or the 80-dimensional
self-similarity descriptor. This is a disadvantage in a eladth a large number of visual words
as gquantization of these descriptors to derive visual wisrdkow.

Experimental Setup

We compute a pLSA model consisting of 50 topics and 2400 Viawads for each detec-
tor/descriptor combination. It should be noted that vdiidathe number of words is not possi-
ble in our image retrieval task as we use a large-scale redwnage database for our evalua-
tion without any available ground truth. As the number ofiaisnvords in our model is relatively
large, we compute the visual vocabulary by merging restdts imultiple k-means as described
in Section31L: twelve small subsets consisting of randachlysen 500,000 features are each
clustered separately into 200 clusters using the k-meaywsitim. The cluster centers of all
subsets are then merged to produce the visual vocabulamallfFeach image is represented
by its pLSA topic distribution and the performances of theedr/descriptor combinations are
compared.

For our evaluation we use a database consisting of rough8y028 images in a retrieval-by-
example task. The database has been described in detaitiiord8.31. We measure the
performance of the different detectors and features asideddn Sectiol-3:314: 60 test images
(depicted in AppendikA) are selected randomly and for eddham their respective 19 most
similar images due to their topic-model-based representaand the L1 distance measure are
determined. Then we ask eight users to judge the retriegalteeby counting the number of
correctly retrieved images for each query (including thergimage itself). The average over
all users and queries is then used as the final score of theatespdetector/descriptor combi-
nation.

Comparison:
Figure[ZIP compares the resulting scores for our investigieatures. The vertical bars mark
the standard deviation between users.

Feature extraction at points on a dense grid over severalssoatperforms the sparse DoG fea-
ture detection. This has also been observed in the contesdenfe recognition. One reason for
this behavior may be, as in the scene recognition task (smeglihat the bag-of-words image
descriptions and therefore also the topic model represiratsntire image and not only salient
image regions. This is especially advantageous in quergésiéhat contain less structure or
texture.

Furthermore it can be observed from Figlre #.12 that SIFWshmproved performance over
the self-similarity descriptor for the dense grid detect®his is surprising as in the closely
related scene recognition task geometric blur and selilasity seemed to be more suited. It
indicates that the appropriate choice of the descriptohtrig more dependent on the database
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Figure 4.12: Comparison of local region detectors and gescs for the image retrieval task.

Figure 4.13: Result obtained by our retrieval system usidgrese grid region detector and the
SIFT descriptor. The top left image shows the query imagetlamdemaining images show the
19 most relevant images retrieved.

used and less on the type of content analysis task one igttgisolve. One should however
note that the SIFT descriptor has 128 dimensions whereasethsimilarity feature consists
of only 80 dimensions, which results in a faster vocabularg hag-of-visual-words image
representation computation.

We show two example retrieval results for different locajiom detectors and descriptors in
Figure[4IB anff414.

4.2. Fusion Models

In the previous subsection we have investigated variousstyb basic local image descriptors
to build visual words. But much as other authors in their fmes works [54/°15], we have
considered only one local image descriptor type in our mottwever we believe that the
results in our retrieval task can be improved for some olgattgories and scenes by fusing
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Figure 4.14: Result obtained by our retrieval system usidgrese grid region detector and the
self-similarity descriptor. The top left image shows theuimage and the remaining images
show the 19 most relevant images retrieved.

different local features, e.g., local texture and colorcdesors, in our image representation.
Previous works have fused local image descriptors diraditiyng feature generation on the
feature levelll7, - 12]. InT47] Quelhas and Odobez study tvgidin approaches to combine color
and texture information in a bag-of-visual-words représton, but they do not apply a topic
model for deriving a high-level image representation. Thoghe following we investigate
the possibilities of fusing different types of visual woritisthe context of topic models. We
present three approaches for fusion of different featypegywhere fusion will be carried out
at different stages of the models: at the visual word leveting) topic generation and at the
decision level.

As not all object classes benefit from visual descriptordusiwe further examine which cat-
egories are best modeled by only one feature type and whiglyay models are improved
by taking into account different kinds of visual words. Here compare the best-performing
fusion model to simpler models using only one feature type.

We focus our study on the fusion of two descriptors, to a textéiescriptor, the SIFT feature, and
a simple color descriptor, namely color patches. Howeveiptioposed approaches can be ap-
plied similarly to more than two or any type of (visual) fests. The detailed description of the
computation and implementation of the used visual featisrpsstponed until Sectidn 4.2.3.

We build a visual vocabulary for each feature type separatebescribed in SectiénB.1. Given
the vocabulary for each feature type, we are able to desedble image as a collection of visual
words (respectively, as a bag-of-visual-words model) Ipfaging each detected feature vector
in an image by its most similar visual word of the same typestsonilar is here defined as the
closest word in the 128-dimensional (SIFT) or 149-dimemaidcolor patch) vector space.

We will limit our studies to the case that in each imaty¢he same number dfj (depending
on the images’ size, texture, etc.) color patch and SIFTufeatare extracted. Moreover color
patch and SIFT features fused in our models are extractde: aaime interest points and with

58



4.2. Fusion Models

the same scale. Thus, for example we will consider colorhpatad SIFT words either both
densely detected or both sparsely detected. This procetiatgdes us to fuse image descriptors
directly at the word level in such a way that color patch areélfTShord occurrence at the same
interest point are already fused while building the bagvofds model (see fusion model B,
Sectiof4.Z1).

4.2.1. Models

Now we will present our investigated fusion models. Notd #damodel are based upon the
LDA model. Similar fusion models can be derived from the pL&# CTM model.

Fusion Model A

Ouir first proposed fusion model consists basically of two pletely independent learned LDA
representations for the images in the database. One LDAInséarned for the bag-of-words
image representation based on the color patch vocabuldrgrafor the representation based
on SIFT features. The fusion is performed at the decisiopllewe., topic distributions are
computed independently, and fusion of those two LDA modelsairied out while measuring
similarity during retrieval (see Section 4.P.2).

It should be noted that in this model topics are not ‘sharetiveen features. Thus a topic is
either purely a color patch topic or a topic defining a disiidin over texture words. Topics,

which are characterized by both color and texture, are roqtgsty modeled here. However, the
separation might be beneficial if combined with some actaening retrieval system. Such a
system could learn through user feedback whether one oiféatilres and thus the correspond-
ing topics are important to find images of similar contentsHould also be noted that in this
model both features have the same weight in the final imageseptation.

The graphical representation of the LDA-based fusion médslshown in Figuré4.15 (aM
indicates the number of images in the entire databas®&latehotes the number of visual words
of each feature type that are detected in imdge

Fusion Model B

The second model fuses the feature types at the visual weetldad assumes a joint observa-
tion of a color patch word and a SIFT word. Thus, each time &tppis chosen, a color-patch
wordc, and a SIFT word,, — both coming from the same interest point and scale — areledmp
from a multinomial probability conditioned on the topig. Here we explore the fact that in
each image we compute color patch features and SIFT featities same locations and scales,
resulting in the same number of features for both types.

In this model we have a joint distribution over color and tegtwords for each topic. The
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Figure 4.15: Graphical representation of the LDA-base@fumodels: (a) fusion model A; (b)

fusion model B; (c) fusion model QM denotes the number of images in the databaseNand
the number of detected visual words of a certain feature iypmaged,. The shaded nodes
denote the observable random variabdesndt for the occurrence of a color patch or SIFT
word, respectivelyz denotes the topic variable athe topic mixture variable.

likelihood of the occurrence of a combination of a specifixtuiiee wordt; and a color patch
word ¢;j in an image according to this model is then given by:

K
P(tj,cjla,B) = /P(Gla) LZ P(zj =k|6) - P(tj,cj|zj = k,B) | dB (4.6)
=1

Note that this model does not allow topics representing oidyal words of one feature type,
as visual words are already fused at the word level.

The graphical representation of the LDA-based fusion mBdslshown in Figur€4.15 (b).
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Fusion Model C

The third model aims to enable topics to represent eithedsvof only one of the feature types
or a combination. Here the latent topics for each samplegaVisword (either color-patch or
SIFT) can vary while the topic mixturé is fixed; thus@ denotes a probability distribution
over the hidden topics and in turn each visual word origméétem one of those topics. This
is nothing else than concatenating the collection of visuamids of both types to describe an
imaged;, i.e., we can represerk by w; = {t1,ts,...,tn;,C1,C2,...,Cn . The likelihood of an
imaged; according to this model is then given by:

P(wi|a,B) = /[ (6]a) (Hzpzj_kye (tJ]zj:k,B1)>-
(HZPz,_k|e (cj|zj:k,[32)>]d9 @.7)

The graphical representation of the LDA-based fusion m@dslshown in Figur€Z.15 (c).

It should be noted that although the model allows topics|guspresenting words of one type
of local descriptor, describing images that contain oljexily characterized by one feature
type (e.g., texture) is not possible as every visual wordisde be ‘explained’ by one topic.
Thus the topic distribution will have to account for wordséd on the second visual descriptor
type (e.g., color patch words), too. This problem could HBeexbby using a relevance feedback
algorithm as e.g., the active learning approach present8édtiorL.314. Here the system is able
to learn the components of the image representation fromfesdback, e.g., the topic distri-
bution, that are important to separate relevant from iveeieimages.

Parameters of all three fusion models are calculated bgtuamial inference as describedlin[14].
Again, learning the models involves finding the parametgrandf3, such that the log marginal
likelihood of the training set is maximized. Probabilitiase assigned to all images in the
database by maximizing the log marginal likelihood of thgpextive image given the corpus
level parameters.

4.2.2. Image Similarity Measure

In our considered example-based image retrieval task, arelsén the database for those im-
ages with content most similar to a given query image. Thasgave have trained one of
the LDA-based fusion models and computed a probabilisficegentation for each image in
the database based on those, we need to define a similarisureda order to perform image
retrieval.

In Section[3.3¥ we investigated various similarity measuor image retrieval based on the
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topic mixtures, denoted bg, that indicate to which degree a certain topic is contaimethé
respective image. We choose the distance measure whicheleasaaopted from language-
based information retrieval and which outperformed aleogimilarity measures in our retrieval
task. As described in more detail in Sectlonl 3.2, each dontiiséndexed by the likelihood
of its model generating the query document, i.e., the mdsvaat documents are the ones
whose model maximizes the conditional probability on therguerms. Assuming that we
represent a query imagk as a sequence bf, visual wordsw,, we can write this likelihood as
in EquatiorZ3b. Applying this measure to our three fusiordetdeads to:

Fusion Model A:

Na Na
P(wa|Mp) = [TPE3IMY) - [T P(c?ME 4.8
(Wa|Mp) ,Il (t§1Mp) ,Dl (c}Mp) (4.8)

We compute two independent LDA models for each type of visoahbulary, thus we have
two models for imagel,, M{ denotes the model based on the texture vocabularyMfnthe
one stemming from the color patch vocabulary, respectivehe total number of visual words
in one image is given by 2N, as we extracN, color patches and the same number of SIFT
features in imagé,.

Fusion Model B:

Na
P(wga|Mp) = P(ta,Ca’M ) (4.9)
b JI:II j>%j1Vib

Here each ternw]?l in the document is built from a combination of a color patckd anSIFT
word, i.e.ws = {t%,cf} and thus each image gives riseNpcombined terms.

Fusion Model C:

Na Na
P(wa|Mp) = |'| P(tf‘|Mb)- |‘| P(cj-"|Mb) (4.10)
=1 =1

Again each imagel, is represented as a collection of; visual words. Compared to model
A, we also have two kinds of words, but only one model.

In Sectior’3.P we describe in detail the IR measure first thtced by Wei and Croff [103]. It
combines a topic model and the simple unigram model withchiet smoothing to estimate the
termsP (Wi Mp). We will now apply it in the context of fusion models. Equatfg.g then turns
into:

P(W[Mp) = A - Ry(WE|MS) + (1= A) - P, (w8 Mg") (4.11)

whereR,(W¢|My) is specified by the unigram document model with Dirichlet sthing [106]
according to Equatiof3.7. The maximum likelihood prokitie8 Ry, (W#[My) andPyL (w?|D)
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in Equation 37 are measured separately for each vocabiylaeyif fusion model A or fusion
model C is considered. For model B those likelihoods areutatied for the joint visual words
G

The termme(vv?|Mgm) in Equatior 411 refers to the probability of a visual wordrthination)
we in imaged, given the currently considered fusion modebf imaged,. These probabilities
are given by:

Fusion Model A:

K
P(WfIM,*) = 5 P(uflz =k, B)-P(zj = k|6°,a) (4.12)

K=1
wherevvj?l may denote a colccr]?l or texturet}”1 word and the according LDA model representation
of imaged, i.e., its topic mixtured®, is applied.

Fusion Model B:

K
P (WEIMP) = Py, (3,100, 6%, B) = S P(c. 7 =k B)-P(z =KIB®a)  (4.13)
k=1

Fusion Model C:
K
P(WIM,®) = 3 PWAlz =k, B)-P(z = k(6" a) (4.14)
k=1

wherewj-’1 denotes either a color won? or a texture wordj’1 and the corresponding has to be
inserted.

4.2.3. Experimental Evaluation
Experimental Setup

Again, we perform our experiments on a real-world largeesdaltabase consisting of approx-
imately 246,000 images. This database has been used inragpés in previous chapters as
well, and details can be found in Sectlon313.1. The modelsaluated in a query-by-example
retrieval task and results are judged by ordinary userslypbesed on the visual similarity of
the retrieved images.

As stated above we fuse two types of local features in our lmp&FT and color patches.
In our experiments here we consider two different possibdliof defining interest points and
scales for feature extraction:
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4. Visual Features and their Fusion

e Sparse featurednterest points are detected at local extrema in the diffee of Gaussian
pyramid [62]. A position and scale are automatically assigto each point and thus the
extracted regions are invariant to these properties.

e Dense featurednterest points are defined at evenly sampled grid poirgatlfe vectors
are then computed based on three different neighborhoed,sie., at different scales,
around each interest point. These three different scatmsddhallow for a (very) limited
degree of scale invariance in the representation.

Then visual features are computed to describe the detemggahs of interest: color patch fea-
tures and rotation invariant SIFT features. Color patclufes are computed from normalized
7 x 7 pixel RGB patches. For each color channel a 49-dimensiea&lire vector is computed

from the patches’ pixel values. By combining the values bftake channels we obtain a 147-
dimensional feature vector. 128-dimensional SIFT feat(6&] are computed as described in
detail in the previous section.

For both feature types we compute a visual vocabulary froelvevrandomly selected non-
overlap-ping subsets, each consisting of 500,000 loctlifes. Each of those subsets produces
200 visual words giving a total vocabulary size of 2400 viswards for each type. In order to
keep the overall number of visual words approximately camtstwe compute for fusion model
B only 70 visual SIFT words and 70 color patch words, givingdtal 4900 possible combi-
nations of SIFT and color patch words. Vocabularies are ctethfor sparsely and densely
extracted features separately.

The LDA-based fusion models are learned on a training coecpusisting of 25,000 randomly
chosen images from the dataset. The number of topics was $80tin fusion models B and
C, whereas it was set to 50 in each of the two LDA models in fusimdel A. This also gives
in total 100 topics for model A, 50 for the color patch-baseaddsi and 50 for the SIFT-based
model.

The Dirichlet prioru for the IR distance measure was set to 50 for our experiments.

To judge the performance of the proposed fusion models ineayefoy-example retrieval task
we select a test set consisting of a total of 60 query imagasctbd in AppendikR), five query
images per category are chosen at random. Our evaluatidrodaogy is then similar to the
one described in Sectién3.B.4: For each query image the $9similar images derived by the
distance measure presented in the previous subsectioneaanped to eight test users. They are
asked to judge the retrieval results by counting how manpefetrieved images show content
similar to the query image. The average number of similagesaover all categories gives the
final score for the considered model.

In the second part of our experimental evaluation we stuffgrdint local descriptors and their
combination with respect to their suitability to model wars image categories. In these experi-
ments we selected ten images randomly per category fromadabase. However, the randomly

64



4.2. Fusion Models

10

average score
[ms]

A B [

fusion model

Figure 4.16: Resulting scores for the comparison betweerhitee fusion models applied to
sparsely extracted features.

obtained images were filtered to fit the category. For inganmotorcycle image in the cate-
gory buildings was skipped. This may occur as we divide thalise images into the twelve
categories shown in Tab[e"B.1 purely based on user tags eThgs have been assigned to the
respective image by their author/owner, thus they are vabjestive and result in noisy cate-
gories (see Figure—3.3). As we would like to evaluate theability of the feature descriptors
as well as their fusion to model certain image categoriesneax to select our test images
accordingly and delete noisy query images.

For these test images, we then compare the retrieval reshiiténed by the best-performing
fusion model to the retrieved images by an LDA image reprasiem based on color patch
features and one based on SIFT features. For this purposaiwdvio 50 topic LDA models,
one on the SIFT bag-of-words representation and anothehemdlor patch representation.
Evaluation is again performed by user studies as describedea except that the average is
computed per category as each category is treated separatel

Different Types of Fusion Models

In our first experiments we aim to evaluate the proposed fusiodels. We performed two

experiments: In the first one we compared the retrieval tesidtained by the models using
sparse features as the basic building block, while in therskexperiment the models obtained
from densely extracted features were used. The results tof dgeriments are depicted in
Figure[4Ib and Figue“Zll7. The vertical bars mark the stahdeviation of the eight test

users’ scores.

In both experiments model A performs best, followed by madeModel B shows the worst
performance. As the mean scores for the models A and C are alesconducted a t-test
with a = 0.01 to verify the hypothesis that model A performs equallylvielor better than

model C. This hypothesis is valid for both experiments. Témults indicate that computing
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Figure 4.17: Resulting scores for the comparison betweerthitee fusion models applied to
densely extracted features.

Figure 4.18: Result obtained by our fusion model A appliedparsely extracted features. The
top left image shows the query image and the remaining imagjes the 19 most relevant
images retrieved.

two separate LDA-models for image representation — onedoin éeature type — and fusing the
information at the decision level (late fusion) gives thetlyesults in the unsupervised retrieval
task. Moreover, the computational complexity is lower faydal A.

Figured4.1B t§_4.20 display some very good retrieval resaitained by the best-performing
fusion model A.

Model Selection

Having determined the most appropriate fusion approachyilveow examine the two different
local descriptors, color patches and SIFT, as well as trainkination with respect to their
suitability to model certain image categories. We consillettwelve categories in our database
separately. FiguleZ.P1 and Figlire4.22 show the resulspimse and dense feature extraction,
respectively. For this experiment only five test users weedlable. We depict their average
scores and the most suitable model is marked in yellow.
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4.2. Fusion Models

Figure 4.19: Result obtained by our fusion model A applieddnsely extracted features. The
top left image shows the query image and the remaining imagew the 19 most relevant
images retrieved.

Figure 4.20: Result obtained by our fusion model A applieddnsely extracted features. The
top left image shows the query image and the remaining imabew the 19 most relevant
images retrieved.

As expected, categories that are highly textured suchraffiti and signsare best modeled

by a SIFT-based LDA model. Thaildlife category contains also many textured objects such
as tigers and lions, whereas thied category is best described by color and shape and thus
benefits from the fusion of color patches (which model cobwall as intensity changes) and
SIFT featuresFlower retrieval is also improved by the fusion. Altogether, theuténg scores
show that many categories benefit from the fusion of both risode

Color patches alone are not appropriate for category mugledis they only show superior per-
formance in the two categoriésod andbuilding(s)if dense feature extraction is considered. It
should be noted that the standard deviation between useedavge in théuilding(s)and in the
sign(s)category indicating that the shown content was not obvioukthus it was interpreted
diversely by the test users.
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category color-patch model A SIFT

wildlife animal(s) cat(s) 2.04 3.56 3.68
dog(s) 3.68 5.24 5.16
bird(s) 4.46 5.08 3.90
flower(s) 11.30] 11.78 6.40
graffiti 4.06 7.04 10.38]
sign(s) 2.98 3.52 3.86
surf(ing) 8.44 11.28 8.24
night 1.86 3.74 3.74
food 5.18 6.70 3.64
building(s) 2.32 2.56 2.56
goldengate(bridge) 4.38] 8.08 10.96]
baseball 15.82 16.56 12.32

Figure 4.21: Average scores per category for the compalisbmeen retrieval results based on
LDA (fusion) models applied to sparsely extracted features

category color-patch model A SIFT

wildlife animal(s) cat(s) 2.26 4.08 4.16
dog(s) 4.44 4.78 5.16
bird(s) 5.44) 5.86 4.52
flower(s) 9.10 9.82 4.68
graffiti 4.52 5.92 7.50
sign(s) 2.38 2.98 5.12
surf(ing) 8.00 11.20 7.62
night 3.46) 3.94 3.90
food 5.54 5.10 4.14
building(s) 3.22 2.90 2.68
goldengate(bridge) 7.88] 9.02 8.68
baseball 14.16 14.80 16.66

Figure 4.22: Average scores per category for the compaliebmeen retrieval results based on
LDA (fusion) models applied to densely extracted features.

4.3. Summary

In this chapter we have focused on the local image featurésedsasic building block for our
model. In the first section we have examined different locede features in combination with
the pLSA model in order to determine their suitability foraese recognition and a query-by-
example image retrieval task. Three different local regletectors, namely the DoG detector,
a dense grid over several scales and random edge samplirggbban investigated, as well
as three descriptors, the commonly used SIFT feature, theegeic blur feature and the self-
similarity descriptor. Our experimental results show ttie dense grid over several scales
detector performed best in both tasks. The geometric batufe performed best in the scene
recognition task closely followed by the self-similaritgstriptor whereas in a retrieval-by-
example scenario the SIFT descriptor outperformed thessmifarity descriptor. Thus the
appropriate choice of descriptor depends on the database us

In the second part of this chapter we proposed three diffdrB-based fusion models for
combining two local image feature types, in our case a texamd a color feature, in order to
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take advantage of complementary region descriptions. odfih the presented models fused
only two different region descriptors, they can be easiligeded to combine multiple feature
types. The proposed approaches carry out fusion at diffstages of the topic model: at the
visual word level, during topic generation and at the decidevel. Our experimental results
showed that a model that fuses the features at the decisiehile., that learns two independent
topic models, one for each feature type, and fuses the denwage representations during
similarity measurement at retrieval time, outperformegldther approaches. In our experiments
we also investigated the SIFT feature and the color patatrigesr as well as their combination
with respect to their suitability to model certain imageecatries. It was shown that retrieval
results in some categories are improved by fusing two diffefeatures, while other categories
are better modeled by only one descriptor type.
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As topic models have originally been designed for text agig)ywords are modeled as discrete
variables. In the visual domain we are challenged with tloe tfzat visual features describing
an image, especially local image descriptors, are oftetiragously distributed in some high-
dimensional space. Thus visual features are quantizedaifiitced-size visual vocabulary in
order to be able to apply the original pLSA model to an imaggdyasis tasks.

In most related efforts and also in our system describedeptbvious chapters, quantization is
done by clustering descriptor vectors, representing elasher by one visual feature vector (the
so-called cluster center), and subsequently mapping esathré vector to its closest cluster
center in order to get a visual word representing the ddscrigHowever, the mapping from
continuously distributed local features to a discrete alissmcabulary does not necessarily lead
to optimal performance since, for example, it does not agtcéar the distance of features to
their associated cluster center.

In speech recognition it has been shown that introducingirmaous variable models, especially
in the case of Hidden-Markov-Models (HMMSs), significantigproves performanc&[105]. In
this work we will now consider continuous vocabulary modglsch do not require a quanti-
zation of the high-dimensional feature vectors. In theofwlhg we introduce and study models
in which continuous visual vocabularies are considered,tans we model words as continu-
ous, high-dimensional feature vector distributions. Wappse three different approaches that
extend the discrete pLSA model.

In the context of latent topic models there has been vetg htork in this area. In order to
model annotated data, Blei et al. used a multivariate Gangeirepresent image regions con-
ditioned on a topic variable in two extensions of the LDAI[1Zhe two most closely related
works to our approach are the work by Ahrendt etlal. [5] anditbek of Larlus and Jurie [52].
The first work [%] proposes the so called Aspect GaussianwixiModel (AGMM), which ex-
tends the pLSA model to the case of continuous feature \&cltnis model is equivalent to our
second proposed model, the SGW-pLSA. The model is evaluatadnusic genre classifica-
tion task. However, the authors use supervised training kribwn concepts for each training
sample, while we learn the model's parameters in a completgupervised fashion. The sec-
ond work [52] proposes an extension to a continuous vocabtite the LDA model. Gibbs
sampling is used for parameter estimation, and the modelikea in an object categorization
task. In contrast, in this chapter we propose different fsoded we evaluate them in a scene
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recognition task as well as an image retrieval scenario. dsider the pLSA model and we
perform parameter estimation via the EM algorithm.

This chapter is organized as follows. We present our threpgsed continuous vocabulary
pLSA models in Sectioi 8.1. In Sectibnk.2, we show how patanmestimation and inference
is performed for each of the models. Then, in Sediioh 5.3 wauete their performance using
the results from a discrete pLSA model as the baseline. Wileshe experimental setup, as
well as show and discuss results.

5.1. Models

As mentioned above, the quantization procedure for coatiadieature vectors that is necessary
when applying the discrete pLSA model directly to image dateot optimal. We describe now
three different ways to model the probability of featureteex under each topic directly thus
making the quantization of the descriptors obsolete.

Ideally we would like to have a separate probability disttibn over the feature space for each
topic. We do this by using Gaussian Mixture Models (GMM). Vedl this model GM-pLSA.
But a model of this complexity is expensive to train, bothiing and data. Thus we also test
two simplifications that reduce the model complexity.

In a slightly simpler approach we learn Gaussians that aaeedhacross all topics. Therefore,
we propose the SGW-pLSA model that learns the means andiaogas of a single set of
Gaussians as part of the topic determination algorithm.

A further computational simplification is possible if we star the feature data in advance,
much as is done for discrete pLSA. Then we represent eactecl a Gaussian distribution
and learn the probability of each cluster for a given topibisTmodel is called FSGW-pLSA.
Figure[5.1 shows an overview of the different model striegur

We represent each imagdgas consisting oN; local feature descriptor.

5.1.1. pLSA with Shared Gaussian Words (SGW-pLSA)

In the SGW-pLSA approach we modify the original pLSA modettsthat each word is rep-

resented by a multivariate Gaussian distribution”, and sgaime that each high-dimensional
feature vector is sampled from one of those Gaussian disivits. This results in modeling the
topics, i.e., the probabilitieB(w|z), by a multivariate mixture of Gaussian distributions, weher
Gaussians are shared between the different topics.

This approach is similar to the model presented by Larlus. §62] for the case of the LDA —
a pLSA related model. For the pLSA case a similar model has pessented but the authors
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Figure 5.1: Model structure of the three proposed contisumcabulary pLSA approaches:
SGW-pLSA (a), FSGW-pLSA (b), GM-pLSA (c).

consider only supervised learnirig [5].

The SGW-pLSA model assumes the following process for samglien-th feature descriptor
fqin an imaged;:

e Pick a document};, with prior probability P(d;).
e Select a latent topic labe}, with probability P(z,|d; ).
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e Choose a Gaussian compongptdepending on the chosen topg with probability
P(0nlzn).

e Sample a descriptoi, with probability P(f,|gn), which is a multivariate Gaussian distri-
bution over the feature vector space modeling the selectedg$tan component,.

According to this generative process Equafion 2.5 becomes:

I
A

P(fj,di) = P(di) P(fjlgj = k) -P(gj =K|zj = h)-P(z; = h|d}) (5.1)
h=1k=1

where
P(fjlgj = k) = N(fj |, k). (5.2)

HereH andK denote the total number of the topics and Gaussian wordeimtidel, respec-
tively and L, andZy are the parameters of tlketh Gaussian distribution.

It can be seen that the parameters of the Gaussian distrisuti.e., of the continuous visual
vocabulary, become part of the model. Thus, those paramaterestimated simultaneously
with the other model parameters in the learning algorithe® (Sectiofi’5]12). Additionally we
can also omit the computation of the co-occurrence tabtedven our retrieval system (see
Figure[31).

When applying the discrete pLSA model to images the necgdseal feature quantization is
performed before the actual model is trained and thus thetgadéion does not account for the
probabilistic model learned in the subsequent step. Toerdhe joint learning of the Gaussian
distributions with the other pLSA parameters may be adgpuas. On the other hand, the
number of parameters that have to be learned is much highéhdoSGW-pLSA model, as
additionally the means and covariance matrices have totlmated.

5.1.2. pLSA with Fixed Shared Gaussian Words (FSGW-pLSA)

In order to examine the influence of modeling the visual waa#inuously by Gaussian distri-
butions, we proposes the FSGW-pLSA. Here we assume the salmabjlistic model as in the
SGW-pLSA. However, during the model estimation we do notieitly estimate the parameters
of the Gaussian distributions representing the words.

We learn an ordinary Gaussian mixture model representiagshiared continuous vocabulary
on the extracted local image descriptors of the traininggenset in advance. Then, in the
subsequent probabilistic model computation of the SGWAk& assume the parameters of
the Gaussians, i.e., the meamsand covariance matrice, are fixed and only the topic and
component probabilitieB(z|d;) andP(g|z) are estimated.

Summarizing, in the FSGW-pLSA, the words are modeled by dimaous distribution over
the feature space, making quantization unnecessary. masbmo the SGW-pLSA, the param-

74



5.1. Models

eters of the Gaussian distributions modeling the contisugsual vocabulary are computed
separately previous to the topic model parameter estimatio

5.1.3. pLSA with Gaussian Mixtures (GM-pLSA)

In the above two approaches (SGW-pLSA and FSGW-pLSA) alttophare a single visual
vocabulary. It may be beneficial to allow for different meamsl covariance matrices for each
topic, i.e., no sharing of Gaussian components betweeogogs this allows the Gaussian com-
ponents to adapt directly to their topic and thus enabledlenmaixtures per topic. This results
in modeling each topic, i.e., the probabiliti®$f|z), by an individual multivariate Gaussian
mixture model over the feature space. Thus given a topic Veetse Gaussian mixture compo-
nent out of the Gaussian mixture model associated with thie,tand depending on the mixture
component the feature is sampled.

We assume that each featuggin imaged; is generated as follows:
e Pick an image; with prior probability P(d;).
e Select a latent topic labe}, with probability P(z,|d;).

e Choose a Gaussian componefitdepending on the topig, with probability P(g#(z,),
whereg? is a Gaussian component associated with tapic

e Sample a descriptof,, with probability P(f,|gf), which is a multivariate Gaussian dis-
tribution over the feature vector space modeling the seteGaussian componegg'.

According to this generative process, we introduce a naritite Gaussian mixture over the
feature space for each topic

J|ZJ —h z P ZJ_ —k|Zj :h)-N(fj“th,zkh) (5.3)

where L, andZyy, are the parameters of tiketh Gaussian distribution associated with thth
topic. This yields the following model for a descriptbrin imaged;:

K

.
P(f], ) = Z( (7= hidy). ZP(g?‘“:krzj:h>-N<fjrukh,zkh>> 5.4)

In contrast to the model described in the previous subsegtioere the multivariate Gaussian
distributions modeling the feature space are not shared,ttte means and covariances of the
K Gaussians are different for each topic. On the one handnhisles to use the optimal means
and covariances for each topic. On the other hand, as we need@aussians in total to model
all topics, the number of parameters in the model is sigmiflgdarger for the same number of
Gaussians per topic. Having observed that most topics dyeaepresented by a small number
of words/Gaussians compared to the entire number of visaedsiGaussians in the model, we
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should be able to reduce the number of Gaussians per togiowtiperformance degradations.
Thus, in our experiments we use fewer Gaussians to repragepic compared to the SGW-
pLSA and FSGW-pLSA approaches. However the total numberanfsGians and parameters
for this third model will still be larger than the number fiwetother two models.

As in the SGW-pLSA model, in the GM-pLSA model the computatad the Gaussian distri-

butions parameters and therefore the continuous visuabudary becomes part of the model
estimation. Thus no computation of the co-occurrence haddéor in our retrieval system is

needed for this model (see Figlirel3.1).

5.2. Parameter Estimation

We will now present the algorithms for parameter estimadiod inference in the three proposed
continuous vocabulary pLSA models.

5.2.1. SGW-pLSA

According to the SGW-pLSA model (Equatidns]s.1 5.2)|dgelikelihood | of all images
in the database is given by:

M N

H K
T2 (A; [P(d) (= hid)- Plg; =Kz =1)-N(T, |uk,zk>]> 55)

whereM denotes the number of images in the database\attite number of local descriptors
representing the imagk.

During model estimation we need to learn the topic and corapbprobabilitiesP(z|d;) and
P(glz) as well as the parameters of the Gaussian distributions, tikeand Z. Due to the
existence of the sums inside the logarithm, direct maxitiineaof the log-likelihood by partial
derivatives is difficult. Thus we use the Expectation Maxation (EM) algorithm|[[2B]. The
EM algorithm is an iterative optimization method that aties between two update steps. The
expectation step (E-step) in the EM algorithm consists tifreging the posterior probabilities
for the latent variables taking as evidence the observedatat the current parameter estimates.
Thus in the E-step we calculate the variatfis

P(2'|di) - P(g¥|2") - N( ;| 1, k)

ij_
B = ST S P - PG - NCTy )

(5.6)

wherez" denotes thé-th topic, i.e.z=h, andg" thek-th Gaussian component, i.g.—=Kk. Thus
i'(’h can be seen as the probability that the featiyrim imaged; was generated by the topi
and Gaussiag.
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The M-step consists of maximizing the expected completa-tilelihood E (1°°™P):

M N H K
EI*™ =55 5 3 (B log[P(dh) - P(z; = hidh)- P(g; =Kiz; = h) -N(f |, 2] )
i=1 [Z1h=1k=1
(5.7)
Then, the update equations for the M-step become:

e = 2 i % %B”’h-fj (5.8)
Px j=1h=1

e = (1 5 % S B )—(u&e“ﬁz (5.9)
Px |211 1h=1

where
M N H .
P = Z Z Buh (5.10)
i=1]=1h=1
and
N oK Qi
Pd)"" = 721—1%‘1 n (5.11)
new __ i
P(d)"" = 5N (5.12)
M N pii
Py = _22imiPa (5.13)

Ni
Sk sy 2j=1 Beh
In fact the solution td°(d,) is trivial, thus we will not have to learn those probabilitie

In order to estimat®(z|d, ) for test imagesl;, we fix the trained Gaussian mixtures, i®(g|z)
and the associated Gaussian distributions, Leand L, and perform the remaining steps of
the above algorithm.

The derivations for these E- and M-step equations can belfouAppendiXB.

As the iterative EM algorithm does not necessarily conveeogthe optimal solution, it is im-
portant to initialize the model, especially the parametéthie Gaussian distributions, properly
in order to avoid local minima. We initialize the means andac@nces of the Gaussians repre-
senting the visual vocabulary by computing an ordinary ivauitate Gaussian mixture model of
sizeK using all local features extracted in our training imagdse fopic and component prob-
abilities are initialized randomly. It should be noted that consider only the case of diagonal
covariance matrices in our experiments.
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5. Continuous Vocabulary Models
5.2.2. FSGW-pLSA

In order to learn a FSGW-pLSA model, we perform exactly thmed&M iteration steps as
described in the previous subsection, however we do noteplaleLy’'s andZy’s of the Gaussian
distributions in the M-step. Compared to the SGW-pLSA th6&RBEpLSA is computationally
less expensive, as the means and covariances of the Gadgsiabhave to be estimated in the
EM iterations.

To derive the parameters of the Gaussians representingxéiak dontinuous vocabulary, we
compute a multivariate Gaussian mixture model on the laeatiure vectors of the training set
in advance. The Gaussian mixture model computation isaliiéd with the outcome of a k-

means clustering on a feature subset of the training sete tiat again, we only consider the
case of diagonal covariance matrices.

5.2.3. GM-pLSA

The log likelihood of the images in the database accordinbadsM-pLSA model is given by:

M N

H K
'Z.ZZJOQ(QZ (2 = hidy)- >P<9T"‘“=k!zj:h>-N<fjrukh,zkh>]> (5.14)
1I=1]= =1k=1

As before, the existence of the sums inside the logarithmesalirect maximization of the
log-likelihood by partial derivatives difficult. Thus weaig use the EM algorithm to iteratively
estimate the parameters. We derive the following updatatequfor the variablegyy, in the
E-step:

ij P(2"(ch) - Tin - N(Fj| iy Zkh)

S SE P ) - T NCFj | ik, Zin)
where we introduce the notationy, for the probability of thek-th Gaussian component associ-
ated with the topid), i.e., i = P(gZ" = k|z= h).

(5.15)

The M-step updates result in:

1 M NI ..
M = o Z (5.16)
new 1 M3 new, 2
2h = (pkhz >_(IthW) (5.17)
where
M N i
Pkh = ZI Z B, (5.18)
i=1j=1

78



5.3. Experimental Evaluation

and
P(2|c)"e" 72',-“4%_13 0 (5.19)
PO™ = (5.20)
o _ _ZMTLAG 5.21)

Sk St 3 By

Again, the solution té&(d;) is trivial and does not need to be estimated in our iteratiyerahm.
ComputingP(z|d,) for test imaged, is performed by keeping the parameters of the Gaussian
mixtures, i.e.,Ukn, Zkn and kp, fixed and fitting only theP(z|d|) parameters during the EM
iterations.

AppendiXIB describes in detail the derivation of the updajeations.

An important aspect of this model is the choice of the numbb&aussian mixtures per topic.
Here we have to trade-off accuracy to represent the featsnébdtions per topic against com-
putational complexity as well as the ability to fit a modelmétvery large number of parameters.
In addition, due to local maxima, special care has to be tékamitialize the model appropri-
ately. In this work we initialize the parameters of the Garssnixtures by using the results of
the SGW-pLSA. Only thék most important Gaussians per topic, i.e., the Gaussiarstinet
highest probability of occurrence in each topic, are chogdirother parameters are initialized
randomly. Again we only consider the case of diagonal cavae matrices.

5.3. Experimental Evaluation

We first evaluate the proposed continuous vocabulary medétssively in a scene recognition
scenario, since for this task the annotated OT image datd@d$ is available which enables
us to automatically compute performance scores. As we neetk Uo evaluate the results
in image retrieval tasks, we subsequently perform onlytéohiexperiments for a query-by-
example retrieval scenario to verify the results obtaimetthé closely related scene recognition
task.

5.3.1. Scene Recognition

Experimental Setup

For this work we choose the well-known 128-dimensional S&d] features as local image
descriptors and a DoG interest region detector. For a détdiéscription of both the reader is
referred to Section4l.1. Note that each image usually lerdslifferent number of features even
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5. Continuous Vocabulary Models

if two images have the same size. The number of feature cadpigpends on the structure
and texture of the image.

After having computed the SIFT feature vectors for each enag perform a whitening PCA to
extract the 75 most important components from the 128-déioeal descriptors. This is done
by only keeping the 75 components belonging to the largegnealues. The lower dimen-
sionality ensures faster computation of the pLSA modelsr €periments also showed that
no/very little performance is lost due to this dimensiayaleduction, compared to the original
128-dimensional feature vectors. Note that due to the winigeprocedure each dimension has
unit variance.

We evaluate the three proposed continuous vocabulary mbgleheans of scene classification
experiments on the OT dataset. The OT dataseét [71] has glsh used for the evaluations
in Section’4. 113 and consists of a total number of 2688 imé&ges eight different scene cat-
egories: coast, forest, highway, inside city, mountain, open coyrgtreet,andtall building.
Table[4.1 and Figure4.6 show the number of images as wellnaplesamages for each cate-
gory, respectively. To assess the performance of the diffenodels each test image is assigned
automatically by our system, based on the respective imggesentation, to one of the eight
categories, and the achieved recognition rate is used aetftemance measure throughout our
experiments.

We proceed as in Secti@n4.11.3: we divide the images randionalyl 344 training and 1344 test
images. We further subdivide the 1344 training images imiaittyg and a validation set of size
1238 and 106, respectively. The validation set is used totfiadest parameter configuration
for the respective pLSA-based model. In the model we fix theaver of topics to 25 and
optimize the numberK, of visual words/Gaussian distributions as well as the remad EM
iterations performed for the different models. A number®t@ics has been shown previously
to result in good performance on this dataket [15]. It shbeldioted that pLSA-related models
are susceptible to overfitting, thus an early terminationy hrep with this issue.

Having determined the best parameter setting for the nunfhésual words and EM iterations,
we pick the corresponding model and apply it to all trainimgages, i.e., the image set resulting
from merging training and validation set, and all test seddes in order to derive a topic dis-
tribution for each image. The topic mixture for each imagthen used to determine the most
similar images in the training set to a query (test) imagethand to finally determine the test
image’s category by applying a k-Nearest Neighbor classifie

Scene recognition is performed on all images in the tesBasted on these recognition results
we compare the different proposed models. We use the peafareof the discrete pLSA model
as a baseline.
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Figure 5.2: Recognition rates of the original pLSA modelloavalidation set for variouss of
the kNN algorithm, different numbers of iterations of the BbMorithm, and different numbers
of visual wordsK in the model: (aK = 500, (b)K = 750, (c)K = 1500.

Discrete pLSA

The recognition rates of the original discrete pLSA modeltlom validation set for different
numbers of visual wordK, differentk’s of the kNN algorithm, and different numbers of EM
iterations are depicted in Figureb.2. We can see that thedasgnition rates on the validation
set are achieved for a vocabulary size of 500 using 25 itarati The best recognition rate of
approximately 71% is obtained far= 13 andk = 15.

The results of the original pLSA model on the test set usimgetttire training set fok = 500
and 25 EM iterations will serve in this subsection as a basdtr the evaluation of the proposed
pLSA models with continuous vocabulary representations.
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Figure 5.3: Recognition rates of the SGW-pLSA on the vaiitaset for variouk’s of the
kNN algorithm, different numbers of iterations of the EM alighm, and different numbers of
Gaussiang in the model: (aK = 500, (b)K = 750, (c)K = 1500.

SGW-pLSA

Next we perform the above experiments with varying paranetefigurations for the proposed
SGW-pLSA model. The results are displayed in Fiduré 5.3. Mty see that the performance

of a visual vocabulary size &f = 1500 is better than the one obtained for 500 and 750 Gaussian
distributions in the mixtures, respectively. A recogniticate of about 76% is achieved for

K =1500,k = 15 and 200 EM iterations. Thus we choose this parametengétti computing

the results on our test set.

It can be also seen in Figureb.3 that the model needs aboutet@fions to stabilize its per-
formance. Thereafter the performance improves only $lighin some cases even gets slightly
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Figure 5.4: Recognition rates of the FSGW-pLSA on the véliaset for variou’s of the
kNN algorithm, different numbers of iterations of the EM @lighm, and different numbers of
Gaussiang in the model: (aK = 500, (b)K = 750, (c)K = 1500.

worse. This could be a sign of overfitting. It should also beddhat a training set size of 1238
images, each producing in average about 550 local desajpsorelatively small for the num-

ber of parameters that need to be estimated for a SGW-pLSAhcodtaining 1500 Gaussian
distributions.

FSGW-pLSA

Figure[®.% shows the results obtained for the FSGW-pLSA inaui¢he validation set. Again
the size of the vocabulary, the paraméterthe kNN algorithm and the number of EM iterations
in model estimation have been varied.
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Figure 5.5: Recognition rates of the GW-pLSA on the valwolatset for variouk’s of the
kNN algorithm, different numbers of iterations of the EM @lighm, and different numbers of
Gaussian in the model: (aK = 20, (b)K = 30, (c)K = 60, (d)K = 120.

It can be seen that vocabularies consisting of 750 respdethb00 Gaussians give the best re-
sults. Especially the results for 1500 words and 250 itenatperformed best with a recognition
rate of about 72% fok = 11 andk = 15. As the results foK = 1500 and 250 iterations are
close to the 70% for a larger rangelofalues compared to the results #= 750 and 100 EM
iterations, we will use the former parameter setting forfthal model comparison on the test
set.

GM-pLSA

In Figure[5.5 the recognition rates of the GM-pLSA on thedaion set for various parameter
settings are shown. The number of Gaussiknser topic ranges between 20 and 120. This
results in a total number of between 500 and 3000 Gaussiahe imodel.

The results show that 20 and 30 Gaussians per mixture do eot &ebe sufficient as results
improve with largerK. The best result is obtained f&r = 120, i.e., a total number of 3000
Gaussians in the model, and 250 EM iterations. Here we okgairgnition rates of more than
72% fork = 13,15,17. Thus this parameter setting will be used to compute tHerqpeance of
the model on the test set.

The results show that the total number of Gaussians in thideinmoeeds to be larger than in
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Figure 5.6: Recognition results for all models on the test se

the previously examined models. Likely, the results wilttlfier improve when going to even

larger numbers of Gaussian distributions per topic. Naebess, this gets computationally

very expensive. The required larger total number of Ganssiaight be explained by the fact

that topics will still partly use similar Gaussians, butgbdave to be estimated for each topic
separately.

Comparison

We will now compare the results of the different models ughgyparameter sets that have led
to the best performance on the validation set. We merge aivértg and validation set and use
the computed models for the selected parameter sets taipeirference on the test set. Given
the topic distribution on the test images, each test imagdassified based on the dominant
scene label in its k-Nearest Neighbor (kNN) set consistifiglmeled training images.

Figure[5® depicts the achieved recognition rates on thedtda set for different numbers of
k of the KNN classifier. All three proposed continuous vocabulmodels clearly outperform
the original pLSA. The best performing model is the SGW-pL®adel, which only slightly
outperforms the second best model, the FSGW-pLSA. Bothoaghes show a performance
improvement of roughly 2% to 4% over the pLSA. The third bestel, the GM-pLSA shows
a recognition rate which is about 1% to 2% above the perfoomarfithe pLSA.

It should be noted that in the case of SGW-pLSA, we need to aberihe parameters of 1500
Gaussians, whereas in the case of GM-pLSA we compute es8rf@ta total number of 3000
multivariate Gaussian distributions. Parameter optitianeon the validation set has shown that
we do need this large number of Gaussians in the GM-pLSA torataly model the database
images. Nevertheless, the surprisingly lower performamocepared to the SGW-pLSA may be
an result of having not enough training data to reliablyreais large number of parameters in
the GM-pLSA model.
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Figure 5.7: Comparison of discrete pLSA and FSGW-pLSA méalathe image retrieval task.

In summary, we conclude that a continuous pLSA model desstifie visual environment better
than a discrete pLSA model as used in previous topic modelthsasene recognition work. In
this application domain the SGW-pLSA model and the FSGW#loSodel outperform the
GM-pLSA model, which has also the disadvantage of being caatipnally more expensive.
Furthermore the performance improvement of the SGW-pLS& tve FSGW-pLSA is small,
thus if low computational cost is required one should cassiging the FSGW-pLSA over the
SGW-pLSA.

5.3.2. Image Retrieval
Experimental Setup

To evaluate our models in a retrieval-by-example task weheseeal-world large-scale database
described in Section—3.3.1. It consists of about 246,00@@ndrom twelve categories. 60
test images (depicted in AppendX A) are picked randomlye fir each category, and we
evaluate the performance of our models by a user study. Asaitheof a query-by-example
task is to find images with similar content to the query image,asked eight users to count
the correctly retrieved images from the top 20 images, dinlyithe query images. The top 20
images are derived for each model by using the L1 norm in coation with the respective
topic distribution. The average number of correctly retkimages over all queries and users
is then our final score for the model. This evaluation is @b the comparisons performed in
previous sections.

As the basic image feature we chose sparse SIFT. We first deni@8-dimensional SIFT
features for each image in the database and we then perforhitenimg PCA to extract the
75 most important components from each 128-dimensionaiokeas we did for the scene
recognition task. For the discrete pLSA model we derive aalivocabulary of size 2400 by
merging results of k-means clustering on twelve featuressisly) each producing 200 visual
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Figure 5.8:. Example retrieval result obtained by the FSAQ\W8#4 model. The top left image
shows the query image and the remaining images show the lirel@gnt images retrieved.

Figure 5.9: Example retrieval result obtained by the FSQW84 models. The top left image
shows the query image and the remaining images show the lirel@gnt images retrieved.

words (for more details see Sectionl3.1). For the FSGW-pL®Aalso use 2400 Gaussians to
model the feature distribution given a topic.

Out of our proposed model, we will only compare the FSGW-plt&#he pLSA as the baseline.
The FSGW-pLSA model showed improved performance over ti&4ih the scene recognition
task, but it was outperformed by another examined model, SGBA. However the SGW-

pLSA model is computationally more expensive during tragnithus we will show in this thesis
only result for the FSGW-pLSA in the context of image retalkevit is left as future work to

examine the other continuous vocabulary models in an imgtgieval scenario.

The number of topics is chosen to 50 in both models, the aigdiscrete pLSA and the FSGW-
pLSA. The pLSA was trained on 50,000 images, whereas the FBGA was learned from
5,000 images. It should be noted that the parameters of thelmsuch as the number of visual
words or Gaussians, number of topics etc. have to be chosefultg as there is no ground
truth and thus no validation data available to automaticdditermine suitable values for those
parameters.
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Comparison

We compare the average result scores of the pLSA and the FRIGA-model based on the
eight test users in Figuke™.7, the vertical bars mark thedstal deviations. It can be seen that
the FSGW-pLSA outperforms the discrete pLSA model. Theadéfifice in performance is small
but significant as a paired t-test with= 0.01 has shown, thus indicating that using continuous
models improves retrieval performance on large-scalebdats. This is the same behavior as
we experienced in the scene recognition task (see S&cEal) 5.

Furthermore, from the results of scene classification onaldvexpect the SGW-pLSA model
to further improve the results. However, showing this it flef future research.

Finally we show some example retrieval results for the FS@\BA in Figurd 5.8 anff519.

5.4. Summary

In this chapter we have proposed and evaluated three diffes¢ensions to the original, dis-
crete pLSA in which continuous visual vocabularies are ied. As we modeled words
as continuous, high-dimensional feature vector distidmst the quantization of the local fea-
ture vectors that is necessary when applying discrete tapitels to image databases becomes
obsolete.

For each of our proposed models we have presented algorftmparameter estimation and
inference. The experimental evaluation in an automatinescéassification task shows that the
proposed approaches outperform the discrete pLSA modelwv&\eund that the SGW-pLSA
performed best closely followed by the FSGW-pLSA. Furtiregn query-by-example scenario
on a large-scale database, the FSGW-pLSA has shown thairibies retrieval results over the
discrete pLSA model. In future work, we will have to examihe performance of the other
continuous vocabulary models in an image retrieval taskeds w
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The topic models used in the previous chapters to derive lalbigel representation of the
images’ visual content use one hidden layer only. Howevirgbable to compute hierarchical
models representing the image content with more than ores lafylatent variables enables a
richer and possibly more powerful image representation.

In this chapter we apply deep network models to derive suchulti-lavel representation of
each image. A deep network (DN) consists of multiple, noedr, latent feature layers each
capturing the strong correlations of the feature activetio the level below. Assuming again a
bag-of-visual-words image description as our input, destprarks may reduce the dimension-
ality of the input vector by decreasing the number of uniteach higher layer.

Besides enabling a multi-level image representation thpdiegpdeep networks are, once they
are trained, used as feed-forward models. In contrast toapibistic topic models that need
to infer iteratively the topic distributions for each newcdment/image not contained in the
training set, the feed forward architecture only requiresadrix multiplication followed by a
non-linearity per network unit when computing the imageregpntation. This is an advantage
when fast retrieval performance in very large image datbasrequired.

Previously, deep network models have been successfulljedgdp the context of information

retrieval [83], and they have been used for performing imagegnition in [96]. In the latter

work the authors use a global image description, and thely dbpe model to a labeled image
database as well as to a web database with images of sizd@@ixels, containing mostly only
one object.

The chapter is organized as follows: We review the deep nm&twmdel in the first section.
Then, in Sectiof 612 we describe how the basic model needs maddlified for its application
in the image retrieval context. In Sectibnl6.3 we presenesrental results, we evaluate the
deep model in a retrieval-by-example task and compare ifenpeance to probabilistic topic
models.

6.1. Deep Networks
The deep network we adapt in this chapter uses multiple,linear hidden layers; it was in-

troduced by Hinton et al. in[39] and_[B3]. The learning prdaes for such a deep model
consists of two stages. In the first stage, the pretrainingniéialization based on restricted
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Boltzmann machines (RBM) is computed. In the second stagertitialization is refined by
using backpropagation.

First we will review restricted Boltzmann machines (RBMBIRs provide a simple way to

learn a layer of hidden features without supervision. Thaysists of a layer of visible units

which are connected to hidden units using symmetricallyghteid connections. Note that an
RBM does not have any visible-visible or hidden-hidden @mtions. An example RBM is

shown in Figur¢®l1.

Assuming binary vectors as our input, the energy of the manifiguration of visible, stochastic,
binary unitsv and hidden, stochastic, binary uriitss given by [39]:

E(V,h):—Zbivi—ijhj—ZVithij (6.1)
[ I 1]

wherey; andh; are the binary states of the visible and hidden units resedth; andb; their
biases andyv;; the symmetric weights. The probability of a visible veataiven this model can
be computed as follows:

 ShexpE(v.h)
PY) = < L gexpE(1.9)) (6:2)

Given the states of the visible units, the probability thatdden unith; is activated is:
p(hj = 1‘V) = O'(bj + ZViWij) (6.3)
|
whereo (x) denotes the logistic function. Similarly it holds that

p(vi = l|h) = G(bi + Z thij) (6.4)
J

In order to iteratively learn the variables of a RBM, i.eg theightsw;; and the biasels;, b;, we
apply one step contrastive divergencel [38]:

Awij = £(< Vihj >data— < Vihj >recon) (6.5)

whereAw;; denotes the update of the weight parameterseasdhe learning rate< vihj >gata

is the frequency with which visible unitand hidden featur¢ are on together when the features
are being driven by the visible data from the training set @angh; >reconis the corresponding
frequency when the features are driven by the reconstrudaéal The reconstructed data is
derived by applying Equation 8.4 to the stochasticallyvatéid features. A similar update
equation is used for learning the biases.

To extend this and construct a deep network, Hinton et al} p8Spose to learn additional
layers of features by treating the hidden states (or amivairobabilities) of the lower-level
RBM as the visible data for training a higher-level RBM thediins the next layer of features.
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Figure 6.1: Restricted Boltzmann machine.
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Figure 6.2: Deep network models: layer-by-layer pretragnfleft); unrolling and fine-tuning
(right).

By repeating this greedy layer-by-layer training seveirakes, we train a deep model that is
able to capture higher-order correlations between thetinpiis. This procedure is depicted in
Figurel®.2 (left).

After having greedily pretrained all layers, the paramsetdithe deep model are further refined.
This is done by replacing the stochastic activities of theabj features by deterministic real-
valued probabilities and unrolling the layers to create @oencoder as proposed [n[39]. On
the right side of FigurEZ8l2 the autoencoder constructi@h@vn. Using the pretrained biases
and weights as initializations, backpropagation is usdih&tune the parameters for optimally
reconstructing the input data.
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6.2. Image Retrieval

Assuming our original image retrieval system presented hapfeB, we start by building a
bag-of-words representation for each image based on leatlifes. To derive a high-level
representation we then apply a deep network instead of a topdel and use the top level
unit values as our final image description. We achieve a dsineality reduction (similar as in
the topic model case) by downsizing the number of hiddersunieach layer compared to its
previous layer, thus resulting in a low-dimensional tofelagased image representation which
enables fast retrieval while using a small amount of memespurces only.

When applying the deep network model described in the pusvégction to our image data,
some modifications to that model are necessary as the inptdryee., the bag-of-words rep-
resentation, at the lowest layer is a visual word count veantal in its general form not binary.
Thus, we first divide each entry of the respective vector lgytdtal number of visual visual

words detected in the current image. This creates a dispretmbility distribution over the

finite visual vocabulary for each image.

To model the probability distributions in the input layenetprobabilities of the visible units
given the hidden ones can be modeled by a so called 'softnmaix[38]:
exp(bi + 3 j hjwij)

P S cexp(b+ 3 hjwi) 69

wherep,, denotes the value of theth visible unit given the hidden ones. The update equations
for learning the weights are not affected by this. Howeueg, weightsw;; from visible uniti

to hidden unitj are multiplied by the number of detected featuxgsin imagedr,, whereas the
weights from hidden units to visible units remaify. This is done to account for the fact that
each imagel,, may contain a different number of visual words dependingt®size in case of
densely extracted features or size and image structuressafasparsely extracted features.

All other units in the deep network remain binary. Howeveere are different possibilities for
choosing the type of unit at the top level of the network. Iis tlvork we will evaluate two
different types of units: logistic and linear.

After pretraining the layers of the deep network, an autodacis created as described in the
previous section. The parameters of the autoencoder diaiz@d with the pretrained biases
and weights and refined using the backpropagation algorittWa use the multi-class cross-
entropy error function in the backpropagation algorithm:

e=— Zvi log(V) (6.7)

whereV; denotes the reconstruction wfby the autoencoder anglis thei-th component of the
normalized input vector.
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Once the deep network is trained we derive a low-dimensio@iesentation of each for our
images by applying the learned model to the images in thebdagaand using the respective
top-level unit values as their low-dimensional descripti¢t should be noted that the mapping
from the co-occurrence vector, i.e., the basic image datsani to the high-level representation
only consists of a single matrix multiplication and singleiashing function per network unit.

Query-by-example image retrieval then proceeds as in tiginal system described in Chap-
ter[3: Given a test query image, we retrieve images of sinsiteatent by comparing the high
level image representations based on some similarity measuthis work we use the simple
L1 distance metric.

6.3. Experimental Evaluation

6.3.1. Experimental Setup

All experiments are performed on a real-world databaseistimg of 246,348 images. This
database has been used for evaluations in previous chagtemll, and details can be found in
Sectio3.31.

To evaluate our retrieval approach, we judge its perforradncusers in a query-by-example
task. Here the objective is to obtain images with similarteonto the given query image. We
selected a total of 60 test query images (depicted in AppdAjlin a random fashion. For

each query image the 20 most similar images (including tlegygimage) according to the L1
distance measure are returned to the users.

Our evaluation methodology proceeds then as describedciin8E.3.4: For each experiment
we asked ten users to judge the retrieval results by couhtimgmany of the retrieved images
show content similar to the query image. As the query imageusited, too, the lowest number
of correctly retrieved images is one and the largest 20. Tikeage number of correct result
images over all queries and users for one setting, i.e., mfEdure and parameter configura-
tion, is computed to give the final score. Note that the ugadgment is subjective. As our
test users varied for each experiment, we may derive differeerage results in different exper-
iments even for the same approach and parameters. Thevedongll also show the standard
deviation in addition to the average number of correctlyigeed images.

We evaluate the performance of the deep model for diffeimrdlIfeature types and compute
the visual vocabulary for each detector/descriptor comatinn from twelve randomly selected
non-overlapping subsets, deriving a total vocabulary o &400. The trained deep networks
consisted of four hidden layers with a 2400-1000-500-26Gs8ucture. Thus, we obtain 50-
dimensional top-level descriptions for retrieval. We us€¢000 images for training the deep
network, 25 iterations for pretraining each layer and S€attens to optimize the autoencoder.
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g
E T
g7
. $ I
8o
2
a
>
m

5

4

logistic linear

top layer type

Figure 6.3: Average number of correctly retrieved imagdagisleep-network-based image
models with two different types of top layer units: logistiod linear.
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Figure 6.4: Average number of correctly retrieved imagasgudifferent image models.

6.3.2. Results

First we examine the influence of the top layer type on ourent results. We compare logistic
units with the linear units using SIFT features extracte®a6 extrema as our basic feature
type. As can be seen from the results in Fiduré 6.3, the peeoces of both types differs only
slightly with a small advantage for the linear units. Parforg a paired t-test witlw = 0.01
also showed that the hypothesis that linear top units perfgually well or better than binary
units is valid. Thus we will use the linear units for our supsent experiments.

Our second experiment compares the results of the deemriebased image representation to
topic-model-based representations, more specificalljgdITM, LDA and pLSA model. All
three models also derive a low-dimensional topic mixtuaedal image representation from the
original word count vectors. We train each model with 50,0@8ges and set the number of
topics to 50, resulting in a 50-dimensional topic distribatas image representation.

Figure[6.3 displays the average number of correctly retdaemages for each approach. Again
we assume sparsely extracted SIFT descriptors as the baasgeifeature. Clearly, the CTM
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Figure 6.5: Average number of correctly retrieved imagdagusleep-network-based image
models with different local image detectors and descript@oG detector and SIFT feature,
dense grid detector and SIFT feature, as well as dense gedtdeand self-similarity feature.

Figure 6.6: Result obtained by the deep network model usitenae grid region detector and a
SIFT descriptor. The top left image shows the query imagetlamdemaining images show the
19 most relevant images retrieved.

shows the worst performance. This has already been noticdtkievaluations in Chaptgr 3.
Further, it can be observed that deep network (DN), LDA an8Alperform almost equally
well, with a very slight advantage for the pLSA.

However, a deep network has the advantage of modeling eaateirny multiple layers of
feature activations. Here we only use the highest leveléemtiodel to represent an image. Nev-
ertheless, there are possibilities of extending the aghrdey using multi-level descriptions.
Further, the mapping from the high-dimensional word cowttoer to the low-dimensional rep-
resentation is much faster for the deep network model cosaptar inference in the LDA and
pLSA model. As inference in those models requires multi@eations of the (variational) EM
algorithm, it is more costly than the feed-forward struetaf the deep network, requiring only
a matrix multiplication followed by a non-linearity per afior each layer.

In our last experiment we compare three different combamatiof visual features detectors and
descriptors as the basic building block in the context ofpdeetworks: DoG in combination
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6. Deep-Network-Based Image Retrieval

Figure 6.7: Result obtained by the deep network model ustienae grid region detector and a
self-similarity descriptor. The top left image shows theuimage and the remaining images
show the 19 most relevant images retrieved.

with SIFT, a dense grid over several scales detector in aettibn with SIFT as well as a dense
grid detector in combination with the self-similarity feat. The result is depicted in Figurele.5.
It can be observed that dense extraction outperforms theesfeature extraction. Furthermore
the dense SIFT descriptor shows slightly better results the densely extracted self-similarity
features. Note that the results here conform to the onesedehly using a pLSA model in
combination with different detectors and descriptors SeetioTZ.11).

Finally we show two retrieval examples obtained by the deswork model for different types
of features in FigurE6l6 and®.7.

6.4. Summary

In this chapter we applied deep network models to derive adimaensional image description.
Experimental evaluations showed that the derived imageseptations are suited for retrieval
in large, real-world databases. The deep-network-bassctigiéon performs as well as image
representations based on probabilistic topic models ssiph 8A and LDA.

One advantage of the deep network models is their feed-fdrataucture that, once the net-
work’s parameters have been learned, enables very fastingafsypm the high-dimensional
word count vector to the low-dimensional representationor@dver deep networks offer a
multi-level hierarchical image content description. Expig this multi-level representation
is an interesting direction for future research works.
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7. Models for Metadata Fusion

So far our image retrieval system relies solely on visuatuies to derive a representation
for the image content. However in many on-line image repdsis of the Web 2.0 images
are associated with different types of metadata. Examglesah metadata are geotags, user
tags, or the date when the image was taken or uploaded. Théadata provides additional,
useful information about the image content and can thus bd tesimprove visual feature-
based retrieval.

In this chapter we present and compare three approachesetdivafly fuse different meta-

data types with the image features. The first approach idasimai the best-performing fusion

approach for visual features discussed in Chdpter 4, ther otfo approaches are novel hier-
archical models. One of these is based on the pLSA topic maudlthe other is based on
deep networks. All three fusion models start by building g-b&words representation for each
image and modality. In case of the hierarchical models aahiy of topics/features is then
used to derive a high-level, low-dimensional image repreg®n based on multiple modal-
ities, whereas in the first examined approach only a singlerlaf hidden topics is used to
model the image content.

The proposed models can be used with any types of metadayamiight even be used to fuse
different features within one modality. However, in thisapker we describe the approaches in
detail only for the case of fusing two modalities. Nevergissl from these derivation it becomes
obvious how to extend the models as well as their trainingiafedence rules to more than two
modalities. We focus our experiments on fusing user-géeerags and visual features.

Previous works on using topic models for annotated imagebdaes includé]7].112] and [68].
Those models were designed to automatically annotate srag#/or image regions, and they
were trained and tested in most cases on the carefully aedatad almost noise-free COREL
database. However, in the here considered Flickr datalbgseare assigned to an image by
its owner, they typically reflect the photographer’s peedornew with respect to the uploaded
image. Thus, in such a real-world database, tags assoeidie@dn image do not necessarily
refer to the visual content shown (see Fiduré 3.3), theywsgstive, noisy and ambiguous and
cannot be used directly for retrieval purposes. Moreoverdets that try to associate image
regions directly with tags are difficult to learn and apply.

Related work on hierarchical models includes| [88] wherethiesauthors adapt the hierarchical
Latent Dirichlet Allocation (hLDA) model[[11], which has ee developed originally for the
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unsupervised discovery of topic hierarchies in text, toviseal domain. They use the model
for object classification and segmentation. However, gmyeate initialization of this complex
model is difficult.

The chapter is organized as follows: First we describe mglsilayer model adapted from the
fusion of multiple feature types explained in detail in $&t#.2. In Sectiof 712 we then present
our pLSA-based hierarchical fusion model, called mm-pL$Ae deep-network-based fusion
model is discussed in Sectibnl7.3. All three modality fusipproaches are then experimentally
evaluated and compared in Sectionl 7.4. Here we also giveemmgitation details and details
regarding the basic features used for building the bagarfis/representation.

7.1. Metadata Fusion via Concatenating Topic Vectors

In Section’ 4P various probabilistic topic models for figsimultiple types of local image fea-
tures have been discussed. The experimental evaluatiotaigexscale retrieval scenario has
shown that a model performing late fusion at the decisioellgwes the best performance.
Assuming two visual features to be fused, this winning mameisists of two independently
trained LDA models, one for each feature type. Fusion is tagried out at retrieval time while
measuring image similarity based on both topic distritngioWNe will now adapt this model for
fusing different modalities, but we will focus on anothepitomodel, the pLSA.

Thus our first proposed modality fusion model is very simpid aonsists of two separately
trained pLSA representations for the images in the datal@ee pLSA model is trained with
the bag-of-words image representation based on contemtésai.e., visual words, the second
is derived from a bag-of-words description of the imagestam associated tags. The fusion
of both low-dimensional, but independent high-level imageresentations is then carried out
by simply concatenating both topic vectors, thereby degha fused topic distribution based on
both modalities for each image. This concatenated topidlaligion is then used in combination
with the L1 distance measure to find the most similar images.

It should be noted that in this model topics are not ‘sharetiMeen modalities, and thus we
are not able to model topics that are characterized by bothalities properly. Furthermore an
equal weight is given to each modality in the final image repngation.

7.2. Metadata Fusion via Multilayer Multimodal pLSA
(mm-pLSA)

The fusion approach described in the previous sectionepfile pLSA model to unimodal data
only, i.e., separately to tags and visual features. Howapplying the pLSA to multimodal data
directly is challenging. The apparently straightforwapglécation of pLSA to multimodal data
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7.2. Metadata Fusion via Multilayer Multimodal pLSA (mm-$A)

by simply generating one large vocabulary consisting ofdsdrom the various modes (which
are generally derived from appropriate features of theestse modality) does not lead to the
expected improvement in retrieval performance, as willlm\s in the experimental results in

Sectio K.

One reason for this may be the difference in the order of ntad@iwith which words occur
in the respective mode. For instance, a few thousand egttatsual features are usually com-
puted for each images, in contrast to an estimated averagedbout five to 20 tags that are
associated with each image. Another reason may be the aoftenrong difference in the size
of the respective vocabularies of each modality.

An approach with top-level topics will solve these issuesr kasic idea is to have in afirst layer
topic variables for each mode separately, and then to fussetim a second hidden topic layer
where these topics denote distributions over the firsteleycs. Thus, the final representation,
the top-level topic distribution for each document, ddsesieach image as a ‘distribution over
topic distributions’ and thereby fuses the visual and tigeldased features.

While we describe this stacking of multiple topic layerstia following only for two modalities,
content features and tags, in the first layer and a second lmyr to fuse both, it is obvious
that the proposed layering can be extended to more than gweosland applied to more than
just two modalities.

The multilayer multimodal pLSA (mm-pLSA) model considegitwo modes with their respec-
tive observable word occurrences and hidden topics as welkingle top-level layer of hidden
aspects is graphically depict in Figurel7.1. Assuming a dwntd; is represented as a set of
words from two different modes (here: x € {v,t} with v standing forvisual andt for text),
whereN! denotes the number of visual words in imag@ndN! the number of tags associated
with the image, it is generated as follows:

e Pick a documend; with prior probability P(d).

e For each of thé\ visual words in documert;:
— Select a latent top-level concept lalagl, ; with probability P(zp j|di).
— Select a visual topic label,; with probability P(z,j|zop,;)-
— Generate a visual wond, ; with probability P(wyj|z;).

e For each of thé\! tags associated with the document:
— Select a latent top-level concept lalagl, ; with probability P(zp j|di).
— Select an image tag topic lak®l; with probability P(z j|zop,)-
— Generate an image tayg ; with probability P(w j |z ;).
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Figure 7.1: Multilayer multimodel pLSA model illustrategt bombining two modalities.

Thus the probability of observing a visual wong; or a tagw; j respectively in documerd
is

P(wyj,di) = P(d)P(z0pj = Ich)P(2,j = KlZopj = 1)P(Wyj|z,j =k)  (7.1)

~
v M=

Pwj,di) = P(dh)P(zopj = 1/d)P(z j = Plzopj =)P(W j|zj =p) (7.2)

M~ M-

T
il

An important aspect of this model is that every image cosgifbne or more ‘part’ topics in
each mode, which in turn are combined to one or more highvet-tepics. This is very natural
since images consist of multiple object parts and multipiects.

7.2.1. Training and Inference

Given our model (see Fig_1.1) with its implicit independemassumption between the generated
words, the likelihood. for our database consisting of the observed paitsw,m) and(di, w n)
from both modes is given by

N

Y
L= Ilﬁ [nl;ll P(Wv,m, di) r!:llP(Wt,n,di) . (7.3)

whereM denotes the number of images in the database. Assuming \@é\MandN! different
words in our visual and tag vocabulary respectively and tiegavith w), andw the j-th words
of the visual and tag vocabulary respectively we can wrigeahove likelihood alsoin terms of
the co-occurrence table entries:

M

NY Nt
=1 [ [P, )" P(w?,do”“’t“"”] : (7.4)
i m=1 n=1
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Taking the log to determine the log-likelihodaf the database

Nl

Z[Z” ,di)logP( Wwd +ant, IogP(wt,d.) (7.5)

and plugging Equation 4.1 ahd1’.2 into Equafiod 7.5, it bezoapparent that there is a dou-
ble sum inside of both logs, making direct maximization wiéispect to the unknown prob-
ability distributions difficult. Therefore, we learn the alyservable probabilities distributions
P(zopld), P(z/|zop), P(%|zop), P(Wy|z,) andP(w|z) from training data using the EM algo-
rithm [23].

As stated before, the expectation step (E-step) in the Elgritihgn consists of estimating the
posterior probabilities for the latent variables takingeaiglence the observed data and the cur-
rent parameter estimates. Thus we calculate the variaﬂlmddfg in the E-step:

Wi%wwwmwmm‘
5.5 PP P PLO)

im__
Ck =

(7.6)

P(di Z{op|d Zt |Z{op Wn|zt )

dliB: L K
3 3 P(d) )P(Zop|0h)P(Z|Z0p)P(WP|Z)

(7.7)

wherez{Op denotes thé-th top-level topic, i.e.zop = |, Z is thek-th visual topic, i.e.z, =k,
andz’ denotes the-th tag topic & = p). Note thatc}{}‘ can be seen as the probability of the
visual wordw{! in imaged; being generated by tHeth top level topic and thk-th visual topic.
d,'g may be interpreted analogously.

The M-step consists of maximizing the expected completa-likelihood E (Icomp):

M NV L
(Icomp ZI ) W\r/nadl Izl
= =

M Nt

L P
+3 3 8)5 5 AR IonlP()P(oc P dop PV (79

K
Z IOg i)P(jop|di)P(zkvMop)P(Mmzkv)]

k=

For legibility of the M-step estimates, we set

Wi = n(w{,d)cy (7.9)
&p = n(wf,d)d (7.10)
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and obtain:

NY Nt
2 n(Mn?di)"‘ 2 n(we', di)

P(di)new = M NV (711)
5 ( 3 )+ 3 )
N K
S 5
P(Zopldi)™" = (7.12)
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(7.15)

Z qu

Pz = N'tl'il (7.16)
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n=1i=1=1

Clearly Equatioli 71 is constant across all iterationsdoes not need to be recomputed.
A complete derivation of the update equations can be fourdgppendix(T.

Given a new test imagées;, We estimate the top-level topic probabilitieézp|dest) With the
same E-step equations as for learning and Equafion 7.1R(#&yp|dest) as the M-step. The
probabilities ofP(z/|zop), P(z|zop), P(W|2,) andP(w|z) have been learned from the training
corpus and are kept constant during inference.

7.2.2. Fast Initialization

More complicated probabilistic models always come with a&pl@sion in required training
time. This issue is becoming the more severe the more hidagrd a model consists of.
Moreover a proper initialization of the hidden layer paréene is essential for the model's
performance.

Thus, we suggest to compute an initial estimation of the itimmzl probabilities in a strictly
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Figure 7.2: Fast initialization of the multilayer multimaldoLSA model computed in two sep-
arate steps.

stepwise forward procedure. First we train an independeStdpmodel for each modality to

initialize the lower layer conditional probabilities. Thepics in these two pLSA models are
only linked through the documents, i.e., the same images g&p 1 in Fig[_7]2). Next the
computed topic mixtures of each modality in this lower lagad for each training document
are merged and taken as the observed words at the next haglekr($ee step 2 in Fif_1.2).
This procedure can continue until the top-level pLSA isrteai and thus initial values for all

conditional probabilities are found.

It should be noted that this forward initialization is coptieally very similar to the deep network
model learning procedure described in Chapter 6.

7.3. Metadata Fusion via Deep Networks

The third approach we propose is to use a deep network askbban [39] and[[83] to build a
hierarchical model with multiple, non-linear hidden faatlayers to fuse different modalities.
Such a deep network is trained in two stages. First an iizi¢itdbn based on RBMs is computed
which is then refined by using backpropagation. This legrfirocedure has been described
in detail in the previous chapter for the case of training epdeetwork to represent the visual
content of an image.

Similar to the mm-pLSA model presented above, we use one ot fagers in the lower levels
to learn hidden feature representations for each modadjparaitely. Those separately learned
features are then fused by one or multiple higher-levelray&he features in the higher level
layers are derived from the separate feature activatiortheofower layer features for each
modality separately and thus fuse the different modalities

As before we will in the following only consider the case ofifug two modalities, visual
features and tags. However it is straightforward to extéedtodel to multiple modalities.
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Figure 7.4: Deep-network-based fusion model B with an &fthd linear layer: pretraining (a)
and finetuning (b).

In this work we examine three different deep network modehigectures for modality fusion.
Our first model, the deep network fusion model A, uses onedmddyer for each of the two
modalities separately before fusing them in a second hitli@r. Both hidden feature layers
are assumed to be binary. The pretraining procedure thaisleand stacks RBMs is shown in
Figure[ZB (left) for this model. After pretraining the mbdeunrolled to create an autoencoder
(see Figurd—713 (right)), and the model parameters are fiedtto optimally reconstruct the
input data.

It has been shown in the experimental evaluation of deeparksaon visual features in Sec-
tion 623 that having linear units instead of binary ones atttip level improves retrieval per-
formance. Thus our second architecture, called the deeporiefusion model B, has one
additional linear hidden layer at the top of the network. Petraining and unrolling of the
resulting network is depicted in Figurel’.4.
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Figure 7.5: Deep-network-based fusion model C with additideature layers for each modal-
ity separately: pretraining (a) and finetuning (b).

Our last model, the deep network fusion model C, uses meltidden feature layers for each
modality separately before fusing them in a top-level layggure[Zb shows the structure of
the model.

Note that the input to all models is a word count vector forhetmaining image for both, the

visual and the tag mode. As this vector is not binary we firsivdea discrete probability

distribution over the respective finite vocabulary for eawtdality by dividing the entries of the
count vector by the total number of (visual) words detectethé current image. The softmax
is used to model the probabilities in the input units as deedrin the previous chapter.

Having learned the network parameters, we derive a fusegdmepresentation appropriate for
retrieval by applying the trained model to each image in ttalohse and using its top-level unit
values as our image description. By reducing the numberatiifes in each layer we derive a
low-dimensional representation enabling fast retrieval.

7.4. Experimental Evaluation

7.4.1. Basic Features

As stated above, we consider two different modalities,alifeatures and tag-based features, in
our evaluation. As all proposed models assume a bag-ofsweqtesentation for each modality
as their input data, we need to derive a finite vocabulary &t Imodalities.
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The visual vocabulary is computed as described previously.first detect interest points by
densely sampling the images with a vertical and horizontg size of 10 pixels across an
image pyramid created with a scale factor of 1.2. SIFT dpgms computed over a region of
41 x 41 pixels are then used to describe the grayscale imagenragiaind each interest point
in an orientation-invariant fashion.

Next these 128-dimensional real-valued local image featare quantized into discrete visual
words to derive a finite vocabulary. Quantization of thedesd into visual words is performed

by k-means clustering on thirteen small feature subsets, gadagng 200 clusters, and taking
the cluster centers as our visual words. Merging those Misaeds into one visual vocabulary

results in a vocabulary size of 2600.

We derive a bag-of-words representation for each imagedmaseisual features by mapping the
extracted local features to their closest visual word inhiigh-dimensional space and counting
the occurrences of each visual word per image.

The second modality we consider are tags — the free-texttatimas provided by the authors

of the images. In the following tag denotes a single word and is used interchangeably with
‘word’ and ‘term’. To build a finite tag vocabulary we start bigting all tags associated with

at least one image in our database. Next we filter this lisetplkonly those tags that are used
by a certain number of authors — 30 in our implementation. i#althlly we remove all tags
containing numbers or special characters.

To map singular and plural forms of objects into one singledyove apply a very simple

scheme which pools words that are equal up to the letter thiea¢nd of the word. Note a more
sophisticated approach to building the vocabulary may k&l consider for future work, as
we do not consider any type of translation of the words.

Our final tag vocabulary consists of 2534 words. Having chaise vocabulary we can represent
each image by a word-count vector, i.e., its bag-of-wordslehoThe resulting representation
is in most cases very sparse as users typically only use up teeris to tag an image.

7.4.2. Experimental Setup

We evaluate our approaches on a dataset consisting of 26EJ&kr images. To derive this
dataset we downloaded up to 10,000 images from each of tloavfnfy 29 categoriesaircraft,
beach, bicycle(s), bird(s), boat, bottle(s), buildingsfas), car(s), cat(s), chair(s), city, coast,
cow(s), desert, dining table, dog, forest, horse(s), tvitodis), motorcycle(s), mountain(s),
people, potted plant, sheep, sofa, street(s), table@@(s) The database has not been cleaned
or post-processed. Example images from the dataset carebars€igurd_7ZJ6. Note that the
dataset contains objects as well as scene categories.

To evaluate our simple one-layer fusion approach, we tram 25-topic pLSA models, one
based on visual feature and the second one based on tags. weheoncatenate the topic
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Figure 7.6: Example images from the database used for enpetal evaluation.

vectors of each image to derive a 50-dimensional image septation. The pLSA models are
trained using 500 EM iterations and 50,000 images, and ferring the topic distributions of
all images in the database, 200 iterations are used.

Our examined mm-pLSA model consists of 200 topics for eacHatity in the lowest layer.
Then these 400 topics are fused to 50 topics in the second Wkgescale the tag co-occurrence
table such that the total number of tags for an image is equhkttotal number of visual words
detected in order to give both modalities the same weigltirige image likelihood. The pLSA
models used for initializing the mm-pLSA are each trained 0900 images, whereas the final
mm-pLSA model is optimized with 5,000 images. All pLSA maglate trained using 500 EM
iterations, the mm-pLSA model is trained with 100 iteration

For the mm-pLSA, the only probability distributions comgdtduring inference are the prob-
ability distributionsP(zop|d;) of the top-level topics given the documents. Therefore thke E
algorithm converges faster than during training, and thalmer of iterations can be reduced.
Thus to infer these topic distributions for all images in tl#abase we use 50 iterations.

The three deep-network-based models have the followingtsires: 2600/2534 - 200/200 -
50, 2600/2534 - 200/200 - 200 - 50 and 2600/2534 - 1000/10000/580 - 200/200 - 50.
Thus we obtain a 50-dimensional image description for eapitt We use 25 iterations to
train the various RBMs and 50 iterations to finetune the nwdsing for both a training set of
size 50,000. The multi-class cross-entropy error func(s@e Equatiofi6l7) is applied in the
backpropagation algorithm.

We consider three baseline models: First we compute twapi@-pLSA models, one based
on visual features only and one based on tags only. The pegifure of these models are used
to evaluate whether or not we obtain a boost in our retrieyalusing both modalities. We
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Figure 7.7: Average number of correctly retrieved imagasgudifferent baseline models.

also train a 50-topic pLSA model based on the concatenatgebbaords representations of
both modalities in order to evaluate the fusion performaoiceur models compared to this
straightforward fusion approach.

We evaluate all models in a query-by-example task by useiestias described in the previous
chapters. We select two test images per category resuitiagatal of 58 test images. Those
test images are depicted in Appenfiik A. The L1 distance mmeaswsed to find the 19 most
similar images to each query image. Eight users were thesdaskcount the number of result
images that show content similar to the query. Note that Wy simow the test image, not the
tags associated with that image as those representing thegphpher’s personal view about the
picture’s content. As the query image is counted, too, thesd number of correctly retrieved
images is one and the largest 20. A mean score is calculatezhéin user, i.e., the average
number of correctly retrieved image per query, and the mean all users’ means vyields the
final score of the approach being evaluated.

7.4.3. Results

In our first experiment we compare our three baseline modé&rse results are depicted in
Figure[ZY. It can be seen that retrieval based on tags dotpes retrieval solely based on visual
features. Moreover, simply merging the visual and tag volzadp by concatenating their co-
occurrence tables does not lead to the expected improvampetformance. The performance
of using a large, merged vocabulary is similar to the caseswfguonly visual features. This
may be due to the fact that the average number of detectedl viguds in an image is usually
much larger than the number of tags associated with the irmadé¢hus the trained topics may
tend to represent mainly visual word occurrences.

Summarizing we will use the results obtained by the pLSA rhbdsed on tag features as the
baseline to judge the fusion approaches.

Next, we evaluate the three proposed deep-network-basezhfinodels. The average numbers
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Figure 7.8: Average number of correctly retrieved imagesgudifferent deep-network-based
fusion models.
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Figure 7.9: Average number of correctly retrieved imagesgithe baseline model as well as
the different proposed fusion models.

of correctly retrieved images for the models are shown iufEg..8. Here the deep-network-
based fusion models A and C perform almost equally well aridestorm the model B. This is
surprising as using a linear top layer instead of a binaryiomeoved performance in the case
of one modality (see Sectidn ®.3).

Moreover, we would have expected the model using multiptielénm feature layers for both
modalities, the model C, to outperform the simple model Ae Bmilar performance may be
explained by the fact that we finetuned both model paramet@rg 50 iterations. While the
optimization procedure in the case of model A had almost em®ad, using more iterations in
the case of model C would have most likely further improvearitconstruction error. This can
be explained by the much larger number of parameters in n@dehn in model A.

As compared to fusion model C, model A is trained much fasligeg, to the smaller number of
layers, we will use the results of the deep-network-bass@ifumodel A for the subsequent
comparison of fusion approaches.

Finally we compare the different fusion models, i.e., the Fasion model based on two sepa-
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Figure 7.10: Result obtained by concatenating the separdai@ned topic vectors for each
modality. The top left image shows the query image and theair@ng images show the 19
most relevant images retrieved.

Figure 7.11: Result obtained by the mm-pLSA model. The tdpiteage shows the query
image and the remaining images show the 19 most relevanesagrieved.

rately learned pLSAs, the mm-pLSA and the deep-networlkeddission model A to our best-
performing baseline approach, the pLSA on tag features.r@$idting average scores are de-
picted in Figuré_ZJ9. It can be seen that all proposed fusipmaaches outperform the baseline.
Ouir first fusion algorithm, simply concatenating the topéctors of the two pLSAs, obtained
the highest average retrieval score, followed by both alregsally well performing hierar-
chical approaches. This result is surprising and has tovmsstigated in more detail in future
research work. Part of this behavior may be explained by il shumber of noisy tags per
image and the very diverse set of images belonging to thectisp tag categories. This makes
it potentially very difficult to automatically learn coreglons given the relatively small size of
the training set (5,000 images). Thus training the hieiaathmodel with a larger number of
images, possibly more than 100,000, may lead to much bedtésrmance scores.

However, it should be noted that the fused image represemtadsed on deep networks is faster
to compute than the pLSA-based descriptions due to the deterks’ feed forward structure.
Thus, in cases where very fast inference is needed, one resr phis fusion model over the
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Figure 7.12: Result obtained by the deep-network-basedrfusodel. The top left image
shows the query image and the remaining images show the lirel@gnt images retrieved.

best-performing model based on the concatenated pLSA vegiors.

We show some example retrieval results obtained by our geapéusion models in Figute 7110
to[Z12.

7.5. Summary

In this chapter we have presented work in progress on fusinlgpie modalities for image
retrieval. We focused in our approaches on fusing two mbslinamely visual features and
tags. However, the presented models can be easily exteadaore than two modalities.

All three fusion models started by building a bag-of-wordpresentation for each image and
modality. Our first approach then learned two independe®tfpinodels, one for each modality,

and fused the separate image representations during siyniteeasuring by simply concatenat-

ing the topic vectors from both models. Our second and thioghgsed fusion approach were
hierarchical models, one based on the pLSA, the other basel@ep networks. In both mod-

els a hierarchy of topic/features has been used to derivghalével, low-dimensional image

representation.

We have evaluated our proposed models experimentally arfdunel that all proposed fusion
approaches outperform the baseline approach, i.e., thé& pi&iel on tag features only. Fur-
thermore, our first fusion algorithm, which simply concatia the topic vectors of the two
pLSAs, obtained the highest average retrieval score vietbby both almost equally well per-
forming hierarchical approaches. This surprising resay e due to the relatively small size
of our training set. It has to be examined in more detail infeiresearch work.
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8. Image Ranking

In this chapter we present an approach for finding the mosvaat images, i.e., very repre-
sentative images, in a large web-scale collection to a gipery term. Thus the user enters a
qguery term much as it is done in common text search insteadjoégy image. In the following
we only consider a single term as the query but the extendioanrapproach to more than one
term is straightforward.

We work in a domain with billions of diverse photographs (Begure[8.1), and we assume that
the most representative image is the most likely imageaeltit the query term. This is justified
as the most relevant shots or images are taken frequenthahy different people, and thus they
agree that these are interesting shots. For instancerd #ie many images of th€olden Gate
bridge from a similar angle and under similar lightning conditiomse hypothesize that these
pictures capture a very relevant shot. In essence, peaploting for their favorite images of
the query term by their picture (camera clicks). Moreoverdetermine the most representative
images not only based on the image content but based on rawdtprces of information, i.e.,
the image content as well as several metadata types suchsasitde and time, location, etc.
For instance, if most people agree and tag a shot o€Chlesseunwith Italy and Rome then
we use this common metadata agreement to improve our rele\Gabculation. Note that such
an approach can only work when we have a large collection afjes, all independently taken
by many different people.

In order to determine the most likely image for a given quemnt, we train a probabilistic
model. This model is then used to rank the image highest wdw#ent and its various metadata
types give us the highest probabilities according to thisiehoThe proposed model is trained
in an unsupervised fashion.

In contrast to previous work, we do not consider only a certdass of images such as land-
marks [50] or objectd [10] but we describe a general framkvarall kinds of images such as
objects, places, events, etc. The only category of searaxualade in this preliminary work is
the search for images of a particular person, as we beliévshibuld be solved differently, i.e.,
it may require face recognition techniques because hunrarsoasensitive to faces.

Previously, there have been many approaches that aim tomagjes or text given a query term.
Those that use labeled data about the classes performfickatésin [34]. Other systems use
feedback from user searches and then learn the resultsréhatast likely to be selected [48].
Our approach uses none of this information, just the frequer each type of image. We
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Figure 8.1: Modern image collections are diverse. Thes@énahow examples the range of
images in Flickr labeletutterfly

call this an unsupervised approach. In a real system onetnmigially use an unsupervised
approach and then augment it with supervised data, i.ek dhta, as it becomes available.

There are a number of prior works that address the issue afi§jmcbnic or most representative
images from a collection of photos. One approach builds plgcannecting similar images and
then uses either eigenvector similarify1[47] or spectraki@ring [19] to find the images that
are at the ‘center’ of the graph. Similarity in these appheacis computed on an item-by-item
basis using feature detectors such as SIFT. Another teahiigilds clusters of images and then
uses either intra-cluster similarity [50] or cluster ceids [10] to find the most representative
images. Berg'si[10] work, in particular, extends the cltstgidea by finding images that have
a clear foreground object and thus are more likely to repte'smod’ images. The work by
Hsu performs pseudo-relevance feedback to improve seantting using both cluster-based
similarity [42] and graph-based similarity 143]. Our workkes a more direct approach for
ranking. The earlier works are different approximationstfee model we present here. Both
tightly coupled graphs of photos and image-cluster cet¢r@ire found near the peaks in a
probability distribution.

This chapter is organized as follows: In the next sectionnmduce our model. We evaluate
the proposed approach for the case of two modalities, iigualrcontent and tags. We also
present the feature we use to model those two modalitiessrséttion, too. Implementation
details are given in Sectidn 8.2 and we evaluate our appregatrimentally in Section 8.3.

8.1. Model

As stated in the introduction, we assume that a represeatatiage is the most likely image
related to the query term. We find such images by looking akgé@aa simple probabilistic
model. To train such a model for a given query, we need to sii#tita large set of images that
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may satisfy the query term. These images build the (pogsiggy noisy training set for the
respective query. In our experiments we consider all imalgascontain the query teriin
their associated tags. Of course, this simple approach eamianced by more sophisticated
techniques, e.g., query-expansion.

Next we define the model for images tagged witly

P(dj|t) =P(fl, £7, 13, ... fM[t) (8.1)
wheref J' is thei-th feature that describes the visual content and/or thadatd of image;. To
compute our model we first need to choose appropriate fesatdre., " that accurately reflect
the available images, then we build the model that captiedistribution of the images in this
feature space.

Even in very large collections such as the Flickr reposjtgstting enough data to train a full
model is prohibitive. So in this work we assume that eachufeas statistically independent of
the others and thus the image probability in Equdfioh 8. bimes

P(dj|t) = []P(f]it) (82)

In cases were enough data is available and correlationsebatiwo or more features can be
identified, we get better accuracy by building joint protigbimodels of the related features.
Dividing entire model into smaller submodels and assunmidgpendence between those mod-
els is less restrictive than assuming independence betemenand every (metadata) feature
but less expensive than computing a joint distribution fbofithe cues. Finally, we note that
the choice of features is arbitrary, and one can balancenfbemation in different features or
even feature dimensions by learning a weight per featuregdsion). Thus, the more general
form of the probability model is given by

P(djlt) = [IP(FI]* (8.3)
|
whereP(Fji |t) is a full model of the probability of feature skti.e., assuming the feature set

consists of feature§ to " thenP(Fji t) =P(f], fj”“, ..., fMt), anda; is a weighting factor.
The probabilities of our models can now be learned from @imitng image set for the respective
guery termt. We estimate nonparametric densities for all differentadata cues we chose to

represent our images.

Having computed our models, we define the r&wf an imaged; to be inversely proportional
to the probability of the current imagg given the model for the given tertm

RO1/P(d;|t) (8.4)
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Note that we only need to compute the rank for a prefilteredfdaiages containing the tag and
that the models can be calculated in an unsupervised mavioeeover, they can be computed
off-line and stored, such that at query time they only haveetapplied to the current data.

In our experimental evaluation we consider two differentdadiies, visual features and tag
features. Both types of features are based on feed-forwetwdorks, trained on large sets of
real-world images from Flickr. Such bottom-up systems cot@peatures efficiently which is
important as complicated features do not scale to web-sir@sdts. Note however that any
other metadata type or feature could be used instead of aiditi@n in our model.

We will now describe the features we compute to represerntmages, i.e., visual features from
pixel values and tag features from the images’ associaged ta

8.1.1. Visual Features

To learn locally shift-invariant, sparse representatiagscombine two recently proposed al-
gorithms [78/4B]. Instead we could as well use the visualufes based on topics models as
described in Chaptdd 3, or high-level features derived feoeep network (see Chapfér 6).
However, as we consider web-size datasets in our expemsmefiicient feature computation

becomes important and the feed-forward structure of théenfollowing presented features

computes the visual image representation faster thanetsdiite procedure used for inference
in topic models.

At the core of the model for feature computation is a sparskéngoalgorithm which is ex-
tended to learn locally shift-invariant representations, they are invariant to small distortions.
By stacking the resulting model, i.e., applying the aldoritmultiple times, each time to the
outcome of the previous model, a feature hierarchy congisif multiple layers is produced.
Details of the visual feature computation are given in thiefang.

We start with a feed-forward approximatidn [49] of Olshaused Field’s [/2] sparse coding
model. Given a vectorized input image patch RM Olshausen and Field’s model aims to find
the codeZ € RN that reconstructs the input and is sparse. Therefore thmiiolg cost function
is minimized:

L(1,Z;Wa) = ||l =WaZ[[?+ A 3 12 (8.5)

HereWy is aM x N a matrix that is learned amd € R™ controls the sparsity of the representa-
tion. If N is chosen much smaller thawh we achieve a dimensionality reduction.

Training and especially inference with such a model is vagfficient. Therefore we train a
non-linear regressor to map input patches directly to speodes:

F(1;D,We) = DtanhWel) (8.6)

HereD is a diagonal matrix of coefficients, am is aN x M filter matrix. The aim of the
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Figure 8.2: One stage of the image-coding/decoding pipelithe feature we use to represent
the image is shown in the middle of the pipeline. The trams&dion parameters that represent
the location of the maximum in each window, are passed frodeict decoder because they
represent spatial data we want the representation to igad}e

algorithm is now to make the predictidhn as similar as possible to the optimal cade To
ensure this, a term is added to Equafion 8.5, resulting ifoll@ving objective function which
is minimized during training:

L(1,Z; Wy, D,We) = || —=WgZ|[>+ A Z |Z| +||Z — Dtanh(Wel )| |? (8.7)

The training algorithm alternates between a minimizativar@ and a parameter update step
over (Wq,We, D). Note that the rows of the matri&, can be interpreted as trainable filters that
are applied to the input.

In order to make the code translation invariant over smadkiapneighborhoods we use the
above-mentioned filters convolutionally over the inputgagatch (which is not vectorized and
whose spatial resolution is larger than the support of tter$i) [/8]. Then we take the maximum
across non-overlapping windows as our feature value, tieguhto invariance with respect to
translations within the corresponding window. The recatdton is done convolutionally as
well by first placing the code units in the feature maps atdlsations where the maxima where
determined. Next the resulting feature maps are convohitiuthe reconstruction filters, and
finally summed up to produce the reconstruction of the inpigure[8.2 shows the coder and
decoder.

The learning algorithm is not affected by adding the spatiariance.

As the algorithm does not make any assumptions regardingnghé, such models can be
stacked to produce a feature hierarchy, analogous to the mietvork training scheme de-
scribed in Chaptdr 6 and by Hinton [n]39]. Therefore, theathm is first trained using image
patches. Once we have learned the filter banks, we use thédieeard mapping function to di-
rectly predict sparse and locally shift-invariant codest tire subsequently used to train another
layer. We repeat the same greedy process for multiple layEng results in sparse, locally
shift-invariant features that are produced by a simple-feedard pass through a few stages of
convolution and max-pooling.
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8.1.2. Tag Features

To transform tags associated with an image to high-levegafaatures, we use a bag-of-words
description in combination with a deep network similar te ttmne described in the previous
chapter. The deep network we apply uses multiple, non1lihigllen layers, it was introduced
in [39] and [83]. This deep network computes, similar to theded for pixels from the previous
subsection, a low-dimensional representation from whiehtags associated with an image can
be reconstructed with a small error.

The learning procedure for such a deep model consisting tifpteuhidden feature layers pro-
ceeds in two stages. In the first stage, the pretraining, wepate an initialization based on
restricted Boltzmann machines (RBM) by using one-steprastive divergence [38]. The sec-
ond stage refines the representation by using backpropadatoptimally reconstruct the input
data. We have described the model and its training in det&hiaptefD.

The input vector from tags to such a deep network is a wordtoeector. We first divide each
entry of the respective vector by the total number of tage@ated with the current image.
This creates a discrete probability distribution over théditag vocabulary for each image. To
model the probability distributions in the input layer, waela softmax at the visible units in the
first-level RBM while its hidden units and also all other gniih the deep network are binary.
However the output units at the top level of the network aredr. We use the multi-class cross-
entropy error function to refine the weights and biases irbdekpropagation algorithm.

Once the deep network is trained we derive a low-dimensitedesentation for each of our
images in the semantic space by applying the learned modshdb image in the database
and using its top-level unit values as its low-dimensioregatiption. It should be noted that
the mapping from the word count vector, i.e., the basic tagdation, to a high level semantic
feature only consists of a single matrix multiplication aimpgle squashing function per network
unit.

8.1.3. Density Estimation

Having computed the features for all of the images of a taggeay, i.e., for a specific query
termt, we perform non-parametric density estimation in ordeivaethe probabilitiesP(fji It).
We compute a one-dimensional probability density for ed¢hesfeatures’ dimensions, assum-
ing those are independent. Denoting the set of training kanipr one feature dimension by
x = {xa,...Xp }, the density estimator employs an isotropic keiglx,x') with a fixed widthh,
and the density is computed as:

Kn(X,%) (8.8)
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Figure 8.3: Three examples of density estimation, one tooosm(blue), one too detailed
(green), and one that maximizes the likelihood of the tet ¢tad).

We use a Gaussian kernel:

1\ 2
Kh(X,)() = (27'[]};2)% exp(_ (X2h)2() > (8.9)
To pick the appropriate kernel width we perform 10-fold erealidation. As the goal of the
density estimation is to build a model of the data that adelyaeflects the underlying probabil-
ity distribution, we determine through cross validatidre kernel variance that gives us a model
that best predicts, i.e., that gives the highest probgpftir held-out test data. An example for
the necessity of the kernel width cross validation is shawRigure[8.B.

It should be noted that the probability densities are oftemodal or skewed. The product of
these distributions then forms our simple model for the imbkgelihood as a function of the
image features.

8.2. Implementation

We consider the following 20 tag categoridmaby, beetle butterfly, carnival, chair, christmas

ch tower coast colosseumflower, forest golden gate bridgehighway horse mountain sail-
boat sheep statue of liberty sunsetwedding Note that this list includes objects, landmarks,
scenes, events and places.
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We downloaded nearly 4.8 million public, geotagged Fligkiages, all with one of the tags
listed above. The number of images per category ranged fré693o 683,000.

The weighting factor; is set to 1 in our experiments.

8.2.1. Visual Feature Implementation

In our experiments we use three layers of convolution and-puenting to derive the final fea-
ture representation. Each image is preprocessed by coyérto YUV, down-sampling so
that the longest side is 158 pixels and high-pass filterieg\tthannel to remove changes in
illumination. Finally we zero-pad all image patches to siZ@x 140.

The filter banks of the first two stages have kernels of size99and the max-pooling is per-
formed over 4< 4 and 5x 5 non-overlapping windows at the first and second stageectsply.
At the third stage, no pooling is performed as the filters taygport of size equal to the one
of the second stage feature maps. The number of feature siapsal to 128 at the first stage,
512 at the second stage and 1024 at the third stage. Thus alvifinal image representation
consists of 1024 dimensions.

8.2.2. Tag Feature Implementation

As a training set to build our tag feature we sample a numbenages from all categories and
use this set to train a deep network that can be used to corfgatteres for each image, no
matter which tag category it belongs to.

The first step here is to choose a vocabulary. This is donestindi all tags associated with
at least one training image. Next we filter this list to keefydhose tags that are used by a
certain number of authors/owners — ten in our implemematalditionally we remove all tags
containing numbers. To map singular and plural forms ofabj@to one single word we use a
very simple scheme which pools words that are equal up tcetter I's’ at the end of the word.
Note that a more sophisticated approach to building thebudaay may be useful to consider
for future work, as we also do not consider any type of tramsieof the tags.

Our final vocabulary consists of 3674 words. Having chosenvtitabulary we can represent
each image by a word-count vector. The resulting represents in most cases very sparse as
users typically spend up to 10 words/expressions to tag agem

The trained deep networks consists of three hidden layetsan3674-1000-400-100 architec-
ture. Thus, we obtain a 100-dimensional semantic reprasentfor each image. We used
84,000 images from all categories for training the deep adtw25 iterations for pretraining
each layer, and 50 iterations to optimize the autoencoder.
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8.2.3. Densities

We randomly select 10,000 images per tag category to estithatprobability distributions. If
less than 10,000 image were available we used all of them.edder we only consider one
(randomly chosen) image per owner and tag as we do not wadtethgties biased towards the
images of one photographer. This can easily happen as thegghatographers who upload
thousands of images all associated with one tag and all reilas but not representative of the
tag.

In order to store the estimated non-parametric densitiesuvakiate them at 5000 equally dis-
tributed points between the minimum and maximum featuraejadnd keep the found values.
Normalizing their sum to 1 gives us discrete probabilitiesdach of those points. Thus, when
performing ranking we map each feature to its nearest valtleei current dimension, i.e., per-
forming a kind of quantization, and we directly derive thelmability associated. This ensures
fast computation of image ranks while at the same time séocagsumption is low.

We also implemented a cleaning algorithm to reduce the tsfidfccommon (background) im-

ages in our density calculation. This process removes imtm are not surrounded by other
images of the same class. For each class we perform a naaigkbor calculation using 10,000
in-class and 10,000 background images. We keep an imagerd than 50% of its neighbors

are in the same class. Note that the number of training imiagesme categories is less than
10,000 even before filtering, thus making it harder in thasses to reach the required 50%.

8.2.4. Diversity

When applying our approach the aim is to obtain a set of higillgvant images corresponding
to the current query term. However, at the same time we wantesult set to show diverse
images. More specifically the retrieved images should beallis diverse when showing one
object or scene, for instance, different prominent viewa laindmark under different lighting or
the various appearances of an object with different backgte or in different situations. The
results should also be diverse with respect to their meanmgif we ask fotbeetleimages our
result set needs to contain images showing the animal aswéle car.

To enforce diversity we pick the told result images, denoted (8, of a certain query term
after ranking, then we wish to obtain a setlofliverse images out of those whdre< K. We
apply our diversity approach only to the imagesin i.e., to the tofK results, to ensure that all
images in the set are still highly relevant. The pmages may be chosen by using multiple
features/modalities in the probability model, however, diversification we only consider the
visual representation, i.e., the visual features, of theges.

Our diversification approach is based on the assumptiorvitaally similar images have fea-
ture vectors that are close in many dimensions. As we sterpribbability densities as discrete
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Figure 8.4: Mean scores for the top-15 images over all caiegydor our baseline method
(random), a text-based search engine, and four differemdnta of the unsupervised ranking
algorithm.

distributions, the feature values of similar images wilhbapped to similar or at least very close
values in these discrete densities. Thus, we propose ativieapproach to derive a visually
diverse set of images that selects one result image in eacid imnd subsequently reduces the
mapped probability values corresponding to the selectegiénin the densities afterwards. This
ensures that out of a pool of visually very similar imagey anie is picked.

Our proposed algorithm starts by selecting the most retemaage and setting the respective
probability values in the discrete densities correspandinits value in each feature dimension
to a very small number, 0.000001 in our experiments. Notewkeado not only set the probabil-
ities corresponding exactly to the visual features of thagento a very small value, but we also
include the neighboring values. The neighboring value$are defined as thefeature values
smaller and larger in the discrete distribution. In our ekpents we sep to 5, and we do not
renormalize the densities after each round. Next we re-thekemaining images in the set
S according to their updated probabilities and pick the héglmanked image. The described
process is iterated until we have seledtediverse result images.

It should be noted that there are other approaches for digat®n that could be used, e.g.,
clustering the visual representation of the images, etaemBification approaches have also
been examined il [97].
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\ | Random | Text Search | Unsupervised |

baby 0.52 0.23 0.76
beetle| 0.60 0.83 0.83
butterfly 0.75 0.78 0.88
carnival 0.28 0.43 0.81
chair 0.41 0.39 0.79
christmas| 0.21 0.26 0.67
cn tower 0.46 0.65 0.98
coast 0.27 0.40 0.76
colosseum| 0.77 0.99 0.93
flower 0.77 0.82 0.71
forest 0.12 0.68 0.79
golden gatet  0.56 0.95 0.64
highway 0.10 0.33 0.37
horse| 0.29 0.86 0.72
mountain 0.27 0.61 0.68
sailboat| 0.72 0.59 0.77
sheep| 0.51 0.62 0.79
statue of liberty| 0.42 0.56 0.99
sunset| 0.76 0.63 0.62
wedding| 0.58 0.41 0.58

Table 8.1: Detailed relevance scores for the differentgmates. The winning score for each
category is shown in bold.

8.3. Results

To test our proposed ranking approach for images, we contipatgescribed likelihood models
for each of our 20 categories. We then calculate the prababiffor all of our 4.8 million
images using models built from visual features only as weliredels built using both image
content and text data, i.e., pixel and tag features. We coartha ranking performance of those
models, with and without training data cleaning (see Sa@@.3), to two different baseline
measures: a random set of images from the respective categat images that are ranked
highly by the Flickr search API (which uses text matching).

We evaluate the performance of our approach in a user studfspbiaying the top 15 images
for each of the 20 test categories. Note that we only dispteyimage per author in our results.
Then we ask six test users to judge the result images by @#sgign image that they consider
relevant to the query 1 point, each irrelevant image O pant$ each image that they found
somewhat relevant 0.5 points. We report the mean score @yerand tag over all test users
and result images for each model.

Figure[83 compares the mean scores over all queries offfieeetit approaches. Using visual
features alone gives a better performance than a randorhiseges. Adding tags to the model
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8. Image Ranking

Figure 8.5: Sample results for tlebair query for visual and tag model trained using cleaned
data.

Figure 8.6: Sample results for tiearnival query for visual and tag model trained using cleaned
data.

improves the relevance scores, as does cleaning the mad@hing data sets to remove images
that were common to many categories. Summarizing our appriogproves performance com-
pared to both baselines.

Table[81 summarizes the results as a function of the quaery. tenages of objects with a low
visual diversity, such asolosseunandstatue of libertyare easy. Categories suchaseddingor
highwayare more difficult because of the wide range of images. Meggdingpictures, for ex-
ample, consist of groups of happy people. They were proltakin at weddings, but it is hard
for humans to judge their relevance. Moreover the qualitineges in some categories such
assunsetflower or butterflyis good even for the random approach indicating that a nigjofi
the images tagged with this terms are showing the contentiomexd. Other categories, e.g.,
christmasor forest are much harder because they are less distinct; nevesshele approach
still shows good performance.

Three example results are depicted in Figlirek 8[51o 8.7.Haie the resulting top-16 images
for the categorieghair, carnival andsheep We observe that even for object categories con-

124



8.3. Results

Figure 8.7: Sample results for tisbeepquery for visual and tag model trained using cleaned
data.

0,8

0,75 -
0,7 -
0,65 -
0,6 -
0,55 -
0,5 -
0,45 -
0,4 -
0,35 -
0,3 - ;

visual &tag(cleaned) visual &tag(cleaned+
diversification)

Figure 8.8: Mean scores for the top-15 images over all caegyfor the unsupervised ranking
algorithm using the visual and tag model on cleaned dataowitand with diversification of the
result images.

taining many complicated images such assheepor chair category our approach finds highly
relevant images, all of them showing sheep or chairs, réispc

In our next experiment we compare the mean score per imagtagridr the best-performing
model, which uses visual and tag features and is trainedemnetl data, before and after ap-
plying our diversification algorithm in Figule_8.8. As can ¢®en the diversification does not
reduce the relevance of the search results.

Diversification is especially necessary when looking fordimark images, as here many pho-
tographers shoot visually very similar images from the sperspective. We show the top 16
result images before and after diversification for the quersnscn towerandstatue of liberty

in Figured 8P and8.10. As one can see, the proposed algopitbduces a more diverse result
set. Another example is shown in Figlire 8.11 for the categestle Here our unsupervised
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8. Image Ranking

without diversification with diversification

Figure 8.9: Sample results for tha towerquery for visual and tag model trained using cleaned
data without and with diversification.

without diversification with diversification

Figure 8.10: Sample results for th@mtue of libertyquery for visual and tag model trained using
cleaned data without and with diversification.

approach combined with the diversification successfulcalvers both meanings of the term;
we obtain images of insects as well as cars.

8.4. Summary

In this chapter we have presented an approach to determemgeimelevance and thus to find
images in a large web-scale collection that are very reptatiee to a given query term. Our
approach ranks the images highest whose content and th@uyanetadata types give the
highest probabilities according to a model we learn for tags Our model is learned without
supervision.
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without diversification with diversification

Figure 8.11: Sample results for theetlequery for visual and tag model trained using cleaned
data without and with diversification.

We do not only want a set of highly relevant result images,dbube same time we want our

result set to show visually diverse images. Thus we propatieeasification approach that is

based on the assumption that visually similar images hatare vectors that are close in many
dimensions.

The experimental evaluation showed improved performahtigegproposed approach over the
baseline algorithms.
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9. Conclusion

9.1. Summary

In this thesis we have studied the representation of imageasgdic models in the context of
retrieval on large, real-world databases.

First, we have presented a complete system for query-byygbeaimage retrieval which relies
on a topic-model-based representation. In this system Wesadely on the image content.
Three different basic topic models, the pLSA, LDA and CTMé&een analyzed in detail. It
has been shown that the pLSA and LDA models are more appteghan the CTM to model
the images in a retrieval-by-example scenario. Furthezna@ proposed and evaluated differ-
ent distances measure for similarity judgment, and it wasdiothat a probabilistic measure
combining a topic model and a unigram representation ofaipeed the other measures.

Further, we applied an active learning algorithm to our ¢apiodel-based image description.
Retrieval results were further improved by means of a nokepmmcessing scheme that prunes
the set of candidate images used during active learning.

Next, we evaluated different promising local image feauie., three different feature detec-
tors and descriptors, in combination with the pLSA topic mldd determine their suitability
in scene recognition and image retrieval tasks. It was fahatl the dense grid over several
scales detector performed best in both tasks. The geonidtnicdescriptor performed best
in the scene recognition task, closely followed by the silfilarity descriptor whereas in a
retrieval-by-example scenario on a large-scale datataseSIFT descriptor outperformed the
self-similarity descriptor. We concluded that the appiater choice of descriptor depends on
the database used.

Further, we proposed and explored three topic models fordudifferent types of local features.
The models were evaluated experimentally for the case didusvo different local features,
a color patch feature and the SIFT descriptor, and it was shibat a model that performs
late fusion, i.e., learns two independent topic models, foneeach feature type, and fuses
the representations during similarity measurement aievetrtime, performed best. We also
examined the two local descriptors as well as their comiginawvith respect to the suitability
to model certain image categories. It was shown that retriesults in some categories are
improved by using more than one modality, whereas othegostes are better modeled using
only one feature type.
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9. Conclusion

As topic models have been originally developed in the cdraéiext collections, quantization

of the extracted local image features is necessary to dariliscrete visual vocabulary. We
proposed three extensions to the pLSA which model the vigoedbulary continuously and

thus make this quantization step obsolete. In a scene fitasisin task all three models have
shown superior performance compared to the original pLSAehoNe also evaluated one of
the models, the FSGW-pLSA, in a query-by-example scenariioshowed that it improves the
retrieval results over the discrete pLSA model.

In this thesis we also exploited deep network models fovdegia low-dimensional description
of the image content. Due to their feed-forward structuosémnetworks are, once their parame-
ters have been learned, fast to apply and additionally tffey @ multi-level hierarchical image
content description. Our experiments showed that theaiiexetl performance is comparable to
the performance of various topic models.

In many public repositories, the images are associateddifigrent types of metadata such as
tags, date or camera parameters. Thus retrieval resultslwoasibly be enhanced by integrat-
ing other modalities besides the image content into our fsotiethis thesis we presented work
in progress on fusing multiple modalities for image retaieWVe explored three fusion models
of which two are hierarchical. One of the proposed hieraalhinodels is based on the pLSA,
and the other one is based on deep networks. In our expesmentused visual features and
semantic features based on tags and evaluated both models.

Finally, we proposed an approach to find the most relevangésai.e., very representative
images, in a large web-scale collection given a query terrar @proach ranks the images
highest whose content and their various metadata typeshgveighest probabilities according
to a model we learn for this tag. Our model is trained withayesvision and the experi-

mental evaluations showed improved performance of thegsexb approach over the baseline
algorithms.

0.2. Future Work

We can think of several directions for future research orctaopodel-based image represen-
tations in the context of large scale image retrieval. Atbere are several extensions to the
system analyzed in this work that could further improveiegal results. Some of those are:

e In Chaptefb we showed that an image representation basegepmetworks achieves a
comparable performance to topic models. Moreover deepanksaprovide a multi-level
representation of the image content. This hierarchicalessmtation could be explored
in future work for improving image retrieval.

e The presented approaches on fusing multiple modalitiehap@ ¥ are work in progress.
Thus, in future, these models need to be analyzed in moré.détexperimented with
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fusing visual content and tags, however images in the Ftlekabase are associated with
many other, promising and potentially useful, metadatasydt has to be investigated
which of those are appropriate to improve retrieval and hHosy tcan be integrated into
the existing models.

e The proposed and evaluated image content models in this igoke the geometric re-
lationships among the visual words in images as they stam f& bag-of-visual-words
image description. An improvement in retrieval performaigexpected for future mod-
els that account for such spatial informations.

e As large-scale public image repositories grow daily, twpamant aspects need to be ad-
dressed when developing models in future research. Hiestavel approaches need to
be designed for their use in very large databases. They ndakid into account such fac-
tors as the scalability of training and inference algorihias well as computational and
memory resources. Second, it will be necessary to desigmeralgorithms to continu-
ously (re-)learn the parameters of the proposed image maakethe content of real-world
databases is permanently modified by the constant uploaeletiah of images.

e In our experimental evaluations we use databases comgistinly of object, scene and
landmark categories. On such databases the proposed elpgsdaave shown to perform
well. However, it is not clear how the performance of our eysis affected when search-
ing for abstract themes such lase, anger, successetc. In future works this should be
examined in more detail.

9.3. Related Publications

Parts of the work presented in this thesis have been pullishie following papers:

e E. Horster, M. Slaney, M.A. Ranzato and K. Weinberger. Uesuped Image Ranking.
Workshop on Large-Scale Multimedia Retrieval and Min2@09, to appear.

e R. Lienhart, S. Romberg and E. Horster. Multilayer pLSA foullimodal Image Re-
trieval. In ACM International Conference on Image and Video Retrie@dVR), 2009.
To appear.

e S. Romberg, E. Horster and R. Lienhart. Multimodal Plsa csu#li Features and Tags.
In IEEE International Conference on Multimedia and Expo (ICOMED09. To appear.

e E.Horsterand R. Lienhart. Deep Networks for Image Retliend.arge-Scale Databases.
In ACM International Conference on Multimedia (ACMMMp. 643-646, 2008.

e E. Horster, R. Lienhart and M. Slaney. Continuous Visualaiadary Models for pLSA-
Based Scene Recognition. ACM International Conference on Image and Video Re-
trieval (CIVR) pp. 319-328, 2008.
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e E. Horster, T. Greif, R. Lienhart and M. Slaney. Comparing&ld-eature Descriptors in
pLSA-Based Image Models. 1BOth Annual Symposium of the German Association for
Pattern Recognition (DAGMR008.

e E. Horster, R. Lienhart and M. Slaney. Image Retrieval ogegBcale Image Databases.
In ACM International Conference on Image and Video Retrie@#WR), pp. 17-24, 2007.

e E. Horster and R. Lienhart. Fusing Local Image Descriptord_firge-Scale Image Re-
trieval. InIEEE Computer Vision and Pattern Recognition (Internagilo/orkshop on
Semantic Learning Applications in Multimedi@2007.

132



A. Test Images
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Figure A.1: Testimages used for the experimental evalnaticChapter 3, 4, 5 and 6.
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Figure A.2: Test images used for the experimental evalnatid€Chapter 7.
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B. Derivation of the EM Algorithm for the
Continuous Vocabulary Models

B.1. pLSA with Shared Gaussian Words (SGW-pLSA)

The probability of a feature descriptdy in imaged; according to the SGW-pLSA is:

P(fjd) Z szl—md P(gj = Kizj = h) - P(fj|gj = k) - P(ch) (B.1)
where
P(fjlgj = k) = N(fj |1 k) (B.2)

H denotes the number of topids,is the number of shared Gaussians in the modeNaehotes
the Normal distribution.
The likelihood of the database (given all observations madependent) is then given by:

M N

L:iUDP(f,-,di) (B.3)

N; denotes the number of visual features detected in irdagedM is the number of images in
the database.
For the log-likelihood of the database we derive:

M N

H K
=3 3 log [z 3 [P(z = hich) - Plg; =kiz = h) - P(dh)- (T 1. 2] (B.4)
=1 h=1k=1
Due to the sum inside the logarithm direct maximization ffialilt. Thus we use the iterative

Expectation Maximization (EM) algorithm.
We introduce following indicator variables:

ACun — 1 ifthe pair @, f;) was generated by theth concept and Gaussian mixtike
") 0 otherwise

(B.5)
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B. Derivation of the EM Algorithm for the Continuous Vocabauf Models

for which we assume that they can be observed.
The data likelihood for the completely observable datalisddhe complete data likelihodd®™P
and is given by:

M N
Lcomp_ P(f;,di,AC) (B.6)
[[1Pcfd
with:
Ac :(AC117 ,ACtH , ...ACKH ) (B.7)

P(fj,di,Ac) = I'II'I (2 = hldi) - P(gj = Kzj = h) - P(ch) - N(f i Z0)]** (B.8)

For the complete log data likelihood we obtain:

M N

comp— ZI A lkz ACkh|Og[ (ZJ = h‘di) . P(gj = k’Zj = h) . P(di) . N( fj “,lk,zk)] (B.g)
J =

Denoting theh-th topic byZ", i.e., z=h, and th&-th Gaussian component loff, the expectation
of the indicator variables is derived as follows:

P f',di,AC
P(Ac| fj, i) :(P(JTdi)) (B.10)
MR i [PEId) P P -NC e Z0]™
Y he1 Y1 P(2'dh) - P(dh) - P(gk|Z") - N(fj |, Zk) '

E(ACkh|fj,di):P(ACkh:1|fj, ) +P(ACkh:O|fj,di)-0 (B.12)
=P(Ackn = 1 fj, -) (B.13)
_ P(2|dh) - P(d) - P(g¥|2") - N(f; |, Zx) (B.14)

Sh 1ZEZhl P(Z"di)- Zhdu) P(g¥Z") - N(fj ik, Zx)

(2']dh) - P(0|2") - N(j] i, Zx)

TS5, P >P<gk\zh>J-N<fjruk,zk> (B:15)
=B (B.16)

The calculation oBEh is the E-step of our EM algorithm.
To derive the M-step equations we need to maxinkizE°™P):

M N H K
E(I%MF) = ZI Z hlog[P(zj = hidh) - P(g; = iz = h) - P(dh) - N(fj| . Z)]  (B.17)
th k=1

M N

.ZZth kZB&’hlog[ (Z1d)-P(g[2) - P(d:) - N(fy i Z) 8.19)
i=1] 1 K=1

(B.19)
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B.1. pLSA with Shared Gaussian Words (SGW-pLSA)

with respect to the constraints:

M
3 Pld) -

P(Zd)=1 i=1,...M

T

P(g¢Z") =1 h=1,..,H

Mx

k=1

We introduce the Lagrange multiplidr, 7;, on:

<

N H K
=32, 2,2 Baloa [P(1d)-P(e) - P(g2)-N(f e Zo]

A1- ZLP (dh)) +er.

Next we maximize- with respect to the following parameters:

fm +Z%1 Zpgw

B4 =P(2'|ch)
8, =P(dh)
O » =P(92")
O =Hx
B, =2k

With those parameters we obtain:

M N H K
33 zkz 110G | B B, - O - N(Ty Oy, B, |
M
Z +ZT| (1- Zezh‘dl z z klzh
etting the partial derivatives to zero gives:
Setting th | derivafi :
rer_ LSS 5 g fi h=1..H; k=1,..K
Hy _pk' kh™ ') — byt = Ly
i=1]=1h=1
gl s ifs&’g- 1) T
pki;1:1h:1
1 M N H 2
(= —(uhe h=1,..H; k=1,...K
P ,Z Z B (")

(B.20)

(B.21)

(B.22)

(B.23)

(B.24)
(B.25)
(B.26)
(B.27)
(B.28)

(B.29)

(B.30)

(B.31)

(B.32)
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where

For the other parameters we obtain:

N; K ij
oF =12 k= '
_2i=12k-1 =0 h=1..H; i=1..M

00pq  00nyg
oF _ZEzlzlj\lizlzﬁzlﬂlyh_)\_o 1M
965 064 =0 i=L..M

oF _ Zile le\lizl B|I<Jh
0O 08

—ay=0 h=1,.H; k=1,..K

Solving for the desired parameters gives:

N K ij
Y1 2ke1Pn
Tj

B4 =P(Z"d}) h=1..H; i=1..M
H N; K ij
04, :P(di):z“—lz“/\lz“—l =1, M
M N pil
O :P(gk\zh):%l—lﬁk" h=1,..H; k=1,..K
h

(B.33)

(B.34)

(B.35)

(B.36)

(B.37)

(B.38)

(B.39)

Taking the normalization constraints into account, we adwesfor the Lagrange multiplier:

z

=~
I
Mz
M=
22

7l
MR
Il
R
)
Z
MR

P

>
I
o
IM=
2 IMx=
%
M =
X2

=z

Q
>
Il
il
=
Il
0
fat
=
Wiy
=

The remaining M-step equations are:
Ni oK pi
P(Zh’di)newz szleZk:lKBkh : h=1..H;i=1...M

2h=12j=12k=1Pxh
N -

_2j= i1 B

N;
H <N <K pii
P(ch)mev — She12 o1 Yk-1Bh

= 5 _
PANEHIED PR PIY < 3
Ni .
= i=1,..,M;
diNi

h=1
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B.2. pLSA with Gaussian Mixtures (GM-pLSA)

M N ij
P(gt|2)e = IEPISLY - h=1..H; k=1_.K (B.47)
PP 12 1Bih

B.2. pLSA with Gaussian Mixtures (GM-pLSA)

The probability of a wordf; in imaged; according to the GM-pLSA is:

H
P(fj,di) = 5 P(z; = hldi)-P(fj|z; = h)-P(di) (B.48)
h=1
where
J‘ZJ = h Z P = k‘Zj = h) . N( fj \ukh,zkh) (B.49)

H denotes the number of topics in the mode€lis the number of Gaussians used to model one
topic andN denotes the Normal distribution.
The likelihood of the database (given all observations radependent) is then given by:

M N

L= P(f:,d; B.50
i|:L|:|1 (fj,di) (B.50)

HereN; denotes the number of visual features detected in imagdM is the number of images
in the database.
For the log likelihood of the database we derive:

<

H

Z (zj=h|d)-P(d)- z P(gi" =klz;=h)- N(fj“lkh,zkh)] (B.51)

H K Z—h
Iog 3> 3 P@ =hid)-P(@)-P(@ ™" =Kz, =) -N(fi o Z) | (852)
Due to the sum inside the logarithm direct maximization ffialilt. Thus we use the iterative

Expectation Maximization (EM) algorithm.
We introduce the following indicator variables:

AG — 1 ifthe pair (f;,d;) was generated by theth concept and itk-th Gaussian mixture
71 0 otherwise

(B.53)

for which we assume that they can be observed.
The data likelihood for the completely observable data dteadahe complete data likeli-
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hoodL®™Pand is given by:

M N
LeompP— rl I_I P( fj,di,ACkh) (B.54)
where
Ac :(AC:L]_, AC:LH7 ACKH) (855)
Zj:h Dy
P(f;, i, Ac) = |‘| |‘| [P(z; = hich)-P(dh) -P(G] " = Klzj = h) - N(fy [n T (B.56)

For the complete log data likelihood we obtain:

M N H K -
=3 533 Bualog [P(z = hid:) - P(ch) - P(G] ™" = Kizj = h) - N( ;| acn, Zew)|
i=1]=1h=1k=

(B.57)
Denoting theh-th topic byZ", i.e.,z= h, and introducing the notation, for the probability

of the k-th Gaussian component associated with the tbpice., i, = P(¢7" = k|z= h), the
expectation of the indicator variables is derived as foliow

P(f' di AC)
P(Ac|f;,dj) =— 11—~ B.58
( | | |) P(fj7dl) ( )
A
R M [P ch) - P(dh) - T NCFj | ik, Zan)] ™ (B.59)
Shi1 Y 1 P(2'|dh) - P(dh) - i N( | ich, Zin)
E(ACkh‘ fj,di) :P(ACkh = 1’ fj,di) 1+ P(ACkh = 0’ fj,di) -0 (B.60)
:P(ACkh = 1’ fj,di) (B-Gl)
P(Z']d:) - P(dh) - Tin- N(F cn, Zir) ©.62)
TS S P@ ) - P(dh) - TR~ N(Fj [ Hicns Zin)
~ P(2dh) - Tn- N(Fj| e, Zin) (B.63)
3h P(2[di) - T N(fj| tichs Zcn) '
Sho1Yiet i) - Tin - N(fj| Uih, Zkn
- |th (B.64)
The calculation oB,i(jh is the E-step of our EM algorithm.
To derive the M-step equations we need to maxintzE°™P):
M N H K N 7 —h
E(I°MP) = Bihlog |P(z; = hid) - P(dh) - P(gf' " = K|z = h) -N(f tkn, Za)
i=1[=1h=1Kk=1
(B.65)
M N H K .
=3 5 3 Y Bhlog [Pd) - P(ch) - Tl N( | en, 2| (8.66)
i=1j=1h=1k=1
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with respect to the constraints:

M
3 Pld) -

ip(zh\di) =1 i=1..,M

K
Y n=1 h=1,..H

We introduce the Lagrange multiplidr, 7;, on:

32

H K
> 5 3 Biblog [P -P(e) N4k T
M

H K
AA1-SPA)+5S 1 zh\d)) h1—S Tin)
2 P+ 3 RAPRL
Next we maximize- with respect to the following parameters:
B4 =P(2'|dh)
B, =P(di)
GTkh =Tkn
eﬂkh =Hikh
G5, =2Zkh

With align parameters we obtain:

<

Og [ezh\d. edl eﬂkh (fi lel—lkm ezkh)]

HMX

N H

Y20
H H K

A(l— _;edi) +_;Ti(l— hzlezhdi) + Z an(1— kzlemh)

Setting the partial derivatives to zero gives:

I h=1.. H: k=1..K
kh _p EZB T ey ) )
neW 1 v newy T

o ZZB Hen')

M N
(pchZB )—(ul?ﬁw)z h=1,..H; k=1,..,K

(B.67)

(B.68)

(B.69)

(B.70)

(B.71)
(B.72)
(B.73)
(B.74)
(B.75)

(B.76)

(B.77)

(B.78)

(B.79)
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where

M N

Pkh = Zi > B,
i=1j=1
For the other parameters we obtain:

N; K ij
oF =1 2k= '
_ZJflzk 1Bkh_-[i:0 h:l,,H, =1..M

092h‘di - 092h‘di
oF _Zﬁzlsz‘:lZE:l lI<Jh_A 0 i=1._.M
09di N 09di B -7 ’ ’
M_sN gil
oF :2'2121213"“_0{,1:0 h=1,..H; k=1,..K
aemh aemh

Solving for the desired parameters gives:

Ni K ij
92h|di:P(Zh|di):M h=1,..H; i=1..M
|
H N; K ij
85 —P(d) — zh—lzj_):\LZk—lpkh i—1.M:
M N gl
D1 DY L A TR

Oh

(B.80)

(B.81)

(B.82)

(B.83)

(B.84)

(B.85)

(B.86)

Taking the normalization constraints into account, we adwesfor the Lagrange multiplier:
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The remaining M-step equations are:

Ni ij
P(Z'|d;)"eW = HZJ‘lN_ZE‘lKB"Jh - h=1..H;i=1..M
Yh=12j=12k=1Pxh
3B
N;
pow__ IhaZLi TRl
PIEDILED P Y 53

=1..M,;

h=1,...H; i=1..M

P(d;
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(B.88)

(B.89)

(B.90)

(B.91)

(B.92)

(B.93)



B.2. pLSA with Gaussian Mixtures (GM-pLSA)

M N pil
e _ 2212 1P _ h=1,.,H; k=1,...K (B.94)

SKayMYI B
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C. Derivation of the EM Algorithm for the
Multi-Model PLSA Model

The probability of a visual wordss, j in imaged; according to the mm-pLSA is:

L K
P(wyj,di) = > % P(di)P(zopj = 110i)P(2,j = K|zzopj = 1)P(Wyj|2,j = K) (C.1
I=K=1
wherelL is the total number of top-level concepts dbdhe total number of visual topics.
The probability of a tagy,; associated with image according to the mm-pLSA is:

p
P(w,j,d Z P(zopj = 11di)P(z,j = Plzopj = 1)P(W j|z,j = P) (C.2)

HMI—

whereP denotes the total number of tag topics.
The likelihood of the database consisting of observed pdipsth kinds (given all observations
are independent) is then given by:

M [N N
L= iI] [nl;ll P(Wv,m, di ) r!:llP(WLn, di)] (C.3)

whereNY andN! denote the number of visual words and tags respectivelyriagé consists of,
i.e., we assume that an imagedjscan be written asy = {W'w'} = {Wy, . Wy, Wy, .. Wy}
For the log-likelihood of the database we derive:
M [N N!
I :ZI Z log P(Wym, di + Z log P(wt,n,di)] (C.4)
i= —
N-V

2
Rk

Nt
i

Sl

K
Z P(zopj = l|di)P(2,j = KZopj = 1)P(Wym|2,j = k)]
k=1

HM'U .‘LM"

P(zop,j = [di)P(z,j = plzopj =)P(Win|z,j = p)] } (C.5)

Due to the sum inside the logarithm direct maximization fiialilt. Thus we use the iterative
Expectation Maximization (EM) algorithm.
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C. Derivation of the EM Algorithm for the Multi-Model PLSA Miel

We introduce the following indicator variables:

1 if the pair(w,m,d;) was generated by tHeth top-level topic
Ack = and thek-th visual topic (C.6)

0 otherwise

1 if the pair(w n,di) was generated by tHeth top-level topic
Adp = and thep-th tag topic (C.7)

0 otherwise

for which we assume that they can be observed.

The data likelihood for the completely observable datalledahe complete data likelihoddo™P!
and is given by:

;oM NV N
[ compl _ il:l (nl;ll P(Wv,ma di,Ac) nljllp(wm,di,Ad)) (C.89)
with
Ac = (Acyy, ..., ACiK, ..., ACLK) (C.9
Ad = (Adus, ..., Ak, ... Ad ) (C.10)
P (W, . AC) = .ﬁ kﬁ[P(di)P(aop,j )Pz, = Klzop = )P(Wom(z) = KJ*% (C.11)
L P

P, 4d) = [ [ [P(e)P(zopj =11d)P(z.; = Plzop; =)P(Wealz; = Pl (C.12)
= p:l

For the complete log data likelihood we obtain:

M N M N
compl 21 IOgP(me7d|7AC)+_;le()gp(wt,nvdnAd) (C.13)

M N

=5 5 zAclklogP 6)P(zop] = 16h)P(j = Klzopj = 1)P(Wym|2j = K
m=11=1k=1
M N L P
ZZ 2121 diplogP(dh)P(zopj = 1/d)P(z,j = Plziop,j = )P(Wen|z,j = P)

n=1l1=1p=

(C.14)

Denoting thel-th top-level topic byz{op, i.e., Zop = |, thek-th visual topic by, i.e.,z, =k,
and thep-th tag topic byz’, i.e.,z = p, the expectation of the indicator variables is derived as
follows:
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Ac:

P(Aclwym, di) = P (W ) (C.15)
L K
1, [P()P@opld: ) P(Z|Zop)P(Wom|Z5)] ™
|— k=1
< (C.16)
Izlkz P(d z{op|dl (Zb|2{op)P(Wv,m|Z\5)
E(Acik|wym, d) = P(Acik = 1[Wym, di) - 1+ P(Ack = O|wym,d;) -0 (C.17)
= P(AC|k = 1‘Wv,m7di) -1 (C.18)
_ Z{op|di)P(Z\5|Z{op)P(W\4m|zt;) (C.19)
IZ Z P(d z{op|dl (25|Z{op)P(Wv,m|z5)
(C.20)
Ad:
P(Ad Wt ) = % (.21
' P[P p
E(AdipWen, o) = Z{op|dl)P(zt |Z{op)P(Wt,n|zt ) (C.22)
é Z P(di)P Z{op|d th|2{op)P(Wt,n|th)
(C.23)

Assuming we havé\V and different words in our visual vocabulary and denotinthwi, the
r-th words of this vocabulary, we see thagit f if w,g =W, = w, thenE(Ack|wyg,d) =
E(Acik|wyt,di), i.e., if a word from the visual vocabulary appears twicerfmre) in an image
the associated expectations of the indicator variablé W,m, d;) are equal. The same holds
for E(Adip|w n,di). Thus we only need to calculate the expectation of the inoliczariables
once for each word in the respective vocabularies for eachrdentd;:

E(Aclk’\/\/{ndi): - Kdi Z{op|di)P(z\5|Z{op)P(W|z\5) (C.24)
2 g )P(Zoplch)P(Z|Zop) P(WE )
= ci. (C.25)
0P (Z |0 P(Z|Z o p) P(W
(Adip|wf,di) = — F;( (Zoplch (2 120p P(WIZ) (C.26)
IZ Z P(d z{op|dl (z |Z{op Wn|Z[)
=djp (C.27)

The calculation ot andd|] is the E-step of our EM algorithm.
To derive the M-step equations we need to maxinkizkomp). Therefore we express the log-
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C. Derivation of the EM Algorithm for the Multi-Model PLSA Miel

likelihood | of the database in terms of the co-occurrence tables’ entrie

:Z[Zn di)logP vvm,di)+NZtn(vv{‘,di)IogP(vv{‘,di)
n=1

and derive:

M NY

L K
E(Icomp):_z1 . ZKZ IOg )P(iop‘di)P(Zb’#op)P(

M Nt

L P
+-Z\ Zln(W?,di)IZ Z |09 )P(#op|di (z |Z{0p

E(lcompi) is maximized with respect to the following constraints:

K p
kzlp(zbliop)"" zlP(thMOp) =11=1..,L
= =
NZ_VlF’(W’“Iij) =1 k=1,...K
Nl
> Pw|z)=1 p=1,..,P
n=1

We introduce the Lagrange multipliers: A;, T, 0p, &

M N L K _ _
F=3 3 3 3 nw.ch) cf 1og [P(d)P(oplch (2 Zop) P
B M Nt_ B P
+2,2,2 Yo d)dp Iog[ (6)P(Zoplch) P2 |Zop) P(W]12) |

L
ra@ _i a) + Zf 5 Pldogd)
+ 31 3 P - pz o
+ka NZ (W1Z) -+ zép z (W1z))

Now we maximize F with respect to the parameters:
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(w'l2)]

wilZ)|

(C.28)

(C.29)

(C.30)

(C.31)

(C.32)

(C.33)

(C.34)

(C.35)

(C.36)



’92'[0p|d. _P(Z{op|di)
’925|z'mp P(iﬂ#op)
192(p|z|mp P(th‘ Op)
Bugpizs =P(WJ'IZ))
"9\/\/'“\2( (W?’th)
Setting the partial derivatives to zero gives:
N L K ) Nt
> 3 3w d)gy 2 Z Z n(w{",di)dj
OF  nEusucs e C4—0
09y - I, 4 -
i=1.M
NY Nt P W g\
Im n ,di
oF mélkg (W, )i nzlpzl (wf’, b )i o
094, olc D opld 940./d
i=1.MIl=1.L
M NY 0 gy
IF Izmgln( Vs ,)C|k
99 9 —a=0
Z5|z|top z\‘ﬂziop
k=1.K,I=1.L
>3 wi,dj)din
IF Iilng n(w{, |)
9 = —§=0
d z(p|z|top Z(|Z|top
p:l Pl=1.L
Im
IE IZ“Z n(W{Padl)qk o
0Dz Sup ‘
m=1.Nk=1.K
n(w, d; d
JF IZIIZ ( T ) s —0
0Dupizp Swpizp P

m=1.N,p=1.P

Solving for the desired parameter gives:

9q =P

N L K

3 3 3w

m=1=1k=1

Nt

P
)G+ 3 5 5 )y

n=1=

(d) =

a

(C.37)
(C.38)
(C.39)

(C.40)
(C.41)

(C.42)

(C.43)

(C.44)

(C.45)

(C.46)

(C.47)

(C.48)
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C. Derivation of the EM Algorithm for the Multi-Model PLSA Miel

i=1,...M
NV K
3 3 n(wd )Ci’ll‘+n2 pZ n(w{', c)di
_ opj 4.\ _ /"= —P=
95,0 =P@"Id) = A (C.49)
i=1,...M I=1,.,L
M NV X
_ n(w{, di) i
Doy, —P&IZT) = =12 (C.50)

k=1,...,K I=1,..L

M Nt

. IZanln(WRd dip
9idos =P(2,|3°") = ; (C.51)
p=1..,P I=1,..L
M L .
3y n(wg,di)eR
gy =P(Wh|2) = == - (C.52)
k

m=1..N k=1..K

M L
2 zn(w{‘,d)d

i=1l=
)= 5 (C.53)

m=1..,N p=1..P

19\,\,{1‘2{3 :P(\Ntn’th

Taking the normalization constraints into account we cdvesior the Lagrange multiplier:

M AN LK NCLOP
asz( Z Cir'PJ“ZZZ (W, di)dl ) (C.54)
= m=11=1k=1 ol Y]
L NV K NP
=Z<Zan’“dc +ZZ” d ) (C.55)
=A== &b
N ML o
- v a)eic C.56
* nZli;IZ]_n( )i (C.56)
NE M L _
% :n;i;l;nw’ )y (C.57)
K M NY P M N
° :kZﬂ;m:ln( dl C p_llziz n vadl dlp (C.58)
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Thus we derive the following M-step equations:

NY P

2 Z Zn( 0GR + Z Z Zn(W{‘,d)d

m=11=1k=1 n=1=1p=1

M [N L K Nt
2 (Z S 3 n(wid)aR+ 3 Z Zn(vv{‘,d,)d )

i=1 \ m=1=1k=1 n=1l=1p=

p(di)new:

3 SR+ s 3 o ad
P(qtop|di)newz 1p=1

L NV K
> (z > n(wW,di)ciy + z 3 n(vv{‘,d.)d'B>
I=1 \ m=1k=1 n=1p=1
M NV .
> > n(w{di)oy!
P(ZkV|Z:Op)new_ — i=1lm=1

33 3w df+ g g g n(wf’, )3
M Nt
3 3 niwg.d)dy

Pzl = S

K M N

M Nt
él.z )G+ 3 3 5 k)

z z n(W{, di)cim
i= 1I 1

V

2 Z Z n(wiy, di ey’

m=1i=11=1

M .

3 3 (o )l

(\Nt ’Zt )neW Nt

M L
2.2 Zn(Wt",d)d

n=1li=

P (W)™ =

The expression foP(d;) in Eq. (C59) can be further simplified:

P(di)P(Z{op’di)P(z\ﬂziop)P(W{/n’Z\lj)

NV NV

L K ) L K
> > ynWwgida =5 3 5 nwd)

“lé Fr5é I_ﬁlélpmi>P<40p|di>P<zs|zéop>P<wwzs>

. 5 3 P(G)P(Zopldh) P(Z]20p) POWIIZ)
=1 3 3 PP (opld ) P(2op) PO

(C.59)

(C.60)

(C.61)

(C.62)

(C.63)

(C.64)

(C.65)

(C.66)

(C.67)

(C.68)
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Thus we get

NY Nt
3 n(ufl.c)+ 3 n(w)

P(di)neW: M NV Nt (C69)
5 (5 o)+ 5 i)
i=1 \m=1 n=1
\Y; t
_ MNi N (C.70)
S NY+N!

=1
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