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Introduction

In recent years, the rapid development of digital technologies, including the low cost
of recording, processing, and storing media, and the growth of high-speed commu-
nication networks enabling large-scale content sharing, has led to a rapid increase in
the availability of multimedia content worldwide. The availability of such content, as
well as the increasing user need of analysing and searching into large multimedia col-
lections, increases the demand for the development of advanced search and analytics
techniques for big multimedia data. Although multimedia is defined as a combination
of different media (e.g., audio, text, video, images etc.) this book mainly focuses on tex-
tual, visual, and audiovisual content, which are considered the most characteristic types
of multimedia.

In this context, the big multimedia data era brings a plethora of challenges to the fields
of multimedia mining, analysis, searching, and presentation. These are best described
by the Vs of big data: volume, variety, velocity, veracity, variability, value, and visualiza-
tion. A modern multimedia search and analytics algorithm and/or system has to be able
to handle large databases with varying formats at extreme speed, while having to cope
with unreliable “ground truth” information and “noisy” conditions. In addition, multi-
media analysis and content understanding algorithms based on machine learning and
artificial intelligence have to be employed. Further, the interpretation of the content over
time may change, leading to a “drifting target” with multimedia content being perceived
differently in different times with often low value of data points. Finally, the assessed
information needs to be presented in comprehensive and transparent ways to human
users.

The main challenges for big multimedia data analytics and search are identified in the
areas of:

e multimedia representation by extracting low- and high-level conceptual features
e application of machine learning and artificial intelligence for large-scale multimedia
e scalability in multimedia access and retrieval.

Feature extraction is an essential step in any computer vision and multimedia data
analysis task. Though progress has been made in past decades, it is still quite difficult
for computers to accurately recognize an object or comprehend the semantics of an
image or a video. Thus, feature extraction is expected to remain an active research
area in advancing computer vision and multimedia data analysis for the foreseeable

XV
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future. The traditional approach of feature extraction is model-based in that researchers
engineer useful features based on heuristics, and then conduct validations via empir-
ical studies. A major shortcoming of the model-based approach is that exceptional
circumstances such as different lighting conditions and unexpected environmental
factors can render the engineered features ineffective. The data-driven approach
complements the model-based approach. Instead of human-engineered features, the
data-driven approach learns representation from data. In principle, the greater the
quantity and diversity of data, the better the representation can be learned.

An additional layer of analysis and automatic annotation of big multimedia data
involves the extraction of high-level concepts and events. Concept-based multimedia
data indexing refers to the automatic annotation of multimedia fragments with specific
simple labels, e.g., “car’, “sky’; “running” etc., from large-scale collections. In this book
we mainly deal with video as a characteristic multimedia example for concept-based
indexing. To deal with this task, concept detection methods have been developed that
automatically annotate images and videos with semantic labels referred to as concepts.
A recent trend in video concept detection is to learn features directly from the raw
keyframe pixels using deep convolutional neural networks (DCNNs). On the other
hand, event-based video indexing aims to represent video fragments with high-level
events in a given set of videos. Typically, events are more complex than concepts,
i.e., they may include complex activities, occurring at specific places and times, and
involving people interacting with other people and/or object(s), such as “opening a
door’; “making a cake’, etc. The event detection problem in images and videos can be
addressed either with a typical video event detection framework, including feature
extraction and classification, and/or by effectively combining textual and visual analysis
techniques.

When it comes to multimedia analysis, machine learning is considered to be one of
the most popular techniques that can be applied. These include CNN for representa-
tion learning such as imagery and acoustic data, as well as recurrent neural networks
for series data, e.g., speech and video. The challenge of video understanding lies in the
gap between large-scale video data and the limited resource we can afford in both label
collection and online computing stages.

An additional step in the analysis and retrieval of large-scale multimedia is the fusion
of heterogeneous content. Due to the diverse modalities that form a multimedia item
(e.g., visual, textual modality), multiple features are available to represent each modality.
The fusion of multiple modalities may take place at the feature level (early fusion) or the
decision level (late fusion). Early fusion techniques usually rely on the linear (weighted)
combination of multimodal features, while lately non-linear fusion approaches have
prevailed. Another fusion strategy relies on graph-based techniques, allowing the con-
struction of random walks, generalized diffusion processes, and cross-media transitions
on the formulated graph of multimedia items. In the case of late fusion, the fusion
takes place at the decision level and can be based on (i) linear/non-linear combina-
tions of the decisions from each modality, (ii) voting schemes, and (iii) rank diffusion
processes. Scalability issues in multimedia processing systems typically occur for two
reasons: (i) the lack of labelled data, which limits the scalability with respect to the num-
ber of supported concepts, and (ii) the high computational overload in terms of both
processing time and memory complexity. For the first problem, methods that learn pri-
marily on weakly labelled data (weakly supervised learning, semi-supervised learning)
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have been proposed. For the second problem, methodologies typically rely on reducing
the data space they work on by using smartly-selected subsets of the data so that the
computational requirements of the systems are optimized.

Another important aspect of multimedia nowadays is the social dimension and the
user interaction that is associated with the data. The internet is abundant with opin-
ions, sentiments, and reflections of the society about products, brands, and institutions
hidden under large amounts of heterogeneous and unstructured data. Such analysis
includes the contextual augmentation of events in social media streams in order to fully
leverage the knowledge present in social media, taking into account temporal, visual,
textual, geographical, and user-specific dimensions. In addition, the social dimension
includes an important privacy aspect. As big multimedia data continues to grow, it is
essential to understand the risks for users during online multimedia sharing and mul-
timedia privacy. Specifically, as multimedia data gets bigger, automatic privacy attacks
can become increasingly dangerous. Two classes of algorithms for privacy protection
in a large-scale online multimedia sharing environment are involved. The first class is
based on multimedia analysis, and includes classification approaches that are used as
filters, while the second class is based on obfuscation techniques.

The challenge of data storage is also very important for big multimedia data. At this
scale, data storage, management, and processing become very challenging. At the same
time, there has been a proliferation of big data management techniques and tools, which
have been developed mostly in the context of much simpler business and logging data.
These tools and techniques include a variety of noSQL and newSQL data management
systems, as well as automatically distributed computing frameworks (e.g., Hadoop and
Spark). The question is which of these big data techniques apply to today’s big multime-
dia collections. The answer is not trivial since the big data repository has to store a variety
of multimedia data, including raw data (images, video or audio), meta-data (includ-
ing social interaction data) associated with the multimedia items, derived data, such as
low-level concepts and semantic features extracted from the raw data, and supplemen-
tary data structures, such as high-dimensional indices or inverted indices. In addition,
the big data repository must serve a variety of parallel requests with different work-
loads, ranging from simple queries to detailed data-mining processes, and with a variety
of performance requirements, ranging from response-time driven online applications
to throughput-driven offline services. Although several different techniques have been
developed there is no single technology that can cover all the requirements of big mul-
timedia applications.

Finally, the book discusses the two main challenges of large-scale multimedia search:
accuracy and scalability. Conventional techniques typically focus on the former.
However, recently attention has mainly been paid to the latter, since the amount of
multimedia data is rapidly increasing. Due to the curse of dimensionality, conventional
feature representations of high dimensionality are not in favour of fast search. The
big data era requires new solutions for multimedia indexing and retrieval based on
efficient hashing. One of the robust solutions is perceptual hash algorithms, which
are used for generating hash values from multimedia objects in big data collections,
such as images, audio, and video. A content-based multimedia search can be achieved
by comparing hash values. The main advantages of using hash values instead of other
content representations is that hash values are compact and facilitate fast in-memory
indexing and search, which is very important for large-scale multimedia search.
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Introduction

Given the aforementioned challenges, the book is organized in the following
chapters. Chapters 1, 2, and 3 deal with feature extraction from big multimedia data,
while Chapters 4, 5, 6, and 7 discuss techniques relevant to machine learning for
multimedia analysis and fusion. Chapters 8, and 9 deal with scalability in multimedia
access and retrieval, while Chapters 10, 11, and 12 present applications of large-scale
multimedia retrieval. Finally, we conclude the book by summarizing and presenting
future trends and challenges.
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Representation Learning on Large and Small Data

Chun-Nan Chou, Chuen-Kai Shie, Fu-Chieh Chang, Jocelyn Chang and
Edward Y. Chang

1.1 Introduction

Extracting useful features from a scene is an essential step in any computer vision and
multimedia data analysis task. Though progress has been made in past decades, it is still
quite difficult for computers to comprehensively and accurately recognize an object or
pinpoint the more complicated semantics of an image or a video. Thus, feature extrac-
tion is expected to remain an active research area in advancing computer vision and
multimedia data analysis for the foreseeable future.

The approaches in feature extraction can be divided into two categories: model-centric
and data-driven. The model-centric approach relies on human heuristics to develop
a computer model (or algorithm) to extract features from an image. (We use imagery
data as our example throughout this chapter.) Some widely used models are Gabor
filter, wavelets, and scale-invariant feature transform (SIFT) [1]. These models were
engineered by scientists and then validated via empirical studies. A major shortcoming
of the model-centric approach is that unusual circumstances that a model does not
take into consideration during its design, such as different lighting conditions and
unexpected environmental factors, can render the engineered features less effective. In
contrast to the model-centric approach, which dictates representations independent
of data, the data-driven approach learns representations from data [2]. Examples of
data-driven algorithms are multilayer perceptron (MLP) and convolutional neural
networks (CNNs), which belong to the general category of neural networks and deep
learning [3, 4].

Both model-centric and data-driven approaches employ a model (algorithm or
machine). The differences between model-centric and data-driven can be described in
two related aspects:

e Can data affect model parameters? With model-centric, training data does not affect
the model. With data-driven, such as MLP or CNN, their internal parameters are
changed/learned based on the discovered structure in large data sets [5].

e Can more data help improve representations? Whereas more data can help a
data-driven approach to improve representations, more data cannot change the
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features extracted by a model-centric approach. For example, the features of an image
can be affected by the other images in the CNN (because the structure parameters
modified through back-propagation are affected by all training images), but the
feature set of an image is invariant of the other images in a model-centric pipeline
such as SIFT.

The greater the quantity and diversity of data, the better the representations can
be learned by a data-driven pipeline. In other words, if a learning algorithm has seen
enough training instances of an object under various conditions, e.g., in different
postures, and has been partially occluded, then the features learned from the training
data will be more comprehensive.

The focus of this chapter is on how neural networks, specifically CNNs, achieve
effective representation learning. Neural networks, a kind of neuroscience-motivated
models, were based on Hubel and Wiesel’s research on cats’ visual cortex [6], and sub-
sequently formulated into computation models by scientists in the early 1980s. Pioneer
neural network models include Neocognitron [7] and the shift-invariant neural network
[8]. Widely cited enhanced models include LeNet-5 [9] and Boltzmann machines [10].
However, the popularity of neural networks surged only in 2012 after large training data
sets became available. In 2012, Krizhevsky [11] applied deep convolutional networks
on the ImageNet dataset!, and their AlexNet achieved breakthrough accuracy in the
ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) 2012 competition.? This
work convinced the research community and related industries that representation
learning with big data is promising. Subsequently, several efforts have aimed to further
improve the learning capability of neural networks. Today, the top-5 error rate® for
the ILSVRC competition has dropped to 3.57%, a remarkable achievement considering
the error rate was 26.2% before AlexNet [11] was proposed.

We divide the remainder of this chapter into two parts before suggesting related
reading in the concluding remarks. The first part reviews representative CNN models
proposed since 2012. These key representatives are discussed in terms of three aspects
addressed in He’s tutorial presentation [14] at ICML 2016: (i) representation ability,
(ii) optimization ability, and (iii) generalization ability. The representation ability is the
ability of a CNN to learn/capture representations from training data assuming
the optimum could be found. Here, the optimum refers to attaining the best solution
of the underlying learning algorithm, modeled as an optimization problem. This
leads to the second aspect that He’s tutorial addresses: the optimization ability. The
optimization ability is the feasibility of finding an optimum. Specifically on CNNs, the
optimization problem is to find the optimal solution of the stochastic gradient descent.
Finally, the generalization ability is the quality of the test performance once model
parameters have been learned from training data.

The second part of this chapter deals with the small data problem. We present how
features learned from one source domain with big data can be transferred to a different
target domain with small data. This transfer representation learning approach is critical

1 ImageNet is a dataset of over 15 million labeled images belonging to roughly 22,000 categories [12].

2 The ILSVRC [13] evaluates algorithms for object detection and image classification on a subset of
ImageNet, 1.2 million images over 1000 categories. Throughout this chapter, we focus on discussing image
classification challenges.

3 The top-5 error used to evaluate the performance of image classification is the proportion of images such
that the ground-truth category is outside the top-5 predicted categories.



