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Chapter 1
Introduction

All of a sudden digital images became social. In just a decade, individual and mostly
inactive consumers have transformed into active and connected prosumers, revolution-
aries even, who create, share, and comment on massive amounts of image artifacts all
over the world wide web. Pronounced manifestations of social images on the Internet
include industry initiatives like Facebook, Google, and Flickr, who manage to attract
millions of users, daily. In order to make sense of the massive amounts of visual con-
tent, online social platforms rely on what people say is in an image, which is known
to be ambiguous, overly personalized, and limited [39, 81], see Figure 1.1. Hence,
the lack of semantics currently associated with social images is seriously hampering
retrieval, repurposing, and usage.

For determining what people have said is factually in the image, and for profes-
sional archives which cannot be shared for crowdsourcing, multimedia content analysis
is crucial. Despite good progress [108], automated multimedia analysis of visual con-
tent is still seriously hampered by the semantic gap, defined as ”the lack of coincidence
between the information that one can extract from the visual data and the interpre-
tation that the same data have for a user in a given situation” [106]. By its definition,
the gap has both an objective and subjective aspect. The objective aspect refers to
semantics inferred from the visual content, which different people would agree upon.
For instance, whether a cow is visible in a picture is a matter of fact. The subjective
aspect relates to the personal context of the user in the given situation. Users have
personal associations with image subjects. For example, the same cow picture will
have quite a different meaning for a farmer. Such information cannot be derived from
the visual content alone. We argue that both aspects have to be addressed to fully
bridge the semantic gap.

The semantic gap may be bridged using visual classifiers that automatically tag
an image with visual concepts including people, objects, scenes, and events, with
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Figure 1.1: Examples of socially tagged images. Note that social tags do not necessarily

reflect the visual content of the images they are describing, and the majority of social images are

untagged.

varying performance [85, 109]. Together with content-based image representations
and kernel-based machine learning, labeled training examples play the crucial role in
creating automated image taggers. Traditionally, the training examples are labeled by
expert annotators. However, expert annotation is labor intensive and time consuming,
making well-labeled examples expensive and their availability limited. The lack of
high-quality training examples is limiting both the quality and quantity of auto-
taggers.

A diverse group of people can act as a wise crowd when making decision, even out-
performing experts, given that their options are diverse, independent, and properly
aggregated [114]. Extrapolating this observation to the social web context, we hypoth-
esize that despite the subjective tagging of individual users, when tags are properly
aggregated they may truly reflect the visual content. In that sense, the deluge of
socially tagged images seems the perfect source for next-generation image search. We
aim to acquire high-quality training examples by exploiting socially tagged images,
and reveal their value for image retrieval. So the fundamental question addressed in
this thesis is:

What is the value of socially tagged images for visual search?

To answer the question, we structure the thesis into two parts: offline learning and
online use. In Part I, we propose approaches which automatically harvest training
examples from the social web. In Part II, we study how to use these examples for two
applications: visual search and personalized image tagging, respectively addressing
the objective and subjective aspect of the semantic gap.
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1.1 Part I: Offline Learning

To learn a visual classifier for a target concept, we need both positive examples and
negative examples. Due to the subjective nature of social tagging, images labeled
with a target concept are not necessarily good positive examples. We seek positive
examples which accurately describe the concept. In contrast to positive examples,
negative examples are in the majority on the social web. Consequently, random
sampling yields a set of genuine negative examples. But they are often not informative
as they do not represent the difficult negatives confusing a classifier. In Part I, we
study the value of socially tagged images as positive and negative training examples.

In order to obtain accurate positive examples from a large amount of socially
tagged images, we have to determine which tags are relevant to the visual content.
So the first question to answer is:

What determines the relevance of a social tag with respect to an image?

Given the large amount of socially tagged images and an equally large amount
of tags used in social tagging, a lightweight approach which effectively estimates tag
relevance is required. Intuitively, if different persons label visually similar images
using the same tags, these tags tend to reflect objective aspects of the visual content.
Tags describing feelings can also be objective, but only when those feelings are shared
by the crowd rather than caused by personal experience. Starting from this intuition,
we propose in Chapter 2 a neighbor voting algorithm which estimates tag relevance
by accumulating votes from visual neighbors.

In practice, visual concepts often vary significantly in terms of their appearance
and in terms of their visual context. For instance, a boat can be a canoe, a sailboat, or
any other type. Moreover, it may appear in water, on the beach, or even in a museum.
It is unlikely that such large variations in the visual content can be described by a
specific feature. Consequently, a tag relevance estimator using a single feature tends
to be limited. Therefore, as an extension of tag relevance estimation, we consider the
fusion of multiple tag relevance estimates. It has been recognized that for generic
multimedia analysis, fusing multiple sources of evidence is beneficial [5]. In the new
context of tag relevance estimation, given multiple tag relevance estimators driven by
various visual features, our second question arises as:

How to fuse tag relevance estimators?

In Chapter 3, we study the tag relevance fusion problem. Depending on the level
where the fusion is executed, we develop early and late tag relevance fusion schemes
for the neighbor voting based estimator introduced in Chapter 2. We systematically
study the characteristics and performance of the two fusion schemes.
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For obtaining the negative examples, random sampling is the de facto standard
in the literature. Since a classifier tends to misclassify the negative examples which
are visually close to the positive examples, inclusion of such informative examples
is important for classifier learning. However, they are unlikely to be hit by random
sampling. Hence, the third question to answer is:

Which social images are informative negative examples?

In principle, informative negatives of a given concept will have visual patterns
which may overlap the positive examples. Note that the informativeness of negative
examples depends on the underlying visual features and on the underlying classifiers.
Which negative examples are indeed information are not necessarily consistent with
what an observer may expect. Hence, it is difficult to specify informative negative
classes by hand-crafted rules. We are interested in approaches which automatically
mine the informative negative examples from the social web. In Chapter 4, we
study a social negative bootstrapping approach for mining informative negatives from
socially tagged images.

1.2 Part II: Online Use

To extract rich semantics from the visual content of social images, methods which go
beyond single-concept detectors are needed. In addition, since human interpretation of
the visual content depends on a specific user, personalized image analysis is essential
for solving the subjective part of the semantic gap. Given the accurate positive
examples and informative negative examples obtained in Part I, we exploit them in
Part II for detecting multiple concepts in unlabeled images, and detecting concepts
in a personalized setting.

A user’s query is often more complex than a single concept is able to represent,
e.g., finding images showing a horse next to a car. Note that a single-concept detector
is trained on typical examples of the concept, e.g., cars on a street for the car detector
and horses on grass for the horse detector. Images with a horse and a car co-occurring
may also have a characteristics appearance, where the individual concepts are not
present in their common form. Visual search methods which combine single-concept
detectors are mostly ineffective for complex visual searches. So the fourth question
to investigate is:

How to exploit socially tagged images for complex visual searches?

In Chapter 5, we introduce the notion of bi-concepts as a retrieval method for
two concepts directly learned from social data. We define a bi-concept as the co-
occurrence of two visual concepts, where its full meaning cannot be inferred from one
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Figure 1.2: Structure of this thesis.

of its component concepts alone. As the number of potential bi-concepts is gigantic,
manually collecting training examples is infeasible. Instead, we propose a multi-modal
framework which integrates the algorithms proposed in Part I to collect an accurate
set of positive examples and informative negative examples from the social web. We
learn bi-concept detectors from these examples.

Clearly, personal preferences for image subjects vary from person to person. Some
users may collect pictures of flowers, while others may favor photos of sport cars.
This real-world phenomenon suggests that personal preferences have to be taken into
account when creating an automated image tagger. The performance of present-day
taggers is bound by the absence of personal information. More fundamentally, the
difficulty is rooted in the subjective aspect of the semantic gap. So the fifth question
to study is:

How to personalize automated image tagging with respect to a user’s
preference?

In Chapter 6, we aim for personalizing automated image tagging by jointly ex-
ploiting personalized tag statistics and content-driven taggers. We propose a cross-
entropy based learning algorithm which personalizes a generic image tagging model
by learning from a user’s tagging history.

The schematic organization of the thesis is illustrated in Figure 1.2. Due to the
dynamic nature of social media, its data distribution changes over time. This requires
timely revision of trained models as they may not fit new data. The methods proposed
in the thesis suit this nature, as they are automatical, and consequently updating
models is just a matter of re-computation. By exploration of socially tagged images,
we aim for next-generation image search which looks into the visual content, but
without the need of dedicated manual labeling.




