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Abstract

Building algorithms that classify images on a large scale is an essential task due to the
difficulty in searching massive amount of unlabeled visual data available on the Internet.
We aim at classifying images based on their content to simplify the manageability of such
large-scale collections. Large-scale image classification is a difficult problem as datasets
are large with respect to both the number of images and the number of classes. Some of
these classes are fine grained and they may not contain any labeled representatives. In
this thesis, we use state-of-the-art image representations and focus on efficient learning
methods. Our contributions are (1) a benchmark of learning algorithms for large scale
image classification, and (2) a novel learning algorithm based on label embedding for
learning with scarce training data.

Firstly, we propose a benchmark of learning algorithms for large scale image classification
in the fully supervised setting. It compares several objective functions for learning linear
classifiers such as one-vs-rest, multiclass, ranking and weighted average ranking using
the stochastic gradient descent optimization. The output of this benchmark is a set of
recommendations for large-scale learning. We experimentally show that, online learning
is well suited for large-scale image classification. With simple data rebalancing, One-
vs-Rest performs better than all other methods. Moreover, in online learning, using a
small enough step size with respect to the learning rate is sufficient for state-of-the-art
performance. Finally, regularization through early stopping results in fast training and a
good generalization performance.

Secondly, when dealing with thousands of classes, it is difficult to collect sufficient la-
beled training data for each class. For some classes we might not even have a single
training example. We propose a novel algorithm for this zero-shot learning scenario. Our
algorithm uses side information, such as attributes to embed classes in a Euclidean space.
We also introduce a function to measure the compatibility between an image and a label.
The parameters of this function are learned using a ranking objective. Our algorithm out-
performs the state-of-the-art for zero-shot learning. It is flexible and can accommodate
other sources of side information such as hierarchies. It also allows for a smooth transition
from zero-shot to few-shots learning.

Keywords

Large-Scale Image Classification ® Linear SVMs e Stochastic Gradient Descent
e Label Embedding e Attributes ® Zero-Shot Learning ® Few-Shots Learning.






Résumé

La construction d’algorithmes classifiant des images a grande échelle est devenue une
tache essentielle du fait de la difficulté d’effectuer des recherches dans les immenses col-
lections de données visuelles non-etiquetées présentes sur Internet. L’ objetif est de clas-
sifier des images en fonction de leur contenu pour simplifier la gestion de telles bases
de données. La classification d’images a grande échelle est un probleme complexe, de
par 'importance de la taille des ensembles de données, tant en nombre d’images qu’en
nombre de classes. Certaines de ces classes sont dites "fine-grained" (sémantiquement
proches les unes des autres) et peuvent méme ne contenir aucun représentant étiqueté.
Dans cette these, nous utilisons des représentations a 1’état de 1’art d’images et nous
concentrons sur des méthodes d’apprentissage efficaces. Nos contributions sont (1) un
banc d’essai d’algorithmes d’apprentissage pour la classification a grande échelle et (2)
un nouvel algorithme basé sur I’incorporation d’étiquettes pour apprendre sur des données
peu abondantes.

En premier lieu, nous introduisons un banc d’essai d’algorithmes d’apprentissage pour
la classification a grande échelle, dans un cadre entierement supervisé. Il compare plu-
sieurs fonctions objectifs pour apprendre des classifieurs linéaires, tels que "un contre
tous", "multiclasse", "classement", "classement avec pondération" par descente de gra-
dient stochastique. Ce banc d’essai se conclut en un ensemble de recommandations pour
la classification a grande échelle. Avec une simple repondération des données, la stratégie
"un contre tous" donne des performances meilleures que toutes les autres. Par ailleurs, en
apprentissage en ligne, un pas d’apprentissage assez petit s’avere suffisant pour obtenir
des résultats au niveau de 1’état de I’art. Enfin, I’arrét prématuré de la descente de gradient
stochastique introduit une régularisation qui améliore la vitesse d’entralnement ainsi que
la capacité de régularisation.

Deuxiemement, face a des milliers de classes, il est parfois difficile de rassembler suffi-
samment de données d’entrainement pour chacune des classes. En particulier, certaines
classes peuvent €tre enticrement dénuées d’exemples. En conséquence, nous proposons
un nouvel algorithme adapté a ce scénario d’apprentissage dit "zero-shot". Notre algo-
rithme utilise des données paralleles, comme les attributs, pour incorporer les classes
dans un espace euclidien. Nous introduisons par ailleurs une fonction pour mesurer la
compatibilité entre image et étiquette. Les parametres de cette fonction sont appris en
utilisant un objectif de type "ranking". Notre algorithme dépasse 1’état de 1’art pour 1’ap-
prentissage "zero-shot", et fait preuve d’une grande flexibilité en permettant d’incorporer
d’autres sources d’information parallele, comme des hiérarchies. Il permet en outre une
transition sans heurt du cas "zero-shot" au cas ou peu d’exemples sont disponibles.



viii RESUME

Mots-clés

Classification d’image a grande échelle, Séparatrices a Vastes Marges linéaires, Descente
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2 1. INTRODUCTION

Before the digital age, the data was produced as textual documents and a collection of
these documents were stored in libraries, official and private archives Russell (1946).
With the emergence of computers, firstly the text moved to digital format Arms (1996)
and this brought down the search time to seconds. Over the past decade, the rapid decrease
in the cost of digital cameras produced large amounts of multimedia data in the form of
personal multimedia collections. With the emergence of the Internet and social networks
such as Facebook, Flickr or Youtube, this visual data was easily shared with others which
led to gigantic visual repositories. However, how to store, process and access such big
data (see Figure 1.1) are challenging problems that need to be addressed.
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Figure 1.1 Accessing Big Data?: The capacity of a DVD is taken as 5GB in our cal-
culations (each red box represents SGB of storage capacity). Accordingly, one blue box
represents 1750 GB of storage, one green box represents 250 TB and one yellow box rep-
resents 6 thousand TB (6 petabytes). It is difficult to manage such exponential growth
since the traditional approaches can not scale to the level needed to be able to ingest all
the available data.

In order to account for the speed of growth in such visual repositories, it is worth to note
some recent statistics. For instance, when Google Images' was first launched in 2001,
it indexed 250 million images. In 2005 this number was over 1 billion and in 2010 it
increased to 10 billion °. This rapid increase in the available multimedia data brought
along a huge storage requirement (see Figurel.l). Therefore, a popular photo sharing

'Google Images: http://images.google.com/
http://googleblog.blogspot.fr/2010/07/0oh-ahh-google-images—presents-nicer.
html
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website Flickr® which contained 6 billion images in August 2011 has extended its per
user storage space to 1TB in May 2013*.

The same trend holds for Facebook® which is one of the most popular social network-
ing websites. In May 2012, approximately 58 photos were being uploaded to Facebook
through Instagram® every second’. The 250+ billion images available in Facebook today
takes ~6 petabytes of memory (see Figure 1.1). This corresponds to half of the written
works that had been produced by mankind in all languages throughout the history.

Managing this rapidly increasing data manually is impossible. This necessitates automatic
data organization methods since computers can efficiently process large quantities of data.
Computer vision as a scientific discipline develops methods for acquiring, processing,
analyzing, and understanding visual data from the real world to produce information in
the form of decisions. This is an inverse problem, which seeks to recover some unknowns
(i.e. classification parameters) given insufficient information (i.e. lack of labeled data) to
fully specify the solution (i.e. scene semantics) Szeliski (2010).

Such a problem is even more complex in the large scale setting, as the number of images
is becoming prohibitive, i.e. in order of millions. Moreover, the number of the semantic
categories we want to analyze is equally high, i.e. in order of thousands. The exponential
growth in data makes the traditional classification approaches difficult to be applied to
today’s data collections. They can not scale to the level needed to ingest all of the data,
analyze it at the speed it arrives, and store the relevant information for extended periods
of time. However, time-to-information is critical to derive maximum value from the un-
classified data. It is not feasible to employ a system that takes weeks to analyze the data,
since in real case scenarios, information is needed immediately ®. Therefore, the focus of
this thesis is to classify the data in such large scale image collections efficiently.

1.1 Goals

Indexing multimedia data based on its content simplifies its manageability and leads to
efficiency in search. According to the type of the query, content based image search is
grouped into two categories: (1) query-by-example and (2) query-by-text image search. In
query-by-example search, given an image the task is to retrieve similar images Flickner
et al. (1995); Smeulders et al. (2000); Datta et al. (2008). The image index associated

3Flickr: http://www.flickr.com/

*http://blog.flickr.net/en/2013/05/20/a-better-brighter-flickr/

Shttps://www.facebook.com/

Shttp://instagram.com/

"http://www.digitalbuzzblog.com/infographic-instagram-stats/

8See the August 31, 2012 event of FCW Executive Briefings ht tp: //semanticommunity.info/
AOL_Government/Big_Data_and_the_Government_Enterprise focusing on the emerging
challenges, trends, directions, architectures, and solutions for big data.
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with this task can be a compact, e.g. binary representation such as the hash index. The
distance between two hash indexes, e.g. measured with the Hamming distance, reflects the
perceptual similarity between images. In query-by-text image search, a set of keywords
that describe the visual content are used as image indexes. The image search engines rely
mostly on textual keywords Grangier et al. (2006); Grangier and Bengio (2008); Li et al.
(2011) found in captions and nearby text, augmented by user click-through data Joachims
(2002); Craswell and Szummer (2007). Given this set of keywords, e.g. an object name,
the aim is to retrieve images containing that particular object in the scene. The process of
learning the mapping between the set of keywords and the images is referred to as image
classification, annotation or categorization which is the focus of this thesis.

The objective of image classification is to assign one or multiple labels to an image that
describe its content. More formally, given an image descriptor x € X and a set of labels
Y = {y1,...,y.} the goal is to learn a prediction function f : X — [0, 1]° that predicts
the presence or absence of each label. The standard image classification pipeline (Figure
1.2) has two major steps (1) image description and (2) image classification.

positive samples

P

city
Learning | —» classifier

N\

Image
Description

|
|
|
|
| Yy iy -so%
i classifier

|

|

Figure 1.2 Image classification pipeline consists of two steps: (1) The first step, image
description, involves mapping the image content into a descriptor and (2) the second
step, image classification, involves learning a classification function which differentiates
between positive and negative examples.

Image description transforms the low-level pixel information into a representation that is
more suitable for learning a decision boundary. The ideal image description should have
several properties. It should be descriptive, i.e. it should be informative enough to reflect
the richness of the visual content. It should be robust to scene variations, i.e. it should be
able to handle changes in viewpoint or illumination, and to synthetic variations, i.e. image
compression or a change of the resolution. Finally, it should be efficient, i.e. it should be
cheap to compute and manipulate.
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As for image classification, the aim is to learn a decision function in order to separate
samples from different classes. We consider the supervised learning problem where la-
beled data is provided to learn the decision function. This decision function is then used
to infer the label of an unknown image. We also consider the situation when the labeled
training data is scarce. In this case, side information is used to learn an embedding space
which links the images with the class labels and provides a means to predict the label of
an unseen image.

In this thesis, we build on the state-of-the-art image descriptors of Csurka et al. (2004);
Perronnin and Dance (2007); Jégou et al. (2012) and focus on image classification. Our
main goal is to learn the parameters for the class decision functions efficiently for large
scale image collections. We benchmark efficient learning methods for semantic under-
standing of images in large scale image collections and algorithms to predict image labels
in presence of missing training data. The main difficulty arises from the large scale nature
of the problem where the datasets are large, the image descriptor dimensionality is large
and the annotated training data is restricted.

1.2 Context

The scale of a learning problem can be measured by three dimensions: the number of
classes k, the number of images n and the image descriptor dimensionality d (see Figure
1.4). The number of classes k and the number of images n depend on the dataset size.
Over time, the evolution of image datasets with respect to the number of classes k is
shown in Figure 1.3. While 10 years ago, the available datasets contained O(10 — 100)
classes and O(1,000— 10, 000) images, today millions of images and thousands of classes
are becoming available.

Currently, the large scale image datasets contain thousands of different concepts (k). For
instance one of the largest publicly available image datasets is The ImageNet’ which
today contains 21K classes and 14M images. As the number of classes increases to the
order of O(1,000 — 10, 000), the annotation process becomes difficult even for humans.
For generic classes that are common knowledge, crowdsourcing systems such as AMT!?
offer a fast and cheap solution. On the other hand, for rather specific classes that contain
rare objects we often need an expert opinion. Consequently, due to the high cost of image
annotation and the unlimited variability of such concepts, the large scale image datasets
often lack annotations. Learning the decision boundaries with the shortage of labeled
training data is one of the key challenges of computer vision that requires attention.

9The ImageNet project http://www.image—-net .orqg/ aims to collect images from the internet
and annotate them with the 80K synsets of the WordNet hierarchy Miller (1995).

10 Amazon Mechanical Turk (AMT) tool uses the crowd knowledge to annotate images in large datasets
such as the ImageNet: https://www.mturk.com/mturk/welcome
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4 Number .
of categories IMAGENE
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Figure 1.3 Evolution of Large Scale Datasets over time. The limit of the vertical axis,
i.e. "all" represents all the 80,000 nouns in the English language as it is indexed in the
WordNet hierarchy. The ImageNet project aims to build an image database that contains
representative images for all these classes. Figure from Forsyth et al. (2011)

In order to avoid the complexity of non-linear classifiers, state-of-the-art large scale al-
gorithms rely on high dimensional image descriptors. Such descriptors are constructed
by mapping the local features extracted from an image to a high dimensional space in
which their high order statistics are encoded with a visual vocabulary. The Fisher Vector
(FV) Perronnin and Dance (2007) is a representative of high dimensional image descrip-
tors which has been shown to yield excellent results in combination with linear classi-
fiers Chatfield et al. (2011). Shortly, in combination with efficient linear classifiers, the
dimensionality of image descriptors d is often in the order of O(100K — 1000K) for large
scale learning.

We now detail some of the challenges associated with large scale learning with respect to
the number of classes k, the descriptor dimensionality d and the number of images n.

Number of classes (k). Increasing the number of classes £ not only makes the problem
computationally more intensive, but it also causes the problem to be more difficult. In
order to illustrate this difficulty, Figure 1.5 shows the hierarchical relationships between
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A Large image collection with annotations

satum
school-bus
scorpion-101
screwdriver
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skyscraper
smokestack
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snake
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soccer-ball
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< >
< >

Figure 1.4 Large Scale Learning Cube: The number of classes (k), the number of im-
ages (n) and the number of entries in image descriptors (d) determine the scale of the
image classification problem.

classes in The ImageNet Large Scale Visual Recognition Challenge dataset from 2010
(The ILSVRC 2010 dataset) ''. In such datasets, the difficulty of recognition varies sig-
nificantly for different parts of the semantic space. As shown in Figure 1.5 the large scale
image datasets contain a wide variety of concept classes (i.e. k = 1,000) such as "ves-
sel", "flower", "tree" efc. that are easy to distinguish. However, as the number of classes
increases, the class density increases. As a result, the distance between the classes in the
semantic space becomes smaller Deng et al. (2010). For instance, the lower branch of the
ILSVRCI10 dataset shown in Figure 1.5 has several "orchid" classes which can be distin-
guished by domain experts according to the details in their appearance. In this case, if the

Unttp://www.image-net.org/challenges/LSVRC/2010/index
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Figure 1.5 Illustration of the hierarchical relations for the ImageNet Challenge Dataset
of 2010 which contains k = 1K classes and n = 1.2M images. The Figure shows the
hierarchical relationships between 1,000 classes with their ancestors upto the root node
"entity".

image classification system labels an image of "butterfly orchid" as "flower" or "orchid",
that is evaluated as a mislabeled image.

Developing generic image classification algorithms that can cope with the difficulty caused
by a large k at a reasonable computational cost is one of the challenges we address in this
thesis.

Descriptor dimensionality (d). To build robust classifiers for large scale datasets, we
need more expressive, i.e. higher dimensional descriptors Sanchez and Perronnin (2011),
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especially when used in conjunction with linear classifiers. However, the increasing de-
scriptor dimensionality d comes with high memory and computational cost. One possi-
ble research direction to address this challenge is through image descriptor compression
Weinberger et al. (2009); Sdnchez and Perronnin (2011); Jégou et al. (2011). Neverthe-
less, this is not the focus of this thesis.

Number of images (n). The predictive ability of supervised image classification sys-
tems increases with the number of labeled training images. Yet, processing all the train-
ing image descriptors for large scale datasets requires large computational resources. For
instance, since the dimensionality of image descriptors is in the order of O(100,000),
and if each entry contains a floating point which is represented with 8 bytes, one image
descriptor occupies ~ 0.8MB in the memory. Consequently, the training images of the
ILSVRCI0 dataset would not fit in the RAM at once. For this reason, learning the deci-
sion boundaries using millions of images for training is a computational challenge, which
we address in this thesis.

Another challenge that we face is the lack of labeled images for training the classifiers. For
generic classes such as "flower" or "tree", crowdsourcing is an efficient method to obtain
annotations. However, for more granular classes such as "spider orchid", the labeled
training data is rare. Moreover, labeling the data is a costly process. In such cases, a
sufficient amount of labeled training images is not always affordable.

In one extreme scenario, the aim is to predict the label(s) for the classes for which the sys-
tem has not seen a single labeled example. This is known as zero shot learning Larochelle
et al. (2008) problem. Given a semantic relationship between classes, the aim in zero-
shot learning is to build a classifier to recognize classes that are omitted from the training
set. In the context of computer vision, zero-shot learning studies the image classification
problem when training and test classes are disjoint Lampert et al. (2009).

Despite the difficulty of obtaining the labeled data, the number of annotated images in
the large scale image databases has been increasing rapidly. Accordingly, the image clas-
sification system should be able to adapt itself to the situation when some training data
from the unseen classes becomes available. Such an incremental learning scheme which
integrates new images in the learning process is called the few shots learning problem
Tang et al. (2010). Zero-shot and few-shots learning are two of the challenges that are
addressed in this thesis.

1.3 Contributions

The focus of this thesis is to classify images on large-scale and potentially fine grained
datasets. We develop robust learning methods that are efficient for large amounts of data
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as well as an approach that can cope with the lack of training data. In our setting, the
number of classes (k) goes up to 10K, the number of images (n) goes up to 9M and the
descriptor dimensionality (d) goes up to 130K. We provide experimental evidence to val-
idate our solutions with respect to the following questions: (1) How do different learning
methods perform for classification of a large scale dataset and what are the best strate-
gies to improve the state-of-the-art image classification accuracy for large scale image
datasets? (2) How can we cope with learning for classes for which no or minimal labeled
training samples are provided? Our contributions towards answering these questions are
described in the following paragraphs.

e We propose a benchmark for learning algorithms for large scale image classification
in the fully supervised setting. It compares several objective functions for learning
the classifier parameters of linear SVMs such as one-vs-rest, multiclass, ranking
and weighted average ranking. We compare online and batch methods to optimize
these objectives. However, for computational efficiency reasons, we focus on online
optimization using the Stochastic Gradient Descent.

The goal of this benchmark is to analyze the difficulties of large scale image classi-
fication with respect to each dimension, namely £, n and d. Therefore, we compare
the aforementioned objective functions for varying the number of classes &, the
number of images n and the dimensionality of the image descriptors d. Moreover,
we investigate the effects of the parameters, e.g. regularization and step-size on an
online learning scheme. We conclude that, despite its theoretical suboptimality,
one-vs-rest is a very competitive training strategy to learn SVMs. Furthermore, it
is easy to implement and to parallelize. Our second conclusion is that stochastic,
i.e. online training is very well suited to the large-scale setting. Moreover simple
strategies such as implicit regularization with early stopping and fixed-step-size in
online learning work well in practice.

Our experimental validation is performed on two large scale datasets, ImageNet
with 10K classes and ImageNet with 1K classes as well as three fine grained subsets
of ImageNet, namely Fungus134, Ungulate183 and Vehicles262. To the best of our
knowledge, there is no previous work in the literature comparing the linear SVMs
with one-vs-rest, multiclass, ranking and weighted average ranking formulations in
such a large scale setting. The approach obtained good results in the XRCE-INRIA
participation of the large scale image categorization challenge of the ILSVRC2012.
This work was published in Perronnin et al. (2012); Akata et al. (2013b) and is
described in Chapter 3.

e Our second contribution is a novel approach for classifying images when the anno-
tations are scarce; that is when for some classes there is little or no training data
available. To overcome the difficulty of learning in such a context, i.e. zero-shot
learning, the attributes act as intermediate representations that enable parameter
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sharing between classes. Our approach, Attribute Label Embedding (ALE), con-
sists in embedding the classes in a Euclidean space using side information such as
attributes, hierarchies efc. ALE has several advantages with respect to the standard
DAP approach of Lampert et al. (2009): (1) It gets a higher accuracy, (2) it is not
restricted to attributes, any other sources of side information can be used, and (3) it
allows a smooth transition from zero-shot learning to learning with large quantities
of data.

The experimental validation of this contribution is performed on Animals with At-
tributes dataset which contains 40 classes with 85 attributes associated with each
class and Caltech UCSD 2011 Birds dataset which contains 200 classes with 312
attributes. Apart from the attributes, we build side information using the hierarchi-
cal relationships between the synsets in the WordNet hierarchy and we use Error
Correcting Output Codes as side information. The details of this project are dis-
cussed in Chapter 4 which summarizes the publications Akata et al. (2013a) and
Akata et al. (2013c¢).






Related Work

Contents
2.1 Image Description 14
2.1.1  Local Features 16
2.1.2  Coding and Pooling 17
2.1.3  Improving High-Level Image Descriptors 22
2.1.4  Compression 25
2.2 Learning 26
2.2.1 Large-Scale Learning 27
2.2.2  Learning with Scarce Training Data 29

It is trivial for humans to classify up to 20,000 object classes accurately Biederman
(1987). However, all the automatic image classification systems fail at reaching human
accuracy when the number of classes goes up to and above 1,000 object classes. In this
chapter, we investigate the components of an image classification system and provide the
related work regarding our main goal of large scale image classification.

Image classification consists in assigning one or multiple labels to an image based on its
content. The image classification pipeline is composed of two steps: (1) Image description
and (2) image classification. In image description, we create a high-level descriptor x €
X for an image that represents its content. In image classification, given a set of image
descriptors X = {x1,...,xy} and a set of labels Y = {y1, ..., y.}, we learn a prediction
function f : X — [0, 1]° that predicts the presence or absence of each label for an image.

The outline of this chapter is as follows. Section 2.1 reviews the algorithms used in the
image description step to translate images into image descriptors. Section 2.2 reviews the
machine learning algorithms developed for learning classifier parameters and for predict-
ing class labels of an unknown image.
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2.1 Image Description

The choice of image descriptors is one of the main factors that impacts the accuracy of
an image classification system Parikh and Zitnick (2010). In this section, a detailed anal-
ysis of the available image features and descriptors that are suitable for large scale image
datasets is provided. The desired properties of the image descriptor extraction algorithms
are robustness, computational efficiency and high level descriptiveness of the image con-
tent. The image itself, as humans perceive it, has all the essential information about the
content of the image. However, as computers perceive it, the image itself contains only
low-level information about the individual pixels. Image descriptors are extracted from
an image to bridge the gap between low-level information and high level concepts. Image
descriptors can be broadly classified into two categories: global and local image descrip-
tors.

Pixel-Level (Global) Image Descriptors. Early works described the images using global
signatures based on the aggregation of pixel-level statistics. The global gray-scale image
histogram is an example of such an image representation. It counts the number of times
a certain pixel value appears in an image. Therefore, image histograms discard the spa-
tial location of the pixel values. Since the image histograms of two conceptually similar
images may be very different due to the changes in the background, illumination con-
ditions, viewpoint or the scale, position, orientation of the objects (see Figure 2.1), this
representation is not discriminative enough for image classification even at a small scale.

o
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Figure 2.1 Global Image Histograms are not discriminative enough to describe the

image content. This figure shows two completely different histograms for two images that
belong to the same class ("city"” or "New York City").

Another example of global image descriptors is the GIST descriptor introduced by Oliva
and Torralba (2001). The idea in GIST is to develop a low-dimensional description of
the whole image through a set of perceptual dimensions such as naturalness, openness,
roughness, expansion and ruggedness. Because it is efficient to compute and because
it is low-dimensional — and therefore efficient to match and classify — it has come back
in fashion for large-scale visual recognition as shown in Deng et al. (2010). It has also
been shown Douze et al. (2009) to perform well in some specific large-scale image clas-
sification applications such as commercial copy detection where the aim is to determine
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whether a certain image is original or fake. However, GIST descriptors are not invariant
to many image transformations such as crops, rotation efc. Thus, the descriptive power of
such pixel-level image descriptors is limited.

Aggregation of Local Image Descriptors. Patch-based image descriptors (see Figure
2.2) consist in aggregating per image statistics computed from local image patches. We
first extract patch-level local features and then aggregate the statistics computed from the
local features into a fixed length local image descriptor (see Figure 2.2). The additional
steps include normalization and spatial pyramid matching for image descriptor enhance-
ment, and quantization for compression.

dense local patches

. input encoded
image features
coding \ i
pooling \  descriptor
— > —> (BOV or FV)
A e

odebook m
Figure 2.2 In the state-of-the-art image description pipeline, we select a set of local
patches densely from an image, i.e. detection. From each of these dense local patches,
we extract local image features for a set of images, i.e. description. We then cluster these
local features to form a visual vocabulary and we assign each local feature to one or
more visual words, i.e. coding. Finally, we aggregate these encoded local features using
the average or max operations, i.e. pooling.

The patch-based image descriptors are used in state-of-the-art image classification sys-
tems since: (1) they are more informative about the image content than the individual
pixels and (2) the feature detection and description at a patch level enables image descrip-
tors to inherit the invariance properties obtained from the local features. The patch-level
image descriptors are used in many applications such as object recognition Ferrari et al.
(2006); Fergus et al. (2003), image stitching Brown and Lowe (2003), automatic image
Mikolajczyk and Schmid (2001) and video Tuytelaars and Van Gool (2004) annotation
etc. In this thesis, the experiments have been conducted using such state-of-the-art image
descriptors. We present them in detail in the following.

Section 2.1.1 presents the detection and description steps of the local feature extraction
pipeline. Section 2.1.2 details the algorithms for coding the local features and pooling
them into high level image descriptors. Section 2.1.3 provides the methods for increas-
ing the descriptive power of the high level image descriptors. Section 2.1.4 details the
quantization methods that are used to compress the image descriptors.
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2.1.1 Local Features

Local features are preferred in practice due to their invariance to certain image transfor-
mations such as translation and scaling, etc. Local feature extraction is composed of two
steps: (1) detection and (2) description.

Detection. The feature detection step determines the number, the size and the loca-
tion of the patches that are extracted in an image. There are three main methods used for
feature detection in the literature: (1) sparse detection based on the interest points Mikola-
jezyk and Schmid (2002), (2) detection on a dense grid Tuytelaars (2010) and (3) random
sampling of the patches Mar¢e et al. (2005). The interest points are detected by searching
the descriptive key-points that are invariant to certain image transformations in all scales
of an image. Dense sampling extracts patches on a regular grid within the image. In order
to have scale invariance, dense patches are extracted at different scales of every image.
In random sampling, the patches are sampled at random locations in an image. Among
these, dense sampling is the detection method that is used in the state of the art.

Description. In this step, local features are extracted from patches or interest points that
were detected in the previous step. Local features can be simple as the intensity or RGB
values. However, more descriptive features that have some level of invariance against
illumination change or geometric distortions are usually preferred. The description step
is briefly reviewed as follows, with an emphasis on the SIFT and color features which are
used in the experimental evaluation of this thesis.

e SIFT descriptor. The SIFT descriptor Lowe (2004) builds a histogram of image
gradients within each patch as illustrated on Figure 2.3. It computes 8 orientation
directions over a 4 x 4 grid which results in a 4 x 4 X 8 = 128-dimensional feature
vector. Through a Gaussian window function that gives more weight to the gradi-
ents computed near the center of the patch, the SIFT descriptor offers robustness to
some level of geometric distortion and noise. Also, for robustness to illumination
changes, the SIFT descriptor is normalized to one. It is shown to outperform other
descriptors in several tasks Mikolajczyk and Schmid (2005).

e Local RGB Color Descriptors. In large-scale datasets even a small variation in
color plays an important role in distinguishing between classes. There are many
ways of extracting color descriptors depending on the color coding used in the im-
ages. In this thesis, a patch is divided into 4 x 4 = 16 sub-regions, the mean and
standard deviation of R,G and B channels are computed in each sub region, i.e. 2x 3
which results in a 96-dim local RGB color feature.
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Figure 2.3 Scale Invariant Feature Transform (SIFT) by Lowe (2004): describes each
image patch as a histogram of image gradients measured by the magnitude and orien-
tations of intensity changes in the pixel level. The 8 image gradients are calculated at
the pixel level (left) and they are accumulated into orientation histograms over 4 x 4
subregions (right) which results in a 128-dimensional vector.

In this thesis, we use the popular SIFT and the local RGB color descriptors. However,
apart from them, many other local descriptors exist. Now we review some of the other
type of descriptors introduced in the computer vision literature.

e Color SIFT van de Sande et al. (2010) computes SIFT descriptors separately for
R,G and B channels.

e Local Self Similarity (LSS) Features Shechtman and Irani (2007) describes an inter-
est point by computing the sum of squared distances between a small patch whose
center is the sampled point and other patches from a bigger region.

e Speeded up Robust Features (SURF) Bay et al. (2006) is another scale and rotation
invariant local feature extraction algorithm that computes gradients in only two
orientations, i.e. z and y, and relies on image integral masks to approximate the
gradient computation.

2.1.2 Coding and Pooling

The first step of the image description is to compute a set of local features, e.g. SIFT.
The next step is to cluster this set of local features into visual words that create a visual
vocabulary. The local features of an image are then assigned to one or multiple visual
words using a similarity measure. The coding step maps an input descriptor to a higher
dimensional space through a nonlinear operation. After the coding step, spatial pooling
using average or max operations are carried out to aggregate the codes into an image level
descriptor.
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In the remainder of this chapter, we discuss the two coding techniques to build the global
image descriptors that are used in the experimental evaluation of this thesis, (1) Bag of
Words and (2) Fisher Vectors.

1) Bag of Visual Words (BOV)

Since it is first mentioned by Harris (1954) in the context of text processing, the Bag of
Words model has been widely used in building a systematic description of textual doc-
uments and consecutively adapted to computer vision problems by Sivic and Zisserman
(2003); Csurka et al. (2004). The Bag of Visual Words (BOV) is essentially a frequency
count (e.g. histogram) of the local image features that are assigned to the closest visual
word (see Figure 2.4). Each image is described as a collection or "bag" of these visual
words that make up the visual dictionary. The contribution of each visual word in the BOV
descriptor of each image is determined by the number of visual words that are present in
the bag. Now we explain the details of BOV algorithm.

Visual
Vocabulary
v
n
*
— Bags of Visual Words
BOV Descriptors

Figure 2.4 Bag of Visual Words: After extracting local features, a visual vocabulary is
created using k-means clustering. Each image is then described as a collection or "bag"
of these visual words that make up the visual dictionary. The contribution of each visual
word in the BOV descriptor of each images is determined by number of visual words that
are present in the bag, i.e. a histogram of visual words.
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Creating the Visual Vocabulary. As mentioned earlier, the local features that are ex-
tracted from a set of images are clustered to build a visual vocabulary. The most popular
clustering method used with BOV is k-means clustering Sivic and Zisserman (2003);
Csurka et al. (2004). Given a set of N local image features {xi,...,xy} € RP, to learn
a dictionary D = {dy, ..., dy} of size k, the k-means algorithm aims at minimizing the
squared Euclidean distance between each local feature and its nearest visual word. This
objective can be formulated as:

N
. 2 : 2
min E_l |x; — dg||* where ¢; = arg min ||x; — di| (2.1)

The clusters must be composed of similar amount of sample points in the end. Here, the
cluster assignments of the local features are determined using Vector Quantization (VQ)
method of Lloyd (1982).

In the next step where we compute the global image descriptor, i.e. creating the histogram
of local features, the encoded local features can be pooled in one of two ways: (1) sum-
pooling or (2) max-pooling. In the case of sum-pooling, the local encoded features are
additively combined into a histogram, which then could be normalized by the number of
samples. In the case of max-pooling, each histogram bin is assigned the highest value
throughout all of the encoded local features.

The BOV has been the major feature descriptor in many computer vision applications
Csurka et al. (2004); Farquhar et al. (2005); Sivic and Zisserman (2009); van Gemert
et al. (2010); Bourreau et al. (2010) as it is computationally efficient, simple and easy to
implement. As an improvement over the BOV representation, Farquhar et al. (2005); van
Gemert et al. (2010) suggest to soft-assign the local descriptors using a generative model
built on the descriptors. Another approach is based on sparse coding, which enforces a
descriptor to be assigned to a small number of visual words Yang et al. (2009); Bourreau
et al. (2010). While sparse-coding has been shown to yield excellent results, especially
in combination with max-pooling Bourreau et al. (2010), it involves a costly iterative
optimization process. Kernel Codebook Encoding Gemert et al. (2008) proposes to use
kernel density estimation algorithm to allow a degree of ambiguity in assigning visual
word centroids to image features. Another example to Visual Word Encoding methods is
Locality Constrained Linear Encoding (LLC) Wang et al. (2010); Lin et al. (2011). LLC
projects each image feature onto its local coordinate system and integrates the projected
coordinates by max pooling to generate the final image descriptors.

The descriptive power of the high-level image descriptors increases with the increasing
number of dimensions. Therefore, image descriptors such as BOV provides good results
in combination with linear classifiers only when they are high dimensional. In order to
implicitly increase the dimensionality of the high-level image descriptors, one way is to
increase the size of the visual vocabulary. Another way to obtain good results without
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using high dimensional descriptors is to use kernels, e.g. see the results of the successive
PASCAL VOC competitions organized by Everingham et al. (2010). However, one of the
limitations of non-linear SVM classifiers is that they do not scale well with the number of
training samples. Therefore, several works have proposed to perform an explicit embed-
ding of the image representations in a high dimensional space where the BOV histograms
are more linearly separable. Maji and Berg (2009) proposed mappings for the Intersection
Kernel (IK) and Wang et al. (2009) then proposed efficient algorithms to learn IK SVMs.
Vedaldi and Zisserman (2010) and Perronnin et al. (2010a) subsequently generalized this
principle to additive classifiers. Gong and Lazebnik (2011) benchmarked several feature
mapping techniques and showed that the data-dependent mappings have an edge over the
data-independent ones in large-scale scenarios (see the part on power normalization in
the following sections). Other examples of high-level image descriptors are the Vector of
Locally Aggregated Descriptors (VLAD) Jégou et al. (2012), the Super Vector (SV) Zhou
et al. (2010) and the Fisher Vectors (FV) Perronnin and Dance (2007). Chatfield et al.
(2011) benchmarked five local descriptor encoding techniques (BOV with hard coding,
soft coding and sparse coding as well as SV and FV coding); the FV Perronnin et al.
(2010a) yielded the best results on two standard datasets. Therefore, we mostly focus
on the FV but also use the BOV in comparison with FV to show the generality of our
conclusions. We explain the FVs in the following.

2) Fisher Vectors (FV)

While the BOV is composed on only the count of visual word occurrences for each lo-
cal descriptor, other approaches have been proposed that introduce higher-order statistics.
This includes the Fisher Vector (FV) Perronnin and Dance (2007) which consists in com-
puting the deviation of a set of local descriptors from an average Gaussian Mixture Model
(GMM). In the following, we explain the steps of the FV algorithm.

Creating the Visual Vocabulary. If the codebook is based on a Gaussian Mixture
Model (GMM), the posterior probabilities of each Gaussian can be used as weight in the
soft-assignment of image features to the visual words. A GMM is a probability density
function calculated on the space of image features. The parameters can be learned with
the Expectation Maximization (EM) algorithm Dempster et al. (1977). Given a training
set of image features {xy, ..., xy } € RP, the aim s to learn a dictionary D = {dy, ..., dx }
of size k. Let p, to be the probability density function of a GMM:

k
pa(x) = Zﬂ—ipi(x) with A = {m;, p;, 3,0 =1, k} (2.2)
=1

where 7;, p; and X2; are mixture weight, mean vector and covariance matrix of Gaussian
d;. With the increasing number of clusters, the vocabulary size increases which leads to a
higher performance Chatfield et al. (2011); Perronnin et al. (2012).
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Fisher Vector Coding. The Fisher kernel is based on the gradient of the log-likelihood
of a set of features on the GMM with respect to its parameters. The gradient of the
log-likelihood describes how the parameters contribute to the process of generating a par-
ticular example. A local feature extracted from an image, denoted as x can be described
by the gradient vector:

G} = V alogp(x|A) (2.3)

where p is the probability density function of a GMM and A are its parameters. The
gradients of the likelihood with respect to each parameter measures the contribution of
each parameter to the generation process. The Fisher kernel on these gradients Jaakkola
and Haussler (1998) is defined as:

K(x,y)=GX F'GY (2.4)
where F)\ is defined as the Fisher information matrix:
F\ = E,,[V xlog p(x|\)V log p(z|\)T]. (2.5)

Since F), is symmetric and positive definite, it can be written as F) = L:/CLA and accord-
ingly the Fisher Vectors are defined as:

Gk = LG} (2.6)
For each K =1, ..., k cluster centroids (also known as visual words) the following Fisher

Vectors with respect to the mixing weights 7;, the means p; and standard deviations o; of
Gaussian ¢ are defined as:

1
O, = ﬁ(v(i) - m), 2.7)
X __ 1 . X = My
x 1 . (X - #’Z>2
gai - N\/Q_ﬂ'lf}/(/l) |: 22 - 1:| . (29)

where (i) = p(i|z) is the soft assignment of feature = to Gaussian i. To aggregate
the codes of different patches, Perronnin et al. (2010b) proposes to average them which
corresponds to an independence (iid) assumption. For instance, when we consider the set
of all the local features extracted from an image (i.e. X = {x;,t = 1,..., N}) and average
them based on the mixing weights (i.e. G.) the equation can be written as:

1
N

X
G, =

Z(%(i) — ), (2.10)
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which represents the 0-order word count that shows the number of features to be assigned
to a certain Gaussian. This is the soft BOV descriptor minus the mixing weights and
normalized by the frequency. Accordingly, the final FV descriptors are defined as the
concatenation of the gradients calculated using the mean x; and standard deviation o; for
i =1,...,k. The FV leads to a high dimensional descriptor' despite few mixing Gaussians
are used at low cost.

2.1.3 Improving High-Level Image Descriptors

This section explains ¢ normalization, power normalization and spatial pyramid match-
ing for improving the FV. Our discussion is based on the FV but these improvements can
be extended to other image descriptors.

{5 Normalization. Normalizing the FV improves its descriptive power Perronnin et al.
(2010b). Here we provide two explanations supporting ¢, normalization. As discussed in
Perronnin et al. (2010b), the Fisher Vectors approximately discard the image-independent
(background) information but focus on the image specific (foreground) information. Con-
sequently, two images containing the same object with different sizes (see Figure 2.5) will
have different FV signatures. To remove the dependence of the proportion of the image
specific information, we /5 normalize the FV.

i
Figure 2.5 Although the background information is approximately discarded from the
the FV of Perronnin et al. (2010b), it is depends on the foreground information. In this
figure, all the images contain horses but the proportion of the information that depicts the
"horse" is different for each image. Consequently, they would have different FV signa-

tures. To remove the dependence on the image specific information, we {5 normalize the
FV.

The second interpretation Sdanchez et al. (2013) is valid for any high dimensional vector.
Under the assumption that high dimensional vectors are uniformly distributed over the
unit sphere, the marginals over the ¢ normalized coordinates are approximately Gaussian.

!"The final dimensionality of FV is 2k D where D is the dimensionality of the local features (e.g. D = 64
in the setting with 128dim SIFT + PCA) and k is the number of Gaussians (e.g. typically £k = 256 for the
large scale experiments reported in the following chapters).
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Moreover, it has been suggested that the {5 metric is a good metric between data points if
they are distributed according to a generalized Gaussian. Since in large scale learning we
rely on linear SVMs where the similarity between the samples is measured using simple
dot-products and the dot-product is equivalent to /5 metric for /5 normalized vectors, ¢
normalization of high dimensional vectors such as the FVs is a natural choice.

Power Normalization. As the number of cluster centroids that construct the visual vo-
cabulary increases, fewer local features are assigned to some Gaussians, therefore the
resulting Fisher Vectors become sparser. As the number of Gaussians K increases, the
distribution of the features in a given dimension becomes more peaky around zero (see
Figure 2.6). In other words, some of the visual words will not be represented in the Fisher
Vectors. Hence, Perronnin et al. (2010b) proposed to perform a power normalization:

f(z) = sign(2)|z]* with0 < a < 1 (2.11)

for each dimension of the FV independently. In our experiments, we follow the choice of
Perronnin et al. (2010b) and take o = 0.5, therefore we can refer to this normalization as

"square-rooting". This operation can be viewed as an explicit data embedding Sdnchez
et al. (2013).
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Figure 2.6 This figure shows the distribution of the values in the first dimension of the
L2 normalized FV constructed using 256 Gaussians (Perronnin et al. (2010b)). Figure on
the left the values without power normalization and Figure on the right shows the effect
of power normalization. Note that power normalization makes the Fisher Vector sparser.

A more formal justification was provided in Jégou et al. (2012). The FVs can be viewed
as emissions of a compound distribution whose variance depends on the mean. How-
ever, when using metrics such as the dot-product or the Euclidean distance, the implicit
assumption is that the variance is stabilized, i.e. that it does not depend on the mean. It
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was shown in Jégou et al. (2012) that the square-rooting had such a stabilization effect.
All of the above papers acknowledge the incorrect patch independence assumption and
try to correct a posteriori for the negative effects of this assumption. In contrast, Cinbis
et al. (2012) proposed to go beyond this independence assumption by introducing an ex-
changeable model which ties all local descriptors together by means of latent variables
that represent the GMM parameters. Such a model leads to discounting transformations
in the FV similar to the simpler square-root transform, and with a comparable positive
impact on performance. We finally note that the use of the square-root transform is not
specific to the FV and is also beneficial to the BoV as shown for instance by Perronnin
et al. (2010a), Vedaldi and Zisserman (2010), Winn et al. (2005).

Spatial Pyramid Matching. A weakness of the FV or the BOV descriptors is that,
they are agnostic to the geometric correspondences between images. To incorporate more
information regarding the structure of the scene, Spatial Pyramid Matching (SPM) is pro-
posed by Lazebnik et al. (2006). The SPM partitions the image into increasingly fine
sub regions and computes the image descriptors (e.g. BOV, FV etc.) for each sub-region,
i.e. the local statistics are pooled at a region level. These image descriptors that encode
the spatial structure of the image (see Figure 2.7) are then concatenated to form a global
image representation.
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(a) no SPM (b) with SPM

Figure 2.7 In the figure, four feature types, i.e. squares, diamonds, stars and triangles
are extracted from the image. In the figure on the left, no spatial pyramids are used. In
the figure on the right, the image is subdivided into three sub-regions. The FVs extracted
separately from these sub-regions encode the spatial structure of the image. The final FV
is the concatenation of the FVs extracted from all these sub-regions + the FV extracted
over the whole image.

In this thesis the general practice is dividing the image in three horizontal sub regions and
concatenate the FV obtained in all the three horizontal stripes as well as the FV obtained
using the whole image (S = 4).
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2.1.4 Compression

High dimensional image descriptors such as the FV lead to good results in combination
with linear classifiers. However, a weakness of high-dimensional image descriptors is that
they have large memory footprints Sanchez and Perronnin (2011); Lin et al. (2011). Con-
sequently, they are difficult to scale to large datasets. Several works have been proposed
to use more compact descriptors for classification. One line of work consists in describing
an image with a set of high-level concepts based on object classifiers Wang et al. (2009);
Torresani et al. (2010); Bergamo et al. (2011) or object detectors Li et al. (2010). Coding
techniques such as Product Quantization (PQ) Jégou et al. (2011) have also been used
to compress the data Sanchez and Perronnin (2011); Rastegari et al. (2011); Vedaldi and
Zisserman (2012).

Descriptor quantization is used to reduce the cardinality of the descriptor space. It maps
a large set of samples to a smaller set so that the distance between the original and the
quantized signal is minimized. In the source coding literature, this quantitative measure of
quantization quality is referred to as quantization error. An example to quantization is the
JPEG image format which is used to reduce the memory footprint of an image. Formally,
a quantizer is a function that maps a D-dimensional vector x € R” to a finite set.

Product Quantization (PQ) For large scale problems where the sample set size often
scales to million of samples, using large codebooks is computationally intensive. At the
same time, an approximate search brings high cost at both training and test time for high
dimensional vectors. Product Quantization (PQ) technique of Jégou et al. (2011) aims at
resolving this issue. The input vector x is split into m distinct sub-vectors u; of dimension
D* = D/m where 1 < j < m. The sub vectors are quantized separately using m distinct
sub-quantizers as follows (see Figure 2.8)
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where ¢; is a sub-quantizer associated with the j* subvector. The index set I; is as-
sociation with the codebook C); and the corresponding reproduction values c; ; is done
through ¢;. The reproduction value ¢; ; is identified by an element of the product in-
dex set (I = I; X ... x I,,) where the codebook is defined as the Cartesian product
C =(C] x..xC,,. A centroid of the index set is the concatenation of centroids of the m
subquantizers.

PQ is an efficient method to increase the codebook size at an affordable cost. It splits
the input vector into a set of m sub-vectors. In training, each sub-vector is clustered and

ZAs an example, the PASCAL VOC 2009 winners mention in Gong et al. (2009) (slide 27) that their
GMM-based Zhou et al. (2010) and sparse-coding-based Yang et al. (2010) representations have respec-
tively 655K and 2M dimensions.
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Figure 2.8 Product Quantization: Firstly the image descriptor is split into small sub-
vectors. Training is done by clustering each sub-vector and the compression is done by
encoding each sub-vector to its closest codebook index (Image courtesy of Jorge Sdanchez).
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quantized separately using m sub-quantizers. If we denote b as the average number of bits
per dimension (assuming that the bits are equally distributed across the codebooks), the
cost of learning and storing the codebook are around O(D2°P") Jégou et al. (2012). It is
also worth to note that D* = 1 corresponds to no-compression and D* = D corresponds
to Vector Quantization (VQ). PQ has been previously used with the FV in large-scale
image classification Sanchez and Perronnin (2011); Sanchez et al. (2011). In our setting,
the plain FVs are encoded with 32 bits per dimension (4-byte floating point arithmetic)
whereas the compressed FVs are encoded with 1 bit per dimension.

2.2 Learning

Once the image descriptors are extracted, we need to train the classifiers to learn the
parameters of the decision functions that separate different classes. Supervised image
classification uses a set of image descriptors with their corresponding labels to build such
decision functions. The aim is to minimize the empirical risk with regularization. The
empirical risk corresponds to the cumulative misclassification loss for a set of samples. In
testing, the decision function that is learned in training is used to assign one or multiple
labels to an unseen image using a similarity score. In Section 2.2.1 we review the related
work on supervised image classification in the context of large-scale learning.

In this thesis, we also consider the opposite problem of learning the decision boundaries
with the lack of labeled training images which is known as zero-shot learning. In this
case, side information is used to learn an embedding space that connects the images and
the classes which can be used as a means of predicting the label of an unknown image.
In another scenario, we explore the learning problem when only few training images are
available. This is also known as few-shots learning. In Section 2.2.2 we discuss the related
work on zero-shot and few-shots learning.
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2.2.1 Large-Scale Learning

Along with the dimensionality of the image descriptors, the number of images and classes
contained in the dataset are two of the properties that define the scale of the learning prob-
lem. Building such large datasets are mainly done in two steps. In the first step one simply
queries image search engines such as Google Images® or Flickr* with a text query. In the
second step one needs to post process the retrieved results manually to avoid the noisy
results which is a costly process. Due to the high cost of manual labelling, the computer
vision community used to focus on small-scale datasets such as Pascal VOC Everingham
et al. (2010) that has 20 classes and 10,103 images, Caltech-101 Fei-Fei et al. (2006) that
has 101 classes with 40 to 800 images per class, Caltech-256 Griffin et al. (2007) that
has 256 classes and 30,607 images etc. However, with the emergence of crowdsourcing
platforms such as the Amazon Mechanical Turk (AMT)’, the image labeling process was
simplified. This led to the development of truly large-scale datasets such as LabelMe
Russell et al. (2008) and ImageNet Deng et al. (2009). Another large scale dataset, the
Tiny-images Torralba et al. (2008) avoids the post processing step and keeps the noisy
image labels. With the help of these recent large scale image datasets, the large-scale
image classification problem gained popularity. In the following, we review the previous
work on large-scale learning from the algorithms and solvers point of view. A detailed
discussion about these algorithms and solvers is given in Chapter 3.

Supervised Large-Scale Learning Algorithms. In most previous works tackling the
large-scale visual data sets, the objective function which is optimized is always the same:
one binary SVM is learned per class in a one-vs-rest fashion Deng et al. (2010); Sanchez
and Perronnin (2011); Lin et al. (2011); Rohrbach et al. (2011). Some approaches use
simple classifiers such as the nearest-neighbor (NN) Torralba et al. (2008). While the ex-
act NN can provide a competitive accuracy when compared to SVMs Weston et al. (2010);
Deng et al. (2010), it is not straightforward to scale to large data sets. On the other hand,
the Approximate Nearest Neighbor (ANN) performs poorly on high-dimensional image
descriptors (significantly worse than one-vs-rest SVMs) while still being much more com-
putationally intensive Weston et al. (2010). The one-vs-rest (OVR) strategies offer sev-
eral advantages such as the speed and simplicity as compared to multi-class classifiers
(see Rifkin and Klautau (2004) as a defense of OVR). Indeed, OVR classifiers are trained
efficiently by decomposing the problem into independent per class problems.

On the other hand, several versions of multi-class SVMs were proposed. Weston and
Watkins (1999) propose a multi-class SVM with a loss function that consists in summing
the losses incurred by each class-wise score. Note that this version of multi-class SVM is
statistically not consistent for large samples Tewari and Bartlett (2007). Lee et al. (2004)

3http://images.google.com/
*http://www.flickr.com/
Shttps://www.mturk.com/mturk/welcome


http://images.google.com/
http://www.flickr.com/
https://www.mturk.com/mturk/welcome

28 2. RELATED WORK

introduced a statistically consistent version of multi-class SVM, which can be thought of a
“hinge-loss” counterpart of multinomial classification. In this work, the multi-class SVM
formulation of Crammer and Singer (2002) is used, which is a computationally attractive
variant which was proved to be consistent for large-scale problems.

Many alternative approaches for multi-class classification were proposed in the literature.
Dietterich and Bakiri (1995) introduce error correcting codes as a basis of multi-class clas-
sification. Allwein et al. (2000) combine several multi-class classifiers using AdaBoost.
Vural and Dy (2004) approach the problem from the decision trees perspective by parti-
tioning the space in N — 1 regions. Platt (1999) uses sequential minimal optimization to
speed up this process to polynomial time.

When the target loss function is not the classification accuracy but a more sophisticated
performance measure such as mean-average-precision, a natural approach is to build rank-
ing algorithms. Joachims (2002) proposed a ranking SVM, allowing to rank highly related
documents on the higher ranks of the list. Grangier et al. (2006) improve the baseline
ranking SVM by giving weights to classifiers. Usunier et al. (2009) penalize the loss
encountered at the top of the list more than the bottom. Another ranking framework by
Weston et al. (2010) uses the linear classifiers trained with SGD and a novel sampling
trick to approximate the ranks.

In order to break the time-complexity of training to sub-linear in the number of classes,
various approaches have been proposed which employ tree structures Marszalek and
Schmid (2008); Bengio et al. (2010); Gao and Koller (2011); Chan and Stolfo (1996);
Mehta et al. (1996); Gehrke et al. (2000). Beygelzimer et al. (2005) create a model for
error-limiting reduction in the learning. According to this model, the tree (multi-class)
reduction has a slightly larger loss rate than binary classifiers. The reader may refer to
Rokach and Maimon (2005) for an extended survey of top down approaches for classifi-
cation.

Large Scale Solvers. Here, we review the current publicly available solvers for the
linear SVMs. Other algorithms will not be visited since in this thesis, they will not be
experimentally evaluated. There are two main families of algorithms for optimizing the
SVM objectives: batch algorithms, and online algorithms.

The state-of-the-art batch optimization algorithms for non-linear SVMs are based on a
variant of coordinate-descent called sequential minimal optimization (SMO) Platt (1999).
The main strength of batch approaches is the high robustness to the parameter setting, that
are initialization, line-search, number of iterations, etc. Such algorithms are implemented
in the most popular toolboxes LibSVM Chang and Lin (2011), SVM!9" Joachims (1999),
and Shogun Franc and Sonnenburg (2008). The state-of-the-art batch algorithms for linear
SVMs are based on coordinate-descent approaches with the second-order acceleration.
The widely used LibLinear toolbox Fan et al. (2008) provides an efficient implementation
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of such algorithms. The weakness of the batch methods is the difficulty to scale up to
large datasets.

The state-of-the-art optimization algorithms for linear SVMs are based on stochastic gra-
dient descent (SGD) where the classifier parameters are determined by considering one
sample at a time. Since the decision to determine the classification boundaries is made
based on a single sample, the learning process is fast. The well known online SVM solver
Pegasos Shalev-Shwartz et al. (2007) and 1ibSGD Bottou (2003) provide an implementa-
tion of these algorithms. The main strength of SGD algorithms is their built-in ability to
scale up to large datasets. However, without a careful setting of the parameters, SGD al-
gorithms can have slow convergence and struggle to match the performance of their batch
counterparts.

2.2.2 Learning with Scarce Training Data

One of the challenges of working with large-scale datasets containing thousand of classes
is that labeled training data is hard to obtain. Especially for the classes which can be
distinguished only by experts, the annotation is not accessible through crowdsourcing
platforms such as AMT. Therefore, some of the classes remain unlabeled. Learning with
the scarce training data, e.g. zero-shot learning and few-shots learning (see Figure 2.9) is
a problem that we address in this thesis. In zero-shot learning, the training and the test
classes are disjoint. In few-shots learning, the aim is to learn the classification boundaries
in the presence of few training data. Following, we will review the related work that
investigate the learning problem with the lack of training data.

Zero-Shot Learning. Zero-shot learning requires the ability to transfer knowledge from
classes for which there is training data available to the classes for which there is no labeled
training data available. There are two crucial choices when performing zero-shot learning:
the choice of the prior information and the choice of the recognition model. The possi-
ble sources of prior information include attributes Lampert et al. (2009); Farhadi et al.
(2009); Palatucci et al. (2009); Rohrbach et al. (2010a, 2011), semantic class taxonomies
Rohrbach et al. (2011); Mensink et al. (2012a), class-to-class similarities Rohrbach et al.
(2010a); Yu et al. (2013) or text features Palatucci et al. (2009); Rohrbach et al. (2010a,
2011); Socher et al. (2013). Rohrbach et al. (2011) compare different sources of infor-
mation for learning with zero or few samples. However, since different models are used
for the different sources of prior information, it is unclear whether the observed differ-
ences are due to the prior information itself or the model. In Chapter 4, the attributes and
the class hierarchies are compared using the exact same learning framework. Therefore,
we provide a fair comparison of different sources of side information. In addition to at-
tributes and hierarchies, other sources of prior information have been proposed for special
purpose problems. For instance, Larochelle et al. (2008) encode the characters with 7 x 5
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Figure 2.9 In the figure we use four object classes: square, star, diamond and triangle.
In the training and test sets, each symbol represents an image that belongs to one of those
classes. In zero-shot learning, the training and the test classes are disjoint, accordingly,
the training dataset does not contain any image from one of the classes that is included
in the test dataset. In few-shots learning, the aim is to learn the classification boundaries
with few training data. The training and the test classes are the same (as in large scale
setting). In few-shots learning, the training dataset contains very few samples whereas
in large scale learning (fully supervised setting) we have plenty of positive and negative
samples from each class.

pixel representations. It is unclear, however, how such an embedding can be extrapolated
to the case of generic visual categories.

As for the recognition model, there are several alternatives. The state of the art DAP algo-
rithm Lampert et al. (2009) uses a probabilistic model which assumes attribute indepen-
dence. The ALE method described in Chapter 4 has been inspired by those works which
perform zero-shot recognition by assigning an image to its closest class embedding. The
distance between an image and a class embedding is generally measured as the Euclidean
distance and a transformation is learned to map the input image features into the class
embeddings Palatucci et al. (2009); Socher et al. (2013). ALE learns the input-to-output
mapping features to optimize directly an image classification criterion: learning to rank
the correct label higher than incorrect ones. In this thesis, it has been shown that this leads
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to improved results compared to those works which optimize a regression criterion such
as Palatucci et al. (2009); Socher et al. (2013).

Few-Shots Learning Few works have considered the problem of transitioning from
zero-shot learning to learning with few shots Yu and Aloimonos (2010); Sharmanska et al.
(2012); Yu et al. (2013). As mentioned earlier, Yu and Aloimonos (2010) is only appli-
cable to the bag-of-words type of models. Sharmanska et al. (2012) proposes to augment
the attribute-based representation with additional dimensions for which an autoencoder
model is coupled with a large margin principle. While this extends DAP to learning with
labeled data, this approach does not improve DAP for zero-shot recognition. In this the-
sis, we show that the ALE framework can admit transition from zero-shot to few-shots
learning and improves the DAP in the zero-shot regime. As an alternative, Yu et al. (2013)
learns separately the class embeddings and the input-to-output mapping which is subop-
timal. On the contrary, when learning from few-shots, we learn the class embeddings and
the input-to-output mappings jointly (using attributes as prior) to optimize classification
accuracy.
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In this chapter we benchmark several SVM objective functions for large-scale image clas-
sification. We consider the One-vs-Rest (OVR), Multiclass (MUL), Ranking (RNK) and
Weighted Approximate Ranking (WAR) objective functions. A comparison of online and
batch methods for optimizing these objectives shows that online methods perform as well
as batch methods in terms of classification accuracy, with a significant gain in training
speed. Using stochastic gradient descent, we can scale the training to millions of images
and thousands of classes. Our experimental evaluation shows that ranking-based algo-
rithms do not outperform the one-vs-rest strategy when a large number of training exam-
ples are used. Furthermore, the gap in accuracy between the different algorithms shrinks
as the dimension of the features increases. Moreover, learning through cross-validation
the optimal rebalancing of positive and negative examples can result in a significant im-
provement for the one-vs-rest strategy. Finally, early stopping can be used as an effective
regularization strategy when training with online algorithms. Following these “good prac-
tices” we improve the state-of-the-art top-1 image classification accuracy on a large subset
of 10K classes and 9M images of ImageNet from 16.7% to 19.1%.
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3.1 Introduction

Image classification is the problem of assigning one or multiple labels to an image based
on its content. This is a standard supervised learning problem: given a training set of
labeled images, the goal is to learn classifiers to predict labels of new images.

Large-scale image classification has recently received significant interest from the com-
puter vision and machine learning communities Torralba et al. (2008); Deng et al. (2010);
Weston et al. (2010); Bengio et al. (2010); Sanchez and Perronnin (2011); Lin et al.
(2011); Rohrbach et al. (2011); Deng et al. (2011); Zhao et al. (2011). This goes in
hand with large-scale datasets being available. For instance, the ImageNet' dataset con-
sists of more than 14M images labeled with almost 22K concepts Deng et al. (2009), the
Tiny images dataset consists of 80M images corresponding to 75K concepts Torralba et al.
(2008) and Flickr contains thousands of groups” with thousands (and sometimes hundreds
of thousands) of pictures, which can be exploited to learn object classifiers Wang et al.
(2009); Perronnin et al. (2010b).

Standard large-scale image classification pipelines use high-dimensional image descrip-
tors in combination with linear classifiers Lin et al. (2011); Sanchez and Perronnin (2011).
The use of linear classifiers is motivated by their computational efficiency which is a re-
quirement when dealing with a large number of classes and images. High-dimensional
descriptors allow separating the data with a linear classifier, i.e., they perform the fea-
ture mapping explicitly and avoid using non-linear kernels. As a rule of thumb, linear
classifiers with high dimensional descriptors perform similarly to low dimensional bag-
of-visual-words (BOV) with non-linear classifiers Chatfield et al. (2011). In the literature
several high dimensional descriptors exist, i.e., the Fisher Vector (FV) Perronnin and
Dance (2007); Perronnin et al. (2010b), local coordinate coding Wang et al. (2010) and
supervector coding Zhou et al. (2010). One of the simplest strategies to learn classifiers in
the multiclass setting is to train one-vs-rest binary classifiers independently for each class.
Most image classification approaches have adopted this strategy not only because of its
simplicity but also because it can easily be parallelized on multiple cores or machines.
As an example, the two top systems at the ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC) 2010 Berg et al. (2010a) used such an approach Lin et al. (2011);
Sanchez and Perronnin (2011).

Another approach is to view image classification as a ranking problem: given an image,
the goal is to rank the labels according to their relevance. Performance measures such as
the top-k accuracy reflect this goal and are used to report results on standard benchmarks,
such as ILSVRC. While the one-vs-rest strategy is computationally efficient and yields
competitive results in practice, it is — at least in theory — clearly suboptimal with respect
to a strategy directly optimizing a ranking loss Bordes et al. (2007); Crammer and Singer

http://www.image-net.org
http://www.flickr.com/groups
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RECOMMENDATIONS FOR LARGE-SCALE IMAGE CLASSIFICATION

1. Stochastic training: learning with the

stochastic gradient descent (SGD) is
well-suited for large-scale datasets

. Class imbalance: optimizing the im-
balance parameter in the one-vs-rest
strategy is a must for competitive per-
formance

. Early stopping: regularizing through
early stopping results in fast train-

4. Step-size: a small-enough step-size

w.r.t. the learning rate is often suffi-
cient for state-of-the-art performance

. One-vs-rest: the one-vs-rest strategy

is a flexible option for large-scale im-
age classification

. Capacity saturation: for a sufficiently

large image representation, all strate-
gies lead to similar performance

ing and a good generalization perfor-
mance

(2002); Joachims (2002); Usunier et al. (2009); Yue et al. (2007); Xu et al. (2008); Weston
et al. (2010).

In this chapter, we examine these ranking approaches to determine whether they scale
well to large datasets and whether they improve the performance. We compare the one-
vs-rest binary SVM, the multi-class SVM of Crammer and Singer (2002) that optimizes
top-1 accuracy, the ranking SVM of Joachims (2002) that optimizes the rank as well as
the recent weighted approximate ranking of Weston et al. (2010) that optimizes the top of
the ranking list. The datasets we consider are large-scale in the number of classes (up to
10K), images (up to 9M) and feature dimensions (up to 130K).

For efficiency reasons we train our linear classifiers using Stochastic Gradient Descent
(SGD) algorithms LeCun et al. (1998) with the primal formulation of the objective func-
tions as in Bottou and Bousquet (2007); Shalev-Shwartz et al. (2007) for binary SVMs or
in Nowozin and Lampert (2011) for structured SVMs. By using the exact same optimiza-
tion framework, we truly focus on the merits of the different objective functions, not on
the merits of the particular optimization techniques.

Our experimental evaluation confirms that SGD-based learning algorithms can work as
well as batch techniques at a fraction of their cost. It also shows that ranking objective
functions seldom outperform the one-vs-rest strategy. Only when a small amount of train-
ing data is available, did we observe a small-but-consistent improvement with ranking
based methods. The gap between the accuracy of different learning algorithms reduces
in case of high-dimensional data. We also experimentally show that for the one-vs-rest
strategy carefully tuning the optimal degree of imbalance between the positive and the
negative examples can have a significant impact on accuracy. This is observed especially
when the feature dimensionality is “small” with respect to the problem complexity, in
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particular with respect to the number of classes. Furthermore, early stopping can be used
as an effective regularization strategy for fast training with SGD. Following these “good
practices”, we were able to improve the state-of-the-art accuracy on a large subset of 10K
classes and 9M of images of ImageNet Deng et al. (2009) from 16.7% to 19.1%. We
summarize our findings in the “recommendation box” at the top of the previous page.

Section 3.2 reviews the previous work that this chapter is based on. Section 3.3 presents
the different objective functions for linear classification. Section 3.4 describes the SGD-
based optimization framework. Experimental results are presented in Section 3.5 for five
state-of-the-art datasets: three fine grained subsets of ImageNet (i.e. Fungus134, Un-
gulate183 and Vehicles262) as well as the ILSVRC 2010 and the very large-scale Ima-
geNet10K dataset. Section 3.6 provides the conclusions and the future work. This chapter
corresponds to the published works Perronnin et al. (2012) and Akata et al. (2013a).

3.2 Related Work

The related work on large-scale learning has been presented in Section 2.2.1. In this
section we briefly review the related work that is the most relevant to this chapter.

Most of today’s approaches for image classification first extract visual image descriptors
and then apply a classifier. In this work, we use the state-of-the-art image descriptors,
namely FV Perronnin and Dance (2007), which has been shown to yield excellent results
in large-scale classification while requiring reasonable computational resources Sanchez
and Perronnin (2011); Chatfield et al. (2011). We use Product Quantization(PQ) Jégou
et al. (2011) for compression. For training, we use different formulations of linear SVMs.

In the literature, the previous works tackling large-scale visual data sets use the same
objective function: one binary SVM is learned per class in a one-vs-rest fashion Deng
et al. (2010); Sanchez and Perronnin (2011); Lin et al. (2011); Rohrbach et al. (2011). In
this chapter, we benchmark different objective functions for learning linear SVM parame-
ters. We compare the One-vs-Rest(OVR) with the Multiclass(MUL) Crammer and Singer
(2002), the Ranking(RNK) Joachims (2002) and the Weighted Average Ranking(WAR)
Grangier et al. (2006); Usunier et al. (2009).

The above mentioned objective functions are optimized using Stochastic Gradient De-
scent (SGD) where the classifier parameters are determined by considering one sample at
a time. Since the the decision to determine the classification boundaries is made based
on a single sample, the learning process is fast. The experimental evaluation of this
chapter also compares SGD and batch solvers such as LibSVM Chang and Lin (2011),
SVM'9" Joachims (1999) and LibLinear Fan et al. (2008). The main strength of SGD
algorithms is their built-in ability to scale up to large datasets.
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3.3 Objective Functions

In this section we will provide the formulations for the One-vs-Rest (OVR), Multiclass
(MUL), Ranking (RNK), Weighted Approximate Ranking(WAR) objective functions.

Let S = {(xi,¥:),? = 1... N} be the training set where x; € X" is an image descriptor
where X = RP, y; € ) is the associated label and ) is the set of possible labels. Let
C' = |Y| denote the number of classes. We shall always take X = RP”.

The supervised learning corresponds to minimizing the empirical risk with a regulariza-
tion penalty that is formulated as follows:

Min‘iNmize 2Q(W) + L(S; W) , 3.1

where W is the weight matrix stacking the weight vectors corresponding to each sub-
problem. The objective decomposes into the empirical risk that is defined as:

1 N
L($;W) = 5 > L(xi,ys W) (3.2)

i=1

with L(x;, y;; W) a surrogate loss of the labeled example (z;, y;), and the regularization
penalty that is defined as:

C
QW) =) [w|? (3.3)
c=1

The parameter A > 0 controls the trade-off between the empirical risk and the regulariza-
tion. In the following, we first briefly review the classical binary SVM, then proceed with
the multiclass, ranking and weighted approximate ranking SVMs. We finally discuss the
issue of data re-weighting.

1) Binary One-vs-Rest SVM (OVR)

In the case of the one-vs-rest SVM, we assume that we have only two classes and ) =
{—1,+1}. Let 1(u) = 1if uis true and 0 otherwise. The zero-one (0/1) loss 1 (y;w’ x; <
0) is upper-bounded by:

LOVR(Xia Yis W) = max{O, 1- inTXi} (3.4)
If there are more than two classes, then one transforms the C-class problem into C' bi-

nary problems and trains independently C' one-vs-rest classifiers. Since the classifiers are
trained independently, this procedure can be easily parallelized.
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2) Beyond Binary Classification

In the following sections, we treat the classes jointly and the label set contains more
than two labels i.e. Y = {1,...,C}. Let {w.c = 1...C} denote the C classifiers
corresponding to each of the C classes. In this case, W is a C' x D dimensional vector
obtained by concatenating the different w,’s. The loss incurred for assigning label y while
the correct label was y is denoted by A(y, ¢). In this thesis, we focus on the 0/1 loss, i.e.
A(y,y) = 0if y = g and 1 otherwise. In the following, we assume to have one label per
image to simplify the representation.

Multiclass SVM (MUL). There exist several flavors of the multiclass SVM such as the
Weston and Watkins (1999) and the Crammer and Singer (2002) formulations (see Tewari
and Bartlett (2007) for a comprehensive review). Both variants propose a convex surro-
gate loss to A(y;, g;) with:
; = argmax wgsci, (3.5)
Y

i.e. the loss incurred by taking the highest score as the predicted label. The Weston and
Watkins (1999) formulation uses:

Lww(xi, yi; W) = Z[A(yu?/) — W, X; + WX+ (3.6)
Y#Yi

This multiclass SVM formulation consists in summing the losses incurred by each class-
wise score. In this thesis, we use the multiclass SVM formulation of Crammer and Singer
(2002), which provides a tighter upper bound on the ideal misclassification loss and was
proved to be consistent for large-scale problems. This formulation corresponds to:

Lo (%4, yi; W) = man {A(yh y) + W;}F%} - W;;F% (3.7

Note that this is a particular case of the structured SVM introduced by Tsochantaridis
et al. (2005).

Ranking SVM (RNK). As an alternative to MUL, Joachims (2002) considers the prob-
lem of ordering the pairs of documents. Adapting the ranking framework to our problem
the goal is, given a sample (x;, y;) and a label y # y;, to enforce w,,x; > wyTxi. The rank
of label y for sample x can be written as:

c
r(x,y) = Z 1(wlix > ng) (3.8)
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Given the triplet (x;, y;, %), 1(w],x > w} x) is upper-bounded by:
Lui (X, yi, y; w) = max{0, A(y;, y) — WyTiXi + ngi} (3.9)

Therefore, the overall loss of (x;, y;) writes as:
c
Lrnk (X3, yi; W) = Zmax{o, Ayi,y) — (wy,— wy)Txl-} (3.10)
y=1

Weighted Approximate Ranking SVM (WAR). An issue with RNK is that the mis-
classification loss is the same when going from rank 99 to 100 or from rank 1 to rank
2. However, in most practical applications, one is interested in the top of the ranked list.
As an example, in ILSVRC the measure used during the competition is a loss at rank 5.
Usunier et al. (2009) therefore proposed to minimize a function of the rank which gives
more weight to the top of the list.

Let ;y > g > ...ac > 0 be a set of C coefficients. For sample (x;,y;) the loss is
Cr(x;,y;) With £ defined as:

k
=% q (311
j=1

where the penalty incurred by going from rank k to £ + 1 is ay. Hence, a decreasing
sequence {«;};>; implies that a mistake on the rank when the true rank is at the top of
the list incurs a higher loss than a mistake on the rank when the true rank is lower in the
list. The objective function that is based on an ordered weighted averaging scheme is
generic and admits as special cases the multiclass SVM of Crammer and Singer (a; = 1
and a; = 0 for j > 2) and the ordered pairwise ranking SVM of Joachims (o; = 1, Vi).

While Usunier et al. (2009) proposes an upper-bound on the loss, Weston et al. (2010)
propose an approximation which is more amenable to large-scale optimization. We follow
Weston et al. (2010) and write:

C
Ltri(xi7yi7y;w)
L ir Yis = Crp(xi i ) 3.12
WAR(X Y W) yZ:; INCIED TA(Xini) ( )
where
c
ra(x,y) = Z]l(wch—f— Ay, c) > WZ[L’) (3.13)
c=1

is a regularized rank. Following Weston et al. (2010), we choose a; = 1/j. As opposed
to other works Xu et al. (2008); Yue et al. (2007), this does not optimize directly standard
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information retrieval measures such as Average Precision (AP). However, it mimics their
behavior by putting an emphasis on the top of the list, works well in practice and is highly
scalable.

Rebalancing the Positive and the Negative Samples

When the training set is unbalanced, i.e. when some classes are significantly more pop-
ulated than others, it can be beneficial to reweight the data. For large scale datasets, this
unbalance is extreme in the one-vs-rest case. In such a situation when one has to deal
with a large number of classes C', the unbalance between the positive class and the neg-
ative class is on average C' — 1. In the binary case, the reweighting can be performed by
introducing a parameter p and the empirical risk then writes as:

1 _
]\% Z LOVR(Xz'a Yi; W) + N_,O Z LOVR(Xz'a Yi; W) (3.14)

€1y el

where I, (resp. I_) is the set of indices of the positive (resp. negative) samples and N
(resp. N_) is the cardinality of this set. Note that p = 1/2 corresponds to the natural
rebalancing of the data, i.e. in such a case one gives as much weight to positives and
negatives.

While training all classes simultaneously, to introduce one parameter per class is compu-
tationally intractable. It would require to cross-validate C' parameters jointly, including
the regularization parameter. In such a case, the natural re-balancing appears to be the
most natural choice. In the multiclass case, the empirical loss becomes:

C

1 1

5 E F E LMUL<Xi7yi;W> (3.15)
=1 " %€l

where I, = {i : y; = ¢} and N, is the cardinality of this set. One can perform a similar
rebalancing in the case of Lgnk and Lwag-

3.4 Optimization

We employ the Stochastic Gradient Descent (SGD) to learn linear classifiers in the pri-
mal ® Shalev-Shwartz et al. (2007); Bottou and Bousquet (2007). Such an approach has
recently gained popularity in the computer vision community for large-scale learning as

3Note that SGD algorithms have also been proposed for non-linear kernels which perform the optimiza-
tion in the dual, such as LaRank for multiclass SVMs Bordes et al. (2007).
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‘ ‘ Sampling ‘ Update ‘
Rovr | Draw (x;,y;) from S. 0; = 1if Lovr (X, yi; W) > 0,0 otherwise.
w = (1 = X)Wl + n,6xiy:
; 1 ify#y
. . = ¢ g . / - .=
Rmuw | Draw (x;,y;) from S. y = argmax, A(y;, y) + w,x; and §; { 0 otherwise.
(®) Wg/til)(l =) +omxi ify =y,
wy' = w1 =) = ify =7
wét_l)(l —m\)  otherwise.
Renk | Draw (x;,y;) from S. 0; = 1if Lyi(%i, i, 5; W) > 0, 0 otherwise.
wy V(1= nd) + 0 ify =y
Draw g # y; from Y. wi) = w1 =\ — mx; ify =17
w{ ™ (1= n)\) otherwise.
Rwar | Draw (x;,y;) from S. 0; = 1if g s.t. Lyi(x;, yi, J; w) > 0 was sampled, 0 otherwise.
Fork=1,2,...,C —1,do: _ .
or : ) ) o W7(f 1)(1—7)t/\)+5iét%ﬂ7txi ify =y;
Draw § # y from Y. wy =S Wi V= n\) = il e s iy =7
If Lyi(xs, yi, §; W) > 0, break. v v M o |2 mX My =Y
w?(, - )(1 —mA) otherwise.

Table 3.1 The sampling for the OVR, MUL, RNK, WAR objective functions and the SGD
based update equations for each objective function.

shown by Perronnin et al. (2010a,b); Weston et al. (2010); Sanchez and Perronnin (2011);
Lin et al. (2011); Rohrbach et al. (2011). In the following, we describe the training based
on the SGD and our implementation details.

1) Stochastic Training

Training with stochastic gradient descent (SGD) consists in choosing a sample at random
at each step and updating the parameters w using a sample-wise estimate of the regular-
ized risk. In the case of Royr and Ryuy, the sample is simply a pair (x;, y;) while in the
case of Rrnk and Rwag it consists of a triplet (x;, y;, ) where § # ;.

Let z; denote the sample drawn at step ¢ (whether it is a pair or a triplet) and let R(z;; w)
be the sample-wise estimate of the regularized risk. With 7, being the step size, the
parameter vector w is updated as follows:

wi = wlD — Ve R(z;w). (3.16)

Assuming there is no data rebalancing, the sampling and update procedures for the objec-
tive functions used in the experimental evaluation can be found in Table 3.1. For Royg,
Ryur and Rryk, these equations are straightforward and they optimize the exact regular-
ized risk. For Rwag it is only approximation as it does not compute the value of r (x;, ;)
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exactly, but estimates it from the number of samples k£ which were drawn before a vi-
olating sample § was found such that L;(z;,v;, y; w) > 0. If k samples were drawn,
then:
C -1

ra(Xi, yi) ~ L—k: ]. (3.17)
For a large number of classes, this approximate procedure is significantly faster than the
exact one (see Weston et al. (2010) for more details). Note also that the regularization can
be implemented by penalizing the squared norm of w, while Weston et al. (2010) actually
bound the norm of w. We observed that both strategies provide similar results in practice.

2) Implementation Details

The basis of the implementation in this work is the SGD library for binary classification
that is available on Bottou (1997)’s website (version 1.3). This is an optimized code which
includes fast linear algebra and a number of optimizations such as using a scale variable
to update w only when a loss is incurred. In the following some of the implementation
details are presented.

e Bias: Until now, we have not considered the bias in our objective functions. The
bias corresponds to an additional parameter per class. Following the common prac-
tice, we add one constant entry to each observation, e.g. the image descriptor x;. As
is the case in Bottou (1997)’s code, we do not regularize this additional dimension.

e Stopping Criterion: Since at each step in SGD there is a noisy estimate of the
objective function, this value cannot be used for stopping the iterations. Therefore,
in all our experiments, we use a validation set and stop iterating when the accuracy
does not increase by more than a threshold 6.

e Regularization: While a vast majority of works on large-margin classification reg-
ularize explicitly by penalizing the squared norm of w or by bounding it, an alter-
native is regularizing implicitly by early stopping Bai et al. (2009). In such a case,
one sets A = 0 and iterates until the performance converges (or starts descreasing)
on a validation set. In our experiments, applying this strategy yields competitive
results.

e Step Size: In order to guarantee converge to the optimum, the sequence of step sizes
should satisfy Y .~ 7 = co and Y -, 7 < co. Assuming A > 0, the usual choice
is g, = 1/A(t + ty), where t, is a parameter. Bottou (1997) provides a heuristic
to set ¢y in his code. Another option is to cross validate the ¢, but the empirical
observation showed no significant improvements. However, in the experimental
section the reader can find various experiments reporting competitive results with
decreasing and a fixed step size 1 as in Bai et al. (2009); Weston et al. (2010).
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e Rebalancing Positive and Negative Samples: All sampling/update equations in
Table 3.1 are based on non-rebalanced objective functions. To rebalance the data,
either the sampling or the update equations should be modified. We chose the first
alternative, since in general it led to faster convergence. If we take the example of
Loy g, then the sampling is modified as follows: Draw y = +1 with probability p; y =
—1 with probability 1 — p and z; such that y; = .

e Parallelization: Since learning the classifiers in parallel speeds up the computa-
tion, here the C code has been parallelized using pthreads. For one-vs-rest SVMs,
this is trivially done by independently training the classifiers on different CPUs. For
the multiclass SVM, the most expensive step is the arg max operation of equation
(3.5) which requires computing C' scores and which is distributed across CPUs. For
pairwise ranking, the CPUs sample different triplets and a mutex avoids two CPUs
working simultaneously on the same classes. The efficiency is high when the prob-
ability of “collision” of two CPUs on the same class is low, i.e. when the number
of classes is significantly larger than the number of processing units. For weighted
approximate ranking, the CPUs compete to find a violating class. Significant speed-
ups can be obtained when a large number of classes has to be sampled, i.e. during
later iterations.

Comparison with Batch Solvers. It is well known that SGD performs as well as batch
solvers for OVR SVMs at a fraction of the cost Bottou (2003); Bottou and Bousquet
(2007). However, to the best of our knowledge, the public SGD solvers do not exist for
other SVM formulations such as MUL SVM. As a sanity check, several batch solvers have
been compared to the SGD solvers in Section 3.5. For instance, the MUL SGD solver has
been compared to SVM! 9 Joachims (1999) multiclass and LibLinear Fan et al. (2008)
batch solvers. Moreover, the OVR SGD solver has been compared to LibSVM Chang and
Lin (2011) batch solver. Because of the cost of running batch solvers, we ran experiments
on Fine Grained subsets of ImageNet on small BOV vectors and on synthetic datasets.

3.5 Experiments

In this section, we first describe the datasets and image descriptors used in our experi-
mental setup. In Section 3.5.1, we provide a detailed analysis of the different objective
functions and parameters for three fine-grained subsets of ImageNet (i.e. Fungus134, Un-
gulate183, Vehicle262). We believe that these fine-grained datasets can provide useful
insights about the different objective functions since they correspond to different class
densities as shown in Deng et al. (2010). In Section 3.5.2, we provide our results on two
large-scale datasets, the ILSVRC10 and the ImageNet10K.
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Datasets. For our fine-grained image categorization experiments, we use three subsets
of ImageNet: Fungus134, Ungulate183 and Vehicle262 as described in Deng et al. (2010).
These datasets contain only the leaf nodes under the respective parent class (i.e. fungus,
ungulate or vehicle) in the hierarchy of ImageNet. Unless stated otherwise, we use the
following set-up: half of the data for training, SK images for validation and the remainder
for testing.

For the large-scale experiments, we use the ILSVRC 2010 Berg et al. (2010a) and the
ImageNet10K Deng et al. (2010) datasets. For the ILSVRC2010, we follow the standard
training/validation/testing protocol. For the ImageNet10K, we follow Sanchez and Per-
ronnin (2011) and use half of the data for training, S0K images for validation and the
remainder for testing. The properties of the datasets are summarized in Table 3.2.

Total # of Partition
images | classes | train | val test
Fungus134 | 88K 134 44K | SK 39K
Ungulate183 | 183K 183 | 915K | 5K | 86.5K
Vehicle262 | 226K 262 113K | 5K | 108K
ILSVRCI10 | 1.4M 1,000 | 1.2M | 50K | 150K
ImageNet10K M 10,184 | 45M | 50K | 4.45M

Table 3.2 The datasets used in the experimental evaluation. For the fine-grained image
classification experiments we use the three standard subsets of the ImageNet (i.e. Fun-
gus134, Ungulatel83 and Vehicle262) as described in Deng et al. (2010). These datasets
contain only the leaf nodes under the respective parent class in the hierarchy of ImageNet.
For the large-scale experiments, we use the ILSVRC 2010 fromBerg et al. (2010a) and the
ImageNet10K from Deng et al. (2010).

In all the experiments, we compute the flat top-1 or top-5 accuracy per class and report the
average as in Deng et al. (2010); Sanchez and Perronnin (2011); Weston et al. (2010). We
could also have used a hierarchical loss which takes into account the fact that some errors
are more costly than others. The choice of a flat vs. a hierarchical loss is directly related to
the choice of the cost function A (see Section 3.3). In our preliminary experiments, this
choice had only very limited impact on the ranking of the different objective functions.
This effect was also observed during the ILSVRC 2010 and 2011 competitions which
might explain why the hierarchical measure was dropped in 2012. In what follows we
report the accuracy with only the flat loss.

Image Descriptors. Before the feature extraction, we resize the images to 100K pixels
(if larger) while keeping the aspect ratio. We extract approximately 10K SIFT descriptors
Lowe (2004) at 5 scales for 24 x24 patches every 4 pixels. The SIFT descriptors are re-
duced from 128-dim to 64-dim using PCA. They are then aggregated into an image-level
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signature (e.g. BOV or FV) using a probabilistic visual vocabulary, such as a Gaussian
Mixture Model (GMM). By default, we use Fisher Vectors (FV) with N =256 Gaus-
sians. We also report results with the bag of visual words (BOV) given its popularity in
large-scale classification Deng et al. (2010); Weston et al. (2010). Our default BOV uses
N = 1,024 codewords. Note that our purpose is not to compare the BOV and FV rep-
resentations in this work (see Chatfield et al. (2011) for such a comparison). Unless it is
stated otherwise, we use spatial pyramids with 2 = 4 regions (i.e. the entire image and
three horizontal stripes).

Considering that high dimensional image descriptors such as 130K-dim FV have large
memory footprints, our experiments on the large-scale datasets require image signatures
to be compressed. For the FV we employ Product Quantization (PQ) Jégou et al. (2011).
We use sub-vectors of 8 dimensions and 8 bits per sub-vector. This setting was shown to
yield minimal loss of accuracy in Sdnchez and Perronnin (2011). For the BOV we use
Scalar Quantization with 8 bits per dimension as suggested in Deng et al. (2010). Signa-
tures are decompressed on-the-fly by the SGD routines Sanchez and Perronnin (2011).

3.5.1 Fine Grained Experiments

Distinguishing between the semantically related categories which are also visually very
similar is referred to as fine-grained visual categorization (see Deselaers and Ferrari
(2011) for a study of the relationship between semantic and visual similarity in Ima-
geNet). It has several applications such as the classification of mushrooms for edibility,
animals for environmental monitoring or vehicles for traffic related applications. In this
section we analyze the performance of the objective functions described in Section 3.3 in
the context of fine-grained visual categorization. We report the results on three subsets of
ImageNet: Fungus134, Ungulate183 and Vehicle262 Deng et al. (2010).

Comparison between SGD and Batch Methods. It is known that SGD can perform
as well as batch solvers for OVR SVMs at a fraction of the cost Bottou and Bous-
quet (2007); Shalev-Shwartz et al. (2007). However, public SGD solvers do not exist
for other SVM formulations such as w-OVR, MUL, RNK or WAR. Hence, as a san-
ity check, we compared our w-OVR and MUL SGD solvers to publicly available batch
solvers. We compared our w-OVR SGD to LibSVM Chang and Lin (2011) and MUL
SGD to LibLinear Fan et al. (2008) and SVM"" Joachims (1999). Given the cost of
training batch solvers, we restrict our experiments to the small dimensional BOV vectors
(N =1,024) x (R=4) — 4,096 dimensions).

Furthermore, we perform training on the subsets of the full training sets: for each class we
use 10, 25, 50 and 100 random samples within the training set. We repeat the experiments
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Figure 3.1 Comparison of SGD and libSVM for optimizing the w-OVR SVM using
4,096-dim BOV descriptors. The number of images per class for training vary between
10, 25, 50 and 100. The experiments with 10 and 25 images per class are repeated 100
times, with 50 and 100 images are repeated 5 times. The SGD and batch methods perform
similarly.

5 different times for 5 random subsets of training images. With this setting, the top-1
classification accuracy is reported in Figure 3.1 and 3.2.

These experiments show that stochastic and batch solvers perform on par for w-OVR and
MUL SVMs. Somewhat surprisingly, SGD solvers even seem to have a slight edge over
batch solvers, especially for the MUL SVM. This might be because SGD uses as stopping
criterion the accuracy on the validation set measured with the true target loss (top-1 loss
in this case). In contrast, batch solvers stop upon convergence of a surrogate objective
function on the training set.

The training times of SGD and batch solvers are reported in Table 3.3 (in CPU seconds
on 32GBs RAM double quad-core multi-threaded servers using a single CPU). As ex-
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Figure 3.2 Comparison of SGD, SVM'9" and LibLinear solvers for MUL using using
4,096-dim BOV. In training, we use 10, 25, 50, 100 images from each class. The exper-
iments are repeated for 5 times. The SGD and batch methods perform similarly. Only
when the number of training images is high, the SGD method has an edge over the batch
methods.

LibSVM (batch) / OVR SGD (online) SVM!ht (batch) / MUL SGD (online)
Fungus134 | Ungulate183 | Vehicle262 || Fungus134 | Ungulate183 | Vehicle262

10 1277 31/18 107 /39 451736 324/ 81 5577209

25 95/16 175736 835/119 99/72 4417198 723 /369
50 | 441/38 909 /67 3,223 /271 198 /261 8557420 1,265 / 747
100 | 1,346/71 | 3,677/133 | 11,679/314 || 972/522 1,674 /765 | 3,752/1,503

Table 3.3 Average training time (in CPU seconds) for batch, i.e. LibSVM or SVM'9h
and SGD solvers on Fungusl34, Ungulatel83, Vehicle262 for 10, 25, 50, 100 training
samples per class using 4,096-dim BOV. The SGD method works consistently faster than
batch methods.
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pected, the CPU time of SGD solvers is significantly smaller than for batch solvers and
the difference increases for larger training sets.

Importance of Data Rebalancing in OVR In this section we investigate the effect of
data rebalancing for OVR SVMs. Note that more sophisticated strategies could also be
used, as in Tao et al. (2006). Here we simply emphasize that in terms of the performance,
it is always beneficial to cross-validate the imbalance parameter of one-vs-rest classifiers.
We compare unweighted OVR (u-OVR) and weighted OVR (w-OVR). Since we do the
reweighting by biasing the sampling, we introduce the imbalance parameter 5 = (1—p)/p
which is the (average) number of negatives sampled for each positive. 3 = 1 corresponds
to the natural rebalancing of the data (giving the same weight to positives and negatives).

The solid lines in Figure 3.3 show the results with w-OVR and the dashed lines with
u-OVR. The experiments are performed on BOV descriptors with N = 1024 Gaussians
and FV descriptors with N = 8,16, 64, and 256 Gaussians using a pyramid with R =
4 regions. Here, it is beneficial also to cross-validate step size and the regularization
parameter for each configuration separately.

We can draw the following conclusions. First, rebalancing makes a significant differ-
ence for smaller dimensional features, but has less impact on high-dimensional features.
Second, it is crucial to correctly set the parameter (3, as natural rebalancing generally
does not lead to the best results. Indeed, the optimal S depends on many factors includ-
ing the dataset, the feature type and the feature dimensionality. We observe empirically
that the optimal 3 typically increases with the number of classes. For instance, on the
ILSVRC 2010 and the ImageNet10K respectively, the best w-OVR results are obtained
with 8 = 64 and 8 = 256 (with the 4K-dim BOV features). In the following, we use the
weighted version of OVR, i.e. w-OVR.

Explicit vs. Implicit Regularization The experiments in this section are performed on
high-dimensional features (the 130K-dim FV for N = 256 and R = 4), i.e. for which
regularization is supposed to have a significant impact. The following experiments focus
on w-OVR but we obtained very similar results for MUL, RNK and WAR. We compare
three regularization strategies:

(i) Using explicit regularization (A > 0) and a decreasing step size 7, = 1/(A(t + ¢0).
Setting ¢y correctly is of paramount importance for fast convergence and Bottou
(1997) proposes a heuristic to set ¢, automatically*. Cross-validation on ¢, showed
that the optimal value is very close to the one predicted by Bottou’s heuristic.

“This heuristic is based on the assumption that the input vectors are £3-normalized and uses the fact that
the norm of the optimal w, denoted w*, is bounded Shalev-Shwartz et al. (2007): ||w*|| < 1/V/A. tg is set
so that the norm of w during the first iterations is comparable to this bound.
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Figure 3.3 Influence of data rebalancing in w-OVR. The value of the weight parameter,
ie. 1,2, 4,8, 16, 32 and 64 indicates the number of negative training images sampled for
each positive image (solid lines). The results of u-OVR are shown with dashed lines. The
dimensionality of the BOV is =~ 4K and FV varies between ~ 4K, 8K 16K, 32K, 64K and
130K. When the FV dimensionality is high, rebalancing does not increase the accuracy.
However, with small dimensional features, data rebalancing is beneficial.

(i) Using explicit regularization A > 0 and a fixed step size 7; = 7.

(iii) Using no regularization (A = 0) and a fixed step size 1, = 7, i.e. implicitly regular-
izing with the number of iterations.

The results of these experiments are provided in Figure 3.4 with [ set by cross-validation.
All three strategies perform similarly showing that implicit regularization with fixed step
size can be an effective learning strategy. We observe that for smaller datasets it is im-
portant to stop early for optimal performance. This is consistent with regularization being
less important when training data is plentiful. We also experimented with the implicit
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Figure 3.4 [Impact of regularization on w-OVR. Results on Fungusl34, Ungulatel§3,
Vehicle262 using 130K-dim FVs. The comparison is between (i) explicit regularization
with variable step size, (ii) explicit regularization with constant step size, (iii) implicit
regularization with constant step size through early stopping. One pass means visiting
all the positives for a given class + (on average) [ times more negatives. Implicit and
explicit regularization gives similar results but we choose implicit regularization since it
has one less parameter to tune.

regularization with early stopping on the small-scale PASCAL VOC 2007 dataset Ev-
eringham et al. (2010) and observed a small drop of performance compared to explicit
regularization (from 62.1% to 60.2%) which might indicate that this strategy is better
suited to large-scale datasets.

As a conclusion, there is no significant difference between the performances of the ex-
periments with respect to the regularization strategies. In strategy (i), which is implicit
regularization and variable step size, in Fungus134 and Ungulate183 there is no improve-
ment with the number of iterations. In Vehicle262, the strategy (i) gives slightly lower
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results and converges more slowly in comparison to the others. The strategy (iii) which
is the implicit regularization and fixed step size gives better results and converges faster
than the strategies (i) and (ii). A major advantage of the strategy (iii) with respect to the
strategies (i) and (ii) is that there is a single parameter to tune (the number of iterations
niter) instead of two (niter and A). Given the training times in large-scale, the strategy
(iii) is the approach we choose in our truly large scale experiments.

Analysis of Sampling in w-OVR In this section, we evaluate the effect of sampling the
negative data points with or without replacement during SGD training for w-OVR. We
experiment with our highest dimensional features, i.e. the 130K-dim FV for compatibility
with our previous results. The results are reported in Table 3.4 in terms of top-1 accuracy.

Fungus134 | Ungulate183 | Vehicle262
no replacement 19.75 27.86 38.40
replacement 19.55 27.79 39.53

Table 3.4 Comparison of sampling with and without replacement for w-OVR. Top-1 ac-
curacy (%) on Fungusl34, Ungulatel83, Vehicle262 using 130K-dim FVs. The results
show that there is not a big difference in terms of accuracy between these different sam-
pling strategies.

The results show that there is not a big difference between the accuracies obtained with
sampling without replacement and sampling with replacement. The conclusion is that
sampling without replacement does not improve the accuracy significantly. In what fol-
lows, we draw negative samples with replacement.

Influence of Training Data Size The aim of the experiments in this section is to under-
stand whether the amount of training data has an impact on the relative performance of
the four different objective functions: w-OVR, MUL, RNK and WAR. We sample a frac-
tion of data from the whole training set. The experiments with 10 or 25 training images
sampled per class are repeated 100 times. For the configuration where we select 50 or
100 images per class, we repeat the experiments 5 times. The image descriptors are 4,096
dimensional BOV descriptors and the results can be seen in Figure 3.5.

Despite its simplicity and its supposed sub-optimality, w-OVR provides a competitive
performance. It seems that RNK has an edge over the three other objective functions for
a very small number of training samples. In Table 3.5 the numerical results for 10 and 25
training samples are also provided. To understand whether the observed differences are
significant, we performed two types of significance tests. The sign test Sheskin (2007);
Salzberg (1997) counts the number of times an algorithm performs better than the other
one and the paired t-test determines whether the observed differences in accuracies are
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Figure 3.5 Comparison of w-OVR, MUL, RNK and WAR as a function of the number
of training images, i.e. 10, 25, 50, 100 on Fungusl34, Ungulatel83, Vehicle262 using
4,096-dim BOV. Despite its simplicity and its supposed sub-optimality, w-OVR provides a
competitive performance. It seems that RNK has an edge over the three other objective
functions for a very small number of training samples.

purely due to random errors. Table 3.6 shows the probability for both tests to reject the
null hypothesis, i.e. the probability that the observed differences happen by chance. In
all cases the probabilities are close to zero, i.e. the null hypothesis is rejected with high
confidence, thus indicating that the modest improvement of RNK with respect to w-OVR,
MUL and WAR for a small number of training samples is significant.

The conclusions that can be drawn from these experiments are as follows. The OVR
objective function for a given class can be written as a sum of losses over samples (x;, y;).
In contrast, using the weighted ranking framework of Usunier et al. (2009) the MUL, RNK
and WAR objective functions can be written as sums of losses over triplets (z;, y;,y).
Since the number of triplets is C' times larger than the number of samples, one could
expect the latter objective functions to have an edge over OVR in the small sample regime.
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Mean (y1) / Std deviation (o)
10 training images per class 25 training images per class
Fungus134 | Ungulate183 | Vehicle262 || Fungus134 | Ungulate183 | Vehicle262
w-OVR | 5.26/0.20 | 524/0.14 | 9.66/0.20 || 7.52/0.25 | 7.77/0.15 | 14.05/0.19
MUL 5.06/0.28 | 5.11/0.16 | 9.43/0.19 || 6.90/0.19 | 7.57/0.19 | 13.75/0.23
RNK 5.61/0.64 | 5.52/0.26 | 10.18/0.33 | 7.89/0.24 | 8.11/0.18 | 14.65/0.32
WAR 526/025 | 5.19/0.17 | 9.52/0.25 || 7.66/0.24 | 7.80/0.18 | 13.83/0.27

Table 3.5 The mean and standard deviation of the top-1 accuracy in on Fungusl34,
Ungulatel83, Vehicle262 with 10 and 25 training images per class (repeated 100 times)
on w-OVR, MUL, RNK and WAR using 4,096-dim BOV. The statistical consistency is
measured with t-test and sign-tests. RNK performs consistently better than all the other
methods.

p-values (t-test, sign test)

RNK vs MUL RNK vs WAR RNK vs w-OVR
10 | 9.82e-12,5.07e-20 | 5.48e-6,5.52e-17 | 4.81e-7, 9.44e-20

Fungus134
25 | 9.32e-51, 3.15e-28 | 1.39e-10, 2.49e-08 | 3.55e-20, 1.42e-13
Uneulate]83 10 | 3.16e-34, 5.10e-25 | 5.97e-25, 3.31e-18 | 1.03e-20, 3.77e-21
5 25 | 2.69e-36, 1.23e-23 | 1.84e-18, 1.04e-16 | 4.49¢-26, 3.31e-18
Vehicle262 10 | 1.36e-35, 5.58e-19 | 2.06e-26, 5.58e-19 | 1.23e-26, 3.31e-18
25 | 8.34e-35,3.31e-18 | 2.74e-30, 3.31e-18 | 3.02e-33, 3.31e-18

Table 3.6 RNK method in comparison with MUL,WAR and w-OVR on Fungusl34, Un-
gulatel83, Vehicle262 using 10 and 25 training images per class. The image descriptors
are 4,096-dim BOV. This table shows that the high accuracy obtained with RNK over the
other methods are statistically consistent.

However, while the RNK objective function is an unweighted sum over triplets, the MUL
and WAR objective functions correspond to weighted sums that give more importance
to the top of the list. In other words, because of the weighting, the effective number of
triplets is much smaller than the actual number of triplets in the objective function. For
instance, in the case of MUL, only the top triplet has a non-zero weight which means
that the effective number of triplets equals the number of samples. This may explain why
eventually MUL does not have an edge over OVR in the small sample regime.

Similarly, the WAR weighting can be viewed as a smooth interpolation between the MUL
weighting and the RNK weighting. Although the WAR weighting — which is inversely
proportional to the triplet rank — makes sense for our classification goal, it is by no means
guaranteed to be optimal. While Usunier et al. (2009) propose alternative weight profiles
(see Section 6 in Usunier et al. (2009)), we believe that such weights should be learned
from the data in order to give full strength to the WAR objective function. However, it is
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not straightforward to devise a method to learn these weights from the data. Furthermore,
from our experiments, the optimal weighting profile seems to depend on the number of
training samples.

Influence of Class Density The density of a dataset Deng et al. (2010) is defined as the
mean distance between all pairs of categories, where the distance between two categories
in a hierarchy is the height of their lowest common ancestor. Small values imply dense
datasets and indicate a more challenging recognition problem. Note that the Fungus134 is
the densest of all three fine-grained datasets that are used in our experimental validation.

In order to better understand the effect of dataset density, we create 6 synthetic datasets
that are composed of 1,000 sample points drawn from 5 Gaussians with the same mean
and 6 different standard deviations e.g. o € {0.1,0.25,1,2,3,5}. Figure 3.6 shows the
synthetic dataset for the standard deviation of 0.25. As the standard deviation increases,
the overlap between classes increases significantly.

D WN =

y component
o

X component

Figure 3.6 Illustration of the synthetic dataset with standard deviation 0.25. Each color
represents a different class and each point represents a sample in the dataset.

o= | 01 025 10 | 20 | 30 [ 50 |
w-OVR | 100.00 | 96.30 | 47.04 [ 33.08 | 27.78 | 24.48
MUL | 100.00 | 95.70 | 44.96 | 26.70 | 23.32 | 22.36
RNK | 100.00 | 96.28 [ 47.76 | 33.24 | 27.66 | 24.30
WAR | 100.00 | 96.32 [ 47.48 | 32.98 | 27.62 | 24.62

Table 3.7 Comparison of the top-1 accuracies (%) between w-OVR, MUL, RNK and
WAR on synthetic data with 5 classes. o = {0.1,0.25,1.0,2.0,3.0,5.0} are the standard
deviation of the Gaussians that determine the sample distribution and the difficulty of the
synthetic dataset.
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Table 3.7 shows that all classifiers yield perfect results when the data are well separable,
but MUL performs worse than all the other methods in case of overlapping distributions.
These results are in agreement with teh results in Figure 3.5 where MUL performs poorly,
especially on the dense Fungus134 dataset. As a sanity check for the MUL implementa-
tion that uses the SGD oprimization, Table 3.8 shows the comparison between LibLinear
and SVM'9" solvers in comparison with MUL SGD solver.

o= | 01 [ 025] 10 | 20 [ 30 [ 50 |
MUL (SGD) 100.00 [ 95.70 | 44.96 | 26.70 | 23.32 | 22.36
MUL (LibLinear) | 100.00 [ 96.16 | 46.72 | 27.46 | 23.46 | 22.26
MUL (SVM"9) [100.00 [ 96.24 | 46.74 | 24.96 | 23.36 | 19.56

Table 3.8 Comparison of the accuracy (in %) with MUL formulation optimized with the
online SGD method and the batch methods LibLinear and SVM""9" on the synthetic data.
o is the standard deviation of the Gaussians that determine the sample distribution and
the difficulty of the dataset.
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Figure 3.7 Experiments on dataset density for Fungusl34. Plot shows the top-1 accu-
racy as a function of the number of classes using BOV with 4,096 dimensions. To vary the
density, different numbers of classes are subsampled: 10, 25, 50, 100. A small number of
classes would typically result in a lower class density. The ordering of the classifiers does
not seem to be dependent on the number of classes and therefore on the data density.

In order to test this idea with a standard dataset, we performed further experiments on the
Fungus134 dataset. To vary the density, we subsample different numbers of classes such
as 10, 25, 50, 100 classes from the whole dataset. The training and test partition is similar
to the previous configuration, i.e. we select the same 10, 25, 50 and 100 classes from
training, validation and test sets. A small number of classes would typically result in a
lower class density. The results with BOV vectors can be seen in Figure 3.7. The ordering
of the classifiers does not seem to be dependent on the number of classes and therefore
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on the data density. According to the experimental results obtained on these synthetic and
real data experiments, it is therefore difficult to argue for the merits of one classifier or
the other for denser or sparser datasets.

Influence of Feature Dimensionality In order to investigate the effect of the feature
dimensionality on the accuracy, we compare the four objective functions (w-OVR, MUL,
RNK and WAR). Figure 3.8 shows the results for the FVs of different dimensionality, i.e.
the number of Gaussians varies from N = 8to N = 256.
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Figure 3.8 Comparison of Top-1 Accuracy (in %) between the w-OVR, MUL, RNK and
WAR as a function of the FV dimensionality (with no spatial pyramids). As the descrip-
tor dimensionality increases, the difference between the different objective functions gets
smaller.

Figure 3.8 shows that the w-OVR provides a competitive performance with more com-
plicated ranking methods. The classification accuracy obtained with w-OVR using small
image signatures is 4 points higher than the other methods but with the increasing di-
mensionality size, the difference gets smaller. Moreover, as the feature dimensionality
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increases, the difference in accuracy between the different objective functions decreases.
Hence, for high-dimensional features, the learning objective function seems to have little
impact. Put into the perspective of the statistical learning theory Bartlett et al. (2003), this
implies that the impact of the different choices of surrogate loss is mitigated as the capac-
ity of the classifier increases. In Bartlett et al. (2003), the ¢(-) function defines how the
performance in the surrogate loss transfers to the target loss (see Theorem 10 in Bartlett
et al. (2003)). For each surrogate loss there is a corresponding ¢ (-) function. In the Figure
3.8, one can see that the different learning objectives corresponding to different surrogate
losses lead to similar, yet, good results. Therefore, in these experiments, the capacity of
the classifiers at hand is “large” enough, relative to the difficulty of the dataset, so large
that the difference of the corresponding ¢(-) functions is almost canceled.

3.5.2 Large-Scale Experiments

In this section, the experiments with the ILSVRC 2010 Berg et al. (2010a) and the Ima-
geNet10K datasets are explained. These two datasets are large scale with respect to the
number of classes and the number of images, such that The ILSVRC 2010 contains 1K
classes, 1.2M images and the ImageNet10K contains 10K classes, 9M images.

1) Experiments on the ILSVRC 2010 dataset

In this section, we perform the experiments on the ILSVRC 2010 dataset measuring the
influence of several parameters such as reweighting, regularization, the image descrip-
tor dimensionality and compare the four objective functions, i.e. OVR (unweighted and
weighted), MUL, RNK, WAR.

Influence of data rebalancing. First, we compare the effect of the dimensionality of
image descriptors in the large scale setting. We use BOV with Dgoy = 4,096 dimen-
sions and FV with Dpy € {2K,8K,32K,130K } dimensions. We vary the proportion of
negative and positive samples through the parameter 5 € {1, 2,4, 8, 16, 32, 64}.

We observe from Figure 3.9 that carefully tuning 5 on small dimensional image represen-
tations has a significant impact on accuracy in the truly large scale datasets. Especially
for smaller dimensional representations, the natural rebalancing, i.e. 5 = 1 is insufficient.
However, when the image descriptors are large enough, e.g. Dpy = 130K the effect of
the imbalance parameter [ diminishes. For the largest FV, cross-validating 3 has a small
effect.

On the other hand, reweighting the data for MUL, RNK and WAR has virtually no impact
on accuracy. One of the reasons is that, the data is much less unbalanced for MUL, RNK
and WAR than for OVR. Indeed, the ratio between the number of samples in the most
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Figure 3.9 Impact of imbalance 5 = (1 — p)/p on the accuracy on ILSVRC 2010. The
plain lines correspond to w-OVR while the dashed lines correspond to u-OVR (which is
independent of 3). For each method, N is the number of Gaussians, SP indicates spatial
pyramids and D is the dimensionality of the descriptors. Similar curves were obtained
for top-5 accuracy.

and least populated classes on the ILSVRC 2010 is approximately 4. However, in the
OVR case the imbalance for a given class is the ratio between the number of positive and
negative samples and is therefore on the order of 999.

Influence of the regularization parameter. In our second set of experiments, we eval-
uate the importance of the regularization parameter for the ILSVRC 2010 dataset. We
compare (i) implicit regularization with decreasing step-size, (ii) implicit regularization
with constant step size and (iii) explicit regularization. Similar to the fine grained experi-
ments reported in the previous sections, the results that are shown in Figure 3.10 indicate
that the standard approach by Bottou (2003), is slightly faster to converge in the first it-
erations. On the other hand, at convergence, all the three methods yield similar results.
However, the implicit regularization has the advantage of requiring one less parameter to
tune.

Influence of descriptor dimensionality. Similar to the results obtained with fine grained
datasets, when high-dimensional FV features are used in the experiments with the ILSVRC
2010 dataset, all the methods perform similarly. For instance, the difference between the
best and worst performing methods is 0.5% at top-1 and 2.8% at top-5 (see Table 3.9).
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Figure 3.10 Impact of regularization on w-OVR (with 8 = 1). Results on the ILSVRC
2010 with 130K-dim FVs. One pass through the data corresponds to seeing all the positive
samples for a given class + (on average) as many negatives as these positive samples.
Hence, 500 passes is approximately as costly as seeing each sample of the dataset once
(because there are 1,000 classes). Similar curves were obtained for top-5 accuracy.

| \ | u-OVR [ w-OVR | MUL | RNK | WAR |

Tong | BOV | 158 [ 264 [ 227 [ 208 | 24
P | gy 459 | 457 | 462 | 46.1 | 46.1
Tons | BOV | 288 | 464 [ 384 [ 412 | 442
P | gy 637 | 659 | 648 | 658 | 665

Table 3.9 The comparison between plain OVR, weighted OVR (the rebalance parameter
B is cross-validated), MUL, RNK and WAR training objectives for linear SVMs. The
accuracy (in %) is measured on the standard ILSVRC 2010 dataset for 4K-dim BOV and
130K-dim FV.

We report the results of the experiments that measure the influence of the FV dimension-
ality in Figure 3.11. As the number of Gaussians /V increases, i.e. as the FVs grow larger,
the difference of accuracy between different methods becomes smaller.

The second observation from Figure 3.11 is that, w-OVR always performs the best and is
closely followed by WAR. As expected, MUL which focuses on the first rank performs
better at top-1 than at top-5, while RNK which optimizes the rank of the correct labels
is more competitive for top-5. An important conclusion is that, despite its simplicity and
its theoritical suboptimality, OVR is a competitive alternative to more complex objective
functions on ILSVRC 2010.



60 3. GOOD PRACTICE IN LARGE SCALE LEARNING

45 65

40 4 60
9 g
£ £
> 351 > 55}
Q Q
IS &
5 5
Q Q
< <
- 30% 0 5
L L
O O
= =
25 —8— w-OVR|| 45‘ —&8— w-OVR| |
i —e— MUL —e— MUL
RNK RNK
—v— WAR —v— WAR
20 i i ; 40 i i ;
16 32 64 128 256 16 32 64 128 256
Number of Gaussians N Number of Gaussians N
(a) Top-1 (b) Top-5

Figure 3.11 Impact of the number of Gaussians N (and therefore of the feature dimen-
sionality) on the ILSVRC 2010 dataset. Left: top-1. Right: top-5. Because of the cost of
running these experiments, these results are computed on FV without SPs.

Comparison with the State-of-the-Art. The two winning teams at the ILSVRC 2010
reported better results than the ones we reported in this work as 66.5% at top-5. Sanchez
and Perronnin (2011) reports 74.3% by combining SIFT and color descriptors and by
using 520K-dim FVs while Lin et al. (2011) reports 71.8% by combining SIFT and LBP
descriptors as well as multiple encoding techniques and spatial pyramids. While better
features can indeed increase accuracy, this is out of the scope of this work.

2) Experiments on the ImageNet10K dataset

In this section, we performed our experiments at the scale of O(10%) categories as in Deng
et al. (2010); Sanchez and Perronnin (2011); Weston et al. (2010). Table 3.10, shows
the results for the 4K-dim BOV and the 130K-dim FV using top-1 accuracy as in Deng
et al. (2010); Sanchez and Perronnin (2011) on the ImageNet10K dataset which contains
approximately 10K classes and 9M images. Given the cost of running the experiments
on the high-dimensional FVs, the experiments have been carried-out only with the two
objective functions which performed best on the ILSVRC 2010 dataset: w-OVR and
WAR.

As a conclusion, w-OVR performs better than more complex objective functions. Some
example classes from ImageNet1OK which reflect the difficulty of the dataset along with
the top-1 per-class accuracies are presented in Figure 3.12. Figure 3.13 gives more de-
tailed per-class results.

Comparison with the State-of-the-Art. Compared to Deng et al. (2010), our BOV
results are on par (even slightly better since we report 7.5% while they report 6.4%)
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u-OVR | w-OVR | MUL | RNK | WAR |

BOV 4K-dim 3.8 7.5 6.0 4.4 7.0
FV 130K-dim - 19.1 - - 17.9

Table 3.10 Comparison between OVR, MUL, RNK and WAR on ImageNetlOK. Re-
ported results are top-1 accuracy (in %). As a conclusion, w-OVR performs better than
more complex objective functions (at least on this dataset with those features).
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Figure 3.12 ImageNetlOK results (top-1 accuracy in %) obtained with w-OVR and
130K-dim Fisher vectors. (a-c) Sample classes from the best performing ones, (d-f) sam-
ple classes with the accuracy of between 75 and 50%. (g-i) Sample classes with perfor-
mance between 25 and 10%, (j-1) sample classes from the worst performing ones.

and our FV results are significantly (almost 3 times) better due to the use of higher-
dimensional features. However, our focus in this work is not on features but on (linear)
classifier learning strategies.

Weston et al. (2010) show that WAR outperforms OVR on BOV descriptors in a different
ImageNet subset. However, their OVR baseline do not reweight the positives/negatives,
i.e. it is similar to our u-OVR. We also observed that WAR significantly outperforms u-
OVR. Additionally, we show that w-OVR performs significantly better than u-OVR and
slightly better than WAR.
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Figure 3.13 Top-1 accuracies on ImageNet10K. Left: histogram of the top-1 accuracies
of all the 10K classes. Right: percentage of classes whose top-1 accuracy is above a

threshold.

Previously Sanchez and Perronnin (201 1) also report results with w-OVR with the natural
rebalancing (5 = 1). The results reported in this chapter improve their baseline by an
absolute 2.4%, from 16.7% to 19.1% by cross-validating the rebalance parameter /3 in w-
OVR setting and keeping other settings the same (i.e. using the same FV descriptors). It is
interesting to note that while rebalancing the data has little impact on the 130K-dim FV on
the ILSVRC 2010 dataset, it has a significant impact on the ImageNet10K dataset. This
is not in contradiction with the fact that different objective functions perform similarly on
high-dimensional image descriptors. In fact, the image descriptors are high-dimensional
with respect to the complexity of the problem and especially the number of classes. While
130K-dim is high-dimensional with respect to the 1K categories of the ILSVRC 2010
dataset, it is not high-dimensional anymore with respect to the 10K categories of the
ImageNet10K dataset.

Leetal. (2012) and Krizhevsky et al. (2012) also report results on the same subset of 10K
classes. They report respectively a top-1 per-image accuracy of 19.2% and 32.6% °. The
per-image accuracy corresponding to the experiments reported here is 21.0%. However,
the optimization here has not been done with respect to this metric which might lead to
better results. Note that this study is not about comparing FVs to features learned with
deep architectures. Here, the learned features of Le et al. (2012); Krizhevsky et al. (2012)
could be used if they had been available, i.e., as image descriptors, the output of any of
the intermediate layers could have been used.

SWhile it is standard practice to report per-class accuracy on this dataset (see Deng et al. (2010); Sdnchez
and Perronnin (2011)), Le et al. (2012); Krizhevsky et al. (2012) report a per-image accuracy. This results
in a more optimistic number since those classes which are over-represented in the test data also have more
training samples and therefore have (on average) a higher accuracy than those classes which are under-
represented. This was clarified through a personal correspondence with the first authors of Le et al. (2012);
Krizhevsky et al. (2012).
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Timing for ImageNet10K for 130K-dim FVs. For the computation a small cluster of
machines with 16 CPUs and 32GB of RAM has been used. The feature extraction step
(including SIFT description and FV computation) takes approximately 250 CPU days, the
learning of the w-OVR SVM approximately 400 CPU days and the learning of the WAR
SVM approximately 500 CPU days. Note that w-OVR performs slightly better than WAR
and is much easier to parallelize since the classifiers can be learned independently.

3.6 Conclusion

In this chapter, we studied the visual classification problem on large-scale datasets, i.e.
when we have to deal with a large number of classes, a large number of images and
high dimensional features. Two main conclusions emerge from this chapter. The first
one is that, despite its theoretical suboptimality, one-vs-rest is a very competitive training
strategy to learn SVMs. Furthermore, one-vs-rest SVMs are easy to implement and to
parallelize, e.g. by training the different classifiers on multiple machines/cores. However,
to obtain state-of-the-art results, properly cross-validating the imbalance between positive
and negative samples is a must. The second major conclusion is that stochastic training
is very well suited to our large-scale setting. Moreover simple strategies such as implicit
regularization with early stopping and fixed-step-size updates work well in practice. Fol-
lowing these good practices, we were able to improve the state-of-the-art on a large subset
of 10K classes and 9M images from 16.7% Top-1 accuracy to 19.1%.
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Attributes act as intermediate representations that enable parameter sharing between classes,
a must when training data is scarce. In this chapter, we propose to view attribute-based
image classification as a label-embedding problem: each class is embedded in the space
of attribute vectors. We introduce a function that measures the compatibility between an
image and a label embedding. The parameters of this function are learned on a training set
of labeled samples to ensure that, given an image, the correct classes rank higher than the
incorrect ones. Results on the Animals With Attributes and Caltech-UCSD-Birds datasets
show that the proposed framework outperforms the standard Direct Attribute Prediction
baseline in a zero-shot learning scenario. The label embedding enjoys a built-in ability to
leverage alternative sources of information in addition to attributes, e.g. class hierarchies
or error correcting output codes. We further improve the baseline label embedding ac-
curacy by utilizing continuous attributes that model confidence level of the presence of a
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particular attribute. Moreover, label embedding encompasses the whole range of learning
settings with side information, from zero-shot learning to regular learning with a large
number of labeled examples.

4.1 Introduction

We consider the image classification problem where the task is to annotate a given image
with one (or multiple) class label(s) describing its visual content. Image classification is
a prediction task: the goal is to learn from a labeled training set a function f : X — Y
which maps an input z in the space of images & to an output y in the space of class labels
Y. In this work, we are especially interested in the case where the classes are related (e.g.
they all correspond to animals) but where we do not have any (positive) labeled sample for
some of the classes. This problem is generally referred to as zero-shot learning Larochelle
et al. (2008); Palatucci et al. (2009); Lampert et al. (2009); Farhadi et al. (2009). Given the
impossibility to collect labeled training samples in an exhaustive manner for all possible
visual concepts, zero-shot learning is a problem of high practical value.

A popular solution to zero-shot learning, called attribute-based learning, has recently
gained popularity in computer vision. Attribute-based learning consists in introducing an
intermediate space A referred to as the attribute layer Lampert et al. (2009); Farhadi et al.
(2009). Attributes correspond to high-level properties of the objects which are shared
across multiple classes. They can be detected by machines and understood by humans.
Each class is represented as a vector of class-attribute associations according to the pres-
ence or absence of each attribute for that class. Such class-attribute associations are often
binary. As an example, if the classes correspond to animals, possible attributes include
“has paws”, “has stripes” or “is black”. For the class “zebra”, the “has paws” entry of
the attribute vector is zero whereas the “has stripes” would be one. The most popular
attribute-based prediction algorithm requires learning one classifier per attribute. To clas-
sify a new image, its attributes are predicted using the learned classifiers and the attribute
scores are combined into class-level scores. This two-step strategy is referred to as Direct
Attribute Prediction (DAP) in Lampert et al. (2009).

We note that DAP suffers from several shortcomings. First, DAP proceeds in a two-step
fashion, learning attribute-specific classifiers as a first step and combining attribute scores
into class-level scores as a second step. Since attribute classifiers are learned indepen-
dently of the end-task the overall strategy of DAP might be optimal at predicting attributes
but not necessarily at predicting classes. Second, we would like an approach that can per-
form zero-shot prediction if no labeled samples are available for some classes, but that
can also leverage new labeled samples for these classes as they become available. While
DAP is straightforward to implement for zero-shot learning problems, it is not straight-
forward to extend to such an incremental learning scenario. Third, while attributes can be
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Figure 4.1 Much work in computer vision has been devoted to image embedding (left):
how to extract suitable features from an image? Here, the focus is on label embedding
(right): how to embed class labels in a Euclidean space? Attributes can be used as as
side information for the label embedding and measure the “compatibility”’ between the
embedded inputs and outputs with a function F'.

a useful source of prior information, they are expensive to obtain and the human labeling
is not always reliable. Therefore, it is advantageous to seek complementary or alterna-
tive sources of side information. For instance, semantic hierarchies such as Wordnet' can
bring valuable information and potentially boost predictive performance. Indeed, images
of classes which are close in a semantic hierarchy are usually more similar than images
of classes which are far Deselaers and Ferrari (2011). It is not straightforward to design
an efficient way to incorporate these additional sources of information into DAP.

Various solutions have been proposed to address each of these problems separately. How-
ever, we do not know of any existing solution that addresses all of them in a principled
manner. In this work, we propose such a solution by making use of the label embedding
framework. We underline that, while there is an abundant literature in the computer vision
community on image embedding (how to describe an image?) much less work has been
devoted in comparison to label embedding in the )’ space (how to describe a class?). We
embed each class y € ) in the space of attribute vectors and thus refer to our approach
as Attribute Label Embedding (ALE). We use a structured output learning formalism and
introduce a function which measures the compatibility between an image = and a label y
(see Figure 4.1). The parameters of this function are learned on a training set of labeled
samples to ensure that, given an image, the correct class(es) rank higher than the incorrect

'http://wordnet .princeton.edu/
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ones. Given a test image, recognition consists in searching for the class with the highest
compatibility.

ALE addresses in a principled fashion all three problems mentioned previously. First,
we learn the model parameters and therefore optimize directly the class ranking, whereas
DAP proceeds in two steps by solving intermediate problems. We show experimentally
that ALE outperforms DAP in the zero-shot setting. Second, if available, labeled samples
can be used to learn the embedding. Third, the label embedding framework is generic
and not restricted to attributes: other sources of prior information can be combined with
attributes or used as alternatives.

The rest of this chapter is organized as follows. In the next section, we review related
work. In Section 4.3, we introduce ALE. In Section 4.4 we present experimental results
on two public datasets: Animals with Attributes (AWA) Lampert et al. (2009) and Caltech-
UCSD-Birds (CUB) Wah et al. (2011). Finally, we draw conclusions.

4.2 Related Work

The related work on zero-shot and few-shots learning is presented in Section 2.2.2. In this
section we briefly review the related work that is most relevant to this chapter.

Attributes. Attributes have been used for image description Ferrari and Zisserman (2007);
Farhadi et al. (2009); Chen et al. (2012), caption generation Kulkarni et al. (2011); Or-
donez et al. (2011), face recognition Kumar et al. (2009); Scheirer et al. (2012); Chen
et al. (2013), image retrieval Kumar et al. (2008); Siddiquie et al. (2011); Douze et al.
(2011), action recognition Liu et al. (2011); Yao et al. (2011), novelty detection Wah and
Belongie (2013) and object classification Lampert et al. (2009); Farhadi et al. (2009);
Wang and Forsyth (2009); Wang and Mori (2010); Mahajan et al. (2011); Sharmanska
et al. (2012); Mensink et al. (2012b). Since our task is object classification in images, we
focus on the latter references.

The most popular approach to attribute-based recognition is the Direct Attribute Predic-
tion (DAP) model which consists in predicting the presence of attributes in an image and
combining the attribute prediction probabilities into class prediction probabilities Lampert
et al. (2009). A significant limitation of DAP is the fact it assumes that attributes are inde-
pendent from each other, an assumption which is generally incorrect (see our experiments
on attribute correlation in section 4.4.1). Consequently, DAP has been improved to take
into account the correlation between attributes or between attributes and classes Wang and
Forsyth (2009); Wang and Mori (2010); Yu and Aloimonos (2010); Mahajan et al. (2011).
However, all these models have limitations of their own. Wang and Forsyth (2009) as-
sume that images are labeled with both classes and attributes. In our work we only assume
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that classes are labeled with attributes, which requires significantly less hand-labeling of
the data. Mahajan et al. (2011) use transductive learning and, therefore, assume that the
test data is available as a batch, a strong assumption we do not make. The topic model
of Yu and Aloimonos (2010) is only applicable to bag-of-visual-word image represen-
tations and, therefore, cannot leverage recent state-of-the-art image features such as the
Fisher Vector Sanchez et al. (2013). Finally the latent SVM framework of Wang and Mori
(2010) 1s not applicable to zero-shot learning, the focus of this chapter.

Several works have also considered the problem of discovering a vocabulary of attributes
Berg et al. (2010b); Duan et al. (2012); Marchesotti and Perronnin (2013). Berg et al.
(2010b) leverage text and images sampled from the Internet and use the mutual infor-
mation principle to measure the information of a group of attributes. Duan et al. (2012)
discovers local attributes and integrate humans in the loop for recommending the selection
of attributes that are semantically meaningful. Marchesotti and Perronnin (2013) discover
attributes from images, textual comments and ratings for the purpose of aesthetic image
description. In our work, we assume that the class-attribute association matrix is provided.
In this sense, this chapter is complementary to those.

Label embedding. In computer vision, a vast amount of work has been devoted to
input embedding, i.e. how to represent an image. This includes works on patch encoding
(see Chatfield et al. (2011) for a recent comparison), on kernel-based methods Shawe-
Taylor and Cristianini (2004) with a recent focus on explicit embeddings Maji and Berg
(2009); Vedaldi and Zisserman (2010), on dimensionality reduction Shawe-Taylor and
Cristianini (2004) and on compression Jégou et al. (2011); Sanchez and Perronnin (2011);
Vedaldi and Zisserman (2012). Comparatively, much less work has been devoted to label
embedding.

Provided that the embedding function ¢ : J) — Y is chosen correctly, label embedding
can be an effective way to share parameters between classes. Consequently, the main
applications have been multiclass classification with many classes Amit et al. (2007);
Weinberger and Chapelle (2008); Weston et al. (2010); Bengio et al. (2010) and zero-shot
learning Larochelle et al. (2008); Palatucci et al. (2009). We now provide a taxonomy of
embeddings. While this taxonomy is valid for both input 8 : X — X = R and output
embeddings ¢ : V) — Y, we focus here on output embeddings. They can be (i) fixed and
data-independent, (ii) learned from data, or (ii1) computed from side information.

e Data-Independent Embeddings. Kernel dependency estimation Weston et al.
(2002) is an example of a strategy where ¢ is data-independent and defined implic-
itly through a kernel in the ) space. The compressed sensing approach of Hsu et al.
(2009), is another example of data-independent embeddings where ¢ corresponds
to random projections. The Error Correcting Output Codes (ECOC) framework
encompasses a large family of embeddings that can be built using information-
theoretic arguments Hamming (1950). ECOC approaches allow in particular to
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tackle multi-class learning problems as described by Dietterich and Bakiri (1995).
The reader can refer to Escalera et al. (2010) for a summary of ECOC methods and
latest developments in the ternary output coding methods. Other data-independent
embeddings are based on pairwise coupling and variants thereof such as generalized
Bradley-Terry models Hastie et al. (2008).

e Learned Embeddings. A strategy consists in learning jointly # and ¢ to embed the
inputs and outputs in a common intermediate space Z. The most popular example
is Canonical Correlation Analysis (CCA) Hastie et al. (2008), which maximizes
the correlation between inputs and outputs. Other strategies have been investigated
which maximize directly classification accuracy, including the nuclear norm regu-
larized learning of Amit et al. (2007) or the WSABIE algorithm of Weston et al.
(2010).

e Embeddings Derived From Side Information. There are situations where side
information is available. This setting is particularly relevant when little training
data is available, as side information and the derived embeddings can compensate
for the lack of data. Side information can be obtained at an image level Farhadi
et al. (2009) or at a class level Lampert et al. (2009). We focus on the latter setting
which is more practical as collecting side information at an image level is more
costly. Side information may include “hand-drawn” descriptions Larochelle et al.
(2008), text descriptions Farhadi et al. (2009); Lampert et al. (2009); Palatucci et al.
(2009) or class taxonomies Weinberger and Chapelle (2008); Bengio et al. (2010).

While our focus is on embeddings derived from side information for zero-shot recogni-
tion, we also considered data independent embeddings and learned embeddings (using
side information as a prior) for few-shots recognition.

4.3 Label Embedding with Attributes

Given a training set S = {(z,,yn),n = 1...N} of input/output pairs with z,, € X
and y,, € )Y the goal of prediction is to learn a function f : X — ) by minimizing an
empirical risk of the form

1 N
3 2 A, f(wa)) @.1)

where A : Y x ) — R measures the loss incurred from predicting f(z) when the true
label is y. In what follows, we focus on the 0/1 loss: A(y, z) = 0if y = z, 1 otherwise.
In machine learning, a common strategy is to use embedding functions 6 : X — X and
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¢ : Y — Y for the inputs and outputs and then to learn on the transformed input/output
pairs.

In this section, we first describe our model, i.e. our choice of f. We then explain how to
leverage attributes to compute label embeddings. We also discuss how to learn the model
parameters. Finally, we show that the label embedding framework is generic enough to
accommodate for other sources of side information.

4.3.1 Framework

Figure 4.1 illustrates our model. Inspired from the structured prediction formulation
Tsochantaridis et al. (2005), we introduce a compatibility function F' : X x )Y — R
and define f as follows:

f(z;w) = argmax F(x, y; w) (4.2)

yey

where w denotes the model parameter vector of F' and F'(x, y; w) measures how compat-
ible is the pair (x,y) given w. It is generally assumed that F is linear in some combined
feature embedding of inputs/outputs 1 (z, y):

Fla,y;w) = w'(z,y) (4.3)

and that the joint embedding i) can be written as the tensor product between the image
embedding § : X — X = R and the label embedding ¢ : Y — Y = R¥:

Y(z,y) = 0(x) @ (y) (4.4)

and ¥ (z,y) : RP x RE — RPE In this case w is a DE-dimensional vector which can be
reshaped into a D x E matrix W. Consequently, we can rewrite F'(x, y; w) as a bilinear
form:

F(z,y; W) = 0(x) Wely). (4.5)
Other compatibility functions could have been considered. For example, the function:
F(z,y; W) = —[10(2) W — o(y)|* (4.6)

is typically used in regression problems.

Also, if D and F are large, it might be advantageous to consider a low-rank decomposition
W = U’V to reduce the number of parameters. In such a case, we have:

F(z,y;U,V) = (U6(x)) (Vely)). (4.7)

The CCA Hastie et al. (2008) or the WSABIE Weston et al. (2010) methods rely, for
example, on such a decomposition.
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Attribute Label Embedding We now consider the problem of computing label em-
beddings ¢ from attributes which we refer to as Attribute Label Embedding (ALE). We
assume that we have C' classes, i.e. Y = {1, ..., C} and that we have a set of F attributes
A ={a;,i =1...E} to describe the classes. We also assume that we are provided with
an association measure p,, ; between each attribute a; and each class y. These associations
may be binary or real-valued if we have information about the association strength (e.g.
if the association value is obtained by averaging votes). We embed class y in the F/-dim
attribute space as follows:

e (y) = [py1,-- -+ Py.E] (4.8)

and denote ®* the F x (' matrix of attribute embeddings which stacks the individual
A )
e (y)’s.

We note that in equation (4.5) the image and label embeddings play symmetric roles. In
the same way it makes sense to normalize samples when they are used as input to large-
margin classifiers, it can make sense to normalize the output vectors ¢*(y). In section
4.4.1 we compare (i) continuous embeddings, (ii) binary embeddings using {0, 1} for the
encoding and (iii) binary embeddings using {—1, +1} for the encoding. We also explore
two normalization strategies: (i) mean-centering (i.e. compute the mean over all learning
classes and subtract it) and (ii) />-normalization. We underline that such encoding and
normalization choices are not arbitrary but relate to prior assumptions we might have on
the problem. For instance, underlying the {0, 1} embedding is the assumption that the
presence of the same attribute in two classes should contribute to their similarity, but
not its absence. Here we assume a dot-product similarity between attribute embeddings
which is consistent with our linear compatibility function (4.5). Underlying the {—1,1}
embedding is the assumption that the presence or the absence of the same attribute in two
classes should contribute equally to their similarity. As for mean-centered attributes, they
take into account the fact that some attributes are more frequent than others. For instance,
if an attribute appears in almost all classes, then in the mean-centered embedding, its
absence will contribute more to the similarity than its presence. This is similar to an IDF
effect in TF-IDF encoding. As for the ¢;-normalization, it enforces that each class is
closest to itself according to the dot-product similarity, a reasonable assumption.

Also, in the case where attributes are redundant, it might be advantageous to decorrelate
them. In such a case, we make use of the compatibility function (4.7). The matrix V' may
be learned from labeled data jointly with U. As a simpler alternative, it is possible to first
learn the decorrelation, such as by performing a Singular Value Decomposition (SVD) on
the ®* matrix, and then learning the U. We will study the effect of attribute decorrelation
in our experiments.
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4.3.2 Parameter learning

We now turn to the estimation of the model parameters W from a labeled training set S.
The simplest learning strategy is to maximize directly the compatibility between the input

and output embeddings:
N

1
2 F g W) (4.9)

n=1

with potentially some constraints and regularization on W. This is exactly the strategy
adopted in regression Palatucci et al. (2009); Socher et al. (2013). However, such an
objective function does not optimize directly our end-goal which is image classification.
Therefore, we draw inspiration from the WSABIE algorithm that uses the WAR Weston
et al. (2010) objective function introduced in Section 3.3. WSABIE learns jointly image
and label embeddings from data to optimize classification accuracy. The crucial difference
between WSABIE and ALE is the fact that the latter uses attributes as side information.
Note that the proposed ALE is not tied to WSABIE and that we report results in Sec-
tion 4.4.1 with other objective functions including regression and SSVM. We chose to
focus on the WSABIE objective function with ALE because it yields good results and is
scalable.

In what follows, we briefly review the WSABIE objective function Weston et al. (2010)
and then explain how we adapt it to (i) zero-shot learning with side information and (ii)
learning with few (or more) examples with side information. We then mention the op-
timization of our objective functions. In what follows, ® is the matrix which stacks the
embeddings p(y).

WSABIE. Let1(u)=1if uis true and 0 otherwise. Let:

Uy Yns y) = A(Yn, y) + 0(2) Wp(y) — ©(Yn)] (4.10)

Let 7(z,, y,) be the rank of label y,, for image z,,. Finally, let ; > oy > ... > ac >0
be a sequence of C coefficients and let 5, = Zle aj. Usunier et al. (2009) propose to
use the following ranking loss for S:

1
> Brtenan (4.11)

Maximizing the equation (4.11) enforces correct labels to rank higher than incorrect ones.
The penalty incurred by going from rank % to k + 1 is .. Hence, a decreasing sequence
{a;};>1 implies that a mistake on the rank when the true rank is at the top of the list incurs
a higher loss than a mistake on the rank when the true rank is lower in the list.
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Algorithm 1 SGD optimization for ALE
Intitialize W) randomly.

fort =1toT do
Draw (z,y) from S.
fork=1,2,...,C —1do
Draw y # y from )
if {(z,y,y) > 0 then
a) Update W/

WO = W e (@) [e(y) — e ()) (4.14)

b) Update ¢ (not applicable to zero-shot)

POy = (L= m)e" V() +nee™ (y) + B e WiB(2)  (415)
P0G = (L= n)e" V@) + 0™ (5) = meB e WiB(x)  (416)
break
end if
end for

end for

Instead of optimizing an upper-bound on equation(4.11), Weston et al. (2010) propose to
optimize the following approximation of objective (4.11):

R(S; W, ®) =5 Z ﬁm(x" un) Z max{0, {(zn, Yn, V) } (4.12)

r
n=1 A(@n,yn) yey

where an upper-bound on the rank of label y,, for image z,, is:

AT yn) = 1(U&n, Yn,y) > 0). (4.13)

yeY

The main advantage of the WSABIE formulation denoted in the equation (4.12) is that
it can be optimized efficiently through Stochastic Gradient Descent (SGD). Following
Weston et al. (2010), we choose «; = 1/j. In WSABIE, the label embedding space
dimensionality is a parameter to tune.

Zero-Shot Objective. We adapt the WSABIE objective to zero-shot learning. In such
a case, we cannot learn ® from labeled data (contrary to WSABIE) but rely on side infor-
mation. Therefore, the matrix ® is fixed and set to ®*. We only optimize the objective
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(4.12) with respect to . We note that, when & is fixed and only IV is learned, the ob-
jective (4.12) is closely related to the (unregularized) structured SVM (SSVM) objective
of Tsochantaridis et al. (2005):

~ Zmaxe Ty Yn, Y) (4.17)

The main difference is the loss function, which is the multi-class loss function for SSVM.
The multi-class loss function focuses on the score with the highest rank while WSABIE
takes all scores into account in a weighted fashion. A major advantage of WSABIE is its
scalability to large datasets Weston et al. (2010); Perronnin et al. (2012).

Few-Shots Objective. 'We now adapt the WSABIE objective to the case where we have
labeled data and side information. In such a case, we want to learn the class embeddings
using as prior information ®*. We therefore add to the objective (4.12) a regularizer:

R(S;W,(I))+%||<I>—<I>A||2 (4.18)

and optimize jointly with respect to W and ®. Note that the previous equation is some-
what reminiscent of the ranking model adaptation of Geng et al. (2012).

Optimization. As for the optimization, both in the zero-shot and few-shots learning,
we follow Weston et al. (2010) and use Stochastic Gradient Descent (SGD). Training
with SGD consists at each step ¢ in (i) choosing a sample (x, y) at random, (ii) sampling
classes § # y until a violating class is found, i.e. until ¢(z,y,y) > 0, and (iii) updating
the projection matrix (and the class embeddings in case of few-shots learning) using a
sample-wise estimate of the regularized risk. Following Weston et al. (2010); Perronnin
etal. (2012), we use a constant step size 1; = 1. The detailed SGD procedure for the ALE
method is provided in Algorithm 1.

4.3.3 Beyond attributes

While attributes make sense in the label embedding framework, we note that label em-
bedding is more general and can accommodate other sources of side information. The
canonical example is that of structured learning with a taxonomy of classes (see “classi-
fication with taxonomies” in Section 4.2 in Tsochantaridis et al. (2005)). Assuming that
classes are organized in a tree structure, meaning that we have an ordering operation <
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in ), we can define §, , = 1if z < y or 2 = y. The hierarchy embedding ¢’ (y) can be
defined as the C' dimensional vector:

e (y) =&y, &) (4.19)

We later refer to this embedding as Hierarchy Label Embedding (HLE) and we compare
@™ and "™ as sources of prior information in our experiments. In the case where classes
are not organized in a tree structure but form a graph, then other types of embeddings
could be used, for instance by performing a kernel PCA on the commute time kernel
Saerens et al. (2004).

Different embeddings can be easily combined in the label embedding framework, e.g.
through simple concatenation of the different embeddings or through more complex op-
erations such as a CCA of the embeddings. This is to be contrasted with DAP which
cannot accommodate so easily other sources of prior information.

4.4 Experiments

In this section, we first detail the experimental setting, namely the the datasets, the input
embeddings (i.e. image features) and output embeddings that were used in our experi-
ments. Following, we present the zero-shot recognition experiments where training and
test classes are disjoint. The experimental evaluation goes beyond zero-shot learning and
considers the case where we have plenty of training data for some background classes and
little training data for the classes of interest. Finally, we report results in the case where
we have equal amounts of training data for all classes.

Datasets. The results have been reported in this work on two public datasets. The An-
imals With Attributes (AWA) Lampert et al. (2009) contains roughly 30,000 images of
50 animal classes. The CUB-200-2011 (CUB) Wah et al. (2011) contains roughly 11,800
images of 200 bird classes. For zero-shot learning using AWA dataset, the training and
test classes are determined by Lampert et al. (2009). From CUB, as there is not such a
partitioning determined by default, we randomly select 150 classes for training and the
remaining 50 classes for testing in zero-shot learning experiments. For many-shots learn-
ing experiments we divided the dataset in two parts with training and test partitions has
the same number of images. For each experiments, the training is done on the 2/3 of
the training data and cross validation is done on the remaining 1/3 of the training data.
The specific partitioning of the datasets will be explained more detailed in its respective
subsection. The results are in terms of top-1 accuracy (in %) that are averaged over the
classes.
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Input Embeddings (Image Features). Images are resized to 100K pixels if larger while
keeping the aspect ratio. The local image features are 128-dim SIFT features Lowe (2004)
and 96-dim color features Clinchant et al. (2007) extracted from regular grids at multiple
scales. Both of them are reduced to 64-dim using PCA. These features are then aggregated
into an image descriptors using the Fisher Vector (FV) Perronnin et al. (2010b) which was
shown to be a state-of-the-art patch encoding technique in Chatfield et al. (2011). Using
Gaussian Mixture Models with 16 or 256 Gaussians, one SIFT FV and one color FV has
been computed per image and they are concatenated into either 4,096 (4K) or 65,536-dim
(64K) FVs. As opposed to Akata et al. (2013a), the PQ-compression has not been applied
which leads to better results as reported in this chapter.

Output Embeddings. In AWA, each class was annotated with 85 attributes by 10 stu-
dents Osherson et al. (1991). Continuous class-attribute associations were obtained by
averaging the per-student votes and subsequently thresholded to obtain binary attributes.
In CUB, 312 attributes were obtained from a bird field guide. Each image was anno-
tated according to the presence/absence of these attributes. The per-image attributes were
averaged to obtain continuous-valued class-attribute associations and thresholded with
respect to the overall mean to obtain binary attributes. By default, we use continuous
attribute embeddings in our experiments.

As an alternative to attributes, we use the Wordnet hierarchy as a source of prior informa-
tion to compute output embeddings. We refer to such an approach as Hierachical Label
Embedding (HLE). We compute the binary output codes as follows: we use a {0, 1} en-
coding according the absence and presence of a given node among the ancestors of a
certain class.

The embedding can be learned from data when a sufficient amount of labeled training
data is available for all classes, for instance using the WSABIE algorithm Weston et al.
(2010). Another approach is to use “data-independent embeddings”, leveraging recent
ideas from compressed sensing DeVore (2007). In summary, we compared the following
approaches for data-driven embeddings:

e Web Scale Annotation By Image Embedding (WSABIE): The objective function
of WSABIE is provided in equation (4.12) and the corresponding optimization al-
gorithm is similar to the one of ALE described in Algorithm 1. The difference
is that WSABIE does not use any prior information and therefore that the regu-
larization value p is set to 0 in equation (4.15 and 4.16). Another difference with
ALE is that the embedding dimensionality F is a parameter of WSABIE which
is obtained through cross-validation. This is an advantage of WSABIE since this
provides an additional free parameter with respect to ALE. On the other hand, the
cross-validation procedure is an expensive one.
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e One-Vs-Rest embedding (OVR): the embedding dimensionality is C' where C'is the
number of classes and the matrix @ is the C' x C' identity matrix. This is equivalent
to training independently one classifier per class.

and the approaches below for data-independent embeddings:

e Gaussian Label Embeddings (GLE): The class embeddings are drawn from a stan-
dard normal distribution, similar fo random projections in compressed sensing De-
Vore (2007). Similarly to WSABIE, the label embedding dimensionality £ is a
parameter of GLE which needs to be cross-validated. For GLE, since the embed-
ding is randomly drawn, we repeat the experiments 10 times and report the average
(as well as the standard deviation where relevant).

e Hadamard Label Embedding: An Hadamard matrix is a square matrix whose rows/columns
are mutually orthogonal and whose entries are {—1, 1} DeVore (2007). Hadamard
matrices can be computed iteratively with H; = 1 and Hox = [Hor—1 Hor—1; Hop—1—
Hyi-1]. Note that in practice, we never obtained improved results with Hadamard
embedding over GLE.

Note that WSABIE, GLE and OVR are not applicable to zero-shot learning.

4.4.1 Zero-Shot Learning

In this section, we evaluate the proposed ALE in the zero-shot experimental setting. For
AWA, we use the standard zero-shot setup which consists in learning parameters on 40 of
the classes and evaluating accuracy on the 10 remaining classes. In these experiments, we
use the all the images in 40 learning classes (= 24, 700 images) to learn and cross-validate
the model parameters. We then use all the images in 10 evaluation classes (=~ 6,200
images) to measure the accuracy. For CUB, we use 150 classes for learning (= 8,900
images) and 50 for evaluation (= 2, 900 images).

Direct Attribute Prediction (DAP) Baseline. We first provide the baseline for DAP on
AWA and CUB. In DAP, an image z is assigned to the class y with the highest posterior
probability using the following formula:

E
plylz) o< [ [ plac = py.ele) (4.20)

e=1

where p, . is the association measure between attribute a. and class y, and p(a. = 1|z) is
the probability that image x contains the attribute e. We train for each attribute one linear
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classifier on the FVs. We use a (regularized) logistic loss which provides an attribute
classification accuracy similar to the SVM but with the added benefit that its output is
already a probability.

Object prediction
DAP ALE
AWA | 41.0 48.5
CUB | 123 26.9

Table 4.1 Comparison of the DAP baseline Lampert et al. (2009) with the proposed
Attribute Label Embedding (ALE) approach.The object classification accuracy (top-1 in
%) on the 10 AWA and 50 CUB evaluation classes.

The results are provided in Table 4.1. With the 64K-dim features, our DAP baseline is
41.0% on AWA and 12.3% on CUB. Our DAP AWA results are comparable to the 40.5%
reported by Lampert, but with different features. The advantage of using FVs is that they
work well with linear classifiers while the Lampert features work best with costly non-
linear kernel classifiers (x? SVMs). The efficient linear classifiers enable us to run more
experiments more efficiently.

Comparison of Output Encodings. We now compare three different output encodings:
(i) continuous encoding, i.e. the class-attribute associations are in the form of confidence
level of each attribute, (ii) binary {0, 1} encoding, i.e. the class-attribute associations are
in the form of presence and absence of each attribute and (iii) binary {—1, +1} encoding,
i.e. the embeddings have a constant norm. We also compare two normalizations: (i) mean-
centering of the output embeddings, i.e. the mean of the output encoding vector has been
subtracted from the vector itself and (ii) /5-normalization, i.e. the output encoding vector
has been /5-normalized.

The experimental results in Table 4.2 show that significantly better results are obtained
with continuous embeddings than with thresholded binary embeddings. This is expected
since continuous embeddings encode the strength of association between a class and an at-
tribute and therefore they carry more information. We believe that this is a major strength
of the proposed ALE approach as other algorithms such as DAP cannot accommodate
such soft values in a straightforward manner. Mean-centering seems to have little impact
and (y-normalization makes a significant difference except in the case of the {—1, +1} en-
coding since the embeddings already have a constant norm in this case. In what follows,
we focus our experiments on the continuous ¢,-normalized embeddings.

Comparison of Learning Algorithms. We now compare three objective functions to
learn the mapping between inputs and outputs. The first one is Ridge Regression (RR)
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AWA
FV=4K FV=64K
w | by || cont| {01} | {—1,4+1} | cont | {0,1} | {—1,+1}
no |no |[41.5| 342 32.5 449 | 424 41.8
yes | no || 42.2 | 33.8 33.8 449 | 424 42.4
no | yes || 45.7 | 34.2 34.8 48.5 | 44.6 41.8
yes | yes || 44.2 | 34.9 34.9 477 | 44.8 44.8

CUB
Fv=4K FV=64K
w | by || cont| {01} | {—1,4+1} | cont | {0,1} | {—1,+1}
no |no || 17.2| 104 12.8 22.7 | 20.5 19.6
yes | no | 164 | 104 10.4 21.8 | 205 20.5
no | yes | 20.7 | 154 15.2 269 | 223 19.6
yes | yes || 20.0 | 15.6 15.6 263 | 228 22.8

Table 4.2 Comparison of the continuous non-binarized embedding (cont), the binary
{0,1} embedding and the binary {+1,—1} embedding. The impact of mean-centering
(1) and {y-normalization has also been studied here. The experiments are performed
on AWA and CUB with FV=4K and FV=64K. The output embedding dimensionality is
always 85 for AWA and 312 for CUB.

which was used in Palatucci et al. (2009) to map input features to output attribute labels. In
a nutshell, RR consists in optimizing a regularized quadratic loss for which there exists a
closed form formula. The second one is the standard structured SVM (SSVM) multiclass
objective function of Tsochantaridis et al. (2005). The third one is the ranking objective
of WSABIE Weston et al. (2010) which is described in detail Section 4.3.The results are
provided in Table 4.3.

RR | multi | rank
AWA || 445 | 479 | 48.5
CUB || 21.6 | 26.3 | 26.3

Table 4.3 Comparison of different learning algorithms for ALE: ridge-regression (de-
noted as RR) with quadratic loss in Palatucci et al. (2009), multi-class SSVM (denoted as
multi) which is also known as structured SVM of Tsochantaridis et al. (2005) and ranking
based on WSABIE of Weston et al. (2010) (denoted as rank)

The conclusion is that the multiclass and ranking frameworks are on-par and outperform
the simple ridge regression. This is not surprising since the two former objective functions
are more closely related to our end goal which is classification. In what follows, we
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always use the ranking framework to learn the parameters of our model since it was shown
to be more scalable Weston et al. (2010); Perronnin et al. (2012).

Attribute Correlation. While correlation in the input space is a well-studied topic,
comparatively little work has been done to measure the correlation in the output space.
Here, we reduce the output space dimensionality and study the impact on the classification
accuracy. It is worth noting that reducing the output dimensionality leads to significant
speed-ups at training and test times. We explore two different techniques: Singular Value
Decomposition (SVD) and attribute sampling. We learn the SVD on AWA (resp. CUB) on
the 50x 85 (resp. 200x312) ®* matrix. For the sampling, we sub-sample a fixed number
of attributes and repeat the experiments 10 times for 10 different random sub-samplings.
The results of these experiments can be seen on Figure 4.2.

The experimental results on Figure 4.2 show that there is a significant amount of corre-
lation between attributes. For instance, on AWA (Figure 4.2(c)) the accuracy drops from
48.5% to approximately 45% when reducing from an 85-dim space to a 25-dim space.
More impressively, on CUB (Figure 4.2(d)), with 25 dimensions the accuracy is on par
with the 312-dim embedding. SVD outperforms random sampling of the attribute dimen-
sions although there is no guarantee that SVD will select the most informative dimensions
(see for instance the small pit in performance on CUB at 50 dimensions). In random sam-
pling of output embeddings, the choice of the attributes seems to be an important factor
that affects the descriptive power of output embeddings. Consequently, the variance is
higher when a small number of attributes is selected.

Comparison of ALE and HLE. As mentioned earlier, while attributes can be a useful
source of prior information to embed classes, other sources of side information exist. We
consider as an alternative the Wordnet hierarchy. We collect the set of ancestors of the 50
AWA (resp. 200 CUB) classes from Wordnet and build a hierarchy with 150 (resp. 299)
nodes’. We used the {0, 1} embedding with ¢,-norm. We also consider the combination
of attributes and hierarchies. We explore two simple alternatives: the concatenation of
the embeddings (AHLE early) and the late fusion of classification scores (AHLE late)
calculated by averaging the scores obtained using ALE and HLE separately.

Results are provided in Table 4.4. On both AWA and CUB, ALE outperforms HLE show-
ing that continuous attributes have the potential to bring significantly more prior informa-
tion than class hierarchies. Note that in Akata et al. (2013a), we reported better results on
AWA with HLE compared to ALE. The main difference with the current experiment is
that we use continuous attribute encodings while Akata et al. (2013a) was using a binary
encoding. The late fusion of ALE and HLE is always superior to the early fusion and
improves slightly over ALE alone.

’In some cases, some of the nodes have a single child. We did not clean the automatically obtained
hierarchy.
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Figure 4.2 Classification accuracy on AWA and CUB as a function of the label em-
bedding dimensionality. We compare the baseline which uses all attributes, with an SVD
dimensionality reduction and a sampling of attributes (we report the mean and standard
deviation over 10 samplings).

AHLE | AHLE
early late
AWA | 485 | 404 | 46.8 494
CUB | 269 | 185 | 27.1 27.3

ALE | HLE

Table 4.4 Comparison of attributes (ALE) and hierarchies (HLE) for label embedding.
We consider their combination by simple concatenation (AHLE early) or by the averaging
of the scores (AHLE late).
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Attribute Interpretability In ALE, each column of IV can be interpreted as an attribute
classifier and 6(z)'W as a vector of attribute scores of z. However, one major difference
with DAP is that we do not optimize for attribute classification accuracy. This might be
viewed as a disadvantage of our approach as we might loose interpretability, an important
property of attribute-based systems when, for instance, one wants to include a human in
the loop Branson et al. (2010); Wah et al. (2011). We therefore measured the attribute
prediction accuracy of DAP and ALE. For each attribute, following Lampert et al. (2009),
we measure the AUC on the set of the evaluation classes and report the mean.

Attribute prediction

DAP ALE
AWA | 72.7 72.7
CUB | 64.8 594

Table 4.5 Comparison of the DAP baseline Lampert et al. (2009) with the proposed
Attribute Label Embedding (ALE) approach. The attribute prediction accuracy (AUC in
%) on the 85 AWA and 312 CUB attributes.

Attribute prediction scores are shown in Table 4.5 (right columns). The attribute pre-
diction accuracy of DAP is at least as high as that of ALE. This is expected since DAP
optimizes directly attribute-classification accuracy. However, the AUC for ALE is still
reasonable, especially on AWA (the performance is on par). Thus, our learned attribute
classifiers should still be interpretable. We provide qualitative results on AWA in Fig-
ure 4.3: we show the four highest ranked images for some of the attributes with the
highest AUC scores (namely >90%) and lowest AUC scores (namely <50%).

(d) is weak (f) hibernates

Figure 4.3 Sample attributes recognized with high (> 90%) accuracy (top) and low
(i.e. <50%) accuracy (bottom) by ALE on AWA. For each attribute we show the images
ranked highest. Note that a AUC < 50% means that the prediction is worse than random
on average.

Some qualitative results on AWA can be seen on Figure 4.3. The four highest ranked
images for certain classes with the highest AUC scores (namely >90%) are shown on
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the top row of Figure 4.3 and the classes with the lowest AUC scores (namely <50%)
are shown on the bottom row of Figure 4.3. Although for some attributes ALE performs
worse than random, the highest ranked images still are descriptive about the attributes
they represent.

Comparison with The State-of-the-Art We can compare our results to those published
in the literature on AWA since we are using the standard training/testing protocol (again,
there is no such zero-shot protocol on CUB). To the best of our knowledge, the best
zero-shot recognition results on AWA are those of Yu et al. (2013) who report 48.3%
accuracy. We report 48.5% with ALE and 49.4% with AHLE (late fusion of ALE and
HLE). Note that we use different features and that care should be taken when comparing
these numbers.

4.4.2 Few-Shots Learning

In these experiments, we assume that we have few (e.g. 2, 5, 10, etc.) training samples
for a set of classes of interest (the 10 AWA and 50 CUB evaluation classes) in addition to
all the samples from a set of “background classes” (the remaining 40 AWA and 150 CUB
classes). For each evaluation class, we reserve approximately half of the data for training
and cross-validation purposes (the 2, 5, 10, etc. training samples are drawn from this
pool) and half of the data for test purposes. For AWA, the minimum number of training
samples in the evaluation classes is 302 (151 training and 151 test images). Hence, we
restricted the number of training samples for the evaluation classes to 100. For CUB,
the minimum number of training samples in the evaluation classes is 42 (21 training and
21 test images). Hence, we restricted the number of training samples for the evaluation
classes to 20.

Algorithms. We compare the proposed ALE with three baselines: OVR, GLE and WS-
ABIE. We are especially interested in analyzing the following factors: (i) the influence
of parameter sharing (GLE, WSABIE and ALE) vs. no parameter sharing (OVR), (ii) the
influence of learning the embedding (WSABIE) vs. having a fixed embedding (GLE and
ALE) and (iii) the influence of prior information (ALE) vs. no prior information (OVR,
GLE and WSABIE).

For ALE and WSABIE, IV is intialized to the matrix learned in the zero-shot experiments.

For ALE, we experimented with three different learning variations:

e ALE(W) consists in learning the parameters 117 and keeping the embedding fixed
(® = PN,
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Figure 4.4 Classification accuracy on AWA and CUB as a function of the number of
training samples per class. Additional to all the images from training classes in zero-shot
learning, few additional images from the test classes have been used. Reported results are

10 way in AWA and 50 way in CUB. In ALE(®), only the matrix ® is updated, in ALE(W ),

only the matrix W is updated and in ALE(W ®), both W and ® are updated. ALE has
also been compared with WSABIE, GLE (with 85 dim in AWA and 312 dim in CUB) and
simple One-vs-Rest (OVR) techniques.

Results.

We show results in Figure 4.4 for AWA and CUB using 4K-dim and 64K-dim

features. We can draw the following conclusions. First, GLE underperforms all other
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approaches for limited training data which shows that random embeddings are not ap-
propriate in this setting. Second, in general, WSABIE and ALE outperform OVR and
GLE for small training sets (e.g. for less than 10 training samples) which shows that
learned embeddings (WSABIE) or embeddings based on prior information (ALE) can be
effective when training data is scarce. The only exception is WSABIE on CUB for the
small 4K-dim FVs. Third, for tiny amounts of training data (e.g. 2-5 training samples per
class), ALE outperforms WSABIE which shows the importance of prior information in
this setting. Fourth, all variations of ALE — ALE(W), ALE(®) and ALE(W ®) — perform
somewhat similarly. We note however that the ALE(I}/) variant seems to have a slight
edge over the the other ones showing that embeddings need not necessarily be learned
when the prior is informative. Fifth, as the number of training samples increases, all algo-
rithms seem to converge to a similar accuracy which shows that, as expected, parameter
sharing and prior information are less crucial when training data is plentiful.

4.4.3 All Data Experiments

In these experiments, we learn and test the classifiers on the 50 AWA (resp. 200 CUB)
classes. For each class, we reserve approximately half of the data for training and cross-
validation purposes (the 2, 5, 10, etc. training samples are drawn from this pool) and half
of the data for test purposes. On CUB, we use the standard training/test partition provided
with the dataset.

Comparison of Discrete and Continuous Attributes. As was the case for the zero-
shot experiments, we first compare different encoding techniques (continuous embed-
ding vs. binary embedding) and normalization strategies (with/without mean centering
and with/without /5-normalization). The results are provided in Table 4.6.

As was the case for zero-shot learning, we observe that mean-centering does not have a
positive effect in general and /,-normalization consistently improves performance. How-
ever, a major difference with the zero-shot case is that continuous embeddings seem to
perform comparable to binary embeddings. This seems to indicate that the quality of the
prior information used in label embedding has little impact when training data is plentiful.

Comparison of Learning Algorithms We now compare on the whole training sets
several learning algorithms: OVR, GLE, WSABIE, ALE (we use the ALE(IV) variant
where the embedding parameters are kept fixed), HLE, AHLE (with early and late fusion).

As it can be seen from Table 4.7, the OVR baseline performs on par with ALE on AWA
and better than ALE on CUB with 64K FV. Since the same behavior is not observed on
FV with 4K dimensions, it is arguable that when the dimensionality of the data is high
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AWA CUB
FV=4K FV=64K FV=4K FV=64K
¢y | mc | {0,1} | cont | {0,1} | cont || {0,1} | cont | {0,1} | cont
no| no| 423 |41.6| 453 |46.2 | 13.0 | 139 | 16.5 | 16.7
yes | no| 443 |44.6 | 525 |533 | 162 | 175 | 214 | 21.6
no | yes | 42.2 | 41.6 | 458 | 462 | 132 | 139 | 165 | 16.7
yes | no | 44.8 | 445 | 513 | 520 16.1 | 173 | 17.3 | 21.6

Table 4.6 Comparison of different attribute embeddings: binary {0, 1} embedding and
continuous embedding with/without mean-centering (i.e. starting from the {0, 1} embed-
ding, we compute the mean over all learning classes and subtract it) and with/without
ly-norm. The {y-normalization enforces that each class is closest to itself according to
the dot-product similarity.

FV=4K

OVR | WSABIE | ALE | HLE AHLE | AHLE GLE
early late

AWA | 46.9 44.0 469 | 450 | 471 475 | 47.5
CUB | 194 15.9 174 | 174 | 19.1 199 | 18.7

OVR | WSABIE | ALE | HLE AHLE | AHLE GLE
early late

AWA | 523 51.6 525 | 559 | 553 55.8 | 56.1
CUB | 26.6 19.5 21.6 | 225 | 24.6 255 | 225

Table 4.7 Comparison of different learning algorithms on the full datasets (50 resp.
200 classes). OVR and WSABIE do not use any prior information while ALE, HLE and
AHLE do. Late fusion is done by calculating the classification accuracy after combining
the scores of each sample classified by using either of the embeddings.

and there is plentiful labeled data, side information does not bring extra information.
Another hypothesis is that regardless of the dimensionality of the image descriptors, this
is because a priori information plays a limited role when training data is plentiful. To test
this hypothesis, experiments with different partitions (1/4, 2/4, 3/4 and all) of the training
data on AWA and CUB have been performed. These experiments are explained in the
following section.

Another conclusion from the experiments is that, AHLE with late fusion performs 3.5%
higher than OVR and 4.2% higher than WSABIE on AWA with 64K FV. On CUB, WS-
ABIE baseline performs 7% lower than OVR but when side information of attributes and
hierarchies are combined in AHLE late, it performs similarly with OVR with 4K FV and
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only 1% lower than OVR 64K FV. The reason for this would be when the number of
classes is higher, in multiclass learning, the dimensionality of the image features makes
the classes separable enough so the side information does not contribute significantly.

Reducing the training set size. We also studied the effect of reducing the amount of
training data by using only 1/4, 1/2 and 3/4 of the whole training set. For these experi-
ments, we report GLE results with two settings: using the same number of output dimen-
sions as ALE (i.e. 85 for AWA and 312 for CUB) and using a large number of output
dimensions (2,500 was the largest dimensionality we could afford to run the experiments
in a reasonable amount of time and which led to the best performance). We show results
in Table 4.8 and Figure 4.5 provides a visual summary of these results.

The conclusions are different for small- and high-dimensional features: while for the
4K-dim features AHLE always performs the best, for the 64K-dim features the simplest
techniques (OVR and GLE) have a slight edge. This is consistent with the findings of
Akata et al. (2013a) that showed experimentally that, for large enough features, different
learning algorithms are expected to perform similarly (see also Bartlett et al. (2003)).
When using poor-man’s features such as the 4 K-dim features, more involved learning
algorithms such as AHLE outperforms simple baselines such as OVR or GLE. However,
when using large features such as the 64K-dim FVs, even simple algorithms such as the
OVR which are not well-justified for multi-class classification problems can lead to state-
of-the-art results. Hence, a major conclusion of our work is that a better output label
embedding compensates for poor input image embeddings and vice-versa.

Comparison of Output Embeddings Apart from the attribute based side information
which require manual annotation of the attributes and the hierarchy based side information
which requires the presence of a sophisticated hierarchy like WordNet, different error
correcting output codes (ECOC) can be used as output embeddings Allwein et al. (2000).

In this part of the experimental evaluation three different output embedding types have
been used as side information, (1) OVR: the embedding matrix has NV, dichotomizers with
a single bit difference, (2) OVO: the embedding matrix has N.(N. — 1)/2 dichotomizers,
and (3) Hadamard and Gaussian output coding.

Since Hadamard Matrix is a square matrix with the number of entries as powers of two,
there is a restriction in choosing the output space dimensionality. For this reason, dimen-
sionality of the output code vectors can be at least 64 for AWA (since there are 50 classes)
and 256 on CUB (since there are 200 classes). The dimensionality of the output space can
be then increased to 128, 256, 512, 1024 and 2048. The Gaussian Output Matrix however
can be as large or as small as necessary. Here, the starting dimensionality in Gaussian em-
beddings is selected as 25 and this number has been increased to 50, 100, 250, 500, 1000
and 2500. The increase stops at 2500 since from there the accuracy does not improve and
also the cost of computation gets too high.
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AWA 4K FV | 64K FV

1/4 | 2/4 | 3/4 [ALL || 1/4 | 2/4 | 3/4 | ALL
ALE | 332 | 39.7 | 425 | 449 | 39.0 | 455 | 49.0 | 52.5

HLE | 36.0 | 42.1 | 44.0 | 450 | 429 | 495 | 52.8 | 55.9
AHLE (early) | 36.7 | 42.2 | 44.9 | 47.1 || 423 | 49.0 | 52.6 | 55.3
AHLE (late) | 37.3 | 42.9 | 455 | 47.5 || 43.1 | 49.6 | 53.0 | 55.8
OVR | 37.1 | 42.6 | 453 | 46.9 || 402 | 48.1 | 50.2 | 52.3
WSABIE | 34.7 | 40.0 | 41.4 | 44.0 || 40.7 | 46.2 | 489 | 51.6
349 | 404 | 43.4 | 457 | 41.0 | 47.7 | 51.3 | 54.1
0.3) | (0.3) | (0.3) | (0.3) || (0.6) | (0.2) | (0.2) | (0.3)
36.8 | 42.5 | 453 | 47.3 || 42.9 | 50.0 | 53.4 | 56.0
0.1) | 0.3) | (0.2) | (0.2) || (0.1) | (0.1) | (0.1) | (0.1)

| CUB | 4K FV | 64K FV |

174 | 2/4 | 3/4 | ALL | 1/4 | 2/4 | 3/4 | ALL
ALE | 93 | 135 | 157 | 174 || 9.7 | 152 | 185 | 21.6

HLE | 86 | 13.0 | 15.1 | 174 || 99 | 15.1 | 19.1 | 22.5

AHLE (early) | 10.1 | 140 | 17.3 | 19.1 || 11.6 | 17.0 | 21.3 | 24.6
AHLE (late) | 10.5 | 149 | 17.6 | 199 || 11.7 | 17.6 | 22.1 | 25.5
OVR | 95 | 11.8 | 17.1 | 194 || 119 | 183 | 23.1 | 26.6
WSABIE | 72 | 11.5 | 13.6 | 159 || 8.6 | 142 | 16.6 | 19.5

7.8 | 12.0 | 140 | 1622 || 9.0 | 13.8 | 17.2 | 20.5
(0.3) | (0.4) | (0.5) | (0.3) || (0.2) | (0.4) | (0.2) | (0.2)
83 | 12.8 | 154 | 182 || 99 | 149 | 18.8 | 22.1
(0.3) | (0.5) | (0.2) | (0.3) || (0.2) | (0.3) | (0.3) | (0.3)

GLE (85)

GLE (2500)

GLE (312)

GLE (2500)

Table 4.8 Incremental learning on AWA and CUB using 1/4, 2/4, 3/4 and all the training
data. Compared output embeddings: ALE, HLE, AHLE(early), AHLE(late), GLE with 85
(resp 312) dimensions, GLE with 2500 dimensions and OVR and WSABIE which do not
use side information. Experiments for GLE have been repeated 10 times for different
sampling of Gaussians.

In the Gaussian case, we sampled the entries of the output embedding matrix from the
standard normal distribution. To provide statistical generalization, the experiments are
repeated with 10 different random samplings. The Hadamard Matrix (H) is built using
the standard formulation as H * HT = nlI,, where I,, is the n x n identity matrix.

One conclusion from Figure 4.6 is that when the dimensionality of the output coding vec-
tors are high enough, by using Gaussian output embeddings, we obtain a higher top-1
accuracy than ALE. Since manual attribute annotation is a costly and time consuming
process, even if there is not any manually annotated attributes available for a dataset, we
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Figure 4.5 Incremental learning on AWA and CUB using 1/4, 2/4, 3/4 and all the train-
ing data. Summary of the results reported on Table 4.8. Compared output embeddings:
ALE, HLE, AHLE(early), AHLE(late), GLE with 85 (resp 312) dimensions, GLE with
2500 dimensions, OVR and WSABIE. Experiments for GLE have been repeated 10 times
for different sampling of Gaussians.

can construct the output embeddings using simple statistics which leads to a higher accu-
racy than costly user annotation. One disadvantage of this approach is that the training
time increases with the increasing attribute dimensionality.

Following Weston et al. (2011), we employ a projection step where the output embedding
matrix is sparsified using the Orthogonal Maching Pursuit (OMP) algorithm Mallat and
Zhang (1993). We use 4K-dim FV on AWA and CUB datasets where the output code
matrix ¥ is set to embeddings derived from a Gaussian distribution. Same as non-sparse
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Figure 4.6 Comparison of One vs Rest (OVR), One vs All (OVA), Attribute (ALE), Ran-
dom (GLE) and Hadamard (HDLE) on FV with 4K and 64K dimensions on AWA and CUB
datasets. GLE and HDLE are further compared with sparse projections Sparse Random
(GLE (sp)), Sparse Hadamard (HDLE (sp)) respectively on FV with 4K dimensions.

version, the experiments are repeated 10 times to provide statistical consistency. The
results can be seen in Figure 4.6(a) for AWA and in Figure 4.6(b) for CUB.

Sparsity improved the results only when the embedding space dimensionality is low in
CUB dataset. In all of the other cases, sparse projection results are lower than the dense
projection results. This might be due to the fact that the label embedding method already

gives a good estimate of the underlying embedding space, therefore sparse coding does
not bring any advantage.

To test this hypothesis, we use ridge regression to predict the embedding space which
is less optimal than label embedding method. For the speed of computation, we use the
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Figure 4.7 Comparison of Random (RR G), Sparse Random (RR G (sp)), Hadamard
(RR HD)and Sparse Hadamard (RR HDLE (sp)) embeddings used as side information
when the embedding matrix is predicted using the ridge regression framework on AWA
(top) and CUB (bottom). (FV=4K)

lower dimensional FV with 4K. The results empirically prove the previous hypothesis
that sparsity improves results when the underlying embedding space is predicted sub-
optimally. Figure 4.7 shows that in all cases in comparison to the dense projection with
ridge regression, there is an improvement in accuracy. The accuracy increase becomes
more prominent when the embedding space dimensionality is lower. This is expected
because projecting data in lower dimensional space leads to a worse prediction of the
embedding space and therefore sparse coding is useful. Therefore, the conclusion is, when
the optimization method predicts the embedding space poorly, as in ridge regression,
sparse coding helps.

4.5 Conclusion

In this chapter we cast the problem of attribute-based classification as one of label-
embedding. The proposed Attribute Label Embedding (ALE) approach addresses in a
principled fashion the limitations of the original DAP model. First, we solve directly the
problem at hand (image classification) without introducing an intermediate problem (at-
tribute classification). Second, our model can leverage labeled training data (if available)
to update the label embedding, using the attribute embedding as a prior. Third, the label
embedding framework is not restricted to attributes and can accommodate other sources
of prior information such as class taxonomies or automatically constructed output embed-
dings.

In the zero-shot setting, we improved image classification results with respect to DAP
without losing attribute interpretability. Continuous attributes can be effortlessly used in
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ALE, leading to a large boost in zero-shot classification accuracy. As an addition, we
have shown that the dimensionality of the output space can be significantly reduced with
a small loss of accuracy. In the few-shots setting, we showed improvements with respect
to the WSABIE algorithm, which learns the label embedding from labeled data but does
not leverage prior information. Finally, in experiments where training data is plentiful, we
showed that label embedding can still be useful, when dealing with simpler (i.e. lower-
dimensional) features. Hence a good output embedding has the potential to compensate
for a poor input embedding.

In this chapter, we considered very simple techniques for combining different outputs em-
beddings, for instance through the combination of attributes and class hierarchies. While
there is an abundant literature in the machine learning and computer vision communities
on how to combine several inputs, for instance using a Multiple Kernel Learning frame-
work (see for instance Gehler and Nowozin (2009)), there is relatively little work on the
combination of outputs, a noticeable exception being Hwang et al. (2012). We believe
this is a worthwhile research path to pursue.
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Classifying images based on their content is essential for managing image collections.
However, image classification is a difficult task especially with a large number of classes
and images. To make it feasible, the state-of-the-art practice is to use high dimensional
image representations in combination with efficient linear classifiers. This thesis, building
on such image representations, focused on the learning problem for image classification
in a large-scale setting. In the following, we summarize our contributions in Section 5.1
and discuss about the future work in Section 5.2.

5.1 Contributions

In this section, we summarize our contributions on two challenges of large-scale prob-
lems: (1) Large-scale learning with linear classifiers using high dimensional features on
real-world datasets where the number of classes is in the order of thousands and the num-
ber of images is in the order of millions. (2) Learning with a lack of labeled training data,
also known as the zero-shot learning problem.

Large Scale Image Classification. We first focused on the problem of learning with
many samples, i.e. up to 4.5 million images in our experiments. We proposed a bench-
mark of supervised learning algorithms for linear classifiers: One-vs-Rest, Multiclass,
Ranking and Weighted Average Ranking. We focused on online learning with stochastic
gradient descent and provided a detailed analysis of several parameters such as learn-
ing rate, regularization, etc. The outcome of this work was a set of good practices for
large-scale learning:
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. Stochastic Training: Online learning algorithms such as Stochastic Gradient De-

scent (SGD) lead to similar results as batch learning algorithms. As SGD requires
to keep only the image descriptor of a single example in the memory, the classifiers
are computed efficiently.

. Data Rebalancing: In large scale datasets where the number of classes is in the or-

der of thousands, the imbalance in the number of positive versus negative samples
degrades the robustness of one-vs-rest classifiers. Therefore, we show that natural
rebalancing is not sufficient, data rebalancing is essential for state-of-the-art perfor-
mance using one-vs-rest classifiers.

. Early Stopping: Another good practice in large-scale learning is to eliminate the

number of parameters to be tuned as much as possible. Therefore, from our ex-
periments with implicit and explicit regularization, we conclude that regularization
through early stopping results in fast training and good generalization performance
for large scale learning.

. Step Size: Using a small-enough fixed step size is a competitive alternative to de-

creasing the step size. A small-enough fixed step size with respect to the learning
rate is often sufficient for state-of-the-art performance.

. One-vs-Rest: One might think the more complicated the problem gets, the more

complicated the learning algorithm should be. When the number of training images
per class is small, ranking(RNK) based learning consistently and significantly out-
performs one-vs-rest(OVR) based learning. However, we show that in a large scale
setting, a straightforward and efficient learning algorithm such as OVR performs
better than more complicated ranking based methods.

. Capacity Saturation: With high dimensional image descriptors, all the methods per-

form similarly. However, the dimensionality of the image descriptors is relative to
the size of the dataset. For the ILSVRC10 dataset, the 130K dimensional FVs result
in the state-of the-art accuracy, whereas for ImageNet10K, 130K dimensional FVs
are not descriptive enough for the samples to be linearly separable. Therefore, a
larger dataset requires higher dimensional image representations.

Zero-Shot Learning. With an increasing number of classes, the density of the dataset
increases, meaning that the average distance between two classes decreases. However,
labeling the images that belong to similar object classes, i.e. fine-grained sets of classes,
requires domain knowledge. Obtaining such knowledge through expert opinion is a costly
process. Therefore, for some classes, there is a lack of labeled training data. In the
extreme case, we might not have a single training sample to train some of the classes.
One solution to this zero-shot scenario is to use side information such as attributes that
provide a connection between classes. We proposed a novel algorithm which consists
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of embedding the classes in a Euclidean space using side information such as attributes,
hierarchies etc. We introduced a compatibility function between input and outputs where
we learn the model parameters using a ranking objective, focusing on stochastic gradient
descent learning. We can conclude from our experiments reported in Chapter 4 that:

1. Our approach, Attribute Label Embedding (ALE), obtains a higher accuracy than
the state-of-the-art DAP method of Lampert et al. (2009) in the zero-shot learning
scenario.

2. For a method such as DAP, where the class membership is decided through attribute
classifiers, the attributes are encoded with binary vectors. However, for ALE it is
straightforward to encode the attributes with continuous numbers which provide
a confidence score for each attribute. This modification leads to a significant im-
provement over binary attributes.

3. Another advantage of ALE is the ability to accommodate other sources of side
information such as class hierarchies. We showed that the combination of attributes
and hierarchies can lead to further improvements.

4. We also showed experimentally that with sufficient training data, random label em-
beddings can outperform embeddings that are based on side information.

5. Furthermore, with the ALE method, it is straightforward to integrate more training
data in the learning process when the availability of the annotated training images
increases. In such cases, the label embedding framework uses the previous embed-
dings to build a new set of embeddings using the extra training images.

5.2 Future Directions

The focus of this thesis was on large-scale image classification, in particular the com-
putational challenges due to the large scale nature of the dataset and the lack of labeled
training data. Even though in our work we have pushed the state-of-the-art accuracy, we
are still far away from a 100% success rate in large scale image collections. Moreover,
as the datasets are still growing, the difficulty of classification is constantly increasing.
Therefore, there exists many unanswered questions. In this section, we discuss several
extensions to the work conducted within this thesis that might lead to better solutions to
the problems at hand.

Deep Learning. We wish to explore deep learning from two different points of view:
(1) as an alternative to the standard supervised image classification pipeline. (2) as an
architecture to be used in zero-shot learning to learn better embeddings.
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1. The standard feature extraction pipeline which aggregates the patch descriptors can
be criticized as being too shallow to learn complex invariances and high-level con-
cepts. Recently, several large-scale works have considered learning features directly
from pixel values using deeper architectures Bengio et al. (2013); Le et al. (2012);
Krizhevsky et al. (2012). One crucial factor to obtain good results when learning
deep architectures with millions if not billions of parameters is the availability of
vast amounts of training data (see section 10.1 in Bengio et al. (2013)). In Le et al.
(2012); Dean et al. (2012), the features are learned using a deep autoencoder which
is constructed by replicating three times the same three layers — made of local filter-
ing, local pooling and contrast normalization — thus resulting in an architecture with
9 layers. The learned features were shown to give excellent results in combination
with a simple linear classifier. In Krizhevsky et al. (2012), a deep network with 8
layers was proposed where the first 5 layers are convolutional LeCun et al. (1989,
2004); Jarrett et al. (2009), the remaining three are fully connected and the output
of the last fully connected layer is fed to a softmax which produces a distribution
over the class labels. For more details on deep architectures, interested readers can
refer to a recent survey paper by Bengio et al. (2013).

2. Side information comes in many different forms such as attributes, hierarchies, etc.
which have different behavior depending on the dataset and the amount of training
data. In order to benefit from all sources of side information, concatenating the out-
put code vectors or averaging the scores are the most straightforward approaches.
We showed in Chapter 4 that such a simple combination of different output codes
consistently leads to significant improvements.

However, it is still not clear which is the best strategy to combine the output codes,
and the difference between various approaches should be further investigated. There
exists very few works on combining multiple output embeddings. One exception
is the work of Hwang et al. (2012) who propose a kernel forest approach based
on Multiple Kernel Learning (MKL) to learn discriminative visual features using
semantic information from different semantic taxonomies. This leads to signifi-
cant accuracy improvements on a subset of ImageNet and the AWA dataset which
gives good evidence that committing to only one source of side information is in-
sufficient. We propose as an alternative, to learn the embedding spaces one after
the other from several sources of side information. In such a case, the images are
projected through a nonlinearity function on the embedding space that was learned
using one channel, such as attributes. Stacking such embeddings would lead to a
deeper and deeper architecture.

Sampling Methods. In Chapter 3, we showed that random sampling of the training im-
ages with or without replacement in the context of online learning gave similar results.
In large scale datasets, the number of training images is very high. However, a vast ma-
jority of these examples bring little information. Sampling methods can help decreasing
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the size of the training set by selecting informative samples that would lead to faster
convergence. Therefore, in the literature, many sampling methods exist such as gradient
selection Loosli et al. (2005), active and auto-active selection Bordes et al. (2005), etc.
Gradient selection picks the most poorly classified sample among a batch of randomly
selected samples and updates the classifier using that sample. Active selection picks the
sample that is closest to the decision boundary. Auto-active selection has the ability to
select a large amount of samples randomly. It stops when a predefined amount of samples
fall inside the margin and selects the one that is closest to the decision boundary to do
the gradient update. Loosli et al. (2007) applied random sampling, active selection and
auto-active selection to the MNIST dataset and shows that auto-active selection leads to
accuracy and efficiency improvements over random sampling. Vijayanarasimhan et al.
(2010) proposed a method for optimally selecting a set of examples for a support vec-
tor machine classifier and optimized the learning with an efficient iterative minimization
technique. However, the active sampling methods become impractical if they are exhaus-
tively applied to all unlabeled points at each round of learning for large scale datasets.
Vijayanarasimhan et al. (2013) proposed to use randomized hash functions to be more
efficient in approximate hyperplane-to-point search. Gorisse et al. (2011) focuses on both
the sample selection and the ranking process to make active learning strategies scalable
to a database of 180K images. However, sampling methods have not been investigated
in datasets as large as the ImageNet. Therefore, how to integrate them efficiently and to
improve the accuracy in large scale image classification is a future work that we believe
is worth investigating.

Loss Function. The objective functions that are explained in Chapter 3 use a zero-one
loss. During training, if our algorithm predicts a wrong label for a sample, the misclas-
sification loss assigned to that sample is 1, otherwise it is 0. Depending on the objective
function, we update the classifiers accordingly. However, for large scale datasets such as
the ImageNet, there exists a well defined hierarchy among the classes. In such a case,
using a hierarchical loss Tsochantaridis et al. (2005) is the most intuitive alternative to
condition the update procedure.

On the other hand, the SVM objective upper bounds the misclassification loss with the
hinge loss. However, in the literature other loss formulations exist. For instance, if we
replace the hinge loss with quadratic loss, i.e., [(x;,y;, W) = (y; — w!x;)?, the regu-
larized risk minimization objective becomes ridge regression Hoerl and Kennard (1970)
for which there exists a closed form solution. Ridge regression can yield similar results
to SVMs especially for high dimensional data Rahimi and Recht (2007). Therefore, we
propose to explore the impact of different loss functions in the linear SVM formulations
as a line of future work.

Side Information. In Chapter 4, we investigated attributes and hierarchies as side infor-
mation. However, obtaining attributes through crowdsourcing is a costly process. There-
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fore, as a future work we propose to extract attribute-like side information from public re-
sources such as internet repositories. The necessary knowledge about the unseen classes
can be created using unsupervised text corpora as proposed in Socher et al. (2013). As an
example to such corpora, the expert created language ontology of WordNet, the articles
in Wikipedia and short summary texts returned by search engines can be used Rohrbach
et al. (2010b). As an alternative, the semantic representation of the visual content can be
generated using videos Rohrbach et al. (2013). Mining side information from text corpora
is worth investigating as a future work.
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