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Abstract

Deep Learning and Learning to Hash are two important research areas in machine learn-
ing, which have rapid improvements in recent years.

What I mainly researched on is an inter-discipline field: deep learning for cross view
hashing. Multiple layers of representation in deep learning has the property of abstracting
representation from input data, while, in the cross view similarity search, the biggest
difficulty is to represent items from one domain to another. Here, I want to take advantage
of the latest deep learning technology to solve the cross view similarity search problem.
Hashing is used to accelerate this process.

This thesis mainly contains three parts. Chapter 2 is a literature survey. It contains
a deep learning survey and a learning to hash survey. The deep learning survey briefly
introduces fundamental technology of deep learning and its recent development including
the latest technology. The Learning to Hash survey brief introduces some widely used
learning to hash algorithms. Chapter 3 is an experiment about comparison of some state
of the arts learning to hash algorithms. Chapter 4 is cross view hashing based on deep
learning. I present a cross view feature hashing technique using deep learning and show
some results. These three chapters are main chapters. Chapter 1 and Chapter 5 are
introduction and conclusion.

1



Chapter 1

Introduction

This introduction will present a brief review of deep learning and hashing algorithms.
Those concepts introduced here will be explained with more details in later chapters.
My research involves mainly two fields in machine learning, including deep learning and
learning to hash.

1.1 Deep Learning

As an emerging and active topic in machine learning community [Ben09a], deep learning
is about learning multiple levels of representation and abstraction to help understand the
data and resolve a variety of subsequent machine learning tasks. One challenging task of
deep learning is to search for good parameters in the parameter space. Researchers have
investigated some effective ways to attack this challenge by exploring learning algorithms
such as Deep Belief Networks [HOTO06] and variants based on the Restricted Boltzmann
Machines (RBMs) [RB08, SH10, VLBMO08, LGRN09].

1.2 Learning to Hash

In literature, (approximate) nearest neighbor search on single-view high-dimensional data
has been extensively studied for many years in database and data mining communi-
ties. One recent promising technique is the family of learning to hash algorithms [TM98,
DIIM04, KG09, TFWO08, SH09b, WTF08, RL09, LCL12, LWKC11, NF11, GL11, KD,
KL12, ZWCL10, WKC12, WKC10b, LWJ*12], which basically aim to map query and
target instances in the same input data space (which can be of arbitrarily high dimen-
sionality) to a low-dimensional binary (Hamming) space; As a result, efficient linear scans
on the binary data can be trivially implemented to find the exact nearest neighbors in
the Hamming space, or one can perform fast approximate nearest neighbor search on the
Hamming space with running time that is sub-linear in the number of total instances.

1



CHAPTER 1. INTRODUCTION

1.3 Cross View Hashing with Deep Learning

Unlike the above regular nearest neighbor search on single-view data, the key challenge
in the cross-view nearest neighbor search task is that the input spaces (views) of the
query instance and the target instances to be retrieved can be diverse or completely
different, which prevents the straightforward application of the existing learning to hash
algorithms to solve the Cross-View Nearest Neighbor Search(CVNNS) tasks. To attack
this challenge, one direction is to develop some technique that can directly map data
instances from different input spaces to the same binary (Hamming) space. This approach
usually cannot take advantages of many successful learning to hash algorithms for single-
view data. Unlike this approach, I want to present a new deep learning to hash scheme
for CVNNS, which explores the emerging deep learning techniques in learning a shared
representation by mining training data to bridge the gap between the query view and the
target view, and is able to take advantages of the existing learning to hash techniques
for performing hashing on the shared representation.

1.4 Thesis Organization

Although this thesis focuses on cross view hashing with deep learning, I focus more on
the applications of deep learning in my master period. Cross view hashing is only a tip
of the iceberg.

The following chapters are organized as follows. Chapter 2 contains the literature
survey of deep learning and learning to hash.Chapter 3 compares with the most widely
used learning to hash algorithms. Chapter 4 introduces our cross view hashing framework
based on deep learning. Chapter 5 contains conclusion and future work. I will give some
ideas which may use deep learning technique to solve some existing problems in Chapter
5. Currently I do not have time to implement those ideas. If I pursue a PhD degree in
the future, I will continue my research.



Chapter 2

Literature Survey of Deep Learning
and Learning to Hash

2.1 Deep Learning Survey

Deep learning is a new Machine Learning area, which has been introduced with moving

Machine Learning closer to its original goals: Artificial Intelligence [DLN]

2.1.1 What Is Deep Learning

Generally speaking, deep learning is about learning multiple level of representation and
abstraction that help to analysis data such as sound, video, images, text and so on. It
tries to model high order constrains between inputs and tries to find the internal factors
among inputs [HS86, DLN, Ben09a, AHS87].

In deep architecture, representation of data is a layer-wise form. ’'Deep learning’
means the layers of the neural network are more than 2. [Ben09a] provides theoretical
limitations of ’Shallow learning’. Deep models are more powerful. It is proved that
functions that can be compactly represented by a depth k might require an exponential
number of computational elements to be represented by a k — 1 architecture.

The multiple-layer, hierarchy architecture is also an inspiration from biology and
human cognition. It is shown that human brain is connected by synaptic and neu-
rons [Eli05], which forms a deep network layer by layer, where one unit in deep network
can represent the neuron and each edge connected units represent the synaptic. The
weights of the edge represent the relationship between two neurons it connected or the
strength between them. When information is transferred, the artificial neural network is

used to simulate the information transformation in human brain.
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2.1.2 Why It Is So Difficult To Train Deep Models

Looking back at the history of multi-layer neural networks, their problematic non-convex
optimization has for a long time prevented reaping the expected benefits [Ben09b] of going
beyond one or two hidden layers. There was no clear understanding of what constitutes
good representations for initializing deep architectures or what explicit unsupervised cri-
teria may best guide the learning. Standard gradient descent from random initialization
is doing very poorly[HOT06, BG10], [Ben09b] shows that logistic sigmoid activation
is unsuited for deep models with random initialization because of its own characteris-
tic. [EMB109] also shows that Pre-training, instead of random initialization, is a key
part when training neural network.

After pre-training, one may rely on labelled data for fine-tuning. However, labelled
data is often scarce. So it is difficult to get enough examples to fit parameters in some
complex problems.

Another issue is optimization with local optima[HS86]. Training deep neural network
involves solving a highly non-convex problem[DLS] with bad local optima, and training
with gradient descent no longer work well. [DLS] also mentions a 'diffusion of gradients’
which means gradient descent with back propagation, propagated gradients are dimin-
ished rapidly in magnitude as the depth of the network increase and cause the earlier

layers fail to learn much.

2.1.3 Why Pre-training Helps Deep Learning

In deep learning, general there is a two-step training algorithm when training deep mod-
els. First step is pre-training. Second step is fine-tuning [HOTO06]. As the layer of
models and the number of samples increases, the number of parameters that we need to
find maybe very huge. Tuning those parameters and find the best values among them
is very difficult. The two-step training algorithm has the following meaning. At first
pre-training step, we find a good initialization for the model, since random initialization
has many drawbacks [EMBT09]. When pre-training is done, the parameter search range
is reduced to a small playground. Then, in the second fine-tuning step, we use some
other information(supervised or unsupervised information) to find a good local minimal
in the small playground. This two-step algorithm usually works well for most of the deep
models.

[EBC*10] shows that pre-training step works like a regularizer that initializes the
parameters in a 'better’ basin of attraction of the optimization procedure, corresponding
to an apparent local minimum associated with better generalization.

4
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2.1.4 Energy Based Models(EBM)

All models discussed below are energy based models(EBM). EBM associates a scalar en-
ergy to each configuration of the variables of interest. Learning corresponds to modifying
that energy function so that its shape has desirable properties [DLN].

efE(:v)

p(r) = — (2.1)

where the partition function is an analogy with physical systems

Z =Y et (2.2)

Then we can use the gradient descent on the negative log-likelihood of the training

data. We define:

1 .
L(0.D)=— Y logp(z™)

1(6,D) = —L(6, D)

Separating the example x into visible (v) and hidden(h), we then rewrite:

exp(_E(th))

P(x)=> P,h)=>_ — (2.4)

then define free energy as follows:

F(v) = —log Z e~ Ewh)
h

efF(v)

P(v) (2.5)

T Z
Z = e F

2.1.5 Deep Models

In feed forward neural network, information moves one direction, never goes back. The
simplest feed forward neural network is perception. which can be future classified into
single layer perception and multi layer perception. Basically, there are two types of
stochastic feed-forward network. One is sigmoid belief network, another is noisy-OR
network. Besides feed forward neural network, there are recurrent neural networks(RNN)
where connections between units form a directed cycle, we will see some examples of RNN
later.
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2.1.5.1 Sigmoid Belief Networks

Belief networks, also known as 'Bayesian networks’, are designed to represent a proba-
bility distribution over a set of attributes [Nea92].
In belief net, the probability of a state vector is only determined by the units that
precedes it:
P, =11,P(s; = zi|s; = xj,7 < 1) (2.6)

Here, the order of units in the network is crucial, since it determines which conditional
probabilities must be specified.

Sigmoid belief network is a variant of belief net that was designed in analogy with
Boltzmann Machine. Units take value 0/1 or —1,+1 is equivalent [Nea92]. We take 0/1
units for example, the forward conditional probabilities for a sigmoid belief networks can
be defined as :

P(si=w4ls; =xj,j <1) = 5(2(2& — 1)sjw; ;) (2.7)
j<i

Then, the probability of a global state vector, s, is defined of :

j<i
2.1.5.2 Noisy OR Network

”Noisy-OR” model views the units as 0/1 valued OR-gates. There is a certain probability
that even an input unit j has value 1, it will fail to force unit ¢, that it feeds into to go
to 1, if we represent this probability as ¢; ;, The forward conditional probability can be
expressed as follows:

P(SZ = ]_|Sj =S; ] < Z) =1- Tj<i,s;=1 * Qi (29)

2.1.5.3 Hopfield Network

The above two networks are types of stochastic feed-forward network. In feed forward
network, information moves one direction, never goes back. But most of the network
models are recurrent neural network, that means information can go back and form some
loops ,such as Hopfield Network [Hop82] and Boltzmann Machine [AHS87].

Hopfield Network is the simplest Recurrent neural network. It is invented by John
Hopfield [Hop82]. It serves as content-addressable memory systems with binary threshold
notes, that means if the incoming value is larger than the threshold, the state of the node
will be 1, otherwise, will be —1.

Hopfield net is also an energy based model. Its energy is defined as

6
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E = —% Zwi7j$i$j + Zé’lsl (210)
1,] i

Training algorithms must insure that when units are randomly chosen to update, the
energy E must decrease. Hopfield net can be trained using Hebbian Learning rule.

2.1.5.4 Hebbian Learning Rule

When an axon of cell A is near enough to excite cell B and repeatedly or persistently
takes part in firing it, some growth process or metabolic change takes place in one or
both cells such that A’s efficiency, as one of the cells firing B, is increased. This is often
paraphrased as 'Neurons that fire together wire together’. It is commonly referred to as
Hebb’s Law [Heb47, Heb47].

Hopfield net uses Hebbing learning rule to change the weights between connections.
The Hebbian learning rule specifies how much the weight of the connection between two
units should be increased or decreased in proportion to the product of their activation.
It works well as long as all the input patterns are orthogonal or uncorrelated. The
requirement of orthogonality places serious limitations on the Hebbian learning rule.
A more powerful learning rule is the Delta Rule [TDR], which utilizes the discrepancy
between the desired and actual output of each output unit to change the weights feeding
into it.

2.1.5.5 Delta Rule

When we train the model, the system first uses the input to produce its own output and
then compares this with the desired outputRHWS88|. Then the weights are changed to
reduce the difference. A general used rule for changing weights following presentation of
input and output pair is given by [Sto86, RHW88]:

Ayw; j = n(ty; — 0pj)ipi = N0pjipi (2.11)

where t,; is the target for the j;, component of the output pattern, o,; is the j, element
of the actual output pattern. i,, is the value of the ¢, element of the input. 6,; = t,; —0p;
is the discrepancy of target output and actual output.
More specific, let
1 2
E, = B Z(tpj — 0pj) (2.12)
J
be the measure of input output pattern p and let £ = Zp E, be the overall measure of
error.

OE,  OE, 0oy
8’11]@'7]' N 80p,j 8wj7l-

= (=0p)) (2.13)

8’11]]',2‘

7
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If units are linear, let’s say:

Opj = Z wjiipi (214)

Then we can get that:

Doy
(—0pi) =L = (—0p;) * g (2.15)
") g, pi) * tp
Then we get that:
OE, ,
——— = 0pjlpi (2.16)
ow; pitp

This equation exactly shows how the delta rule comes from. It implements a gradient
descent in E' when the units are linear.

The drawback is that with hidden units, the error surface is not concave upwards, so
may face the problem of getting stuck in local minima. [RHWS88| show the generalized
delta rule can be applied to arbitrary networks. First of all, assume the model is layered
feedforward netowrk. Thus,

netpj = Z W;iOpi (217)

is the total input to unit j under pattern p. o, is the output of its preceded units. Then,
we can define the output of unit j is a function of its total input net,,

op; = [fi(nety;) (2.18)
where f is differentiable. Then we get:

oK,  0E, Onet,;

— 2.19
3wi,j 0netp,j 8’11]@'7]' ( )
onet,; 0>, W;k0pk
= = = =0, 2.20
8’11]@'7]' 8’11]]',2‘ Op. ( )
then define: O
o p 2.21
P Onet,, ; ( )
Then we get that:
OE,
— = 0p,jOpi (2.22)
dw;. p.iOp
We then see 9, ;:
OF 0E, 0o, ; oE, .,
5 . = — p e p pJ = — P . t y 223
» Onet,, ; Doy ; Onet,, ; doy ; s(nety) (2.23)
OF
90 p' = —(tp; — 0pj) (2.24)
p.J
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so we get :

Opj = (tpjfopj)f],‘ (netp,j) (2.25)
If u; is not an output unit, then
O0E, Onet, OFE ; WiiOp OFE
- 6netz,k 80;; B - 6netz,k Z@opvj C= zk: 6netz,k Whg = %5 Kk (2.26)
Then
Ops = fi(nety ;)Y dpwn (2.27)
k

Specifically, if we use logistic function in which:

1

i = + e~ (i wjiopi+9;) (2.28)
Since
00y ;
sz = 0pi(1 = 0p,) (2.29)
the corresponding error signal ¢,;, for an output unit is given by
Opj = (tpj — 0p;)0p; (1 — 0p;) (2.30)
and for an arbitrary hidden unit u; is given by
Opj = 0pj(1 — 0p;) Z Opk W (2.31)
k

2.1.5.6 Boltzmann Machine(BM)

The Boltzmann Machine(BM) [AHS87, HS86] is a parallel computational organization
that is well suited to constraint satisfaction tasks involving large numbers of weak con-
strains. Since constrain-satisfaction problem involves strong constrains that must be
satisfied, a variation is to use weak constrains that incur a cost when violated. Boltz-
mann Machine is designed for such a weak constrain problem, the energy of its global
states is the cost we want to minimize.

Why call it ’Boltzmann Machine’ In ’Canonical Ensemble’, consider the system
of N independent molecules with constant total energy F. While the amount of energy
associated with any given particle cannot be determined, one can address the question
on how the energy is distributed over the particles on average:

e_ﬂ*Ei

Z] e*ﬁ*&j

9

n; = N % (2.32)
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n; is the average number of particles that has energy ¢;, N is the total number of particles.
[ is constant. If the system is in contact with a heat bath at temperature T , it will
eventually reach equilibrium and the probability that it is in the #;;, micro-state, with
energy ¢;, is given by the Boltzmann distribution:

e—€i/kpxT A
pi=——Fp— ¢ BT (2.33)
kg is Boltzmann constant. T is the absolute temperature, thermodynamic 5 can be
—A
written as RB%T, Z = e*sT is the normalizing factor and A is Helmholtz free energy.

In the Boltzmann Machine, every node has two states: on or off. This is the same
as for a particle which has two energy states. Similarly, a network of units obeying this
decision rule will eventually reach 'thermal equilibrium’, thus, can also be simulated by
Boltzmann distribution. This is why we call it 'Boltzmann Machine’.

Character of Boltzmann Machine Boltzmann Machine is composed of units that
are connected to each other by bidirectional links. The states of units are on or off,
which was used to represent the system accept or reject the unit hypothesis. The weight
on a link represents a pairwise constrain of the two units. A positive weight means the
two hypotheses tend to support each other, and vice versa. Link weights are symmetric,
having the same strength in both directions [AHS87]. Many extensions are possible and
have been studied, including cases where hidden and visible units to model continuous
values [FH94, WRZHO04].

If there are n units, each units can be on or off, then the system has totally 2™ global
states. According to EBM, each global state can be assigned to a single number(energy)
to represent it. The individual units are made to minimize the global energy [AHS87].
The energy is acted as the cost in the weak constrain problems. It can be interpreted as
the extent to which the hypotheses violates the constrains.

The energy of a global configuration is defined as

E=- Zwi,jsisj + ZGZSZ (234)

i<j i

where w; ; is the weights between units i and j. s; represent the units on or off,(s; = 1
represent unit i is on, and vice versa). 6; is a threshold.

A simple algorithm to find a local minimum energy is to switch each hypothesis
whichever of its two states yields the lower global energy given the current states of the
other hypotheses [AHS87, Hop82]. We use E,ff to represent the global energy when the
Ky, unit is off(when s; = 1), and E,, to represent the global energy when the &y, unit is
on, then the energy gap between them is

10
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AEy = Eopp — Eon = Y wps; — Oy (2.35)
i=1,ik
Obviously, the strategy to determine the on or off state of a unit is to see whichever
yields a lower global energy.

Threshold term 6, can be omitted if we treat a link with weight —6, between unit k
and an external unit (the n + 1 unit) whose state is always on(s,1; = 1).

One standard technology that used to minimize the energy is gradient descent: The
values of the variables in the problems are modified in whatever direction reduces the
energy. But gradient descent suffers from local minima problem that are not global
optimal.  [KGV83] uses ’simulated annealing’. This technology simulates the same
procedure in physical analogy: To find low energy of a metal, the best strategy is first
melt it and then to slowly reduce its temperature. Providing some noises can help getting
out of local minima and allow jumps to higher energy [HS86].

Using the following formula, we can implement simulated annealing. If the energy
gap between the 1 and the 0 states of the k unit is AFy, then s, = 1 with probability

Pk = sigmoz’d(%) (2.36)
T acts like the temperature of annealing. Using ’simulated annealing’ strategy, starting
from a higher temperature and gradually reduce it, the system can go the fastest way to
reach equilibrium.

Since the probability that the system finally falls in any global energy state follows
a boltzmann distribution, so it can be easily derived that the relative probability of two

global states also follows the Boltzmann distribution:

Pa Eaq—FE
Fﬁ =e T : (237)
If T'=1, we can get:
Py
log— = —-E, + E3 (2.38)
Pp

Which indicates that the difference in their negative log probability is their energy gap.

Training Algorithm of BM According to equation 2.33, when the system goes to
thermal equilibrium, the probability of the system in any global state is only determined

by its energy. So the relationship between log probability of the system in any global

11
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state and the weights is:

Eq
Oln —— B
0P,y O—pp—Imdge ™
8wi,j 8’11]@'7]' 8wi,j
E _ _Epn —E,
kT Zﬁ T2
a o BB
s%g° s s
197 i °g
= —_ P b3
kT zﬁ: PTkT
If we ignore the constant k, the equation becomes
omnP, 1 N _
Do, =g * (s sf - Z Py sfsf) (2.40)
K B

where s is the binary state of the 7, unit in the ay, global state and Pﬁ’ is the
probability, at thermal equilibrium, of global state o of the network when none of the
visible units are clamped.

Visible units of BM are the interface between the environment and the network, it
can be clamped into specific states, as the input of the environment to the network. The
hidden units, are used to model the internal structure of the network.

The separate probability of each visible unit being active is the first order structure
and can be captured by the thresholds of the visible units. The v? pairwise correlations
between the v visible units constitute the second order structure and can be captured by
the weights between pairs of units. All structure higher than second order can not be
captured by pairwise weights between the visible units. An example is shown by [HS86]:
Suppose we have three units, A B and C. The ensemble consists of four vectors: 1 1
0,101,011,000. Each has the probability of 0.25. If we consider only first and
second orders, this ensemble is indistinguishable from the ensemble in which all eight
vectors occur with equal probability. So there must be some higher order constrains in
the model.

The structure of an environment can be specified by giving the probability distribution
over all 2V states of the v visible units. Even if the whole network is totally connected the
C?2,,, weights and v + h biases, the model is insufficient to model the 2" probabilities of
the states of the visible units specified by the environment(unless the number of hidden
units is exponentially large compared to the number of visible units). But we assume
that if there are regularities in the environment, and if the network uses its hidden units
to capture these regularities, it may achieve good match.

12
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"KullBack-Leibler(K-L) Divergence’ is used to measure the discrepancy between the
network’s internal model and the environment [HS86:

G=> P (V) P ;%‘*) (2.41)

Where P*(V,,) is the probibility of the ayy, state of the visible units which are determined
by the environment( + is used to indicate the states that are determined by the envi-
ronment),and P~ (V) is the probability that the network is running freely. G is always
larger or equal to 0. G is a asymmetric divergence. When trying to approximate a prob-
ability distribution, it is more important to get the probabilities correct for events that
happen frequently than for rare events, so the match should be weighted by the actual
probability[HS86].

The gradient of G with respect to weights is .

oG

8wm~

1 _
= —=lpf; i) (2.42)

where p:j can be explained as the probability, averaged over all the environmental
inputs and measured at equilibrium that the i;, and j;, units are both on when the net-
work is being driven by the environment, and p; ; the corresponding probability when the
network is running freely. Then using gradient descent, weights are changed proportional

to the difference between p;’rj and Pij

Aw; j = e(p;; — p; ;) (2.43)

In minimizing G, the network is finding the set of weights that is most likely to have
generated the set of environmental vectors.

Drawbacks of BM The nature of BM makes it very hard to train well. Collect equi-
librium statistics grows exponentially with the machine’s size, and with the magnitude of
the connection strengths. Another problem is that connection strengths are more plastic
when the units being connected have activation probabilities intermediate between zero
and one, leading to a so-called 'variance trap’. The net effect is that noise causes the
connection strengths to random walk until the activities saturate [BM]. If the connec-
tivity is constrained, the learning can be made efficient enough to be useful for practical
problems.

13
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2.1.5.7 Restricted Boltzmann Machine(RBM)

Although learning is impractical in general Boltzmann machines, it can be made quite
efficient in an architecture called the ”Restricted Boltzmann Machine(RBM)” [Smo86,
FH94], which does not allow intra-layer connections between hidden units. RBM is the
most commonly used structure of deep learning. It is a bipartite graph with two layers:
visible layer and hidden layer. Layers are connected with undirected weights. Each layer
consists of stochastic binary units. Each state of RBM has an energy function, using
stochastic binary states of visible units v and binary states of hidden units A, the energy
of this state is defined as

E(U, h) = — Z I/Vi,jvihj — szbz — Z hjCj (244)
i,7 i J

where b and ¢ are biases in visible and hidden layers.

The probability of a joint configuration over both visible and hidden units depends
on the energy of that joint configuration compared with the energy of all other joint
configurations

e—E(v,h)
Zu g e*E(u,g)

Due to the constrain that there is no connection within the same layer, the posterior

p(v, h) = (2.45)

probability of hidden states given visible states are conditionally independent.

pv; = 1h) = o> Wi;h; +b;) (2.46)

p(h; = 1|v) = U(Z Wi v + ¢;) (2.47)

where o is the sigmoid function(o(z) = 1/(1 + e~%)), thus we can quickly get an
unbiased sample from the posterior distribution when given a data vector. Commonly,
it uses contrastive divergence(CD)[CPHO05, Hin02] to learn RBM. CD aims to minimize
the difference of two K-L divergences:

KL |py) — KL(pj|py) (2.48)

where PY is the distribution of data and P;* is the equilibrium distribution defined
by the model[Hin02].

14
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2.1.5.8 Deep Belief Nets

RBMs can be stacked into multi-layers to get a deep network which can capture higher
order correlations between the visible units [HOT06, HS06, TEW08]. The training algo-
rithm of the deep network consists of pre-training and fine-tuning phases. More specif-
ically, in pre-training phase, after training one RBM model, we can use their hidden
activities as visible data for higher layer RBM model, thus can learn a second layer fea-
ture. It can be shown that adding an extra layer always improves a lower bound on
the log probability that the model assigns to the training data, provided the number of
feature detectors per layer does not decrease and their weights are initialized correctly
[HOTO6]. In fine-tuning phase, we make all the unit deterministic. Parameters from pre-
training are retrained and adjusted in a small area though preforming gradient descent
on them using back-propagation.

2.1.5.9 Deep Boltzmann Machine

General Boltzmann Restricted Boltzmann
Machine Machine

Figure 2.1: This is a picture of BM and DBM from [SH09a|.Left is a general Boltz-
mann machine. The top layer represents a vector of stochastic binary hidden features
and the bottom layer represents a vector of stochastic binary visible variables. Right
is a restricted Boltzmann machine with no hidden-to-hidden and no visible-to-visible
connections.

[SH09a, SH10] introduced a Deep Boltzmann Machine(DBM). Unlike Deep Belief
Net, DBM have undirected weights between adjacent layers. It is interesting for several
reasons [SH10]. First, like DBNs, DBM has the ability to learn internal representations
that capture every complex statical structure in the higher layers. This is a promising way
of solving object and speech recognition problems [Ben09a, rMDH, rMDH12]. Second,
like DBNs, if DBMs are learned in the right way, there is a very fast way to initialize

15



CHAPTER 2. LITERATURE SURVEY OF DEEP LEARNING AND LEARNING TO HASH

the states of the units in all layers by simple doing a single bottom up pass using twice
the weights to compensate for the initial lack of top-down feedback. Third, unlike DBNs
and unlike many other models with deep architectures [HIBL0O7, VLBMO08, SOP], the
approximate inference procedure, after the initial bottom up pass, can incorporate top
down feedback, allowing DBM to use higher level knowledge to resolve uncertainty about
the intermediate level features.

2.1.5.10 Auto-Encoder

The aim of an auto-encoder[BLP*07, BK, VLBMOS] is to learn a compressed representa-
tion (encoding) for a set of data. This means it can be used for dimensionality reduction.
Basically, an auto-encoder consists of one input layer, one output layer and one or some
hidden layers. From the input layer to the middle hidden layer is the encoding proce-
dure, from the middle layer to the output layer is the decoding procedure. Its objective
function is to minimize the reconstruction error of the input data. Generally, there are
two types of objective functions that are used, either minimize the square error between
input and output or minimize the cross entropy between them.

(e]0)

42h

©0000) Clolelele) lelelele)
Figure 2.2: T}Iis is a picture of DA andx SDA from [VLBMOS]. A‘fter training a first

level denoising autoencoder(left), its learnt encoding function fj is used on clean input
(left). The resulting representation is used to train a second level denosing autoencoder

e

(middle) to learn a second level encoding function f(,(Z) . From there, the procedure can
be repeated (right).

Denosing Auto-encoder(DA) The idea behind DA is simple, in order to force the
hidden layers to find some useful features instead of being the same of the inputs, we
input to the DA an corrupted version and force it to recover the original clean data. A
simple denosing auto-encoder training criterion is equivalent to matching the score (with
respect to the data) of a specific energy based model to that of a non-parametric Parzen
density estimator of the data [Vinll].
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Stacked Denosing Autoencoder(SDA) The Stacked Denoising Auto-encoder (SDA)
is an extension of the stacked auto-encoder [Bengio07] and it was introduced in [Vin-
cent08|. The basic training algorithm is like training a DBN, first greedy layer-wise
pre-training, followed by fine-tuning the network. But there is something different, each
time we stacked one layer DA, we use the representation of un-corrupted version of the
data as input to a higher layer instead of using the representation of corrupted ones.

2.1.6 Applications of Deep Learning

At 2006, Hinton’s group[HOTO06] lighted the first fire on the grassland of deep Learn-
ing, the whole world went into an revolution. Deep learning got its development as
quick as thunder. Researchers applied Deep Learning to various fields, including sparse
feature learning [Hin07, RBLO7, LEN0S, PCL06, AWG10, LBRN07, SKC*11, HIBLO07,
HIBL07, LGRN09, GCB12, VLBMO08, SAL12, HSK*12, MH10], Nature Language Pro-
cessing (NLP) [MH08, CW08, SMH11, MT12], topic model [DAL12, SH], transfer learn-
ing [MD10, DB11, CXWS12, MDG'12], metric learning [BSJ11], kernel learning [SHO7,
YXG]. speech recognition [fMDH12, HDY*12], data compression [HS06]. audio detec-
tion and generation [BLBPVtM, MPLB11, BMEMI10]. At the same time, some authors
showed new ideas of how to improve deep models and gave variety of new training algo-

rithms [PHO1, HS83, NCKN11, RSMH11].

2.1.6.1 Sparse Model and Feature Learning

The first sparse RBM is proposed by [LENO08|. The reason that bring sparseness into
RBM is that RBM tends to learn distributed, non-sparse representations, based on the re-
sults from sparse coding [HH02, LBRNO07], ICA [BS97| and energy based models [PCLO06].
Sparseness plays a key role in learning gabor-like filters. The basic idea of training a sparse
RBM is to force the hidden unit activations to be sparse. Basically, there are two ways to
do this. The first way is to add some regularization term. [LENO8] adds a regularization
term that penalizes a deviation of the expected activation of the hidden units from a fixed
level that is provided by ourself, it uses a square error loss. Hinton provides another cross
entropy loss on spareness plogg; + (1 — p)log (1 — ¢;), where ¢; is the mean activation
in hidden layer and p is the sparseness we specify [Hinl10]. The second way is to change
the formulation of RBM, like Cardinality-RBM [STS*12], Boltzmann Perceptron|[Kap95]
. [STS*12] provides another formulation of sparse RBM. Instead of using the regulation
term in the object function, it forms the sparseness into the formulation of RBM. The
formulation of CRBM is defined as

Hp,
1
P(v,h) = Eexp(vTWh + P+ hby) x () hy) (2.49)

J=1
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where 1, is a potential given by ¥, (c) = 1 if ¢ < k and 0 otherwise. This conditional
distribution P(h|v) assigns a non-zero probability mass to a vector h only if h < k.
[Kap95] is a similar model to CRBM, which also introduces a term in the energy function
to promote competition between units. Another similar work is RBF [LBT10] which uses
k groups of multinomial hidden units. Honglak Lee’s group provides an efficient sparse
coding algorithm [LBRNO7] which can also be well suited for deep learning tasks.

When the basic RBM is got, deep architecture can also be built to extract useful
representation. Hinton stacked the RBMs to form a DBN that can be used as a generative
model as well as a discriminative model [HOT06, Hin07] which can be used to learn
multiple layers of representation. [RBL07] introduces a Sparse Encoding Symmetric
Machine(SESM) that has a set of linear filters in both encoder and decoder to learn
sparse features in DBN.

Besides DBN, other deep models can also be used to extract features and learn useful
representation. In order to deal with full-sized, high dimensional images, [LGRN09] use
Convolution DBN which is translation-invariant. It uses probabilistic max-pooling to
shrinks the representations of higher layers and allows higher layer units to cover larger
areas of input, it benefits from the fact that certain convolutional pooling architectures
can be inherently frequency select and translation invariant[SKC*11].

[VLBMOS8] uses de-nosing auto-encoders to extract and compose robust features.
[HIBLO7] is also based on encoder-decoder paradigm to build sparse, shift-invariant fea-
tures. [HIBLO7] combines sparse coding and feature learning, it uses topographically-
organized feature map to extract locally invariant image descriptors for image recogni-
tion. [PCLO6] is another approach to learn sparse, over-complete features using encoder-

decoder paradigm.

Other Variants and Improvements CD [Hin02, CPHO05| is the first efficient and
quick learning algorithm to train RBM. When estimating the negative gradient of the
log likelihood, it is designed for at least the direction of the gradient estimate is accurate,
even when the size is not. Later, [Tie08, TH09] introduces Persistent CD(PCD) that uses
a persistent Markov chain to estimate the model’s estimation. In order to improve the
stochastic gradient descent(SGD) that used to train deep models, [LNCT11] introduces
Limit memory BFGS(L-BFGS) and conjugate gradient(CG) that can simplify and speed
up the pre-training step of deep learning.

Another direction that speeds up deep learning and makes it scalable is to use parallel
technology like GPU or distributed computing [RMNO09], those kinds of technology make
large scale deep learning practical[LRM*12].
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2.1.6.2 Improvements of Deep Models

Besides the Convolution RBM, Cardinality RBM, DBN, DBM, SDA, there are also some
other models. Helmholtz Machine [DHNZ95] is an old model used to describe a class of
neural networks which learn the hidden structure to create a generative model. [TSH12]
provides a deep lambertian network that combine DBN with Lambertian reflectances.
[RSMH11] combined DBN with gated Markov Random Field(MRF'). Gaussian RBM can
be used to model real value pixels and was introduces by [Hin10, Kri09]. Instead of using
Gaussian RBM in the first layer of DBN to model real values, [RSMH11] uses a gated
MRF called mPot [RMH10] to model continues pixel values since it is capable of gen-
erating more realistic high-resolution images. [NH09] uses a third-order Boltzmann ma-
chine [Sej86] for top-level DBN and uses it for 3D object recognition. [SH] uses replicated
softmax layer in the bottle to model word count vectors. [STT11] provides Hierarchical-
Deep models that integrates deep learning models with structured hierarchical Bayesian
models with can learn novel concepts from very few training examples. [WRZHO04] intro-
duces exponential family harmoniums and use them for IR. [HSK™12] introduces the trick
of 'dropout’ to prevent complex co-adaptation on training data and give big improve-
ments when the neural network is trained on small training set. Temporal RBM [SHT08]
is an extension of RBM in temporal domain and is used to model high dimensional se-
quences. [SH12] introduces a better way to train DBM. [LEV09] extends the denosing
auto-encoder by adding asymmetric lateral connections between hidden units and shows
significantly improvement on the classification performance. To model the partition func-
tion of RBM is always a hard problem, [SMO8] shows that AIS [Nea98] can be used to
efficiently estimate the partition function of an RBM, later [SH] extends AIS to estimate
the partition function of Replicated Softmax Model.

Another survey that explores some training algorithms and explores different RBM
input distributions can be found at [LBLLO09]

2.1.6.3 Training Algorithms

In this section, I would like to introduce some classic training algorithms that are used
in deep learning.

Wake-Sleep Algorithm [HDFN95] introduces a wake-sleep algorithm. In the wake
sleep algorithm, the goal is to learn representations that are economical to describe but
allow the input to be reconstructed accurately. There are two phases, 'wake’ phase and
‘sleep” phase. In wake phase, neurons are driven by bottom up recognition connections
and generative connections are adapted to increase the probability that they could re-
construct the correct activity vector in the layer below. In the sleep phase, recognition
weights are adapted to increase the probability that they produce the correct activity
vector in the layer above. Wake-Sleep algorithm uses the local delta rule to changes
weights.
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Contrastive Divergence(CD) CD was first proposed by Hinton [Hin02] as a fast
training algorithm minimize the difference of two K-L divergences [CPHO05, Hin02, BD09].
There are a lot advantages of combine n individual expert models to form a Product of
Experts. Combine n individual expert model as follows:

I fon (d]Om)
e i fin (€] )

fm(d|0,,) is the probability of d under model m. 6, is all the parameters of model m.

So if we want to maximize the log likelihood of each observed data vector d, we must
calculate the derivative of it:

dlog P(d|6y, 05, ...0,,) alogfm d|0 ZP o O )8logfm(c|0m)

a0, a6, (2.51)

Be informed that this equation is the same of equation 2.39.

According to Hinton [Hin02], maximize the log likelihood, can use Gibbs sampling
that can alternate between parallel updates of the hidden and visible variable. To get an
unbiased estimate of the gradient, it is necessary for the Markov chain to converge to the
equilibrium distribution. Here, problems come, first of all, it is computationally infeasible
to approach the equilibrium distribution before taking samples, second, samples from the
equilibrium distribution generally have high variance[Hin02].

Maximizing the log likelihood of the data(averaged over the data distribution) is
equivalent to minimizing the K-L divergence between the data distribution P° and the
equilibrium distribution over the visible variable P> that is produced by prolonged Gibbs
sampling.

L(P°||P°) = ZPO lgPOO ZPO ) log P°(d) ZPO ) log P5°(d)

—H(PO)— < log P§° > po

(2.52)
Equation 2.51, averaged over the data distribution, is :
alogP(d|01>02>0n) alog fm(d|0m) alog fm(c|0m)
< 20, >po =< T >po — < Ep(c\el,t%, GH)T
__ 0log fin(d|0m) 01og fr(d|0mm)
_<T>PO_<T>POO
(2.53)

There is a simple and effective alternative to maximum likelihood learning that elim-
inate almost all of the computation required to get samples from the equilibrium distri-
bution and also eliminates much of the variance. According to Hinton [Hin02], instead
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of minimizing P°||P*°, we minimize the difference between P°||P> and P'||P>, where
P! is the distribution over one step reconstruction of the data vectors generated by one
full step Gibbs sampling.

Through doing this, we reduce the tendency of the chain to wander away from the
initial distribution on the first step. Since Markov chains have nonzero probability in all
transitions, P° = P} implies that P’ = Pg°. If the distribution does not change on the
first step, it must already be at equilibrium.

For mathematical explanation:

O(P°||Pg° — PY|Py°)  O(=H(P°)— <log Pg° >po +H(Py)+ < log Pg° >py)

- 90, - 90,

O(< log Py° >po — < log Pg® >p1 —H(Fy))
90,

(2.54)

Then according to equation 2.53, we get:

PN~ PYIPE) __ Ologfu(dlfn) __ Dlogfu(d) _OH(E})

90, N 90, 7 90, B0,
(2.55)
And
OH(P)) 0P} —H(P)) 0P} —H(Pj)— <logP® >p 0P} 9(P}||P)
- 99, 9, 0P} 96, dP} ~ 06, 9P}
(2.56)
So we get:
_oP| B = PHIE) _ Olog fuldlf) - Olog fuldlbw) - OF) O(Fy|IF®)
9, a B P B 500, 0P}
(2.57)

As shown in [Hin02]. Hinton also proves that the last term of equation 2.57 can be
omitted because it is small and seldom opposes the resultant of the other two terms.
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2.2 Learning to Hash Survey

In this section, I will introduces the latest hashing algorithms in the field of learning to
hash.

2.2.1 Nearest Neighbor Search

Nearest Neighbor Search(NNS) is an optimization problem for finding closest points in
metric spaces. It is defined as this: given a collection of n points, build a structure which,
given any query point, reports the data point that is closest to the query [AI08].

Nearest neighbour search problem is an import problem in a variety of applications,
including data mining [FPSSU96], pattern recognition and classification [CH06], ma-
chine learning [CS93], data compression [GG91], multimedia search [FSNT95], document
retrieval [SHO9b].

Methods for fast nearest neighbor retrieval are generally broken down into two branches.
One group partitions the data space recursively, like R-tree [MNPTO05], K-D tree [Ben75],
M-tree [CPZ97]. When the dimensionality is high, 'Curse of Dimensionality’ will degrade
these algorithms to linear time algorithms in the worst case. Another group is hashing
based methods, which maps the data into a low dimensional Hamming space and do fast
retrieval in that space [GKVL12, GIM99, Leel2, ZWS11, XWL*11].

Later, in order to overcome the running time issues, some approximation methods
are proposed [AMN198, IM98, HAYSZ11]. The basic idea of approximation is that the
algorithm is allowed to return a point whose distance is within some extend to the real
answer, because sometimes, an approximate point is almost as good as the exact one.

2.2.2 Hashing Methods

In this section, I mainly introduce some existing important hashing methods that are
widely used.

2.2.2.1 Locality Sensitive Hashing(LSH)

Locality Sensitive Hashing(LSH) [IM98] is an algorithm for solving nearest neighbor
search problem in high dimensional space. It can solve approximate NNS and exact
NNS problem and has theoretical guarantee for sub-linear search time. The basic idea
behind LSH is that, for each search, the probability of collision is much higher for ob-
jects that are close to each other than for those that are far apart [AI08]. The LSH
algorithm has been applied to a variety of areas, such as web clustering [HGI00], com-
putational biology [?]. LSH has also been extended to various metric measures, such as
[y norm [LLR95], I, norm [DIIM04], kernelized version [KG09], learned metrics [JKGOS§],
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arccos similarity [Cha02], Jaccard similarity [Bro97], image kernels [Gra07]. See [IM9S]
for more theoretical analysis of LSH.

But LSH will need a large code length to get good performance, which is very ineffi-
cient.

2.2.2.2 RBM and Semantic Hashing(SemanH)

Rather than using random projection to define bits, [TFWO08] uses an auto-encoder to
form the hash codes. It stacked some RBMs to form a deep structure and use NCA
for back propagation in order to preserve the neighbour structure in the data. It solves
the problem of both storing millions of images into memory and quickly finding similar
images to a target image. In [TFWO08], RBMs are shown to have better performances
than both LSH and Boosting SSC.

The basic idea of Semantic Hashing[SH09b] is that each item is represented as com-
pact binary codes so that similar items will have similar binary codewords in memory.
Retrieval similar neighbours is done by find all items that are within a small Hamming
distance. It produces a short-list of similar documents in a time that is independent of
the size of the document collection and linear in the size of the short-list. It uses a condi-
tional 'constrained’ Possion distribution to model documents and Bernoulli distribution
to model the hidden topics. The result of Semantic Hashing on document retrieval is much
better than some tradition methods like LSH, Latent Semantic Analysis(LSA) [DDF*90].

Both [TEFWO08] and [SH09b] use deep learning techniques to do hashing . They are
new approaches in the application of deep learning. But one big problem is that the
training time is intolerable, this is the common problem of deep learning methods. To
train a model well, one need to have good search in the parameter spaces and tune
millions of parameters. It needs a large training time and training samples.

2.2.2.3 Spectral Hashing(SH)

In [WTFO08], the author first proposed the question of "What makes a good code for
hashing’. The code should be: First, easily computed for ’out of sample’ extension.
Second, requires a small number of bits to code full dataset. Third, Maps similar items
to similar codewords.

The formulation of SH is as follows,

minimize : Z Wil — yjl|° (2.58)
0]
subject to : y; € {—1,+1}* (2.59)
> u=0
! =7 (2.61)
n YylYi = :
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Where W, ; is the affinity matrix between original points. y; and y; are code words.
The constraint ) . y; = 0 requires each bit to fire 50% of the time, and the constraint
% > yyyi = I requires the bits to be uncorrelated. After spectral relaxation, the problem
can be solved by solving an eigenvector-eigenvalue problem. For out of sample exten-
sion of new coming data, the author assumes some distribution of data, e,g uniform
distribution, which is one of the biggest drawbacks of this method.

Results [WFT12] show that SH does a very bad job of approximating the distance to
far away points and collapses all of them to a similar distance. Another big drawback of
SH is that it often performs well when the length of codewords is short. But later, the
same authors of SH gave a complementary of SH, known as MDSH.

2.2.2.4 Multidimensional Spectral Hashing (MDSH)

In [WFT12], the authors proposed a new learning to hash framework. They found that
performances of existing learning to hash methods can change drastically depending on
the definition of ground-truth neighbors. So they propose a new formulation for learning
binary codes which seeks to reconstruct the affinity between datapoints rather than their
distances. The solution is similar to SH at some extend, but different. First, it tries
to approximate original affinity using code words, and also has theoretical guarantee
of convergence with the increasing length of code works, which is a complementary of
SH, since SH general performs bad with the code words increase [RL09]. Second, the
independence of bits are implicitly required. Third, mapping from a datapoint to its
code is not restricted to any particular functional form, instead, best codes are got by

binary matrix factorization of the affinity matrix.

2.2.2.5 Shift Invariant Kernel Hashing(SIKH)

SIKH [RL09] is another distribution-free encoding scheme based on random projections
that the expected Hamming distance between the binary codes of two vectors is related
to a shift-invariant kernel between the vectors. Although based on random projection,
the embedding is highly non-linear.

2.2.2.6 Density Sensitive Hashing(DSH)

DSH [LCL12] is another extension of LSH. Instead of using random projection, DSH
guides the projection. First, it uses k-means to roughly partition the data set into k
groups, then for each pair of adjacent groups, DSH generates one projection vector which
can well split the two corresponding groups. Finally, DSH selects the final projections
based on an entropy based principle.
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2.2.2.7 Graph Hashing(GH)

Graph hashing [LWKC11] is based on Spectral Hashing. Instead of assuming a separate
data distribution like SH, GH solves it using anchor graphs. The basic idea of GH is
to use the m anchors to approximate the true adjacency matrix in the formulation of
SH. The original SH problem is converted to solving the graph Laplacian eigenvectors.
For out of sample extension, the author uses Nystrom method [WS01, BDLR04]. In
hashing procedure, the author uses a hierarchical way.

2.2.2.8 Minimal Loss Hashing(MLH)

In order to learn w, MLH [NF11] tries to minimize the empirical loss over training pairs.

L(w) =Y L(b(x;, w),b(z;, w), s,) (2.62)

ijes

As to the loss function, the author simple chooses a hinge loss function. MLH is solved
using Structural SVM [YJ09, JFY09], since it benefits from the convex and concave
bound.

2.2.2.9 Iterative Quantization Hashing(ITQ)

The basic formulation of ITQ [GL11] is the same with [WTF08, WKC10a]. The dif-
ference is that it adds another binary quantization procedure. It tries to minimize the
quantization error of mapping data to the vertices of the binary hypercubes through
orthogonally transformation.

ITQ can be implemented as unsupervised method if we use PCA as embedding
method. It tries to learn an orthogonal rotation matrix to refine the initial projec-
tion matrix learned by PCA so that the quantization error of mapping the data to the
vertices of binary hypercubes is minimized.

ITQ can also be implemented as supervised method if we provide label information

and use CCA [HSSSt07] as embedding method.

2.2.2.10 Binary Re-constructive Embedding(BRE)

BRE [KD] uses a loss function that penalizes the difference between Euclidean distance
in the input space and the Hamming distance between binary codes. Instead of using
standard random projection like LSH, BRE uses a kernel form to generate a sequence of

hash functions that are dependent on one another.
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2.2.2.11 Isotropic Hashing(IsoH)

Isotropic Hashing [KL12] is another extension of ITQ. PCA based hashing [GL11] adopts
principle component analysis (PCA) to learn the projection functions. ITQ [GL11] tries
to learn an orthogonal rotation matrix to refine the initial projection matrix learned
by PCA so that the quantization error of mapping the data to the vertices of binary
hypercubes is minimized. Isotropic Hashing try to learn a projection function that can
produce projected dimensions with equal variance. There are another big difference
compared with ITQ. ITQ quantizes the PCA results, then learns the orthogonal matrix
based on the first step. Basically, it contains two separate steps, thus its goal can not be
formulated by a single objective function. While, Isotropic Hashing, directly learns the
orthogonal matrix from the eigenvalues and eigenvectors of PCA, it has a single objective
function to minimize, which makes the whole learning procedure more smooth.

2.2.2.12 Kernelized LSH(KLSH)

KLSH [KG09] is the extension of LSH with kernel functions. It makes LSH and its
variants search data with a number of powerful kernels, including many kernels designed
specifically for image comparisons [Var07, ZBMMO06, ZMLS07],as well as some well used
functions like Gaussian RBF kernel.

2.2.2.13 Self-Taught Hashing(STH)

STH [ZWCL10] is another extension of SH with two tiny different tips. First, convert
global affinity matrix in SH to a local similarity matrix. Second, in order to solve the
‘out of sample extension’, STH uses codes got from the training procedure as labels and
treat the coding procedure as binary classification. STH is used at [ZWCL10] for text

retrieval.

2.2.2.14 Semi-Supervised Hashing(SSH)

The formulation of SSH [WKC12] is easy to understand. Given some neighbor point pairs
M and non-neighbor point pairs C, the objective function is to maximize the difference
between correctly classified pairs and wrongly classified pairs by each bit:

(mlva)EM (IZ,JBJ)GC

For hy(z;), they just use the simplest form hy(z;) = sgn(wiz; + by).
After some optimization, the problem is converted to an eigenvalue problem.
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2.2.2.15 Semi-Supervised Sequential Projection Learning to Hash(S3PLH)

S3PLH[WKC10b] is an improvement version of SSH. Following the formulation of SSH,
the problem is converted to an eigenvalue problem. But the solution of SSH is sensitive to
the choice of the penalty coefficient. [WKC10b] proposes a sequential projection learning
method. The hash function is learned iteratively such that at each iteration, pairwise
label matrix is updated such that more weights is given to the point pairs that violates
the previous hash function.
This method can also be implemented in an unsupervised way, named USPLH [WKC10b].

To get the similarity pairs and non similarity pairs, the author creates pseudo pairwise
labels in order to prevent that short distance point pairs between threshold are given
different bits and long distance point pairs in one side of threshold are given the same
bits.

2.2.2.16 Kernel-Based Supervised Hashing(KSH)

KSH [LWJ*12] is another extension of SSH, it uses a kernel formulation to map data
in compact binary codes whose Hamming distances are minimized on similar pairs and
simultaneously maximized on dissimilar pairs. The difference is that it uses a kernel form
and plays a trick on manipulate the binary coeds.

Previous supervised methods like MLH [NF11] and BRE [KD] try to control the Ham-
ming distances in the code space such that they can meet the supervised information. But
it is difficult to optimize Hamming distance that are non-convex and non-smooth. While,
KSH manipulates the code inner products, implicitly optimize in Hamming distance.

2.3 Search In Hamming Space

Basically, after we map the data into Hamming spaces, there are two ways to retrieve at
Hamming space. (i)Hamming ranking - all the points in the database are ranked accord-
ing to their Hamming distance from the query and the desired neighbors are returned
from the top of the ranked list. (ii) Hash lookup - a lookup table is constructed using the
database codes, and all the points in the buckets that fall within a small Hamming radius
of the query are returned. The complexity of Hamming ranking is linear and constant
time for hash lookup tables.

If hash lookup tables is well built, it will yield a dramatic increase in search speed
compared to an exhaustive linear scan in Hamming space. To find near neighbors, one
need to check all hash buckets within some hamming ball round the query. Here comes
the question, the number of hash buckets grows near-exponentially [NPF12] with the
search radius. Even with a small search radius, the number of buckets to examine may
be larger than the number of items in the database, hence slower than linear scan.
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2.3.0.17 Multi Index Hashing (MIH)

MIH [NPF12] is an approach for fast exact K-nearest neighbor search in Hamming space.
The key idea of MIH is quite simple. Consider a binary string a and b, both has [ bits.
Partition them into m disjoint sub-strings, if a and b differ by ¢ bits, then at least one of
their m sub-strings must differ by at most |¢/m| bits. That means instead of comparing
at [ bits, we can search at [[/m] bits at a Hamming radius |¢/m]. The method is clever
and ingenious.

2.3.0.18 Manhattan Hashing(MH)

Current hashing work is typically divided into two parts. First, projection, second,
quantization. Most of the work uses single bit quantization. GH uses a hierarchical way
to form multi bits quantization. Manhattan Hashing [KLG12] is another approach. It
encodes each projected dimensional with multiple bits of natural binary code(NBC) and
then Manhattan distance between points are calculated. [KLG12] shows some advantages
of using Manhattan distances for such kinds of work. While, how to do quantization and
how to do retrieval are still open problems and have a long way to go.

2.3.0.19 Other methods

There are some other hashing methods, such as Parameter Sensitive Hashing [SVDO03],
Coherency Sensitive Hashing[KKA11], Entropy-Based Hashing(SPEC) [LRY10], for those
interested, please refer to the references.

2.4 Conclusion

I attached conclusion tables (figure 2.3 to figure 2.5) about hashing algorithms.
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Methods | Super- | Semi- Un- Linear Non- Entropy | Kernel

vised Supervised | Super- | Projection | linear based method
vised Projection

LSH V \

SH y N

SIKH \ N V

BRE \ v v

USPLH N \ N

BoostSSC | v

RBMs V \

SPEC v y +

S3PLH |+ \ \

MLH \ \

SSH \ \ N

ITQ N \ d

KLSH v 3 V

DSH N v N

RR N \

IsoHash y v

MDSH \ 3

GH N \

STH N \

SemanH |V y

KSH \ V N

Figure 2.3: classification based on supervised method and projection method. USPLH
from [WKC10b], SPEC from [LRY10], RR from [GL11]

Methods Random projection Data dependent
projection

LSH N
SH x/
SIKH N
BRE
USPLH
PSH
RBMs N
SPEC
S3PLH
MLH

2 |2 |2

2|2 |2 |2 |2

ITQ
KLSH B
DSH

IsoHash
MDSH

2l |2l |22

STH
SemanH N
KSH N

Figure 2.4: Data independent projection or data dependent projection
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Methods Hash function Object function
LSH sgn(wix + by)
w from p stable
SH . T km Minimize Zi,j Wl,]”yl —y]”Z
sgn(sm(z * b — ax)) With constrains
SIKH sgn(cos(kw * x))
w is random chosen
BRE s . 1 LTy
hy(x) = sign(z Wp,qk(xp,q, %)) mm(lbre(mi.i - di,j) = (Emi,i - Edi,j) )
q=1
USPLH sgn(wix + by) max %tr{WTMW}
by = mean thresholding M = X,SXT + uxX"
BoostSSC hy(x) =efx; > T, LS
min " wi (. — fulek, 1)
k=1
fn(xik'xjk) = an[(e;xi > Tn) = (erij > Tn)] + .Bn
RBMs Neural Network NCA
SPEC minLy = J; — Jp—1
Jr is cross entropy
S3PLH sgn(wix + by) max %tr{WTMW}
b, = mean thresholding M = X,SXT + uXX"
MLH b(x,w) = thr(Wx) Minimize
L(w) = Z(i,;)ssl(b(xi: w),b(xj,w),si_j) lis
hinge loss
SSH sgn(wix + by) max Zer{WTMW} - L wTw — 12
by = mean thresholding M = X,SXT + ux X"
ITQ sgn(wlx) Min quantization error
for zero centered data Q(B,R) = ||B — VR||?
KLSH g
h(@(x) = Siyn(z w(Dk(x, x;))
i
DSH sgn(wlx + by) Maximize the entropy provided by each bit
RR sgn(wix)
for zero centered data
IsoHash sgn(wix + by) Make the variances for different PCA
dimensions are isotropic
MDSH max (Y,A) = argmin||W — YAYT||2
with constrains
GH sgn(wix + by) Minimize% i Aujlly: — yil1?
With constrains
T !
STH sgn(wy x + by) Minimize 3 X; ; Wy jllyi — yill?
With constrains
SemanH Neural Network Auto-encoder
KSH el Minimize Q(4) =
h(D(x)) = sign(z w()k(x, x;)) 1 T
l. ‘ Il —sgn(KA)(sgn(KA))" - S|I}

Figure 2.5: Project functglgn and objective function




Chapter 3

Comparison of Hashing Algorithms

In this chapter, I will show comparison experiment on various hashing algorithms. I
focus on Euclidean search on various datasets. 13 widely used hashing methods have
been chosen for the experiments. For Euclidean search, we define (¢2,@n%): top n%
nearest neighbors of the query instance retrieved using the exact Euclidean distance
on the target view will be treated as the ground truth relevant images in the retrieval

task [WTF08, TEWO0S].

3.1 Parameters

In all the training data, I randomly split 20% of the training data as validation data.
All parameters are choose by cross validation. For MLH, we use the original parameter
choosing method with hinge loss. For ITQ, number of iteration is chosen from [10, 50, 100]
and use PCA for embedding. For USPLH, 7 is chosen from [0.125 : 0.125 : 1], number
of pseudo labels is from [ntraining/8 : 200 : ntraining/4]. For BRE, hash size is chosen
from [50, 100], number of data to form kernel is chosen from [200,400]. For isoHash,
PCA dimension is 150( using 100 for notredame dataset since its dimension is 128).
LP method is chosen in isoHash. number of iteration is chosen from [10,30,50]. For
MDSH, o is chosen from [0.1,1,10], € is chosen from [0, 1,0.5], outlier is from [10 : 3 :
20]. For GH, we use two layer structure. Number of anchor is 200, number of nearest
anchors is chosen from [2,5]. 0=0 as suggested by author. For SIKH, ~ is chosen from
[0.01,0.1, 1, 10, 100, 150, 200]. For KLSH, number of samples for kernel is chosen from
[100, 200, 300], number of Gaussian approximation is chosen from [10,50, 100], we use
RBF kernel. ¢ is chosen from [1,5, 10,50, 100]. For SH, o is chosen from [0.1, 1, 10].

We use cross validation to choose parameters that can generate the best MAP (which I
define in "Evaluation Criteria’ part ) value. All the experiment I report here are executed

three times and results are mean value.
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3.2 Evaluation Criteria

We show the precision and recall curve as in [WTF08, TFWO08], precision in a particular
hamming radius(we use 3). We also show the training time and compress time ( log based
). Another criteria we use is the MAP. MAP is defined as follows: average precision at
radius r is defined as the division of total number of retrieved good pairs to the total
number of retrieved pairs. MAP is defined as the average precision of all hamming
radius, from 1 to a max hamming radius we define, could be the length of the hash code,
could be the maximal hamming distance of all pairs. Here, we use the hashing code as
the maximal hamming radius to calculate. For example, if we calculate hashing code
equals to 16. Then this MAP is the mean of average precision from hamming radius 1
to hamming radius 16. We also calculated the area under precision and recall curve for
integrated dataset.

3.3 Small dataset

First, I try some small sample datasets. Small sample datasets contain 5000 samples from
Labelme, MNIST, Notredame, we name them Labelmebk, MNIST5k, Notredamebk. We
also generate 5000 random data from uniform distribution with dimensionality 512, which
we call it 'Random Data’. We use 4000 as training data and 1000 as queries. I did two
rolls in this section. First, I choose (£,@5%), then I choose (£2@10%). Through these two
different settings, we can compare different properties of those algorithms and see their
pros and cons using different measurement scales. For small dataset, we test number of

bits in 10, 20, 30, 40, 50, 60 bits.
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Table 3.1: MAP in Random generated dataset

Methods 10 20 30 40 50 60
LSH 0.09 £ 0.00 | 0.10 £0.00 | 0.10 £ 0.00 | 0.10 +0.00 | 0.10 £ 0.00 | 0.10 £ 0.00
SH 0.11 £ 0.01 0.20 £ 0.01 0.25 £+ 0.01 0.28 + 0.00 0.29 £ 0.00 0.29 + 0.00
ITQ 0.09 £ 0.00 | 0.09 £0.00 | 0.10 £0.00 | 0.10 £ 0.00 | 0.10 £ 0.00 | 0.10 £ 0.00
MLH 0.10 &£ 0.00 0.12 + 0.00 0.13 &£ 0.00 0.12 + 0.00 0.14 £ 0.00 0.13 £ 0.00
SIKH 0.11 £ 0.01 0.16 + 0.02 0.20 £ 0.01 0.23 + 0.03 0.25 £ 0.01 0.28 £ 0.01
KLSH 0.06 £ 0.00 | 0.06 £ 0.01 | 0.05 4 0.00 | 0.05+ 0.00 | 0.05+ 0.00 | 0.05 £ 0.00
USPLH | 0.09 £ 0.00 | 0.08 £ 0.00 | 0.08 £0.01 | 0.07 £0.01 | 0.06 & 0.00 | 0.06 = 0.00
DSH 0.10 4+ 0.00 0.11 + 0.01 0.11 + 0.01 0.11 + 0.01 0.11 £+ 0.01 0.12 + 0.00
RR 0.09 £ 0.00 | 0.10 £ 0.00 | 0.09 £ 0.00 | 0.11 +£0.01 | 0.10 £ 0.00 | 0.11 £ 0.00
BRE 0.09 £ 0.00 | 0.09 £ 0.00 | 0.10 £ 0.00 | 0.10 +0.00 | 0.10 £ 0.00 | 0.10 £ 0.00
isoHash 0.09 + 0.00 0.10 &£ 0.00 0.10 &£ 0.00 0.10 £ 0.01 0.11 + 0.00 0.11 £ 0.00
MDSH 0.15 + 0.00 | 0.17 £+ 0.00 0.18 + 0.00 0.18 + 0.00 0.16 + 0.00 0.17 £ 0.01
GH 0.15 £ 0.00 | 0.25 + 0.01 | 0.29 £ 0.01 | 0.32 + 0.01 | 0.35 £ 0.00 | 0.36 + 0.00
(a) MAP result of Random Dataset at (o@5%
Methods 10 20 30 40 50 60
LSH 0.17 = 0.00 | 0.18 £0.01 | 0.18 & 0.00 | 0.19 £ 0.01 0.20 £+ 0.01 0.20 4+ 0.00
SH 0.21 £0.02 | 0.31 £0.01 | 0.35 +£0.00 | 0.36 £ 0.00 | 0.36 & 0.00 | 0.36 &+ 0.00
ITQ 0.17 £ 0.00 | 0.18 £0.00 | 0.18 +£0.00 | 0.18 £ 0.00 | 0.18 &£ 0.00 | 0.18 4+ 0.00
MLH 0.18 + 0.00 | 0.21 £ 0.00 | 0.21 & 0.00 | 0.21 4+ 0.00 0.22 + 0.00 0.22 4+ 0.00
SIKH 0.17 £0.01 | 0.23 £0.02 | 0.31 = 0.01 | 0.32 & 0.01 0.34 £ 0.03 0.34 £ 0.03
KLSH 0.12 £ 0.01 | 0.13 £0.02 | 0.10 &£ 0.00 | 0.11 £ 0.01 0.10 £ 0.01 0.11 + 0.00
USPLH 0.16 £0.00 | 0.15 £ 0.00 | 0.14 = 0.00 | 0.13 £+ 0.01 0.12 + 0.00 0.12 + 0.01
DSH 0.18 £ 0.00 | 0.19 £0.01 | 0.20 £ 0.01 | 0.21 4+ 0.00 0.20 £ 0.01 0.20 £+ 0.01
RR 0.17 £ 0.00 | 0.18 £0.00 | 0.19 £ 0.00 | 0.19 £ 0.00 | 0.19 £ 0.01 | 0.19 & 0.00
BRE 0.17 £ 0.00 | 0.18 £0.00 | 0.18 +£0.00 | 0.19 £ 0.00 | 0.19 £ 0.00 | 0.19 4+ 0.00
isoHash | 0.17 £ 0.00 | 0.18 £ 0.00 | 0.18 £ 0.00 | 0.19 + 0.00 | 0.19 £ 0.00 | 0.20 £ 0.00
MDSH 0.25 £ 0.00 | 0.25 £ 0.00 | 0.27 £ 0.00 | 0.27 £ 0.00 | 0.26 & 0.01 | 0.26 + 0.01
GH 0.26 £+ 0.00 | 0.36 £+ 0.00 | 0.39 4+ 0.01 | 0.41 £+ 0.01 | 0.43 £+ 0.01 | 0.44 £+ 0.01

(b) MAP result of Random Dataset at £/2@10%

36




CHAPTER 3. COMPARISON OF HASHING ALGORITHMS

0.7 T T T T T T T T T 0.8 T T
——LSH ——LSH
——SH ——SH
0.6l : : ——ITQ | orr ——1TQ
MLH MLH
—— SIKH o6k —e— SIKH
05- KLSH H KLSH
—— USPLH —e— USPLH
g *s --- DSH o osr --- DSH |
5 04r --=-'RR 4 = -=-=-RR
c o --- BRE co --- BRE
25 isoHash 238 04 isoHasHh|
S o3 ~ --- MDSH{ g - - - MDSH
a s GH T osk
N
0.2F Tsg
0.2
01r : O e S S 01r
o , \ o , \ \ , , . , , \
0 0.1 0.2 03 0.4 0.5 0.6 0.7 08 0.9 1 0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1
Recall Recall
3.4.a: 10 bits 3.4.b: 10 bits
—e—LSH ——LSH
—— SH 4 —— SH 4
—— |TQ —— |TQ
MLH || MLH ||
—e— SIKH —=— SIKH
KLSH || KLSH ||
—e— USPLH —e— USPLH
S ---DSH | g --- DSH |
= ---RR = --- RR
o - -~ BRE c - -~ BRE
2! isoHash| 2 isoHash
9 --- MDSH K </ - - - MDSH
o GH a GH

0 L L L L L L L L L

0 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9 1 0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 09 1
Recall Recall
3.4.c: 20 bits 3.4.d: 20 bits
: : : :
—s—LSH —s—LSH
——5SH U ——5SH U
——ITQ ——ImQ
MLH MLH ||
—— SIKH —=—SIKH
KLSH || KLSH ||
—e— USPLH —e— USPLH
= ---DsH || g ---DSH ||
= -=-=-RR = -=-=-RR
c - - - BRE c --- BRE
28 isoHash 22 %~ AN isoHash|
3 - - - MDSH g v - - - MDSH
o GH [ GH
03-
0.2'-
0.1f
0 0 L L
0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 09 1 0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 09 1
Recall Recall
3.4.e: 30 bits 3.4.f: 30 bits

7
Figure 3.4: Labelmebk Data Precision ang Recall Curve, left column is ¢,@5%, right
column is ¢,@10%
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Table 3.2: MAP in Labelme 5k dataset

Methods 10 20 30 40 50 60

LSH 0.11 £0.01 | 0.21 £0.00 | 0.27 £0.01 | 0.31 £0.00 | 0.33 £0.01 | 0.35 £ 0.00
SH 0.05 £0.00 | 0.05 £ 0.00 | 0.06 £ 0.00 | 0.06 = 0.00 | 0.06 = 0.00 | 0.06 £ 0.00
1TQ 0.16 + 0.00 | 0.27 = 0.00 | 0.31 £+ 0.00 | 0.34 £+ 0.00 | 0.36 £+ 0.00 | 0.37 £ 0.00
MLH 0.14 £ 0.00 | 0.22 £0.00 | 0.27 £0.00 | 0.29 £0.01 | 0.32 £ 0.01 | 0.33 £ 0.00
SIKH 0.06 + 0.01 0.05 4+ 0.00 0.10 + 0.01 0.11 4+ 0.00 0.15 £+ 0.01 0.17 £+ 0.01
KLSH 0.06 4+ 0.00 0.06 4+ 0.00 0.12 + 0.01 0.19 + 0.01 0.23 + 0.00 0.25 + 0.01
USPLH | 0.13 £0.00 | 0.20 +0.02 | 0.25 £0.01 | 0.29 +0.01 | 0.32 £0.00 | 0.33 + 0.01
DSH 0.12 4+ 0.00 0.18 + 0.01 0.23 + 0.01 0.25 4+ 0.00 0.28 + 0.01 0.29 + 0.01
RR 0.11 £0.00 | 0.20 £0.01 | 0.27 £0.01 | 0.32+£0.00 | 0.34 £0.00 | 0.36 £ 0.00
BRE 0.14 £0.01 | 0.23 £0.00 | 0.27 +£0.00 | 0.30 £0.01 | 0.31 +£0.01 | 0.33 £ 0.01
isoHash 0.15 £ 0.01 | 0.26 £ 0.01 | 0.31 + 0.00 | 0.33 £ 0.00 0.35 £ 0.01 0.36 + 0.00
MDSH 0.09 + 0.00 0.16 + 0.01 0.21 £ 0.01 0.24 £ 0.01 0.28 £ 0.01 0.30 £ 0.01
GH 0.14 £0.00 | 0.18 £0.00 | 0.24 £0.01 | 0.28 £0.00 | 0.30 £ 0.01 | 0.31 £ 0.00

(a) MAP result of Labelmebk Dataset at £2@5%

Methods 10 20 30 40 50 60

LSH 0.19 +£0.01 | 0.30 £0.01 | 0.36 £ 0.01 | 0.39 £0.00 | 0.41 +0.01 | 0.43 £ 0.00
SH 0.10 4+ 0.00 0.10 4+ 0.00 0.11 4+ 0.00 0.11 4+ 0.00 0.11 + 0.00 0.11 + 0.00
1TQ 0.27 £ 0.00 | 0.36 = 0.00 | 0.40 £+ 0.00 | 0.42 + 0.00 | 0.43 £+ 0.00 | 0.44 + 0.00
MLH 0.24 £ 0.01 0.33 = 0.00 0.37 £ 0.00 0.39 + 0.00 0.41 £ 0.00 0.42 £ 0.01
SIKH 0.12 + 0.01 0.13 £ 0.02 0.12 + 0.01 0.20 £ 0.04 0.19 £ 0.00 0.20 £ 0.01
KLSH 0.12 + 0.00 0.14 £ 0.00 0.19 + 0.01 0.23 £+ 0.01 0.27 £ 0.00 0.30 £ 0.01
USPLH | 0.23 £0.01 | 0.29 £0.02 | 0.33 £0.01 | 0.37 £0.01 | 0.39 £0.00 | 0.39 £ 0.01
DSH 0.21 £0.01 | 0.28 £0.01 | 0.32 +0.02 | 0.36 £ 0.00 | 0.37 + 0.01 | 0.38 4+ 0.01
RR 0.19 £ 0.01 | 0.30 £0.01 | 0.37 £0.00 | 0.40 +0.00 | 0.42 +0.00 | 0.43 £ 0.00
BRE 0.24 £ 0.01 | 0.33 £0.00 | 0.37 £0.00 | 0.39 £ 0.00 | 0.41 +0.00 | 0.41 £ 0.00
isoHash 0.26 + 0.00 | 0.36 £+ 0.00 | 0.40 + 0.00 | 0.42 £+ 0.00 | 0.43 £+ 0.00 | 0.44 + 0.00
MDSH 0.17 £ 0.00 | 0.25 £0.00 | 0.30 £ 0.00 | 0.33 £0.00 | 0.37 £ 0.00 | 0.39 £ 0.00
GH 0.22 £0.00 | 0.29 £0.00 | 0.34 £0.00 | 0.37 £0.01 | 0.38 £0.01 | 0.39 £ 0.00

(b) MAP result of Labelmebk Dataset at £2@10%
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Here, we only take random dataset(figure 3.1 to 3.3 and table 3.1) and Labelmeb5k
dataset (figure 3.4 to 3.6 and table 3.2) as examples to save spaces. MNIST5k(figure A.1
to A.3 and table A.1) and Notredamebk dataset (figure A.4 to A.6 and table A.2) are
shown in appendix.

From small sample dataset, we can see that: SIKH, SH, GH perform well in Random
Dataset. Especially SIKH. It achieves much better results in the precision and recall
curve. But when it arrives to the real world dataset, like in other dataset, SIKH performs
much worse.

In the real world dataset, I'TQ and isoHash perform much better. See Labelme 5k for
example. I'TQ achieves the best in precision and recall curve. isoHash, BRE, MLH, DSH
also performs well. We can also see that MDSH performs much better than SH, which
is the advantage of MDSH compared with SH.

Then let’s see the time cost. For training time, LSH and SIKH are relatively low.
BRE, GH, USPLH, MLH are relatively high. For compressing time, MLH, isoHash,
MDSH are lower than other methods. SH, BRE, MDSH are relatively higher than other
methods.

Then we see the precision in Hamming radius 3. As the number of bits increases, the
trends of this precision is increasing. But in the random generated dataset, we can see
that SH and SIKH perform much better than other methods. Especially SH, which per-
forms the worst in labelme 5k dataset. This is because SH assumes a multidimensional
uniform distribution generates the data. So in random dataset, this requirement is per-
fectly met. So SH performs well in random generated dataset. But in real world dataset,
this requirement can not be met, many dataset may far away from uniform distribution,
so in this case, SH performs much worse.

Compare with left and right columns, we can see that there is little difference between
Q5% and £,@10% settings. For the MAP we define, ITQ achieves the best almost all
the time except in the random dataset. Similar results appear in Areas between P-R
curve 3.7.
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Table 3.3: MAP result of Labelme22k Dataset at £,@10%

Methods 16 24 32 64 128

LSH 0.16 + 0.01 0.24 + 0.01 0.28 4+ 0.01 0.36 4+ 0.00 0.39 4+ 0.00
SH 0.05 + 0.00 0.05 + 0.00 0.06 4+ 0.00 0.06 4+ 0.00 0.06 4+ 0.00
ITQ 0.23 + 0.00 | 0.29 + 0.00 | 0.32 4+ 0.00 | 0.37 + 0.00 | 0.39 #+ 0.00
MLH 0.19 + 0.00 0.24 + 0.00 0.28 4+ 0.00 0.34 4+ 0.00 0.37 4+ 0.00
SIKH 0.05 + 0.00 0.05 £ 0.00 0.08 = 0.01 0.17 £ 0.01 0.27 £ 0.00
KLSH 0.07 £ 0.00 0.09 + 0.01 0.13 &= 0.01 0.25 4+ 0.01 0.33 &= 0.01
USPLH 0.17 £ 0.01 0.20 + 0.01 0.26 &+ 0.00 0.31 & 0.02 0.21 4+ 0.02
DSH 0.16 & 0.00 0.19 + 0.01 0.22 4+ 0.02 0.29 4+ 0.00 0.32 & 0.01
RR 0.16 + 0.01 0.23 + 0.01 0.29 4+ 0.00 0.36 &= 0.01 | 0.40 + 0.00
BRE 0.20 + 0.00 0.25 + 0.01 0.28 4+ 0.00 0.33 + 0.01 0.36 4+ 0.00
isoHash 0.22 + 0.00 0.27 + 0.00 0.31 &+ 0.00 | 0.37 £ 0.00 | 0.39 + 0.00
MDSH 0.13 + 0.00 0.19 + 0.01 0.21 4+ 0.01 0.31 4+ 0.00 0.36 4+ 0.00
GH 0.17 + 0.00 0.21 + 0.01 0.25 4+ 0.01 0.32 4+ 0.02 0.36 4+ 0.00

Table 3.4: MAP result of MNISTG60k Dataset at £,@10%

Methods 16 24 32 64 128

LSH 0.25 + 0.01 0.33 + 0.01 0.37 £ 0.00 0.44 + 0.01 0.46 £ 0.00
SH 0.24 £+ 0.01 0.30 + 0.01 0.34 £+ 0.00 0.40 £+ 0.01 0.42 £+ 0.00
ITQ 0.36 + 0.00 | 0.40 = 0.00 | 0.43 + 0.00 | 0.47 £+ 0.00 | 0.49 + 0.00
MLH 0.32 + 0.00 0.37 + 0.00 0.40 4+ 0.00 0.44 4+ 0.01 0.46 4+ 0.00
SIKH 0.14 + 0.00 0.14 + 0.02 0.17 + 0.03 0.10 4+ 0.00 0.10 4+ 0.00
KLSH 0.18 + 0.01 0.26 + 0.01 0.30 4+ 0.01 0.38 4+ 0.01 0.42 4+ 0.01
USPLH 0.31 + 0.01 0.37 + 0.01 0.35 4+ 0.00 0.44 4+ 0.01 0.43 4+ 0.01
DSH 0.27 + 0.01 0.31 + 0.01 0.35 + 0.01 0.40 4+ 0.00 0.44 4+ 0.01
RR 0.25 + 0.01 0.33 + 0.00 0.37 £ 0.01 0.44 £ 0.00 0.46 £+ 0.01
BRE 0.32 + 0.00 0.37 £ 0.00 0.40 £ 0.00 0.44 £ 0.00 0.46 £ 0.00
isoHash 0.34 £ 0.00 0.39 + 0.00 0.42 £+ 0.00 0.46 £ 0.00 0.48 £+ 0.00
MDSH 0.26 + 0.01 0.31 £+ 0.01 0.34 £ 0.00 0.40 £ 0.00 0.45 £+ 0.00
GH 0.23 + 0.01 0.29 + 0.01 0.32 + 0.01 0.39 4+ 0.01 0.44 4+ 0.00

3.4 Integrated Dataset

For whole dataset test, we use MNIST, Labelme, Caltech101, CIFAR10. MNIST contains
60000 training data and 10000 test data. Labelme contains 20000 training data and 2019
test data. Caltech101 contains 6677 training data and 2000 test data. CIFAR10 contains
50000 training data and 10000 test data. In all the training data, I randomly split 20% of
the training data as validation data. All parameters are choose by cross validation, please
refer to Parameter section.. For large dataset, we test number of bits in 16, 24, 32, 64, 128

bits For all Integrated Dataset experiment, we choose £,@10%
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In integrated datasets, we take Labelme 22k and MNIST 60k for examples to discuss.
I put CIFAR10 and Caltech101 dataset results in appendix. Since (5@5% and (,@10%
are similar in sampled dataset, so we use £,@10% for integrated dataset.

ITQ again achieves almost all of the best results in this section. It performs well in
both small number of bit and large number of bit, see figure 3.8. In Labelme dataset,
BRE, isoHash, MLH also perform well. SIKH, SH, USPLH, KLSH performs a little
worse. But in MNIST 60k dataset, USPLH, SH, DSH, KLSH performs much better than
in labelme dataset. This indicated that many methods are very related to the dataset
we use, different test ground can get different results. Especially methods like SH that
have an assumption on data distribution. So in reality, if we need to use one method on
a particular dataset, we may need to do good test before we pick one hashing algorithm.

Training time and compressing time are similar with the sampled dataset. Area under
P-R curve is more obvious than the P-R curve. As the number of bits increases, the treads
are increasing in figure 3.9.b and 3.11.b. But SIKH performs worse compared with other
methods. I'TQ achieves the best in all 13 methods.

As a conclusion, we can see that IT(Q is of the best value on euclidean search task
among all the 13 hashing methods we listed above. 1), It performs good on all evaluation
criteria and all dataset except the random generated dataset that sampled from uniform
distribution. 2), the training time and test time is quite small. 3). It has very few
parameters to tune, which makes I'TQ very simple and easy to implement. Although
from the training and test time table, we may see that many methods cost relatively
similar time, but some methods will use a lot of time for cross validation, such as MLH.
MLH has a lot more parameters to tune, which costs cross validation a long time to
finish. I'TQ is easy and of the best value. If I can only choose one for Euclidean search
task, I will definitely choose ITQ among the 13 methods we compared.
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Chapter 4

Cross View Hashing using Deep
learning

4.1 Introduction

In the era of big data today, massive data can be easily collected in real-world data
mining applications by various tools from heterogeneous sources, especially in emerging
social media and multimedia domains. The advent of big data has presented various open
challenges of developing fast retrieval techniques to facilitate emerging big data analy-
sis and mining tasks. An emerging challenge is the (approximate) Cross-View Nearest
Neighbor Search (CVNNS), where the feature space (view) of the query instance can be
different or completely diverse from that of the target instances to be retrieved in the
database. This is a very hard problem, which is almost of no hope to solve if no training
data or prior knowledge is available; even when training data is available, it remains a
very challenging open problem for developing an effective learning and searching scheme
that can bridge the gap between the two views by mining the training data.

There are many (approximate) nearest neighbor search algorithms we mentioned in
previous chapter on single-view high-dimensional data and they are well studied. But
few algorithms was proposed for cross view data. The key challenge in the cross-view
nearest neighbor search task is that the input spaces (views) of the query instance and
the target instances to be retrieved can be diverse or completely different, which prevents
the straightforward application of the existing learning to hash algorithms to solve the
CVNNS tasks. To attack this challenge, one direction is to develop some technique that
can directly map data instances from different input spaces to the same binary (hamming)
space. This approach usually has to involve very complicated optimization tasks [KU11]
and cannot take advantages of many successful learning to hash algorithms for single-
view data. Unlike this approach, in this paper, we present a new deep learning to hash
scheme for cross-view nearest neighbor search, which explores the emerging deep learning
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techniques in learning a shared representation by mining training data to bridge the gap
between the query view and the target view and is able to take advantages of the existing
learning to hash techniques for performing hashing on the shared representation. We
conduct an extensive set of experiments on varied settings of cross-view image retrieval
tasks, in which the encouraging results show that the proposed method outperforms the
state-of-the-art approaches.

The key difficulty of cross-view learning to hash is to find a shared representation
which is able to close the representation gap between the query and the target instances.
We propose a new cross-view learning to hash framework by exploring the emerging deep
learning techniques. In particular, we investigate deep learning architectures based on
Restricted Boltzmann Machines (RBMs) in learning shared representation for cross-view
learning to hash, and extensively evaluate their empirical performance of nearest neighbor
search under several challenging settings.

4.2 Cross-View NN Search.

For many real-world data mining applications, it is critically important to develop cross-
view Nearest Neighbor (NN) search techniques, particularly for multimedia search and
mining or cross-lingual information retrieval tasks [UK10]. In literature, some hash-
based approaches have been proposed in attempting to address the related tasks of cross-
view NN search [KU11, QL11]. The first kind of approach is the cross-view similar
search (CVSS) study in [KU11], which formulated the cross view learning to hash as
an optimization task, similar to spectral hashing, in order to construct hash functions
that can minimize all the distances between the two views of training instances. The
principle behind this approach is to explore the idea of Canonical Correlation Analysis
(CCA) [HSSSt07] for learning the shared representation. However, the key limitation
of these work is that their shallow architectures can only capture the linear relationship
among the two views/spaces which clearly would not be powerful enough to model the
complex relationship across different views.

In this paper, we aim to explore deep learning techniques to overcome this limitation.

4.2.1 Sparse Multi-Modal Hashing

Recently, a related work (SMMH) [WYY™14] has been proposed. They also try to learn
hash codes and retrieve across modalities. They obtain sparse codesets for the data ob-
jects via joint multi-modal dictionary learning. Basically, their work have four steps as
follows: 1 Construct a so-called Hypergraph [ZLWT'11] to get the intra-modality similar-
ity and inter-modality similarity between the same modality and different modalities. 2
Construct two dictionaries jointly on both modalities using the hypergraph constructed.
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Here, they share the same idea of sparse coding and try to use a small number of cor-
responding ’basis atoms’ to represent data objects. 3 Get the sparse coefficients for a
data object. Here, they first define the code length. According to code length, get the
corresponding dimensional indices with the largest absolute values. 4 Use the sparse
coefficients of each data object to generate its compact representation and use this to do

hash.

4.2.1.1 Comparison Between SMMH and Learning to Hash Community

SMMH brings new ideas into the learning to hash community. I will do a qualitative
discussion in this section to compare with SMMH and traditional methods. We can see,
it dose have some differences.

How They Work: There is a huge difference between this method and traditional
learning to hash work. Traditional methods learn a compact representation to represent
one object then through some methods(like binarization) to get binary hash codes. But
in this method, hash codes are the dimension indices with largest values in all dimensions.
For example, if we want to learn a hash code of length 30. For traditional method, we
only need to learn a representation of objects with dimension 30, then get the hash code
by simply binarization. But with this method, if the sparsity of sparse coding is set to
0.1, we must learn at least 300 dimensional representation of objects, then choose the
indices of top 30 with the largest values to be its hash codes.

Time Complexity: SMMH consists of an off-line multimodal dictionary learning
and on-line sparse codeset learning [WYY114]. The off-line multimodal dictionary learn-
ing is solved by iterative manner, and the time complexity is O((p, + p,) K* + p. KN, +
py KN, ), where p, is the dimension of modality z, p, is dimension of modality y. K is
the number of instances in dictionary. N, is number of objects in modality  and N,
is the number of objects in modality y. The time complexity of on line sparse codeset
learning is O(p,K). A bottleneck of this work, which the author didn’t mention, is that
the whole framework is based on hypergraph. Constructing such a hypergraph is actually
very time consuming. The time complexity is roughly O(N??) where N is the number of
training samples and d is the dimensionality. Large scale training will make the problem
intractable.

Evaluation Criteria: There exists a controversial problem in the experiment of
SMMH, which makes it different with the learning to hash community. The author uses
his own evaluation criteria to compare with other method traditional methods. The way
he use is to set the size of dictionary and the sparsity to mimic the representation power
of traditional hash code. The reason he gives is that both this kind of representation
and the traditional learning to hash representation have the same level of representation
power. For example, they set dictionary size 50 and set sparsity 0.2, that is to choose 10
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coefficient from 50 and he assumes it is 'almost’ the same level as the traditional hash
code representation power with code length 32. They neither define ’approximation level’
here nor proof that it is OK to do so. From my point of view, I can not agree with this.
We can see, they did experiment using 32 bits with C'(50, 10), 48 bits withC'(100, 10) ,
64 bits with C(150, 15). First, they should not do evaluation based on similar (in fact
not very similar) representation power, they should do evaluation with the same hash
codes, because in all the learning to hash work in literature, no one use approximation
of representation power to compare hash methods. In the literature, every work did
evaluation based on same hash codes. Hash algorithms are very sensitive to the length
of hash codes, a small change in hash codes (like 8 bits and 12 bits) with have difference
that can not be ignored. So this kind of comparison should be very accurate. Second,
even if they can use approximation, they should use a good approximation. We see one
example, 64 bits, representation power is 264, While C'(150,15) is 8.8 times larger than
204 The author treat them have the same representation power and compare together. It
is very likely that SMMH is better because they choose a combination of dictionary size
and sparsity, which has a 8.8 times larger representation power than traditional methods
as shown in their experiment.

Conclusion: Although SMMH is not the first work using Sparse coding in hash-
ing [CMP12], The idea of SMMH is new, the joint dictionary learning algorithm is also
novel. But I think, some steps(construction of hypergraph) need future improvement,
and the theory (using different criteria to compare between their work and traditional
ones) needs further proof, to make it more practical on real word application and be
accepted by the learning to hash community.

4.3 Deep Learning to Hash for Cross-View NN Search

In this section, we present a deep learning to hash framework for cross-view NN search,
which is illustrated in Figure 4.2. In the following, we will first formulate the problem and

then present the key deep learning architectures for learning to hash towards cross-view
NN search.

4.3.1 Problem Formulation and Overview

Let us denote by {o; = (SL’Z(-I), :1:2(2)) ", a collection of two-view data instances, and xl(-k) €
R% the k-th view of the object o;, where dj, is the dimensionality of the k-th view and
k =1 or 2. Let us denote by z; the actual observation of the object o;, which consists of
any subset of the two views of object 0;. The goal of our cross-view learning to hash is

to search for a mapping function as follows:

[z {=1,1}°
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where d is the number of bits for the final output binary codes. As a special case, if z;
always consists of all the two views of object o;, a straightforward approach to solving the
problem is to treat the entire two-view data as a single view and then apply a conventional
single-view learning to hash algorithm to generate the hash codes.

The key challenge of cross-view learning to hash is to search for the mapping function
f which must ensure the output binary codes f(z;) are always highly similar, if not
identical, no matter how is the subset of views observed in z;. One possible way to solve
it is to formulate this task as a single learning to hash optimization problem [KU11], and
attempt to solve it directly. Such approach however has two major limitations. First of
all, it is often not easy to directly solve the complicated optimization problem. Second,
it cannot take advantages of many existing learning to hash algorithms which are widely
and successfully used for searching single-view data.

In this work, we propose a two-stage deep learning to hash scheme for cross-view NN
search, which can be formulated as follows:

f=goh:zw—{-1,1}1 (4.1)
g:zi—=RY AR = {—1,1}¢

where ¢ is a mapping function which maps diverse z; to the same d’-dimensional space,
and h does the mapping from d’-dimensional space to d-dimensional Hamming space.

Back
Propagatio

| 2o Deep Hidden

Hidden Units Shared )
Representation

Visible Units Featurel Feature2
input input

Featurel input Feature2 input Featurel input Feature2 input

(a)Standard RBM (b)Shallow RBM (c)Loose Deep RBMs (d) Tight Deep RBMs

Figure 4.1: Illustration of four different RBM models as cross-view learning to hash archi-
tectures: (a) is a standard RBM model; (b) is a Shallow RBM model, which concatenates
two sets of features as input to an RBM; (c) is the 'Loose Deep RBM’ model proposed
in [NKK*11]; and (d) is our proposed 'Tight Deep RBM’ model which involves tight
connections. A set of yellow units stands for one feature set, a set of red units stands
for another feature set, and a set of blue units denotes the representation of the hidden
layers. In (c) and (d) models, the back propagation part is included, the second hidden
layer is the deep hidden layer, in which we will learn a shared representation.

(Clearly, one can easily develop a good hashing function h using any existing learning
to hash algorithms. In our empirical study, we adopt LSH and SH. The key challenge of
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the above two-stage learning to hash is to find the mapping function g which essentially
maps any subset of multiple views to the same shared representation space. In the
following, we present a deep learning approach to tackling this challenge. For simplicity,
in the following, we will illustrate the proposed scheme using only two views. Note that
the similar idea can be easily generalized to the cases of multiple views.

4.3.2 Overview of Cross-View Deep Learning Architectures.

| Target: | T
Al

I Feature 1 | Feature 2 | Query Al D
Z A =D Netev:zrk‘

First Hidden Layer

—\\
B2
Query Set & D\gz :D Hashing :DBinary:D NN

Reconstruction T

e / Algorithms| V| Codes | V|Search
\ WA
$ o =
irst Hidden Layer o Deep
. 4
o BE{ A2 Network
o2 - Shared Space
| Feature 1 | Feature 2 | p
[ineus ] rerget set
(a) Training Procedure (b) Test Procedure

Figure 4.2: Framework of CVNNS via Deep Learning to Hash: (a) Training Procedure:
the input to the model is an augmented vision of two views (Al and A2) with additional
examples that have only a single-view as input ([A1,0] and [0,A2]), but require the net-
work to reconstruct both views ([A1,A2]); (b) Test Procedure: when only one view is
provided as test data, we project test query data instances and target candidate instances
into the second hidden layer, and then perform cross view hashing algorithm (LSH or
SH) on this shared space. Here, triangle and circle stand for two views. The squares in
the shared space stand for projections of different instances from different views. The
same color stands for the same data. (We draw one test query Al in the Query Set for
concise illustration). Using one view (A1) as query, we want to find another modality
(A2) or its neighbor ( A2’ neighbor B2 in this example) based on some similarity metric
selections.

In our framework, a cross-view deep learning to hash task consists of two major phases:
(i) training phase that aims to learn the function f consisting of two components: the
cross-view mapping function g and the hashing function h; and (ii) retrieval /test phase for
cross-view NN search where the views of the query and the target instances in database
can be diverse or completely different. We assume that the two views are both available
for learning the function f during the training phase. In this paper, we mainly focus on
learning the cross-view mapping function g and adopt either LSH or SH as the hashing
function h. In the following, we will discuss the design of several different learning
architectures to address the learning task of our framework.
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4.3.3 Shallow Learning Architectures.

Figure 4.1 (a) and (b) show the design of shallow learning architectures for the cross-
view learning task. Figure 4.1 (a) shows the Standard RBM (RBM), which trains
a single-layer RBM for each single view, and cannot solve the cross-view NN search
problem because the two views are completely decoupled. Figure (b) shows the Shallow
RBM (SRBM) approach, which is the simplest approach that trains a single-layer RBM
by combining two views as input for a standard RBM. However, the SRBM approach
may not be powerful enough to learn the shared representation of both input data.

4.3.4 Deep Learning Architectures.

Here, we investigate two different designs of deep learning architectures for cross-view
learning to hash, as shown in Figure 4.1 (c¢) and (d), respectively. We discuss the details
of the two architectures as follows.

Loose Deep RBMs (LDRBM): As shown in Figure 4.1 (c), the input features
of both views are loosely connected at the beginning for learning the shared representa-
tion. Specifically, at the beginning, features of each view are input to a separate RBM
for learning a representation; further, the outputs of their individual representations are
concatenated as the input for another higher layer RBM for learning the shared repre-
sentation (the second hidden layer). The training process has two phases: pre-training
and fine-tuning. During the pre-training phase (Figure 4.2 (a)), the input to the whole
learning architecture is an augmented set which consists of training examples with the
combined two-view features and some additional examples that consist of only a single-
view feature. During the fine-tuning phase, the learning goal is to require the deep
learning network to effectively reconstruct both modalities of the input data. We note
that this architecture, to some extend, shares the same inspirit of the multimodal deep
learning architecture proposed in [NKK*11] when considering only two views. The po-
tential disadvantage of this learning architecture is that the loose connections of the input
features from different views may not be able to fully capture the interactions among all
the features from the beginning, which motivates to explore the following alternative.

Tight Deep RBMs (TDRBM): As shown in Figure 4.1 (d), the input features
of both views are tightly connected between visible and first hidden layers at the begin-
ning in order to fully explore the interactions between the two kinds of input features.
In particular, the TDRBM model essentially learns a two-layer RBM network, i.e, the
visible layer and the first hidden layer form one SRBM (which we adopt the Gaussian-
Bernoulli RBM for the first layer in our approach), and the first and second hidden
layers form another RBM. By such approach, using the same number of layers as the
LDRBM network, we can capture the shared representation through two hidden layers
(while LDRBM captures the share representation only for the second hidden layer). As
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a result, the final shared representation learned by TDRBM would have a better chance
to capture more in-depth interactions between the two views. For the training process,
we adopt the similar strategy as the LDRBM.

4.3.5 Pros and Cons Between SMMH and CVNNS

Construction of hypergraph in SMMH [WYY*14] is very time consuming. The complex-
ity is roughly O(N??) where N is the number of training samples and d is the dimension-
ality. Large scale training will make the problem intractable. Although deep learning is
well known of its high time consuming training procedure, we have various training algo-
rithms to help reduce the training complexity, like batch training, contrastive divergence
learning.etc, ( please refer to Chapter 2 ). These algorithms are very practical in real
world applications. So our method is much better on this comparison. But from Chapter
2, we can see that [LWKC11] also needs to construct an Anchor Graph. It actually share
some similar ideas with SMMH. It may be an alternative solution to the hypergraph
construction in SMMH.

Another advantage of our method compared with SMMH is that we belong to one
of the traditional learning to hash community. So directly comparison between other
methods in the community with our method is very simple and easy. But if SMMH
wants to do comparison with other methods, it may need to find the combination between
dictionary size and sparsity. There are so many such combinations, each one has different
result, which means SMMH will need a lot of time and effort on choosing combination
instead of randomly picking such a pair that has an approximate representation power
with traditional hash codes. This also makes it impractical in the real world applications.

Another advantage of our method compared with SMMH is that deep learning theories
we use here, including approximation algorithms, have been well proved as shown in
Chapter 2. But some theories in SMMH need future proof. SMMH has some default
assumption, which has no evidence that they are true, nor have they ever been used by
the learning to hash community.

SMMH has some advantages. One advantage of SMMH over our method is that the
usage of sparse coding is novel, although they are not the first one using it in hashing
[CMP12], it brings new ideas and new algorithms in the learning to hash community.
Another advantage is that they use a good application on image and text retrieval, which
is very practical and commonly seen in the real world. I also mention this before in Future
Work Section. Since our work is much earlier than their work, so it is reasonable that
they have a latest application in the paper. While our work only focus on image retrieval
between different features, as I have mentioned, more novel applications will appear in
our Future Work.
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4.4 EXPERIMENTS

4.4.1 Overview.

In this section, we conduct empirical study through three extensive sets of experiments
for image retrieval tasks: (i) single view NN Search, (ii) cross-view NN search on two-
view data, and (iii) cross-view NN search on multi-view data. The first experiment aims
to examine the advantages of exploiting different views of data in the training stage,
and evaluate if and how deep learning improves the learning to hash performance. The
other two experiments aim to show the efficacy and advantages of the proposed deep
learning to hash technique for cross-view NN search in comparison to the state-of-the-art
approaches.

4.4.2 Experimental Testbed.

We adopt three public image datasets: ImageCLEF, Caltech101 [FFFP06] and NUS-
Wide-Lite [CTH'09]. ImageCLEF consists of 7157 medical images in 20 classes for
benchmark image retrieval competition. Caltech101 consists of 8677 images in 101
classes. We extract five different sets of global visual features in a total of 809 dimensions
for both ImageCLEF and Caltech101 datasets, including 81 Color features, 120 Gabor
features, 512 Gist features, 59 LBP features, and 37 Edge features, which are generated
by the “FELIB” feature extraction toolbox [ZHLY08|. For performance metric, we adopt
the precision-recall curve and mean average precision (MAP), which have been widely
used in image retrieval studies [TFW08, KD, WTF08]. NUS-Wide-Lite consists of
55,615 images, in which 22,807 images are used for training and the other images are
used for test/retrieval. The dataset provides six kinds of visual features, including 64-
D Color histogram, 144-D Color correlogram, 225-D block-wise Color moments, 73-D
Edge direction histogram, 128-D Wavelet texture and 500-D Bag of words. There are 81
concepts in total and each image has a few concepts .

4.4.3 Experimental Settings.

In the following experiments, we evaluate the performance of our models under different
datasets and varied settings to examine every aspect. Below we discuss our experimental
settings in detail.

Configuration of Deep Models: (i) Units type: We use Gaussian visible units that
are connected to the input data. When training a deeper layer, we use binary visible

INUS-Wide-Lite  dataset is available online, which  can  be downloaded from
http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
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units. (ii) Number of units: The number of visible units is equal to the dimensionality of
its input, thus in different experiments, the number of visible units is different. Hidden
layer structure is an overcomplete style. For Color-Gabor, Gist-Full cross view hashing
experiment (including Color-Gabor single view NN search experiment), the number of
hidden layer features is 2xovercomplete for visible units in all layers. For LBP-Gabor,
CCC-EW (see Experiment III) cross view hashing experiment, the number of first hid-
den layer features is 2x over-complete for visible units, and the number of second hidden
layer features is equal to (1xovercomplete) the first hidden layer features. These settings
had been well justified in theory [HOT06].

Training Procedures: The model uses greedy layer-wise pre-training with CD equals
to 1. We use 200 epoches to train the first Gaussian-Bernoulli RBM and 50 epoches to
train the second RBM. In the fine-tuning stage: our objective function is to minimize the
square error loss between the inputs and the targets. The method of conjugate gradients
is utilized and three line searches are performed in each epoch. We use 10 epoches totally
in back-propagation.

Experimental Procedures: In the training phase, both features are provided (Fig-
ure 4.2 (a)). In the test phase, only one test modality is provided (assume the test
modality is Modalityl and the test data is Al, as shown in Figure 4.2 (b)). In sin-
gle view NN search experiment, we use feature Al to find nearest neighbors of Al in
Modalityl, while in cross view hashing experiment: we use feature Al to find nearest
neighbors of A2 in Modality2. For LDRBM and TDRBM, the training and test proce-
dures are shown in Figure 2 (a) and (b), respectively. All the tests run 10 times (except
CCC-EW cross-view hashing that runs only 3 times due to the high time cost on eval-
uation [WTFO08, TEFWO08]). All the results reported in our experiments are the average
results.

Definitions of “Relevance” Ground Truth: We adopt two kinds of “relevance” def-
initions for the ground truth: (i) Euclidean distance (¢,@n%): top n% nearest neighbors
of the query instance retrieved using the exact Euclidean distance on the target view will
be treated as the ground truth relevant images in the retrieval task [WTF08, TFWO08];
(ii) Semantic similarity: a returned image is defined relevant to the query only if it has
the same semantics as the query (e.g., they belong to the same class or share the same
tags).

Size of Training and Test Sets: For all the following experiments (except CCC-
EW test in Experiment I1I), we randomly draw 2000 data points as queries. To train the
deep models, we randomly draw 2000 data instances from the rest instances in the data
set. For the CCC-EW settings, the details will be discussed in Experiment III.
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4.4.4 Experiment I: Single View NN Search
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Figure 4.3: Single View NN Search using 256-bit hash codes on the data sets of Image-
CLEF and Caltech101: (a) and (b) are the results of ImageCLEF, (c) and (d) are the

results of Caltech101.
This experiment aims to examine if training using two views can improve the hashing

tasks by learning the shared representation. We thus compare the following learning to
hash algorithms: (i) Baseline: to adopt the original features for the hashing task;(ii)
Standard RBM (Figure 4.1 (a)): it first projects data into the hidden representation
space and then performs hashing in that space, which only uses one view for training and
test; (iii) LDRBM-single (Figure 4.1 (c)) is a variant of LDRBM, which assumes biases
of RBMs are zeros, similar to [NKK*11]; (iv) LDRBM-both (Figure 4.1 (c¢)) does not
omit the biases in the hidden units, which not only takes one feature as input to the

99



CHAPTER 4. CROSS VIEW HASHING USING DEEP LEARNING

model, but also fills in another view with zeros as inputs; and finally (v) the TDRBM
model.

We define the relevance ground truth using the Euclidean distance (¢/,@5%) criteria
in this experiment. We choose “Color” and “Gabor” features on ImageCLEF and
Caltech101 datasets to evaluate the performance, respectively. Figure 4.3 shows the
set of evaluation results on the NN search using the 256-bit hash codes generated by the
above compared algorithms. We draw several observations from the results. First of all,
the standard RBM does not always perform well, and sometimes even performs worse
than the Baseline (e.g., Figure 4.3 (d)). In contrast, the other three models outperform
the baseline for most cases (except in Figure 4.3(c) and (d) where LDRBM-both seems
slightly worse than the baseline). Among all the algorithms, TDRBM always achieves the
best results for most cases. This result indicates that learning the shared representation
from training data of more than one views is beneficial to facilitating the learning to hash
tasks.

256-bit hash codes are used to strengthen the variation of performance. For each
hashing method and each feature as test feature in the experiment, we show a represen-
tative result in Figure 4.3. From Figure 4.3, the Standard RBM does not perform well. It
performs even worse than using original feature for hashing directly. For other three mod-
els: LDRBM-single, LDRBM-both and TDRBM , they all perform better than baseline
on the first two cases(Figure 4.3(a) and (b)). But, in Figure 4.3(c) and (d), LDRBM-
both is no better than standard RBM and baseline, LDRBM-single performs similarly to
TDRBM in Figure 4.3(c) case. The proposed TDRBM model performs good among all
the cases.

From this experiment, we can prove that deep learning models are beneficial to learn-
ing the shared representation by exploiting the multi-view information available in the
training phase.

4.4.5 Experiment II: Cross-View NN Search across Two Views

In this section, we evaluate the performance of the proposed deep learning to hash tech-
nique for cross-view NN search, which adopts one view of the data to search for data from
another view. Specifically, we adopt two pairs of features for evaluation: “LBP-Gabor”
and “Color-Gabor” features on the ImageCLEF dataset. We evaluate both Semantic
search (in LBP-Gabor test) and Euclidean search (in “Color-Gabor” test). For compar-
ison, we choose CCA [HSSSt07] and CVSS [KU11] as two baselines: (i) CCA: CCA has
been commonly used for multi-view data mining tasks [CKLS09]. Specifically, in the
training phase, we use CCA to find the canonical correlation vectors of two features. In
the test phase, we transform the query data points and data points in the candidate set
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to the same low dimensional CCA embedding space. On the same low dimensional em-
bedding space, we apply a hashing algorithm (LSH or SH) for retrieval. (ii) CVSS: the
Cross-View Similarity Search algorithm proposed in [KU11], which is a state-of-the-art
approach for cross-view hashing in Multilingual search area. Specifically, in the training
phase, it learns a transformation matrix; in the test phase, it applies the transformation
matrix to obtain hash codes of queries, and then performs the retrieval. CVSS is a dif-
ferent hashing method compared with LSH and SH. We compare CVSS with our model
in all settings. As LDRBM-single and LDRBM-both perform similarly, we simply adopt
LDRBM-single as the LDRBM model in the following experiments.

0.8 ‘ 0.8 :
=»— CCA == CCA
0.7 == CVSS || 0.7¢ == CVSS |
—4—LDRBM —4—LDRBM
- 0.6 == TDRBM [ . =—o— TDRBM ||
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R (%
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a o
0.1 ‘ ‘ ‘ : 0.1 : : : :
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall
4.4.a: From LBP to Gabor search by LSH 4.4.b: From Gabor to LBP search by LSH

MAP

—e— TDRBM
30 40 50 60 70 80 90 100
number of bits

4.4.c: From Gabor to LBP search by SH
Figure 4.4: Cross view hashing between LBP and Gabor features with 100-bit hash codes.
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LBP-Gabor Semantic Search on “ImageCLEF”: In this experiment, we exam-
ine two scenarios: (i) use LBP feature as query to find nearest neighbors in the Gabor
space, and (ii) vice versa. For each set of 2000 random queries, we evaluate their per-
formance on a variety of hashing settings: 16-bit, 24-bit, 32-bit, 48-bit, 60-bit, 70-bit,
80-bit, 90-bit, 100-bit, and 200-bit hash codes. The average MAP result over 10 runs
using LSH is summarized in Table 4.1. The proposed TDRBM always achieves the best
performances for varied settings of bit sizes. We also plot the precision and recall curve
of 100-bit using LSH in Figure 4.4 (a) and (b). The performance of CVSS is better than
that of CCA, while LDRBM is better than these two baselines. Among all, TDRBM
always achieves the best performance.

Table 4.1: Evaluation of MAP performance of cross-view hashing on LBP and Gabor
features on the ImageCLEF dataset.

[Methods| 16 [ 24 | 32 | 48 | 60 | 70 | 80 | 90 | 100 [ 200 |
CCA  ]0.1799 ] 0.1869 | 0.1938 [ 0.1986 [ 0.2016 [ 0.2031 | 0.2066 | 0.2145 | 0.2110 [ 0.2270
CVSS [ 0.1635 | 0.1628 | 0.1696 | 0.1636 | 0.2239 | 0.2240 | 0.2202 | 0.2165 | 0.2147 | 0.2155
LDRBM [ 0.1883 | 0.1957 [ 0.1994 | 0.2314 | 0.2323 | 0.2279 | 0.2474 | 0.2584 | 0.2650 | 0.2956
TDRBM [0.2213[0.2365 | 0.2469|0.2764 | 0.2654 | 0.3131[0.2767 | 0.3427]0.3022 [ 0.3530

(a) From LBP queries to Gabor search using LSH

[Methods| 16 [ 24 | 32 | 48 60 | 70 | 80 90 100 | 200
CCA  ]0.1749 [ 0.1801 [ 0.1894 [ 0.1820 [ 0.1900 [ 0.1914 [ 0.1949 [ 0.1982 | 0.2001 [ 0.2148
CVSS  [0.1633 | 0.1669 | 0.1635 [ 0.2450 | 0.2173 | 0.2173 [ 0.2171 | 0.2174 | 0.2173 | 0.2174
LDRBM | 0.1916 | 0.2042 | 0.2050 | 0.1995 [ 0.2117 | 0.2719 | 0.2385 | 0.2641 | 0.2766 | 0.3045
TDRBM [0.2058 0.2048|0.2833[0.2516 [ 0.2728 | 0.2857 | 0.2776 [ 0.2834 | 0.3460 | 0.3776

(b) From Gabor queries to LBP search using LSH

We also compare them using the SH algorithm. To be concise, we summarize the MAP
curves of using the Gabor feature to find the LBP feature with SH in Figure4.4 (c¢). From
these results, we can draw several observations: (i) although CVSS generally performs
better than CCA under LSH, it performs worst than CCA under SH, as seen in (Figure4.4
(¢)). (ii) For most cases, LDRBM performs better than CCA and CVSS under LSH (Ta-
ble 4.1), but the advantage is not always consistent when using small bits under SH (as
shown in Figure4.4 (c)). (iii) The gap between TDRBM and LDRBM tends to increase
when the number of bits increases, and the overall performance generally has a positive
correlation to the number of bits used in hashing.

Color-Gabor Euclidean Search on ”"ImageCLEF”: In this experiment, we also
examine two scenarios: (i) use “Color” as query to find nearest neighbors in the “Gabor”
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Table 4.2: MAP result of Color and Gabor cross feature hashing

|Methods| 60 [ 70 [ 80 [ 90 [ 100 |
CCA  [0.2437]0.2388 ] 0.2466 | 0.2811 | 0.3079
CVSS [ 0.1347 ] 0.1331 | 0.1294 | 0.1304 | 0.1292
LDRBM | 0.2601 | 0.2491 | 0.2625 | 0.2372 | 0.2516
TDRBM|0.3282]0.31660.31300.3344 |0.3298

(a) From Color to Gabor search by SH

|Methods| 60 [ 70 [ 80 [ 90 [ 100 |
CCA  ]0.2011]0.2021 | 0.213 | 0.2200 | 0.2216
CVSS [ 0.1347 ] 0.1331 | 0.1294 | 0.1304 | 0.1292
LDRBM | 0.2118 | 0.2147 | 0.2214 | 0.2478 | 0.2780
TDRBM [0.2473]0.2978|0.2904|0.3347[0.3068

(b) From Color to Gabor search by LSH

|Methods| 60 | 70 | 80 [ 90 | 100 |
CCA 0.2498 | 0.2668 | 0.2748 | 0.2931 | 0.3062
CVSS | 0.1454 | 0.1415 | 0.1385 | 0.1380 | 0.1384
LDRBM | 0.2226 | 0.2264 | 0.2412 | 0.2220 | 0.2323
TDRBM |0.2538(0.2781]0.2934|0.3033|0.3066

(¢) From Gabor to Color search by SH

|Methods| 60 [ 70 [ 80 [ 90 [ 100 |
CCA  [0.1462 ] 0.1484 [ 0.1534 | 0.1573 | 0.1607
CVSS [ 0.1454 [ 0.1415 | 0.1385 | 0.1380 | 0.1384
LDRBM | 0.2200 | 0.2383 | 0.2273 | 0.2531 | 0.2577
TDRBM|0.2562]0.2730/0.3268|0.3010 |0.3538

(d) From Gabor to Color search by LSH
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space, and (ii) vice versa. Here we choose Euclidean (,@5% as the definition of relevance
ground truth. We evaluate the retrieval performance on several settings of bit sizes from
60 bits to 100 bits. The MAP results are summarized in Table 4.2. For concise, we also
draw the precision and recall curves for some bits as shown in Figure 4.5. Similar results
were observed as compared to the previous experiments. Besides, we also found that the
performance of CVSS is not consistently better than CCA, which indicates that CVSS
may not be always effective, whose empirical performance may vary across different types
of data.

Discussions. From the above empirical observations, we can summarize the advan-
tages of the proposed algorithms. First of all, both LDRBM and TDRBM in general
outperform the two baselines, CCA and CVSS, for learning hash codes toward the cross-
view NN search tasks. This shows that the proposed deep learning to hash scheme is able
to recover in-depth nonlinear relationship between the two views as compared to the pre-
viously linear and shallow learning methods. Second, among the two models, TDRBM
is empirically more accurate, stable and robust than all the algorithms including CCA,
CVSS and LDRBM. This shows that it is important to explore the tight connections of
the two views from the beginning of the deep training process.

4.4.6 Experiment III: Cross-View NN Search on Multi-view
Data.

In this section, we test the cross view NN search on multi-view data that consists of
features from more than two views. First, we choose the “Gist” and the full set of features
(excluding “Gist”) generated by the “FELIB” toolbox on ImageCLEF dataset. Second,
We use NUS-Wide-Lite dataset for large scale test. In NUS-Wide-Lite dataset, We
concatenate 64-D Color histogram, 144-D Color correlogram, 225-D block-wise Color
moments to form a new 433 dimension feature, we call it as the CCC feature. Then, we
concatenate 73-D Edge direction histogram and 128-D Wavelet texture to form a 201-
dimensional feature called the EW feature. We test cross-view NN search on both the
CCC and EW features, similar to the previous experiment of cross-view NN search on
two-view data. In this experiment, we also adopt semantic search (in Gist-Full test) and
Euclidean search (in CCC-EW test) to fully evaluate the efficacy under different settings.
Gist-Full Semantic Search on “ImageCLEF”:
We first apply the “Gist” feature to retrieve instances from the full feature space by
“FELIB”, and then do another evaluation by reversing the order. Table 4.3 shows the
MAP results. We can see that CCA always is the worst among all. When using a
small number of bits, CVSS also exceeds LDRBM. When the number of bits increases,
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Figure 4.5: Using LSH cross hashing Color and Gabor feature on ImageCLEF dataset.
(a) and (b) are from Color to Gabor. (c) and (d) are from Gabor to Color
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CVSS performs slightly worse. For the deep learning to hash algorithms, both LDRBM
and TDRBM generally perform better when the number of bits increases, especially for
TDRBM. When using a large bit size to perform hashing (as shown in the lat column of
Table 4.3), TDRBM is significantly better than the other three methods.
CCC-EW Euclidean Search on “NUS-Wide-Lite”:

We first apply the color-related feature “CCC” to search for texture-related feature
“EW”, and then reverse the order. We adopt (,@10% Euclidean distance for the rel-
evance definition. In the training phase, we train the model using the entire training
set (consisting of 27807 images) given in NUS-Wide-Lite dataset. In the test phase,
we randomly choose 10,000 queries on the test set to perform SH and LSH respectively.
We test on both small bit sizes (from 8-bit to 48-bit) and large bit sizes (from 80-bit to
200-bit). For each experiment, once the query set is selected, we run the program 3 times
and report the average results. For space limitation, we report one hashing method for
each cross-view NN search task (i.e., use CCC to retrieve EW under SH and use EW to
retrieve CCC under LSH) to cover two diverse settings of the whole experiment. Table
4.4 shows the evaluation details of MAP results. Similar to the previous experiments, our
TDRBM model always achieves the best performances among most of different settings.
This experiment further validates that the proposed TDRBM model is more effective
and far more robust than the other baselines under different datasets of varied feature

spaces.

Table 4.3: MAP performance of cross-view hashing between GIST and full feature set.

|Methods| 40 [ 60 [ 80 [ 100 | 200 |
CCA  [0.1648]0.1663 | 0.1678 | 0.1695 | 0.1749
CVSS  |0.2523]0.2423 | 0.2361 | 0.2312 | 0.2172
LDRBM | 0.2419 | 0.2538 | 0.2402 | 0.2699 | 0.3517
TDRBM|0.2712]0.29950.3263|0.3690 | 0.4299

(a) From GIST to full feature space

|Methods| 40 | 60 | 80 [ 100 [ 200 |
CCA  [0.1634[0.1647 [ 0.1657 | 0.1664 | 0.1711
CVSS  ]0.2525 | 0.2424 | 0.2361 | 0.2312 | 0.2173
LDRBM | 0.2181 | 0.2589 | 0.2672 | 0.2786 | 0.3196
TDRBM | 0.2882]0.31450.3493|0.3501|0.4300

(b) From full feature space to GIST

66



CHAPTER 4. CROSS VIEW HASHING USING DEEP LEARNING

Table 4.4: MAP performance of cross-view hashing between CCC and EW.

|Methods| 8 [ 16 | 24 | 48 [ 80 | 100 [ 200 |
CCA  [0.133]0.129[0.116 [ 0.123 [ 0.133 ] 0.134 ] 0.135
CVSS  ]0.132]0.129 | 0.125 | 0.118 || 0.115 | 0.114 | 0.110
LDRBM [ 0.128 | 0.143 | 0.155 [ 0.154 | 0.162 [ 0.165 | 0.155
TDRBM|0.157]0.164[0.168[0.178]0.191]0.190]0.204

(a) From CCC to EW search using SH

|Methods| 8 | 16 | 24 | 48 | 80 | 100 | 200 |
CCA  ]0.101]0.102 [0.1019] 0.103 ][ 0.103 | 0.104 [ 0.105
CVSS  [0.114]0.114 | 0.113 | 0.110 | 0.108 | 0.107 | 0.105
LDRBM | 0.110 | 0.123 | 0.131 | 0.131 || 0.147 [0.1549] 0.174
TDRBM|0.120]0.128|0.143[0.167]0.175]0.197 |0.215

(b) From EW to CCC search using LSH

4.5 Conclusions

This work investigated a new deep learning to hash framework for cross-view nearest
neighbor search towards multimedia search and mining applications. In particular, this
work comprehensively explored two different deep RBM models for cross-view learning
to hash: loose deep RBMs and tight deep RBMs models. Through learning the shared
representations on data instances with different views, empirical results showed that the
image retrieval performance of the subsequent learning to hash task can be significantly
boosted in comparison to the state-of-the-art approaches for cross-view learning to hash
with the conventional shallow learning scheme, and the TDRBM model is generally
more effective than the LDRBM model. For future work, although this work assumes
cross-view learning by dealing with only two input views and two-layer model structure,
the proposed technique can be easily extended to handle multi-view input data and
multi-layer model structure for cross-view/multi-view data mining tasks in a variety of
real-world scenarios.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, I mainly introduce the survey of learning to hash and deep learning. I
introduce some algorithms, fundamental theories, and also some experiment results. I
also introduce our own work of cross view hashing using deep learning. There are a lot
other work that can be done for improvement. I introduce them in the next section.

5.2 Future Work

Deep learning has a variety of applications in a wide machine learning fields. Here are
some other ideas I get when I do my research.

5.2.1 Image and Text Cross View Hashing

The future work can focus on the cross view image-text hashing(given image, return
text. given text, return image), which is more related to the reality. Since the current
multi-view feature work has some drawbacks. 1, it is not quite common that we need
to use one feature to find another feature. So in image and text retrieval, we can treat
image as one 'feature’ and text as another ’feature’, since both image and text describe
the same thing. 2, My original design of the experiment is not just test deep model’s
ability on cross-view image feature retrieval, instead, I want to test its ability that holds
relationships between different properties of one item. such as its ability that given one
attribute of a item, find other attributes of the same item. In this experiment, I just
choose different image features as different attributes of the same item (image) and it
works well. So, this work can be extended to image-text hashing.

The work I did is different but very related to two existing works. [TFWO08] and [SS12].
[TEWO08] uses multi-layer autoencoder to construct single-view hashing algorithm. Our
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work is a multi-view hashing algorithm. [SS12] trys to use text to infer images and use
images to infer text, but they doesn’t benefit from learning to hash technology. For a
large dataset, such as more than one million, if they want to infer images using text,
they must use text to generate a pseudo image, when compare this pseudo image with
the other 1 million images and return the nearest neighbors, which is infeasible in large
dataset. While, our method is, project all text and images into the binary hamming space
and given one query, can project the query in the same hamming space and retrieval.
Of course, can use some accelerating technique such as multi-index hashing [NPF12] in
Hamming space. I believe this method will be more practical and should work fine.

5.2.2 Heterogeneous Transfer Learning

Deep learning can also be used for transfer learning [MD10, DB11, CXWS12, MDG"12],
as mentioned in chapter 2. I think some work of domain adaptation can also benefit
from deep transfer learning. Such as [DXT12]. In [DXT12], the authors use SVM to do
heterogeneous domain adaptation. They transfer text from one domain to another text
domain to help text classification. They transfer images from image domain to another
image domain to help image classification. But using SVM, in the current framework,
they may not be able to do homogeneous domain adaptation. That means they may not
be able to transfer text to image domain and help image classification or transfer image
to text domain to help text classification.

But, using our framework, it is totally feasible to do homogeneous domain adaptation.
Our framework is like this(This is a joint idea with Dr.Peilin Zhao):

Assume ¢(x;60) is a net

Objective
. o L o = <
minw, b, 0, Xis ;, Xiy; §HWH + C(; Xis; + ;xzt,i) + Q(0) (5.1)
s.t. y&i(WTgb(xs,i; 0)+b) >1—xig,;,xis; >0 (5.2)
ym(ngb(xt,i; 0)+b) >1—xiy;,xiy; >0 (5.3)
Fist choice
Q) = [10]? (5.4)
Second choice
Q(0) = KL(N(0; £)|N(0; K(0))) (5.5)

where 3 is prior information on instances and K (0) = [¢(z;;0) " ¢(x;; 0)].
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Also, €2(6) can be other choices.

Protocol 1 Heterogeneous Transfer Learning

Initialize w, b, and 6
for t=1...T do
Fix 0 to learn w, b
Fix w,b to learn 0
end for
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Appendix

A.1 Results of learning to hash algorithms on other
dataset

A.1.1 DMNIST5k and Notredamebk dataset
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3
MNIST5k Data Precision ang Recall Curve, left column is £,@5%, right
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Table A.1: MAP in MNIST5k dataset

Methods 10 20 30 40 50 60

LSH 0.11 & 0.01 | 0.22 &= 0.01 | 0.29 £ 0.00 | 0.33 & 0.00 | 0.36 4 0.00 | 0.37 £ 0.00
SH 0.11 £ 0.00 | 0.19 #= 0.01 | 0.25 £ 0.00 | 0.28 #= 0.01 | 0.31 £ 0.01 | 0.32 + 0.01
1TQ 0.18 + 0.00|0.30 £+ 0.00{0.34 + 0.00|0.37 &+ 0.00|0.38 + 0.00|0.39 £+ 0.00
MLH 0.15 &= 0.00 | 0.26 &= 0.00 | 0.30 £ 0.01 | 0.33 & 0.01 | 0.35 & 0.00 | 0.36 £ 0.00
SIKH 0.06 & 0.00 | 0.05 = 0.00 | 0.05 £ 0.01 | 0.05 & 0.00 | 0.05 & 0.00 | 0.09 £ 0.01
KLSH 0.08 £ 0.00 | 0.15 & 0.01 | 0.24 £ 0.01 | 0.28 & 0.01 | 0.31 £ 0.01 | 0.32 £ 0.02
USPLH | 0.15 + 0.01 | 0.26 & 0.01 | 0.32 + 0.01 | 0.34 & 0.01 {0.38 + 0.00(0.39 + 0.00
DSH 0.11 £0.00 | 0.19 £ 0.01 | 0.24 £ 0.01 | 0.27 +£ 0.01 | 0.30 £ 0.00 | 0.31 + 0.00
RR 0.11 + 0.00 | 0.23 = 0.00 | 0.30 £ 0.01 | 0.33 & 0.00 | 0.36 4 0.00 | 0.38 £ 0.00
BRE 0.15 &= 0.00 | 0.26 &= 0.00 | 0.30 £ 0.00 | 0.33 & 0.00 | 0.35 4+ 0.00 | 0.36 £ 0.00
isoHash | 0.17 & 0.00 | 0.28 & 0.00 | 0.34 4+ 0.00 | 0.36 4+ 0.00 |0.38 + 0.00|0.39 + 0.00
MDSH | 0.11 £ 0.00 | 0.18 & 0.00 | 0.25 & 0.01 | 0.29 & 0.00 | 0.31 & 0.00 | 0.32 & 0.00
GH 0.10 & 0.00 | 0.18 &= 0.01 | 0.23 £ 0.00 | 0.26 & 0.00 | 0.28 4+ 0.00 | 0.31 £ 0.00

(a) MAP result of mnist5k Dataset at £2@5%

Methods 10 20 30 40 50 60

LSH 0.17 & 0.01 | 0.30 = 0.00 | 0.36 = 0.00 | 0.40 &+ 0.00 | 0.42 4 0.00 | 0.44 £ 0.00
SH 0.18 & 0.01 | 0.27 & 0.01 | 0.33 £ 0.00 | 0.36 & 0.00 | 0.38 &= 0.00 | 0.39 £ 0.00
1TQ 0.28 + 0.00|0.38 = 0.00{0.42 + 0.00|0.44 + 0.00|0.45 + 0.00|0.46 £+ 0.00
MLH 0.24 + 0.00 | 0.35 = 0.00 | 0.39 £ 0.00 | 0.41 + 0.00 | 0.43 4+ 0.00 | 0.44 £ 0.00
SIKH 0.11 £0.01 | 0.10 &= 0.00 | 0.11 £ 0.00 | 0.10 #= 0.01 | 0.10 £ 0.01 | 0.10 = 0.01
KLSH 0.14 & 0.00 | 0.22 &= 0.01 | 0.30 £ 0.00 | 0.33 & 0.01 | 0.35 4+ 0.01 | 0.38 £ 0.00
USPLH | 0.25 + 0.00 | 0.35 & 0.01 | 0.38 £ 0.01 | 0.41 + 0.00 | 0.38 & 0.01 | 0.41 £ 0.00
DSH 0.20 £0.01 | 0.29 £ 0.01 | 0.34 £ 0.01 | 0.37 &= 0.01 | 0.38 £ 0.01 | 0.40 + 0.01
RR 0.18 & 0.00 | 0.29 £ 0.01 | 0.36 & 0.01 | 0.40 &+ 0.00 | 0.42 4 0.00 | 0.44 £ 0.00
BRE 0.24 + 0.01 | 0.35 & 0.00 | 0.39 £ 0.00 | 0.41 + 0.00 | 0.43 & 0.00 | 0.43 £ 0.00
isoHash | 0.27 & 0.00 | 0.37 & 0.00 | 0.41 & 0.00 {0.44 + 0.00|0.45 &+ 0.00|0.46 & 0.00
MDSH | 0.19 4 0.00 | 0.28 & 0.00 | 0.34 & 0.00 | 0.37 4 0.00 | 0.39 &= 0.00 | 0.40 =+ 0.00
GH 0.18 & 0.00 | 0.27 &£ 0.01 | 0.31 £ 0.01 | 0.35 & 0.01 | 0.37 & 0.00 | 0.39 £ 0.00

(b) MAP result of MNIST5k Dataset at £2@10%
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Figure A.4: Notredame5k Data Precision and Recall Curve, left column is £,@5%, right

column is ¢,@10% .



CHAPTER A. APPENDIX

—— LSH —e— LSH
——SH H —e—SH H
——1ITQ ——1ITQ
MLH MLH
—— SIKH —— SIKH
KLSH || KLSH ||
—— USPLH —e— USPLH
2 ---DsH || ¢ DSH ||
= ---RR ?E RR
ca - - - BRE ca BRE
:% 8 isoHasl :% a isoHash
] - - - MDSH 3 MDSH
a GH a GH
\
SN
SN
AR
\\\\
01 a
e A S S SR SN S SN N S
0 01 02 03 04 05 06 07 08 09 1 ) 01 02 03 04 05 06 07 08 09 1
Recall Recall
A.5.a: 40 bits A.5.b: 40 bits
: : : :
—+—LSH —s—LSH
——SH ——sH |
——1ITQ ——1ITQ
MLH MLH ||
—— SIKH —— SIKH
KLSH KLSH ||
—— USPLH —e— USPLH
B - - - DSH 2 ---DSH ||
= - ‘RR = -=-=-RR
ca - -- BRE co --- BRE
248 isoHash| 32 isoHash|
(5} o
o <
T a

00 0‘.1 0.‘2 0‘.3 0.‘4 O.‘5 0‘.6 0.‘7 0‘.8 0‘9 1 00 O.‘l 0‘.2 0.‘3 0‘.4 0‘.5 0.‘6 0‘.7 0.‘8 0‘.9 1
Recall Recall
A.5.c: 50 bits A.5.d: 50 bits
1 T T T T
——LSH —s—LSH
0.9 ——SH ——SH |
——1TQ ——ITQ
sl MLH MLH ||
—e— SIKH —=— SIKH
0.7 KLSH || KLSH ||
—— USPLH —e— USPLH
8 o - - - DSH 3 ---DSH ||
= ---RR b --- RR
ca - - - BRE co - - - BRE
238 % isoHash| 32 isoHash|
2 3 - - - MDSH
Q [
& o4 5
0.3f
0.2
0.1f 0.1
0 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9 1 0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 09 1
Recall Recall
A.5.e: 60 bits A.5.f: 60 bits

77
Figure A.5: Notredamebk Data Precision and Recall Curve, left column is £,@5%, right
column is ¢,@10% .
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Table A.2: MAP in Notredamebk dataset

Methods 10 20 30 40 50 60

LSH 0.10 £ 0.00 | 0.19 £ 0.01 | 0.26 £ 0.00 | 0.31 £ 0.00 | 0.33 £ 0.00 | 0.34 £ 0.01
SH 0.06 £ 0.00 | 0.06 £ 0.00 | 0.07 £ 0.00 | 0.08 £ 0.00 | 0.09 £ 0.01 | 0.11 £ 0.01
ITQ 0.16 £+ 0.00|0.28 + 0.00/0.33 £ 0.00|0.36 + 0.00|0.37 = 0.00|0.38 £+ 0.01
MLH 0.14 + 0.00 | 0.24 £ 0.01 | 0.29 £ 0.00 | 0.32 & 0.01 | 0.35 £ 0.01 | 0.36 £ 0.01
SIKH 0.06 £ 0.00 | 0.05 £ 0.00 | 0.05 £ 0.00 | 0.05 £ 0.00 | 0.05 £ 0.00 | 0.05 £ 0.00
KLSH 0.09 + 0.00 | 0.15 £ 0.01 | 0.23 £ 0.00 | 0.28 + 0.01 | 0.31 4+ 0.02 | 0.32 £ 0.01
USPLH | 0.15 £ 0.00 | 0.24 £+ 0.02 | 0.30 + 0.01 | 0.33 £ 0.01 | 0.34 4+ 0.01 | 0.34 + 0.02
DSH 0.11 + 0.01 | 0.19 £ 0.00 | 0.24 £ 0.01 | 0.27 + 0.01 | 0.30 & 0.01 | 0.32 £ 0.01
RR 0.10 £ 0.00 | 0.20 £ 0.00 | 0.28 £ 0.00 | 0.32 £ 0.00 | 0.34 £ 0.01 | 0.35 £ 0.01
BRE 0.14 £ 0.00 | 0.23 £ 0.01 | 0.28 £ 0.00 | 0.31 £ 0.00 | 0.33 £ 0.00 | 0.35 £ 0.00
isoHash |0.16 £ 0.00| 0.27 £+ 0.00 | 0.32 = 0.00 | 0.35 £ 0.00 | 0.36 & 0.01 |0.38 £ 0.00
MDSH | 0.09 £ 0.00 | 0.17 &£ 0.00 | 0.23 = 0.00 | 0.26 = 0.00 | 0.28 = 0.00 | 0.29 + 0.00
GH 0.13 £0.00 | 0.21 £ 0.00 | 0.26 & 0.00 | 0.30 £ 0.00 | 0.32 £ 0.00 | 0.34 £ 0.00

(a) MAP result of Notredamebk Dataset at £2@5%

Methods 10 20 30 40 50 60

LSH 0.18 + 0.00 | 0.28 £ 0.00 | 0.34 £ 0.01 | 0.39 + 0.01 | 0.41 4+ 0.01 | 0.42 £ 0.01
SH 0.11 £0.00 | 0.12 £ 0.00 | 0.13 £ 0.00 | 0.15 £ 0.00 | 0.16 & 0.00 | 0.17 £ 0.01
ITQ 0.26 £+ 0.00|0.37 + 0.00|0.41 + 0.00|0.43 £+ 0.00|0.45 + 0.00|0.45 + 0.01
MLH 0.24 + 0.00 | 0.34 £ 0.00 | 0.39 £ 0.00 | 0.41 £ 0.00 | 0.43 £ 0.00 | 0.44 £ 0.00
SIKH 0.11 + 0.00 | 0.14 £ 0.01 | 0.16 £ 0.01 | 0.10 &= 0.00 | 0.11 £ 0.01 | 0.10 £ 0.01
KLSH 0.15 £ 0.01 | 0.23 £ 0.00 | 0.30 £ 0.02 | 0.33 £ 0.01 | 0.37 £ 0.01 | 0.39 £ 0.02
USPLH | 0.24 + 0.00 | 0.33 = 0.00 | 0.38 £ 0.00 | 0.36 £ 0.01 | 0.41 £ 0.00 | 0.41 £ 0.02
DSH 0.21 + 0.00 | 0.29 £ 0.01 | 0.34 £ 0.01 | 0.38 & 0.00 | 0.40 4+ 0.00 | 0.41 £ 0.00
RR 0.19 + 0.00 | 0.29 £+ 0.01 | 0.36 £ 0.01 | 0.40 & 0.00 | 0.41 4+ 0.02 | 0.43 £ 0.01
BRE 0.23 £ 0.00 | 0.33 £ 0.00 | 0.38 £ 0.00 | 0.40 £ 0.00 | 0.42 £ 0.00 | 0.43 £+ 0.00
isoHash [0.26 £ 0.00| 0.36 + 0.00 |0.41 £ 0.00|0.43 £+ 0.00|0.45 + 0.00|0.45 + 0.01
MDSH | 0.17 £ 0.00 | 0.27 & 0.00 | 0.32 = 0.00 | 0.35 = 0.00 | 0.36 = 0.00 | 0.37 £ 0.00
GH 0.22 £ 0.00 | 0.30 £ 0.00 | 0.35 £ 0.00 | 0.37 £ 0.00 | 0.39 £ 0.00 | 0.41 £+ 0.00

(b) MAP result of Notredamebk Dataset at £2@10%
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Table A.3: MAP result of CIFAR10 Dataset at £,@10%

Methods 16 24 32 64 128

LSH 0.16 £0.02 | 0.21 £ 0.01 | 0.27 £ 0.01 | 0.34 £ 0.00 |0.36 £+ 0.01
SH 0.07 £0.01 | 0.08 £0.01 | 0.09 £0.02 | 0.12 £ 0.03 | 0.16 £ 0.03
ITQ 0.21 £+ 0.00|0.26 + 0.01|0.29 + 0.00{0.34 + 0.00|0.36 + 0.01
MLH 0.17 £ 0.01 | 0.21 £ 0.01 | 0.24 £ 0.00 | 0.30 £ 0.00 | 0.32 £ 0.01
SIKH 0.08 £ 0.01 | 0.05 £ 0.00 | 0.05 £ 0.00 | 0.05 £ 0.00 | 0.05 £ 0.00
KLSH 0.07 £ 0.00 | 0.06 £ 0.00 | 0.05 £ 0.00 | 0.06 &£ 0.01 | 0.06 £ 0.01
USPLH | 0.15 £ 0.01 | 0.19 &£ 0.01 | 0.21 £ 0.00 | 0.31 £ 0.02 | 0.33 £ 0.05
DSH 0.15 £ 0.00 | 0.18 £ 0.00 | 0.21 £ 0.00 | 0.25 £ 0.01 | 0.28 £ 0.01
RR 0.16 £ 0.03 | 0.23 £0.01 | 0.27 £ 0.01 |0.34 £ 0.01| 0.35 £ 0.01
BRE 0.18 £0.00 | 0.23 £0.01 | 0.26 £ 0.00 | 0.31 £ 0.00 | 0.33 £ 0.00
isoHash | 0.20 4+ 0.01 |0.26 + 0.01|0.29 + 0.00|0.34 + 0.00| 0.35 £ 0.00
MDSH | 0.09 + 0.00 | 0.09 + 0.00 | 0.09 + 0.00 | 0.10 £ 0.00 | 0.11 4+ 0.00
GH 0.18 £0.01 | 0.23 £0.00 | 0.26 £ 0.01 | 0.31 £ 0.01 | 0.34 £ 0.01

Table A.4: MAP result of Caltech101 Dataset at /,@Q10%

Methods 16 24 32 64 128

LSH 0.18 £ 0.01 | 0.24 £ 0.00 | 0.29 £ 0.00 | 0.36 & 0.00 | 0.39 £ 0.01
SH 0.05 £ 0.00 | 0.06 £ 0.00 | 0.06 £ 0.00 | 0.06 £+ 0.00 | 0.07 £ 0.00
ITQ 0.24 + 0.00|0.29 + 0.00|0.32 £ 0.00(0.37 £ 0.00| 0.39 + 0.00
MLH 0.21 £ 0.00 | 0.25 £0.01 | 0.28 £ 0.00 | 0.34 £ 0.00 | 0.37 £ 0.00
SIKH 0.06 £ 0.01 | 0.05 £ 0.00 | 0.05 £ 0.01 | 0.15 £ 0.01 | 0.28 £ 0.02
KLSH 0.08 £0.01 | 0.09 £0.01 | 0.15 £0.01 | 0.28 £ 0.00 | 0.35 £ 0.01
USPLH | 0.18 £ 0.02 | 0.24 4+ 0.01 | 0.29 + 0.00 | 0.29 £ 0.02 | 0.20 £+ 0.01
DSH 0.17 £ 0.00 | 0.20 £ 0.00 | 0.22 £ 0.01 | 0.26 £ 0.01 | 0.29 £ 0.01
RR 0.17 £ 0.01 | 0.25 £ 0.01 | 0.29 £ 0.00 |0.37 + 0.01|0.40 £+ 0.00
BRE 0.20 £ 0.00 | 0.25 £ 0.01 | 0.28 £ 0.01 | 0.33 = 0.00 | 0.35 £ 0.00
isoHash | 0.22 £ 0.01 | 0.28 &£ 0.01 | 0.31 £ 0.00 | 0.36 £ 0.00 | 0.39 % 0.00
MDSH | 0.13 £0.00 | 0.17 £ 0.01 | 0.19 £ 0.01 | 0.30 £ 0.00 | 0.35 &+ 0.00
GH 0.16 £ 0.01 | 0.20 £ 0.00 | 0.24 £ 0.02 | 0.32 £ 0.00 | 0.35 £ 0.01

A.1.2 CIFAR10 and Caltech101 dataset
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