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Abstract

Visual Attributes are properties observable in images that have human-designated names ( e.g., smil-
ing, natural) and they are valuable as a new semantic cue in various vision problems like facial verifica-
tion, object recognition, generating description of unfamiliar objects and to facilitate zero shot transfer
learning etc. While most of the work on attributes focuses on binary attributes (indicating the presence
or absence of attribute) the notion of relative attributes as introduced by Parikh and Grauman in ICCV
2011 provides an appealing way of comparing two images based on their visual properties than the
binary attributes. Relative visual properties are a semantically rich way by which humans describe and
compare objects in the world. They are necessary, for instance, to refine an identifying description (the
rounder pillow; the same except bluer), or to situate with respect to reference objects (brighter than a
candle; dimmer than a flashlight). Furthermore, they have potential to enhance active and interactive
learning, for instance, offering a better guide for a visual search (find me similar shoes, but shinier or
refine the retrieved images of downtown Chicago to those taken on sunnier days). For learning relative
attributes a ranking svm based formulation was proposed that uses globally represented pairs of anno-
tated images. In this thesis, we extend this idea towards learning relative attributes using local parts that

are shared across categories.

First we propose a part based representation that jointly represents a pair of images. For facial at-
tributes, part corresponds to a block around a landmark point detected using a domain specific method.
This representation explicitly encodes correspondences among parts, thus better capturing minute dif-
ferences in parts that make an attribute more prominent in one image than another as compared to global
representation. Next we update this part based representation by additionally learning weights corre-
sponding to each part that denote their contribution towards predicting the strength of a given attribute.
We call these weights as significance coefficients of parts. For each attribute the significance coeffi-
cients are learned in a discriminative manner simultaneously with a max-margin ranking model. Thus
the best parts for predicting relative attribute more smiling will be different from those from predicting
more eyes open. We compare the baseline method of Parikh and Grauman with the proposed method
under various settings. We have collected a new dataset of 10000 pair wise attribute level annotations
using images from labeled faces in the wild ( LFW) dataset particularly focusing on large variety of
samples in terms of poses, lightning conditions etc and completely ignoring the category information
while collecting attribute annotation . Extensive experiments demonstrate that the new method signif-

icantly improves prediction accuracy as compared to the baseline method. Moreover the learned parts

vi
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also compare favorably with human selected parts, thus indicating the intrinsic capacity of the proposed
framework for learning attribute specific semantic parts. Additionally we illustrate the advantage of the
proposed method with interactive image search using relative attribute based feedback.

In this work, we also propose relational attributes, which provide a more natural way of comparing
two images based on some given attribute than relative attributes. Relational attributes consider not only
the content of a given pair of images, but also take into account its relationship with other pairs, thus

making the comparison more robust.
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Chapter 1

Introduction

Visual attributes are human interpretable mid level visual concepts shareable across categories eg:
furry, smiling and masculine. These are often used in multimedia community to build intermediate
representations of images. Attributes have also been gaining a lot of attention in computer vision com-
munity over the past few years [2, 6, 21, 17, 29, 30, 40]. Attributes are used in face verification, classifi-
cation, zero shot learning, object detection, image retrieval, interactive visual search, generating natural
language descriptions of images, fine grained recognition etc. Attributes has also used as a mode of
communication for the human supervisor to provide an actively learning machine classifier feedback
when it predicts an incorrect label for an image. Attributes are used to enhance the mode of communi-
cation between humans and machine to improve visual recognition. Automatic learning and recognition
of attributes can complement category level recognition and therefore improve the degree to which ma-
chines perceive visual objects. Attributes also opens door to appealing applications such as more specific
queries in image search engines. Prior work on attributes focuses only on binary attributes indicating
the presence or absence of certain visual property in the image.

For a large variety of attributes this binary setting is restrictive but it is also unnatural. For instance
it is not clear in the Figure 1.2 (b) whether Sehwag is smiling or not. Different people are likely to
respond inconsistently in providing the presence or absence of attribute smiling attribute for this image

or for the natural attribute for image.

(b)

Figure 1.1: Examples images containing a) attribute Red b) attribute Striped



a) Smiling

d) Natural e) ? f) Not natural

Figure 1.2: Binary attributes are an artificially restrictive way to describe images. While it is clear
that (a) is smiling, and (c) is not, the more informative and intuitive description for (b) is via relative
attributes: he is smiling more than (a) but less than (c). Similarly, scene (e) is less natural than (d), but
more so than (f).

1.1 Relative Attributes

The notion of relative attributes as proposed by Parikh and Grauman in ICCV 2011, provides an
appealing way of comparing two images based on their visual properties. Instead of predicting presence
of an attribute, relative attributes indicate the strength of an attribute with respect to other images. In
addition to being more natural, relative attributes would offer a richer mode of communication, thus
allowing access to more detailed human supervision, as well as the ability to generate more informative
descriptions of novel images. Given a set of pairs of images depicting similar and/or different strengths
of particular attribute, the problem of learning relative attribute classifier is posed as one of learning a
ranking model for that attribute similar to ranking SVM. Prior works on relative attributes uses global
feature representation like gist and color histograms. Existing datasets for this task in facial domain is
pubfig-29 with 29 attributes and 60 categories. The annotations for this dataset are collected at categor-
ical level using pair of categories rather than pair of images. Many applications of relative attributes has
been explored. Relative attributes based feedback is used to perform image search.



Smiling Not Smiling Heis Less Smiling than More Smiling than

() (b)

Figure 1.3: Part a) explains the use of binary attributes b) explains the use of relative attributes for
smiling attribute

1.2 Scope of this thesis

1.2.1 Problem and contributions

In this Thesis, we focus on solving couple of problems related to Relative Attributes. In the basic
form, given two images we need to predict which image has more strength of given attribute than the
other. To be specific, we are interested in (i) learning a part based decription which can compare two

images and provide semantically meaningful comparison of the images.

e We build upon the idea of learning relative attributes models using local parts that are shared
across categories. We develop a method for a) Part based representation of images b) learning

significance coefficients for each part c) Predicting relative attribute for pair of images.

e To validate our approach of comparing at the level of individual instances rather than categories,
we have introduced a new dataset for this task in facial domain called LFW-10. Compared to the

recent methods for relative attributes, our method achieves a significant improvement in accuracy.

e We learn the significance coefficients for each part, which reflects the semantic interpretation
of attribute. Additionally our method shows improvement in relative feedback based interactive

image search.

e We also propose relational attributes, which provide a more natural way of comparing two images

based on some given attribute than relative attributes.

1.2.2 Significance of this work

This thesis extends the state of the art in relative attributes. This class of work has achieved sig-
nificance in recent years due to its capacity to bridge the semantic levels of reasoning in humans and
machines. This was recognized by many researchers and the Marr award of 2011 was given to appreciate

the importance of this direction to the work of Parikh and Grauman [41] appeared in ICCV 2011.



In the last 3-4 years, there has been many extensions and improvements of this work, and our work

is one of them.

1.2.3 Challenges

Like many other computer vision tasks, the task of predicting the relative strengths of the attributes
is also challenging. This is specially challenging when the attributes are specific to an instance or that
describes some of the fine variations within a category. Lack of reliable data for training and testing
models is a fundamental problem for any computer vision algorithms that use machine learning in
the back end. Additionally, variations in the appearance of the object due to occlusions, variations in
imaging conditions, inconsistency in annotation pose non trivial challenges for this problem.

In this thesis, we have been using the face images as a worked out example for demonstrating the
potential of the proposed algorithms. In this context, there are many additional challenges related to

representation and imaging.

1.2.3.1 Dataset Creation

Although there are some existing datasets like pubfig-29, with 29 attributes and 60 categories, the
annotations are collected at category level using pairs of categories rather than pairs of images. Due
to this annotation in this data set are not consistent for several attributes. To address this limitation
we have collected a new dataset called LFW-10. While collecting the dataset we completely ignore
category information, thus making it particularly suitable for the task of learning relative attribute. In
order to minimize the chances of inconsistencies in the dataset, each image pair is annotated from 5

trained annotators and final annotation is decided on majority voting.

1.2.3.2 Feature representation

The main challenge for any problem in computer vision is to have a good feature representation.
There is always a debate on good feature representation in the community. The answer depends on the
particular type of problem. Prior work on attributes uses global level features. We believe that part based
representation which uses features extracted from different parts is good representation for the problem
as some attributes are local in nature. So we have extracted parts from each image and then represented

each image using the features extracted from each part.

1.2.3.3 Occlusion and Pose

Occlusion, pose variations and background clutter can cause similar effect to that of deformation.
They alter shape, make parts disappear and add noise to the data. The problem is of particular impor-

tance to the attribute because people often tend to appear in different poses and some parts of them may



be occluded. This makes the problem difficult because we cannot extract relevant features responsible
for that attribute.

1.3 Related Works

Here, we attempt to provide a brief review of the related works in the broad area of relative attributes.
More detailed and specific literature is discussed and compared in the next two chapters.

Apart from predicting the presence or absence or finding relative strength of attribute, attributes have
been used extensively, especially in the past few years, for a variety of applications [2, 6, 21, 17, 29, 30,
40]. In [18] ,objects are described using their attributes; e.g., instead of classifying an image as that of
a sheep , it is described based on its properties such as has horn, has wool, etc. Attributes are also used
in fine grain classification tasks [15] such as classification of birds. Color attributes are used for real
time visual tracking [13]. Attributes are used for semantic segmentation of images [56]. Attributes are
also used in image search where user provides feedback using attributes [29]. Attribute based feedback
has been shown to be useful for anomaly detection within a object category [17] and adding unlabeled
samples for category classifier learning [9]. Attributes have also been used for multiple query image
search [48] . Attribute are also used in predicting user annoyance [10]. Multi-task learning which uses
structured scarcity by jointly learning decorrelated and discriminative attributes [26]. A set wise active
learning approach for learning relative attributes has been proposed to minimize the effort to gather
relative attribute comparisons. Attributes have been used to learn and evaluate models of deeper scene
understanding [17] that reason about properties of objects as opposed to just the object categories. They
have also been used for alleviating annotation efforts via zero-shot learning [32, 41] where a supervisor
can teach a machine a novel concept simply by describing its properties (e.g. a zebra is striped and has
four legs or a zebra has a shorter neck than a giraffe). Attributes being both machine detectable and
human understandable provide a mode of communication between the two. This has been exploited
for improved image search by using attributes as keywords [30] or as interactive feedback [29], or
for more effective active learning by allowing the supervisor to provide attribute-based feedback to a
classifier [43], or even at test time with a humanin- the-loop answering relevant questions about the test
image [6]. This idea is extended in [3] where the learner learns attribute classifiers along with cate-
gory classifiers. In [47], a semi-supervised constrained bootstrapping approach is proposed that tries to
benefit from inter-class attribute-based relationships to avoid semantic drift during the learning process.
In [51], a novel framework for predicting relative dominance among attributes within an image is pro-
posed. A Unified Probabilistic Approach was proposed for Modeling Relationships between Attributes
and Objects [53]. Uncertain attributes are used for describing people [45]. In [46], rather than using
either binary or relative attributes, their interactions are modeled to better describe images.Relative at-
tributes are used for large scale abandoned object detection [16]. A local learning approach for fine
grained visual comparisons was proposed which uses mahalanobis metric to find similarity between

pairs [55]. Fine grained attributes are used for understanding objects in detail [52]. Our work closely



relates with recent works [1, 14, 15, 28] that use distinctive part/region-based representations for scene
classification [28] or fine-grained classification [1, 14, 15]. However, rather than identifying category-
specific distinctive parts, our aim is to compare similar parts that are shared across categories. This
makes our problem somewhat more challenging, since our representation is expected to capture small
relative differences in the appearance of semantically similar parts, which contribute in making some

attribute prominent in one image than another.

1.4 Thesis outline

The next two chapters (chapters 2 and 3) provide a self contained description of our contributions
on two sub problems in the related area of relative attibutes. Some of the basic ideas related to machine
learning and representation, is provided in the appendix as an additional resource for those who are not
familiar with the area. Brief outline of text in this thesis is as follows, in chapter 2, we explain our
method of part based approach for learning relative attributes. In chapter 3, we explain our method of

learning relational attributes. Finaly, we end the thesis with conclusion remarks and future work.



Chapter 2

Distinctive Parts for Relative Attribute Prediction for Facial Attributes

2.1 Introduction

In Relative Attributes [41], given a set of pairs of images depicting similar and/or different strengths
of some particular attribute, the problem of learning a relative attribute classifier is posed as one of

learning a ranking model for that attribute similar to Ranking SVM [27].

In this work, we build-upon this idea by learning relative attribute models using local parts that are
shared across categories. First, we propose a part-based representation that jointly represents a pair of
images. A part corresponds to a block around a landmark point detected using a domain-specific method.
This representation explicitly encodes correspondences among parts, thus better capturing minute dif-
ferences in parts that make an attribute more dominant in one image than other, as compared to a
global representation as in [41]. Next, we update this part-based representation by additionally learn-
ing weights corresponding to each part that denote their contribution towards predicting the strength
of a given attribute. We call these weights as “significance-coefficients” of parts. For each attribute,
the significance-coefficients are learned in a discriminative manner simultaneously with a max-margin
ranking model. Thus, the best parts for predicting the relative attribute “more smiling” will be different
from those for predicting “more eyes-open”. The steps of the proposed method are illustrated in Fig-
ure 2.1. While the notion of parts is not new, we believe that ours is the first attempt that explores the

applicability of parts in a ranking scenario, for learning relative attribute ranking models in particular.

We compare the baseline method of [41] with the proposed method under various settings. For this,
we have collected a new data set with around 11, 000 pair-wise attribute-level annotations using images
from the “Labeled Faces in the Wild” (LFW) data set [24], particularly focusing on (i) large variety
among samples in terms of poses, lighting condition, etc., and (ii) completely ignoring the category
information while collecting attribute annotations. Extensive experiments demonstrate that the new
method significantly improves the prediction accuracy as compared to the baseline method. Moreover,
the learned parts also compare favorably with human-selected parts, thus indicating the intrinsic capacity

of the proposed framework for learning attribute-specific semantic parts.
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Figure 2.1: Given ordered pair of images, first we detect parts corresponding to different (facial) land-
marks. Using these, a joint pair-wise part-based representation is formed that encodes (i) correspon-
dence among different parts, and (ii) relative importance of each part with respect to a given attribute.
Using this, a max-margin ranking model w is learned simultaneously with part weights in an iterative
manner.

The chapter is organized as follows. In Sec. 2.2, we discuss the earlier method of [41] for learning
relative attribute ranking models. Then we present the new part-based representations in Sec. 2.3, fol-
lowed by an algorithm for learning model variables in Sec. 2.4. Experiments and results are discussed
in Sec. 2.5.

2.2 Preliminaries

In [41], a Ranking SVM based method was used for learning relative attribute classifiers. Ranking
SVM [27] is a max-margin ranking framework that learns linear models to perform pair-wise compar-
isons. This is conceptually different from the conventional one-vs-rest SVM that learns a model using
individual samples rather than pairs. Though SVM scores can also be used to perform pair-wise com-
parisons, usually Ranking SVM has been known to perform better than SVM for such tasks. In [41]
also, Ranking SVM was shown to perform better than SVM on the task of relative attribute prediction.

We now briefly discuss the method used in [41] for learning relative attribute classifiers.

2.2.1 The Ranking SVM Model

LetZ = {I1,...,I,} be a collection of n images. Each image I; is represented by a global feature
vector x; € RN. Suppose we have a fixed set of attributes A = {a,, }. For each attribute a,, € A, we
are given a set D,, = Oy, U S,,, consisting of ordered pairs of images. Here, O, = {(I;, I;)} is such
that image /; has more strength of attribute a,,, than image ;. And, S,,, = {({;, I;)} is such that both I;
and I; have nearly the same strength of attribute a,,. Using D,,, the goal is to learn a ranking function
fm that, given a new pair of images I, and I, represented by x, and x, respectively, predicts which

image has greater strength of attribute a,,,. Under the assumption that f,, is a linear function of x,, and



Xg, it is defined as:

fm(xpaxq§wm> = Wpn - \I/(vaxq)7 (2.1)

U(xp,Xq) = Xp — X4 (2.2)

Here, w, is the parameter vector for attribute a,,, and ¥(x,,x,) is a joint representation formed using
xp and x,. Using fy,, we determine which image has higher strength for attribute a,, based on y,,; =
stgn( fm(Xp, Xq))- Ypg = 1 means I, has higher strength of a,, than I, and y,,; = —1 means otherwise.

In order to learn w,, following constraints need to be satisfied:

W, * \I’(Xi,X]‘) >0 V(Ii7fj) € O (2.3)
Wi, - U(x4,%x5) =0 V(I;, [;) € Sm (2.4)

Since this is an NP-hard problem, its relaxed version is solved by introducing slack variables. This leads
to the following optimization problem (O P1):

. : 1 2 2 2
OP1: min §||Wm‘|2 + Cm(z &+ Zaij) (2.5)
s.t. Wy, * \IJ(XZ',XJ‘) >1-— Eiju V(IZ,I]) € O (2.6)
me : \II(XZ‘,XJ‘)Hl < Qg V([Z‘,Ij) € Sm 2.7)
§ij 2 0; iy > 0. (2.8)

Here, || - ||3 denotes squared L norm,

- ||1 denotes L; norm, and C,, > 0 is a constant that takes care
of the trade-off between regularization term and loss term. Note that along with pair-wise constraints as
in [27], the optimization problem now also includes similarity constraints. This is solved in the primal

form itself using Newton’s method [8].

2.3 Proposed Feature Representation

The Ranking SVM method discussed above uses a joint representation based on globally computed
features (Eq. 2.2) while determining the strength of some given attribute. However, several attributes
such as “visible-teeth”, “eyes-open”, etc. are not representative of whole image, and correspond to
only some specific regions/parts. This means there exists a weak association between an image and its
attribute label. E.g., Figure 2.2 shows the parts corresponding to attributes “visible-teeth” and “eyes-
open”. This inspires us to build a representation that (i) encodes part/region-specific features, without
confusing across parts; and (ii) explicitly encodes the relative significance of each part with respect to a
given attribute. With this motivation, next we propose two part-based joint-representations for the task

of learning relative attribute classifiers.



Figure 2.2: Given an input image (left), the parts that correspond to visible-teeth (middle) and eyes-open
(right).

2.3.1 Part-based Joint Representation

Given an image I, let P = {p!,. .. pK } be the set of its K parts. These parts can be obtained using
a domain-specific method; example the method discussed in [57] can be used for determining a set of
localized parts in face images. Each part p*, vk € {1,..., K} is represented using an N;-dimensional
feature vector X* € RN . Here, N; = K x d; such that each X* is a sparse vector with only d; non-zero
entries in the k" interval representing part p*. Based on this, given a pair of images I, and I, we define

a joint part-based feature representation as below:

K
U(kp, %g) = Y (X — %P), (2.9)

k=1
where x, = {5(’; | Vk € {1,...,K}}. The advantage of this representation is that it specifically
encodes correspondence among parts; i.e., now the k" part of I, is compared with just the k" part
of I,. The assumption here is that such a direct comparison between localized pairs of parts would
provide stronger cues for learning relative attribute models than using a single global representation as
in Eq. 2.2. (This assumption is also validated by improvements in prediction accuracy as discussed in
Sec. 3.3.)

2.3.2 Weighted Part-based Joint Representation

Though the joint representation proposed in the previous section allows direct part-based comparison
between a pair of images, it does not provide information about which parts actually symbolize some
given attribute. This is particularly desirable in case of local attributes, where only a few parts are
important in predicting attribute strength. With this motivation, we update the joint representation of
Eq. 2.9 to precisely encode relative importance of parts.

As discussed in Sec. 2.3.1, let each image I be represented by a set of K parts. Additionally, let
sk € [0, 1] be a weight associated with the k" part. This weight denotes the relative importance of the
K" part compared to other parts for predicting the strength of attribute a,,; i.e., larger the weight, more

important is that part, and vice-versa. Using this, given a pair of images I, and I, the new weighted
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part-based joint feature representation is defined as:

K
¥ (v % k(gk _ gk
U, (Xp, Xg, Sm) = Z Sm(Xp — Xy ), (2.10)
k=1
where s,, = [s],...,s%]T. Since s¥ expresses the relative significance of the k" part with respect

to a,,, we call it as the significance-coefficient of the k* part. These help in explicitly encoding the

relative importance of individual parts in the joint representation.

2.4 Parameter Learning

Now we discuss how to learn the parameters for each attribute using the two joint representations
discussed above. Note that we still need to satisfy the constraints as in Eq. 2.3 and Eq. 2.4 depending
upon the representation followed.

2.4.1 For Part-based Joint Representation

In order to learn a ranking model based on the part-based representation in Eq. 2.9, we optimize the

following problem:

!
OP2: min _[|wn[3+Cn(y &5+ o) Q.11)
st Wi - U(X, %) > 1 — &, V(I 1) € Oy (2.12)

Wi - O(Xi, %) |1 < auj, V(I 1) € S (2.13)

§i; =2 0; a; >0. (2.14)

This is similar to OP1, except that now we use part-based representation instead of global representa-

tion. This allows us to use the same Newton’s method [8] for solving O P2.

2.4.2 For Weighted Part-based Joint Representation

For the weighted part-based joint representation in Eq. 2.10, we need to learn two sets of parameters
corresponding to every attribute: ranking model w,,,, and significance-coefficients s,,. To do this, we

solve the following optimization problem (O P3):

OP3: min lwal B+ Cn(3 65+ Y 0) 2.15)
st W - Ue(Xi, %, 8m) > 1— &, V(I 1) € Oy (2.16)
[Win - s (i, %5, 8m) |1 < iy V(I ;) € Sy (2.17)

§ij 2 0; ai; >0 (2.18)

£ >0, I<k<K; e-s,=1. (2.19)

11



where e = [1,...,1]7 is a constant vector with all entries equal to 1. Note that the overall weight of all
the parts is constrained to be unit; i.e., sﬁl > 0, e - s, = 1, which ensures that all parts are fairly used.
This is equivalent to constraining the L;-norm of s,, to be 1 (i.e., L;-regularization), thus implicitly
imposing sparsity on s,, [38, 50]. This is desirable since usually only a few parts contribute towards

determining the strength of a given attribute.

2.4.2.1 Solving the optimization problem

We solve OP3 in the primal form itself using a block co-ordinate descent algorithm. We consider
each set of parameters w,, and s,, as two blocks, and optimize them in an alternate manner. In the
beginning, we initialize all entries of w,, to be zero, and all entries of s,,, to be equal to 1/ K.

First we fix s;, to optimize w,,,. For a fixed s,,, the problem becomes equivalent to O P2 (Eq. 2.11
to 2.14), and hence can be solved in the same manner using [8].

Then we fix w,, to optimize s,,,. Let X; = [X} ... %X] € RN *K be a matrix formed by appending
features corresponding to all parts of image I;. Using this, we compute z;,, = X;frwm € RX. This
gives

Wm - qjs(ihij, Sm) =8Sm 2ijm; (220)
Fijm = Zim — Zim. 2.21)

Substituting this in O P3 leads to the following optimization problem for learning s,,, (for fixed w,,):

OP4: min C ( Z (]-_sm'iijm)Q +

Sm
(I3,1;)€Qm
> llsm - ZigmllF ) (2.22)
([Z',I]')Gsm
st. s8 >0, VI<kE<K; e-sp=1. (2.23)

where Q,,, C O,, is the set of pairs that violate the margin constraint. Note that Q,, is not fixed, and
may change at every iteration. We solve O P4 using an iterative gradient descent and projection method

similar to [54].

2.4.3 Computing Parts

The two joint representations as proposed in Sec. 2.3 are based on an ordered set of corresponding
parts computed from a given pair of images. Given a method for computing such parts, our framework
is applicable irrespective of the domain. This makes our framework domain independent.

In this work, we consider the domain of face images. To compute parts from a given face image,
we use the method proposed in [57]. It is based on a mixture-of-tress model to learn a shared pool
of facial parts. Given a face image, it computes a set of 68 parts covering facial landmarks such as

eyes, eyebrows, nose, mouth and jawline. Figure 2.3 shows a face image (left) and its parts (middle)
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Figure 2.3: Input image (left), parts detected using [57] (middle), and additional parts detected by us
(right).

Visible-teeth Visible-teeth
A | | A |

Figure 2.4: Example pairs and their ground-truth annotations from Pubfig-29 data set. Due to category-
level annotations, there exist inconsistencies in (true) instance-level attribute visibility.

computed using this method. Though these parts can be used to represent several attributes such as
“smiling”, “eyes-open”, etc., there are few other attributes which are not covered by these parts such as
“bald-head”, “visible-forehead” and “dark-hair”. In order to cover these attributes as well, we compute
additional parts using image-level statistics such as image-size and distance from the earlier 68 parts.
This gives an extended set of 83 parts for a given face image. Figure 2.3 (right) shows this extended set

of parts computed for the given image on the left.

2.4.4 Relation with Latent Models

In the last few years, latent models have become popular for several tasks, particularly for object
detection [19]. These models usually look for characteristics (e.g., parts) that are shared within a cate-
gory but distinctive across categories. ( Recent works such as [14, 1, 28] also have similar motivation,
though they do not explicitly investigate the latent aspect.) Our work is similar to theirs in the sense
that we also seek attribute-specific distinctive parts by incorporating significance-coefficients. However,
in contrary to them, we require these parts to be shared across categories. This is because our ranking
method uses these parts to learn attribute-specific models which are independent of categories being

depicted in training pairs.
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Eyes-open

Figure 2.5: Example pairs from LFW-10 data set. The images exhibit high diversity in terms of age,
pose, lighting, occulusion, etc.

2.5 Experiments

We compare the proposed method with that of [41] under different settings on two data sets. First is
the PubFig-29 data set as used in [3]. It consists of 60 face categories and 29 attributes, with attribute
annotations being collected at category-level; i.e., using pairs of categories rather than pairs of images.
Due to this, the annotations in this data set are not consistent for several attributes (see Figure 2.4) ;
e.g., Scarlett Johansson may not be smiling more than Hugh Laurie in all their images. To address this
limitation, we have collected a new data set using a subset of the LFW [24] images. The new data set has
attribute-level annotations for around 11, 000 image pairs and 10 attributes, and we call this as LFW-10
data set. While collecting the annotations, we particularly ignore the category information, thus making

it more suitable for the task of learning relative attributes. The details of this data set are described next.

2.5.1 LFW-10 Data set

We randomly select 2000 images from the LFW data set [24]. Out of these, 1000 images are used for
creating training pairs and the remaining (unseen) 1000 for testing pairs. The annotations are collected
for 10 attributes, with at least 500 training and testing pairs per attribute. On an average, there are 557
training and 591 testing pairs per attribute. The annotations are collected using a reward based set-up,
thus minimizing the chances of inconsistency in the data set. Figure 2.5 shows example pairs from this
data set.

2.5.2 Features for Parts

We represent each part using a Bag of Visual Words (BoVW) histogram over dense SIFT (DSIFT) [36]
features. We consider two settings for learning visual-word vocabulary: (1) In the first setting, we learn
a part-specific vocabulary for every part. This is possible since our parts are fixed and known. In prac-
tice, we learn a vocabulary of 10 visual words for each part. This gives a 830-dimensional (= 83 parts
% 10) (sparse) feature vector per part. (2) In the second setting, we learn a single vocabulary for all the
parts consisting of 100 visual words. This results in a 8300-dimensional (=83 parts x 100) sparse vector

representing each part.
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Method Accuracy

Global DSIFT + RSVM [41] 61.28
Global GIST + RGB + RSVM [41] 59.18

Unweighted parts + Part-specific vocab. (Ours) 62.54

Unweighted parts + Single vocab. (Ours) 62.83
Learned parts + Part-specific vocab. (Ours) 62.67
Learned parts + Single vocab. (Ours) 63.08

Table 2.1: Results on PubFig-29 data set. Though all the methods perform comparable, these results are
not really indicative of their actual behaviour due to inconsistency in ground-truth annotations.

2.5.3 Baselines

We compare with the Ranking SVM method of [41] We use four features for comparison: (i) BOVW
histogram over DSIFT features with 1000 visual words, (ii) global 512-dimensional GIST descrip-
tor [39], (iii) global 512-dimensional GIST and 30-dimensional RGB histogram (which was also used
in [41]), and (iv) spatial pyramid (SPM) [33] upto two and three levels using DSIFT features and the
same vocabulary as in (i).

As another baseline, we compare the quality of our part-learning framework (Sec. 2.4.2) against
human-selected parts. For this, we ask a human expert to select the subset of most representative parts
corresponding to every attribute. For a given attribute a,,, all the selected parts are assigned equal
weights and the remaining parts are assigned zero weight, and then a ranking model w,, is learned
based on these part weights. The intuition behind this experiment is to analyze the trade-off between
the performance obtained using manually selected parts and learned parts.

2.5.4 Results

Table 2.1 compares different methods on PubFig-29 data set. For each attribute, we consider 1500
training pairs from 40 classes, and 1500 testing pairs from the remaining 20 classes. As discussed
before, since this data set was collected using category-level annotations, there remain inconsistencies
in terms of attribute-level annotations. Due to this, average accuracy of all the methods is close to chance
accuracy (which is 50% for pair-wise predictions). Hence, we believe that the LFW-10 data set is more
suitable for comparisons.

Table 2.2 shows the average accuracies over all the attributes obtained by different methods on LFW-
10 data set. Several observations can be made from these results: (1) The performance for SPM is com-
parable to chance accuracy. This is probably because the blocks are not big enough to capture minute
differences in small parts for learning attributes. This results in learning bigger parts that are not re-

ally distinctive with respect to different attributes. (2) The part-based representations always performs
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Figure 2.6: For the three attributes with best accuracies (“smiling”, “visible-forehead” and “eyes-open”
resp.) the first block shows the top five parts and their weights learned using our method, and the second
block shows the top five parts selected by human expert.

Method Accuracy
Global DSIFT + RSVM [41] 64.60
Global GIST + RSVM [41] 68.88
Global GIST + RGB + RSVM [41] 69.89
SPM (Upto 2 levels) + RSVM [41] 50.73
SPM (Upto 3 levels) + RSVM [41] 50.01
Human selected parts + Part-specific Vocab. (Ours) 81.43
Human selected parts + Single Vocab. (Ours) 80.22
Unweighted parts + Part-specific vocab. (Ours) 81.33
Unweighted parts + Single vocab. (Ours) 80.07
Learned parts + Part-specific vocab. (Ours) 81.62
Learned parts + Single vocab. (Ours) 80.32

Table 2.2: Average relative attribute prediction accuracies using different methods on LFW-10 data set.

Smiling Masculine Eyes-open Mouth-open Good-looking  Visible-forehead Dark-hair Bald-head

Figure 2.7: Top 10 parts learned using our method with maximum weights for each of the ten attributes
in the LFW-10 data set. Greater is the intensity of red, more important is that part, and vice-versa.
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Figure 2.8: Performance for each of the ten attributes in LFW-10 data set using different methods and
representations.

significantly better (atleast by 8% on absolute scale) than [41] with different features. This clearly vali-
dates the significance of these representations for learning relative attribute ranking models. (3) Single
vocabulary always performs better than part-specific vocabulary. One possible reason for this could be
the significantly larger (ten times) feature vector for single vocabulary than part-specific vocabulary.
Investigating the effect of vocabulary size for these two settings would be an interesting future direc-
tion for this work. (4) The performance after combining learned significance-coefficients with parts is
always better than unweighted parts (last two blocks of Table 2.2). This reflects the importance of learn-
ing and incorporating part-specific weights into the joint representation. (5) The results obtained using
learned parts are better or comparable than those using human selected parts. This could be because for
humans, it is difficult to precisely assign a weight to every part (hence we used equal weights for all
human selected parts). However, this limitation is overcome by our optimization framework (O P4) that
allows to learn part-specific weights for a given attribute. Figure 2.6 shows the top five parts with highest
significance-coefficients, and the top five parts selected by human-expert for the top three attributes with
highest accuracies. Figure 2.7 shows the top ten learned parts with highest significance-coefficients for
all the ten attributes in the LFW-10 data set. These demonstrate that even by using weak associations
between image pairs and their attribute annotations, our framework can efficiently learn discriminative
as well as semantically representative parts for different attributes.

In Figure 2.8 we show the performance of different methods for each of the ten attributes on the
LFW-10 data set. Here, we can observe that the proposed methods always performs better (sometimes
significantly) or comparable to the baseline method of [41]. Also, for each attribute, our performance
closely matches with that obtained using human selected parts, thus demonstrating the effectiveness of

our method.

2.5.5 Application to Interactive Image Search

Now, we illustrate the advantage of the proposed method on the task of interactive image search

using relative attribute based feedback. Our feedback collection set-up is similar to that of [42]. Given
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Figure 2.9: Performance variation of different methods on interactive image search with number of
reference images and number of feedbacks. Each plot shows the number of searches in which the target
image is ranked below a particular rank. Larger is the number of searches falling below a specified rank,
better is the accuracy.

a target image, it needs to be described relative to a few reference images (which are different from the
target image) based on relative attributes. For a given attribute’s feedback with respect to a reference
image, the search set is partitioned into two disjoint sets using that attribute’s scores. The rank of all
the images in the search set are averaged over all feedbacks over all reference images. To break-up ties,
absolute classifier score difference with respect to reference image is used. The intuition behind this
set-up is that the images which match maximum with attribute feedback should be ranked towards the
top.

The 1000 test images of the LFW-10 data set comprise our search set. We keep number of reference
images to be either one or two, and vary the number of attribute-based feedbacks per reference in
{2,5,10}. A total of 275 searches are performed for each of the six settings, by collecting feedbacks
from 30 human evaluators. Figure 2.9 shows the performance of different methods for the six settings.
For a given rank, we compute how many target images are predicted below that rank. This means
that more is the number of search images falling below a specified rank, better is the performance.
From the results, we can observe that the performance of all the methods improves with increase in
number of feedbacks and/or number of reference images. This is expected since more interactions
(feedbacks) result in better describing the target image. These results demonstrate that here also our
method consistently outperforms the baseline method, and achieves performance comparable to that

using human selected parts, thus validating its efficacy.
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Chapter 3

Relative attributes to Relational attributes

Relative attributes [41] provide a very appealing way of comparing two images based on their visual
properties such as “chubby-face” for face images, “naturalness” for outdoor images, etc. In this work,
we propose relational attributes, which provide a more natural way of comparing two images based
on some given attribute than relative attributes. Relational attributes consider not only the content of
a given pair of images, but also take into account its relationship with other pairs, thus making the
comparison more robust. For this, we present a Gaussian Process based regression model. Unlike the
usual practice of performing regression over samples, we perform regression over pairs for predicting
the relative strength of some attribute given a pair of images. We perform thorough experiments to

provide insights into our method, and to demonstrate its advantage over the model of [41].

3.1 Introduction

In [41], given a set of pairs of images with similar and/or different strength of an attribute, the prob-
lem of learning relative attributes is posed as one of learning a randking model similar to Ranking-SVM
(or RSVM) [27] for that attribute. However, given a new pair of images, this approach is limited to the
content information of the given pair, and does not consider the situation where there exist relationships
among the pairs. A simple analogy to this is given two images of “cars”, we need to come-up with
a prediction of the form “one image has more car than other”. In such a scenario, what “more car”
means needs to be learned by comparing the given pair with other pairs of images of cars. This leads us
to the notion of “relational attributes”, where the prediction of relative strength of some attribute for a
given pair of images relates with the strength of that attribute in other pairs. We claim that the concept of
relational attributes is more general and natural than that of relative attributes. This is because in latter
(in RSVM), when we use the difference between features of images, the contribution coming from the
relative strength of some attribute may not be very significant on its own. However, when we consider
its consistent presence among several other pairs, the contribution from attribute’s presence becomes
dominant, and the impact of image-specific properties gets smoothed-out. The major contribution of

this work is thus to propose the notion of relational attributes, where given a new pair of images, the
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prediction on attribute strength depends on both the content of this pair as well as its relationship with
available pairs. To model this task, we define a ranking function based on a regression model. Precisely,
we use Gaussian Process Regression (GPR) [44] and improvise it internally to perform pair-wise rank-
ing. This inspired from the widespread use of Gaussian models in modeling diverse real-life sample
distributions, where it is assumed that outliers would be uniformed-out and true samples would con-
tribute more in the distribution. We experimentally demonstrate its advantage over the model of [41],
and show that it not only shows quantitative improvement, but also exhibits more robust behaviour un-
der different scenarios. The rest of the chapter is organized as follows. In section 3.2, first we discuss

the method of [41] and then present our model. We present experiments and results in section 3.3.

3.2 Our Method

As discussed in 2.8.1 The method used in [41] uses a ranking function g,, as given below:
gm(Xp,xq) = W;*CL(XP — Xq) (3.1

Given a new pair of images I, and I,, we determine which image has higher strength for some at-
tribute a,, based on yp, = sign(gm(xp, Xq)), where higher strength of a,, in I, than I, corresponds
to ypq = 1, and lower strength otherwise. From equation 3.1, it can be seen that given a new pair of
images, g, considers (only) the content of these images to make the final prediction. Next we discuss a
regression model for pair-wise ranking that considers both the content of a given pair of images as well

its relationship with other (known) pairs while prediction.

3.2.1 Similarity-based Scoring Function

Here we present a model that also considers relationship of a given pair of images with other (seen)
pairs. This relationship is based on visual similarity of the given pair other pairs. Due to the inherent
complex nature of this similarity, it is likely to be a highly non-linear function of image-pair features. As
discussed in [44], Gaussian Processes provide a suitable platform to model such similarities, allowing
to model non-linear regression under a Bayesian formulation. A Gaussian Process (GP) is collection
of random variables such that each such variable has a Gaussion distribution [44]. In our case, each

random variable is an image-pair. Thus, we define a pair-wise ranking function h,, as
B (%p, %) = K (Xpgs X)) [K(Xin, X)) + 01 Ly, (3.2)

where K is a pre-defined kernel function that gives the gram matrix, x,;, = X, — X, is difference of
features of the two given images, X, is a matrix of difference of feature vectors for all image-pairs in
D, ym € {—1,0, 1}‘Dm| is a vector indicating the relative strength of corresponding image-pairs in
Xn, 0 is a noise parameter, and I is the identity matrix. The above equation can be rewritten as:

B (Xpg) = b (Xpg)” Vin (3.3)
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where ¢y, (xpq)T = K(Xpg, Xom) and vy, = [K(Xy, Xin)+02I] ~Ly,,. Since v,,, can be pre-computed,

this means that given x,,, the function h,,, can be computed efficiently as a dot product. In pracice, we

—llz—yl?
272

unlike the usual practice of performing regression over individual samples, we do it over image-pairs.

use the Gaussion kernel k(z,y) = exp( ) to compute similarity between two samples. Note that

This suits our problem, where we have to predict a score given two images.

3.2.2 Optimization

Since the constraints in equation 2.3 and equation 2.4 are relaxed into a convex problem, it can be
efficiently optimized guaranteeing global optima. In practice, we optimize this problem in its primal
form itself using the Newton’s method as discussed in [8]. In equation 3.2, we set 0 = 0.3 and optimize
the ~y-parameter of the Gaussian kernel using cross-validation. Instead of using some complicated pro-
cedure for optimizing the GP model, we found this to be practically more efficient in terms of both time

as well as performance.

3.2.3 Discussion

Here we try to give an intuitive explanation of function h,,. When comes a new image-pair, this
function first uses their content (¢, (Xpq) in equation 3.3), and then ask its peers (i.e., other available
pairs) about which of the two images has higher strength of an attribute (v,,, in equation 3.3). The peers
then propagate their opinions to the new pair depending on their relationship (similarity) among them-
selves as well as with this pair. This way, the final score takes care of both self as well as neighbourhood

opinions, thus building a relational coherence among all the pairs.

White Young

Figure 3.1: Example pairs from the PubFig [31] dataset.
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7"/7"" — Method | (1/6)th | (2/6)th | (3/6)th | (4/6)th | (5/6)th | (6/6)th
70 e
Nk RSVM [41] | 66.76 | 71.15 | 72.98 | 73.88 | 74.95 | 75.67
GPR (Ours) 69.16 72.97 74.61 76.01 77.03 77.88

60
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Figure 3.2: Variation in performance on changing the number of training pairs. The blue line corre-
sponds to RSVM [41] and the red line corresponds to GPR (ours). The first column in the table on the
right shows what ratio of training data is used for training. See section 3.3.2.1 for details.

3.3 Experiments

3.3.1 Dataset and Features

We use a subset of the Public Figure (PubFig) Face Database [31] to validate the efficacy our ap-
proach. This dataset has close-up face images of several popular icons such as actors, politicians, etc.
We follow the same set of 8 entities (e.g. Hugh Laurie, Scarlett Johansson, etc.) and 11 attributes (e.g.
smiling, young, etc.) as in [41]. We collect ~ 400 pairs per attribute using feedback from human sub-
jects. From these, we use ~ 300 pairs per attribute for training, thus giving ~ 3, 300 training pairs;
and ~ 100 pairs per attribute for testing which gives ~ 1, 100 testing pairs. Figure 3.1 shows example
pairs for some of the attributes from this dataset. Similar to [41], we represent each image using a
512-dimensional GIST feature [39]. It is a global feature that captures perceptual properties of an image

such as naturalness, ruggedness, roughness, etc.

3.3.2 Experimental Set-up and Results

We perform several experiments to analyze the performance of the two models; i.e. RSVM and
GPR. In our experiments, all the results are averaged over 10 random train-test splits, and hyper-
parameters are tuned using five-fold cross-validation. The performance is evaluated based on the per-

centage of correct predictions relative to ground-truth ordering.

3.3.2.1 Experiment-1: Effect of Training Data Size

In this experiment, we examine how the two methods perform on varying the size of training data
(keeping the size of the test data unchanged). This will give us clue about the effect of data size on
performance. For this, we pick 50, 100, . . ., 300 training pairs and learn the different models using only
these. Figure 3.2 shows the variation in performance of different methods. As obvious, the performance
of both the methods improves on increasing the size of training data. We can see that GPR is relatively
less sensitive to dataset size than RSVM. This is because (as discussed in section 3.1) GPR makes use

of the relative strength of an attribute among all the available pairs which makes the contribution coming
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Figure 3.3: Performance of each attribute with variation in size of training data. The blue bar corre-
sponds to RSVM [41] and the red bar corresponds to GPR (ours). See section 3.3.2.1 for details.

from relative attribute dominant and thus suppresses image-specific properties. Figure 3.3 shows the
variation in performance of all the attributes under this set-up. Here, we can observe that our method
performs better than RSVM for most of the attributes, sometimes by even upto 10%, thus verifying the
consitent averaged improvement achieved by it across attributes as shown in Figure 3.2.

3.3.2.2 Experiment-2: Effect of Noise in Training Data

In this experiment, we examine how the two methods perform when the training data is noisy. This
will help us in gaining insights about the relative robustness of these methods against noisy data. For
this, we use the whole training data (i.e., 300 pairs per attribute), explicitly flip the ground-truth of
10%, 20%, 30% and 40% random pairs, and then learn the different models. The test data size is kept
unchanged as before. Figure 3.4 compares the performance of the two methods under this set-up.
For both the methods, performance reduces on increasing the noise in training data, which is obvious.
It can be noticed that the robustness against noisy training data consistently improves from RSVM to
GPR, thus establising its effectiveness over RSVM. Figure 3.5 shows how the performance of all the
attributes varies under this set-up. We can notice that our method mostly shows more robust behaviour

than RSVM, thus validating its efficacy for variety of attributes.
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Figure 3.4: Variation in performance with different noise-level in training data. The blue line corre-
sponds to RSVM [41] and the red line corresponds to GPR (ours). See section 3.3.2.2 for details.
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Figure 3.5: Performance of each attribute with variation in noise-level in training data. The blue bar
corresponds to RSVM [41] and the red bar corresponds to GPR (ours). See section 3.3.2.2 for details.
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Figure 3.6: Variation in conditioned-performance as discussed in section 3.3.2.3. The blue line corre-
sponds to RSVM [41] and the red line corresponds to GPR (ours).
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3.3.2.3 Experiment-3: Conditioned-Performance

In the above two experiments, we have compared the performance of the two methods in an inde-
pendent manner. Here we try to compare the conditioned-performance of the two methods under the
above two experiments. For this, first we identify those test pairs that are correctly predicted by RSVM
and evaluate the performance of our method (GPR) only on these pairs. Second, we identify those test
pairs that are correctly predicted by our method and evaluate the performance of RSVM only over these
pairs. This evaluation is performed for both Experiment-1 and Experiment-2. Figure 3.6 shows the
conditioned-performance of the two methods. These results clearly demonstrate the relative advantage
of GPR over RSVM. The performance of GPR is always above 91% on the pairs that are correctly
predicted by RSVM. Whereas, RSVM always shows inferior conditioned-performance than GPR for
both Experiment-1 as well as Experiment-2.

3.3.3 Discussion

Figure 3.7 shows some qualitative results corresponding to Experiment-1 (with complete training
data). These are the pairs where GPR gave correct predictions while RSVM gave incorrect predictions.
Even for hard pairs such as those corresponding to Visible-forehead and Big-lips, GPR correctly predicts
the ordering. From these results, we can also see that even for image pairs where the difference in
relative strength of some attribute clearly looks significant (such as Smiling), RS VM fails to capture this.
This is probably because of its rigid behaviour From all these quantitative and qualitative experiments,
we can conclude that GPR always performs better than RSVM. However, the main contribution of
this work is not just to propose a better model for learning relative attributes as originally proposed
in [41], but also to advocate the need for investigating more natural and robust ways of comparing two
images based on some given attribute. For this, we presented relational attributes, where the relative
stregth of some attribute given a pair of images also depends on their relationship with other pairs.
Along with better quantitative results, out method presents a new dimension of looking at the broader
problem of understanding attributes from a collection of image pairs. Conceptually, both relative and
relational attributes are trying to capture the same thing: relative strength of some attribute given a pair
of images. It is the learning procedure that makes them fundamentally different. Since two images can
also be compared based on multiple attributes, this allows us to look at this problem as that of predicting
multiple relative attributes given two pairs. The success of generative models in the image annotation
task [20, 22] can thus be related with the better performance of GPR over RSVM, encouraging the need

for further exploring generative models while comparing two images based on some given attribute.
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Masculine-looking Smiling

Figure 3.7: Example orderings of pairs that are correctly predicted by our method, but incorrectly by
the method of [41].
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Chapter 4

Conclusions and Future Work

In this thesis, we have explored the problem of Relative attribute Prediction and presented part based
solution to solve the problem. We have presented a novel method that learns relative attribute models
using local parts that are shared across categories. We have evaluated our method in facial domains.
In facial domain, parts are acquired using facial landmark detection. The part-based representation
combines a pair of images that specifically compares corresponding parts. Then, with each part we
associate a locally adaptive significance coefficient that represents its discriminative ability with respect
to a particular attribute. For each attribute, the significance-coefficients are learned simultaneously with
a max-margin ranking model in an iterative manner. The Part based representation that we have proposed
for learning relative attributes gives significant improvement in accuracy over the previous methods. The
learned parts which are learned by adding significant coefficients also gives a semantically interpretation
of attributes. Apart from the relative attribute prediction, we have shown advantage of our method on
Interactive image search.

Inspired from the success of attributes and relative attributes, we present relational attributes. Similar
to relative attributes [41], it is equally applicable to several applications such as zero-shot learning,
relative image description, constrained bootstraping [47] etc. Despite its simplicity, our method shows
superior results than that of [41]. Also, the robustness of such learning methods against the size of
training data and noisy training data has been examined for the first time.

In the future, we would like to extend the work of Relative parts to outdoor scenes where the defi-
nition of parts itself is not properly defined because of large variety of images. We are trying to solve
the problem using an unsupervised learning approach to find parts for predicting relative attributes for
outdoor scenes. Also we would like to investigate even better learning models that would further add to
the semantic richness of relative and relational attributes.
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Chapter 5

Appendix

5.1 Image Representation

Human visual system is very complex system. Even with all the scientific advances, a very little is
known about the functioning of the system. Humans can easily discriminate between different objects
they observe irrespective of their sizes, lighting conditions, view points, quality and various attributes.
A computer vision system designed to recognize facial attributes also needs to be invariant to these pa-
rameters. E.g,: A smiling attribute detector is supposed to detect a smiling face despite pose changes
and different lightning conditions. Similary, a face detector should detect a face regardless of persons
ethnicity, and other facial attributes. Images in their raw pixel representations are not often useful to
achieve this invariance. Good features representations are therefore necessary to describe characteristics
of objects properly . A good feature representation should be invariant to different sources of variations
in the imaging conditions and also in the appearance of the objects they represent. The process of repre-
senting images in a meaningful way is called feature extraction. There are many feature representations
developed for computer vision tasks[36, 39, 12].

In this section, we will review the feature representations we use in our work The Bag Of Visual
Words Model [49] and Spatial Pyramid Representation [4] and Gist features.

5.1.1 Bag of Visual Words

Bag of Words or Bag of Features builds upon the research in the fields of Natural Language Pro-
cessing and Information Retrieval. A text document consists of several words from a set defined by a
vocabulary. These words or collection of words can then be used to identify the topic and contents of
the given document. Indexing based on words helps in retrieving relevant documents based on a query.
In computer vision domain, an image is analogous to a document, and visual words in the image are
analogous to the words in the document. These visual words are obtained from vector quantizing lo-
cal features computed in the image. Visual vocabulary necessary for this quantization is generated by

clustering local features.
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Bag of words feature computation consists of following steps:

1. Finding regions of interests

2. Computation of local descriptors

3. Vector quantization of descriptors to form a vocabulary

4. Computation of histogram of visual words.

Finding Regions of Interest: Process of finding regions of interest is known as feature detection.
These are the regions in the image which are invariant to scale variation, rotation and affine transfor-
mations. Local descriptors are computed on these regions which inherit and enhance these properties.
Several region detectors have been introduced in the past.

Some examples of these region detectors are

i) Harris Points

ii) Harris-Laplace regions

iii) Hessian- Laplace regions

iv) Harris-Affine

v) Hessian-Affine

vi) Maximally Stable Extremal Regions.

These detectors use low level image processing operations to find the regions in the image. Smooth-
ing by a Gaussian kernel in a scale-space representation followed by local derivative operations are
typically the steps in finding such regions. These regions are mainly used for solving correspondence
problems. More detailed discussion and comparison of these detectors can be found in [37]. For clas-
sification tasks, uniform sampling of the points from an image was shown to be beneficial than using
sparse detected points [34]. In uniform sampling, a spatial grid is laid on top of the image and interest
points are chosen to be the intersection points of this grid. 5x5 pixels spacing of the grid is common in

practice but this parameter can also be determined experimentally.

5.1.1.1 Scale Invariant Feature Transform( SIFT )

Scale invariant feature transform [36] is a local feature descriptor. Sift descriptor is a histogram
of gradient location and orientation and is computed on normalized image patches. The location is
quantized into a 4x4 location grid and the gradient direction is quantized into 8 orientation bins. The

result is a 128 dimensional feature vector.

5.1.1.2 Dense Scale Invariant Feature Transform ( DSIFT )

Dense Sift is roughly equivalent to running SIFT on a dense grid of locations at a fixed scale and
orientation. This type of feature descriptors is often uses for object categorization. Bin size vs keypoint
scale. DSIFT specifies the descriptor size by a single parameter, size, which controls the size of a SIFT
spatial bin in pixels. In the standard SIFT descriptor, the bin size is related to the SIFT key point scale
by a multiplier, denoted magnif , which defaults to 3. As a consequence, a DSIFT descriptor with bin
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size equal to 5 corresponds to a SIFT key point of scale 5/3 = 1.66. Smoothing. The SIFT descriptor
smoothes the image according to the scale of the keypoints (Gaussian scale space). By default, the
smoothing is equivalent to a convolution by a Gaussian of variance s> — .25, where s is the scale of the

keypoint and .25 is a nominal adjustment that accounts for the smoothing induced by the camera CCD.

5.1.1.3 Vocabulary Construction

Having computed features descriptor, vocabulary is computed by collecting similar features into
clusters. Cluster centers representing similar features are called as visual words. Clustering algorithms
such as K means are used for finding the cluster centers. Number of cluster centers is determined

experimentally.

5.1.1.4 Histogram Computation

To compute feature histograms, local feature descriptors are mapped to their nearest visual word by
using some distance metric. This mapping assigns a visual word to every feature descriptor. Histograms
of visual words are then computed by assigning a bin to every visual word. Thus an image with varying
number of local descriptors always results in the same feature vector dimension as long as the underly-
ing vocabulary remains constant. Loss of spatial information is one of the drawbacks of this scheme.
In practice, it is often important to encode spatial information into features. To preserve the spatial

structure, spatial pyramid representation is used for computing histograms.

5.1.2 Spatial Pyramid Representation

It is an extension of bag of features, locally order less representation at several levels of resolution.
Method is based on Pyramid match kernels. It works by partitioning the image into increasingly fine sub-
regions and computing histograms of local features found inside each sub-region. Number of divisions
increase as the level is increased. All computed histograms are concatenated to form a final feature
vector. There is no fixed formula for determining number of cells on every level. Levels of the pyramid
are also determined experimentally. However, it is common practice to divide an image into 41 cells at
every level 1 and representations going upto 2 levels. Figure 2.2 shows the concept of spatial pyramids
diagrammatically.The resulting spatial Pyramid is a simple and computationally efficient extension of

an order less bag of features image representation.

5.1.3 GIST Features

This feature computation uses context based approach, and consider the input image as a whole and
extract a low-dimensional signature that summarizes the image statistics and semantics. Computing
gist involves accumulating image statistics over the entire scene. Process of extracting the gist of an

image using features from several domains, calculating its holistics characteristics but still taking into
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Figure 5.1: A graphical representation of Bag of Words (BoW) model [49], that shows how an image
of a object is represented as a bag or multiset of visual words. Its analogy with text documents is also
clear. In the example, 3 objects (face, bike and violin) can be seen to be intuitively composed of their
local interest regions and a histogram of visual word vocabulary (or the parts) is used to represent them.

account coarse spatial information. An input image is filtered in a number of low-level visual feature
channels- color, intensity, orientation, flicker and motion at multiple spatial scales. Such channels have
several sub channels one for each color type, orientation or direction of motion. Each sub channel has
a nine scale pyramidal representation of outputs. Within each sub channel the model performs center-
surround operations between filter output at different scales to produce feature maps. The different
feature maps for each type allows the system to pick up regions at several scales with the added lighting
invariance. The intensity channel output for the illustration image of figure below shows different sized
regions being emphasized according to their respective center-surround parameter. After the center-
surround features are computed, each sub-channel extracts a gist vector from its corresponding feature
map. Saliency and gist emphasize two complementary aspects of the data in the feature maps: saliency
focuses on the most salient peaks of activity while gist estimates overall activation in different image

regions.

32



level 1 level 2

Figure 5.2: SpatialPyramid Feature Extraction [33]: computing BOW for image at different regions in
various scales

5.2 Detecting Parts on Human Faces

In our work , we have to detect parts for face like eyes, mouth, nose etc. After detecting landmark
points we draw bounding boxes around it and call it as part. For detecting the landmark points in face,
we have used the method zhu and ramanans face detection, pose estimation and landmark localization
in the wild[57]. The model is based on mixture of trees and shared pool of parts. They model every
facial landmark as a part and use global mixtures to capture topological changes due to view point. All
parameters of the model including part templates, modes of elastic deformation and view based topology
are discriminately trained in max margin framework. To learn the model, they assume a fully-supervised
scenario, where they are provided positive images with landmark and mixture labels, as well as negative
images without faces. Learn both shape and appearance parameters discriminatively using a structured
prediction framework. We use this method to detect landmark points for faces in our LFW-10 dataset.
After getting the landmark points we draw a bounding box around each of the 68 landmark points and
consider them as different parts of the face. There are some other attributes which are not covered by
these parts. In order to cover all the attributes, we compute additional parts using image-level statistics
such as image-size and distance from the earlier 68 parts.This gives an extended set of 83 parts for a

given face. Below figure shows the 68 parts and 83 parts computed using the method.
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Figure 5.3: Mixture of trees model encodes topological changes due to view point. Red lines denote
springs between pairs of parts. All trees make use of a common, shared pool of part templates, which
makes learning and inference efficient[57]

Figure 5.4: Results of the model[57] shows accurate detection of face and estimate pose and estimate
deformations in real world and cluttered scenes

ra

[LF

|

Figure 5.5: Input image (left), parts detected using [57] (middle), and additional parts detected by us
(right).
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5.3 Learning Models

The machine learning community has developed so many methods for supervised, unsupervised and
semi-supervised ways of learning models for various tasks like classification, regression, clustering etc.
In our work we learn models to find the relative strength of attribute in two images. In order to rank
the two images based on the strength of attribute we have used Ranking SVM in our method. In this
section we review learning how to rank and the most successful support vector machines which were

later extended to ranking task named Ranking SVM.

5.3.1 Support Vector Machines

Support Vector Machine [5, 11] is a popular and powerful classification learning tool. It is a super-
vised learning method, i.e. it learns from a given set of labelled training data and predicts the label for
an unseen test sample. We will explain SVMs for two-class case, which is also called as a binary clas-
sifier. The basic idea behind a linear classifier is to separate the given D-dimensional data points with
a (D-1) dimensional hyperplane. For a given set of points, there may exist multiple hyperplanes which
can separate the data Figure:5.6a. The best classifier of all these hyperplanes is the one which provides
the maximum separation of the data points Figure:5.6b. It essentially means that the best hyperplane
should maximise the distance between the nearest points on both sides of the hyperplane (nearest points
to the hyperplane from each class). This distance is defined as the margin, and the SVM selects the
hyperplane with the maximum margin. The hyperplane obtained is called maximummargin hyperplane
and the linear classifier is called maximum-margin classifier.

Given a set of n labelled training samples,
S = {{zi;yi}t|wi € RP,yi € {-1,1}} (5.1)

x; is the D-dimensional data point, y; represents the class to which the point x; belongs.

A seperating hyperplane with W as the normal vector can be written as

WIX +b5=0 (5.2)

Here b is called the bias term,ﬁ gives the perpendicular distance from the origin to the hyperplane.Our
goal is to find the w and b, such that the margin is maximized. We can select two parallel hyperplanes

which separate the data and are as far as possible. These hyperplanes can be written as follows:

WIX +b=-1 (5.3)
WIX+b=1 (5.4)

Now, the distance between the two parallel hyperplanes is ”27” Since the distance needs to be maxi-

mized, it translates to minimizing || W ||. Since we do not want any data points falling in between the
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(a) Multiple Seperating Hyperplanes (b) Max-Margin Hyperplane

Figure 5.6: Example showing multiple separating hyperplanes and the max-margin hyperplane output
by SVM.

two hyperplanes, the following constraints are added:

WIX, +b>1VX; st yi=1 (5.5)
WIX;+b<—1VX;sty =—1 (5.6)

The two constraints can be combined and rewritten as:
yi (WIX;+b) > 1 VX, (5.7)

We can substitute ||| with §||W

problem easier to solve. The optimization problem can now be written in primal form as:

2 without changing the solution, this makes the optimization

. 1
mina 5 [W])* (5.8)
subject to y; (WTXi + b) >1 VX; (5.9

5.3.2 Learning to rank

Ranking is a central part of many information retrieval problems, such as document retrieval, col-
laborative filtering, sentiment analysis, computational advertising (online ad placement). Learning to
rank has received exten- sive attention in the machine learning literature [7, 27, 35] for information
retrieval in general and image retrieval in particular [25, 23].Given a query image, user preferences
(often captured via click-data) are incorporated to learn a ranking function with the goal of retrieving
more relevant images in the top search results. In [27] Ranking SVM algorithm is proposed which is
used to learn rank documents in a infomation retrieval system for optimizing search engines using click

through data.
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