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Abstract

The World Wide Web has become a common-place for finding for all kinds of purposes. The
amount of data which one user can be dealing with has become large and its size is countinuously
growing. The relevant data for users have not only become large, but also diverse. Hence, searching
relevant information from such large and diverse resources is a critical task. However, users can
not always formulate appropriate queries for finding the desired resources. In order to retrieve
relevant information, the semantic relationships of the information in different modalities would
need to be known and specified.

This thesis approaches the multimodal cross-domain semantic retrieval and fusion problem from
the point of view of content-based visual analysis and statistical natural language analysis. It also
aims at using cross-domain textual semantics to generate pseudo tags for images to improve the
performance of the information retrieval task. The main focus of the thesis is in bridging the
semantic gap between textual and visual content domains.

In order to combine and project the unimodal information to multimodal space, two approaches
are used: one is the Multimodal Deep Boltzmann Machine (DBM) and the other is the late fusion
of unimodal Support Vector Machines (SVM). One problem of the non-linear SVM approach is its
high calculation cost. In this dissertation, the homogeneous kernel map method is used to improve
the efficiency of SVM. In our experiments, we adopted deep convolutional neural network features,
particularly GoogLeNet features, and the retrieval results of the SVM-based approaches improved
to be nearly equal to those of the Multimodal DBM approch.

One drawback of the multimodal information retrieval task is the requirement to be able to perform
queries in each unimodal domain. In our experiments, if the query for image domain is
missing or not appropriate, the approach is just the same as ordinal text search.
Additionally, the image contents and its textual description do not always match. In order
to improve the multimodal information retrieval, the method of pseudo tag generation is proposed
in this thesis. The generation of pseudo tags is based on a text—image semantic map, which is
calculated by the cooccurrence of latent topics in text and visual concepts in text—image data. In
the experiments, the multimodal information retrieval results were considerably improved by using
the pseudo tags.
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Abstract

The World Wide Web has become a common-place for finding information
for all kinds of purposes. The amount of data which one user can be deal-
ing with has become large and its size is countinuously growing. The rel-
evant data for users have not only become large, but also diverse. Hence,
searching relevant information from such large and diverse resources is a
critical task. However, users can not always formulate appropriate queries
for finding the desired resources. In order to retrieve relevant information,
the semantic relationships of the information in different modalities would
need to be known and specified.

This thesis approaches the multimodal cross-domain semantic retrieval
and fusion problem from the point of view of content-based visual analysis
and statistical natural language analysis. It also aims at using cross-
domain textual semantics to generate pseudo tags for images to improve
the performance of the information retrieval task. The main focus of the
thesis is in bridging the semantic gap between textual and visual content
domains.

In order to combine and project the unimodal information to multimodal
space, two approaches are used: one is the Multimodal Deep Boltzmann
Machine (DBM) and the other is the late fusion of unimodal Support Vector
Machines (SVM). One problem of the non-linear SVM approach is its high
calculation cost. In this dissertation, the homogeneous kernel map method
is used to improve the efficiency of SVM. In our experiments, we adopted
deep convolutional neural network features, particularly GoogLeNet fea-
tures, and the retrieval results of the SVM-based approaches improved to
be nearly equal to those of the Multimodal DBM approch.

One drawback of the multimodal information retrieval task is the re-
quirement to be able to perform queries in each unimodal domain. In
our experiments, if the query for image domain is missing or not appro-
priate, the approach is just the same as ordinal text search. Addition-
ally, the image contents and its textual description do not always match.
In order to improve the multimodal information retrieval, the method of
pseudo tag generation is proposed in this thesis. The generation of pseudo
tags is based on a text—-image semantic map, which is calculated by the co-
occurrence of latent topics in text and visual concepts in text—image data.
In the experiments, the multimodal information retrieval results were con-

siderably improved by using the pseudo tags.
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1. Introduction

1.1 Background of Thesis

The internet has become an indispensable part of our daily life, the amount
of information contained in it is extremely large and the contents of the
information is excessively diverse. For example, the size of Google’s in-
dex is at least 45 billion web pages, but in 2020, the size is more than 64
billion web pages [117]. Moreover, the amount of information on the web
is continuously growing fast. In Twitter, only 5,000 tweets were sent per
day in 2007, but the pace has increased to over 350,000 tweets sent per
minute, 500 million tweets per day and around 200 billion tweets per year
[70]. Because of such a huge amount of data, it is a very hard task for a
regular internet user to find the required information. Also the personal
data stored in computers and mobile devices, such as photo images and
text documents, has become large.

Searching the demanded information from such enormus data on the
web, general purpose search engines, such as Google, have had a central
role. Because the contents or the metadata on the web are mostly based
on text, the search engines utilize text-based keyword search as the main
search technique. That is, the user needs to know the words which are
related to the current information demand. If the user does not have any
related text information to describe his demand, it is difficult to use most
of the current search engines efficiently. For instance, if the user has non-
textual information, such as pictures, music clips, videos, etc., but he does
not know any textual information or metadata about it, and then wants to
search and know the details of it, it is hard to find appropriate information
by using only text-based search engines.

There exist several solutions to improve the quality of textual search

23



Introduction

[78, 119, 108], such as tagging the information resources with appropri-
ate labels. The user tagging is the most popular approach and it is used
in many areas and applications [21, 39, 121]. However, it is a very hard
task because tagging huge amounts of information by human effort is ex-
tremely demanding and time consuming. In addition, there are always
semantical differences between the users, modalities, and tags. Each user
has a different background, and hence, the users’ taggings are not based
on common definitions and experiences. For example, one person may up-
load a picture of his friend to a social network service with a tag "Steve". If
the user uploaded to a small database and all "Steve" in it are his friend,
there are no problem to have the tag "Steve". However, if user uploaded to
a large database such as the internet, there will be many "Steve" tagged
pictures. In general, the famous "Steve" pictures such as "Steve Jobs" or
"Steve McQueen" are uploaded more. Therefore, his friend’s picture would
hardly be retrieved and even if it were retrieved, his picture is not appro-
priate information for the majority of searches. Because words which have
multiple meanings can be used as tags, like in this case, it is possible that
the tags mislead rather than improve the search results. The tagging is
usually done by the owner of the contents or by majority voting which
assigns the most voted tags. In either case, the user’s demanded informa-
tion and tagged information are not always matched. This is because of
the semantic difference or gap between different modalities.

One possible approach to solve the misunderstanding of the meaning is
to gather the information of the targets from many different modalities
[116, 105, 9]. Multimodal search methods combine different search meth-
ods to find the appropriate information from multiple domain resources.
Some applications have been implemented. For example, Google image
search [36] can find images with a text and an image as the query in-
puts. MMRetrieval [125] allows to search multimodal information with
multimedia and multilingual queries. In a specific domain, such as in the
medical field, multimodal information retrieval approaches have been re-
searched for supporting the domain-specific decisions [86, 24]. In Aalto
University, research on visual contents of multimedia resources has been
done by developing the PicSOM visual system for statistical media and
text analysis [64].

However, if one wants to know the appropriate text query for finding
multimedia resources, this task cannot be completely solved due to the

semantic gap [89] between the different modalities. In the case of textual
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and visual information content fusion, the semantic gap is most problem-
atic. The semantic gap means that a target object has meaning differences
between different modality representations.

For example, images maybe indexed by only color information and the
metadata by only the objects in the image. Therefore, it is important to
have semantical relationships between image features and text features.

The extraction of semantics of the visual content is more difficult than
that of textual search, because the visual and textual analyses are dealing
with different semantic levels. In the textual domain, a word is usually
the lowest level entity for the analysis. The word itself can have one or
more meanings. On the other hand, low-level features in visual analysis
do not have semantics themselves. In order to associate visual contents
with textual information, we need to cluster and define the lowest level
of visual information to semantically meaningful high-level features first.
Hence, high-level visual features, unlike textual words, are ambiguous.
For instance, finding semantics of "car" from text only requires that a
word "car" and its synonyms should be found, but finding semantics from
images requires to find visual features which are visually similar to "car".
In order to achieve such a high-level semantic representation, it is com-
mon to use machine learning algorithms to learn and infer the seman-
tics from the visual data. The semantic differences between the modali-
ties make the multimodal information retrieval task very hard. However,
there also exists the possibility that the semantic differences can help to
find or transfer useful information between the modalities in the informa-
tion retrieval task because the information in the different modalities can
complement each other.

There exists several ambitious research projects for the multimodal in-
formation retrieval task. For example, deep learning has recently shown
a great success in many multimedia retrieval tasks [33, 127, 8, 123, 109].
In particular, Srivastava et al [105] applied the Deep Boltzmann Machine
(DBM) for multimodal search task, and some other works have been based
on canonical correration analysis [57, 4].

In this thesis, I have applied the Support Vector Machine (SVM) [99],
which has been experimented with in our research group, and the DBM
approach, inspired by [105], for the multimodal information retrieval task.
The thesis also demonstrated how generating "pseudo tags" from seman-
tic information in a different modality improves the multimodal search

task. The details of the work will be shown in later sections.
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1.2 Contributions of Thesis

The main contributions of the thesis are:

e Research development and experiments on several unimodal informa-
tion retrieval methods, features for them and their combination tech-

niques, in the application setup of concept detection in image—text data.

¢ Using semantic concept features to successfully improve the multimodal

information retrieval on several datasets.

e Comparing the deep neural network approach and the Support Vector

Machine approach for uni- and multimodal information retrieval tasks.

e Automatic construction and utilization of pseudo tags with a multi-

modal architecture.

1.3 Overview of Thesis

This thesis introduces a novel approach for concept fusion between tex-
tual and visual information. Basically, our approach is to process the two
modalities individually and, then combined with late fusion. Because of
the semantic gap, it is important to find an efficient way of analyzing
and fusing single-modality information sources. In Chapters 2 and 3, the
unimodal information retrieval approach will be described such that the
text-based information retrieval will be the main focus in Chapter 2 and
the visual-based information retrieval will be the main topic in Chapter
3. Through the contribution of PicSOM research, we developed concept
annotation and detection in visual content. In Chapter 3, we will also
present how the PicSOM system can deal with visual concepts. Based
on the unimodal architectures introduced in Chapters 2 and 3, Chapter
4 presents multimodal information retrieval approaches. In Chapter 4,
we also develop and apply a topic model for the automatic generation of
pseudo tags. Chapter 5 shows the details of the experimental results with
the approaches introduced in the previous chapters. The final conclusions

of the thesis are drawn in Chapter 6.
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2. Text-Based Information Retrieval

In this chapter, we will discusses the text-based information retrieval and
performance measures for information retrieval. Information retrieval
means searching the user’s retrieval demanded knowledge from any in-
formation resources. Earlier, the web data used to be very simple, such
as text documents and images. However, there now exist more compli-
cated multimedia resources on the web, and because of their increasing
amounts and the diversity of their attributes, the users’ information re-
trieval needs have also become complicated. Consequently, information
retrieval earlier only needed to focus on single modality searching, such
as text search, but multimodal searching approaches are required nowa-
days.

So, how should we deal with such diverse information? Let’s think about
finding the car key in your room. If your room is messy, it is obvious that
it is harder to find the car key than in an organized room. The same
reasoning can be also applied to the diverse information on the web. Be-
fore searching any information, the information should be organized or
indexed. In this indexing process, machine learning techniques, such as
classification will play a central role. Machine learning techniques are
also important in the searching phase, which will be shown in later chap-
ters. In the searching process, it is important to know which pieces of
information are useful and which are not. Of course, you know what your
car key looks like, but if there are several similar keys in the room, you
will need to choose which is the right one.

In text-based general purpose search engines, the early approaches,
such as Archie search engine [19], were based on indexing of all terms as
keywords and simply matching them with the user’s query input. How-
ever, in this approach, the keyword indexing does not take into account

the semantics of the terms. Therefore, those early search engines of-
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ten showed inappropriate and incomplete results. For instance, such an
approach cannot retrieve documents which have been written with syn-
onyms of the query inputs.

Text documents consist of sentences and phrases, which in turn consist
of words. In many languages, a word is the minimum unit which includes
semantic meanings. We can therefore use the words as pre-knowledge
for analyzing a dataset. For example, if we know that "cat" belongs to
"carnivora", we could make a hierarchical relation between "carnivora"
and "cat". However, the semantic relations between words are very hard
to convert into numeral directly. We could use language and grammatical
knowledge to infer the relations between them, but in practical situations,
such as dealing with the documents on the web, the sizes of the datasets
are huge and their contents are diverse. Hence, we do not always have
the suitable knowledge for representing semantic relations between the
words. Also, it would be a very time-consuming task to find such relations
between every single pair of words.

One efficient method for extracting textual features is the statistical ap-
proach. For decades, many statistical text features have been researched
for describing the semantics in documents. For example, there exist 1)
ontology-based approaches [29] which use the ontology for query process-
ing in order to extract semantically useful information more effectively
than the general keyword-based search from massive data, 2) topic model
approaches [11, 47] which also take into account the latent semantics in
the documents, 3) explicit semantic analysis approaches [25] which au-
tomatically extract semantic concept-based features from large human
knowledge repositories such as Wikipedia, and 4) word embedding ap-
proaches, such as word2vec [74], GloVe [82], and FastText [56], where
text tokens (i.e. words and phrases) are embedded to a vector space.

Also deep neural network approaches have become popular topic in the
natural language processing area. Some recent studies of transformer
models, such as BERT [20], ALBERT [65], XLNet [17], have shown that
the novel models are able to extract semantic relationship between word

representations.

2.1 Statistical Frequency-Based Approach

One simple statistical approach for extracting textual features is counting

the numbers of words. There exist several common basic frequency counts
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for a document. One is the term frequency count tf which is the number
of occurrences of a word in the document. Even though it is a simple
approach, it is very useful and can be extended to more powerful features.

If in some document, the word "science" is used a lot, it is an indication
of a high probability of the document being written about science. There-
fore, when analyzing the document, the term frequency is an important
indicator. For counting the frequency of a word w in a document d;, the

term frequency tf, 4, can be represented as:

oy = 2, @.1)
nd;
where n,, is the number of occurrences of the word w and ny, is the total
number of words in the document d;.

For finding correlations between documents, it is also useful to know the
occurrences of the words among the documents in the corpus, so called
document frequency. If we know which words are common in the corpus,
we can more easily learn the characteristics of the corpus. For example,
if the word "science" appears more frequently than the word "cook", the
corpus is more likely to have information on science than cooking. The
document frequency df,, represents the frequency of the documents which
include the particular word w:

N,

where N,, is the number of documents which contain the word w and N
is the total number of documents in the corpus. The document frequency
is usually used as the inverse form in a logarithm scale, called the inverse

document frequency:

idf,, = log N (2.3)

df?l} '
The term frequency is good at representing the saliency of the words in

a document and the inverse document frequency is good at describing the
informativeness of the words among the corpus. It is common to combine
the term frequency and the inverse document frequency into one single

weight value, called the ¢f~idf weighting:
t.f_idf(w7 d]) = tf’w,dj . dew (2.4)

There exist several variations of weighting schemes for the combination
of the term frequency weighting, document frequency weighting and their

final normalization, some of which are in Table 2.1 [73].
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‘ term frequency ‘ document frequency ‘ normalization ‘

natural tfuwd dfw —
logarithm 14 log(tfu.a) idfy cos()

0.5t fu,d . 1
augmented 0.5+ m T”?Ul +7‘5Jz+"'+7‘12ﬂ’n

Table 2.1. Components of the tf-idf weighting scheme. r,, is the weight of word w;.
tfuw,a is the frequency of the word w in document d and df,, is the number of
documents which include the word w. idf,, is the inverse document frequency
of word w.

In our experiments, we used the scheme with the combination of loga-
rithmic term frequency, logarithmic document frequency and no normal-

ization:

(1+10g(tfua)) idfu  iftfua, >=1,

0 iftfw,dj =0.

weight(w, dj) = (2.5)

Multimedia data, such as images and video clips, usually contain short
metadata text information, such as tags. Because each tag can appear
only once, the frequency of those tags are either one or zero in this case.
Therefore, the term frequencies can be represented as a binary feature

vector.

2.2 Topic Model-Based Approaches

The counting of the word frequency is a simple and useful approach, but it
usually does not capture enough semantic information for being used for
natural language processing problems on its own. However, a statistical
approach with the Bayesian probability model can present more semantic
information [80]. For example, it can discover the word occurrence pattern
and the usage pattern of each word. The statistical co-occurrence pat-
terns then predict the semantic relationships between the words among
the documents.

Topic models are an example of methods where the documents are as-
sumed to consist of latent topics. The topics are based on the probability
distributions over the words [11]. In order to find the latent topics, we
need to think about the distributions of topics among the documents, the
word distribution for each topic, and to which topics each word belongs.
Probabilistic Latent Semantic Analysis (PLSA) [47] and Latent Dirichlet

Allocation (LDA) [11] are common topic models and they have been used
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in many applications in statistical natural language processing area.
LDA is a generative probabilistic model of a corpus of documents. The
general idea is that the documents in the corpus are represented as ran-
dom mixtures of the latent topics and the latent topics are characterized
by a distribution over the words in a document [11]. The generative pro-
cess for each document in a corpus, assuming each of them is modeled as a
mixture of K latent topics, and each topic % is a multinomial distribution

¢k over a vocabulary, is then:
o ~ Dir(3). (2.6)

Assuming that the topic mixture 6; can be represented as the Dirichlet

distribution over the parameter o for each document, then:
0; ~ Dir(a), 2.7

where Dir() is the Dirichlet distribution, and « and 3 are the hyper pa-
rameters. The Dirichlet distribution is a multivariate generalization of
the Beta distribution and it is the conjugate prior of the categorical dis-
tribution and the multinomial distribution. The multinomial distribution
is the probability distribution of choosing one of a fixed number of K cat-
egories for fixed number of n trials. If only one trial (n = 1) is attempted
for a fixed number of K categories, the distribution becomes the categor-
ical distribution. When K = 2 and n = 1, the multinomial distribution is

the well-known Bernoulli distribution. The Dirichlet distribution of order

K > 2 with parameters a1, ...,ax > 01is
| K
Dir(zy,...,zx;00,...,a5) = —— | [2%71, (2.8)
By L7
where B(a) is the multivariate beta function,
K
K T(a
B(a) = 711:1]( (cs) 2.9)
I3 iy o)
and I'(«) is the gamma function.
Ia) = (a—1)! (2.10)

For each i*" word w;; in document j and topic z;; = k, the assignments can
be modeled as,

zij ~ Multinomial(6;), (2.11)

and

Wi ~ Multinomial(d)z”), (2.12)
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where 0; is the distribution of topics in document j and ¢.,; is distribution
of topic z;;. Because LDA is based on the Bayesian inference, it requires
estimation of the underlying distributions. Therefore, many optimiza-
tion methods for learning LDA have been proposed. The Markov Chain
Monte Carlo (MCMC) method is a common inference method for latent
topic methods [11] and Gibbs sampling is the most widely used method
for LDA inference approximation [38].

In Gibbs sampling, the mixture 6 and the topics ¢ are integrated out by
sampling the latent variable z. This is known as collapsing. In this case,
a word-topic count matrix C,,,.4, document-topic count matrix Cy,. and
topic count vector Cyopic should be maintained. The conditional probability
of the latent variable z;; which is assigned to topic & can be written as
Col+5

—wk T (0 4 @), (2.13)
Y+ Wﬁ( ¥ )

P(zi; = k\zﬁi%xﬁz"-f,mi]- =w,q,f) x

where C, is the number of times word w is assigned to topic £ and Clij
is the number of topics k assigned to the i’ word in document d; and —ij
means exclude the parameter of the i*” word in the j** document.
Efficient and novel methods for speeding up the inference process have
been researched in [69]. However, they are not covered in this dissertation
because they are far off the thesis’ main topic. We have used the LDA
model for pseudo tag generation. The technical details and experimental

results with that approach are in Sections 4.3 and 5.4 in Publication VII.

2.3 Text Similarity Metrics

In the previous sections, we have discussed the semantics of text docu-
ments. However, how can one measure the relative similarity between
words or latent topics? When applying statistical methods to documents,
the text features are commonly represented as vectors. Hence, one can
associate the measuring of word similarity with a vector distance metric.
For example, if in a vector space, the Eucledian distance of two vectors is
zero, then those two vectors are identical. On the other hand, if the Eucle-
dian distance of two vectors is large, then the difference between the two
vectors and the documents are large. That is, if the distance between two
vectors is close, those two vectors are "similar", whereas if the distance
is large, those two vectors are "dissimilar”. In that way, we could use the
distance between two vectors as the similarity metric. This method is

well-known as the vector space model (VSM) [93].
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Several measures have been proposed for the vector similarity. Let X
and Y be n-dimensional feature vectors. Some common distance metrics

can be presented as follows [110]:

1. City block distance or L.; measure:

Dep(X,Y) = Z\X Y| (2.14)

2. Euclidean distance or L, measure:

n
Dpue(X,Y) = ([ Y |Xi - V2 (2.15)
i=1
3. Cosine Similarity:
n . .
Dcos(X» Y) - Ei:l XLK (216)

Vi X2/, v

4. Kullback—Leibler (KL) divergence:

Drr(X,Y) ZX mf (2.17)

The city block distance is the simplest distance calculation, the Euclidean
distance is the most common distance metrics, the cosine similarity mea-
sure is based on the inner products of the two vectors, and the KL diver-
gence is based on the relative entropy [63].

In VSM, the cosine similarity measure is usually used because the out-
come of the cosine similarity between two non-negative vectors is always
in the [0, 1] range. Therefore, it is efficient to use it in any high-dimensional
positive space, such as text feature vector space. The cosine similarity
and KL divergence are also used for comparing probability distributions.
Detailed explanations of other distance and similarity measures can be
found in [14]. In our experiments, we applied the cosine similarity mea-
sure in several semantic similarity measuring tasks in image and multi-
modal retrieval. Those methods are introduced in the next chapter and

also in Publication I, Publication VI, and Publication VII.

2.4 Performance Measures

Once we have the retrieval results, how do we measure and analyse the

performance of the features and the indexing techniques? There exist
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Figure 2.1. A confusion matrix.

several common metrics in modern information retrieval: precision and
recall, mean average precison (MAP), and the average area under the
ROC curve (aAUC). In this thesis, we also studied the multi-label infor-
mation retrieval. For the multi-label task, we have applied subset accu-
racy (ssACC).

2.4.1 Precision and Recall

Precision is the fraction of the retrieved items that are relevant to the
user’s information needs. On the other hand, recall is the fraction of cor-
rectly retrieved relevant items from their total count. Let the number of
true positives be denoted as T'P, true negatives as T'N, false positives as
FP, and false negative as FFN. These entities are shown in the form of a

confusion matrix in Figure 2.1. Precision is then calculated as:

. TP
precision = TP+ FP (2.18)
and recall as:
TP
T@CCL” = m (219)

It is good to have large scores in both precision and recall for constructing
working applications. However, it is well known that the precision and
recall are usually in a trade-off situation [12]: if one increases, the other
is known to decrease. Figure 2.2 shows an example of the precision-recall

trade-off.
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Figure 2.2. An example of the trade-off between precision and recall from [41]. The plot
shown the results of retrieval systems tested in a TREC evaluation 1999.

2.4.2 Mean Average Precision

The average precision is a popular measure which takes into account the
relationship between precision and recall [129]. Let us denote precision
as a function of recall p(r), so that recall r is a continuous variable be-
tween [0, 1], then the average precision AP is represented as the definite
integral:

AP = /Olp(r)dr. (2.20)

In practice, information retrieval usually deals with discrete objects, such

as documents, and then:

AP = ip(i)Ar(i), (2.21)

i=1
where i is the rank in the sequence of retrieved documents, n is the num-
ber of retrieved documents, p(i) is the precision at cut-off i in the list, and
Ar(7) is the change in recall from item ¢ — 1 to i.

Average precision only takes into account one query at a time. There-
fore, we usually use the mean average precision (MAP) which expresses

the mean of the average precision of each query in a query set. In practice:

Y& AP(q)

MAP = ,
Q

(2.22)

where @ is the number of queries.
In a realtime situation, such as a web search, the users are usually in-

terested in the top one or two pages of retrieval results. Therefore, it is

35



Text-Based Information Retrieval

in practice common to prefer precision than recall, Precision can be mea-
sured as the precision of top K number of retrieved results among the
whole dataset, and be used as the metric individually (Prec@K). In this
thesis, MAP and Prec@K are mainly used as the evaluation metrics. In
the TRECVID workshops, we also used the mean extended inferred aver-
age precision (MXIAP) [122], which is an average precision-based method
and used as the standard evaluation method in these workshops. MXIAP
assumes that the annotation of the test set from a stratified random sam-
pling can be incomplete, and defines the average precision as the outcome

of a random experiment.

2.4.3 Average Area under the ROC curve

The receiver operating characteristic curve (ROC) curve is created by plot-
ting the recall against the fall-out. The fall-out is the false positive rate
and it represents the probability of false alarm. The area under the ROC
curve (AUC) is equal to the probability that a classifier will rank a ran-
domly chosen positive instance higher than a randomly chosen negative
one [27]. The AUC varies between 0 and 1, and if the model can clas-
sify perfectly, the AUC value becomes 1, whereas if the model classifies at

random, the value is 0.5.

2.4.4 Subset Accuracy

The subset accuracy is a common measure for evaluating the performance
of multi-label classification [67]. Let {(xy,y,)}._; be a multi-label dataset
with ground truth labels, and {g,})_, be the multi-labeld predictions
made by a classifier. The subset accuracy generalizes the conventional

multiclass accuracy notion:

N
1 .
ssACC = i E I[yn = Gnl, (2.23)

n=1
where I[-] is the indicator function. In computing the subset accuracy,
a predicted subset is considered correct only when it matches the true

subset exactly [67].
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In this chapter, we will discuss information retrieval of visual content.
Retrieving visual information with one’s own eyes is not at all difficult
task for humans. For example, when humans see a photograph of a car,
even a 3-year-old child can recognize a car in the picture immediately.
However, is it possible that also a newborn baby recognizes a car in a
photo? And how many people can recognize and tell the correct names of
the species just by looking at pictures of unfamiliar plants? It is obvious
that nobody can name or recognize all of them correctly. Of course, we
can recognize those objects as visually similar, such as a "tram" can be
recognized as a "train", or higher semantic concepts, such as an "American
Shorthair" can be recognized as just a "cat". But these recognitions are
based on what we have learned, they do not just pop up from nowhere. In
order to recognize something new, we have to learn it first. The same can
be said about computer perception.

However, the perception of an image is very different between human
and computer vision. Human can manage various types of information
(e.g. color, texture, shape, etc.) directly from the image, but a computer
vision system needs to first convert the information to numerical features.
More specifically, in order to retrieve visual information, we have to ex-

tract visual features.

3.1 Feature Extraction

Features express the properties of objects as digitized values. For exam-
ple, we can represent an image as a vector of the intensity values of each
pixel. For an information retrieval task in any modality, the feature ex-
traction step is one of the most important processes for getting acceptable

results. However, the feature extraction is a very hard task to do fully
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automatically. Because the characteristics of the information modalities
are different, features for each modality are different even though the in-
formation retrieval approaches would otherwise be similar.

Even in a single modality space, feature extraction is often a very hard
task. As mentioned in Section 1.1, one of the reasons is the "semantic gap"
[89]. Seemingly, humans can perceive the semantic contents in the images
directly, whereas the computer can only perceive the images through a nu-
merical representation. That is, there is a "gap" between the human and
the computer perception of the image. Hence, in order to achieve auto-
matic classification close to that of humans, we need to bridge the seman-
tic gap between the human perception and the numerical representation
for the computers step by step.

In image retrieval studies, there are two types of features that are com-
monly used: low-level features and high-level features. According to [23],
the low-level features are usually categorized as a sensory input data
which does not represent any semantics but only a statistical description
of images. The high-level features represent at least some semantic in-
formation, such as class categories. In the following subsections, we will
introduce the low- and high-level image features used in the experiments

in this thesis.

3.1.1 Low-level Features

Low-level features or descriptors can be directly converted from raw sen-
sory data of images or videos. The low-level features take into account the
pixel-wise colors, shape, texture, etc., quantized or digitized to numerical
vectors. The pixel-wise information is not semantically useful to humans,
and it only represents one or few aspects of the visual scene, such as in-
tensity or color differences, as a scalar variable. It is better to have more
information as a vector or matrix, but it is not practical or useful to store
all pixel-wise data for a huge image data set. This is because the dimen-
sionality of the feature vectors becomes high. The high dimensionality
leads to increase in computational costs and the amount of noisy or oth-
erwise useless data. This is called "curse of dimensionality" and it is very
problematic for experiments which process large amount of data, such as
multimedia dataset. Therefore, descriptors which describe and store the

information in the most efficient way are needed.
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Scale Invariant Feature Transform
Scale Invariant Feature Transform (SIFT) [71] is one of the most famous
feature descriptors invariant to scale, rotation, position, etc. SIFT feature

extraction consists of the following four phases as shown in Figure 3.1:

1. Detection of scale-space extrema: Use Difference of Gaussian (DoG) to

find keypoint candidates which are invariant to scale and orientation.

2. Calculation of localized keypoints: At each the keypoint candidates

loaction, a detailed model is fit to determine location and scale.

3. Orientation assignment: Because of the local image gradient directions
are assigned to all keypoints, one can remove the effect from rotation

and scales.

4. Creation of the keypoint descriptors: Use orientation histograms to cre-

ate the keypoint descriptors.

Speed-Up Robust Features (SURF) [10], GIST [79], and Histogram of Ori-
ented Gradients (HOG) [18] descriptors are also commonly used in com-
puter vision studies. Those descriptors are very powerful tools for match-
ing tasks, such as fingerprint recognition [7, 22, 37]. However, when we
focus on object and scene classification in images, the keypoint-wise simi-
larity comparison is not a suitable approach. Each keypoint contains some
kind of shape information, but those do not express which parts of the ob-
jects they belong to. Of course, increasing the number of keypoints can
improve the recognition performance, but it does not solve the semantic
gap between the keypoints and the objects and it also leads to a higher

computational cost.

Bag of Visual Keywords

One possible solution to the drawback of the keypoint matching approach
is the bag of visual keywords (BoV). In text information retrieval, the
words themselves represent the semantics like the objects in an image. If
we could achieve the same for image features, it would be easier to bridge
the semantic gap and more efficient search could be obtained. The BoV
approach is adapting the bag of words representation used for text cate-

gorization [96] by constructing histograms of the frequency of particular
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Figure 3.1. The four phases of SIFT feature extraction. Detector detects most salient re-
gions, called keypoints, which describe image. Descriptor extracts and quan-
tifies the keypoints and their surroundings to a feature vector.

patterns in an image. The main pre-processing steps (Figure 3.2) are:

1. Extraction of image descriptors: Extract feature descriptors, such as

SIFT for the all images in the dataset.

2. Vector quantization: Cluster the descriptors with a vector quantization

algorithm, such as k-means [96].

3. Construction of histograms: For each image, build a histogram of the

vector quantized keypoint descriptors with bins based on the cluster.

4. Use those histograms as feature vectors and classify images by apply-

ing machine learning methods, such as SVM.

The k-means algorithm is often used as the bin quantization algorithm,
but it is a hard assignment clustering and lacks the flexibility of deci-
sion boundaries. The k-means algorithm also does not take into account
the spatial layout information of the features. In order to overcome the
problem, the spatial pyramid matching has bean widely used [66]. This

approach constructs pyramids of several levels with a grid subdivision of
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Figure 3.2. The main steps of the Bag of Visual words (BoV) approach. After extracting
the feature vectors, find the centroids of 'words’ with semantically meaning-
ful patterns in the images by clustering. Then, build the bins of each 'word’
based on its frequency in each image.
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Figure 3.3. Toy example of constructing a three-level pyramid [66]. The image has three
feature types, indicated by circles, diamonds, and crosses. At the top, the
image in three different levels of resolution to be subdivided. Next, for each
level of resolution and each channel, the features that fall in each spatial bin
are counted. Then, calculate weights for each histogram. Please refer to [66]
for more details.

the image (Figure 3.3) and sparse coding which assigns a local descrip-
tor to several different keywords [81]. In order to obtain a better perfor-
mance with the bag of visual words representation, we usually need to
have a large number of visual words [120]. It means that we have a high
computational cost because of the curse of dimensionality.

To improve the accuracy of classification, it would be better to train the
visual words dictionary with a specific and precise training dataset for
the current purpose, rather than using a generic visual words dictionary.
However, dealing with high-dimensional data is time consuming and a
new visual word dictionary for a particular scenario cannot always be
trained. Several studies have tried to make the BoV approach more effi-

cient, such as Super Vectors [128], Gaussian Mixture Model (GMM) [83],
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and Fisher Vectors [84]. These approaches use the statistical values such
as means and variance instead of applying the original features. Thus,
their dimensionality are relatively small, and their computations are effi-

cent. In most of cases, their results outperform the original BoV results.

3.1.2 Deep Convolutional Neural Networks

Recently, deep learning methods such as Deep Convolutional Neural Net-
work (DCNN) [62] have shown great success on many image recognition
tasks and they have taken over the old hand-crafted local feature de-
scriptors. Deep learning is an extension of the feed-forward neural net-
work which is one of the neural network machine learning approaches.
The neural network is inspired by and mimics the human brain system.
Mimicing of the human brain, the neural network usually consists of
nodes, so-called neurons. Like the human brain, the neurons are con-
nected to each other and the input signals travel through several nodes.
In each neuron, the input signals are weighted and summed and then
pass to the function, called activation function. The activation function
produces the output signal. For example, in a simple binary output case,
if the neuron is activated outputs 1, otherwise it outputs 0.

The feed forward neural network is the most fundamental type of neural
networks (Figure 3.4). It is directed and the neurons appear in three
layers: the input layer, hidden layer, and output layer. The neurons in the
input layer take input signals and pass the output to the neurons in the
hidden layer. The hidden layer neurons take those output signals from
the input neurons as the input signals and then pass the output signal to
the output layer. Finally, the output layer converts the outputs from the
hidden layer to final output signals. If the network has more than two
hidden layers, it is called a deep learning network. Figure 3.5 depicts an
example of a Deep Convolutional Neural Network (DCNN).

In recent works on deep neural network architectures for image classifi-
cation [61, 62, 42], one can notice that the number of layers in the state of
the art methods is increasing every year. However, increasing of the layer
count leads to a large amount of hidden parameters. This easily leads
to overfitting and high computational cost. However, DCNNs partially
overcome those drawbacks with their convolutional architecture, which
changes from a fully-connected network to shared weights. Basically,
DCNN consists of multiple convolutional modules and fully connected lay-

ers for a final classification. A basic architecture of a convolutional module
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Hidden
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Input

Output
layer

Inputs
Qutputs

Figure 3.4. The architecture of a Feed Forward Network [87]. The left most layer is the
input layer which feeds the input data to the hidden layer. The middle layer
is the hidden layer which outputs the weighted sum of the data. The right
most layer is the output layer which transforms the outputs from the hidden
layer to suitable outputs for the task. In a binary classification task, the
output will be 0 or 1.
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Figure 3.5. The architecture of a Deep convolutional neural network (DCNN) [102].
DCNN converts the low-level features to the high-level features. This figure
shows the dimensionality of outputs are relatively smaller than inputs.

is as follows:

1. Convolutional layer: This layer applies multiple trainable filters to in-

put images and performs convolutions.

2. Activation function: Same activation functions which are used in any
neural network. Recently, the Rectified Linear Unit (ReLU) [76] is the

most commonly used activation function.

3. Poolying layer: Pooling layer performs downsampling to reduce the di-
mensionality and to extract high-level features from the output of the

activation function.

DCNN actually transforms dense low-level local descriptors to sparse high-
level semantics approximation. Layer by layer, it calculates the optimal
network architecture based on the activations of the previous layer [61].

The activation outputs on the fully connected layers can then be used as
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visual features to determine the image contents.

Our research group has used and compared the performance between
the GoogLeNet activation features and the BoV features in different clas-
sification tasks [61]. We have used the DCNN features for several experi-
ments. Technical details and experiments can be found in Publication III,

Publication V, and Publication VI.

3.1.3 Semantic Concepts for Visual Information Retrieval

Semantic concept detectors are based on a set of machine learning classi-
fiers trained with a human annotated dataset, such as images and video
clips. In order to train the detectors, the low-level features extracted from
the images or the video clips are used as the input data. Then, the seman-
tic concept classifiers can be trained with those training data and labels
as explained in Figure 3.6.

In our research group, we have researched the detection of visual con-
cepts from multimedia resources, i.e. images and videos. For example,
in our participation in the TRECVID workshops [97, 98, 55, 54, 53, 114],
in Publication I, Publication IV, Publication VI, and Publication VII. We
have also used the visual concept vectors to improve the performanace of

a visual content-based information retrieval architecture [115].

3.2 Classification

Unlike low-level features, high-level features, such as semantic visual
concepts depend on the knowledge about the semantic content of image,
such as what objects are in it. For this purpose we will need a classifier
which is trained with supervised learning. The classifier is also useful for
retrieving the user’s required information because classifying the image
with the same concepts means that the classifier can cluster the images
which have the same concept as the query image. That is, we can find im-
ages which are similar to the query by using the classifier. In this section,
we will describe the machine learning based classifiers which we used in

experiments.

3.2.1 Support Vector Machine

The Support Vector Machine (SVM) has been a great success in many
classification tasks in the last decade [100, 34, 15]. First of all, let we con-
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Low-level feature
extraction

Training concept classifier

Concept detection

Low-level feature

extraction

Figure 3.6. The architecture of semantic concept detection. The architecture is simi-
lar to the pipeline of a regular image classifier. First, the semantic concept
classifier to trained by using the extracted low-level features of the training
dataset. Then, the semantic concepts of the test data are detected by using
the trained detector.

sider a two-class linear classification task. Let the training set X consist
of N number of feature vectors x,,. These feature vectors belong to either
class c; or cy. That is, each input point has corresponding target values
X ={(x1,t1), - , (Xn,tn)}, where target t,, € {1,—1}, and ¢t = 1 means the
point belongs to ¢; whereas ¢t = —1 means the point belongs to c;. The

linear model for the decision boundary is then formed as:
y(x) = w ' x + wo. 3.1)

This means that there is a function y(x) with parameters w and wy which
satisfies y(x,) > 0 for all training vectors with ¢, = +1 and y(x,) < 0 for

those with ¢,, = —1. Consequently, ¢,y(x,) > 0 for all training vectors.

45



Visual Information Retrieval

3 -/
i ¥ b, i
° e o ° °
° °
o
° o0 ° [ )
.. s ..
o.o.. X p.o..
L ° . ° ° .
® ° °

Figure 3.7. Left: Two hyperplanes which correctly classify the training vectors. Right:
Maximizing the margin in order to optimize the decision boundary.

In Figure 3.7 on the left, there are two hyperplanes which correctly clas-
sify the linearly separable training vectors. However, those hyperplanes
are not guaranteed to separate correctly the test vectors or any practical
data set. In order to optimize the hyperplane from the training data, max-
imizing the perpendicular distance (margin) between the hyperplane and
the closest point of the data set is one possible solution as seen in Figure

3.7 on the right.

Solving the SVM
The perpendicular distance of the closest sample points x,, from a hyper-

plane can be defined as

tny(xn)/|1Wl| = ta(W " x5 +w0)/|[W]], (3.2)

assuming that the hyperplane correctly classifis all the training vectors.
The points in the hyperplane satisfy y(x) = 0 and the size of the margin
is 1/||w||. In order to maximize the margin, we would like to optimize the
parameters w and wy,

arg max{1/||w|| min[t,(w "%, 4+ wo)]}. (3.3)

W,wo

For the proper form of (w,wy), one needs to have ¢,(y(x,)) = 1 for all
the closest points to the hyperplane. Those closest points are called the
support vectors. Then, for all the data points, it holds:

to (W % +wpo) > 1. (3.4)

While satisfying these constraints, the optimization problem becomes just

to find the parameters (w, wy) which maximize 1/||w||. This is equivalent
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to minimizing ||w||?>. The optimization can be solved by using the La-

grange multipliers A\, > 0,

N
L(w,wo, A) = 1/2[|w||* = > Antn(W x5 + wp) — 1, (8.5)
n=1
where A = {\y,--- ,Ay}. First solving the derivatives with respect to w

and wy and setting them to be equal to zero, we obtain two conditions:

N
W = Z )\’nt'nxn (36)

and

N
Z Antn = 0. 3.7

Then, equation (3.5) can be solved as the dual representation:

max{Z)\ —1/2ZZA AmtntmX, xm} (3.8)

n=1m=1
We then end with a quadratic programming problem for solving A. Fur-
ther details of the solution can be found in [81]. After solving the optimal

A and w, we can easily find wy for all the data points:
wo =ty — W X (3.9)

In order to get a stable solution, we can average it for all support vectors:

Ns Ng

Wy =1/Ng Z (tn = > D AmtmXp Xm), (3.10)

n=1m=1
where Ng is the number of support vectors and the indexation refers to
the support vectors.

The training set is not usually linearly separable in a practical situation,
and it is impossible to classify the data correctly with a linear classifier.
In many cases, two classes are overlapping with each other. In order to
solve this problem, slack variables &, > 0 have been used [88]. If the
sample vector point is on the correct side, &, is set to 0 and otherwise to

|tn, — yn(zy)|. Thus, we should minimize

N
1/2|wl[> +C &, (3.11)

n=1
where C' > 0 is a parameter which optimizes the trade-off between the
training error and the model complexity. The Lagrangian dual form is

now:

{Z)\ +cZgn—1/2ZZA AmbntmX, X — Z/\ gn}, (3.12)

n=1 n=1 n=1m=1
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the constraints for equation (3.12) are:

0< A <C,

N (3.13)
CY peitndn =0

From equation (3.1) and equation (3.6), the linear SVM can be represented

as:

N
Y(x) =Y Antnx)x +wp. (3.14)

n=1

Non-linear SVM kernels

Instead of calculating the inner products of equation (3.14) directly, it is
more popular to use a non-linear kernel function that allows separation
of data that is linearly unsepearable. Thus, the inner product in the dis-
criminative function of linear SVM can be replaced with a kernel function
K(,-):

N
y(x) = Z Antn K (Xp, X) + wp. (3.15)
n=1

In order to fulfill the condition of the optimization of equation (3.12), the
kernel function must be a positive definite function.

There are two types of kernels which have commonly been used for com-
puter vision research: exponential kernels and additive kernels. The ex-

ponential kernels are based on the exponential function:
K(x,y) = exp(—7K'(x,y)), (3.16)

where v > 0. The most popular function is the Gaussian or radial basis

function:

K(x,y) = exp(—7[jx — y[|*). (3.17)

Additive and Power kernels

The non-linear kernel SVM is computationally expensive for real-time ap-
plication because of its complexity O(dNs), where Ns is the number of
support vectors and d is the number of dimensions. One solution for this
problem is to approximate the non-linear kernel with linear approxima-
tions [72], additive kernel PCA [85], or with homogeneous kernel maps
[113]. Additive SVM kernels have the form:

d
K(x,y) =Y k(zi, ), (3.18)

i=1
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where k(z;,y;) is a scalar function. Such kernels can thus presented
as a sum of one-dimensional functions. Some commonly used the one-

dimensional functions for k(x,y) are [113]:

e Intersection: k(z,y) = min(z,y)

o X* i k(z,y) = —(z —y)*/(z +y)

e Bhattacharyya: k(z,y) = /7,y

e Jensen-Shannon: k(z,y) = x/2logy((x + y)/z) + z/21logy((x + y)/2)
e Power mean: k(z,y) = ((«? 4 y»)/2)'/?

The intersection and Bhattacharyya kernels can be presented by the power
mean kernel with setting p = —oco,p = 1, and p = 0, respectively.

The homogeneous kernel map is an approach to find a mapping function
which projects the non-linear kernel approximately to a linear space and
can be computed effciently [113]. The homogeneous kernel map of order n
is a (2n + 1)-dimensional linear approximation of the corresponding non-
linear kernel. Hence, the d-dimensional feature vector can be encoded as
a d(2n + 1)-dimensional vector and applied to the linear SVM classifier.
The complexity of evaluating the classifier is now down to O(d). In Pub-
lication III, we also applied the homogeneous kernel map and the power
mean SVM [118], which is an alternative method to approximate additive
kernels by calculating the gradient, which is the computational bottleneck
in the coordinate descent algorithm, by using second-order polynomial re-
gression of scalar functions. Power mean SVM provides efficient training
and classification with the power mean kernels for any p < 0, as well as
with other additive kernels. Now, if we consider the dual SVM problem of

equation (3.8) for the power mean kernel, it is presented as:

N N N
m}?\iX { z:l An — 1/2 Z Z )\’n)\mtnthpm(Xna xm) } . (3.19)
n=

n=1m=1

The corresponding decison boundary is:

M
W= At ¥ (%m), (3.20)

m=1

where ¥(x) is the feature mapping function. In the coordinate descent al-
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gorithm, each variable )\, is updated separating while keeping the others

fixed. Therefore, the gradient G,, with respect to )\, is:

G, = tan\Il(xn) -1

M
=tin Z )\mthpm(Xn7Xm) -1
m=l (3.21)
= tng(xn) -1
o
=1 Zgo(xmo) -1,
o=1

where we have a scalar function

M
go(m) = Z /\mtmkpm(x~, xm,o) (3.22)

m=1
and z, , is the o" component of the vector x,,. Therefore, it is sufficient to
approximate the scalar function g,(z) for the gradient approximation. In
[118], the approximation is done by using a second-order polynomial with
parameters a,, = {am,0, Gm,1, Gm2} :

2

x) =~ Z m,q(In(x + 0.05))9. (3.23)
q=0

Instead of using z, In(z + 0.05) is used because it gives better approxi-
mation results. For classifying a new example x with power means SVM,
it requires to evaluate:

2

M
Z > g(In(z +0.05))". (3.24)

q=0

The classification complexity of this approach is O(d) and it provides the
capability of faster training than non-linear SVM.

We have used linear, linear approximation and non-linear SVM in al-
most all of our experiments and all publications included in this thesis.
In our studies the linear approximations of nonlinear kernels usually
showed negligible loss of accuracy compared to non-linear kernels in the

visual content-based information retrieval task [99].

3.2.2 Single- and Multi-label Classification

In Publication I, we also used the Deep Boltzmann Machine (DBM) ap-
proach to be introduced and discussed in details in the next chapter for the
multi-label classification task. Some of the single-label classification task

is just to find whether a labeled object or other specific content is included
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in the target media or not. On the other hand, in the multi-label classi-
fication task, each target media can be assigned multiple labels. That is,
there is no limitation of the classes each instance can be assigned to.
There exist two main approaches for solving this multi-label classifica-
tion problem [112]. One approach is transforming the multi-label prob-
lem into a set of binary classification problems. The other approach is to
adapt the algorithms to directly perform multi-label classification. Our
approach is based on binary classification and the details of the experi-

ments will be shown in Section 5.2.
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4. Multimodal Information Retrieval

Recently, multimedia information retrieval has been forced to deal with
the massive variety of data resources. Multimodal information retrieval
which can handle the cross-modal searching is very promising for this
area. Besides, in recent multimodal research [35, 106], the multimodal
information approaches outperformed the unimodal approaches. How-
ever, multimodal information retrieval has a several drawbacks , such as
it requires the cross-modal queries and need to handle the relatively large
features or train several different models. It is also that there exists the
possibility to harm the information retrieval results because of the fusing
poor unimodal features or results. In this chapter, we will study the mul-
timodal information retrieval problem. Multimodal information consist of
unimodal information sources, hence when we analyse multimodal infor-
mation, we have to efficiently combine the semantics from the unimodal
information sources at some point. The most common approach is the fu-
sion scheme [104]. Because of Jensen’s inequality fusion schemes tend to
show better results than individual method [13]. There exist two main
approaches: early fusion and late fusion. Early fusion is a fusion scheme
which integrates the unimodal features before any machine learning pro-
cess. On the other hand, late fusion is a scheme which combines unimodal
outputs to multimodal results.

Multimodal Deep Boltzmann Machine (DBM) proposed by Srivastava et
al [106], which combines the unimodal results with an extra hidden layer,
has shown great success in multimodal information retrieval. The model
can be considered as a late fusion approach. Multimodal DBM will be
described in detail in Section 4.2.

We will also consider the approach of transferring the extracted infor-
mation to other modalities. For example, pseudo tag generation, which we

have proposed, generates tags based on the results of image information
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Figure 4.1. The architecture of early fusion information retrieval. An early fusion ap-
proach basically extracts several different features from the datasets and
combines them before training the model.

retrieval. The use of rich extra new tags can improve the textual search
results. The detailed experiments of this approach are in Publication VII.
In the semantic concept vector approach, we use the semantic concept
detection results on images as an extra feature for the text search task.

These approaches can be categorized as early fusion approaches.

4.1 Traditional Fusion-based Approaches

In recent information retrieval approaches, even in the unimodal case,
multiple different features are typically used to describe the information
contents. In order to retrieve the data objects by using many different fea-
tures, the information from the features needs to be somehow combined.
The fusion approach is a fundamental solution to this task.

As already mentioned in this chapter, the fusion approaches can be di-
vided in two main branches: early fusion and late fusion, which are de-
scribed in Figures 4.1 and 4.2, respectively. In early fusion in Figure 4.1,
the multiple different features are concatenated to a single long feature
vector. A single model is their trained with this combined feature [104].
On the other hand, the late fusion approach in Figure 4.2 trains a sepa-
rate model for each different feature vector, and then fuses the outputs of
all the models to produce the final output. The advantage of early fusion
is that it is only required to train a single model, but usually the concate-

nated feature vector tends to have a high dimensionality. Therefore, an
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____

]

Figure 4.2. The architecture of late fusion information retrieval. A late fusion approach
trains several different machine learning models and fuses their results to
produce the final results.

early fusion scheme is more likely to be affected by the curse of dimension-
ality. Because of the features are from different modalities, some extra
preprocessing is required. For example, the features may be scaled differ-
ently or require different metrics so that we need to somehow normalize
or project them to the same space before concatenating them to a single
feature vector. The Canonical Correlation Analysis (CCA) [49, 50, 35] is
one of the major early fusion approaches.

The late fusion approaches train the model for each feature separately,
and therefore it is required to train many different models. However, one
can apply suitable models for each feature, and better unimodal outputs
can hence be obtained. There are many approaches to perform the late
fusion operation [104]. One simple traditional approach is to take the
maximum of the outputs from different unimodal models. Another com-
mon approach is to assign a weight to each unimodal output and then
sum or take the mean the weighted outputs. However, it is necessary to
choose an appropriate fusion method and weight values in order to obtain
the best results.

In early fusion approaches, because of processing all the different fea-
tures at once, one could see the cross-feature correlation, which cannot be
seen equally well in the late fusion approaches. According to [104], the
late fusion approaches tend to outperform the early fusion approaches in
information retrieval tasks. Therefore, in this thesis, we are more focus-

ing on late fusion than early fusion approaches.
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4.2 Deep Boltzmann Machine for Multimodal Information Retrieval

Deep learning models have greatly impacted and shown magnificent suc-
cess also in the multimodal information retrieval area, such as visual
information retrieval [127, 126, 62] and text information retrieval [45,
95, 107]. There exists many interesting variants of deep learning models
that have been used: Deep Belief Network (DBN) [43], Deep Boltzmann
Machine (DBM) [90], Convolutional Neural Network (CNN) [62], Genera-
tive Adversarial Network (GAN) [91] and Quantum Boltzmann Machine
(QBM) [3]. Unfortunately, it is far beyond the scope of this dissertation to
describe all these models in details.

In our experiments in Publication I, Publication VI and Publication VII,
we applied DBM as one of the main learning models for multimodal clas-
sification tasks. We selected to study multimodal DBM because it outper-
formed the linear and non-linear SVM in multimodal classification task
in [106].

Before introducing the architecture of the multimodal DBM model, it is
good to understand the general idea of the Boltzmann machine and also
the details of unimodal DBM variants for each modality. In this section,
we will introduce the details of the DBM and its application to text-based

information retrieval.

4.2.1 Restricted Boltzmann Machine

A Boltzmann Machine [26, 46, 2] is a stochastic recurrent neural net-
work model. The network is symmetrically weighted and connected with
stochastic binary units which are categorized in two different groups: vis-
ible input units and hidden units. The visible units are fed with the actual
input feature vectors and the hidden units form an interactions of the in-
puts. Let the set of the visible input units be defined as v € {0,1}? and one
of hidden units as h € {0, 1}?, where d and p are the lengths of the vectors
v and h, respectively. The Boltzmann Machine uses an energy function as

the cost function and the energy of the state {v,h} can be defined as:

E(v,h|§)= —~v'Lv—-h'Jh—v ' Wh—-b'v —c'h, (4.1)

where § = {W,L,J, b, c} are the parameters of the model and W, L, J rep-

resent the linear visible-hidden, visible-visible, hidden-hidden interaction
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Figure 4.3. The architecture of the Boltzmann Machine. The Boltzmann Machine is
a fully connected undirected graph. Compared with the other neural net-
work models such as CNN, the parameters of each layer are relatively large.
Hence, its computational cost tends to be higher than other models.

Figure 4.4. The architecture of the Restricted Boltzmann Machine. Unlike the Boltz-
mann Machine, the connections of RBM only exist between the layers. There-
fore, their computational cost becomes smaller.

terms. The probability distribution of the visible input vector v is:

_ 1 —E(v,h|9)
where Z(0) = >, 3, e V09 The Boltzmann Machine is a fully con-
nected graph and its computational cost tends to be high (Figure 4.3). In
order to reduce its complexity, by using only visible-hidden connection,
the Restricted Boltzmann Machine (RBM) has been proposed [103]. The

energy of the state {v,h} is now:

d p d P
E(v,h|f) = —vIWh-bTv —cTh==>""uil;W;; = Y bvi — Y _ c;h;.
i=1 j=1 i=1 j=1
(4.3)
Because there are no direct connections either between the visible units

or between the hidden units (Figure 4.4), it is easy to derive the condi-
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tional probability distribution of the visible units:
d
P(vfh,6) = [ p(vilb) (4.4)
i=1
with a given hidden vector:

P
p(o; = 1h) = p(bi + >~y Wiy). .5)
Jj=1

Similarly for the hidden units:
P
P(hlv,0) = [] p(h;lv) (4.6)
Jj=1

with a given visible unit vector:

d

plhy = 1v) = plcj + Y viWiy). 4.7
i=1

In (4.5) and (4.7), p(x) is the logistic sigmoid function:

plz) = . (4.8)

For the parameter update, one needs to perform the gradient ascent in

the log-likelihood of equation (4.3):

AW = a(EPdam(V’ h) — Ep

‘model (

v, h)), (4.9)

where « is the learning rate. Ep, ,, is the expectation with respect to the

complete data distribution:

Pjora(h, v]0) = p(h|v, 0) Pyga(V) (4.10)
with
Piata(v Z (v —p). 4.11)
Ep,,,.. is the expectation of the distribution defined by the model.

In the late fusion approach for multimodal retrieval task, it is preferable
to apply an optimal model for each modality. For example, the current
image features, such as DCNN activation features are real values rather
than binary. Therefore, the RBM which could only handle binary vectors
is not suitable to be used directly. Recent studies on text information
retrieval usually deal with large corpora. In this case, the vocabulary
tends to be large and sparse. Therefore, it is better to have an optimal
model for sparse datasets and the RBM is not a suitable model to be used

directly in this case.
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4.2.2 Replicated Softmax Model

The Replicated Softmax model is one of the variants of the RBM model. In
it, the visible binary input variable is replaced with multinomial variables
of a number of alternative states [45]. For a binary unit, the probability of
activation by the logistic sigmoid function on the input = can be expressed
as:

1 e’

PO =T = o (4.12)

The energy contribution of an input is —z, if it is activated, otherwise it

is 0. Therefore, it is easy to generalize the probability of K alternative

states:

e

e

This unit is often called a softmax unit. This can be seen as approximated

o (4.13)

binary units where exactly one of the values is 1 and the others are 0.

If a softmax unit is considered as the word counter vector for documents
with vocabulary size K, it is more suitable for modeling due to its spar-
sity than general RBM. This is because it can be handled a M x K matrix,
where M is the number of words occurring in a document, as the visi-
ble input units. The conditional distribution of the visible binary matrix
{V,h} is then:

1
P(V,h|f) = %e*EW’hl‘”, (4.14)

where Z(0) = 3y, 3, e FV9) and:

E(V,h|f) ==V Wh-b"V—ch== vh;Wiji—> _ bixvir—»_ c;h;.
igk ik j

(4.15)

Under the assumption of Replicated Softmax model, the order of the words

in the documents can be ignored. Hence, the same weights for the connec-

tion between the softmax units and binary hidden units can be shared.

The energy of the state {V,h} is now represented as:

E(V,h|6) =~V Wh-b"V —c'h=—> vphjWijp—_ bsvic—M Y _ cjh;.

ik ik j
(4.16)
The conditional distributions are given by:
. . b3 (hiWik)
p(v; = 1|h) = T;K ity F Wi .17
p(hy =1v) = p(c; + 22 (ViWi;)
The log-likelihood for the parameter update is now:
AW = a(Ep,,, (V,h) —Ep,_ ., (V, h)). (4.18)
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In the experiments in [45], the Replicated Softmax model showed better
precision than the Latent Dirichlet Allocation (LDA) model.

4.2.3 Gaussian-Bernoulli RBM

RBM is a model for binary input vectors. Hence, it is not appropriate to be
used for real-valued input features, such as the SIFT or DCNN features
in image representation. Gaussian-Bernoulli RBM [32, 44] is one of the
RBM variants designed for handling real-valued feature representation
vectors.

Let v € R be the real-valued visible input vectors and the energy state

{v,h} representation for the Gaussian-Bernoulli RBM is:

E(v,h|d) = (v —bi)? YW, h 4.19
(v,h[0) = o5z 2l iy cihy. (4.19)
i ij j

i

The conditional distributions are then given by:

vilh ~ N (b + 65 (hWij), 62) (4.20)

J
U4
p(hy =1v) = ple; + Y _ = Wiy), 4.21)

where N (i, 62) is the Gaussian distribution with the mean p and variance

2. The log-likelihood for the parameter update is calculated as:

"h "h
AW = (B, [5-) = Erypual 5 ) (4.22)

In [44], the Gaussian-Bernoulli RBM is proposed as a dimensionality
reduction method for efficient learning on image features. Recently, the
amount of input data tends to be large because of the growing data sizes.
Hence, it is favorable to reduce the dimensionality of the inputs. The
Gaussian-Bernoulli RBM is applicable to image information retrieval from

this point of view.

4.2.4 Deep Boltzmann Machine

The Deep Boltzmann Machine (DBM) [90] is an extended version of the
RBM and has additional hidden layers which are fully connected to the
previous and following layers. There are no connections between the hid-
den units in the same layer. According to [90], there are several reasons
why DBM is a suitable architecture for information retrieval tasks. First,
because of its layered architecture and layer-wise pre-training procedure,

DBM has the potential of learning increasingly complex representations
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of the input. Second, it is able to build a high-level representation from a
large number of unlabeled data and a relatively small number of labeled
data. Finally, it is robust to ambiguous inputs because the approximate
inference procedure can incorporate top-down feedback.

The multiple hidden layers can be represented as h(¥), ... h®), where L
is the number of the hidden layers. The energy state of the DBM can be

written as:

L
E(v,h|) = —vIWHhD—bTv—cHTh 4} “(—cTh) —h=DTWI=Dh),
=2

(4.23)
The probability that the model assigns to the visible vector v is:

P(v]0) = Zexp (v,h® . h))g)). (4.24)
The log-likelihood for the parameter update of each layer is calculated as:

{ AVVO = a(EPdata (Vv h(l)) - EPmodel (V7 h(1>)) (4 25)

AWy = a(EPdata (h<171)7 h(])) - EPm.odel (h(171)7 h(l)))'

One of the advantages of DBM is the layer-wise architecture. There-
fore, one can easily add a new hidden layer and combine the outputs from
DBM experiments without harming or modifying the previous architec-
ture. The architecture of DBM is well-suited for the multimodal informa-

tion retrieval task.

4.2.5 Multimodal DBM

In general, not just any DBM variant can deal with the multimodal in-
puts such as image-text inputs properly. However, in [106] a multimodal
DBM model which joins two unimodal DBMs with an extra hidden layer
was proposed. In [106], the Gaussian-Bernoulli RBM based DBM was ap-
plied for the image—text bimodal problem, to model the image distribution
and the Replicated Softmax model based DBM for modeling the text dis-
tribution. Then, both DBM outputs joined with an extra hidden layer, as
shown in Figure 4.5. The energy state and the probability that the two

layers DBM assigns to the visible vector v’ are given by:

VA YAV
E(V’,hl(l)yh/@)w/) _ } : (vi 62bz)
§ jalw'“ RO+ wPROn® (426

_] o
+ Z ¢ hj(l) + Z P n2).
J [
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Figure 4.5. Multimodal DBM [106]. The left side layers are an image-specific DBM and
the right side layers are a text-specific DBM.

> exp(-EW,h Y 0 @g)). (4.27)
ONYe)

On the other hand, the energy state and the probability that the DBM

P60 = 70

assigns to the text vector v can be represented as:

E(v”7 h//(l)7 h//(2) ‘0//) _ 7(2 W//(])h// 1) 7 + Z W//(Q)h//u)h”@)

j.a
+ Z oy + M Z c;(l)h;(l) + Z c;(Q)h/;/@))
k J q

(4.28)

" 1 " " "
PRI = 50" Y exp(—EWh W n@gmy). (4.29)
h//(l),h”(?)

The energy state and the joint distribution over the multimodal input
he{h® n® n"® h"®@ h®)} is then expressed as:

EM"® 1h'® n®g) = Z W”(3>h”(2)h(3) +Z w ey (Q)h(J) +Z b3 h(d)
a.p a.p
(4.30)
P ,v'0) = Zexp v, h'D 0@ g
(h) (4.31)

—E~" 0O " @19 - Em'® n"® ndg)).

According to [106], the Multimodal DBM outperforms the SVM approach
in multimodal information retrieval tasks. It has been interesting to com-
pare multimodal information retrieval with linear and non-linear SVM
to the operation of the multimodal DBM. The details of implementation
and experimental results are described in Publications I and IV and sum-

marised in Chapter 5.
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4.3 Information Transfer to Other Modality

If the fusion approach is improving the information retrieval results, it
can also be expected that transferring the semantic information to other
modality can improve the unimodal information retrieval. In this section,
we will introduce an approach for transferring semantic information to

other modality.

4.3.1 Topic-Concept Similarity Map

In order to perform multimodal information retrieval effectively, it is re-
quired to have a multimodal query. For example, if one has a text catalog
together with an image database, it is better to have both text and image
queries for retrieving the required information. However, in a real situa-
tion, it is hard to always have both multimodal queries and a multimodal
database. For instance, the users often only give the queries and it would
be a very hard task to annotate a large image dataset properly. In either
case, the solution is to transfer the semantic information to other modal-
ity. That is, the automatic tag annotation or query generation by the
cross-modality semantics is the key. In order to transfer the semantic in-
formation to other modality, a dictionary or map of cross-modality seman-
tics is required. In Publication VII, we proposed topic-concept similarity
map. The idea of topic-concept similarity map is to express the similarity
between the latent topics of the text and the corresponding visual image
concepts. It requires a dataset which has images with corresponding text
for training.

After we have modeled the distribution of latent topics in the article
texts and the distribution of visual concepts in their corresponding im-
ages, we can model the similarity between the topics and concepts. A
topic and a concept can be regarded as semantically similar, if they are
co-occurring in a multimodal dataset of text—image pairs. If we know for
each visual concept its related textual topics, we can then generate pseudo
tags for the input images.

Assuming that we have N, text—image pairs, for each of which we have
solved the presence of C; number of textual topics and R. number of vi-
sual concepts, we can do the processing illustrated in Figure 4.6. Taking a
topic t we can form an N4-dimensional vector x; representing that topic’s
existence in each text article in our dataset. Similarly, we can form an-

other vector y, of the same dimensionality for any visual concept c. The
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Figure 4.6. The process of creating a similarity map between the topics of articles and
the image concepts.

dissimilarity between topic ¢ and visual concept ¢ can then be expressed
with the cosine distance between these two N4-dimensional real-valued

vectors:

.
Jte)=1— <t (4.32)
[Ixel[lly.l

The similarity between ¢ and ¢ can then be defined as the inverse of the

distance:
1

J(t,c)
Then, we can form a C; x R. similarity map M whose components are
Sim(t, c).

Sim(t,c) = (4.33)

4.3.2 Pseudo Tag Generation with Similarity Map

Our approach for generating pseudo tags is based on the results of the vi-
sual concept detection of each image. Taking into account top n of detected
visual concepts for an image I, and using the similarity map between the
visual concepts and the text topics, we pick for each word w in top m of the

most similar topics. We denote this set as 7;,,(w). Then, let B be the vo-
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cabulary of all detected topics, and w a word where w € B. The similarity

between the text word w and a visual concept c is calculated as:

Sim(w,c) = Z Sim(t, c) - Simy(t,w) (4.34)
t€Tm (w)
Simy(t, w) is WordNet [28] path similarity which takes into account the
semantic similarity of the two argument words and is calculated by using
the NLTK toolkit [1].

Then based on the Sim(w,I,), we choose the top 20 most similar words
in this task. Sim,(t,w) is needed because of the similarity map is only
mapping the latent topics and visual concepts, but there are many words
which are related to each latent topic. That is, we need to choose a proper
tag for the correspond visual concept among those words which are related
to each corresponding latent topic. Sim,(t, w) assigns a score in the range
from O to 1 based on the shortest path that connects the concepts or topics
in the WordNet hierarchy. So, if the relationship between the topic and
word is strong according to WordNet, it will give more weight to that word
compared to other words. In our experiment, if there is no path or the
word of tag does not exists in WordNet, we simply set the similarity equal

to zero. The similarity between the word w and an image I, is then:
Sim(w, I,) = P(c|l,) - Sim(w,c) , (4.35)

where P(c|1,) is the probability distribution of the class c given image I,

obtained from the image classification results of DBM.

4.3.3 Unsupervised Pseudo Tag Generation

The above approach for pseudo tag generation is dependent on the super-
vised concept classification results in the image modality. That is, we need
the true label information of the training images for the concept detectors.
In a real-world situation, it is very hard to collect large amount of them.
Therefore, we use Latent Dirihclet Allocation results as pseudo labels and
implement an unsupervised approach for creating pseudo tags.

Let F4 be the training data set and F'Z be the testing data set and both
data sets have the text and image modalities. By using LDA, C;* topics
are assigned to the text data in F4. We can then use the C/* topics as
labels for F4, and train an image classifier G. Applying classification

B

with G to the image data in FZ, we can create the vectors v consisting

of the probabilities of each image belonging to topics C{'. Based on their
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probabilities, we choose 100 - v,{:f words randomly from the words which

have been assigned to topic ¢ for image i.

4.4 Semantic Concept Vectors

Semantic concept vectors or classemes [111] can be used to incorporate se-
mantic background information from auxiliary image—label training data.
The use of semantic concept vectors is more like an early fusion approach
because it generates extra features and extends the existing feature vec-
tors. The labels can be either accurate class information if such exists, or
less accurate tag information, if such is available for a large number of
images and tags.

In Publications I and IV, the semantic concept vectors are produced in
three steps: 1) a large number of semantic concept classifiers are trained
from an auxiliary dataset, 2) the semantic concept classifiers are applied
to the training and testing images of the primary dataset, and 3) for each
image, the semantic concept classifier outputs are collected in a seman-
tic concept vector which is interpreted as novel visual feature describing
the image. These vectors can then be used as inputs when training the
DBM and SVM models. Let C1,...,Ck, be the semantic concept vocabu-
lary, the semantic concept vector c; for each image m;,i = 1,..., N, is thus

constructed as:
_ T
C; = [pi,h oy DK ] ) (436)

where p; ; € [0,1] is the SVM classifier output or concept membership score

for image m; in concept C;.

4.5 Discussion

Recently, re-ranking methods have been spotlighted as one way of im-
proving multimodal retrieval. Most of re-ranking methods are based on
human labeled data, user relevance feedback and pseudo-relevance feed-
back to re-rank and improve the search results. The user relevance feed-
back method is to re-rank search result by using the feedback information
of search result from users [92]. The basic idea of pseudo-relevance feed-
back is to use top-ranked search results as pseudo positive examples and
low-ranked search results as pseudo negative examples, and to retrain

and re-rank the retrieval results [124]. The active learning approach has
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also worked well as an improvement of the ranking algorithm [68]. Since
these re-ranking methods have shown improvements in unimodal infor-
mation retrieval, one can expect them to work well also in multimodal
information retrieval.

Because information retrieval is an interactive task with a user in the
loop, the user feedback can be used as extra semantic data. Recently, rein-
forcement learning with deep learning methods has shown great success
in user interactive tasks. For example, Volodymyr et al [75] succeeded in
reaching the human operation level in Atari games. If one could collect
or simulate enough user interaction data for the reinforcement learning
process, it might be possible to improve the performance of multimodal

information retrieval.

4.6 Application Examples

Because of the rapid growth of multimedia contents in web services, such
as social media and cloud services, our research group has studied imple-
mentation of integrated multimedia content management systems. The
multimodal information search techniques based on deep learning fea-
tures and SVMs, as described in this and earlier sections, have been ap-
plied in two comprehensive multimodal media search systems.

The first one, PicSOM, has been developed by our research team. Its
development and application in the TRECVID evaluations from 2005 to
2014 has been described in Publication V and Section 4.6.1 gives a brief
overview of it.

The second system, VisualLabel, was developed in a joint project funded
by the Finnish Science and Technology Council, together with researchers
from two other Finnish universities. The system is presented in Publica-

tion IV and briefly introduced in Section 4.6.2.

4.6.1 PicSOM

Our research group has been developing the PicSOM multimodal infor-
mation retrieval system since late 90’s. The original PicSOM was based
on the self-organizing map (SOM) algorithm [59]. It was inspired by the
WEBSOM text document retrieval system [48] and performed interactive
content-based image retrieval (CBIR). SOM visualizes high-dimensional

data distributions on dimensional grid. Therefore, it is widely used as
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a dimensionality reduction method and as a representation of complex
non-linear relationships between data items [60]. SOM was inspired and
modeled by the working of the visual cortex in the human brain.

The PicSOM system has gone through substantial evolution in both the
statistical features and the detection algorithms employed. Transition
from global image features to the bag-of-visual-words features and re-
cently further to convolutional deep neural network-based features has
been justified in the light of the performed experiments. Overall, during
more than ten years of participation in the TRECVID workshops, the Pic-
SOM system has shown close to state-of-the-art performance in this very
rapidly developing field of research. Details of the implementation and
the history of PicSOM are described in Publication V.

4.6.2 VisualLabel

VisualLabel is a novel and comprehensive integrated open source mul-
timedia content management and access framework. It enables smart
photo services, based on the automated visual content analysis, anno-
tation, search and retrieval state-of-the-art back-ends for services, such
as Flickr and Facebook. VisualLabel automatically organizes the user’s
multimedia data by using state-of-the-art machine learning algorithms to
detect, for example, faces and different objects in the user’s personal col-
lection of images. The framework can also utilize multiple external web
and cloud services (such as Flickr), and offers the end-user a Represen-
tational State Transfer (REST) Application Programming Interface (API)
for multimedia organization and retrieval.

The full description of the system framework and experiments carried
out with it can be found in Publication IV. Our main focus was visual
content analysis and we applied our visual content analysis framework
PicSOM in this task.

68



5. Experimental Evaluations

In this chapter, we focus on summarizing the results of the experiments
which compare the unimodal and multimodal information retrieval ap-
proaches.

First, in Section 5.1, we compare the computational efficiency of non-
linear SVM and the homogeneous kernel map SVM approaches in a video
retrieval task. The computational cost of the current information retrieval
methods is high and therefore the computational efficency is a key issue.
This is especially important for video retrieval because the data size and
the dimensionality of the correspoding features tend to be larger than in
text-only data.

In Section 5.2, we compare the SVM approach and the DBM approach
in uni- and multimodal information retrieval tasks with several differ-
ent settings for single-labeled data. As mentioned in earlier chapters, the
deep learning approach has outperformed all other machine learning ap-
proaches in unimodal information retrieval studies. According to Srivas-
tava et al [106], the Multimodal DBM outperforms the SVM approach in a
multimodal information retrieval study. Hence, we decided to experiment
how and why the DBM approach outperforms general SVM approaches.

Further, in Section 5.3, we experiment with the same machine learning
approaches which are used in Section 5.2, but now on multi-labeled data.
This is because the user’s queries and the required information in a real
situation usually contain multiple concepts.

In Section 5.4, we analyse the usefulness of the pseudo tag approach
for multimodal information retrieval with experimental results and study
auto-annotation of images with tags in order to improve the multimodal

information retrieval.
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5.1 TRECVID Semantic Indexing Task

Visual content information retrieval techniques have improved by using
new machine learning techniques, but most of the algorithms are time-
consuming and the processing times have therefore also increased. In
Publication III and Publication IV, we focused on speeding up the visual
concept detection task on TRECVID data set by using linear approxima-
tion kernel SVM (see Section 3.2.1).

5.1.1 Setup

The TRECVID Video Retrieval Evaluation is one of the TREC annual con-
ferences and workshops organized by the National Institute of Standards
and Technology (NIST) and other U.S. government agencies [77]. This
challenge and competition has been organized since 2003. The main pur-
pose of TRECVID is to advance the content-based retrieval and analysis
of video content through challenges and competitions.

The TRECVID tasks are updated every year because of the progress
of content-based retrieval research and the demands of real-world appli-
cation scenarios. Recent interests of TRECVID have been semantic in-
dexing, surveillance event detection, instance search, multimedia event
detection, localization, and video hyperlinking. The Semantic Indexing
(SIN) task has been organized for many years and our research group
has participated for about a decade. The aim of the task is to develop
new techniques for automatic assignment of semantic content descrip-

tions representing visual or multimodal concepts found in video shots.

5.1.2 TRECVID Dataset

Data sets for the TRECVID SIN task change annually and the past de-
velopment and test datasets are used as the new training dataset. In
2015, 60 visual concepts from the LSCOM ontology [58] such as Airplane,
were extracted and annotated for being used as the test data. The ground
truth labels have been provided yearly after each evaluation has ended.
The training data of 2015 consists of the training data for 2010 and the
testing data for 2010, 2011, and 2012.

The training data contains approximately 3200 Internet Archive videos
I with duration between 3.6 and 4.1 min with total of 50 GB and 200

Ihttps://archive.org/
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features hard neg.
id glob. | BoV | FV | CNN | mining | MXIAP
Row 1 . . 0.1951
Row 2 . . . 0.2722
Row 3 ° ° 0.2843
Row 4 . ° . ° 0.2880

Table 5.1. An overview of our runs submitted for the TRECVID 2014 evaluation. glob.
represents global BoV bag of visual words, Fisher vectors (FV) + VLAD and
convolutional neural network (CNN) features. We submitted four runs: Row1l
uses global and BoV features. Row2 combines BoV, Fisher vector and CNN
features. Row3 uses CNN features with hard negative mining. Row4 combines
BoV, Fisher vector and CNN features with hard negative mining.

hours. Most of the videos have donor annotated metadata information (ti-
tle, keywords, and description). There are two test datasets. One consists
of about 8000 Internet Archive videos with 160 GB and 600 hours in total.
The duration of each video is between 10 s and 3.5 min. The other con-
sists of about 7300 Internet Archive videos with donor annotated meta-
data, and totals 144 GB and 600 hours. The duration of each video is from

about 10 s to 6.4 min and the mean duration is almost 5 min.

5.1.3 Experiments and Results

The TRECVID SIN data has been used in two studies of this thesis: 1)
development of features and classifiers, and 2) speeding up the classifica-
tion. The aim of both experiments is to detect a large number of visual
concepts from the TRECVID dataset. This is the same setting as the
TRECVID SIN evaluation task.

Development of the features and classifiers

The visual concept detectors for the semantic indexing task have been de-
veloped in the PicSOM research group for more than a decade. We have
tried many approaches for this task, such as the Self-Organizing Map
(SOM) and linear and non-linear SVM classifiers. The details of our 10
years of work are described in Publication V. Then, most relevant for the
current thesis in this publication are the experiments in TRECVID 2014.
During these years, we evaluated several alternative techniques used for
implementing visual concept detection. Table 5.1 shows an overview of
our submitted runs, where the four columns in the middle refer to the

used features: global features, BoV features, Fisher vectors + VLAD, and
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CNN features. The next column indicates whether hard negative min-
ing was used, and the rightmost column lists the corresponding mean
extended inferred average precision (MXIAP) [122] values.

Run 1is intended to match our best submission in TRECVID 2013, i.e. to
use the same features, classifiers, and method of fusion [55]. In Run 2, the
Fisher vector [94] and VLAD [6] features and the set of 24 CNN features
were included and the global image features discarded. Run 3 uses only
the CNN features, together with hard negative mining, and Run 4 com-
bines the characteristics of Runs 2 and 3, that is, all SIFT-based and CNN
features, with hard negative mining [5].

The most striking observation of the results is the notable increase in
performance compared to our previous year’s submissions. This is mostly
due to the extended set of features, in particular the CNN activation fea-
tures. By comparing Runs 1 and 2, we observe a 40% increase on MXIAP
induced by the different feature sets.

Second, the mining of hard negatives further improved the results, as
can be observed by comparing Runs 2 and 4, the latter including the min-
ing step and obtaining the highest MXIAP among our runs, 0.2880 (a 6%
increase). The solid performance of the CNN features can furthermore
be observed from Run 3, which contains only the CNN features but still
almost reaches the MXIAP value of Run 4.

03

0.2 - -
0.1 | -
0

Figure 5.1. MXIAP values for all submissions to the TRECVID 2014 semantic indexing
task. Our runs highlighted.

Figure 5.1 shows all runs submitted to the TRECVID 2014 semantic
indexing task, our runs highlighted. In total, there were 75 submissions,
and only the MediaMill group of the University of Amsterdam submitted
runs that were superior to the two best PicSOM runs in their MXIAP

results.

Speeding up the classification
In these experiments, we compared four types of linear and non-linear

kernels for SVM classification: linear SVM (linear), the fusion results
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model 1 50 500 | MXIAP |
linear 47 47 48] 0.107
multi-learn | 4.7 4.8 5.4 | 0.122
hkm-INT | 47 47 52| 0.126
hkm-y2 47 47 52| 0.125

Table 5.2. Processing times (secs) for 1, 50 and 500 concepts and MXIAP scores for the
hand-crafted features of TRECVID2011 dataset. linear represents our base-
line model which used linear SVM classifier only. Multi-learn represents the
fusion results of multiple learning classifiers. Hkm-INT represents SVM with
homogeneous kernel map of intersection. Hkm-x? represents SVM with the
homogeneous kernel map of x? kernel.

model 1 concept (ms) 346 concepts (sec) ‘ MXIAP ‘

linear 0.019 0.0064 0.132
hkm-INT 0.12 0.042 0.191
hkm-y2 0.12 0.041 0.182
pm-INT 0.15 0.052 0.200
pm-y2 0.15 0.051 0.200
Krpr 180 63 0.198
K& 210 74 0.217
Kep, 100 36 0.214

Table 5.3. Processing time and MXIAP scores of TRECVID2012 dataset (SIFT based fea-
ture). Linear, hkm-INT, and hkm-y? are the same setting as in Table 5.2.
Power mean SVM is used with the homogeneous kernel map of intersection
(pm-INT) and x? (pm-x?) kernel. As references of non-linear SVM results, we
used non-linear kernels of RBF kernel (Krpr), the exponential of x? kernel
(K3, and the exponential of intersection kernel (K7/;.).

of multiple learning classifier (multi-learn), homogeneous kernel map of
intersection (hkm-INT) and hkm-x? kernels. Details of these SVM ap-
proaches are described in Section 3.2.1. and the details of the experiments
on the speeding up of the classfication task are in Publication IT and Pub-
lication III.

Table 5.2 shows the feature extraction and detection processing times
and MXIAP score results for 1, 50, and 500 visual concepts in the TREC-
VID2011 semantic indexing task. The performance of the homogeneous
kernel classifiers outperform the linear classifer. The linear approxima-
tion approach did not increase the processing time substantially either,
taken into account the constant time spent in feature extraction.

Table 5.3 further shows a comparison between the linear, linear approx-

imation and non-linear kernel approaches. For non-linear kernels, we ap-
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plied the RBF kernel (Kipr), the exponential intersection kernel (KX f‘ﬁ’T),
and the exponential y? kernel (K7,/7.). In this experiment, we also added
the power mean SVM (pm-INT, pm-y?) which is an alternative approach
to additive kernel approximation (see Section 3.2.2). In the overall re-
sults of Table 5.3, the linear approximation approach (hkm-INT, hkm-
X%, pm-INT, and pm-x?) outperforms the linear SVM. The approximation
methods also showed their performance to be close to the non-linear SVM
without significant increase in processing time. The detailed explanation

of this experiments can be found in Publication III.

5.1.4 Discussion

In recent studies it has been observed that despite their limited accuracy,
semantic concept detectors can be useful in supporting the indexing of
high-level features and querying on multimedia data [40]. This is mainly
because such detectors can be trained off-line with computationally more
demanding supervised learning algorithms and with considerably well-
organized training data compared to what is typically available at query
time. In the real world, the amount of multimedia data on the Internet
is growing rapidly and the users want to have the information as soon as
possible when they use Internet for search purposes. In the experiments
in this section, two linear approximation kernel map approaches, homo-
geneous kernel map and power mean kernel maps, showed great perfor-
mance in reducing the training time cost without loosing the detection
performance.

With our experiments in TRECVID 2014, we have shown that the top
performance obtained in many image classification tasks with deep con-
volutional neural networks can be carried over to semantic video indexing
tasks. For the reasons of computational complexity, we used linear SVM
detectors with homogeneous kernel maps to approximate the intersection
kernel. Combined with the hard negative mining technique in detector
training, the PicSOM group ranked second among 21 participants in the

semantic indexing task.

5.2 Single-label Multimodal Information Retrieval

In this section, we will show a comparison of uni- and multimodal in-

formation retrieval approaches for the concept detection task on MIR-

74



Experimental Evaluations

FLICKR Data [51]. The detailed description of the multimodal DBM and
SVM can be found in Publication I, and Publication VI.

5.2.1 Setup

The main purpose of the experiments was to find out, whether the Multi-
modal DBM or the non-linear SVM with late fusion of unimodal recogni-
tion results is performing better in single-label recognition tasks. We also
evaluated the performance of different visual and textual features we had
available. In addition, we also aimed to determine whether the DBM
pretraining approach or the use of the semantic concept vectors, both uti-
lizing the same auxiliary data, is superior in performance. Most of the
experimental setting is inspired by [106, 105]. The original experiments
contain a comparison between the SVM approach and the DBM approach
for the multimodal classification task on the MIRFLICKR dataset. In or-
der to compare with their results, we decided to use the MIRFLICKR data

set also as our experimental dataset.

5.2.2 MIR Flickr Dataset

MIRFLICKR-25000 is an image collection which consists of 25000 im-
ages downloaded from the social photography site Flickr.com [51]. It is
offered by the LIACS Medialab at Leiden University, The Netherlands,
and the images are freely available for scientific experimenting. The im-
age selection has been done according to "interestingness" as is defined by
Flickr.com. The "interstingness" is based on where the click-throughs are
coming from, who comments on the image and when, who marks it as a
favorite, its tags, and many more things which are constantly changing
[30]. Because of adding new users’ interests to Flickr over time, the inter-
estingness also changes over time. User-annotated Flickr tag and EXIF
metadata files are also contained in the dataset.

The release also provides manual annotation of the whole image dataset.
In order to make it easy to extend the annotation with new keywords with-
out the need to go through the whole dataset, the annotation scheme is
set with two step levels: relevance level and abstraction level. In the rel-
evance level, each concept or topic was annotated for all images where
it is visible or applicable to at least to some extent. These labels were
named potential labels. Then, using the potential labels, the images with

relevant labels were annotated by a single annotator. In the abstraction
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level, the annotation was based on a semantical hierachy so that, for ex-
ample, dog and cat as relevant labels are annotated as the abstract level
animal. The dataset contains 38 annotated concept categories including
scene categories, such as sky, river, lake, and object categories, such as
portrait, people, car, and 94 child categories such as day, sun, baby, male,
under the corresponding super categories.

The developers of MIRFLICKR-25000 have also provided MIRFLICKR-
1M which is an extension of MIRFLICKR-25000. MIRFLICKR-1M con-
sists of the core MIRFLICKR-25000 images and additional 975,000 im-
ages downloaded from Flickr.com. These new images are also selected
based on the "interestingness" score by Flickr. They are unannotated
but the user-given Flickr tags, such as “beach”, “coast”, “ocean”, “pacific”,
“shore”, etc, and EXIF metadata files, such as uploading time, have been

provided.

5.2.3 Experiments and Results

For our experiments we implemented a setting similar to what Srivastava
et al used in [106, 105] with the MIRFLICKR-1M dataset. For the multi-
modal DBM experiments the method is described in Section 4.2.5 and the
SVM methods are described in Section 3.2.1.

For the text feature inputs v,, we used the same K = 2000 sized vo-
cabulary of the most common tags as used in the work [106, 105]. This
feature is in the following result Tables, referred to as text. Addition-
ally we also used 200-dimensional word2vec features [74], referred to as
wordZ2vec. In order to compare the image classification results, we used as
the image features u, the PHOW, Gist and MPEG-7 based features (the
concatenated dimensionality I = 3857) provided in [106] and referred to
as PHOW, etc. Our own DCNN GoogLeNet activation features (L = 2048)
(see details in Section 3.1.2) are shown as GoogLeNet in the results.

The number of hidden units in each DBM layer was the same as in
[106]. For the MIRFLICKR-1M dataset, we set the dimensionality of the
text hidden layers hl()l) and hz(,2) (as in Section 4.2.5) to F' = 1024. For the
first image hidden layer h((ll) is F' = 2048 and F = 1024 for the second
hidden layer hff). The multimodal joint layer h(®) has again F = 2048
hidden units. Following the original procedure, we used the DBM model
with and without pre-training with the 975,000 unannotated images that
have tags only. The use of DBM pre-training, which can be seen as an

alternative to using the semantic concept vectors (described in Section
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3.1.3), is indicated as pre-t in the results, whereas the use of the semantic
concept vectors is shown as tags.

Similarly to the original results, we performed each experiment five
times, always using 10,000 objects for training, 5,000 objects for valida-
tion and the remaining 10,000 objects for testing. The experiments with
the MIRFLICKR-1M dataset were repeated twice, first with the 38 con-
cept categories and then with the 94 categories.

In general, the optimal weights for the SVM classifiers’ late fusion were
selected with cross validation with the 38 concept categories and the same
weights were then applied also to the 94 categories.

For MIRFLICKR-1M dataset, we used the semantic concept vectors (L =
500) as additional features. They were used primarily to train separate
“semantic” unimodal SVM models. With the Multimodal DBM model,
we also experimented by concatenating the semantic concept vectors with
the image input features, instead of using the DBM pretraining approach
[106].

The margins of error shown in the MIRFLICKR-1M dataset results are
based on the estimated standard deviation of the 5-fold cross validation
results.

The results of the experiments with the MIRFLICKR-1M dataset are
shown in Tables 5.4 and 5.5 for the 38 and 94 concept cases, respectively.
The performances are measured as the mean average precision (MAP)
(see Section 2.4.2), the precision at rank 50 (Prec@50) (see Section 2.4.2)
and the average area under the ROC curve (aAUC) (see Section 2.4.3).
The result rows have been labeled so that the corresponding methods in
the two tables always have the same label. Based on the results with the
38 MIRFLICKR-1M concepts, we decided not to use the linearly approx-
imated intersection SVMs nor the word2vec features in the experiments
with the 94 concepts. Consequently, the corresponding rows are missing
in Table 5.5.

Rows A1-A3 show the results with the image only unimodal models
trained without using the 975,000 unannotated images for pretraining
nor as semantic concept tags. Rows A4—A8 are results with text-only uni-
modal models by using the binary tag information or word2vec features.
Rows A9 and A10 show results with only semantic concept vectors. Rows
A1l and A12 are results with the multimodal models using the visual and
textual but not semantic features Rows A13—-A17 show models combining

image information either with the semantic concept vectors or by using
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model image text pre-training MAP Prec@50 aAUC

Al | DBM GoogLeNet — — 0.723+0.004 | 0.915+0.003 | 0.9415+0.0005
A2 | LIN GoogLeNet — — 0.702+0.007 | 0.903+0.005 | 0.9309+0.0039
A3 | RBF GoogLeNet — — 0.721+0.004 | 0.905+0.004 | 0.9417+0.0010
A4 | DBM — text — 0.488+0.004 | 0.829+0.008 | 0.8175+0.0020
A5 | LIN — text — 0.421+0.010 | 0.709+0.016 | 0.7709+0.0019
A6 | RBF — text — 0.490-:0.006 | 0.805+0.014 | 0.8112+0.0014
A7 | LIN — word2vec | — 0.267+0.004 | 0.420-+0.008 | 0.7286+0.0041
A8 | RBF — word2vec | — 0.466+0.003 | 0.798+0.008 | 0.8108+0.0024
A9 | DBM — — semantic 0.729+0.005 | 0.916+:0.004 | 0.9446+-0.0010
A10 | RBF — — semantic 0.720+0.003 | 0.901+0.005 | 0.9415+0.0010
All | DBM GoogLeNet text — 0.745+0.003 | 0.923+0.003 | 0.945240.0004
A12 | RBF GoogLeNet 70% | text 30% | — 0.741+0.003 | 0.911+0.005 | 0.9467+0.0003
A13 | DBM [106] | PHOW, etc. — pre-t 0.469+0.005 | 0.803+0.005

Al4 | DBM PHOW, etc. — pre-t 0.475+0.002 | 0.753+0.002 | 0.8585+0.0010
Al5 | DBM GoogLeNet — pre-t 0.727+0.003 | 0.918+0.004 | 0.9429+0.0006
Al6 | DBM GoogLeNet — semantic 0.731+0.003 | 0.919+0.005 | 0.9460+0.0003
Al17 | RBF GoogLeNet 50% | — semantic 50% | 0.735+0.003 | 0.909+0.004 | 0.9471+0.0003
A18 | DBM — text pre-t 0.511+0.004 | 0.834+0.005 | 0.8495+0.0005
A19 | DBM [105] | — text pre-t 0.531+0.005 | 0.832+0.004

A20 | DBM — text semantic 0.734+0.002 | 0.916+0.004 | 0.9426+0.0010
A21 | RBF — text 25% | semantic 75% | 0.740+0.002 | 0.909:0.006 | 0.9462+0.0012
A22 | DBM [105] | PHOW, etc. text pre-t 0.531+0.005 | 0.832+0.004

A23 | DBM [105] | PHOW, etc. text pre-t 0.609+0.004 | 0.873+0.004

A24 | DBM [106] | PHOW, etc. text pre-t 0.641+0.004 | 0.888+0.004

A25 | DBM GoogLeNet text pre-t 0.748+0.003 | 0.919:+0.005 | 0.9467+0.0007
A26 | DBM GoogLeNet text semantic 0.753+0.003 | 0.925::0.005 | 0.9452+0.0007
A27 | RBF GoogLeNet 37.5% | text 25% | tags 37.5% 0.7524+0.002 | 0.915+0.006 | 0.9506+0.0007

Table 5.4. MIRFLICKR-1M 38 concept classification results with different models. LIN
= linear SVM, RBF = non-linear RBF kernel SVM, text = 2000-dimensional
0/1 tag features, word2vec = 200-dimensional word2vec features, pre-t = DBM
pre-training performed with 975,000 unannotated images and/or tags, PHOW,
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model | image text additional MAP Prec@50 aAUC

Al | DBM | GoogLeNet — — 0.405+0.004 | 0.550-:0.006 | 0.8998+0.0008
A3 | RBF | GoogLeNet — — 0.439+0.006 | 0.570-£0.003 | 0.8958-+-0.0004
A4 | DBM | — text — 0.270+0.003 | 0.456+0.007 | 0.7630+0.0016
A6 | RBF | — text — 0.262+0.007 | 0.430+0.007 | 0.7412+0.0053
A9 |DBM | — — sem 0.422+0.003 | 0.565--0.005 | 0.9009-+-0.0010
Al10 | RBF | — — sem 0.429+0.005 | 0.559+0.001 | 0.8924+0.0005
A1l | DBM | GoogLeNet text — 0.458+0.004 | 0.594:+0.008 | 0.9008-+0.0012
A12 | RBF | GoogLeNet 70% | text 30% | — 0.458+0.003 | 0.582+0.002 | 0.8993-+0.0038
Al15 | DBM | GoogLeNet — pre-t 0.437+0.004 | 0.573+0.005 | 0.9001+0.0005
A16 | DBM | GoogLeNet — sem 0.441+0.004 | 0.580-+0.008 | 0.9012+0.0012
A17 | RBF | GoogLeNet 50% | — sem 50% | 0.449+0.005 | 0.57740.002 | 0.9039--0.0013
Al18 | DBM | — text pre-t 0.287+0.002 | 0.463+0.007 | 0.7921+0.0030
A20 | DBM | — text sem 0.426+0.004 | 0.568+0.009 | 0.8944+0.0030
A21 | RBF | — text 25% | sem 75% | 0.449+0.004 | 0.579-0.005 | 0.8972:-0.0046
A25 | DBM | GoogLeNet text pre-t 0.459+0.003 | 0.599-£0.008 | 0.9020+:0.001

A26 | DBM | GoogLeNet text sem 0.464+0.005 | 0.600-:0.009 | 0.9045:+0.001

A27 | RBF | GoogLeNet 37.5% | text 25% | sem 37.5% | 0.467+0.003 | 0.591+0.003 | 0.9069-+0.001

Table 5.5. MIRFLICKR-1M 94 concept classification results with different models. RBF
= non-linear RBF kernel SVM, text = 2000-dimensional 0/1 tag features, pre-t
= DBM pre-training performed with 975,000 unannotated images and/or tags,
sem = semantic concept vectors. Best results in each group are bolded.

DBM pretraining. Rows A18-A21 contain results where the unimodal
text models were used either with unimodal semantic models by using
DBM pretraining. Finally, rows A22—A27 are the recognition results of
either genuinely multimodal DBM image-text models or three post-fused
unimodal SVM models.

In all cases where the SVM detectors of multiple modalities or features
have been combined (i.e. the rows A12, A17, A21 and A27) the weight
percentages are shown in the table. The multimodal combination of the
DBM results was always performed by using the Multimodal DBM model.

Row A23 shows the best multimodal model in [105]. In this case, the
text input was not clamped and the model was allowed to update the text
input layer when performing the mean-field update. Similarly, row A24 is
the best multimodal result of [106], where various additional techniques
were used to improve the MAP result.

Comparing the performance of different features, in rows A13 vs. A15
and A24 vs. A25, it is clear but unsurprising that the GoogLeNet fea-
tures outperformed the PHOW-based and other hand-crafted features. In
the text modality, rows A5 vs. A7 and A6 vs. A8, the 200-dimensional
word2vec features gave disappointing result compared to the full 2,000-
dimensional binary text features. Also, the semantic concept vector fea-
tures, when combined with either the visual or textual unimodal model,

gave a significant improvement in the MAP results in rows A15 vs. Al6,
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A6 vs. A20, and A25 vs. A26.

Comparing the classification models, the non-linear RBF kernel SVM
outperformed the linear homogeneous kernel map SVM, in rows A2 vs. A3
and A7 vs. A8. Comparing the RBF SVM and the DBM models is not as
straightforward. The RBF SVM tends to show slightly better performance
in the mean average precision measure, especially in the case of 94 con-
cepts. On the other hand, DBM seems to be better in the rank 50 precision
measure. We can also observe that the DBM approach performs slightly
better than RBF SVM in the text modality in rows A4 vs. A6. In rows A9
vs. A10 we can see that at least for the 38 concepts, the unimodal DBM
model can use the semantic concept vectors more efficiently than the RBF
SVM classifier. Rows A18 vs. A20 also show that the semantic concept
vectors are more useful inputs to the DBM model than the use of pre-
training. Obviously this is due to the strong visual discrimination power
of the semantic concept feature.

Finally, based on the results in rows A22-A27, it is evident that the
multimodal results are better than either visual or textual unimodal re-
sult alone. It also seems in rows A1l vs. A25 that the DBM pretraining
with the extra 975,000 images is not necessarily beneficial at all in this
dataset. Overall, we can conclude that the DBM and RBF SVM methods
are performing equally well within the margins of statistical variation.
However, the MAP and Prec@50 measures are more favorable to DBM,
while RBF SVM in general shows better performance in the aAUC mea-

sure.

5.2.4 Discussion

Table 5.6 shows some examples of concept-wise differences between the
unimodal and multimodal results in the MIRFLICKR-1M dataset. The
columns titled “row A3” and “row A12” show the MAP values of the corre-
sponding rows in Table 5.4. The following columns show the differences
between those two values for the corresponding concepts. On the baby
and sea_r1 rows, the differences are positive, which means that the multi-
modal mean average precision is higher than the visual unimodal. On the
the other hand, the multimodal approach affects slightly negatively the
clouds and tree concepts. These observations hold for both the RBF SVM
method (rows A3 vs. A12) and the Multimodal DBM (rows A15 vs. A25).
Actually, we picked in Table 5.6 those two concepts among the set of 38

which displayed the largest absolute positive and negative changes be-
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Figure 5.2. Two positive example images for MIRFLICKR-1M concept sea_r1. Left:
Ranking improved with multimodal approach. Right: Ranking worsened
with multimodal approach. See text for details.

Figure 5.3. Two false positive example images for MIRFLICKR-1M concept sea_r1. Left:
False recognition became less probable with multimodal approach. Right:
False recognition became more probable with multimodal approach. See text
for details.

tween the results in rows A3 vs. A12 and similarly two concepts in rows
A15 vs. A25. Of the 38 concepts, 32 benefited from the multimodal ap-
proach when the RBF SVM was used, and 30 with the Multimodal DBM.
Four concepts, clouds, river_r1, sky and tree, suffered from the multimodal
approach with both models. We can thus see that even though some con-
cepts suffer in the MAP from the multimodal fusion, this effect is negli-
gible compared to the benefit that some other concepts obtain. Neverthe-
less, the multimodal approach seems not to be always beneficial for all
types of image—text contents.

Figure 5.2 shows two example images of the concept sea_rl where the

ranking of the image improved (on the left) or worsened (on the right)

‘ concept ‘ row A3 row Al2 diff | row A15 row A25 diff

baby 0.451 0.523 0.073 0.449 0.521 0.072
clouds 0.807 0.801 -0.006 0.798 0.796 —0.002
sea_rl 0.452 0.589 0.137 0.488 0.571 0.083
tree 0.773 0.773 -0.000 0.760 0.751 -0.009

Table 5.6. Examples of concept-wise MAP measure differences between unimodal and
multimodal results in MIRFLICKR-1M. The row labels refer to the corre-
sponding results in Table 1.
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when changing from the visual unimodal method (row A3) to the multi-
modal fusion (row A12). The user-given tags for the left image are “beach”,
“coast”, “ocean”, “pacific”, “shore”, etc. Most of them really are related to
the sea, hence the tags have a positive effect and lead to better ranking of
the image. The tags of the right image are “shutter”, “slow”, and “speed”,
and they are not related to sea at all. Therefore, the tag information can
be regarded as noise and it affects the image’s ranking negatively in this
case.

Figure 5.3 shows two example images where false recognition to concept
sea_rl is becoming either less (on the left) or more (on the right) proba-
ble due to the multimodal approach. For the left image, the user-given
tags include “buildings”, “city”, “newyork”, “streets”, “urban”, which are
clearly not related to sea and make it less probable to classify the image
as a “sea view”. On the other hand, for the right image, the tags include
“beach”, “cinema”, “coast”, “ocean” and “pacific”, some of which are related
to sea. Such tag information thus misleads the multimodal classification
and increases the false recognition rate from the visual unimodal case.

To summarize, our examples on the concept and individual image lev-
els show that, inevitably, some concepts and some images benefit and
some suffer from the tag-based additional textual input to the multimodal
recognition system. On average, however, the gains are larger in magni-

tude than the losses.

5.3 Multi-label Information Retrieval

In this section, we will study multi-modal information retrieval approaches
for the concept detection task in a multi-label dataset. The detailed de-
scription of the approach and experimental results can be found in Publi-

cation I.

5.3.1 Setup

In Section 5.2, we showed that the multimodal information retrieval ap-
proach performs well in single-label recognition task. However, for the
multi-label case, does the multimodal approach work as well as in the
single-label case? The main goal of the experiments in this section was to
find out, how the multimodal information retrieval appproach performs

in multi-label recognition tasks.
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The experimental setting is mostly inspired by [67]. For a reference
result, unlike in the original experiments, we also evaluate single-label
results in the same setting as in Section 5.2. In order to compare with the
results in [67], we decided to use the NUS-WIDE dataset [16].

5.3.2 NUS-WIDE Dataset

The NUS-WIDE dataset has been collected by Chua et al [16] at the Na-
tional University of Singapore. The dataset consists of 269,648 images
with associated tags from Flickr. In total, the images contain 5,018 unique
tags, such as "television”. In the database the 1,000 most common tags,
such as "nature”, excluding stop words, have been identified.

Manually annotated ground truth for 81 concept labels is also provided.
The 81 concepts are categorized into six super categories of scene, object,
event, program, people and graphics. There exist both general concepts,
such as animal, and specific concepts, such as dog. The labels are not mu-
tually exclusive, which means that the database can be used in multi-label
recognition experiments. Neither is it required that all images should
have any label. Consequently, approximately 22% of the images have
no label. The most common single label is person followed by animal,
whereas clouds+sky is the most common combination of more than one
label. The first 161,789 images are provided as the training data and the
remaining 107,859 as the test data.

Six types of low-level visual features (color histogram, color correlogram,
edge direction histogram, wavelet texture, block wise color moments, and
BoV SIFT) are readily available in the dataset. The Mulan project [31]
also provides VLAD features which were used in the experiments of [67].
We have used them too for obtaining comparable results. As the text fea-
tures in our experiments, we use the 1,000-dimensional binary tag vectors

provided in the dataset.

5.3.3 Experiments and Results

When experimenting with the NUS-WIDE dataset, we used as image fea-
tures the GoogLeNet activation vectors (L = 2048) and the VLAD features
(L = 128) in order to get results comparable with [67]. For the text fea-
tures, we used the readily available K = 1000 tag vocabulary binary vec-
tors. The hidden layer sizes we used with the NUS-WIDE dataset were
the same as with the MIRFLICKR-1M dataset except that the first text
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model image features text sem. MAP | Prec@50 | aAUC | ssACC
Bl | CBM-LR | VLAD — — — — — 0.273
B2 | CBM-GB | VLAD — — — — — 0.265
B3 | DBM VLAD — — 0.126 | 0.337 | 0.8290 | 0.226
B4 | DBM GoogLeNet — — 0.426 | 0.754 | 0.8638 | 0.226
B5 | RBF VLAD — — 0.135 0.331 0.8410 | 0.238
B6 | RBF GoogLeNet — — 0.384 | 0.658 | 0.9425 | 0.285
B7 | DBM — text — 0.508 | 0.778 | 0.9380 | 0.300
B8 | RBF — text — 0.432 0.684 0.9292 | 0.247
B9 | DBM — — sem. 0.389 0.713 0.9336 | 0.325
B10 | RBF — — sem. 0.358 | 0.601 | 0.9435 | 0.284
B11 | DBM VLAD text — 0.532 | 0.810 | 0.9480 | 0.312
B12 | DBM GoogLeNet text — 0.612 0.890 0.9722 | 0.357
B13 | RBF VLAD 25% text 75% | — 0.461 | 0.737 | 0.9470 | 0.259
B14 | RBF GoogLeNet 50% | text 50% | — 0.537 | 0.806 | 0.9688 | 0.287
B15 | DBM VLAD — sem. 0.393 0.704 0.9423 | 0.322
B16 | DBM GoogLeNet — sem. 0.429 | 0.753 | 0.9432 | 0.328
B17 | RBF VLAD 20% — sem. 80% | 0.366 | 0.622 | 0.9506 | 0.285
B18 | RBF GoogLeNet 60% — sem. 40% | 0.399 0.668 0.9466 | 0.287
B19 | DBM — text sem. 0.615 | 0.881 | 0.9708 | 0.369
B20 | RBF — text 60% | sem. 40% | 0.532 | 0.799 | 0.9664 | 0.285
B21 | DBM VLAD text sem. 0.618 | 0.878 | 0.9718 | 0.369
B22 | DBM GoogLeNet text sem. 0.628 | 0.893 | 0.9722 | 0.368
B23 | RBF VLAD 15% text 50% | sem. 35% | 0.533 | 0.784 | 0.9695 | 0.288
B24 | RBF GoogLeNet 37.5% | text 37.5% | sem. 25% | 0.537 | 0.811 | 0.9696 | 0.290

Table 5.7. NUS-WIDE 81 classification results with different models. text = 1,000-
dimensional 0/1 tag features, sem. = 500-dimensional semantic concept vec-
tors. Results B1 and B2 are from [67]. Best results in each group are labeled.

hidden layer hlgl) was sized F' = 512 due to the smaller input dimension-
ality. Also, when using the VLAD or the semantic concept features alone,
the image hidden layer sizes for h(gl) and h'? were set to F' = 256 and
F = 512, respectively. In these cases, the multimodal joint layer h®® had
F = 1024 hidden units. These configurations were selected because they
yielded the best performances in our initial experiments.

Same as the experiments on the MIRFLICKR-1M dataset (Section 5.2),
we used the semantic concept vectors (L = 500) as additional features.
For the DBM training, we randomly split the 161,789 image training set
to 151,789 images for the actual model training and kept 10,000 images as
validation data. We performed each classification experiment once with
the 107,859 test images. With the NUS-WIDE dataset all experiments
were performed only once and consequently we do not show error margins.

Table 5.7 shows the experimental results on the NUS-WIDE dataset.

The performance is again measured as the mean average precision (MAP)
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(see Section 2.4.2), the precision at rank 50 (Prec@50) (see Section 2.4.2),
and the average area under the ROC curve (aAUC) (see Section 2.4.3). As
the NUS-WIDE dataset is multi-labeled, an additional label subset accu-
racy (ssACC) [67] measure is used (see Section 2.4.4). In practice, it shows
the fraction of recognition where the set of recognized labels matches the
ground truth labels exactly. DBM pretraining was not an option with the
NUS-WIDE dataset because a large number of auxiliary images with tags
were not available as was the case with the MIRFLICKR-1M dataset.

Rows B1 and B2 are the reference results from [67]. Bl used Condi-
tional Bernoulli Mixture (CBM) models trained with linear regression
(CBM-LR), while B2 was a CBM model trained with gradient boosting
(CBM-GB). The details of these novel CBM approaches can be found in
[67]. Rows B1-B6 show the unimodal image classification results with
all the used models and features. Rows B7 and B8 show the unimodal
text results. Rows B9 and B10 contain results when semantic concept
vectors were used as the only feature. Rows B11-B14 show the image—
text classification results with no semantic input. Rows B15-B18 are the
image results together with the semantic concept vectors. Rows B19 and
B20 present the combined text and semantic classification. Finally, rows
B21-B24 show the results when all three modalities have been used in
recognition.

With this dataset, it seems that both the unimodal DBM models and
the Multimodal DBM are generally performing much better than the non-
linear RBF SVM - even though the late fusion weights (shown as percent-
ages in the table) for the latter had been optimized in an unorthodox way
on the testing data. There is no straightforward explanation to this quali-
tatively different behavior between the two datasets MIRFLICKR-1M and
NUS-WIDE.

In all the experiments with image features, it is obvious that the Goog-
LeNet features outperform the VLAD features, which of course is no sur-
prise. Consequently, the VLAD features benefit greatly when they are
combined together with the text and/or semantic features. Also the Goog-
LeNet features’ performance is somewhat improved from combination with
the semantic features, but not as clearly.

Again, the multimodal methods, with both the Multimodal DBM and
RBF SVM with late fusion techniques, are better than any of the unimodal
methods. This is especially clear in the Multimodal DBM results with the

label subset accuracy which exceeds the reference results in [67] with a
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Figure 5.4. Left: Correctly multi-label recognized image, whose true labels are animal
and flower. Right: Failed multi-label recognition case, whose true labels are
animal, grass, mountain, and sky.

notable margin.

5.3.4 Discussion

Figure 5.4 shows two examples of multi-label recognition in the NUS-
WIDE dataset with the Multimodal DBM. The image on the left is a cor-
rectly multi-labeled case. The user-given tags used as the binary text fea-
ture for that image are “adult”, “june”, “butterfly”, “interesting”, “quality”,
“brown”, “flower”, and “green”. The true and system’s generated labels for
it are animal and flower. Both the visual and textual unimodal DBMs
are only capable of recognizing either one of the two labels, but the Mul-
timodal DBM can recognize both labels correctly.

The image on the right in Figure 5.4 is an example of a failed case.
It is tagged as “travel”, “california”, “zoo”, “africa”, “family”, “holiday”,
“lion”, and “african”. In this case, the classifier could only detect animal
whereas the ground truth additionally included labels grass, mountain
and sky. It seems the classification of background of the image, such as
sky is a harder task than the recognition of the objects in the image, such

as animal.

5.4 Multimodal Experiments with Pseudo Tags

Multimodal learning experiments, both unsupervised and supervised, need
to have datasets which consist of cross-domain information resources,
such as tags and images. It is possible to directly use real-world datasets,
such as tagged images uploaded on the world wide web. However, for sci-
entific experiments, we also need to prepare a suitable amount of labeled
data. For unsupervised learning tasks, we need the labeled data only for

validation and testing. On the other hand, in supervised learning tasks,
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the quality and quantity of the training data will affect the results of the
experiments. Even when using the same learning model, the result will
vary because of differences in the data. For example, if the used dataset
contains only images of plants to learn a classifier model for image con-
cepts, the resulting classifier model will be good at classifying concepts
related to plants, but not for other concepts. It will also be problematic
if only a relatively small amount of training data is available. In this
case, the classifier will become restricted. For instance, it could recog-
nize a Volkswagen which is similar to the picture of a Volkswagen in the
training data set, but could not classify another otherwise similar Volk-
swagen which has some different characteristics such as viewing angle,
color, type, etc. Therefore, it is always beneficial to have a large amount
of well-annotated training data.

Labeled data is usually annotated by humans. It is very time consum-
ing to annotate large datasets with human effort. In multimodal infor-
mation retrieval studies, it is necessary to have both multimodal queries
and corresponding data to assess the performance of the system, because
unimodal queries usually cannot be directly applied in the other data do-
main. As it is very difficult to prepare a perfectly annotated large mul-
timodal dataset, multimodal information retrieval might not work well
due to lack of sufficient training data. It is, however, possible to improve
the retrieval performance by using the pseudo tag generation approach
introduced earlier. In this section, we will show the details of pseudo tag
generation and analyse its influence on the results of the multimodal in-

formation retrieval task.

54.1 Setup

In this section, we study the impact of our new approaches for pseudo
tag generation, as described in Sections 4.3.2 and 4.3.3, on multimodal
classification results. In this part of the experiments, we applied DBM
as the main classifier and used SVM only as a supplemental classifier for
the purpose of constructing the similarity map. The purpose of these ex-
periments was to see 1) how the use of GoogLeNet and semantic concept
features affects the results of DBM classification, and 2) further impact
of our new approach for pseudo tag generation on the classification re-
sult. Detailed results of the multimodal DBM search task with pseudo
tag generation have been presented in Publication VII.

The multimodal information retrieval task results are comparable to
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the single-label results in Table 5.4 of Section 5.2. In the pseudo tag
experiments, we only focused on the 38 concept detection task in the
MIRFLICKR-1M dataset. We wanted to see the overall performance of
the pseudo tag generation process and pick up and analyse some particu-
lar examples in which the pseudo tags either improve or make the results
worse.

The pseudo tag generation process requires a map or dictionary of cross-
domain semantics. In order to produce the semantic similarity map, an-
notated multimodal data are needed. Wikipedia articles usually contain
an example image and a detailed explanation of the topic of the article.
That is, the visual concepts of the example image and the latent topic in
the article text can be assumed to be semantically related. Therefore, we
chose a Wikipedia article dataset as the training data set for the semantic

similarity map.
5.4.2 ImageCLEF 2010 Wikipedia Collection

The ImageCLEF 2010 Wikipedia collection consists of 237,434 copyright
free images and articles in three language versions: English, German
and French, dumped in September 2009 [52]. Basically the dataset is a
collection of Wikipedia articles which have versions in all the three lan-
guages and are illustrated with at least one image in each version. 70,127
images have only English articles, 50,291 of them have only German arti-
cles, 28,461 have only French articles, 26,880 have English and German
articles, 20,747 have English and French, 9,646 have German and French
and, 22,899 have all the three language versions, whereas 8,144 of them
are in other languages, and 239 images have no textual annotation.

The dataset was used in ImageCLEF’s Wikipedia Retrieval task which
was one of the evaluation tasks in ImageCLEF 2011. According to Im-
ageCLEF’s website 2, this task provided a testbed for the system-oriented
evaluation of visual information retrieval from a collection of Wikipedia
images and articles. The task was specified with multilingual textual
queries and up to five example images describing a user’s multimedia
information need. It was assumed that the user wants to find as many
relevant images as possible from the Wikipedia image collection. Unfor-
tunately, this task ended in 2011, and we could not thus participate in

it. However, we could use the dataset to create the semantic similarity

2https://wwwimageclef.org/
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needed in the experiments presented in this section.

5.4.3 Experiments and Results

In these experiments, which are detailed in Publication VII, we mainly
focused on the pseudo tag generation approach which is described in Sec-
tion 4.3.2. The dimensionality of the textual feature based on the gener-
ated supervised pseudo tags was K = 5631 and that of the unsupervised
pseudo tags was K = 6193. The generated pseudo tag vocabulary included
the original 2,000 words in [106, 105]. Our semantic concept vectors are
500-dimensional features as in the previous experiments. In these ex-
periments, we concatenated them with the 2048-dimensional GoogLeNet
features for the image and multimodal classification tasks and used these
vectors (L = 2548) as the image inputs u, to train the multimodal DBM
together with the original binary text feature vectors (K = 500). The other
settings are the same as in the single-label experiments in Section 5.2.

For the pseudo tag experiments, we used R = 38 classes for detection
and chose C; = 50 topic clusters for the similarity map. We used the
unlabeled MIRFLICKR-1M data for pre-training the DBM, and the Im-
ageCLEF Wikipedia article dataset for training the LDA model described
in Section 2.2. For the pseudo tag generation, we extracted for each image
the top 20 most matching words by taking into account n = 8 top detected
image concepts and top m = 5 most similar topics for each concept. In
order to reduce the running time, we limited to calculate only the top 200
words for each topic.

For the unsupervised pseudo tag generation, we extracted C;* = 50 LDA
topics from the Wikipedia articles. We used these 50 topics as pseudo
labels and trained a DBM image classifier on the Wikipedia images. By
inferring 50 topics on the MIRFLICKR-1M images we got a vector of the
probabilities of the 50 topics in each image. Based on these probabilities,
we randomly chose words as the pseudo tags for each topic. For example,
if the probability of topic A was 0.02, we randomly picked two words from
the top 100 words which had been assigned to topic A. We had also set the
maximum of 10 words as a limit for each topic in the experiments.

In Table 5.8, the rows labeled C1-C5 represent the pseudo tag model,
whereas the other models whose labels start with A are from the results
of Table 5.4 in Section 5.2.

Row C1 is the best text-based unimodal approach in [105]. Row C2 is

the result where we have used our proposed supervised method for gen-
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‘ ‘ model MAP Prec@50
A13 | image (PHOW, Gist, MPEG-7) [106] 0.469 + 0.005 | 0.803 £ 0.005
Al4 | image (PHOW, Gist, MPEG-7) 0.475 £ 0.002 | 0.753 + 0.002
A15 | image (GoogLeNet) 0.727 £ 0.003 | 0.918 £+ 0.004
A16 | image (GoogLeNet + semantic concept vectors) | 0.731 + 0.003 | 0.919 + 0.005
Al18 | text 0.511 + 0.004 | 0.834 £+ 0.005
C1 | DBM-GenText [105] 0.531 + 0.005 | 0.832 + 0.004
C2 | text + generated pseudo tags 0.684 + 0.003 | 0.886 + 0.005
A20 | text + semantic concept vectors 0.734 + 0.002 | 0.916 + 0.004
C3 | text + unsupervised pseudo tags 0.528 +0.004 | 0.783 + 0.006
A23 | joint (PHOW, Gist, MPEG-7) [105] 0.609 + 0.004 | 0.873 + 0.004
A24 | joint (PHOW, Gist, MPEG-7 ) [106] 0.641 + 0.004 | 0.888 £+ 0.004
A25 | joint (GoogLeNet) 0.748 £ 0.003 | 0.919 + 0.005
C4 | joint (GoogLeNet + generated pseudo tags) 0.746 + 0.003 | 0.925 + 0.005
A27 | joint (GoogLeNet + semantic concept vectors) | 0.753 + 0.003 | 0.925 + 0.005
C5 | joint (GoogLeNet + unsupervised pseudo tags) | 0.717 + 0.004 | 0.917 £+ 0.005

Table 5.8. Classification results with different features and uni- and multimodal mod-
els. Results of [106] were obtained using additionally sparsity, fine-tuning and

dropout. Best results in each group are bolded.

erating additional pseudo tags with the similarity map. Row C3 is the re-
sult with the pseudo tags generated by using the unsupervised approach.
The additional pseudo tags with the similarity map (row C2) and the se-
mantic concept vectors (row A20) show significant improvements over the
baseline rows A18 and C1, but the unsupervised approach for generating
additional pseudo tags (row C3) did not show any improvement. In the
similarity map approach for pseudo tag generation we use the visual con-
cept classification results for each image. Therefore, it is not fully appro-
priate to directly compare similarity map result with the original purely
unimodal results. However, we can at least conclude that the use of the
pseudo tags improves the classification results.

Row C4 shows the result with GoogLeNet features and tags which in-
clude the generated pseudo tags as the input. Row C5 is the joint classi-
fication result with the GoogLeNet features and composite unsupervised
binary vectors as the input. In the unimodal test case, the use of addi-
tional information showed better performance than the baseline, but com-
paring the multimodal results (rows A25, C4, A27 and C5), the additional
information from the pseudo tags did not show that much improvement.
In the case of unsupervised tags, the multimodal approach actually made

the results worse.
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Detected "structure,” "indoor,” "male,” "sky,” "people,”
concepts "female," "night," "people_r1"
Original tags night, uk, tower, university, Birmingham, clock

web, city, people, world, building,
university, station, news, air, national,
American, buildings, tower, thumb, road,
population, public, rail, bridge, york
tombs, bomb, paris, platform, black, easter,
Unsupervised tags kingdom, railways, arab, michael, commonwealth,
chinatown, mosques, surrounding, outside, courtyard,
institute, ancient, union, philadelphia, ceiling,
construction, project, called, memorial, parish,
european, congress, centre, students, coat, - - -

Generated tags

Figure 5.5. Example of pseudo tag generation for a tagged image.

Unfortunately we cannot directly compare the exact running times of
the different approaches because the Multimodal DBM was implemented
for a GPU whereas the SVM experiments were run on conventional CPUs.
With a Tesla M2090 GPU, the unimodal processing of 25,000 images or tag

vectors took 58 seconds, and that of the multimodal data took 67 seconds.

5.4.4 Discussion

Figures 5.5 and 5.6 show examples of the pseudo tag generation where the
similarity map between the visual concepts and the text topics has been
used. The tower picture example in Figure 5.5 has the original Flickr tags
shown in the figure. As can be seen, the visual DBM concept detection of
this image is not performing especially well. However, two out of the six
original tags, unversity and tower, are seen in the generated tags. Con-
cerning the unsupervised tags, there are several tags which are related
to the image, but do not appear in the original tags, such as courtyard,
institute, surrounding and outside. However, there are many tags which
do not correspond to the images, such as human names, and also wrong

names for the places.
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Detected "transport,” "structure,” "car_r1," "plant_life,”
concepts "car," "tree," "people,” "female"

Original tags (no tags)
car, cars, city, world, web,
auto, engine, aircraft, convert, transport,
automobile, national, station, grand, air,
thumb, university, vehicle, airport, vehicles
control, mini, fuselage, people, developed,
energy, modern, motor, bomber,
children, market, ground, america,
panther, manufacturers, mechanism, production,
hat, brown, caliber, nature, ford,
flag, novem, ber, francis, tourism, steel,
received, vice, industry, mp,
military, soviet, grenade, history, - - -

Generated tags

Unsupervised tags

Figure 5.6. Example of pseudo tag generation for an image with no tags.

The car picture example in Figure 5.6 does not have any useful original
Flickr tags. For this image, the detection of visual concepts performs well,
and the detected concepts can be seen in the figure. Most of the generated
tags are also related to the object in the picture, but some of them, such as
aircraft, which is related to a car, but is semantically too far, might cause
problems in the classification task. In the unsupervised tags, there is no
explicit word "car", but we can see related words, such as steel, fuselage,
mechanism, ford and motor. However, like the tags generated with the
similarity map, there are also some words like military, which are related
to a car, but semantically too far in a common sense. It is possible that
this noisy information might have bad influence on the joint classification
results.

Figure 5.7 shows a positive example image for the MIRFLICKR-1M con-
cept "sea_rl" and the corresponding retrieval results without and with the
generated tags. In the table, the left value is the content-based retrieval
rank of the image for the concept and the value in the parentheses is its
probability estimated by DBM. Because different models are used, the
probability values are not directly comparable, but the ranks are. Nev-
ertheless, we can still see the tendency. In the table, the visual concept

classifier’s output for "sea_rl" is moderate (around 0.5 on the average)
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and most of the original tags are appropriate for "sea_r1". After joining
the image and text modalities, the result outperforms the unimodal cases
both without and with the generated tags. That is, the semantic informa-
tion of the image and text modalities complement each other. However,
the multimodal model with the generated tags did not improve much in
the overall MAP results. As we are already using the visual concept clas-
sification results to generate the additional pseudo tags, the multimodal
approach has not increased the performance much more.

Figure 5.8 shows a positive example image for the concept "animals" and
the corresponding retrieval results. According to the numbers, the visual
concept classifier for "animals" has performed well. On the other hand,
the original tag, bilbao, is not appropriate. The generated tags include
some correct tags, but some unrelated words have also been generated.
After joining the textual modality to the visual, either without or with the
generated tags, the ranking is dropped. In the case without generated
tags, it is obvious that the text classification results are negative because
of the inappropriate original tag. In the other case, the generated tags
were dependent on the visual semantic information and the negative ef-
fect of the misleading original tag is quite limited. In addition, most of the
semantic information from the generated tags already exists in the visual
model.

Figure 5.9 shows a badly-performing example image for the concept "in-
door" and the corresponding retrieval results. The image-based results
are not as good as the text-only results. In this case, the generated pseudo
tags were thus based on low-quality visual results. Therefore, the gener-
ated tags are of poorer quality compared to the two previous examples
and they actually have had bad influence on the retrieval results.

In these experiments, we have thus proposed and used a similarity map
between visual concepts and latent topics in text articles by combining a
DBM model with GoogLeNet and semantic concept features and an LDA
topic model. The image-only and multimodal classification with the new
features performed well and most of the generated pseudo tags were re-
lated to the visual contents. When using our pseudo tags for classifica-
tion, the unimodal text results improved significantly. This means that
our model could correctly transfer the similarity and semantic informa-
tion from the visual space to the textual space.

If the visual classification performs badly, the generated tags are not

reliable and not much improvement can be seen in the classification. In
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‘ without tags | with tags

image 30 (0.501)
text 52 (0.311) | 26 (0.454)
joint 25 (0.555) | 21 (0.548)

Figure 5.7. Example of an image that contains concept "sea_r1" and its retrieval results
without and with the generated tags. Original tags: beach, ocean, coast, pa-
cific, etc. Generated tags: convert, air, island, river, water, airport, aircraft,
park, sea, islands, international, lake, etc.

‘ without tags | with tags
image 9 (0.998)
text 8083 (0.018) | 243 (0.975)
joint 447 (0.944) | 14 (0.998)

Figure 5.8. Example of an image that contains concept "animals" and its retrieval re-
sults without and with the generated tags. Original tag: bilbao. Generated
tags: world, city, people, university, american, island, building, film, history,
animal, animals, location, king, author, book, modern, species, dog, dogs.

our experiments, we used the same visual concept classifier for creating
the similarity map and to predict the visual concepts of the input images.
This is one reason why the semantics of our generated pseudo tags are
overlapping well with the semantics of the visual concept classification.
Because the latent topic model was trained with Wikipedia articles,
many of the words in the topics are not related to any concepts. Hence,
some of the generated tags, such as news, from the topic concept map are

not reliable to be used for the visual classification task. It is also diffi-

‘ without tags with tags

image 3370 (0.4473)
text 828 (0.7875) | 2648 (0.613)
joint 1560 (0.8414) | 1685 (0.8134)

Figure 5.9. Example of an image that contains concept "indoor" and its retrieval results
without and with the generated tags. Original tags: toys, robot. Generated
tags: people, news, transport, city, thumb, airport, station, grand, war, engine,
cars, aircraft, world, building, convert, car, university, air, american, road.
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cult to distinguish what is related or not. For example, car and aircraft
are both vehicle, but if a user wants to get a picture of a car, aircraft is
not a useful keyword. One solution for rejecting inappropriate words and
annotating with useful keywords could be the reinforcement learning ap-
proach: If an additional tag seems to have a negative effect, it is removed
tentatively and the classification is performed again. If the results after
removing the tag are not changed or show better performance, the tag
is removed permanently. One could also apply a similar method when
adding a new tag for an image. A problem with this approach is that it
is time consuming and we would need to know the correct classification
results for modeling the tag selections.

When making the topic—concept similarity map, we directly calculate
the similarity between the distributions of the LDA hidden topics and
the image concepts. However, if we would prefer to take into account the
correlation between them, applying the Canonical Correlation Analysis
(CCA) [49, 50, 35] might be a better choice and improve the quality of the
map.

We used the WordNet path similarity when calculating the similarity
between tags and visual concepts. This is beneficial for filtering out use-
less words, such as numbers. However, this technique also filters out
useful words which are not in the WordNet dictionary, such as persons’
names. Whether this is good or bad, depends on the user’s demands,
but a proper noun is usually an important factor for visual classification.
Instead of directly using the WordNet similarity, we could also consider
more flexible filtering methods. Furthermore, when utilizing WordNet,
we implicitly assumed that all the tags were written in the English lan-
guage. However, in a real-world situation, the tags might be written in
any number of languages. The visual similarity is nevertheless indepen-
dent of the languages used in the tags, and our previous work [101] has
shown that one can even learn word correspondences between languages
based on the visual similarity of objects being tagged.

We also experimented with unsupervised tag generation, but compared
to the similarity map approach the classification results were worse. How-
ever, even with this unsupervised method the classification results with
the generated tags were at least slightly better than those with the origi-
nal tags only.

In the performed experiments, we did not consider the probability distri-

bution of the hidden topics, the word frequencies during the tag choosing
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phase, nor the word relatedness to visual objects. If we chose the tag
words more precisely by using one or some of these techniques, we could
get better results. We might also be able to improve the results by using
the LDA hidden topics directly as an additional feature vector, similarly
to the semantic concept vectors. Similar to the supervised similarity map
approach, we would additionally need to have a better solution for exclud-

ing words which are in general unrelated to visual objects.
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6. Conclusions

In this thesis, we focused on performance improvement of multimodal in-
formation retrieval. The described research has addressed several uni-
modal information retrieval methods, several features to optimize the
retrieval results, and several combination techniques in the application
setup of concept detection in image—text data. We have also experimented
with how to reduce the computational cost of real-time video information
retrieval. Because the deep neural network approach has shown great
impact on multimedia information retrieval, we compared the deep Boltz-
mann machine (DBM) approach with the support vector machine (SVM)
approach for uni- and multimodal information retrieval. We also proposed
a new method for automatic construction of pseudo tags with a multi-
modal architecture and studied its performance. In this chapter, we draw
the final conclusions of the experiments and their results.

In unimodal information retrieval of multimedia resources, visual con-
cept detection has attracted a lot of research attention in recent years
as a method to facilitate semantic indexing and concept-based retrieval
of video content. Because of the size and diversity of real-world data,
multimedia retrieval requires large ontologies and corresponding content
detectors to support a sufficient variety of queries. Also, machine learning
approaches for information retrieval, such as non-linear SVMs, typically
result in extremely intensive computational cost. Even though the re-
trieval accuracy would be sufficient, the non-linear SVM approach is not
suitable for real-time large-scale information retrieval applications.

For the semantic concept detection task in video data, we demonstrated
the feasibility of using linear SVM classifiers. The accuracy of the linear
SVM approach was increased with homogeneous kernel maps. In par-
ticular, the kernel map approximation method achieved almost the same

performance as the non-linear SVM approach with only a fraction of the
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detection time. In the experiments, we combined several features, which
leads to increase in the computational cost, but was still feasible for real-
time performance as it remained orders of magnitude faster than the con-
ventional non-linear approach. The power mean SVM approach showed
equal performance compared to the homogeneous approximation kernel
maps with fast training and comparable evaluation times.

We also compared uni- and multimodal DBM models and non- linear
SVM classifiers in a multimodal information retrieval setup with image—
text data of the MIRFLICKR-1M and NUS-WIDE datasets. In these ex-
periments, we also studied the multi-label recognition problem and the
performance of different visual and textual features. For the visual fea-
tures, the GoogLeNet-based DCNN features outperformed the traditional
hand-crafted features in the MIRFLICKR-1M datasets and the low-di-
mensional VLAD features in the NUS-WIDE datasets. The semantic con-
cept vectors, which had been trained by using auxiliary image—tag data,
brought significant improvements to the performance. For the textual
features, the word2vec feature representation did not show as good per-
formance as we had expected.

Applying feature fusion of semantic concept vectors and binary tag vec-
tors clearly outperformed the use of binary tag vectors only. Comparing
the performances between multimodal DBM and the non-linear SVM ap-
proaches, multimodal DBM showed slightly better results overall. The
multimodal approaches always gave better results than any uni-modal
approach alone. In the particular case of the MIRFLICKR-1M dataset,
where the user-given image tags are quite unreliable, the visual domain
proved to be the more reliable one in the multimodal recognition task,
whereas in the NUS-WIDE dataset the textual features, also derived from
user-given tags, proved to be as reliable as the visual features.

We also proposed a method for automatic pseudo tag generation by using
a similarity map between visual concepts in images and latent topics in
text articles. The image-only and multimodal classification with the deep
convolutional neuralnet features, such as GooglLeNet features, performed
well and most of the generated pseudo tags were correctly related to the
visual contents. When using pseudo tags for classification, the unimodal
results improved significantly. This means that the model could correctly
transfer the concept similarity and semantic information from the visual
space to the textual space. However, the generated tags are not always

reliable and not much improvement can be seen in some cases. In our ex-
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periments, we fine-tuned the visual classifier for the visual classification
task to create the similarity map. This is one reason why the semantics
of the generated pseudo tags overlap well with the semantics of the visual
concept classification.

On the other hand, because the latent topic model was trained with
Wikipedia articles, many of the words in the topics are not at all related
to visual concepts. Hence, some of the generated pseudo tags from the
topic concept map, such as "news", are not reliable when used in a visual
classification task.

Overall, the experiments of this thesis showed that the multimodal in-
formation retrieval approaches result in better performance than the uni-
modal approaches. However, dealing with many information domains at
the same time definitely increases the computational complexity. Hence,
when working with real-time large-scale data, we still need to think more

carefully about optimizing the processes.
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