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ABSTRACT

LARGE-SCALE HIGH DIMENSIONAL DISTANCE METRIC
LEARNING AND ITS APPLICATION TO COMPUTER
VISION

By

Qi Qian

Learning an appropriate distance function (i.e., similarity) is one of the key tasks in
machine learning, especially for distance based machine learning algorithms, e.g., k-nearest
neighbor classifier, k-means clustering, etc. Distance metric learning (DML), the subject
to be studied in this dissertation, is designed to learn a metric that pulls the examples
from the same class together and pushes the examples from different classes away from
each other. Although many DML algorithms have been developed in the past decade, most
of them can handle only small data sets with hundreds of features, significantly limiting
their applications to real world applications that often involve millions of training examples
represented by hundreds of thousands of features. Three main challenges are encountered
to learn the metric from these large-scale high dimensional data: (i) To make sure that the
learned metric is a Positive Semi-Definitive (PSD) matrix, a projection into the PSD cone
is required at every iteration, whose cost is cubic in the dimensionality making it unsuitable
for high dimensional data; (ii) The number of variables that needs to be optimized in DML
is quadratic in the dimensionality, which results in the slow convergence rate in optimization
and high requirement of memory storage; (iii) The number of constraints used by DML is at
least quadratic, if not cubic, in the number of examples depending on if pairwise constraints
or triplet constraints are used in DML. Besides, features can be redundant due to high

dimensional representations (e.g., face features) and DML with feature selection is preferred



for these applications.

The main contribution of this dissertation is to address these challenges both theoretically
and empirically. First, for the challenge arising from the PSD projection, we exploit the
mini-batch strategy and adaptive sampling with smooth loss function to significantly reduce
the number of updates (i.e., projections) while keeping the similar performance. Second,
for the challenge arising from high dimensionality, we propose a dual random projection
approach, which enjoys the light computation due to the usage of random projection and
at the same time, significantly improves the effectiveness of random projection. Third, for
the challenge with large-scale constraints, we develop a novel multi-stage metric learning
framework. It divides the original optimization problem into multiple stages. It reduces the
computation by adaptively sampling a small subset of constraints at each stage. Finally, to
handle redundant features with group property, we develop a greedy algorithm that selects
feature group and learns the corresponding metric simultaneously at each iteration leading to
further improvement of learning efficiency when combined with adaptive mini-batch strategy
and incremental sampling. Besides the theoretical and empirical investigation of DML on
the benchmark datasets of machine learning, we also apply the proposed methods to several
important computer vision applications (i.e., fine-grained visual categorization (FGVC) and

face recognition).
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Chapter 1

Introduction

Machine learning, as a subfield of artificial intelligence, involves automatically improving
from experience and has been successfully applied for many real world applications [83].
Distance functions are essential to many machine learning tasks. For example, k-nearest
neighbor (k-NN) classifier [1] assigns the test example with the most frequent label in its
k nearest neighbors from training set. K-means clustering algorithm [53] outputs clusters
according to the distance from each instance to k centers. However, Euclidean distance
with hand crafted features may not be sufficient to capture the differences between different
classes or clusters. Fig. 1.1 provides an example where the k-NN classifier with Euclidean
distance is used to identify the flower type “English marigold”. Using LLC features [113],
we found that the example from a different class (i.e., “Common dandelion”) is more closer
to the target example than the one from the same class. Therefore, learning an appropriate
distance function becomes the key for distance based methods.

In this dissertation, we will study distance metric learning (DML), which aims to learn a
metric that pulls the examples from the same class together and pushes the examples from
the different classes away from each other according to the supervised information. We start

the discussion by introducing the form of the distance metric and supervision in DML.



Common English English
dandelion marigold marigold

Figure 1.1: Illustrate the problem of Euclidean distance. The left image is more closer than
the right one to the target image under Euclidean distance while it is actually from a different
class “Common dandelion”.

1.1 Distance Metric

Distance function measures the distance between any two examples, which could be denoted
as dist(x;,x;) for d-dimensional examples x; and x;. Most existing DML methods adopt
the form of “Mahalanobis distance” [79]: dist s (x;,%;) = (x; — Xj)TM(XZ' —x;), where M
is called a distance metric with the size of d x d. It is easy to verify that the distance
function is equivalent to FEuclidean distance when M is an identity matrix. The target of
DML is to learn a better distance function (i.e., distance metric) than Euclidean distance
to evaluate the distances between pairs of examples correctly. As a distance function, it
should satisfy certain properties, such as symmetric, non-negative and triangle inequality.
Consequently, the learned metric is required to be a positive semi-definite (PSD) matrix,
which is often referred as the PSD constraint. We will elaborate strategies on how to

handle it in Section 2.1.



1.2 Supervision in Distance Metric Learning

To learn a good distance metric, certain supervised information from the data is needed.
Different from many supervised [106] or semi-supervised [123] machine learning approaches,
the supervision for distance metric learning appears as pairwise or triplet constraints rather
than the labels for training examples. Each pairwise constraint is consisted of two examples.
The metric is learned to guarantee that the distance of pairs from the same class is smaller
than a pre-defined threshold while that of pairs from different classes is large [115]. In
contrast, three examples are included in a triplet constraint [114]. A good metric should
make sure that the examples from the same class is separated from the examples of different
classes with a large margin. It is obvious that a single triplet constraint could be divided in
to three pairwise constraints. Recently, some researchers proposed quadruplet constraints,
which contain four examples in a constraint and could be considered as a variant of triplet
constraints [76].

These constraints could be derived from labels or provided by the applications directly.
For example, pairwise constraints consist of pairs of examples with the same label and pairs
of those from different classes. Some applications can also provide the pairwise constraint
directly. In face recognition [63], each training example contains two face images and the
label is given as an indicator that these two images belong to the same person or not. Given
these constraints, various DML methods are developed and representative ones with pairwise
or triplet constraints are described in Section 2.2.1 and Section 2.2.2, respectively.

Note that although dimension reduction purpose methods, e.g., principle component
analysis (PCA) [95], linear discriminant analysis (LDA) [54] or unsupervised methods, e.g,

locally linear embedding (LLE) [94], isometric feature mapping (ISOMAP) [101], sometimes



are also categorized to distance metric learning, we will focus on the discussion of the general

purpose DML methods with pairwise or triplet supervision in this study.

1.3 Computational Challenges in Distance Metric

Learning

Given these supervised information, the objective of DML is optimizing over pairwise or
triplet constraints while keeping the learned metric in the PSD cone. Many DML meth-
ods have been developed under this framework, however, little of them try to address the

fundamental issues in DML. The computational challenges are mainly from three aspects.

e To make sure the learned metric is a PSD matrix, most DML methods have to project
the intermediate solution onto the PSD cone at every iteration. The projection step
requires the eigen-decomposition operator, which costs O(d®) (at least O(d?) and d is

the dimensionality of data).

e The number of variables that need to be optimized increases from O(d) in linear model
to O(d?) in DML. It results in a slower convergence rate in solving the related opti-
mization problem [89]. In addition, d? variables become too huge to be stored in the

memory when the dimensionality of data is sufficiently large.

e Large number of constraints are needed to avoid overfitting when learning a metric.
The number of constraints could be up to O(n?) (i.e., triplet constraints), where n is

the number of examples. It means that the total cost of DML could be up to O(d3n?).

Besides, to capture the details of images in computer vision (e.g., face recognition),

over-completed descriptors are sampled from each image, which results in high dimensional

4



representations and redundant features.
The occurrence of all these problems makes the large-scale high dimensional DML an

extremely difficult task, and we will study it extensively in this work.

1.4 Applications of Distance Metric Learning to Com-

puter Vision

Distance metric learning is an important subject in machine learning, and has found appli-
cations in many domains, including information retrieval [56], supervised classification [114],
clustering [115, 23] and domain adaptation [93]. Besides machine learning community, other
research groups, e.g., computer vision and data mining [110, 111], also realize the importance
of DML, and have applied it for many real world applications.

In computer vision, DML is first found to be very helpful for image classification [49,
82, 108, 38|, visual object recognition [36, 74] and image retrieval [57, 24, 112]. Image
classification and object recognition tasks are often solved as the multi-class classification
problem. They first obtain a metric according to the pairwise or triplet information and then
apply k-NN classifier for classification. Since images are very sensitive to different poses, light
conditions and angles, DML can learn an invariant space to obtain the semantic difference
from low level features between different objects. In a standard image retrieval scenario,
training set consists of pairwise or triplet constraints and a distance metric is learned to
rank these pairs appropriately. When there comes a query image, the system should output
the images that are most similar to the query one, which is equivalent to obtaining the
images closest to the query under the learned metric.

In addition, DML is also adopted for face verification problem [59, 50, 29, 17, 71]. Face



verification is very practical and has already been used in many real businesses, e.g., ter-
rorist detection, border control and access control system [64]. After obtaining a metric
via optimizing lots of pairs of images from the same or different persons, the access control
system could identify the person automatically and keys are not necessary for the house.
For example, when a stranger comes, the camera in the door can take a photo for him and
then compare it to the photos of people who live in the house. If the pairwise compari-
son under the learned metric returns true, the door will open, otherwise it will keep close.
Compared with the traditional access badges, face is naturally unique for each person and
is more difficult or even impossible to copy, which makes the house much safer. Note that
different from conventional multi-class classification mission, there could be billion people
in the dataset and each person has little number of images (e.g., one per person), which
makes most of existing classifiers, especially one-vs-all methods, failed for this classification
problem with huge number of classes. Besides these applications, DML is also adopted by
object tracking [27, 104], video event detection [4, 87|, etc. in computer vision.

In this work, we will introduce DML to fine-grained visual categorization (FGVC) [7]. In
contrast to classifying an image to a basic class, FGVC requires to categorize the image to a
subordinate class, where classes only have subtle difference and the number of classes could
be very large. Furthermore, the images in the same class could be very different due to the
different poses, examples, etc., which means the intra-class variant is large. The properties
of DML, which is independent from the number of classes compared to one-vs-all strategy
and flexible to handle large intra-class invariant, make it appropriate for FGVC. To the best

of our knowledge, this is the first work to apply DML for the challenging FGVC task.



1.5 Contributions

In this study, we develop several randomized algorithms to alleviate the challenges described
in Section 1.3. First, to reduce the number of PSD projections, we combine the mini-batch
stochastic gradient descent method with an adaptive sampling strategy. Second, we develop a
dual random projection method to handle the large number of variables. Finally, we propose
a multi-stage metric learning framework to divide the learning procedure into a series of
subproblems, where each one only has an epoch (O(n)) of active constraints, and the total
computational cost of the resulting new framework of DML is linear in the dimensionality
and the number of examples (O(dn)). Besides these, we investigate the feature selection
problem and develop a greedy method to select features and learn metrics simultaneously.

The detailed contributions of the dissertation are described as follows.

e We first exploit the combination of the mini-batch strategy with smooth loss function
for DML. Then, we propose an adaptive sampling approach for efficient DML. We veri-
fy, both theoretically and empirically, the efficiency and effectiveness of the mini-batch
strategy with smooth loss and the adaptive sampling approach for DML, respectively.
Finally, we present two hybrid approaches that exploit the combination of the mini-
batch strategy with adaptive sampling for DML. To the best of our knowledge, it is
the first work that reduce the number of updates in DML while keeping the similar

performance.

e We propose a dual random projection approach for high dimensional DML. Our ap-
proach, on one hand, enjoys the light computation of random projection, and on the
other hand, significantly improves the effectiveness of random projection. We verify

the effectiveness of the proposed algorithms both empirically and theoretically.



e We develop a novel multi-stage metric learning framework for high dimensional DML
to address high dimensional DML with large number of constraints. We divide the
original optimization problem into multiple stages. At each stage, only a small subset
of constraints that are difficult to be classified by the currently learned metric will
be adaptively sampled and used to improve the learned metric. Then we extend the
dual random projection strategy to solve each subproblem. The empirical study with
standard FVGC benchmark datasets verifies that our framework is both effective and

efficient compared to the state-of-the-art FGVC approaches.

e We propose a greedy algorithm that can select descriptors (i.e., features) and learn the
corresponding metrics simultaneously for face recognition with the guaranteed conver-
gence rate. To alleviate the high computational cost of exhausted search that finds only
one feature group at each iteration, we investigate the adaptive mini-batch strategy
and incremental sampling respectively, and the hybrid algorithm that combines these
two strategies is also studied. The empirical study on face recognition confirms the

effectiveness and efficiency of the proposed methods.



Chapter 2

Literature Survey

In this chapter, we will introduce the existing DML methods briefly. Section 2.1 describes
the general strategies to address the PSD constraint that all DML methods have to deal
with. After that, Section 2.2 - 2.4 present the popular DML methods. Finally, Section 2.5

summarizes the theoretical analysis for DML.

2.1 PSD Constraint in Distance Metric Learning

Before introducing the specific DML methods, we first demonstrate the strategies to handle
PSD constraint, which keeps the learned metric in the PSD cone, in DML. Both early DML
methods that require the gradient from all constraints at each iteration [115, 45], and efficient
approaches [66, 98] that deal with only one constraint at each iteration by exploiting the
techniques of online learning or stochastic optimization, share one common strategy: in order
to ensure that the learned distance metric is PSD, these approaches require, at each iteration,
projecting the learned distance metric M onto the PSD cone by solving the problem

min || M — M|%
MePSD

The solution is the positive eigenvalues with the corresponding eigenvectors [47] (i.e., M =

> )\ivivé, A; > 0 where \; and v; are the i-th eigenvalue and the corresponding eigenvector



of M ). Therefore, it has to perform the eigen-decomposition for a given matrix, which is
computationally expensive (i.e., at least O(dQ)).

Several studies have been proposed to avoid projections in SGD. In [55], the authors de-
veloped a projection free SGD algorithm that replaces the projection step with a constrained
linear programming problem. In [80], the authors proposed a SGD algorithm with only one
projection that is performed at the end of the iterations. Unfortunately, the improvement of
the two algorithms in computational efficiency is limited, because they have to compute, at
each iteration, the minimum eigenvalue and the eigenvector of the updated distance metric,
an operation with O(d?) cost, where d is the dimensionality of the data.

It is noteworthy to mention that in a recent study [24], the authors show empirically that
it is possible to learn a good distance metric using online learning without having to perform
the projection at each iteration. In fact, only one projection into the PSD cone is performed
at the end of online learning to ensure that the resulting matrix is PSD. It is different from
the algorithms presented in [55, 80] and no additional mechanisms are needed to prevent the
intermediate solutions from being too far away from the PSD cone. We refer this strategy

as one-projection paradigm in the rest of this dissertation.

2.2 Linear Distance Metric Learning

Most of conventional DML approaches are equivalent to seeking a linear transformation for
the input space. In this section, we will describe representative approaches in detail according

to the type of constraints used. More examples could be found in two survey papers [117, 73]
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2.2.1 Distance Metric Learning with Pairwise Constraints

As mentioned in Section 1.2, DML usually involves two kinds of constraints: pairwise or
triplet. Most early works for distance metric learning focus on optimizing pairwise con-
straints. Xing, et al. [115] proposed one of the earliest methods for the typical DML problem
as studied in this dissertation. The objective is maximizing the distance between the pairs of
examples from the different classes while keeping the distance between the pairs of examples
with the same label less than a pre-defined threshold. Although the problem is solved via a
semi-definite programming (SDP) method [12] that is only runnable on small datasets, they
show the advantage of DML for distance based methods and simulate more research for this
topic. POLA method [96] is then proposed to alleviate the computation cost of DML. It is
an online learning method, which only receives a single pairwise constraint at each iteration.
If the current metric makes a mistake, it will be updated accordingly, otherwise the metric
will be the same. The cost of each iteration is much less since only the gradient from a single
constraint is computed. In addition, the PSD projection is only needed when the pair of
examples from the same class is misclassified and the cost could be as low as O(d?) since
the update is a rank one matrix. MCML [45] is the convex relaxed version of NCA [46].
It represents the extreme case of DML that all data points in the same class should be
mapped into a single location by the learned metric. For this purpose, it minimizes the KL
divergence between the distribution returned by the learned metric and that from the ideal
case. It also proposed to keep a low-rank copy after obtaining the metric to achieve dimen-
sion reduction. Till now, all of these DML methods may require PSD projection at every
iteration, which could be O(d3). ITML [32] applied the LogDet regularizer to avoid PSD

projections. LogDet divergence is a Bregman matrix divergence [13] between two matrices.
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By introducing this regularizer, the metric is updated in the inverse form with a rand one
matrix at each iteration, which could be finished without computing the inverse practically
via the Sherman-Morrison-Woodbury formula. Meanwhile, the updating rule makes sure
that the intermediate learned metric is still in the PSD cone. Although there is no PSD
projection for ITML, the additional cost is included and the cost for each iteration is still

no less than O(d?).

2.2.2 Distance Metric Learning with Triplet Constraints

DML methods with pairwise constraints aim to learn a metric that collapse all examples in
each class to a small cluster whose radius is the pre-defined threshold. However, it is difficult
when the intra-class variance is large, which is often the case in real world applications.
Thus, triplet constraints is proposed to handle this problem more flexibly [114]. Each triplet
constraint contains three examples: two examples with the same label where one is among
the k-nearest neighbors of the target example and one example from the different class who
is also in the nearest neighbors of the target example. LMNN [114] then learns the metric
to push away the example of different class with a large margin. Fig. 2.1 illustrates the
effectiveness of LMNN. Compared with previous DML approaches, it only requires that the
examples in the nearest neighbors could be collapse to a small cluster, which preserves the
large intra-class variance and is more appropriate for combining with £-NN classifier. Since
it borrows the concept of large margin, it also could be analyzed from the view of support
vector machine (SVM) [107], where LMNN is similar to learn a series of local SVM-like
models [33].

After the success of LMNN, Chechik, et al. [24] applied the triplet constraints with an

online learning fashion for efficiency and achieved a good performance for ranking. Surpris-

12



BEFORE AFTER

' s M

local neighborhood | — e

\: il X

~ gy s \

AN .fr V.

// I/ f@O \
N\ i \ \

_~-~ “margin

e |
=~
~

J

() similarly labeled

. Differently labeled
e _| target neighbor | [ Differently labeled

\

Figure 2.1: The figure is from the work [114] and illustrates the learning procedure of LMNN.
The learned metric pushes away the examples that are from different classes but in the nearest
neighbors with a large margin.

ingly, they found empirically that one PSD projection at the end of the algorithm will not
affect the performance, which implies the potential possibility of getting rid of the expensive
PSD projection. Since gradient descent method requires projecting the intermediate solution
onto PSD cone, Shat, et al. [98] adopted mini-batch stochastic gradient descent method to
balance the cost of computing gradient and that of PSD projection. Furthermore, it also
reduces the variance of the stochastic method, which only randomly samples a single triplet

at each iteration.

2.3 Nonlinear Distance Metric Learning

Sometimes, linear transformation could not exploit complicated data distribution sufficiently,
e.g, face images usually lie on the nonlinear manifold [59]. To handle this nonlinear feature

space, kernel trick, which has been well studied in linear model [15], is applied to extend the
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existing DML methods [45, 32, 114, 102]. Its basic idea is mapping the input examples to a
much higher or even infinite dimensional space and then obtaining the linear transformation
there. Although it sometimes performs better, the size of learned metric (i.e., dual variables)
is (’)(n2) for DML, which is more expensive when n > d. The alternative way to provide
nonlinear learning capacity is deep learning (or called deep neural networks), which is
very popular these years due to its encouraging performance [72]. Unlike kernel trick, deep
learning deals with the input features directly and learns the nonlinear mapping between
each layer according to nonlinear activation functions, e.g., tanh, sigmoid, etc. The original
structure of deep learning is designed for classification and the pipeline is optimized with the
single image as input. By replacing the loss function as pairwise [59] or triplet distance [112]
and concatenating the pipelines in parallel, it is convenient to adapt to DML tasks.
Besides these extensions for the single metric learning, there are some studies on learning
multiple metrics simultaneously. The key part is defining the metric for appropriate
components. Some works apply multi-metric learning on data. That is, they learn each
metric for each class or local cluster, and sometimes even for each single example [42, 84].
For example, MM-LMNN [114] learns a metric per class and the distance between two
examples is defined on the metric corresponding to the label of examples. On the other
hand, the multiple metrics also could be learned according to different feature blocks [61, 29].
For example, each face image could be divided into different parts, e.g., nose, eyes, ears,
etc., and then PMML [29] learns a single metric on each feature block which represents
the different part. Although multiple metrics may improve the performance over a single
metric, it intensifies the already expensive optimization problem by increasing the number
of metrics. Moreover, some good properties of a single metric are sacrificed, e.g., global

transformation, interactions between different components, etc. Since all of these extensions
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are based on conventional DML, we will focus on learning a single linear distance metric in

this dissertation.

2.4 Improving Efficiency of Distance Metric Learning

Although many DML methods have been developed, the cost of update at each iteration is
still (O(d?)) due to the number of variables. Recently, some works aim to alleviate the high
computation cost via sparsity. Different from linear classifier, the sparsity of metric could
come from two aspects: low rank and item sparsity.

Since each metric is a PSD matrix, it could be decomposed as M = LL, where M is a
d x d matrix, L is a d X r matrix and r is the rank of M. When r < d, the total number of
variables for optimizing decreases from d? to rd, which is only O(d). Some existing methods
apply low rank strategy to accelerate the learning process [114, 31]. The drawback is that
the corresponding optimization problem is not convex anymore, hence, it is not guaranteed
to obtain a global optimal metric. In addition, these methods require to fix r before applying
the DML methods, which easily leads to the suboptimal solution when the true rank is larger
than the pre-defined rank. Some studies apply trace norm or fantope regularization [77] to
obtain a low rank metric, while the cost for training stage is still at least O(d?).

For item sparsity, it could be further categorized into two parts: sparsity on the single
item and sparsity on the columns. The former one assumes that only s items have the
nonzero value in each column/row, where s < d and is corresponding to the L regularizer
for each column/row [89]. In the latter scenario, there is only limited number of columns with
nonzero items, which is equivalent to penalizing the whole matrix with Lg 1 regularizer [78].

These methods could output the sparse metric which is efficient for test stage, however, the
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learning process still involves O(d?) variables.

2.5 Generalization Performance of Distance Metric

Learning

Besides developing different DML methods for applications, some studies begin to analyze
the generalization performance of DML methods theoretically [68, 16, 6]. Given a specific
DML method and the training set that are i.i.d. sampled from an unknown distribution, we
are interested in the learned model’s prediction error on an arbitrary pairwise constraint from
the true distribution, which is known as generalization error. However, the only evaluation
that we could have is its prediction error on the training set, which is usually referred as
empirical error. According to the theory of stability, Jin, et al. [68] proposed the first
work that uncovered the relationship between them in DML and found that the empirical
error converges to the generalization error at the rate of (’)(\/%) with high probability. After
that, some other studies show the similar result via different techniques [16, 6]. Cao, et al.
further researched the influence from the different regularizers, such as Frobenius norm, L
norm, L9 1 norm and trace norm.

These analyses are based on the classification accuracy for pairwise constraints, while
the more interesting question is the performance of k-NN classifier with the learned metric.
Guo, et al. [51] proposed the theory that bridges this gap and shows that the generalization
error of the linear SVM with the similarity matrix from the learned metric is upper bound-
ed by the generalization error of the corresponding metric learning, which means that the

generalization performance of linear classifier is guaranteed by that of metric learning.
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Chapter 3

Large-scale Distance Metric Learning
by Adaptive Sampling and
Mini-Batch Stochastic Gradient

Descent (SGD)

In this chapter!, we will address the challenge from PSD projections (O(d?)). Unlike previous
efforts for handling PSD constraint as mentioned in Section 2.1, we will focus on reducing
the number of PSD projections rather than optimizing each projection in SGD, which is the
popular strategy for large-scale data. As a result, the key challenge in developing efficient
SGD algorithms for DML is how to reduce the number of projections without affecting the
performance of DML.

A common approach for reducing the number of updates and projections in DML is to
use the non-smooth loss function. A popular choice of the non-smooth loss function is the
hinge loss, whose derivative becomes zero when the input value exceeds a certain threshold.
Many online learning algorithms for DML [24, 32, 66] take advantage of the non-smooth loss

function to reduce the number of updates and projections. In [98], the authors proposed a

L This chapter is adapted from the published paper: Q. Qian, R. Jin, J. Yi, L. Zhang and S. Zhu. Effi-
cient Distance Metric Learning by Adaptive Sampling and Mini-Batch Stochastic Gradient Descent (SGD).
Machine Learning Journal (MLJ), 99:3, 353-372, 2015.
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structure preserving metric learning algorithm (SPML) that combines a mini-batch strategy
with the hinge loss to further reduce the number of updates for DML. It groups multiple
constraints into a mini-batch and performs only one update of the distance metric for each
mini-batch. But, according to our empirical study, although SPML reduces the running time
of the standard SGD algorithm, it results in a significantly worse performance for several
datasets, due to the deployment of the mini-batch strategy.

In this chapter, we first develop a new mini-batch based SGD algorithm for DML, termed
Mini-SGD. Unlike SPML that relies on the hinge loss, the proposed Mini-SGD algorithm
exploits a smooth loss function for DML. By using a smooth loss function, the proposed
algorithm is able to effectively take advantage of the reduction in the variance of gradients
achieved by the mini-batch, which in return leads to a better regret bound for online learn-
ing [28] and consequentially a more accurate prediction for the learned distance metric. We
show theoretically that by using a smooth loss function, Mini-SGD is able to achieve sim-
ilar convergence rate as the standard SGD algorithm but with significantly less number of
updates. The second contribution of this work is to develop a new strategy, termed adap-
tive sampling, for reducing the number of projections in DML. The key idea of adaptive
sampling is to first measure the “difficulty” in classifying a constraint using the learned dis-
tance metric, and then perform stochastic updating based on the difficulty measure. Finally,
we develop two hybrid approaches that combine adaptive sampling with mini-batch to
further improve the computational efficiency of SGD for DML. We conduct an extensive em-
pirical study to verify the effectiveness and efficiency of the proposed algorithms for DML.

We summarize the main contribution of this work as follows:

e To the best of our knowledge, this is the first work that exploits the combination of the

mini-batch strategy with smooth loss function for DML. We verify, both theoretically
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and empirically, the efficiency and effectiveness of the mini-batch strategy with smooth

loss for DML.

e We propose an adaptive sampling approach for efficient DML. We verify, both theoreti-
cally and empirically, the efficiency and effectiveness of the adaptive sampling approach

for DML.

e We present two hybrid approaches that exploit the combination of the mini-batch
strategy with adaptive sampling for DML. Our extensive empirical study verifies that
the hybrid approaches are significantly more efficient than both the mini-batch strategy

and the adaptive sampling approach.

The rest of this chapter is organized as follows: Section 3.1 describes the proposed SGD
algorithms for DML based on mini-batch and adaptive sampling. Two hybrid approaches
are presented that combine mini-batch and adaptive sampling for DML. The theoretical
guarantees for both mini-batch based and adaptive sampling based SGD are also presented
in Section 3.1. Section 3.2 summarizes the results of the empirical study, and Section 3.3

concludes this chapter.

3.1 Improved SGD for DML by Mini-batch and Adap-
tive Sampling

We first review the basic framework of DML with triplet constraints. We then present two
strategies to improve the computational efficiency of SGD for DML, one by mini-batch and

the other by adaptive sampling. We present the theoretical guarantees for both strategies,
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and defer more detailed analysis to the appendix. At the end of this section, we present two
hybrid approaches that combine mini-batch with adaptive sampling for more efficient DML.

Let X ¢ R? be the domain for input patterns, where d is the dimensionality. For the
convenience of analysis, we assume all the input patterns with bounded norm, i.e. Vx €
X, |x|]2 < r. Given a distance metric M € RdXd, the distance square between x, and xp,

denoted by dist ;s (xq4,Xp), is measured by
dist y 7 (Xa, Xp) = (xa — Xp) | M(xq — Xp)

Let Q ={M : M = 0,||M| g < R} be the domain for distance metric M, where R specifies

the domain size. Let D = {(le, x}, x,lc), Ce (va, xj-v, Xév)} be the set of triplet constraints

used for DML, where xg is expected to be closer to X? than to x}z. Let ¢(z) be the convex

loss function. Define A(xg, xg-, xi; M) as

A, s M) = distiy (], x},) — disty (], x))

= (M o = ) o =) T = (o = (=) T) = (01, )

where

t t t ty T t

*,
|
y

Given the triplet constraints in D and the domain in €2, we learn an optimal distance metric

M e Réxd by solving the following optimization problem

]I\/f[lgglz E(M) = —Zf <A(X§,X§,X};;M)> (3.1)
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We also define the expectation of the loss function as
L(M) = E[((A(x;,xj,%p; M))] (3.2)

where the expectation is taken over x;, x; and x.

The key idea of online DML is to minimize the empirical loss [,A(M ) by updating the
distance metric based on one sampled constraint at each iteration. More specifically, at
iteration t, it samples a triplet constraint (xg, X;-, X};), and updates the distance metric M}

to M1 by

M1 = g (M =t/ (AL ks M) Ay

where 7 > 0 is the step size, ¢/(-) is the derivative and Il (M) projects a matrix M onto
the domain €. The following proposition shows Il (M) can be computed in two steps, i.e.
first projecting M onto the PSD cone, and then scaling the projected M to fit in with the

constraint [|M||p < R.

Proposition 1. [12] We have

1

HolM) = TR D

P(M)
Here P(M) projects matriz M onto the PSD cone and is computed as
d
P(M) = Zmax()\i, O)VZ'VZT
=1

where (N\;,v;),i =1,...,d are the eigenvalues and corresponding eigenvectors of M.

As indicated by Proposition 1, Il (M) requires projecting distance metric M onto the
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PSD cone, an expensive operation that requires eigen-decomposition of M.

Finally, we approximate the hinge loss by a smooth loss in our study
1
Uz) = 7 log(1 4 exp (—L(z —1))) (3.3)

where L > 0 is a parameter that controls the approximation error: the larger the L, the
closer ¢(z) is to the hinge loss. Note that the smooth approximation of the hinge loss was
first suggested in [122] for classification and was later verified by an empirical study in [119].

The key properties of the loss function ¢(z) in (3.3) are given in the following proposition.

Proposition 2. For the loss function defined in (3.3), we have
VzeR, |((2)] <1, |0(2)] < LU2)

Compared to the hinge loss function, the main advantage of the loss function in (3.3) is
that it is a smooth loss function. As will be revealed by our analysis, it is the smoothness
of the loss function that allows us to effectively explore both the mini-batch and adaptive
sampling strategies for more efficient DML without having to sacrifice the prediction perfor-

mance.

3.1.1 Mini-batch SGD for DML (Mini-SGD)

Mini-batch SGD improves the computational efficiency of online DML by grouping multiple
constraints into a mini-batch and only updating the distance metric once for each mini-batch.

For brevity, we will refer to this algorithm as Mini-SGD for the rest of the chapter.
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Algorithm 1 Mini-batch Stochastic Gradient Descent (Mini-SGD) for DML

t
7

1: Input: triplet constraints {(x
size R

X?,X};)}ivzl, step size 1, mini-batch size b, and domain

2: Initialize My =1 and T'= N/b
3 fort=1,...,7T do
4:  Sample b triplet constraints {(XE’S, xz”i x};’s)}gzl
5:  Update the distance metric by
My = g (My — Vi (My))
6: end for

7. return M = %Zle M;

Let b be the batch size. At iteration ¢, it samples b triplet constraints, denoted by

ts _t,s _t,s
(x; XXy, ),s=1,...,b,

and defines the mini-batch loss at iteration ¢ as

b
1 ts ts _t
(M) = 3300 (AGG” X% M) )

s=1

Mini-batch DML updates the distance metric M; to My 1 using the gradient of the mini-bach
loss function (¢ (M), i.e.,

M1 =g (My — 0Vl (My))

Algorithm 1 gives the detailed steps of Mini-SGD for DML, where in step 5 Proposition 1 is
used to efficiently compute the projection Ilg(-).
The theorem below provides the theoretical guarantee for the Mini-SGD algorithm for

DML using the smooth loss function defined in (3.3).

Theorem 1. Let M be the solution output by Algorithm 1 that uses the loss function defined
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in (3.3). Let My be the optimal solution that minimizes L(M). Assuming ||A¢||p < A for

any triplet constraint and n < 1/(3LA2), we have

Pl < 20 s

3.4
— 1-3nLA%2  2(1-3nLA2)nN (3:4)

where the expectation is taken over the sequence of triplet constraints.

Remark 1 First, we observe that the second term in the upper bound in (3.4), i.e.,
bR?/[2(1—3nLA2%)nN], has a linear dependence on mini-batch size b, implying that the larger
the b, the less accurate the distance metric learned by Algorithm 1. Hence, by adjusting
parameter b, the size of mini-batch, we are able to make appropriate tradeoff between the
prediction accuracy and the computational efficiency: the smaller the b, the more accurate
the distance metric but with more updates and consequentially higher computational cost.
When L£(M,) = 0, we have E[L(M)] = O(1/N), i.e. the expected prediction error will be

reduced at the rate of b/N, significantly faster than that of the mini-batch SGD algorithm

(i.e. O(1/v/N)) given in [28]. Second, if we set 7 as:

p 3bLR?A?
— h = 3.5
T2 Y PT NL(OML) (3:5)
we have
2 p2
E[L(M)] < 2L(M,) 6[’%}3 (3.6)

Although the step size in (3.5) requires the knowledge of £(My) that is usually unavailable,
as suggested in [67], L(My) can be estimated empirically using part of training examples.

Third, the bound in (3.4) reveals the importance of using a smooth loss function as the
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Algorithm 2 Adaptive Sampling Stochastic Gradient Descent (AS-SGD) for DML

1: Input: triplet constraints {(Xg, X;-, X];g)}i]\il’ step size 7, and domain size R
2: Initialize M1 =1
3: fort=1,...,N do
4:  Sample a binary random variable Z; with
Pr(Z; = 1) = [(/(A(x], x5, x5 My))|

5. if Z; =1 then
6: Update the distance metric by

T = sign(f'(A(xf,x},xf{; M), Mirr =g (Mg — nrpAg)
7. end if
8: end for
9: return M = % Zi\il M,

last term in (3.4) is proportional to L that measures the smoothness of the loss function.
As a result, using a non-smooth loss function (e.g. hinge loss) in DML will not be able to
benefit the advantage of the mini-batch strategy. Finally, unlike the analysis in [98] (i.e.
Theorem 2) that only consider the case when b = 1, Theorem 1 provide a general result for

any mini-batch size b.

3.1.2 Adaptive Sampling based SGD for DML (AS-SGD)

We now develop a new approach for reducing the number of updates in SGD in order
to improve the computational efficiency of DML. Instead of updating the distance metric at

each iteration, the proposed strategy introduces a random binary variable to decide if the

distance metric My will be updated given a triplet constraint (x’g, XE», xff) More specifically,
it computes the derivative ¢ (A(Xﬁ,xg,xz; My)), and samples a random variable Z; with

probability

Pr(Z; = 1) = [¢(AGx xt, x: My))
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The distance metric will be updated only when Z; = 1. According to Proposition 2, we have
]f’(A(xf,xé,x};; My))| < Lﬁ(A(xg,xz,x};; My)) for the smooth loss function given in (3.3),
implying that a triplet constraint has a high chance to be used for updating the distance
metric if it has a large loss. Therefore, the essential idea of the proposed adaptive sampling
strategy is to give a large chance to update the distance metric when the triplet is difficult to
be classified and a low chance when the triplet can be classified correctly with large margin.
We note that an alternative strategy is to sample a triplet constraint (Xg, X;-, XZ) base on its
loss €(A(x§, X?, X’];; My)). We did not choose the loss as the basis for updating because it is
the derivative, not the loss, that will be used by SGD for updating the distance metric. The
detailed steps of adaptive sampling based SGD for DML is given in Algorithm 2. We refer
to this algorithm as AS-SGD for short in the rest of this chapter.

The theorem below provides the performance guarantee for AS-SGD. It also bounds the

number of updates Ethl Z; for AS-SGD.

Theorem 2. Let M be the solution output by Algorithm 2 that uses the loss function defined
in (3.3). Let My be the optimal solution that minimizes L(M). Assuming ||A¢||p < A for

any triplet constraint and n < 2/LA2, we have

. L(M,) R?
E|L(M)|l < 3.7
[£@n)] < 1 —nLA%/2 * 2nN(1 — nLAZ%/2) (3.7)
and the number of updates bounded by

N 2

NLL(M,) LR
E VA 3.8
; N = 1—nLAZ/2 " 251 — nLA2/2) (3:8)

where the expectation is taken over both the binary random variables {Zt}i\il and the se-
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quence of triplet constraints.

Remark 2 If we set 1 as

2p ) LA?R?
= —————— where = ——
T TAZ(1 1 2p) P = ANL(M,)
we have
. LR%A?
E[L(M)] < 2£(My) + =— (3.9)
and
N
E (Y 2| <2NLL(M.)+ L*A*R? (3.10)
t=1

The bounds given in (3.7) and (3.9) share similar structures as those given in (3.4) and (3.6)
except that they do not have mini-batch size b that can be used to make tradeoff between
the number of updates and the classification accuracy. The number of updates performed
by Algorithm 2 is bounded by (3.10). The dominate term in (3.10) is O(L(Mx)N), implying
that Algorithm 2 will have a small number of updates if the optimal distance metric only
makes a small number of mistakes for the given set of training triplets. In the extreme case
when L(My) — 0, the expected number of updates will be bounded by a constant L2A2R2.
We note that this is consistent with our intuition: it will be easy to learn a good distance
metric when the optimal one only makes a few mistakes, and as a result, only a few updates
are needed to find a distance metric that are consistent with most of the training triplets.
Compared with the result of perceptron method [96], we do not assume that the dataset is

separable, which makes our bound for the number of updates more practically useful.
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Algorithm 3 A Framework of Hybrid Stochastic Gradient Descent (Hybrid-SGD) for DML

t
7

1: Input: triplet constraints {(x
size R

X;-,X};)}ivzl, step size 1, mini-batch size b, and domain

2: Initialize My =1 and T'= N/b
3 fort=1,...,7T do
4:  Sample b triplets {xf’s, X?S, xzs}gzl
5. | Compute sampling probability fyt({xz’s, xz.’s, X};’S}gzl; My) as in Eqn. 3.11 or 3.12
6:  Sample a binary random variable Z; with
Pr(Z;=1) =

7. if Z; =1 then
8: Update the distance metric by

o= 1/%

My = oMy — V(M)

9:  end if
10: end for

11: return M = %23:1 My

3.1.3 Hybrid Approaches: Combining Mini-batch with Adaptive

Sampling for DML

Since mini-batch and adaptive sampling improve the computational efficiency of SGD
from different aspects, it is natural to combine them together for more efficient DML. Similar
to the Mini-SGD algorithm, the hybrid approaches will group multiple triplet constraints into
a mini-batch. But, unlike Mini-SGD that updates the distance metric for every mini-batch
of constraints, the hybrid approaches follow the idea of adaptive sampling, and introduce a
binary random variable to decide if the distance metric will be updated for every mini-batch
of constraints. By combining the strength of mini-batch and adaptive sampling for SGD,
the hybrid approaches are able to make further improvement in the computational efficiency

of DML. Algorithm 3 highlights the key steps of the hybrid approaches.
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One of the key steps in the hybrid approaches (step 5 in Algorithm 3) is to choose

t,s _t,s _t,s
X7, %,7), s

appropriate sampling probability ~; for every mini-batch constraints (xi XS

1,...,b. In this work, we study two different choices for sampling probability ~¢:

e The first approach chooses 7 based on a triplet constraint randomly sampled from a

mini-batch. More specifically, given a mini-batch of triplet constraints {xf’s, x?s, XZ’S}

b
s=1

it randomly samples an index s’ in the range [1, b]. It then sets the sampling probability
v+ to be the derivative for the randomly sampled triplet, i.e.,

t7 / t, / t, /
v = 10(AGG %" x5 M) (3.11)

We refer to this approach as HR-SGD.

e The second approach is based on the average case analysis. It sets the sampling
probability as the average derivative measured by the norm of the gradient V¢ (M),
ie.,

1
= — M 12
o W||Vft( olira (3.12)

where W = maxy | V{(My)|| p and is estimated by sampling. We refer to this approach

as HA-SGD.

3.2 Experiments

Ten datasets are used to validate the effectiveness of the proposed algorithms. Table 3.1
summarizes the information of these datasets. Datasets dna, letter [58], protein and sensit [35]
are downloaded from LIBSVM [22]. Datasets tdt30 and rcv20 are document corpora: tdt30 is

the subset of tdt2 data [14] comprised of the documents from the 30 most popular categories
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Table 3.1: Statistics for the ten datasets used in our empirical study.

# class | # feature | # train # test
semeton | 10 256 1,115 478
dna 3 180 2,000 1,186
1solet 26 617 6,238 1,559
tdt30 30 200 6,575 2,819
letter 26 16 15,000 5,000
protein | 3 357 17,766 6,621
connects | 3 42 47,289 20,268
sensit 3 100 78,823 19,705
rcv20 20 200 477,141 14,185
poker 10 10 1,000,000 | 25,010

and rcv20 is the subset of a large revl dataset [5] consisted of documents from the 20 most
popular categories. Following [24], we reduce the dimensionality of these document datasets
to 200 by principle components analysis (PCA). All the other datasets are downloaded
directly from the UCI repository [40]. For all the datasets used in this study, we use the
standard training/testing split provided by the original dataset, except for datasets semeion,
connect and tdt30 where 70% of data is randomly selected for training and the remaining
30% is used for testing. All the experiments are repeated five times, and both the average

results and their standard deviation are reported. All the experiments are run on a laptop

with 8GB memory and two 2.50GHz Intel Core i5-2520M CPUs.

3.2.1 Parameter Setting

The parameter L in the loss function (3.3) is set to be 3 according to the suggestion in [122].
The number of triplet constraints NN is set to be 100,000 for all the datasets except for two
small datasets semeion and dna where N = 20n. To construct triplet constraints, we follow

the active sampling strategy given in [114]: at each iteration ¢, we first randomly pick a
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training example Xg, and then XE- from the 3 positive nearest neighbors 2 of X%; we then
randomly select a triplet constraint from the set of active constraints 3 involving xlg and x;..
We note that this is different from [24], where triplet constraints are selected completely
randomly. Our empirical study shows that the active sampling strategy is more effective
than choosing triplet constraints completely randomly. This is because the actively sampled
constraints are more informative to the learned distance metric than a completely random
choice. Furthermore, to verify that the choice of N does not lead to the overfitting of
training data, particularly for the two small datasets, in Fig. 3.1, we show the training and
test errors for dataset dna. It is clear that both errors decline over epoches, suggesting that
no overfitting is found even for the small dataset.

For Mini-SGD and the hybrid approaches, we set b = 10 for the size of mini-batch as
in [98], leading to a total of T = 10,000 iterations for these approaches. We evaluate the
learned distance metric by the classification error of a k-NN on the test data, where the
number of nearest neighbors £ is set to be 3 based on our experience.

Parameter R in the proposed algorithms determines the domain size for the distance
metric to be learned. We observe that the classification error of k-NN remains almost
unchanged when varying R in the range of {100, 1000,10000}. We thus set R = 1,000 for
all the experiments. Another important parameter used by the proposed algorithms is the
step size n. We evaluate the impact of step size 17 by measuring the classification error of
a k-NN algorithm that uses the distance metric learned by the Mini-SGD algorithm with
n = {0.1,1,10}. We observe that n = 1 yields a low classification error for almost all

datasets. We thus fix n = 1 for the proposed algorithms in all the experiments.

2xj is a positive nearest neighbor of x; if X and x; share the same class assignment.

3A constraint is active if its hinge loss based on the Euclidean distance is non-zero.
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Figure 3.1: The training and testing errors over epoches for dataset dna.

3.2.2 Experiment (I): Effectiveness of the Proposed SGD Algo-

rithms for DML

In this experiment, we compare the performance of the proposed SGD algorithms for DML,
i.e., Mini-SGD, AS-SGD and two hybrid approaches (HR-SGD and HA-SGD), to the full ver-
sion of SGD for DML (SGD). We also include Euclidean distance as the reference method in
our comparison. Table 3.2 shows the classification error of k-NN (£ = 3) using the proposed
DML algorithms and the baseline algorithms, respectively. First, it is not surprising to ob-
serve that all the distance metric learning algorithms improve the classification performance
of k-NN compared to the Euclidean distance. Second, for almost all datasets, we observe
that all the proposed DML algorithms (i.e., Mini-SGD, AS-SGD, HR-SGD, and HA-SGD)
yield similar classification performance as SGD, the full version of SGD algorithm for DML.

This result confirms that the proposed SGD algorithms are effective for DML despite the
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modifications we made to the SGD algorithm.

Table 3.2: Classification error (%) of k-NN (k = 3) using the distance metrics learned by the
proposed SGD methods for DML. Standard deviation computed from five trials is included

in the parenthesis.

Euclid | SGD Mini-SGD | AS-SGD | HR-SGD | HA-SGD
semeion | 8.79 | 4.39(0.30) | 4.60(0.53) | 4.23(0.60) | 4.27(0.41) | 4.18(0.26)
dna 20.71 | 6.90(0.16) | 6.64(0.33) | 7.15(0.42) | 6.80(0.21) | 6.86(0.15)
isolet | 8.98 | 5.98(0.15) | 4.23(0.19) | 6.09(0.13) | 4.59(0.30) | 4.77(0.17)
tdt30 | 5.96 | 4.51(0.07) | 3.52(0.08) | 4.53(0.06) | 3.70(0.20) | 3.65(0.09)
letter | 4.42 | 2.26(0.09) | 2.54(0.06) | 2.25(0.10) | 2.31(0.08) | 2.23(0.07)
protein | 49.95 | 39.46(0.42) | 38.16(0.24) | 39.49(0.51) | 40.76(0.20) | 40.03(0.30)
connect/ | 29.48 | 20.16(0.08) | 20.20(0.08) | 20.22(0.12) | 21.45(0.71) | 20.41(0.14)
sensit | 27.28 | 23.62(0.04) | 22.95(0.07) | 23.70(0.06) | 23.39(0.20) | 23.33(0.18)
rcv20 | 9.13 | 7.76(0.16) | 8.42(0.04) | 7.74(0.11) | 8.40(0.04) | 8.37(0.02)
poker | 37.98 | 35.89(0.06) | 35.22(0.18) | 35.87(0.08) | 35.74(0.41) | 35.66(0.16)

3.2.3 Experiment (II): Efficiency of the Proposed SGD Algorithm-

s for DML

Fig. 3.2 summarizes the running time for the proposed DML algorithms and the baseline
SGD algorithm. We note that the running times in Fig. 3.2 do not take into account the
time for constructing triplet constraints since it is shared by all the methods in comparison.

It is not surprising to observe that all the proposed SGD algorithms, including Mini-SGD,
AS-SGD, HA-SGD and HR-SGD, significantly reduce the running time of SGD. For instance,
for dataset isolet, it takes SGD more than 35,000 seconds to learn a distance metric, while
the running time is reduced to less than 4,000 seconds when applying the proposed SGD
algorithms, roughly a factor of 10 reduction in running time. Comparing the running time of
AS-SGD to that of Mini-SGD, we observe that each method has its own advantage: AS-SGD
is more efficient on dataset semeion while Mini-SGD is more efficient on the other datasets.

This is because different mechanisms are employed by AS-SGD and Mini-SGD to reduce the
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Figure 3.2: The comparison of running time (seconds) for various SGD methods. Note that
LMNN; a batch DML algorithm, is mainly implemented in C, which is computationally
more efficient than our Matlab implementation. All the other methods are implemented in
Matlab.
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computational cost: AS-SGD improves the computational efficiency of DML by skipping the
constraints that are easy to be classified, while Mini-SGD improves the the computational
efficiency of SGD by performing the updating of distance metric once for multiple triplet
constraints. Finally, we observe that the two hybrid approaches that combine the strength of
both adaptive sampling and mini-batch SGD, are computationally most efficient for almost
all datasets. We also observe that HR-SGD appears to be more efficient than HA-SGD on
six datasets and only loses it edge on datasets protein and rcv20. This is because HR-SGD
computes the sampling probability 7+ based on one randomly sampled triplet while HA-SGD
needs to compute the average derivative for each mini-batch of triplet constraints for the
sampling probability.

To further examine the computational efficiency of proposed SGD algorithms for DML, we
summarize in Fig. 3.3 the number of updates performed by the proposed SGD algorithms and
the baseline SGD algorithm, respectively. We observe that all the proposed SGD algorithms
for DML are able to reduce the number of updates significantly compared to SGD. Comparing
Mini-SGD to AS-SGD, we observe that for semeion, the number of updates performed
by AS-SGD is significantly less than Mini-SGD, while it is the other way around for the
other datasets. This is again due to the fact that AS-SGD and Mini-SGD deploy different
mechanisms for reducing computational costs. As we expect, the two hybrid approaches are
able to further reduce the number of updates performed by AS-SGD and Mini-SGD, making
them more efficient algorithms for DML.

By comparing the running time in Fig. 3.2 to the number of updates in Fig. 3.3, we
observe that a small number of updates does NOT always guarantee a short running time.
This is exhibited by the comparison between the two hybrid approaches: although HA-

SGD performs the similar number of updates as HR-SGD on datasets semeion and dna, it

35



takes HA-SGD significantly longer time to finish the computation than HR-SGD. This is also
exhibited by comparing the results across different datasets for a fixed method. For example,
for the HA-SGD method, the number of updates for the protein dataset is nearly the same
as that for the poker dataset, but the running time for the protein dataset is about 100
times longer than that for the poker dataset. This result may sound counter intuitive at the
first glance. But, a more careful analysis reveals that in addition to the number of updates,
the running time of DML is also affected by the computational cost per iteration, which
explains the consistency between Fig. 3.2 and Fig. 3.3. In the case of comparing the two
hybrid approaches, we observe that HA-SGD is subjected to a higher computational cost per
iteration than HR-SGD because HA-SGD has to compute the norm of the average gradient
over each mini-batch while HR-SGD only needs to compute the derivative of one randomly
sampled triplet constraint for each mini-batch. In the case of comparing the running time
across different datasets, the protein dataset has a significantly higher dimensionality than
the poker dataset, and therefore is subjected to a higher computational cost per iteration
because the computational cost of projecting an updated distance metric onto the PSD cone

increases at least quadratically in the dimensionality.

3.2.4 Experiment (III): Comparison with State-of-the-art Online

DML Methods

We compare the proposed SGD algorithms to three state-of-the-art online algorithms and
one bath method for DML:
e SPML [98]: an online learning algorithm for DML that is based on mini-batch SGD

and the hinge loss,
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e OASIS [24]: a state-of-the-art online DML algorithm and symmetric version with only
one projection is applied,

e LEGO [66]: an online version of the information theoretic based DML algorithm [32].

e POLA [96]: a Perception based online DML algorithm.

Finally, for sanity checking, we also compare the proposed SGD algorithms to LMN-
N [114], a state-of-the-art batch learning algorithm for DML.

Both SPML and OASIS use the same set of triplet constraints to learn a distance met-
ric as the proposed SGD algorithms. Since LEGO and POLA are designed for pairwise

constraints, for fair comparison, we generate pairwise constraints for LEGO and POLA by

splitting each triplet constraint (xg, XE-, x};) into two pairwise constraints: a must-link con-
straint (xg,xg) and a cannot-link constraint (Xg,xi:). This splitting operation results in a

total of 2N pairwise constraints for LEGO and POLA. Finally, we note that since LMNN
is a batch learning method, it is allowed to utilize any triplet constraint derived from the
data, and is not restricted to the set of triplet constraints we generate for the SGD method-
s. All the baseline DML algorithms are implemented by using the codes from the original
authors except for SPML, for which we made appropriate changes to the original code in
order to avoid large matrix multiplication and improve the computational efficiency. SPML;,
OASIS LEGO and POLA are implemented in Matlab, while the core parts of LMNN are
implemented by C that is usually deemed to be more efficient than Matlab. The default
parameters suggested by the original authors are used in the baseline algorithms. The step
size of LEGO is set to be 1, as it was observed in [24] that the prediction performance of
LEGO is in general insensitive to the step size. In all experiments, all the baseline methods

set the initial solution for distance metric to be an identity matrix.
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Table 3.3: Classification error (%) of k-NN (k = 3) using the distance metrics learned by
baseline SGD method, online learning algorithms and batch learning approach for DML.
Standard deviation computed from five trials is included in the parenthesis.

Baseline | Batch Online Learning

SGD* LMNN POLA LEGO OASIS SPML
semeion | 4.18 7.11(0.39) | 19.25(1.95) | 12.89(1.84) | 6.74(0.34) | 4.81(0.59)
dna 6.64 4.89(0.29) | 7.32(0.55) | 7.39(0.55) | 11.75(0.43) | 6.78(0.58)
isolet 4.23 4.11(0.08) | 5.18(0.38) | 18.08(6.98) | 4.37(0.26) | 4.36(0.18)
tdt30 3.52 2.80(0.0) 5.93(0.38) | 21.11(3.68) | 3.92(0.08) | 3.47(0.13)
letter 2.23 3.20(0.00) | 3.10(0.22) | 5.24(0.45) | 3.92(0.05) | 3.98(0.53)
protein | 38.16 39.86(0.16) | 38.38(0.56) | 42.60(1.13) | 37.83(0.23) | 40.12(0.53)
connects | 20.16 21.60(0.26) | 25.67(0.85) | 26.06(1.30) | 22.37(0.63) | 24.60(0.70)
sensit 22.95 24.45(0.02) | 27.51(0.39) | 26.50(1.37) | 22.12(0.24) | 23.48(0.25)
rcv20 7.74 N/A 7.96(0.08) | 8.49(0.18) | 8.08(0.06) | 8.61(0.12)
poker 35.22 N/A 41.26(1.70) | 40.58(1.23) | 45.12(2.14) | 39.42(0.71)

Table 3.3 summarizes the classification results of k-NN (k = 3) using the distance metrics
learned by the proposed method and by baseline algorithms, respectively. SGD* denotes the
best result of propose methods in Table 3.2. First, we observe that LEGO and POLA perform
significantly worse than the proposed DML algorithms for four datasets, including semeion,
connecty, sensit and poker. LEGO also performs poorly on isolet and tdt30. This can be
explained by the fact that LEGO and POLA use pairwise constraints for DML while the other
methods in comparison use triplet constraints for DML. According to [24, 98, 114], triplet
constraints are in general more effective than pairwise constraints. Second, although both
SPML and Mini-SGD are based on the mini-batch strategy, SPML performs significantly
worse than Mini-SGD on three datasets, i.e. protein, connect/, and poker. The performance
difference between SPML and Mini-SGD can be explained by the fact that Mini-SGD uses
a smooth loss function while a hinge loss is used by SPML. According to our analysis and
the analysis in [28], using a smooth loss function is critical for the success of the mini-batch
strategy. Third, OASIS yields similar performance as the proposed algorithms for almost all

datasets except for datasets semeion, dna and poker, for which OASIS performs significantly
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worse. Overall, we conclude that the proposed DML algorithms yield similar, if not better,
performance as the state-of-the-art online learning algorithms for DML.

Compared to LMNN, a state-of-the-art batch learning algorithm for DML, we observe
that the proposed SGD algorithms yield similar performance on four datasets. They however
perform significantly better than LMNN on datasets semeion and letter, and significantly
worse on datasets dna and tdt30. We attribute the difference in classification error to the
fact that the proposed DML algorithms are restricted to 100,000 randomly sampled triplet
constraints while LMNN is allowed to use all the triplet constraints that can be derived
from the data. The restriction in triplet constraints could sometimes limit the classification
performance but at the other time help avoid the overfitting problem. We also observe that
LMNN is unable to run on the two large datasets rcv20 and poker, indicating that LMNN

does not scale well to the size of datasets.

Table 3.4: The comparison of running time (seconds) for OASIS and the hybrid methods.
Average results over five trials are reported.

Methods | semeion | dna 1solet | tdt30 | letter
OASIS 4.4 5.5 156.6 | 104 | 2.3
HR-SGD | 3.6 5.1 363.2 | 21.7 |14
HA-SGD | 7.6 8.1 597.9 | 284 | 1.1
Methods | protein | connect | sensit | rcv20 | poker
OASIS 161.4 4.5 19.0 |46.5 | 1.5
HR-SGD | 275.7 3.0 23.5 |139.2 0.9
HA-SGD | 164.6 2.5 15.3 | 656 | 1.2

The running times for the proposed algorithms and the baseline algorithms are summa-
rized in Fig. 3.2. The number of updates for both groups of algorithms are provided in
Fig. 3.3. It is not surprising to observe that two online DML algorithms (SPML, OASIS)
are significantly more efficient than SGD in terms of both running time and the number of

updates. We also observe that Mini-SGD and SPML share the same number of updates and
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Figure 3.3: The comparison of number of updates for various SGD methods. Note that since
POLA and LEGO optimize pairwise constraints, we decompose each triplet constraint into
two pairwise constraints for these two methods. As a result, the number of constraints is
doubled for these two methods.
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similar running time for all datasets because they use the same mini-batch strategy. Further-
more, compared to three online DML algorithms (SPML, LEGO and POLA), the two hybrid
approaches are significantly more efficient in both running time and the number of updates.
Table 3.4 compares the detailed running time of OASIS and the hybrid methods. We also
observe that the hybrid methods are more efficient than OASIS on six datasets (i.e., semeion,
dna, letter, connects, sensit and poker), even though OASIS only performs projection once at
the end of the program. We attribute the efficiency of the hybrid approaches to the reduced
number of updates they have to perform on the learned metric. Finally, since LMNN is
implemented by C, it is not surprising to observe that LMNN shares similar running time as
the other online DML algorithms for relatively small datasets. It is however significantly less
efficient than the online learning algorithms for datasets of modest size (e.g. letter, connect/
and sensit), and becomes computationally infeasible for the two large datasets rcv20 and
poker. Overall, we observe that the two hybrid approaches are significantly more efficient

than the other DML algorithms in comparison.

3.3 Conclusions

In this chapter, we propose two strategies to improve the computational efficiency of SGD
for DML, i.e. mini-batch and adaptive sampling. The key idea of mini-batch is to group
multiple triplet constraints into a mini-batch, and only update the distance metric once
for each mini-batch; the key idea of adaptive sampling is to perform stochastic updating
by giving a difficult triplet constraint more chance to be used for updating the distance
metric than an easy triplet constraint. We develop theoretical guarantees for both strategies.

We also develop two variants of hybrid approaches that combine mini-batch with adaptive
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sampling for more efficient DML. Our empirical study confirms that the proposed algorithms
yield similar, if not better, prediction performance as the state-of-the-art online learning
algorithms for DML but with significantly less amount of running time. In the future, we

could analysis the theoretical guarantee for the hybrid methods.
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Chapter 4

Distance Metric Learning for High

Dimensional Data

In this chapter, we will address the challenge from large number of variables (O(d?)). We
follow the one-projection paradigm as in Section 2.1 and focus on optimizing (’)(dz) variables.
Nowadays, high dimensional representations become more and more popular in various ap-
plications, especially for images and video as examples shown in Table 4.1. In contrast, DML
is only available for low dimensional data (e.g., some hundred features) due to the involve-
ment of d2 variables. Some studies try to alleviate the issue as described in Section 2.4, but

all of them have to hold some strong assumptions.

Table 4.1: Examples of applications with high dimensional features.

Applications #Features
Fave Verification [25] 100,000
Image Classification [90] 250,000
Video Event Detection [87] | 500,000

The straightforward way to solve high dimensional DML problem is reducing the di-
mensionality of data using dimensionality reduction methods such as principal component
analysis (PCA) [114] or random projection (RP) [103]. Although RP is computationally
more efficient than PCA| it often yields significantly worse performance than PCA unless
the number of random projections is sufficiently large [39]. We note that RP has been suc-

cessfully applied to many machine learning tasks, e.g., classification [91], clustering [11] and
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regression [81], however, only a few studies examined the application of RP to DML, and
most of them with limited success.

In this chapter, we propose a dual random projection approach for high dimensional
DML. Our approach, on one hand, enjoys the light computation of random projection, and
on the other hand, significantly improves the effectiveness of random projection. The main
limitation of using random projection for DML is that all the columns/rows of the learned
metric will lie in the subspace spanned by the random vectors. We address this limitation
of random projection by

e first estimating the dual variables based on the random projected vectors and,

e then reconstructing the distance metric using the estimated dual variables and data

vectors in the original space.
Since the final distance metric is computed using the original vectors, not the randomly
projected vectors, the column/row space of the learned metric will NOT be restricted to
the subspace spanned by the random projection, thus alleviating the limitation of random
projection. We verify the effectiveness of the proposed algorithms both empirically and
theoretically.

We finally note that our work is built upon the recent work [120] on random projection
where a dual random projection algorithm is developed for linear classification. Our work
differs from [120] in that we apply the theory of dual random projection to DML. More
importantly, we have made an important progress in advancing the theory of dual random
projection. Unlike the theory in [120] where the data matrix is assumed to be low rank
or approximately low rank, our new theory of dual random projection is applicable to any
data matrix even when it is NOT approximately low rank. This new analysis significantly

broadens the application domains where dual random projection is applicable, which is
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further verified by our empirical study.

The rest of the chapter is organized as follows: Section 4.1 describes the proposed dual
random projection approach for DML and the detailed algorithm for solving the dual problem
in the subspace spanned by random projection. Section 4.2 summarizes the results of the

empirical study, and Section 4.3 concludes this work.

4.1 Dual Random Projection for Distance Metric Learn-
ing

Let X = (x1,--+,Xp) € RI*" denote the collection of training examples. Given a PSD

matrix M, the distance between two examples x; and x; is given as
: T
distps (%, %) = (x; — %) M(x; — X;).

The proposed framework for DML will be based on triplet constraints, not pairwise con-
straints. This is because several previous studies have suggested that triplet constraints are
more effective than pairwise constraints [114, 24, 98]. Let D = {(X%, x}, xllg), ce (xlN, xj.v, xév)}

t
(3

be the set of triplet constraints used for training, where x is expected to be more similar to
XE- than to XZ' Our goal is to learn a metric function M that is consistent with most of the
triplet constraints in D, i.e.

(A . t t\ T t t t ty\T t t
V(prjaxk) €D, (x Xj) M(Xi_xj)‘H < (x—xp,) M(x;—x})

i
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Following the empirical risk minimization framework, we cast the triplet constraints based

DML into the following optimization problem:

N
1
min —||M — ((M, Az) 4.1
g S ¢ ¥ 2 0 4) (1.1

where S stands for the symmetric matrix of size d x d, A > 0 is the regularization parameter,
((+) is a convex loss function, 4; = (x! — X};)(Xf - XZ)T — (x - xg)(xf - XE-)T, and (-, -)
stands for the dot product between two matrices. We note that we did not enforce M in (4.1)
to be PSD because we follow the one-projection paradigm proposed in [24] that first learns
a symmetric matrix M by solving the optimization problem in (4.1) and then projects the
learned matrix M onto the PSD cone. We emphasize that unlike [120], we did not assume

((+) to be smooth, making it possible to apply the proposed approach to the hinge loss.

Let /«(+) be the convex conjugate of £(-). The dual problem of (4.1) is given by

N 2
atroay N Z bla 2)\N2 D v
which is equivalent to
Y 1
max — Y l(y) — ——a' Ga (4.2)
ac[-1,0V ; 2AN
where a = (ag,--- ,ay) ! and G = [GuplNx N is a matrix of N x N with G = (Aqg, Ap).

We denote by M, € R*? the optimal primal solution to (4.1), and by as € RY the optimal
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dual solution to (4.2). Using the first order condition for optimality, we have
1 t
M,=——=> al4 (4.3)

4.1.1 Dwual Random Projection for Distance Metric Learning

Directly solving the primal problem in (4.1) or the dual problem in (4.2) could be compu-
tational expensive when the data is of high dimension and the number of training triplets
is very large. We address this challenge by inducing a random matrix R € REX™  where
m < d and R; j ~ N(0,1/m), and projecting all the data points into the low dimensional
space using the random matrix, i.e., X; = R x;. As a result, A;, after random projection,
becomes gt = RTAR.

A typical approach of using random projection for DML is to obtain a matrix Mg of size

m x m by solving the primal problem with the randomly projected vectors {X;}1 ;, i..

N

D P | -
i I+ 5 3200 A) (14)

Given the learned metric Mg, for any two data points x and x’, their distance is measured
by (x —x)TRMsR" (x — x') = (x — x) T M'(x — x/), where M’ = RM,R' € R4 jg
the effective metric in the original space RY. The key limitation of this random projection
approach is that both the column and row space of M’ are restricted to the subspace spanned
by vectors in random matrix R.

Instead of solving the primal problem, we proposed to solve the dual problem using the
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randomly projected data points {X;}" ;, i.e.

N
1 145
max — » fly(y) — ——a Ga (4.5)
RN t; ’ AN

where @a,b = (RT AR, RT AyR). After obtaining the optimal solution @ for (4.5), we
reconstruct the metric by using the dual variables @ and data matrix X in the original

space, i.e.
My =——=> alA (4.6)

It is important to note that unlike the random projection approach, the recovered metric
]/\4\* in (4.6) is not restricted by the subspace spanned by the random vectors, a key to the
success of the proposed algorithm.

Alg. 4 summarizes the key steps for the proposed dual random projection method for
DML. Following one-projection paradigm [24], we project the learned symmetric matrix M
onto the PSD cone at the end of the algorithm. The key component of Alg. 4 is to solve
the optimization problem in (4.2) at Step 4 accurately. We choose stochastic dual coordi-
nate ascent (SDCA) method for solving the dual problem (4.5) because it enjoys a linear
convergence when the loss function is smooth, and is shown empirically to be significantly
faster than the other stochastic optimization methods [97]. We use the combination strategy
recommended in [97], denoted by CSDCA, which uses SGD for the first epoch and then

applies SDCA for the rest epochs.
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Algorithm 4 Dual Random Projection Method (DuRP) for DML

Input: the triplet constraints D and the number of random projections m.
Generate a random matrix R € R and R; j ~ N(0,1/m).

Project each example as X = R ' x.

Solve the optimization problem (4.5) and obtain the optimal solution au

Recover the solution in the original space by M, = —ﬁ S al Ay
Output: Ipgp(My)

4.1.2 Main Theoretical Results

First, similar to [120], we consider the case when the data matrix X is of low rank. The
theorem below shows that under the low rank assumption, with a high probability, the

distance metric recovered by Algorithm 4 is nearly optimal.

Theorem 3. Let My be the optimal solution to (4.1). Let & be the optimal solution for
(4.5), and let M, be the solution recovered from @ using (4.6). Under the assumption that
all the data points lie in the subspace of r-dimension, for any 0 < e < 1/6, with a probability

at least 1 — &, we have

3¢

Hpsp (M) — psp(M:)|F < T4

[nzepa

(r+1)log(2r/4)
ce2

provided m > and constant c is at least 1/3.

The proof of Theorem 3 can be found in appendix. Theorem 3 indicates that if the
number of random projections is sufficiently large (i.e. m = Q(rlogr)), we can recover the
optimal solution in the original space with a small error. It is important to note that our
analysis, unlike [120], can be applied to non-smooth loss such as the hinge loss.

In the second case, we assume the loss function ¢(-) is y-smooth (i.e., [¢/(z)—¢'(2")] < ~|z—

2'|). The theorem below shows that the dual variables obtained by solving the optimization
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problem in (4.5) can be close to the optimal dual variables, even when the data matrix X is
NOT low rank or approximately low rank. For the presentation of theorem, we first define a
few important quantities. Define matrices Mt € RN*N N2 ¢ RVXN pr3 ¢ RVXN and

ML e RNXN g

My, = I =xpl5 x 1< = x})13
M2y = I = x93 < |2 = x5)]3
M3y = 1< = x5 x (< = %313
Mgy = (¢ — x93 % (2 — x})II3

Define x the maximum of the spectral norm of the four matrices, i.e.
i = maix (|16 o, 10422, | 3], | M) (4.7)

where || - || stands for the spectral norm of matrices.

Theorem 4. Assume ((z) is vy-smooth. Let o be the optimal solution to the dual problem
in (4.2), and let ax be the approzimately optimal solution for (4.5) with suboptimality 7.

Then, with a probability at least 1 — §, we have

lews = @ullz < max (8eyafjevsl2, v/297)

where K is define in (4.7), provided m > % In %
€

The proof of Theorem 4 can be found in the appendix. Unlike Theorem 3 where the

data matrix X is assumed to be low rank, Theorem 4 holds without any prior assumption
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about the data matrix. It shows that despite the random projection, the dual solution can
be recovered approximately using the randomly projected vectors, provided that the number
of random projections m is sufficiently large, s is small, and the approximately optimal
solution au is sufficiently accurate. In the case when most of the training examples are
not linear dependent, we could have k = ©(N/d), which could be a modest number when
d is very large. The result in Theorem 4 essentially justifies the key idea of our approach,
i.e. computing the dual variables first and recovering the distance metric later. Finally,
since ||ax — @ikl|2, the approximation error in the recovered dual variables, is proportional
to the square root of the suboptimality 7, an accurate solution for (4.5) is needed to ensure
a small approximation error. We note that given Theorem 4, it is straightforward to bound
| My — ]\/4\*||2 using the relationship between the dual variables and the primal variables in

(4.3).

4.2 Experiments

We will first describe the experimental setting, and then present our empirical study for

ranking and classification tasks on various datesets.

4.2.1 Experimental Setting

Data sets Eight datasets are used to validate the effectiveness of the proposed algorithm
for DML. Table 4.2 summarizes the information of these datasets. imagenet5 consists of 5
randomly selected classes from ImageNet [92] while cats5 contains 5 cat species from the
same archive. caltech30 is a subset of Caltech256 image dataset [48] and we use the version

pre-processed by [24]. tdt30 is a subset of tdt2 dataset [14]. Both caltech30 and tdt30 are
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Table 4.2: Statistics for the datasets used in our empirical study. #C is the number of
classes. #F is the number of original features. #Train and #Test represent the number of
training data and test data, respectively.

# C | #F | #Train | #Test
protein 3 357 | 17,766 | 6,621
1solet 26 617 6,238 1,559
imagenetd | 5 1,000 | 4,582 1,964
catsd 5 1,000 | 5,128 2,199
caltech30 | 30 | 1,000 | 5,502 2,355
tdt30 30 | 1,000 | 6,575 2,819
20news 20 | 1,000 | 15,935 | 3,993
rcv30 30 | 1,000 | 507,585 | 15,195

comprised of the examples from the 30 most popular categories. All the other datasets are
downloaded from LIBSVM [22], where rcv30 is a subset of the original dataset consisted
of documents from the 30 most popular categories. For datasets tdt30, 20news and rcv30,
they are comprised of documents represented by vectors of ~ 50,000 dimensions. Since it is
expensive to compute and maintain a matrix of 50,000 x 50,000, for these three datasets,
we follow the procedure in [24] that maps all documents to a space of 1,000 dimension.
More specifically, we first keep the top 20,000 most popular words for each collection, and
then reduce their dimensionality to 1,000 by using PCA. We emphasize that for several
data sets in our test beds, their data matrices can not be well approximated by low rank
matrices. Fig. 4.1 summarizes the eigenvalue distribution of the eight datasets used in our
experiment. We observe that four out of these datasets (i.e., caltech20, tdt30, 20news, rcv30)
have a flat eigenvalue distribution, indicating that the associated data matrices can not be
well approximated by a low rank matrix. This justifies the importance of removing the low
rank assumption from the theory of dual random projection, an important contribution of
this work.

For the datasets used in this study, we use the standard training/testing split provided
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Figure 4.1: The eigenvalue distribution of datasets used in our empirical study

by the original datasets, except for datasets imagenetd, catsd, tdt30, caltech30 and rcv30.
For imagenets, catsd, tdt30 and caltech30, we randomly select 70% of the data for training
and use the remaining 30% for testing; for rcv30, we switch the training and test sets defined
by the original package to ensure that the number of training examples is sufficiently large.

Evaluation metrics To measure the quality of learned distance metrics, two types of
evaluations are adopted in our study. First, we follow the evaluation protocol in [24] and
evaluate the learned metric by its ranking performance. More specifically, we treat each
test instance q as a query, and rank the other test instances in the ascending order of their
distance to q using the learned metric. The mean-average-precision(mAP) given below is

used to evaluate the quality of the ranking list

L el

i=1 " j=1

where |@)| is the size of query set, r; is the number of relevant instances for i-th query and

P(xj~j) is the precision for the first j ranked instances when the instance ranked at the
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j-th position is relevant to the query q. Here, an instance x is relevant to a query q if
they belong to the same class. Second, we evaluate the learned metric by its classification
performance with k-nearest neighbor classifier. More specifically, for each test instance q,
we apply the learned metric to find the first k training examples with the shortest distance,
and predict the class assignment for k£ by taking the majority vote among the k nearest
neighbors. Finally, we also evaluate the computational efficiency of the proposed algorithm
for DML by its efficiency.

Baselines Besides the Euclidean distance that is used as a baseline similarity measure,

six state-of-the-art DML methods are compared in our empirical study:

e DuOri: This algorithm first applies Combined Stochastic Dual Coordinate Ascent
(CSDCA) [97] to solve the dual problem in (4.2) and then computes the distance
metric using the learned dual variables.

e DuRP: This is the proposed algorithm for DML (i.e. Algorithm 4).

e SRP: This algorithm applies random projection to project data into low dimensional
space, and then it employs CSDCA to learn the distance metric in this subspace.

e SPCA: This algorithm uses PCA as the initial step to reduce the dimensionality, and
then applies CSDCA to learn the distance metric in the subspace generated by PCA.

e OASIS [24]: A state-of-the-art online learning algorithm for DML that learns the
optimal distance metric directly from the original space without any dimensionality
reduction.

e LMINN [114]: A state-of-the-art batch learning algorithm for DML. It performs the
dimensionality reduction using PCA before starting DML.

Implementation details We randomly select N = 100,000 active triplets (i.e., incur

the positive hinge loss by Euclidean distance) and set the number of epochs to be 3 for all
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stochastic methods (i.e., DuOri, DuRP, SRP, SPCA and OASIS), which yields sufficiently
accurate solutions in our experiments and is also consistent with the observation in [97]. We
search \ in {1079, 10-4,1073, 1072} and fix it as 1/N since it is insensitive. The step size of
CSDCA is set according to the analysis in [97]. For all stochastic optimization methods, we
follow the one-projection paradigm by projecting the learned metric onto the PSD cone. The
hinge loss is used in the implementation of the proposed algorithm. Both OASIS and LMNN
use the implementation provided by the original authors and parameters are tuned based
on the recommendation by the original authors. All methods are implemented in Matlab,
except for LMNN, whose core part is implemented in C, which is shown to be more efficient
than our Matlab implementation. All stochastic optimization methods are repeated five
times and the average result over five trials is reported. All experiments are implemented
on a Linux Server with 64GB memory and 12 x 2.4GHz CPUs and only single thread is

permitted for each experiment.

4.2.2 Efficiency of the Proposed Method

Table 4.3: CPUtime (minutes) for different methods for DML. All algorithms are implement-
ed in Matlab except for LMNN whose core part is implemented in C and is more efficient
than our Matlab implementation.

Metric in Original Space Metric in Subspace
DuOri DuRP OASIS SRP SPCA | LMNN
protein 214.5+5.8 0.6+0.0 | 81.9+3.3 | 0.240.0 | 0.24+0.0 | 488.9
isolet 198.447.2 0.6£0.0 12.64+0.2 | 0.1£0.0 | 0.1£0.0 | 384.0

imagenetd | 776.3+31.2 | 1.240.0 | 68.3£1.3 | 0.1£0.0 | 0.2£0.0 | 1,374.1
catsd 782.3£709 | 1.1+£0.0 74.1£1.1 0.1£0.0 | 0.3£0.1 | 1,467.0
caltech30 | 1,214.54229.5 | 1.34+0.0 | 640.4+121.2 | 0.2+0.0 | 0.5£0.0 | 2,197.9
tdt30 1,029.9£16.8 | 0.8£0.0 | 140.8£4.5 | 0.2£0.0 | 0.4£0.0 | 624.2
20nmews | 1,212.9+154.3 | 1.0£0.0 | 216.3£48.8 | 0.2+0.0 | 0.5£0.0 | 1,893.6
rcv30 1,121.3+79.4 | 1.3£0.0 | 432.54+7.7 | 0.240.0 | 4.240.0 | N/A
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In this experiment, we set the number of random projection to be 10, which according
to experimental results in Section 4.2.3 and 4.2.4, yields almost the optimal performance for
the proposed algorithm. For fair comparison, the number of reduced dimension is also set
to be 10 for LMNN.

Table. 4.3 compares the CPUtime (in minutes) of different methods. Notice that the
time of sampling triplets is not taken into account as it is consumed by all the methods, and
all the other operators (e.g., random projection and PCA) are included. It is not surprising
to observe that DuRP, SRP and SPCA have similar CPUtimes, and are significantly more
efficient than the other methods due to the effect of dimensionality reduction. Since DuRP
and SRP share the same procedure for computing the dual variables in the subspace, the only
difference between them lies in the procedure for reconstructing the distance metric from the
estimated dual variables, a computational overhead that makes DuRP slightly slower than
SRP. For all datasets, we observe that DuRP is at least 200 times faster than DuOri and 20
times faster than OASIS. Compared to the stochastic optimization methods, LMNN is the
least efficient on six datasets (i.e., protein, isolet, imagenets, catss, caltech30 and 20news),

mostly due to the fact that it is a batch learning algorithm.

4.2.3 Evaluation by Ranking

In first experiment, we set the number of random projections used by SRP, SPCA and the
proposed DuRP algorithm to be 10, which is roughly 1% of the dimensionality of the original
space. For fair comparison, the number of reduced dimension for LMNN is also set to be
10. We measure the quality of learned metrics by its ranking performance using the metric
of mAP.

Table. 4.4 summarizes the performance of different methods for DML. First, we observe
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Table 4.4: Comparison of ranking results measured by mAP (%) for different metric learning

algorithms.

Metric in Original Space Metric in Subspace Metric

Euclid | DuOri DuRP OASIS SRP SPCA | LMNN
protein 39.0 | 47.04+0.1 | 49.14+0.1 | 45.74£0.1 | 37.7£0.1 | 41.940.1 | 41.9
isolet 46.7 | 77.14+0.5 | 70.54+0.6 | 67.6£0.2 | 11.9+£1.2 | 36.5+2.6 | 68.7
imagenets | 25.4 | 34.6+0.1 | 34.14+0.3 | 29.24+0.1 | 21.5+£0.3 | 28.1+£0.2 | 31.9
catsd 22.5 ] 26.3£0.1 | 27.3£0.3 | 23.7£0.1 | 21.0+0.1 | 21.54+0.2 | 24.8
caltech30 | 16.4 | 23.840.1 | 25.54+0.1 | 25.4+0.2 | 8.1£0.4 | 19.5+0.0 | 16.3
tdt30 36.8 | 65.940.2 | 69.44+0.3 | 55.9£0.1 | 11.2+0.3 | 49.7+0.2 | 66.4
20news 8.4 | 20.1+£0.2 | 24.940.3 | 16.24+0.1 | 5.3+0.1 | 12.24+0.1 | 22.5
rcv30 16.7 | 65.7£0.1 | 63.2+£0.2 | 68.6+£0.1 | 12.840.4 | 46.5+0.0 | N/A

that DuRP significantly outperforms SRP and SPCA for all datasets. In fact, SRP is worse
than Euclidean distance which computes the distance in the original space. SPCA is only able
to perform better than the FEuclidean distance, and is outperformed by all the other DML
algorithms. Second, we observe that for all the datasets, DuRP yields similar performance as
DuOri. The only difference between DuRP and DuOri is that DuOri solves the dual problem
without using random projection. The comparison between DuRP and DuOri indicates that
the random projection step has minimal impact on the learned distance metric, justifying
the design of the proposed algorithm. Third, compared to OASIS, we observe that DuRP
performs significantly better on three datasets (i.e., imagenets, tdt30 and 20news) and has the
comparable performance on the other datasets. Finally, we observe that for all datasets, the
proposed DuRP method significantly outperforms LMNN, a state-of-the-art batch learning
algorithm for DML. We also note that because of limited memory, we are unable to run
LMNN on datasets rcv30.

In the second experiment, we vary the number of random projections from 10 to 50.
All stochastic methods are run with five trails and Fig. 4.2 reports the average results with

standard deviation. Note that the performance of OASIS and DuOri remain unchanged with
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varied number of projections because they do not use projection. It is surprising to observe
that DuRP almost achieves its best performance with only 10 projections for all datasets.
This is in contrast to SRP and SPCA, whose performance usually improves with increasing
number of projections. We also observe that DuRP outperforms DuOri for several datasets
(i.e. protein, imagenetd, catsh, caltech30, tdt30 and 20news). We suspect that the better
performance of DuRP is because of the implicit regularization due to the random projection.
We plan to investigate more about the regularization capability of random projection in the
future. We finally point out that with sufficiently large number of projections, SPCA is
able to outperform OASIS on 5 datasets (i.e., protein, imagenetd, catsh, tdt30 and 20news),

indicating that the comparison result may be sensitive to the number of projections.
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Figure 4.2: The comparison of different stochastic algorithms for ranking

4.2.4 Evaluation by Classification

In this experiment, we evaluate the learned metric by its classification accuracy with k-

NN (k = 5) classifier. We emphasize that the purpose of this experiment is to evaluate the
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metrics learned by different DML algorithms, not to demonstrate that the learned metric will

result in the state-of-art classification performance!. Similar to the evaluation by ranking,

all experiments are run five times and the results averaged over five trials with standard

deviation are reported in Fig. 4.3. We essentially have the same observation as that for

the ranking experiments reported in Section 4.2.3 except that for most datasets, the three

methods DuRP, DuOri, and OASIS yield very similar performance.

Note the main concern of this chapter is time efficiency and the size of learned metric

is d x d. It is straightforward to store the learned metric efficiently by keeping a low-rank

approximation of it.
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Figure 4.3: The comparison of different stochastic algorithms for classification

4.3 Conclusions

In this chapter, we propose a dual random projection method to learn the distance metric

for large-scale high-dimensional datasets. The main idea is to solve the dual problem in

1Many studies (e.g., [114, 116]) have shown that metric learning do not yield better classification accuracy
than the standard classification algorithms (e.g., SVM) given a sufficiently large number of training data.
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the subspace spanned by random projection, and then recover the distance metric in the
original space using the estimated dual variables. We develop the theoretical guarantee that
with a high probability, the proposed method can accurately recover the optimal solution
with small error when the data matrix is of low rank, and the optimal dual variables even
when the data matrix cannot be well approximated by a low rank matrix. Our empirical
study confirms both the effectiveness and efficiency of the proposed algorithm for DML
by comparing it to the state-of-the-art algorithms for DML. In the future, we may further
improve the efficiency of our method by exploiting the scenario when optimal distance metric

can be well approximated by a low rank matrix.
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Chapter 5

Fine-Grained Visual Categorization

via Multi-stage Metric Learning

In this chapter!, we will address the challenge from the large number of constraints (O(n?3))
and propose a new DML framework for FGVC by combining the approach in the last chapter.
FGVC aims to distinguish objects in subordinate classes. For instance, dog images are
classified into different breeds of dogs, such as “Chihuahua”, “Pug”, “Samoyed” and so
on [70, 88]. As aresult, FGVC classification has to handle the co-occurrence of two somewhat
contradictory requirements: 1) it needs to distinguish many similar classes (e.g., the dog
breeds that only have subtle difference), and 2) it needs to deal with large intra-class variance
(e.g., caused by different poses, examples, etc.). Fig. 5.1 demonstrates an example and such
co-occurring requirements make FVGC very challenging.

The popular pipeline for FVGC consists of two steps, feature extraction step and clas-
sification step. The feature extraction step, which sometimes combines with segmenta-
tion [2, 21, 88], part localization [8, 118] or both [20], is to extract image level representations,
and popular choices are LLC features [2], Fisher vectors [44] and so on. A recent development
is to use convolutional neural network (CNN) [72] trained on large-scale image classification

dataset (e.g., ImageNet [92]) and then use the trained model to extract features [34]. The so-

LThis chapter is adapted from the published paper: Q. Qian, R. Jin, S. Zhu and Y. Lin. Fine-Grained
Visual Categorization via Multi-stage Metric Learning. In: Proceedings of the 28th IEEE Conference on
Computer Vision and Pattern Recognition (CVPR’15), Boston, MA, 2015.
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Figure 5.1: Illustration of how DML learns the embedding that pulls together the data points
from the same class and pushes apart the data points from different classes. Blue points
are from the class “English marigold” while red ones are “Barberton daisy”. An important
note here is that our DML does not require to collapse data points from each class and this
allows the flexibility to model intra-class variance. A big challenge now is how to deal with
high-dimension feature representation which is typical for image-level visual features. To
this end, we propose a multi-stage scheme for metric learning.

called deep learning features have demonstrated the state-of-the-art performance on FGVC
datasets [34]. Note that training CNN directly on FGVC datasets is difficult because the ex-

isting FGVC benchmarks are often too small [34] (only several tens of thousands of training
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images or less). In this chapter, we simply take the state-of-the-art deep learning features
without any other operators (e.g., segmentation) but focus on studying better classification
approach to better address the aforementioned two co-occurring requirements in FGVC.

For the classification step, many existing FGVC methods simply learn a single classifier

for each fine-grained class according to the one-vs-all strategy [2, 8, 21, 118]. Apparently,
this strategy does not scale well to the number of fine-grained classes while the number
of subordinate classes in FGVC could be very large (e.g., 200 classes in birds11 dataset).
Additionally, such one-vs-all scheme is only to address the first issue in the two issues,
namely, it makes efforts to separate different classes without modeling intra-class variance.
In contrast, this chapter proposes a DML approach, aiming to explicitly handle the two co-
occurring requirements with a single metric. Fig. 5.1 illustrates how DML works. The key
idea of DML is in two folds: 1) it learns a distance metric that pulls neighboring data points
of the same class close to each other and data points from different classes far apart, and
2) it has the flexibility to define neighboring size and require only a portion of data points
from the same class to be close to each other. Consequently, the flexibility of neighboring
size acts as an effective way to model large intra-class variance. With a learned metric, a
k-nearest neighbor classifier will be applied to find the class assignment for a test image.

There are three challenges in learning a metric directly from the original high dimensional

space:

e Large number of constraints: A large number of training constraints are usually re-
quired to avoid the overfitting of high dimensional DML. The total number of triplet
constraints could be up to @(n3) where n is the number of examples.

e Computational challenge: DML has to learn a matrix of size d x d, where d is the

dimensionality of data and d = 134,016 in our study. The O(d?) number of variables
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leads to two computational challenges in finding the optimal metric. First, it results in
a slower convergence rate in solving the related optimization problem [89]. Second, to
ensure the learned metric to be positive semi-definitive (PSD), most DML algorithms
require, at every iteration of optimization, projecting the intermediate solution onto a
PSD cone, an expensive operation with complexity of O(d3) (at least O(d?)).

e Storage limitation: Tt can be expensive to simply save O(d?) number of variables in
memory. For instance, in our study, it would take more than 130 GB to store the
completed metric in memory, which adds more complexity to the already difficult
optimization problem.

In this chapter, we propose a multi-stage metric learning framework for high dimensional
DML to explicitly address these challenges. First, to deal with a large number of constraints
used by high dimensional DML, we divide the original optimization problem into multiple
stages. At each stage, only a small subset of constraints that are difficult to be classified
by the currently learned metric will be adaptively sampled and used to improve the learned
metric. By setting the regularizer appropriately, we can prove that the final solution is
optimized over all appeared constraints. Second, to handle the computational challenge in
each subproblem, we extend the theory of dual random projection [120], which was originally
developed for linear classification problems, to metric learning. The proposed method, on one
hand, enjoys the efficiency of random projection, and on the other hand learns a distance
metric of size d x d. This is in contrast to most dimensionality reduction methods that
learn a metric in a reduced space. Finally, to handle the storage problem, we propose to
maintain a low rank copy of the learned metric by a randomized algorithm for low rank
matrix approximation. It not only accelerates the whole learning process but also regularizes

the learned metric to avoid overfitting. Extensive comparisons on benchmark FGVC datasets
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verify the effectiveness and efficiency of the proposed method.
The rest of the chapter is organized as follows: Section 5.1 describes the details of the
proposed method. Section 5.2 shows the results of the empirical study, and Section 5.3

concludes this work.

5.1 Multi-stage Metric Learning

The proposed DML algorithm focuses on triplet constraints so as to pull the small portion
of nearest examples from the same class together [114]. Let D = {(x;,v;),i=1,...,n} be a
collection of n training images, where x; € R and y; is the class assignment of x;. Given a

distance metric M, the distance between two data points x; and x; is measured by
: T
distpr(x,x5) = (x; —x;)  M(x; — x;)

Let {Xg,xg-,x};}(t =1,...,N) be a set of N triplet constraints derived from the training

T/ .

examples in D. Since in each constraint (xi,xj,xk), x§ and x§ are assumed to share the

same class that is different from that of x’];, we expect d M(Xﬁ, X;) <d M(X?, x};) As a result,

the optimal distance metric M is learned by solving the following optimization problem

) A
min = —

N
M3 Ody(xt xt) —dp(xt x -
MeSd,M§02H “FJF; (dar(xi %) —dp(x;,%5)) (5.1)

where S; includes all d x d real symmetric matrices and ¢(-) is a loss function that penal-

t

izes the objective function when dM(XZ-,X};) is not significantly larger than dy/(x!,x"). In

J

this study, we choose the smoothed hinge loss [97] that appears to be more effective for
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optimization than the hinge loss while keeping the benefit of large margin

0 : x>1

l(z) = l—xz—7/2 r<l—rn
1

\5(1_35)2 0.w

One main computational challenge of DML comes from the PSD constraint M > 0 in
(5.1). We address this challenge by following the one-projection paradigm [24] that first
learns a metric M without the PSD constraint and then projects M to the PSD cone at
the very end of the learning process. Hence, in this study, we will focus on the following

optimization problem for FGVC

N

A
SR + 3 (AL M 5.2
apin SIMIE ; (4, M) (5.2)

where A; = (x;f —x’];) (x;f —x?g)—r — (x;f —x?)(xg —x?)T is introduced as a matrix representation
for each triplet constraint, and (-, -) represents the dot product between two matrices.

We will discuss the strategies to address the three challenges of high dimensional DML,

and summarize the framework of high dimensional DML for FGVC at the end of this section.

5.1.1 Constraints Challenge: Multi-stage Division

In order to reliably determine the distance metric in a high dimensional space, a large number
of training examples are needed to avoid the overfitting problem. Since the number of triplet
constraints can be O(n3), the number of summation terms in (5.2) can be extremely large,
making it difficult to effectively solve the optimization problem in (5.2). Although active

learning may help reduce the number of constraints [114], the number of active constraints
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can still be very large since many images in FGVC from different categories are visually
similar, leading to many mistakes. To address this challenge, we divide the learning process
into multiple stages. At s-th stage, let My_1 be the distance metric learned from the last
stage. We sample a subset of active triplet constraints that are difficult to be classified by
M1 (i.e., incur large hinge loss). Given M1 and the sampled triplet constraints Ny, we

update the distance metric by solving the following optimization problem

A
min = My — M- 5+ D (A, M) (5.3)
M3€Sd thS

Although only a small size of constraints is used to improve the metric at each stage, we

have

Theorem 5. The metric learned by solving the problem (5.3) is equivalent to optimize the

following objective function

mln _||M||F+Z Z ((Ay, M

k= 1t€Nk

Proof. Consider the objective function for the first s stages

i —||M||F+Z D (AL M)+ Y LAy, M) (5.4)
k= 1t€Nk tENs

':Es—l( )

It is obvious that L£s 1 is strongly convex, so we have (Chapter 9, [12])

‘Cs—1<M):ﬁs—l(Ms—l)+<v£s—1(Ms—1)a M — Ms—1>
1
+§<(M - Ms—l)VQ'Cs—l(M/)a M — Ms—1>
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for some M’ between M and M,_1.
Since M_1, the solution obtained from the first s — 1 stages, approximately optimizes

Ls 1(M) and L1 is A-strongly convex, then

A
Es—l(M) ~ ['s—l(Ms—l) + §||M - Ms—l”%‘ (5~5)

We finish the proof by replacing L£s_1(M) in (5.4) with the approximation in (5.5). O

Remark This theorem demonstrates that the metric learned from the last stage is opti-
mized over constrains from all stages. Therefore, the original problem could be divided into
several subproblems and each only has an affordable number of active constraints. Fig. 5.2

summaries the framework of multi-stage learning procedure.

DML: Stage 1: Stage T:

High d High d High d

N

+

Small N

Small N

d: dimension of features
N: size of constraints
M: Learned metric

=
-I

Double RP:

Small d

Small N

.+
e

Double RP:

Small d

Small N

.+

Figure 5.2: The framework of the proposed method.
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5.1.2 Computational Challenge: Dual Random Projection

Now we will try to solve the high dimensional subproblem by dual random projection tech-
nique which is similar to that in the last chapter. For simplifying the analysis, we will
investigate the subproblem at the first stage and following stages could be analyzed in the
same way. By introducing the convex conjugate lx for ¢ in (5.3), the dual problem of DML
is

M|

max — Z le(ap) — —a' Ga (5.6)
aeRM/ll =1 2A

where ay is the dual variable for Ay and G is a matrix defined as G, j = (Aq, 4p). My =
—% Zliq' at Ay by setting the gradient with respect to M7 to zeros. Let Ry, Rg € RIX™M he
two Gaussian random matrices, where m is the number of random projections (m < d) and
Ri’j , Ré’j ~ N(0,1/m). For each triplet constraint, we project its representation A; into low
dimensional space using the random matrices, i.e. A\t = RIAth. By using double random

projections, which is different from the single random projection in [120], we have

Lemma 1. VA, Ay, the double random projections preserve the pairwise similarity between

them.: E[<gaagb>] = (Aa, Ap)

The proof is straightforward. According to the lemma, the dual variables in (5.6) could

be estimated in the low dimension space as

N
max — lzlf CelGy) — L aTéa (5.7)
&€R|N1| =1 2A

where G(a,b) = (Aq, Ay). Then, by the definition of convex conjugate and the smoothness

of the loss function, which is different from the analysis as in Chapter 4, each dual variable
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Gy in (5.7) could further be estimated by 5’((21,5, ]/\4\1)), where M; € R™*™ ig the metric
learned in the reduced space. Generally, M, s is learned by solving the following optimization

problem

N

-
_min  _|[Ms — M 1||F+ § AtaMs (5.8)
MsGSm 2

Since the size of M, € R™X™ s significantly smaller than that of M, (5.8) can be solved
much more efficiently than (5.3). In our implementation, a simple stochastic gradient descent
is developed to efficiently solve the optimization problem in (5.8). Given M\l, the final

Rdxd

distance metric My € in the original space is estimated as

5.1.3 Storage Challenge: Low Rank Approximation

Although (5.9) allows us to recover the distance metric M in original d dimensional space
from the dual variables {Ozt}qu, it is expensive, if not impossible, to save M in the memory
since d is very large in FGVC [2]. To address this challenge, instead of saving M, we propose
to save the low rank approximation of M. More specifically, let o1, ..., o, be the first r < d
eigenvalues of M, and let uy, ..., u, be the corresponding eigenvectors. We approximate M
by a low rank matrix M’ = Y7 oyu;u; = = LL". Different from existing DML methods
that directly optimize L [113], we obtain M first and then decompose it to avoid suboptimal
soulition. Unlike M that requires O(d?) storage space, it only takes O(rd) space to save
M' and r could be arbitrary value. In addition, the low rank metric also accelerates the

sampling step by reducing the cost of computing distance from O(d) to O(r). Low rank is
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also a popular regularizer to avoid overfitting when learning high dimensional metric [78].
However, the key issue is how to efficiently compute the eigenvectors and eigenvalues of M
at each stage. This is particularly challenging in our case as M in (5.9) even can not be
computed explicitly due to its large size.

To address this problem, first we investigate the structure of the recovering step for s-th

stage as in (5.9)

|Ns

INS |Ns 1|

= ZafAt+ Z agtAsTh

Therefore, we could express the summation as matrix multiplication. In particular, for

each triplet (Xz,xé,xk) we denote its dual variable by o = ¢/ ((A M >) and set the corre-

sponding entries in a sparse matrix C' as

.o o .. « . «
C<27j)_X7 C(jvz)_X7 C<]’])__X
a o a
_ & ) = —— = — 1
C(Zak) )\ C<k72) 2\ C(k> k) A (5 0)
It is easy to verify that M can be written as
M=Xxcx" (5.11)

Second, we exploit the randomized theory [52] to efficiently compute the eigen-decomposition
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of M. More specifically, let R € R4*q (¢ < d) be an Gaussian random matrix. According
to [52], with an overwhelming probability, most of the top r eigenvectors of M lie in the
subspace spanned by the column vectors in M R provided ¢ > r + k, where k is a con-
stant independent from d. The limitation of the method is that it requires the appearance
of the matrix M for computing M R while keeping the whole matrix is unaffordable here.
Fortunately, by replacing M with XCX T according to (5.11), we can approximate the top
eigenvectors of M by those of XCX T R that is of size d X ¢ and can be computed efficiently
since C' is a sparse matrix. The overall computational cost of the proposed algorithm for
low rank approximation is only O(gnd), which is linear in d. Note that the sparse matrix C'
is cumulated over all stages.

Alg. 5 summarizes the key steps of the proposed approach for low rank approximation,
where ¢r and etg stand for QR and eigen decomposition of a matrix. Note that the distributed
computing is particularly effective for the realization of the algorithm because the matrix
multiplication XCX "R can be accomplished in parallel, which is helpful when n is also

large.

Algorithm 5 An Efficient Algorithm for Recovering M and Project It onto PSD Cone from
M

1: Input: Dataset X € R4*", M e R™*™M the number of random combinations ¢
2: Compute a Gaussian random matrix R € RI%4

3: Compute a sparse matrix C' using (5.10)

£ Y=RxX,Y=YxC,VY=YxX

5 QR = qr(Y)

6: B=Q' xX'" B=BxC, B=BxX

7. (U, X] = eig(B)

8: U=QxU

9:

return L = [\/ojuy, - ,/oru,] and M = LLT, where u; is the ith column of U and
o; is the ith positive diagonal element of X

Alg. 6 shows the whole picture of the proposed method. The total cost of the framework
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Algorithm 6 The Multi-stage Metric Learning Framework for High Dimensional DML
(MsML)

1: Input: Dataset X € Rdxn, the number of random projections m, the number of random
combinations ¢, and the number of stages T’
Compute two Gaussian random matrices Ry, Ry € RI*™
Initialize ]\/4\0 =0 e R™™ and My = 0 € RIxd
for s=1,...,T do
Sample one epoch (O(n)) active triplet constraints using Mg_1
Estimate M, s by solving the optimization problem as in (5.8) using SGD
Recover the distance metric My in the d dimensional space using Alg. 5
end for
return My

is only O(dn).

5.2 Experiments

DeCAF features [34] are extracted as the image representations in the experiments. Although
it is from the activation of a deep convolutional network, which is trained on ImageNet [72],
it outperforms conventional visual features on many general tasks [34]. We concatenate
features from the last three full connected layers (i.e., DeCAF5,647) and the dimension of
resulting features is 51, 456.

We apply the proposed algorithm to learn a distance metric and use the learned metric
together with a smoothed k-nearest neighbor classifier, a variant of k-NN, to predict the
class assignments for test examples. Different from traditional k-NN, smoothed k-NN first
obtains k reference centers for each class by clustering images in each class into k clusters.

To predict the class assignment for a test image x, it computes a distance between x and a
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class C using the reference centers Cf,...,C}. as

k

dis(x,C) = —% log Z exp <—6|x - Cj|2> : (5.12)
j=1

and assigns x to the class with the shortest distance. The distance function given in (5.12)
actually computes the soft min among the distance between x and C';, and we use hard min
ming <<y, [x — C'j|2 when 8 = 0. We find that smoothed k-NN is more efficient than the
traditional k-NN, especially for large-scale learning problems. We refer to the classification
approach based on the metric learned by the proposed algorithm and the smoothed k-
NN as MsML, and the smoothed £-NN with Euclidean distance in the original space as
Euclid. Although the size of covariance matrix is very large (51,456 x 51,456), its rank
is low due to the small number of training examples, and thus PCA can be computed
explicitly. The state-of-the-art DML algorithm, i.e. LMINN [114] with PCA as preprocess,
is also included in comparison. The one-vs-all strategy, based on the implementation of
LIBLINEAR [37], is used as a baseline for FGVC, with the regularization parameter varied
in the range {10°}(i = —2,--- ,3). We refer to it as LSVM. We also include the state-of-the-
art results for FGVC in our evaluation. All the parameters used by MsML are set empirically,
with the number of random projections m = 100 and the number of random combinations
qg = 600. PCA is applied for LMNN to reduce the dimensionality to m before DML is
learned. LMNN is implemented by the code from the original authors and the recommended
parameters are used 2. To ensure that the baseline method fully exploits training data, we
set the maximum number of iterations for LMNN as 10%. These parameter values are used

throughout all the experiments. All training/test splits are provided by datasets. Mean

2We did vary the parameter slightly from the recommended values and did not find any noticeable change
in the classification accuracy.
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accuracy, a standard evaluation metric for FGVC, is used to evaluate the classification
performance. All experiments are run on a single machine with 16 2.10GHz cores and 96GB

memory.

5.2.1 Oxford Cats&Dogs

Cats&dogs contains 7,349 images from 37 cats and dogs species [88]. There are about 100
images per class for training and rest for testing. Table 5.1 summaries the results. First, we
observe that MsML is more accurate than the baseline LSVM. This is not surprising because
the distance metric is learned from the training examples of all class assignments. This is in
contrast to the one-vs-all approach used in LSVM in which the classification function for a
class C' is learned only by the class assignments of C'. Second, our method performs signif-
icantly better than the baseline DML method, indicating that the unsupervised dimension
reduction method PCA may result in suboptimal solutions for DML. Fig. 5.3 compares the
images that are most similar to the query images using the metric learned by the proposed
algorithm (Column 8-10) to those based on the metric learned by LMNN (Column 5-7) and
Euclid (Column 2-4). We observe that more similar images are found by the metric learned
by MsML than by LMNN. For example, MsML is able to capture the difference between two
cats species (longhair v.s. shorthair) while LMNN returns the very similar images with wrong
label. More examples are given in Fig. 5.6. Third, MsML has overwhelming performance
compared to all state-of-the-art FGVC approaches. Although the method [88] using ground
truth head bounding box and segmentation achieves 59.21%, MsML is 20% better than it
with only image information, which shows the advantage of the proposed method. Finally,
it takes less than 0.2 second to extract DeCAF features per image based on a C'PU imple-

mentation while a simple segmentation operator costs more than 2.5 seconds as reported in
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the study [2], making the proposed method for FGVC practically more appealing.

Table 5.1: Comparison of mean accuracy(%) on cats&dogs dataset. “#” means that more
information (e.g., ground true segmentation) is used by the method.

Methods Mean Accuracy (%)
Image only [88] 39.64
Det+Seg [2] 54.30
Image+Head+Body# [88] 59.21
Euclid 72.60
LSVM 77.63
LMNN 76.24
MsML 80.45
MsML-+ 81.18

Figure 5.3: Examples of retrieved images. First column are query images highlighted by
green bounding boxes. Columns 2-4 include the most similar images measured by Euclid.
Columns 5-7 show those by the metric from LMNN. Columns 8-10 are from the metric of
MsML. Images in columns 2-10 are highlighted by red bounding boxes when they share the
same category as queries, and blue bounding boxes if they are not.

To evaluate the performance of MsML for extremely high dimensional features, we con-

catenate conventional features by using the pipeline for visual feature extraction that is

outlined in [2]. Specifically, we extract HOG [30] features at 4 different scales and encode
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them to 8 K dimensional feature dictionary by the LLC method [113]. A max pooling strate-
gy is then used to aggregate local features into a single vector representation. Finally, 82,560
features are extracted from each image and the total dimension is up to 134,016. MsML with
the combined features is denoted as MsML+4 and we can observe that it further improves
the performance by about 1% as in Table 5.1. Note that the time of extracting this high
dimensional conventional features is only 0.5 second per image, which is still much cheaper

than any segmentation or localization operator.

5.2.2 Oxford 102 Flowers

102flowers is the Oxford flowers dataset for flower species [86], which consists of 8189 images
from 102 classes. Each class has 20 images for training and rest are for testing. Table 5.2
shows the results from different methods. We have the similar conclusion for the methods us-
ing the same DeCAF features. That is, MsML outperforms LSVM and LMNN significantly.
Although LSVM already performs very well, MsML further improves the accuracy. Addition-
ally, it is observed that the performance of state-of-the-art methods even with segmentation
operators are much worse than that of MsML. Note that GT [86] uses hand annotated seg-
mentations followed by multiple kernel SVM, while MsML outperforms it about 3% without
any supervised information, which confirms the effectiveness of the proposed method.

Fig. 5.4 illustrates the changing trend of test mean accuracy as the number of stages
increases. We observe that MsML converges very fast, which verifies that multi-stage division

is essential in our proposed framework.
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Table 5.2: Comparison of mean accuracy(%) on 102flowers dataset. “#” means that more
information (e.g., ground true segmentation) is used by the method.

Test MA(%)

Methods Mean Accuracy (%)
Combined CoHoG [65] 74.80
Combined Features [85] 76.30
BiCoS-MT [19] 80.00
Det+Seg [2] 80.66
TriCoS [21] 85.20
GTH# [36] 85.60
Euclid 76.21
LSVM 87.14
LMNN 81.93
MsML 88.39
MsML+ 89.45
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Figure 5.4: Convergence curve of the proposed method on 102flowers.

5.2.3 Birds-2011

birds11 is the Caltech-USCD-200-2011 birds dataset for bird species [109]. There are 200

classes with total 11, 788 images and each class has rough 30 images for training. We use the

version with ground truth bounding box. Table 5.3 compares the proposed method to the

state-of-the-art baselines. First, it is obvious that the performance of MsML is significantly
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better than all baseline methods as the observation above. Second, although Symb [20]
combines segmentation and localization, MsML outperforms it by 9% without any time
consuming operator. Third, Symb* and Ali* mirror the training images to improve their
performances, while MsML is even better without this trick. Finally, MsML outperforms
the method combining DeCAF features and DPD models [121], which is due to the fact
that most of research of FGVC ignore choosing the appropriate base classifier and simply
adopt linear SVM with one-vs-all strategy. For comparison, we also report the result with
mirroring training images and is denoted as MsML+*. It provides another 1% improvement

over MsML+ as shown in Table 5.3.

S
=
Q
s
o
> —e— MsML
<< 79 1
a
(o]
(D)
2 78.‘\\\/\
77 ‘ ‘ ‘ ‘
0 10 20 30 40 50

#Auxiliary Classes

Figure 5.5: Comparison with different size of classes on birds11.

To illustrate the capacity of MsML in exploring the correlation among classes, which
makes it more effective than a simple one-vs-all classifier for FGVC, we conduct one addi-
tional experiment. We randomly select 50 classes from birds11 as the target classes and use
the test images from the target classes for evaluation. When learning the metric, besides

the training images from 50 target classes, we sample k classes from the 150 unselected ones
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Table 5.3: Comparison of mean accuracy(%) on birdsl1 dataset. “*” denotes the method
that mirrors training images.

Methods Mean Accuracy (%)
Symb [20] 56.60
POOF [9] 56.78
Symb* [20] 59.40
ALF [44] 62.70
DeCAF+DPD [34] 61.96
Euclid 46.85
LSVM 61.44
LMNN 51.04
MsML 65.84
MsML-+ 66.61
MsML+* 67.86

as the auxiliary classes, and use training images from the auxiliary classes as additional
training examples for distance metric learning. Fig. 5.5 compares the performance of LSVM
and MsML with the increasing number of auxiliary classes. It is not surprising to observe
that the performance of LSVM decreases a little since it is unable to explore the supervision
information in the auxiliary classes to improve the classification accuracy of target classes
and more auxiliary classes just intensify the class imbalance problem. In contrast, the per-
formance of MsML improves significantly with increasing auxiliary classes, indicating that
MsML is capable of effectively exploring the training data from the auxiliary classes and

therefore is particulary suitable for FGVC.

5.2.4 Stanford Dogs

S-dogs is the Stanford dog species dataset [70]. It contains 120 classes and 20,580 images,
where 100 images from each class is used for training. Since it is the subset of ImageNet [92],

where DeCAF model is trained from, we just report the result in Table 5.4 as reference.
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Table 5.4: Comparison of mean accuracy(%) on S-dogs dataset. “*” denotes the method
that mirrors training images.

Methods Mean Accuracy (%)
SIFT [70] 92.00
Edge Templates [118] 38.00
Symb [20] 14.10
Symb* [20] 15.60
AL [44] 50.10
Euclid 59.22
LSVM 65.00
LMNN 62.17
MsML 69.07
MsML+ 69.80
MsML+* 70.31

5.2.5 Comparison of Efficiency

In this section, we compare the training time of the proposed algorithm for high dimensional
DML to that of LSVM and LMNN. MsML is implemented by Julia, which is a little slower
than C2, while LSVM uses the LIBLINEAR package, the state-of-the-art algorithm for solv-
ing linear SVM implemented mostly in C. The core part of LMNN is also implemented in C.
The time for feature extraction is not included here because it is shared by all the methods
in comparison. The running time for MsML includes all operational cost (i.e., the cost for

triplet constraints sampling, computing random projection and low rank approximation).

Table 5.5: Comparison of Running time (seconds).

Methods || cats&dogs | 102flowers | birds11 | S-dogs
LSVM 196.2 309.8 1,417.0 | 1,724.8
LMNN 832.58 702.7 1,178.2 | 1,643.6
MsML 164.91 174.4 413.1 | 686.3

MsML+ || 337.20 383.7 791.3 | 1,229.7

Table 5.5 summarizes the results of the comparison. First, it takes MsML about 1/3

of the time to complete the computation than LMNN. This is because MsML employs a

3Detailed comparison can be found in http://julialang.org
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stochastic optimization method to find the optimal distance metric while LMNN is a batch
learning method. Second, we observe that the proposed method is significantly more efficient
than LSVM on most of datasets. The high computational cost of LSVM mostly comes from
two aspects. First, LSVM has to train one classification model for each class, and becomes
significantly slower when the number of classes is large. Second, the fact that images from
different classes are visually similar makes it computationally difficult to find the optimal
linear classifier that can separate images of one class from images from the other classes. In
contrast, the training time of MsML is independently from the number of classes, making it
more appropriate for FGVC. Finally, the running time of MsML+ with 134,016 features only

doubles that of MsML, which verifies that the proposed method is linear in dimensionality

(O(d)).

5.3 Conclusions

In this chapter, we develop a multi-stage metric learning framework of high dimension-
al FGVC problem, which addresses the challenges arising from conventional DML. More
specifically, it divides the original problems into multiple stages to handle the challenge
arising from too many triplet constraints, extends the theory of dual random projection to
address the computational challenge for high dimensional data, and a randomized algorithm
for low rank matrix approximation for the storage challenge. The empirical study shows that
the proposed method with general purpose features yields performance that is significantly
better than the state-of-the-art approaches for FGVC. In the future, we could try to com-
bine the proposed DML algorithm with segmentation and localization to further improve

the performance of FGVC.
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Figure 5.6: Examples of retrieved images. First column are query images highlighted by
green bounding boxes. Columns 2-4 include the most similar images measured by Euclid.
Columns 5-7 show those by the metric from LMNN. Columns 8-10 are from the metric of
MsML. Images in columns 2-10 are highlighted by red bounding boxes when they share the
same category as queries, and blue bounding boxes if they are not.
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Chapter 6

Feature Selection for Face
Recognition:

A Distance Metric Learning Approach

In this chapter, we will study feature selection problem in face recognition. Face recognition
involves identifying if two face images belong to the same person (i.e., face verification)
or which person the face image belongs to (i.e., face classification). It is an important
application of computer vision and has been studied extensively in the past decades [26, 100,
3, 62, 25]. Many face recognition methods require estimating the similarity between images
appropriately using the technique of distance metric learning [50, 60, 61].

One challenge in applying DML to estimate the similarity of face images is the high
dimensionality of face representations used to capture the subtle differences between the
faces [25, 3]. The high dimensionality comes from the fact that over-completed descrip-
tors are sampled for face images and the total number of features can be up to 1, 000, 000 [61].
Most of existing DML methods project the high dimensional face features to a low dimen-
sional space with unsupervised dimension reduction techniques (e.g., PCA) and then learn
a metric for the low dimensional space [60, 50]. The resulting solution can be suboptimal

since important information of face images is lost after dimension reduction.
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By further investigating the problem, it is found that although the dimensionality of
feature vectors for face images is very high, the number of features used by each descriptor
is significantly small and is only 45 in our study. It is thus efficient to learn a metric for
the group of features from each descriptor. On the other hand, since the descriptors are
over-completed, a subset of them may be sufficient to verify face images. Fig. 6.1 illustrates
the feature selection (i.e., descriptor selection) for face verification. Each descriptor is cor-
responding to a small patch on the face, and a subset of them (e.g., eyes, nose, etc.) can
capture most of differences.

Descriptor
Selection

—

Figure 6.1: Illustration of feature selection for face verification. Although descriptors are
over-completed, a subset of descriptors (e.g., eyes, nose, etc) can capture most of differences.

In this chapter, we propose a DML method that can select a subset of descriptors and
learn a distance metrics for each selected descriptor simultaneously. Unlike the previous
methods that learn a single metric from the original feature space, we learn a metric for
each feature group that is corresponding to the selected descriptor at every iteration and
the ensemble of metrics is used for the verification. The method avoids dealing with high
dimensional features directly while keeping useful information from all descriptors.

The main contributions of this work are summarized as follows.

e We propose a DML method to handle the over-completed descriptors in face verifi-
cation. At each iteration, a linear optimization problem is solved to simultaneously
select a descriptor and learn the corresponding metric. This problem has the closed-

form solution, which making the computation efficient.
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e We prove that the proposed method has O(1/T) convergence rate, where 7' is the

number of iterations and equivalent to the number of selected descriptors in this work.

e To reduce the high computational cost of exhaustive search that selects one single
descriptor at each iteration, we exploit mini-batch strategy and incremental sampling,
respectively. It is shown theoretically and empirically that the accelerated methods
are able to yield similar performance with significantly reduced computational costs.
The hybrid method with these strategies together achieves the best efficiency in our

empirical study.

The rest of this chapter is organized as follows: Section 6.1 describes the proposed ap-
proach. Section 6.2 shows the results of the empirical study and Section 6.3 concludes this

work with future research directions.

6.1 DML for feature selection

Given a set of face images X € RI*" DML aims to learn a metric that estimates pairwise
distances as

dist s (x5, %) = (x; — x5) " M(x; — x;)

In face verification, a good metric can separate the images from the same person and those

from different persons as

VXZ',Xj : diStM(XZ‘,Xj) <b-—1; Vx;,xp: distys(x,x5) >b+1

where x; and x; are from the same person while x;, is from a different person, and b is a

pre-defined threshold.
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The metric can be learned by solving the corresponding optimization problem, which is

N
min L(M) = %Zé(yij(distM(xi,xj) — b)) (6.1)

d —
Mesy ij
where Sji_ is the set of positive semi-definite (PSD) matrices with size d x d, and /() can be

any smooth loss function and is the logistic loss in our work as
(=) = log(1 + exp(z + 1))

Y;j € {—1,+1} is the indicator where Y;; = 1 if x; and x; are from the same person and
Y;; = —1 otherwise.

It is hard to handle the problem in (6.1) directly by conventional DML methods due to
the high dimensionality of the feature space. On the other hand, features are known to be
redundant and the number of features from each descriptor is small, making it possible to
efficiently learn a metric for every group of feature. . Therefore, we propose an iterative
algorithm that is able to perform feature selection and metric learning simultaneously: it
selects one informative descriptor at each iteration and learn a metric for the features of the
selected descriptor.

At the t-th iteration, we select the descriptor as

arg _I{lins kmin 0z, 2ty
ST MyeST || Myl p<1

where S is the number of descriptors, k is the dimension of features from a single descriptor

and we have kS = d. €7(Zt_1) = [E’(Zf;l)], z_f;, = [}/;-J(distMt(Xf,x;) —b)] and x* is the s-th
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feature group of the example. It is a linear optimization problem and is equivalent to

arg 1 mln min <Z ’szt] 1Afj, t) (6.2)
S sk My p<1

where Af’ = (x? —Xj )(x? —xj)T. The intuition of Eqn. 6.2 is to learn the optimal metric for
each feature group and then greedily select the feature group whose distance is the closest
to the negative direction of the gradient with the learned metric.

The metric is learned from the subproblem

: t—1 4s
Jnin ZYJEZ,] Aj g My)
Mt€S+7||M||F<1 Zj

According to the K.K.T. condition [12], the problem has the closed-form solution

t—1
M =Tpsp sy =1 ZY%J A7) (6:3)

where HPSD,||M\|F=1 (M) is to project the metric into the PSD cone with the unit Frobenius

norm. By taking Eqn. 6.3 back to Eqn. 6.2, the selection criterion becomes

in S — —||II Y A5 ) 6.4
arg min  Score IHpsp(— Z 1.5 ; ) F (6.4)

After selecting the descriptor with the minimal score, the distance is updated as
Zf (1 — Ozt)Zt 1 + oztzt

i,J
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The stepsize oy can be optimized by solving the problem

(1 -« Z?f_.l—l—azt'
Qag: O<at<1NZ t 3 t 27])

with Newton’s method or use the pre-defined size as

2

R

Alg. 7 summarizes the key steps of the proposed method.

Algorithm 7 Greedy Coordinate Descent Metric Learning for Face Verification (Greco)

Input: Dataset X € R¥" 4 Tterations T
fort=1,---,7T do
Select a single descriptor according to Eqn. 6.4
Compute the corresponding metric as in Eqn. 6.3
Update the distance usmg the selected feature group and the learned metric as
ZZ’-5 =(1- Ozt)Zt Ty oztz
end for
return 27

i,J

The greedy coordinate descent method in Alg. 7 is similar as Frank-Wolfe method [41, 43]
or conditional gradient descent method [75], but it learns the ensemble of metrics rather than
a single model as in previous work. We have the following theorem for the guarantee of the

performance.

Theorem 6. Let Z1 be the solution of Alg. 7 after T iterations and Z* be the optimal

solution. Assume that the loss function ((-) is convex and B-smooth and ¥i,j : ||z* — 7|2 <

D. By setting oy = %, we have

L(ZY - L(2%) < —
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The proof is similar to that of Frank-Wolfe method.

Proof.

L(ZY = £(Z%) = L((1 — a) 2T + ay2t) — 0(Z%)

2
< LZY) = L(Z9) + ap (VL2 2= 2 ¢ O‘tT*BHZH — 22 (6.5)

< L(ZVYY - L(ZY) +ag(VL(ZY, zF = 72 + #D (6.6)
< (L—an)(L(Z'7h) —0z") + ai—ﬂD (6.7)

Eqn. 6.5 is obtained because that the loss function is S-smooth. Eqn. 6.6 is from the fact
that 2! is the optimal solution of Problem 6.2 and Z* is in the convex hull as z!. Eqn. 6.7

is due to that L is convex.

By setting ay = 154%1’ we prove the theorem by induction. We hold the assumption that

26D

0z —uz*) < T

When T'=1, a1 = 1 and it is obvious that

8D

02"~z < =~ <pD

For T'=t, we have

1 28D 1 28D 28D

uzh -z P S A (Y

IN
=
|

90



6.1.1 Adaptive Mini-batch Strategy

Although the proposed method can handle the high dimensional challenge in face verification,
it has to exhaustively search through all descriptors to select only one descriptor at each
iteration, which is computationally inefficient when the number of descriptors is very large.
We propose two variants of DML based feature selection methods to improve the efficiency.

First, we investigate the mini-batch strategy, which select a mini-batch descriptors rather
than a single descriptor at each iteration. After computing the score of each descriptor as
in Eqn. 6.4, top m descriptors will be selected. Then, a larger metric (i.e., size of mk x mk)

will be learned from all features of selected descriptors as
* _ =1 451058
M =Tpspag p=t/m(= 2 Yigliy 435 )
2y

Note that the norm of My is shrank by 1/m to make sure the norm of 2! is still bounded

over multiple feature groups. It is because

S1578m S
475" < mimax 143 p)
‘ ' ‘ ' o max ||Alsly ,Sm” .
This shrinkage ratio also can be estimated empirically as pe— |’|{45 e for a tighter
2¥)

approximation.
Given the normalized score of mini-batch descriptors, the updating is adaptively by
comparing to the score of the optimal single descriptor. If the former score is better than

the later one, the distance will be updated by the mini-batch feature groups. Otherwise, the
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single optimal descriptor will be used. Alg. 8 shows the method with mini-batch strategy.

Algorithm 8 Greedy Coordinate Descent Metric Learning with Adaptive Mini-batch
(Greco-mini)

1: Input: Dataset X € Rdx”, # Iterations 7', mini-batch size m
2: fort=1,---,7T do
3:  Select top d descriptors according to Eqn. 6.4

4:  Compute a single metric from the selected feature groups

s G (VL2 ey ) <vc(zt—1),zMSmgl6> then
6: Mt = Mpini—bateh

7. else

8: M = Msingle

9: end if

10:  Update the distance using the selected feature group and the learned metric as
t t—1 t

11: end for

12: return 27

J

We can prove that the mini-batch strategy will not affect the convergence rate if its score

is better than the single one, which is stated in the following theorem.

Theorem 7. Let ZL be the solution of Alg. 8 after T iterations and Z* be the optimal
solution. Assume that the loss function ((-) is convex and B-smooth and ¥i,j : ||2* — 27||? <
D. By setting ay = H—Ll and assuming that the score of mini-batch descriptors is n better
than the score of the optimal single descriptor, we have

- 26D — 2n

LIZN) = L(Z7) € =5

The proof is trivial and we list it for completeness.

Proof. We consider the problem when the solution of each iteration is slightly better than the

single optimal solution with a factor  where n > 0 and (V/(Z!=1), 28) < (Ve(Z171), 21) —n.
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With the similar process as above, we have

L(Z') = £(Z*) = L(1 = an) 27" + ayz") — £(Z7)

a%ﬁ

< L(Z7Y) = L) + ay(VE(Z L), 2 = 2170 — agg + S 20— 212

< (1 —a) (L2 = £(2%) — am + @

We prove the result by induction. We set ay = 2/(t + 1) as before and the assumption is

T * Q/BD_277
(27 - oz < 2=

When T' =1, it is

(2" -~z <22 —n<pp -

When T = t, we have

26D 2 2 2n
Wzh -z < =1 -—)=" -
(27) - Uz < t+1 ( t+1>t (t+1)2
26D — 2n
- t+1

]

Remark 7 is the trade-off between the performance and the number of selected descrip-
tors. Although the number of iterations for the method with mini-batch strategy is less than
that of the original method to achieve the same performance, the number of descriptors can

be larger than that of original one.
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However, if the solution of mini-batch is good enough as

8D T+1
P ¢ R
e

)

where m is the mini-batch size, we have

T * 25D
(7" -0z <

which means that even with the same number of descriptors, the method with mini-batch
performs the same as the original method and the running time is shrank by the factor m

in this ideal case.

6.1.2 Incremental Sampling Strategy

In this section, we exploit the sampling strategy to reduce the number of candidate descrip-
tors at each iteration. Different from uniform sampling, a subset with size |1 — tl—tlJS will
be sampled at the t-th iteration, where 0 < 74+ < t+1 and max; 74 = ¢. The size of candidate
subset is incremental with the increasing number of iterations, which means the selected
descriptor is closer and closer to the optimal one and this step is critical for convergence.
Alg. 9 summarizes the proposed method.

We can show that the method with incremental sampling has the similar convergence

rate as the original one, which is summarized in the following theorem.

Theorem 8. Let Z1 be the solution of Alg. 9 after T iterations and Z* be the optimal

solution. Assume that the loss function ((-) is convex and f-smooth and Vi, j : ||2* — 27||? <
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Algorithm 9 Greedy Coordinate Descent Metric Learning with Incremental Sampling
(Greco-isamp)

Input: Dataset X € Rdxn, # Iterations T', sampling ratio ¢
fort=1,---,T do
Randomly sample a subset of descriptors with size of |1 — tl—tlj S
Select a single descriptor in the subset according to Eqn. 6.4 and compute the corre-
sponding metric
5:  Update the distance using the select feature group and the learned metric as
ZZ{J' =(1- Ozt)ZZ{;l + Oztz;-:j
6: end for
7. return Z71

D. By setting oy = % and 0 < v < min{c,t + 1},we have

N 28D + 4c
BIL(ZN] = £(Z27) < =

Proof. We consider the general case that the solution at the t¢-th iteration is not optimal
but close to the optimal one with a factor n where 0 < n; < 1 and (VL(Z!71), 2t <
ni(VL(Z1), 21) since the optimal score is negative. With the similar strategy as in previous

proof, we have

LZY = L£(Z") = L(1—a)) 27+ ) — L(Z2)
2
<LZTY) = L(Z) + a(VL(ZTY) i = 2 + %5\|Z’f—1 — 27

< L(ZY = (29 + am(vL(Zth, 25 — 2t

—ar(1 = (vL(z Y, 27 + L
&2
< (L= am)(£(Z7Y)  £Z7) + a1 = m)(£0) ~ £ + D (o)

Oé2
= (1 a2~ £(2") + a1~ ) (200) — £(2%) + “2D

< (1- L2 - £(2)) + 2041 — ) + “LD (69)
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Eqn. 6.8 is from the fact that £ is convex and Eqn. 6.9 is because

L(0)—L(Z*) =log(1+e) —U(Z") <2
If we set ¢ > 1 —¢/(t + 1) where 0 < ¢ < min{ec,t + 1}, Eqn. 6.9 becomes

U2 = 0Z7) < (1= o) (U2 —UZ) + 275 + “i—ﬁD

We prove the result by induction. We set ay = 2/(t + 1) and take the assumption

28D + 4c
0zt —uzry < 21
(27) - tz") < T

When T'=1, it is
D
E(Zl) —UZ") <1+ % < BD +2¢

When T' = t, we have

28D 2 e 4y
Wzh —ezf < = 1——)—
(2 -4z7) < t+1 ( t+1)t (t+1)2
28D + 4c
t+1

We finish the proof by showing that n; > 1 —~/(t + 1) in Alg. 9, which is

E[VL(ZY), 2] < Prla e Sap)(VL(Z), 2

i -
(1= Lz, )
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The proposed adaptive mini-batch strategy and incremental sampling can be combined

to further improve the efficiency and the hybrid algorithm is summarized in Alg. 10.

Algorithm 10 Greedy Coordinate Descent Metric Learning with Hybrid strategies (Greco-
hybrid)

1: Input: Dataset X € ]Rdxn, # Iterations T, mini-batch size m, sampling ratio ¢
2: fort=1,---,7T do

3:  Randomly sample a subset of descriptors with size of [1 — tz_—tlj S

4:  Select top d descriptors according to Eqn. 6.4 within the selected subset

5:  Compute a single metric from the selected feature groups

. : t—1 t—1

6: if (VL(Z )’ZMmini—batch> > (VL(Z >’ZMsingle> then

& Mt = Myini—batch

8: else

9: My = Msingle

10:  end if

11:  Select a single descriptor in the subset according to Eqn. 6.4 and compute the corre-
sponding metric

12:  Update the distance using the select feature group and the learned metric as

t—1

Zij =(1- O‘t)Zz',j + oztz;ij

13: end for

14: return ZT

6.2 Experiments

We collect a face image dataset with 4,000 training examples and 2, 040 test images. There

are 400 people in training set and each of them has 10 images. Test set consists of 60 different

people with 34 images for each. We use the covariance matrix descriptors [105] to extract

features and 7,671 descriptors are sampled for face images. Each descriptor has 45 features

and the final dimensionality of representations is up to 345, 195.

Five variants of proposed methods are compared through the experiments:

e Greco-random: randomly select a descriptor at each iteration and learn the optimal

metric
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Greco: the method that selects the feature group and learns the metric simultaneously

as in Alg. 7

Greco-mini: the proposed method with adaptive mini-batch strategy as in Alg. 8

e Greco-isamp: the proposed method with incremental sampling strategy as in Alg. 9

Greco-hybrid: the proposed hybrid method as in Alg. 10

The number of iterations is set to be 7" = 100. The size of mini-batch is set as m = 3. We
set the sampling ratio of Greco-isamp as 10% in the first 50 iterations and 1 —45/(¢t 4 1) in

the rest ones. All experiments are repeated three times and the average results are reported.

6.2.1 Experiment I: Face Verification

For face verification, we randomly sample 4, 000 positive pairs and negative pairs respectively
to compute the score of each descriptor at each iteration. 40,800 randomly sampled pairs
from test set, where half of them are positive, are used as test pairs. We also randomly sample
80, 000 pairs from training set ,where half of them are positive, to estimate the training error.
Besides the method proposed in this work, we include ITML [32] the state-of-the-art DML,
in the comparison. Since it can not handle the high dimensional data directly, we reduce
the dimension to 500 by PCA before applying the method. The number of iterations for
ITML is set to be 1,000,000 to make sure the approach has explored the data sufficiently.
Note that Greco samples 8, 000 pairs at each iteration, the total number of pairs used in our
method is only 800,000, which is less than that of ITML. The threshold is set empirically
as b=6.

Figs. 6.2-6.3 compare the performance of different methods on face verification problem.

First, it is obvious that all proposed methods perform significantly better than ITML. This
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is because the using of PCA in ITML results in a significant loss of information. Second,
the performance of Greco-random is worse than the proposed methods, which verifies the
effectiveness of the proposed greedy coordinate descent method. Third, the training error of
Greco-mini decreased more rapidly than Greco, indicating that the incorporation of mini-
batch method is effective, as illustrated in Theorem 7. Finally, Greco-isamp and Greco-
hybrid have the similar performance as Greco and Greco-mini, respectively, confirming that
the incremental sampling will not sacrifice the performance too much.

Table 6.1 compares the running time of proposed methods. Compared with Greco, Greco-
mini saves more than 40% running time while Greco-isamp only uses 28% of that. The hybrid
method is the most efficient one and takes 11% running time of Greco. Besides running time,
we find that Greco-mini samples 126 descriptors and Greco-hybrid samples 119 descriptors
to achieve the same performance as the Greco with 100 descriptors. We thus conclude that

Greco-mini and Greco-hybrid trade the number of descriptors for efficiency at limited cost.

45 ‘ ‘
—— Greco—random
401 — Greco §
;\5\ —— Greco—mini
= 351 —— Greco—isamp
o Greco—hybrid
2 30}
8a
E
e 20
=
15}
10 ‘ ‘ ‘ ‘
0 20 40 ) 60 80 100
#lterations

Figure 6.2: Comparison of training error on face verification. Red star denotes the position
that Greco-mini achieves the same performance as Greco with 100 iterations. Red cross
denotes the position that Greco-hybrid achieves the same performance as Greco with 100
iterations.
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Figure 6.3: Comparison of test error on face verification.

Table 6.1: Comparison of running time (seconds). The reported running time of Greco-mini

and Greco-hybrid is that they achieve the same training performance as Greco with 100
iterations.

Face verification

Greco | Greco-mini | Greco-isamp | Greco-hybrid
3,716.3 | 2,084.4 1,044.5 412.8

Face classification
Greco | Greco-mini | Greco-isamp | Greco-hybrid
3,643.8 | 2,252.8 1,012.5 356.7

6.2.2 Experiment II: Face Classification

In this section, we conduct the experiment for face classification task. The only difference
from the face verification is the loss function. Given the triplet constraint {x;,x;,x},} where

x; and x; are from the same person and x;, is different, we have the learning problem as

N

min £(M) = % S (dist g (x5, ;) — dlist a7 (x5, x1.)

d
Mesy i,j,k

which can be solved by the proposed methods with appropriate modifications. We include

LMNN [114] with 500 PCA features as the baseline DML method in comparison and the
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results of leave-one-out 3-NN are summarized in Figs. 6.4-6.5.

We share the same observation as the last experiment, i.e. the learned distance metric
with PCA features yields significantly worse performance than the proposed methods, and
the proposed methods are significantly better than randomly picking a descriptor at each
iteration. Greco-isamp has the similar performance as Greco and Greco-mini is better than
Greco. Greco-hybrid has the comparable performance with Greco-mini but takes significantly

less running time.

80 ‘ ‘
—— Greco—random
70} —— Greco o |
o\o —— Greco—mini
= 6ol — Greco—isamp ||
g Greco—hybrid
=a) i
o0 50
k=
£ 40t
<
&
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20

20 40 60 80 100

#lterations
Figure 6.4: Comparison of training error on face classification. Red star denotes the position
that Greco-mini achieves the same performance as Greco with 100 iterations. Red cross
denotes the position that Greco-hybrid achieves the same performance as Greco with 100
iterations.

Besides comparing to general DML methods, we also conduct the comparison that in-
cludes the proposed hybrid method and the DML method specified for face recognition [61].
Since more constraints will approximate the expectation in Eqn. 6.1 better, we increase the
number of sampled constraints at every iteration from one epoch (i.e., 4000) to five and ten

epochs, which are denoted as Greco-hybrid-1, Greco-hybrid-5 and Greco-hybrid-10, respec-

tively. Figs. 6.6-6.7 summarize the results of the proposed hybrid methods and the baseline
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Figure 6.5: Comparison of test error on face classification.

method developed by NEC [61], which also selects features along with learning metrics. It is
a commercial software and among the top performers for face recognition. With the sufficient
number of constraints at each iteration, our hybrid methods perform even better than the
well deployed software. The NEC’s baseline method consumes 14, 799.1 seconds on the server
with 32 core 2.10 GHz CPUs, while our hybrid methods cost only 532.4 and 583.7 seconds
for Greco-hybrid-5 and Greco-hybird-10, respectively, to achieve the same performance by
using the server with 24 core 2.30 GHz CPUs, which further verifies the effectiveness and

efficiency of the proposed method.

6.3 Conclusion

In this chapter, we propose a DML method to select descriptors (i.e., feature groups) and
learn corresponding metrics simultaneously for face recognition. Our method exploits the
fact that the dimensionality of the features from a single descriptor is small and greedily

selects one descriptor from all candidates at each iteration. To improve the computational
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Figure 6.6: Comparison of training error on face classification with the baseline method
developed by NEC. Red cross denotes the position that Greco-hybrid-5 achieves the same
performance as NEC’s baseline method with 100 iterations. Red star denotes the position
that Greco-hybrid-10 achieves the same performance as NEC’s baseline method with 100
iterations.
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Figure 6.7: Comparison of test error on face classification with the baseline method developed
by NEC.

efficiency, we propose two variants with mini-batch and incremental sampling strategies,

respectively. Both the efficiency and effectiveness of the hybrid method with these two
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strategies are also verified in the empirical study. In the future, we could try the method for
the face images with different kinds of descriptors where the dimensionality of features from

different descriptor can be different.
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Chapter 7

Conclusions & Future Plan

In this dissertation, we study the fundamental challenges in applying DML to large-scale
high dimensional data and evaluate the performance of the proposed methods with computer

vision applications. We summarize them as follows.

e Expensive PSD projections (O(d?)): We alleviate the cost of PSD projections by reduc-
ing the number of updates in SGD. To limit its impact on the prediction performance,
we exploit the mini-batch strategy and adaptive sampling method, respectively. We
verify the effectiveness for both of them theoretically and empirically. Then, we pro-
pose two hybrid methods by combining these two strategies and further improve the

efficiency while obtaining the similar performance as the standard SGD.

e Large number of variables (O(d?)): We develop the dual random projection technique
for high dimensional DML. We first project the data from the original space to the
low dimensional space by random projection. Then, the dual variables are estimated
there and the final metric is reconstructed in the original space according to them. The
proposed method is as efficient as random projection methods while it could recover
the optimal metric theoretically. The empirical study confirms its effectiveness and

efficiency.

e Huge number of triplet constraints (O(n?)): To handle huge number of constraints,

we divide the original problem into multiple stages where each subproblem only keeps
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a small subset of active constraints. After learning through all stages, the final met-
ric is nearly optimal over all appeared constraints as shown in the theoretical analysis.
Then, we evaluate the proposed multi-stage metric learning framework for the challeng-
ing FGVC task. It achieves the significantly better performance than state-of-the-art

FGVC methods while it is even more efficient than the linear SVM.

e Feature selection: We propose a greedy method to select the feature group and learn the
corresponding metric simultaneously at each iteration with guaranteed performance.
Then, we investigate the adaptive mini-batch strategy and incremental sampling to
alleviate the high computational cost of exhausted search that finds one feature group
at each iteration. In addition, the hybrid approach is also studied in this dissertation
that combines the strength of adaptive mini-batch and incremental sampling. The
empirical study on face verification and classification confirms the effectiveness and

efficiency of the proposed methods.

In the future, the work on distance metric learning inspired by this dissertation can be

further continued in the following direction:

e Improving Efficiency of Distance Metric Learning by Effectively Leveraging

the Sparse Structure of Data

In this direction, we plan to generalize the feature selection work presented in Chapter 6
to a general sparse structure in the distance metric to be learned. We plan to explore
the theory of compressive sensing, group lasso, and matrix completion for more effective

DML for high dimensional large-scale data.
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Appendix

Proofs

Proof of Theorem 1

Proof. Using the standard analysis for online learning (Chapter12, [18]), we have

G (M) — b (M) < (Mg — My, VU (My))
- | My — M ||% M - M3 M- Myyq||%

+ (Mg — Myqq, V(M)

2n 2n 2n
b
My — Ml|3 ([ Myy1 — M3 || Mg — Mt—|—1||F 1
— — — — M Vi; (M,
< 2 2 + 21 t+1, Ve s(My))

b
||Mt—M*||%r ||Mt+1 _M*“F 77
< — — E V€ (M,

By taking the expectation with respect to the ¢-th mini-batch of triplet constraint, we have

1My = Mi|% Byl Mgy — M3
2n 2n

b
+ o 3 BuslIvas (ol
S=

L(My) — L(My) <

By adding the inequalities of all iterations and taking expectation over the sequence of triplet

constraints, we have

T

T b
1
D_EIL(M)] — £(M.) < 5UIMy = Mo+ o Z Z (1V£,(My) 3

::CT
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According to Proposition 2, we have ¢/(2)? < |¢/(z)| < L{(z). Using A = x| | At p, we

have
T b T

Cr =Y > Ersll Ve s(My)l[3] < LAY E[L(My)]
t=1 s=1 t=1

Using the result for C, we have

_ R?
(1 - 377LA2) L) < LOL) + 5

We complete the proof by dividing both sides with 1 —3nLA? and replacing T with N /b. O

Proof of Theorem 2

Proof. To bound the number of updates, we have

N N N
E ) Zi| =E | _|G(M)|| <LE | Y L(M;)
t=1 t=1 t=1

where the last step follows from |¢}(M)| < Ley(M).

Using the standard analysis for online learning (Chapter 12, [18]), we have:

O(My) — 0(My) < (0(My) Ay, My — M)

= TtZt<At, Mt — M*> —+ (fl(Mt) — TtZt)<At, Mt — M*>

|M; = M|l = | Me1 = Ml | 0A%Z,

/ — —
6y 5 +Tt(|£ (Mt)| Zt)<At,Mt M*>

Taking the sum from ¢ = 1 to N and expectation over both binary variables {Zt}i\; , and
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the sequence of triplet constraints, we have:

N N
||M 1 — M H F 2
3 ricn) - cor < W HE 0 |57
t=1 i1
We complete the proof by reorganizing the above inequality. O

Proof of Theorem 3

Proof. First, we want to prove that G is a good estimation for G. We rewrite G, ; by

Kronecker product:

Gap = (Aa, Ap)

= ((x?—x) (x¢ —x) T = (x¢ —x) (x8—xD) T, (= xch) (e =) T = (=) (2 —x) )

= (0 —x) @ (8 —x) — (38 —x) @ (x8 —x2), (! —x}) @ (x? —x8) - (x! —xL) @ (x! ~x1))

= (2q,2p)

where z; = (x! — xl) @ (x! —x) — (x! - XE) ® (x! —x! ) Define Z = [z1,--- ,zy], we have
G=27"7.

Under the low rank assumption that all training examples lie in the subspace of -

dimension, the dataset X = [x1,---,Xy]| can be decomposed as:

,
X =USV =Y Nuyv,
=1

where ); is the ¢-th singular value of X, and u; and v; are the corresponding left and right

singular vectors of X. Given the property of Kronecker product that (A ® B)(C ® D) =
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(AC) ® (BD), we have:

t t bt t_ Lt
ze = (x;—x3) ®(x; —xp) — (x5 —x5) @ (x; — %)

where X! = UTX Define Z = (%1, . .., 2n), where z; = (x! - ig) ® (x! - i;) (x! — Xi}
(ig - i}é), we have:

G=Z2"W"eUNhUeUZ=2"U01,)Z2=2"Z

where I, @ I, equals to the identity operator of 72 x 2.

With the random projection approximation, we have:

zp = (R'(x{—x}) @ (R (x{ —x})) = (R (x} =x}) @ (R (x] —x))

= [R'UE -x)) @R UK -%}) - [R' UK %)@ [R'UX - X))

= RToRNUeU)[®-%) o ® -5 - @ -x) o & - )

So,

)
Il

Z'WUT @UTYRRT @ RRN(U@U)Z

— Z(UTRR'U)® [UTRRTU)Z

In order to bound the difference between G and CAJ, we need the following corollary:
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Corollary 9. [120] Let S € R"™™"™ be a standard Gaussian random matriz. Then, for any

0 < e <1/2, with a probability 1 — §, we have

<e¢

HLSST—I
m

2

provided
- (r+1)log(2r/0)

ce?
where constant ¢ is at least 1/4.

Define A = UTRR'U — I,. Using Corollary. 9, with a probability 1 — §, we have

|A]]2 < e. Using the notation A, we have the following expression for G — G

—G = Z' (L +2) @I +AN) - L@ 1) Z

)

= 2T ARL+L,A+AQN Z=2TZ

where ' = A® I, + I, ® A+ A ® A. Using the fact that the eigenvalue values of A ® B is

given by \;(A)A;(B), it is easy to verify that,

ITll2 < A[l2 + [All2 + 1Al2]|All2

Using the fact that ||Aljo < e and taking € < 1/6 which results in ¢ > 1/3, with a probability

1 — 6, we have

ITfl2 < 3¢ (1)
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Define L(a) and E(a) as

n
1
L(o) = = lu(e) — 2A—Noﬁc;a,
=1

n
Lia) = — ;E*(ai) — ﬁoﬁ@a
We are now ready to give the proof for Theorem 1. The basic logic is straightforward.
Since G is close to G, we would expect @i, the optimal solution to z(a), to be close to au,
the optimal solution to L(e). Since both M, and M, are linear in the dual variables c, and
., we would expect ]\//.7* to be close to M.
Since @i maximizes L(ax) over its domain, which means (s — &*)TVZ(a*) <0, we

have
L(6s) > L(ow) + —— (G — o) ' G(s — o) (.2)

Using the concaveness of L(ca) and the fact that o, maximizes L(c) over its domain, we

have:
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Combining the inequalities in (.2) and (.3), we have

1 ~ 1
— (@ - (G =Gy > v

v (@ — o) Ga — o)

or

~ ~

(ay — @) (G — Qo > (Gx — ax) ' G(Gs — ) + (G5 — ) | (G — G)(Gix —

Define py = ga*, Px = 2&*, we have:
(Px — ﬁ*)TFP* > ||px — P*H% + (P« — P*)TF(IA)* — Px)

Using the bound given in (.1), with a probability 1 — §, we have

3¢

el

[P+ — Pxll2 <
We complete the proof by using the fact
I8, = FLllp = lipe - Bulla, IMallp = Pl
AN AN
and [99]

Ipsp(Myx) —lpsp(M)||p < [[Mx — M| p
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Proof of Theorem 4

Proof. Our analysis is based on the following two theorems.

Theorem 10. (Theorem 2 [10]) Let x € R, and X = R"x/\/m, where R € R s q

random matriz whose entries are chosen independently from N(0,1). Then
2 >112 2 m, 2
Pr{(1-9)lIxI3 < IRI3 < (1 + o)lIxIB} =1 - 2exp (- (2~ ).

Theorem 11. (Lemma B-1 [69]) Suppose M is a real symmetric matriz with non-negative
entries, and E is a real symmetric matriz such that max; ; |E; j| < €. Then, |Eo M|y <
E|IM |2, where || - ||o stands for the spectral norm of matriz and E o M is the element-wise

product between matrices E and M.

Define L(ax) and L(c) as

N
1
Lia) ==Y lu(oy) IV TGa,
=1
N
Lia)==-Y ¢ L aTa
=1

Since ¢(z) is y-smooth, we have f(«) be v~ l-strongly-convex. Using the fact that &
approximately maximizes E(a) with 7-suboptimality and £4(-) is v~ l-strongly-convex, we

have

Using the concaveness of L(ca) and the fact that o maximizes L(c) over its domain, we
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have:

1 ~ 1

5 (@ - a) (T +G)@s —ax)  (5)

when we set A = 1/N. Using the fact (ayx — ax)(G — Gy < ||as — Gis||2]|os||2]|G — GJo,

we have
los = @[3 < Ve — @llalleell2llG = Gll2 + v,
implying that
lecs = G lla < max (29116 — Gllallas 12, v/27) (:6)
To bound ||aex — @ |2, We need to bound ||G — G/|o. To this end, we write the Gap as

Ga,b = (A, Ap)
= [l T ) T

o) T ] [ T )]
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Similarly, we write éa,b as

Gap = (RT AR, RT AyR)
a a\ T T/,b b 2 a a\ T T/,b b 2
=[xt =) TRRT (<! )| +| (¢ —x) TRR (x}—x})]

J

[t xt) TRRT (x| [t <) TRRT ()|

Hence, we can write G-G=B'+B2+B3+ B*, where B, B2, B3, and B* are defined

as

2 2

B =[xt TR kx| [ x|
2 2

By =[xt <) TRAT (< -xp] = [ T
2 2

By =[xt =) k)| ot -y TR ()
4 o gayT b by]2 0 T onTr b b2
Ba,b: (x; _Xj) (Xi_xk;)} _[(Xz_ j) RR ' (x] Xk)]

Using the result from Theorem 10 and the definition of matrices M1, M2, M3, M*, we have,

with a probability 1 — ¢, for any a, b,
Byl < eMyy, i={1,2,3,4}
provided that € < 1/2 and
8. 8N

> St .
m_€1n5 (.7)
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Using Theorem 11, under the condition in (.7), we have, with a probability 1 — §,
1G=Glla<e (1M 1+ 122+ | M3+ [ M) ) <are

where the last step uses the definition of k. We complete the proof by plugging the bound

for |G — G||2 into (.6). O
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