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ABSTRACT

We develop efficient numerical optimization algorithms for regularized convex formulations
that appear in a variety of areas such as machine learning, statistics, and signal processing. Their
objective functions consist of a loss term and a regularization term, where the latter controls the
complexity of prediction models or induces a certain structure to the solution encoding our prior
knowledge. The formulations become difficult to solve when we consider a large amount of data,

or when we employ nonsmooth functions in the objective.

In this research we study algorithms in two different learning environments, large-scale/online
and moderate-scale/batch learning. In online learning, we use only approximated or partial in-
formation about the objective at a time, but in batch learning we typically have full access to the
objective. We focus on subgradient algorithms that are closely related to stochastic approximation
methods for the former, and decomposition and cutting-plane techniques for the latter.

The low computational requirement of stochastic approximation methods makes them very
appealing for large-scale and online learning, despite their slow asymptotic convergence. We study
theoretical properties of a stochastic subgradient algorithm for regularized problems, revealing that
the solution structure, called the optimal manifold, can be identified in finite iterations with high
probability. This allows us developing a new algorithmic strategy that starts with a stochastic
subgradient method but switches to another type of optimization on the near-optimal manifold.
We also present a subgradient algorithm customized for the nonlinear support vector machines

(SVMs), where kernels are approximated with low-dimensional surrogate mappings.

For moderate-sized learning tasks, batch approaches often find solutions much faster than on-
line approaches. We discuss algorithms based on decomposition and cutting-plane techniques, ex-

ploiting the structure of SVMs for efficiency. Specifically, we address a decomposition approach
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for semiparametric SVM regression problems that have extended dual formulations of the standard
SVMs, and an improved cutting-plane algorithm for SVM classification that makes use of multiple

cuts in every iteration.



Chapter 1

Introduction

This dissertation focuses on developing efficient numerical optimization algorithms for solving
regularized convex problems, which can be described as follows:

min  f(w) +¥(w), (1.1)

weé

where f and ¥ are convex functions and £ is a finite-dimensional real vector space. The problems
of this form appear in various areas such as machine learning, statistics, and signal processing.
Typically, the first term f represents the deviation between the observed and the predicted values,
where the predictions are made by certain models. The second term ¥ often controls the complex-
ity of the models to avoid overfitting, or induces a certain structure (for instance, sparsity) to the
solution reflecting one’s prior knowledge. The minimization problem (1.1) becomes difficult when
the function f involves abundant data, or when nonsmooth functions are employed in f or ¥. We
focus on these cases.

This manuscript is organized as follows. In Chapter 2 and Chapter 3, we study online opti-
mization methods based on stochastic approximation. Each step of these methods evaluates an
approximate subgradient of the objective at the current iterate, based on a small subset (perhaps a
single item) of the data, thereby exhibiting low computational complexity per iteration and slow
convergence to the optimal solution. In Chapter 4 and Chapter 5, we develop batch optimization
techniques that evaluate information based on entire data at each iteration. For efficiency, these
methods exploit decomposition or cutting-plane approaches to construct a sequence of small sub-

problems that will lead us to a minimizer.



In Chapter 2, we present theoretical properties of a subgradient descent algorithm, illustrating
that we can design improved algorithms based on an understanding of the theoretical properties. In
later chapters, we describe our optimization techniques specifically for the support vector machines
(SVMs), one of the most popular methodologies for machine learning. We choose the SVMs since
they are expressed with simple but fundamental mathematical formulations that appear in the heart
of many other optimization problems. Although there have been many developments in the past
twelve years, solving SVM problems efficiently for large amount data still remains challenging.

In this chapter, we briefly review the concepts and optimization techniques relevant to our

discussion.

1.1 Stochastic Approximation Methods

In stochastic approximation (SA), we consider the following minimization problem:

miy () = EF@e)] = [ Fusipe) (12)

where ¢ is a random vector whose probability distribution P is supported on the set =, F'(+; &) is a
convex function for each £ € =, the expectation is well-defined and finite-valued for all w € W,
and )V is a nonempty closed and bounded convex set in £. This problem can be regarded as a
regularized convex problem (1.1), with f defined as above and ¥ (w) := oy (w), where dyy(w) is
the indicator function which is zero on VV and +oc elsewhere.

The classical approaches to solve such problems first appeared in 1950°s (Kushner and Yin,
2003), in forms of a recursive procedure for finding the root of a real-valued function (Robbins
and Monro, 1951), or for finding the minimizer of a function using noisy estimates of the deriva-
tives (Kiefer and Wolfowitz, 1952). SA methods have been widely adopted in stochastic optimiza-
tion (Ermoliev, 1983; Pflug, 1996; Ruszczynski and Syski, 1986), and in signal processing because
of its low memory footprint. Especially, SA methods have been popular recently in machine learn-
ing, because they scale very well with large data sets and provide solutions of low accuracy but of

good generalization performance in practice (Bottou, 2004; Zhang, 2004; Shalev-Shwartz et al.,



2007). The elements of SA methods can be found in closely aligned literature such as incremental
subgradient methods (Nedic and Bertsekas, 2001) and convex online learning (Zinkevich, 2003).
The most popular approach to solve SA problems is the stochastic gradient descent (SGD)

method, which generates its iterates by the simple rule:

w1 = Iy (wt_ntgt)v t=1,2,... (1.3)

where g, € OF (wy; &), and Iy (+) is the Euclidean projection onto the set VV. The analysis of
convergence goes back to some old literature (Chung, 1954; Sacks, 1958), where f is assumed to
be strongly convex and twice continuously differentiable, and w* € int WW. In this case the SGD
algorithm exhibits O(1/t) convergence (in terms of the objective value) with the stepsizes (also
referred to as learning rates) 1, = 0/t for some positive constant ¢ > 0. For reference, we present
a convergence result from a recent literature in Theorem 1.1. This algorithm is known to be very

sensitive to the choice of , and often performs poorly in practice (Spall, 2003, Section 4.5.3).

Theorem 1.1 (Nemirovski et al. (2009)) Suppose that f is twice continuously differentiable and
strongly convex with the modulus ¢ > 0, V f is Lipschitz continuous with the constant L > 0, and
that the stepsizes are chosen by 7, = 6/t for some constant § > 1/(2c¢). Also assume that there
exists M > 0 such that IE[||g||?] < M? for all w € W, where g € OF (w;&). Then the iterates w,

generated by the SGD algorithm satisfy

E[f(w:) — f(w")] <

where Q(0) := max{0*M?(2c0 — 1)1, |Jw; — w*||*}.

A more robust scheme was developed later (Nemirovski and Yudin, 1978; Polyak, 1990; Polyak
and Juditsky, 1992), where longer stepsizes 7, = O(1/+/t) and averaging of the obtained iterates
were suggested. This method works for general convex functions (without the assumption of
smoothness and strong convexity of the objective), exhibiting O(1/+/%) convergence rate as shown
in Theorem 1.2. These rates are known to be optimal for subgradient schemes under the assumption

of black-box models (Nemirovski and Yudin, 1983).



Theorem 1.2 (Nemirovski et al. (2009)) Suppose that f is a convex function and there exist M >
0 such that [E[||g||?] < M? for all w € W, where g € OF (w;€), and D > 0 such that D =
maxyew ||w — wi||. If we choose 7, = % for some constant # > 0, and run the SGD algorithm

fort =1,...,N,then

E[f(wy) — f(w*)] < C(r) max{0, 6~ N=12,...

DM
VN’

N jW 4 . . .
where W} = %, and C(r) is a factor depending solely on the fraction € (0, 1) such that

E]’:K 5
K = [rN].

The regularized convex problem (1.1) can be regarded as a stochastic approximation (1.2) when
we consider the function ¥ (w) := dy(w) + ¥(w), where dy,(w) is the indicator function which is
zero on W and +oo elsewhere, and v is a convex function. Then we can apply the SGD algorithm

with slight modification,
W41 :HW (wt—at(gt—i—ht)), t = 1,2,... (14)

where g, € OF (wy; &) and h; € 0v(w,). However, the SGD method does not exploit the problem
structure explicitly which is induced by the regularizer 1; as we can see in (1.4), the information
associated with ¢ only comes in terms of its subgradient in a way that we can combine ¢ (-) into
F(+;&) and treat them as a single function. Although in theory the sequence of iterates converges
in expectation to an optimal solution as ¢ goes to infinity, we expect high variations in the solution
obtained with finite iterations. Also, for general convex cases the convergence is described with
averaged iterates (referred to as primal averages). However, primal averages obtained with finite
iterations are typically very dense, hardly revealing the desired structure encoded in the regulariza-
tion term.

In Chapter 2, we focus on a subgradient-based method called the regularized dual averaging
(RDA) algorithm (Xiao, 2010). Even though the RDA algorithm has similar convergence rate to
the SGD algorithm, the finite-iteration behavior of RDA is much better in practice than SGD for
regularization problems. In Chapter 2, we analyze the theoretical properties of the RDA algorithm,

revealing that RDA actually identifies the structure (optimal manifold) induced by the regularizer



in finite iterations with high probability. We also present an algorithmic strategy that starts with

RDA and switches to a different optimization method once a near-optimal manifold is identified.

1.2 Support Vector Machines

The support vector machines (SVMs) are among the most widely adopted techniques in ma-
chine learning. The first SVM was introduced by Vapnik et al. (Vapnik and Lerner, 1963; Vapnik
and Chervonenkis, 1964), as a device for binary classification using hyperplanes. The idea was
extended by Boser et al. (1992) to nonlinear SVMs, applying the kernel trick to the dual reformu-
lation of SVMs, that is, substituting inner products of inputs with kernels. Unlike its predecessors,
the SVM has a solid foundation on the statistical learning theory developed by Vapnik and Cher-
vonenkis (Vapnik and Chervonenkis, 1991; Vapnik, 1998, 1999). Also, many practical algorithms
have been developed for training SVMs, making them appealing for many applications.

In this section we overview the formulations of the SVMs for classification and regression

tasks, and review a few representative algorithms for training SVMs.

1.2.1 Formulations

We review the primal and the dual formulations of SVMs for two primary learning tasks, clas-

sification and regression.

1.2.1.1 Formulations for Classification

In classification, we assume that a binary label y; € {—1,+1} is associated with a training
example z; € H, representing the membership of z; to one of the two different categories, for
1 = 1,2,...,m. We assume that the feature space H has well-defined inner products, and the
examples x;’s are sampled from H independently according to an (unknown) identical distribution.

The fundamental idea of the SVM is to find the hyperplane of the form (w,z) + b = 0 that
bisects the shortest connection between the convex hulls of two input vector subsets correspond to
the two categories (Scholkopf and Smola, 2001, Chapter 7). After proper scaling of w and b, we

can consider the two hyperplanes (w, z) +b = 1 and (w, z) +b = —1 as ‘support’ hyperplanes, that



A '<w,x)+b:+1
T {w,x)+b=0
Aw,z) +b=-1

\

2

Figure 1.1 The support vector machine for binary classification (separable case) (Scholkopf and
Smola, 2001). The crosses represent the data points with labels ‘+1’, while circles represent those
with ‘—1’. The SVM finds the hyperplane (w, ) + b = 0 that bisects the shortest connection
between the two convex hulls corresponds to the two categories.

separate the convex hull of each category to the other, with the margin of 1/||w||» to the classifying
hyperplane (w, z) + b = 0. This is illustrated in Figure 1.1.

We try to find the classifier that maximizes the margin, since the classifiers with larger margin
typically give better generalization over unseen test data points. (We assume that test examples are
generated from the same probability distribution where we obtained the training data.) Theoretical
justifications for finding maximal margin classifiers can be found in Scholkopf and Smola (2001,
Theorem 7.3) and in statistical learning theory literature (Vapnik, 1999; Vapnik and Kotz, 2006).

This idea can be formulated into the convex regularization problem (1.1), defining
c m
b = g b iy Yi ), d
f(w7 ) m; h(w7 3L y) an
1 2
!p(’LU’b) = §HwH )
where ¢ > 0 is a given parameter, and ¢}, is the hinge loss function defined by

Uh(w, b; i, ;) := max{1l — y;({(w, z;) + 1), 0}. (1.5)



As the objective is nonsmooth due to the definition of ¢}, we consider the following reformulation

called the soft-margin SVMs,

@ 1
glgfsl %;524'5“@0”2
st yi((w, ) +b) >1—s; i=1,2,...,m, (1.6)

8120 z':1,2,...,m.

The parameter c is to be tuned by some external procedures, for example, using separate validation
sets or via cross validation.
We derive the dual formulation of (1.6) using the first-order optimality conditions. First we

construct the Lagrangian £ of (1.6) introducing nonnegative dual variables v € R and 3 € R’

c m 1 m m
L(w,b,s;a, B) := — s + =|lw||* — ady;((w,z;) +b) — 1+ s;} — S 1.7
( 9= o s gl = Y eclu((w ) + )= Lt sh = fes (1)
From the Karush-Kuhn-Tucker (KKT) first-order optimality conditions, we have

Vol(w, b, s;a, () = w— Z ;i =0
i=1

Vbﬁ(wa b? S5 & ﬂ) = - Zazyz =0
=1
Vo Llwb,sia,f) = ——a;—B =0 (1.8)

0<wyi({w,z;) +b)+1—-s; Loy >0, i=12,....m

OSS,L' J_ﬂl ZO, 2'2172,...,7’)1.
Proper substitutions of the primal variables in (1.7) using (1.8) result in the dual formulation,

1
min —aTDyKDya — 17
acRm 2
S.t. yTa =0 (1.9)
0<a<(¢/ml,

where D, := diag(y) and K € IR™*™ is defined by K;; := (z;, x;).



1.2.1.2 Formulations for Regression

In regression, we have a real-valued response y; for each training input x;, which is assumed to
be the evaluation of an unknown function with the input z;. In support vector regression, we try to
fit linear functions of the form h(z) = (w, ) + b to the training data. The SVM for regression can

be formulated into the convex regularization problem (1.1) as follows,
min 1||w||2+52m:£ (h; 21, 1) (1.10)
w’b 2 m — € ) (2 yl Y *
where /. is the e-insensitive loss function (Vapnik, 1999) defined by
Ce(h; g, y;) := max{|y; — h(z;)| — € 0}

for a given constant € > 0. We can reformulate (1.10) as follows to have a differentiable objective,

m

. 1 9 C *
Jmin §HWI| +E2(Si+8¢)
st. yi—(w,r) —b<e+s fori=12....m (1.11)

(w,x;)) +b—y; <e+s’ fori=1,2,....m
si >0, s >0 fori=1,2,...,m .

The corresponding dual formulation is,

1
mirllk 5(04 — a*)TK(a —a’) + (el — y)Toc + (el + y)Ta*
a,a* eIR™
st. 1T(a—a*) =0 (1.12)

0<a<(¢/m)l, 0<a" <(¢/m)l ,

where K € R™*™ is defined by K;; = (z;, z;). In Chapter 4, we discuss an extended formulation

of (1.12) that has multiple equality constraints rather than a single equality constraint as in (1.12).

1.2.2 The Kernel Trick

The SVM formulations discussed above use linear decision functions in the space of input

points. However, we often need to consider nonlinear functions for better prediction results. The



kernel trick is a convenient way to extend linear SVMs for nonlinear decision functions, using a
feature mapping ¢ : X — H from a input space X to a Hilbert space H (a feature space equipped
with inner products).

When we replace all occurrences of x; with ¢(z;) in the dual formulations (1.9) and (1.12),
the images ¢(z;)’s appear only in forms of inner products (¢(x;), ¢(z;)). Therefore, instead of
defining ¢ explicitly, we can substitute those inner products with a kernel function x(x;, x;) that
satisfies the conditions of Mercer’s theorem (Mercer, 1909). In other words, applying the kernel
trick corresponds to simply redefining the positive semidefinite matrix K in (1.9) and (1.12) by

K;; = k(z;,x;). The popular choices of the kernels include
e Linear kernel: k(z;, x;) = (z;, z;).
e Polynomial kernel: «(z;, ;) = ((z;,2;) + 1), d € N.
e Gaussian kernel: x(z;,x;) = exp (—||z; — z;||?), v > 0.

In particular, the kernel matrix defined by the Gaussian kernel has full rank, provided that all
inputs x;’s are distinct (Scholkopf and Smola, 2001, Theorem 2.18). That is, the images ¢(x;),
1 = 1,...,m are linearly independent and thus span an m-dimensional subspace of H. This
implies the Gaussian kernel always defines a subspace which is big enough to embed all training

data. For this reason the Gaussian kernel is widely adopted in many applications.

1.2.3 The Canonical Dual Form

We define the canonical form of the dual formulations (1.9) and (1.12) as follows,

1
min  —27Qz + p’z

2€IR™’ 2
S.t. qu =r (1.13)
(< z<u

where the vectors z, p, ¢, £ and u are has m’ elements,  is a scalar, and () is a positive semi-definite

m’ x m’ matrix. We define these components for the classification and regression tasks in Table 1.1.
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Table 1.1 Definitions of the components for the canonical SVM dual formulation. We define
D,, = diag(y), and the kernel matrix K by K;; = x(x;, z;).

z Q P q r 12 u
Classification  « D,KD, -1 y 0 o (¢/m)1
) « K -K el —vy 1 0 1
Regression 0 (¢/m)
| |-K K l+y| |-1 0 1

1.3 Optimization Algorithms for SVMs

In this section we survey prior works for solving the SVM formulations. Since we focus on the
classical SVM formulations discussed above, we exclude the approaches that make use of different
formulations for faster optimization, for example, using ||w||; instead of ||w||3 (Mangasarian and
Musicant, 2002), or using smooth loss functions (Mangasarian and Musicant, 2001; Ferris and

Munson, 2004).

1.3.1 Solving the Dual Formulation

Due to the convenience of applying the kernel trick, the dual formulation (1.13) has been more
popular than its primal counterpart. Many techniques have been developed to handle the dual

Hessian () efficiently, which is dense and ill-conditioned for typical choices of kernels.

Interior Point Methods: Fine and Scheinberg (2001) suggested a primal-dual interior-point
method of predictor-corrector type to find the solution of (1.13). In theory this method takes
O(m/1n(1/e)) iterations to converge where ¢ is the relative accuracy, but in practice it converges
mostly within 50 iterations regardless of the problem size. The most costly operation in each

iteration is to solve the linear system
@+ Du=w,

for u, twice per predictor step, where () is the Hessian of the objective of (1.13) and D is a diagonal

matrix. As Q + D is a dense m’ x m’ symmetric positive definite matrix, it takes O((m’)?) in



11

general to obtain the solution u = (Q + D) 'w. However, if we have a rank-%k approximation
Vto @ suchthat Q = VVT and V € IR™** with k < m/, then the vector u can be found in
O(k*m’) operations. For many SVM problems @ is not necessarily of low-rank, so VV7T can
only approximate () with certain error. An incomplete Cholesky factorization is used in Fine and

Scheinberg (2001) to acquire such V', which has the computation complexity of O(k*m/’).

Decomposition Algorithms: Decomposition algorithms solve a sequence of subproblems, up-
dating a small subvector of z of (1.13) leaving the remaining components untouched in each it-
eration. The sequential minimal optimization (SMO) algorithm (Platt, 1999), LIBSVM (Chang
and Lin, 2009), and an online variant LASVM (Bordes et al., 2005) create subproblems with two
components at a time, which can be solved analytically. On the other hand, SVM-Light (Joachims,
1999), SVMTorch (Collobert and Bengio, 2001), and GPDT (Serafini et al., 2004) choose larger
subvectors, solving the subproblems with quadratic programming solvers.

Efficient implementations are often equipped with kernel caching, storing only recently used
kernel matrix entries to save memory. Some solvers such as SVM-Light use shrinking heuristics,

which freeze the values of the components of z that have stayed at bounds for a period of time.

In Chapter 4, we develop a decomposition framework for semiparametric SVM regression. The
dual formulation of the semiparametric SVM has multiple equality constraints, rather than a single

equality constraint as in the canonical SVM dual form (1.13).

1.3.2 Solving the Primal Formulation

There have been recent developments regarding the primal SVM formulations (1.1), (1.6) and
(1.11). Since we cannot apply the kernel trick, methods in this category are only effective when
the linear kernel suffices for our purpose, or when the chosen kernel function can be approximated

well with low-rank surrogate mappings.

Stochastic Subgradient Methods: These methods generate iterates by solving simple subprob-

lems similarly to SGD (1.3). In each iteration, they use the information (z,y;) of a single
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(random) data point and create an estimated subgradient g, € O/ (wy, by; x4, y;) for classifica-
tion, or g, € Ol.(h;xy,y;) for regression. The PEGASOS algorithm (Shalev-Shwartz et al.,
2007) solves a slightly modified SVM formulation (1.1) with ¥(w,b) = 3(||w||* + b*) rather
than ¥ (w,b) = i||wl|?, in order to have a strongly convex objective function and to choose the
steplength 7, < O(1/t). PEGASOS also requires linear kernels, as the explicit feature mapping
¢ is not available in general. In Chapter 3, we suggest an extended framework that operates with
general convex SVMs, working with nonlinear kernels obtained via Nystrom sampling or random

projections.

Cutting-plane Methods: For classification, cutting-plane methods make use of the following
formulation which is equivalent to (1.6):
. c 1
min —77—|—§||w||2

w,b,n m
m

st > w{l—yi((w,z) +0)}, Vue{0,1}™

i=1
(Regression problems can be reformulated similarly.) In Chapter 5, we derive this formulation
using the idea of the Benders’ reformulation. This formulation was also discovered independently
by Joachims (2006) from a different perspective. Joachims’ algorithm, called SVM-Perf, has been
improved later by Franc and Sonnenburg (2007, 2008), exploiting efficient line-search steps. For
nonlinear SVMs, Joachims et al. suggested a new version of SVM-Perf (Joachims et al., 2009)
(which we refer to as CPNY) and CPSP (Joachims and Yu, 2009). These methods use inexact
kernel information approximated with small dimensions.

Cutting-plane algorithms solve a sequence of relaxed subproblems, adding a single violated
constraint (called a cut) to the subproblem in each iteration. These methods fit well for medium
to large problems, since they usually require solving only a few subproblems to find solutions.
However, the size of subproblems increases as we add cuts, so it may not be appropriate for
very large problems. In Chapter 5, we discuss improvements for the existing cutting-plane al-
gorithms, suggesting a generalized method that can generate multiple cuts per iteration to obtain

more strengthened subproblems, reducing the number of iterations until convergence.
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Chapter 2

Manifold Identification Approaches for Regularized Stochastic
Online Learning

Iterative methods that take steps in approximate subgradient directions have proved to be useful
for stochastic learning problems over large or streaming data sets. When the objective consists of
a loss function plus a nonsmooth regularization term, whose purpose is to induce structure in
the solution, the solution often lies on a low-dimensional manifold along which the regularizer is
smooth.

In this chapter, we show that a regularized dual averaging algorithm can identify this manifold
with high probability. This observation motivates an algorithmic strategy in which, once a near-
optimal manifold is identified, we switch to an algorithm that searches only in this manifold, which
typically has much lower intrinsic dimension than the full space, thus converging quickly to a near-
optimal point with the desired structure. Computational results are presented to illustrate these

claims.

2.1 Introduction

The online learning algorithms inspired by stochastic approximation have been proved to be
effective dealing with large machine learning problems. Regarding the trade-offs with other errors
in statistical learning theory, solutions with high optimization error may be accepted, but typically
they do not suffice to identify the structures (such as sparsity) induced by the regularization term

in the objective, which encodes our prior knowledge for the structure.
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We focus on the regularized dual averaging (RDA) method developed by Xiao (2010), which
is an extension to Nesterov (2009) and known to exploit the structure more effectively in online

settings.

2.1.1 Regularized Stochastic Online Learning

In regularized stochastic learning, we consider the following problem:

min ¢(w) := f(w) + ¥(w), (2.1)

weIR™

where

flw) = EeF(wi€) = [ FlusaP(o) 22)

¢ is a random vector whose probability distribution P is supported on the set = C IRY. We assume
that ¥ : R” — IR U {400} is a proper convex function with dom¥ closed. We also assume
that there is an open neighborhood O of dom ¥ that is contained in the domain of F(-, &), for all
¢ € Z. We suppose that F'(w;¢) is a smooth convex function for w € O and every £ € =, and
the expectation in (2.2) is well defined and finite-valued for all w € O. We use w* to denote a
minimizer of (2.1).

The purpose of the regularization function ¥ is to promote certain desirable types of structure in
the solution of (2.1). A common desirable property is sparsity (where w has few nonzero elements),
which under certain conditions is promoted by setting ¥(-) = A|| - ||; for some parameter A > 0.
We focus on objectives that consist of a smooth loss function in conjunction with a nonsmooth
regularizer. A classic problem of this form is ¢;-regularized logistic regression.

In regularized stochastic online learning, we encounter a previously unknown cost function
F(;&) : R — R for & € = in each time ¢ > 1, where { };>; forms an i.i.d. sequence of
random samples generated from the distribution P. At each time ¢, we make a decision w; using

the information gathered up to the time ¢, and attempt to generate a sequence {w; };>1 such that

lim [E[F(wy; &) + ¥ (wy)] = f(w*) + ¥ (w™).

t—00

We denote the history of random variables up to time ¢ by

f[t] ={&, &, ... &}
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In the algorithmic framework we use in this chapter, the iterate w; depends on &1, &s, ..., &1 but
not on &, &1, - - - ; we can emphasize this fact by writing w, = w;(§y—1).

We will base our analyses on the regret R;(w) of the algorithms, defined in (2.3), which is a
standard performance measure for online learning algorithms. The regret represents the difference

between accumulated objective function values up to time ¢ with respect to a single decision w €

dom ¥ and an instantiation of the random sequence of decisions wy, wo, . . ., w;.
t t
Ri(w) =Y [F(w;; &)+ (w)] = Y [F(w; &) + ¥ (w)]. (23)
j=1 Jj=1

2.1.2 Related Works

Xiao (2010) recently developed the regularized dual averaging (RDA) method, in which the
smooth term is approximated by an averaged gradient, while the regularization term appears ex-
plicitly in each subproblem. The RDA method is known to exploit the structure of (2.1) more
effectively than other methods for this setting. In each iteration of the RDA algorithm, we com-
pute the next iterate by

Wy = arg min {(gt,w> + ¥ (w) + %h(w)} , t=1,2,... 2.4)

welR™

where g = 1 22:1 gj and g; € OF (w;; ;). The function h(w) is a strongly convex function such
as ||w — w1 ||, and we will introduce the formal definition of / in Section 2.3.

The main difference of the RDA method to other subgradient-based algorithms is that RDA
makes use of the averaged gradient information collected at each iteration, referred as the dual
averages, which tends to converge to the optimal gradient as the iterates converge to a solution.
Taken in conjunction with the nondegeneracy condition 0 € ri [V f(w*) 4+ 0¥ (w*)], this property
provides the key to identification.

When we consider ¢;-regularization, we can consider an alternative problem to (2.1) using

sample average approximation (SAA) as follows:

min  gu(w) := fa(w) +¥(w) (2.5)

weR?
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where fy(w) := ﬁ > ien F(w;&;) with random samples &; in j € N. When the sample set
N is relatively small, this problem can be solved very efficiently with batch optimization, where
the small magnitude components of the high-accuracy solution can be rounded toward zero to
produce sparse solutions. On the contrary, simple rounding with the low-accuracy solutions from
the SGD method (1.4) with ¢;-regularization would be very unreliable. The forward-backward
splitting (FOBOS) (Duchi and Singer, 2009) and the truncated gradient (TG) (Langford et al.,
2009) approaches provide principled ways to address this problems. For general regularizer ¥, the

iterations of FOBOS can be stated as below, following Xiao (2010):

. 1
Wi :argmm{(gt,w) +!Z/(w)+gHw—th2}. (2.6)
t

weR™

For ¥ (w) := A||w||1, TG truncates the iterates obtained by the standard SGD method in every K

steps. That is,

t i iy /\TG,9 f dt,K :0,
s = rne ([wt] algili, A ) if mod(¢, K) 07

[wy]i — au[ge]s otherwise,

where A\[¢ := oy AK, mod(¢, K) is the remainder on division of ¢ by K, and

(

0 if [w] < ATO
tne(w, A0, 0) = w— ASsgn(w) if AT < |w| < 0,

w otherwise.

\

TG becomes identical to FOBOS (2.6) for /;-regularization when K = 1 and 6 = +o0.

As we discuss later, the RDA algorithm has O(v/t) regret bounds with 3, = O(+/t) for general
convex cases, and O(Int) bounds with 5; = O(Int) for strongly convex cases. These regret
bounds are comparable to these of the SGD method. For general convex cases, when we use
a; = O(1/+/t), the SGD method achieves O(1/+/t) regret bound (Zinkevich, 2003; Nemirovski
et al., 2009), which cannot be improved in general. For the strongly convex case the SGD method
has O(In t) bound (Hazan et al., 2006; Bartlett et al., 2008) with a; = O(1/t).

A characteristic of problems with nonsmooth regularizers is that the solution often lies on

a manifold of low dimension. In ¢;-regularized problems, for instance, the number of nonzero



17

components at the solution is often a small fraction of the dimension of the full space. Where
a reliable method for identifying an optimal (or near-optimal) manifold is available, we have the
possibility of invoking an algorithm that searches just in the low-dimensional space defined by
this manifold — possibly a very different algorithm to one that would be used on the full space.
One example of this type of approach is seen in LPS (Shi et al., 2008; Wright, 2010), a batch
optimization method for ¢;-regularized logistic regression, which takes inexact Newton steps on
the space of apparently nonzero variables, to supplement the partial gradient steps that are used in
the full space. In logistic regression, and probably in other cases, it can be much less expensive to
compute first- and second-order information on a restricted subspace than on the full space.

Identification of optimal manifolds has been studied in the context of convex constrained op-
timization (Burke and Moré, 1994; Wright, 1993) and nonsmooth nonconvex optimization (Hare
and Lewis, 2004). In the latter setting, the optimal manifold is defined to be a smooth surface pass-
ing through the optimum, parameterizable by relatively few variables, such that the restriction of
the objective to the manifold is smooth. When a certain nondegeneracy condition is satisfied, this
manifold may be identified without knowing the solution, usually as a by-product of an algorithm
for solving the problem.

In this chapter, we investigate the ability of the RDA algorithm to identify the optimal manifold.
We also investigate this behavior computationally for the case of /;-regularized logistic regression,
and suggest a technique for switching to a different method once a near-optimal manifold is identi-
fied, thus avoiding the sublinear asymptotic convergence rate that characterizes stochastic gradient

methods.

2.1.3 Terminology

We call a function ¢ : IR” — R is strongly convex if there exists a constant o > 0 (known as

the modulus of strong convexity) such that Vw, w’ € dom ¢ and Vo € [0, 1],

plow + (1 - a)u!) < ap(w) + (1 - a)p(w’) = Sa(l - a)ljw v/
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Strong convexity implies that for any w € dom ¢ and w’ € ri dom p, we have
p(w) > p(w') + (s,w —w') + %Hw —w'|]?, Vs € dp(w).
2.2 Assumptions and Basic Results

We summarize here the fundamental assumptions that we make on the problem and its solution,

together with some basic observations and results that will be used in the analysis of later sections.

2.2.1 Unbiasedness
As in Nemirovski et al. (2009), we assume the following unbiasedness property:
Vi(w) = VylEeF(w; &) = [V, F(w; §) (2.8)

for any w independent of £. (As the differentiation of F' is taken only for its first argument, we

omit the subscript in the following discussion.) Given that w; = w;(;—1), this implies
EIVE (wi &)] = E [EIVF (wi &)[€po]] = E[V(w)].

2.2.2 Uniform Lipschitz Continuity

First we assume that each F'(w; £) is a smooth convex function of w € O for every £ € =, and

is uniformly Lipschitz continuous in w over all £. That is, there exists a constant L > 0 such that
|IVE(w;&) — VE (w8 < L|jlw — |, Yw,w' € O, V¢ € =. (2.9)

This assumption immediately leads to a Lipschitz property on V f. Before showing the property,

we present a result that is used often in the analysis of later sections.

Lemma 2.1 For a vector-valued function A : = — IR™ which is integrable with respect to PP, we
have

[IER]]2 < IE[|7|2
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Proof Using the dual of the Euclidean norm, we deduce that

|ER| =  sup (v, IER)

vER™ ||v]l2=1

= sup /:<U7 h(§))dP(§)

veR™,[o]l2=1

< sup /_[ sup - (w, h(§)) | dP(§)

veR™ [oll2=1.J= | weRn,w2=1

= [ In©)lar(©) = Elal.

Lemma 2.2 If VF(w;¢) satisfies the uniform Lipschitz continuity assumption (2.9) on O, then

V f(w) is also uniformly Lipschitz continuous on O with the same constant L.

Proof From unbiasedness, we have for w, w’ € O independent of £ that

Vf(w) = VE[F(w;§)] = E[VF(w;£)] from (2.8)
= E[VF(w'; &) + ug] for ug := VF(w;§) — VF(w';€)

= Vf(w') + [E[ug] from (2.8) again.
Since [Jug|| < L|jw — w'||, we have
IV f(w) = V()] = [Bue|| < Ellue|| < Lljw — '],

where the first inequality is due to Lemma 2.1. |

2.2.3 Optimality and nondegeneracy

We specify several optimality conditions that are assumed to hold throughout the chapter. The

optimality of w* for the problem (2.1) can be characterized as follows:

0 € Vf(w*) + 0¥ (w"). (2.10)
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We assume that w* is a nondegenerate solution, which satisfies the following stronger condition:

0er [Vf(w") + 0¥ (w")]. (2.11)

2.2.4 Manifolds and Partial Smoothness

In this section we discuss properties of differential manifolds and partial smoothness by repeat-

ing some definitions from Hare and Lewis (2004).

Definition 2.3 (Manifold) A set M C IR" is a manifold about z € M if it can be described locally
by a collection of C? functions (p > 2) with linearly independent gradients. That is, there exists a

map H : R* — IR¥ that is C? around z with VH (Z)T € R**" surjective, such that points z near z

lie in M if and only if H(z) = 0.

The normal space to M at z, denoted by N,,(Zz), is the range space of V H (Z), while the tangent
space to M at z is the null space of VH (z)”. We assume without loss of generality that VH ()
has orthonormal columns.

We define partial smoothness as follows (Lewis, 2003, Section 2).

Definition 2.4 (Partial Smoothness) A function ¢ : R® — R is (C?-) partly smooth at a point
Z € IR™ relative to a set M C IR™ containing Zz if M is a manifold about z and the following

properties hold:
(i) (Smoothness) The function ¢ restricted to M, denoted by |, is C* near z;
(ii) (Regularity) ¢ is subdifferentially regular at all points z € M near z, with 9p(z) # 0.
(iii) (Sharpness) The affine span of J¢(2) is a translate of Np,(z);
(iv) (Sub-continuity) The set-valued mapping 0y : M = IR" is continuous at Z.

We refer to M as the active manifold, and if it is associated with the minimizer w*, we call it as

the optimal manifold.

We assume that ¥ is partly smooth at w™* relative to the optimal manifold, which implies partly
smoothness of ¢ since f is smooth. (The smoothness of f follows from the smoothness of F'(-; &)

foreach ¢ € =)
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2.2.5 Strong Minimizer

We assume that w* is a strong local minimizer of ¢ relative to the optimal manifold M with
modulus ¢y > 0, that is, there exists ¢y > 0 and 7y > 0 such that {w € R" | [|w—w*|| < rm} C

O and
Pl m(w) > ¢l m(w*) + cpljw — w*|)?, forall w € O with [|w — w*|| < . (2.12)
Under the given conditions, this implies that w* is a strong local minimizer of ¢(w).

Theorem 2.5 (Strong Minimizer for General Convex Case) Suppose that ¢ is partly smooth at
w* relative to the optimal manifold M, that w* is a strong local minimizer of ¢|, with the modulus
cpm > 0 and radius 7, > 0 as defined in (2.12), and that the nondegeneracy condition (2.11) holds

at w*. Then there exist 0 < ¢ < cpq and 0 < 7 < 4 such that
p(w) — dp(w*) > c||w — w*||?, forallw € O with |w —w*|| <7 (2.13)

Proof See Appendix A.l. |

This condition is similar to the quadratic growth condition proposed by Anitescu (2000) in the
context of nonlinear programming. It was shown by Anitescu that this fundamental condition is
weaker than many other second-order conditions that are widely use in nonlinear programming.

We have the following immediate consequences.

Corollary 2.6 Suppose that w* is a strong local minimizer of (2.1) that satisfies (2.13). For all

w € O with ||w — w*|| > 7, we have
¢(w) — d(w") > crflw — w™|.

Proof Given w € O with ||lw — w*|| > 7, we have from the convexity of ¢ that

¢(w*+r W )§¢(w*>+ L (o(w) — ow)).

Jw — w*| [w — w*|
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From the strong local minimizer property of w*, we also have

2

*

gb(w*—l—fw_w* >—¢(w*)20 (w*—l—fw_—w*)—w* = .
lw = w| lw = w
Collecting the above two inequalities leads to the claim. |

Corollary 2.7 (Strong Minimizer for Strongly Convex Case) Suppose that w* is a strong local
minimizer of (2.1) satisfying (2.13). If ¢ is strongly convex on dom ¥ with the modulus ¢ > 0,

then w* is a (globally) strong minimizer of (2.1) with the modulus min(c, 0/2), that is,
o(w) > ¢(w*) + min(c, o/2)||w — w*|*, forallw € O. (2.14)

Proof Givenw € O, if ||w — w*|| < 7, then the claim follows from (2.13). If ||w — w*|| > 7, then

we have from the strong convexity of ¢ that

" (w*+r“"—“’*) < Bw) + ——(p(w) — ("))

[w — w*| [w — w*|

o T T
S (1~ —) w = w”.
ﬂm—wﬂ( [[w — w|]

From the strong local minimizer property of w*, we also have

¢ (w* +rw——w*> _ ¢(w*) > 0772'
lw —w|]
Combining the above two inequalities results in
77
o(w) — dp(w*) > [0/2 T (s 0/2)] |w — w*||?
[w — w*|

> min(c,0/2)||w — w*|*.

In the remainder of the chapter, we assume that all of the conditions discussed in this section

are satisfied unless otherwise stated.
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2.3 Regularized Dual Averaging Algorithm

We start this section by describing regret bounds for the regularized dual averaging (RDA) al-
gorithm of Xiao (2010) following Nesterov (2009), focusing on its stochastic variant. We also de-
scribe the consequences for the analysis of the condition that the minimum is strong locally (2.13)
or globally (2.14). We then analyze the properties of the averaged gradient; this analysis forms the

basis of the manifold identification result in Section 2 .4.

23.1 Regret Bounds

To derive the regret bounds from the results of Xiao (2010), we first recall our assumptions on
the functions F, f, and ¥ from Section 2.1, and note that they are stronger than the corresponding
conditions in Xiao (2010) (which require only subdifferentiability of F'(w;¢;) on domV¥). We
assume without loss of generality that min,, ¥(w) = 0.

We introduce a prox-function h : R" — IR U {oco} which is proper, strongly convex on dom ¥,
and subdifferentiable on ri dom ¥. Without loss of generality, h(w) is assumed to have modulus of
convexity 1, with min,, h(w) = 0. In addition, we require h to satisfy

arg min h(w) € argmin ¥(w).

w w

We define the prox-center wy of dom ¥ with respect to h, (which will be the starting point of the
RDA method) as follows:

wy 1= argmin h(w).
wedom ¥

Note that h(w;) = 0 and ¥ (w;) = 0 by the assumptions. (The terms “prox-function” and “prox-
center” are borrowed from Nesterov (2009).) The most obvious prox-function is a(+) = || - —w ||%,
where w; € arg min, ¥(w).

We now make some further assumptions, and define two constants that reappear throughout
the analysis. First, choosing any D > 0, we consider a level set of the prox-function A defined as
follows:

Fp :={w € dom¥ | h(w) < D?*}. (2.15)
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Algorithm 1 The RDA Algorithm.
1: Input:

e a prox-function h(w) that is strongly convex on dom ¥ and also satisfies
arg min h(w) € argmin ¥(w).
e a positive and nondecreasing sequence {f;},¢ > 1.
2: Initialize: set w; = argmin, h(w) and gy = 0.
3 fort=1,2,... do
4:  Sample & from = and compute a gradient g, = VF(wy;&;).

5. Update the average gradient:

o t=1_ L 1
gt = P gt—1 tgt-
6:  Compute the next iterate:
. 5,
Wiy = argmin < (g, w) + ¥ (w) + Th(w) : (2.19)
welR™

7: end for

Second, we assume that there exists a uniform bound G for which
IVF(w;&)|| <G, Ywe O, V¢ € =. (2.16)

At iteration ¢, the stochastic RDA algorithm samples a vector §; € =, according to the distri-

bution P, and evaluates an approximate gradient as follows:
gr = Vi F(w; ). (2.17)

We assume that the random variables ; are i.i.d. We form an averaged approximation to the

gradient of [ as follows:
I 1«
Gi == gzgj = EZvu,F(wj;gj) (2.18)
j=1 J=1

which is called the dual average.
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The RDA algorithm is specified precisely in Algorithm 1. As the objective function in the
subproblem (2.19) is strongly convex for 3; > 0, w; is uniquely defined. Note that w;,; depends
on the history of random variables ;. In particular, we have that w;, is independent of later
samples &1, &q0y ..

We are most interested in the case of 5, = 74/t with some constant v > 0 for general convex

cases, and 5; < O(Int) for strongly convex cases. The first key result is as follows.

Theorem 2.8 Suppose that the sequences {w;} and {g;} generated by the RDA algorithm using
B; = vV/'t, and assume that (2.16) holds. We have for any w € Fp and any ¢ > 1 that

G2
Ry(w) < (7D2 + 7) V. (2.20)

Moreover, when ¥ (w) is strongly convex with the modulus o > 0, then using 5; = o(1 + Int)
results in a bound for w € Fp and any ¢t > 1,
2

Ri(w) < (0D2 + g—) (1+1Int). (2.21)

o

Proof See Xiao (2010, Corollary 2) for the general convex case, and Xiao (2010, Theorem 1 and
Section 3.2) for the strongly convex cases. (For the latter we note that there are other choices of
B, but all leads to similar bounds. The specific f; is chosen to have a nondecreasing sequence as

we do in the general convex case.) |

The next result obtains bounds on the expected errors in the iterates generated by Algorithm
RDA. For the purpose of this and future results, we define the indicator function /4 for the event
A to be such that /(4) = 1 when the event A is true and /(4) = 0 otherwise. For a random event A,

I 4) becomes a random variable.

Theorem 2.9 (Expected Error Bounds of Iterates) Suppose that w* € Fp is a strong local min-

imizer of (2.1) according to the definition (2.13). Then for the iterates wy, wo, . .., w; generated by
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the stochastic RDA algorithm with 3; = 7\/5 , we have

BN (]2 1 , , G? —1/2

7 D (Lo n g —w* 7] < = (7D? + ) (2.22a)
J=1

1 t . 1 ) GQ _1/2
Jj=1

Moreover, when ¥ (w) is strongly convex with the modulus o > 0, then with 5, = o(1 + Int) we

have
1 ¢ 1 G*\ 1+ Int
-» —w | < ——— (oD?* + — : 223
t jzl [y —wl*] < min(o /2, c) <U N 20> t (2.23)
Proof See Appendix A.2.1. |

2.3.2 Stochastic Behavior of the Dual Average

We now study the properties of the dual average, g,. We first state a blanket assumption that is

useful in the remainder of the chapter.

Assumption 2.10 All of the conditions in Section 2.2, and the gradient bound (2.16) are satisfied.

The iterates wq, wo, . .. are generated by Algorithm 1, with

e (3, = v\/t when ¢ is a general convex function, or

e (3, = o(1 + Int) when ¢ is strongly convex due to its regularization component ¥ which is

strongly convex with the modulus o > 0.
Theorem 2.11 Suppose that Assumption 2.10 is satisfied. Defining
3= E[(g — Eg,) (g — Eg)"],
we have for the general convex case:

(i) ||IEg, — Vf(w*)|| < Lt/
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(i) tr 2t < 4G(G + 4Lp)t=1*
and for strongly convex case:

Q) [[IEg; — Vf(w*)|| < Ly (1+1nt)1/2

1/2

(i) r UF <AG(G +4Ly) (H)

where the constants ¢ and y” are defined as follows,

1 G2> 1 ( GQ)
= — (yD*+ — 1+—=(yD?*+ — : (2.24a)
SV (7 gl e\ Yy
1 G2 1/2
= —— (oD’ + —> : 2.24b
: min(c, 0/2) ( 20 ( )
Proof See Appendix A.2.2 |

Using Theorem 2.11, we show the important property of the dual average that the probability g,

lies outside any given ball around V f(w™*) goes to zero as ¢ increases.

Theorem 2.12 Suppose that Assumption 2.10 is satisfied. For the general convex cases, for every

€ > 0andt > 1 we have

P(llg. — Vf(w)|| > €) < e 2wt

And for the strongly convex cases we have

1+1Int 1/2
t

Plg~ V)l > 0 </
The constants v and v/ are defined as follows,

_ [L,u +2VG (G + 4Lu)1/2] g (2.25a)

- [Lu’ +2VG (G + 4Ly 2} g (2.25b)
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Proof For the general convex case, from Markov inequality, we obtain for every € > 0 that
P(llge = Vf(w)ll > €) = P(llg — Vf(@")]* > €) < e E[llge — VF(w)|]
Since g; — Vf(w*) = {[Eg; — Vf(w*)} + {g: — [Eg}, we have
E[llge — ¥ f (w")|]
< I [|[Eg. — £ (w")|* + 20Eg, — V£ () llge — gl + 19 — Egl]
< [1Egi — V£ (w)][* + 20€g: — ¥ f (") |Ellg: — Egil| + Ell g — g
p * - * — - 1/2
< [[Eg, — V£ (w")]|* + 2[[Eg, — V£ (w")]| (Ellg — Eau]*)"
+ Ellg. — g

I1Ege — V(") + (Ellge — Eai]) "]

where the third inequality is due to Jensen’s inequality. Each term in the last line can be bounded

using Theorem 2.11 as follows,
IIEg, — V f(w*)|| < Lpt™1%,

and,

n

|E||gt—|E§t||2=|E<Z[ IEgt> ZIE — Egi)?) = tr £*

=1

< 4G (G + 4Lyt 4,
Collecting all results, we conclude that
P(llge = Vf(w)|l > €)
<2 [ pu1e —1/aq1/2]?
pt =Vt + {AG(G + 4Lp)t 1}
2
<e? [Lu +2VG (G + 4LM)1/2} {1/

as claimed.

For the strongly convex case, we use different bounds from Theorem 2.11 instead,

1+1Int 1/2
t

M@—VﬂMNSLM<
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and,

1—|—lnt>1/2

Elg — Eadl* < 46+ ayt) (2

Then similar arguments as above lead to the claim. |

2.4 Manifold Identification

In this section we present that the RDA algorithm identifies the optimal manifold in finite
iterations. Our analysis is based upon the important properties of the dual average discussed in the

previous section, and the results for manifold identification.

24.1 Fundamental Results

We state a result from Hare and Lewis (2004) in a modified form that is more convenient for

our analysis below.

Theorem 2.13 Suppose that ¢ is partly smooth at the minimizer w* relative to the manifold M
and that the nondegeneracy condition (2.11) holds. Then there exists a threshold € > 0 such that

for all w € O with ||w — w*|| < € and dist (0, 0p(w)) < €, we have w € M.

Proof Suppose for contradiction that no such € exists. Let {¢;};>1 be any sequence of posi-
tive numbers such that ¢; | 0. Then for each ;7 > 1 we have w; such that ||w; — w*|| < ¢;,
dist (0, dp(w;)) < €; but w; ¢ M. Considering the sequence {w,};>1, we have that w; — w*,
and dist (0, dp(w;)) — 0. With convexity, these imply ¢(w;) — ¢(w*), since for all a; € 0p(w,)
we have ¢(w;) — ¢(w*) < al (w; —w*) < |la;||[w; — w*||. Convexity implies prox-regularity, so
by applying Theorem 5.3 of Hare and Lewis (2004), we have that w; € M for all j sufficiently
large. This contradicts our choice of w;, so we conclude that € > 0 with the claimed properties

exists. [ |
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The next result is essentially from Wright (2010), which motivates the acceleration based on
the Newton-type methods after identifying the optimal manifold. It relates the strong minimizer
property for ¢|, at w* to the second-order sufficient conditions for an explicit representation of

this function along the manifold.

Theorem 2.14 Suppose that ¢ is partly smooth at w* € IR" relative to the optimal manifold M C
IR™. Suppose that M is characterized by C? mappings F' : R® — IR¥ and G : R®* — IR" and a
point y* € R"™* such that F'(w) = 0 for all w € M near w*, VF(w*) is orthonormal, G(y) € M
for all y near y*, and G(y) = w* + Y(y — v*) + O(|ly — y*||*) for some matrix ¥ such that
[VF(w*) Y] is orthogonal. Then ¢| x4 has a strong minimizer at w* with modulus ¢y, > 0 if and

only if the function defined by

b(y) = o(G(y)) (2.26)
is C? with Vi) (y*) = 0 and V%9 (y*) positive definite, with minimum eigenvalue at least 2c .
24.2 Convergent Sequences

We start with two result that estimates the likelihood of w; lying within a given radius of w*,

each for general convex and strongly convex objectives.

Lemma 2.15 (Convergent Sequences for General Convex Case) Suppose that the conditions in

Assumption 2.10 hold for general convex objectives. Define the subsequence S by

= {7 € {12 } 1B [Luy e ol — w7|?] <57/, and

IE [ Ly w5 w0 — w0 < f’lj’”‘*}- (2.27)
For any € > 0, we then have

P (||w; —w*| > €) < (2.28)
€

| —
VRS
| —
+
=S| o=
N
<.
L
~
L
<
m
»

Defining
Sy =8N{1,2,...,t}, (2.29)
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we have
1 2 G?
SIS > 12 <7D2 + —) e (2.30)
t c ol
that is, the density of S; in {1,2,...,t}is 1 — O(t~1/4).
Proof To measure the cardinality of the complement of S;, that is, S7 = {1,2,...,t} \ &, we

first define indicator variables x’ and Xi for j > 1 as follows,

(

Y= L IE [Zju; -2 [y — w?|P] > 574

0 otherwise.

\

4
o) Lo g — w7 > (/)7
Xy =

0 otherwise.

\

As the set S; contains all indices j € {1,2,...,t} that satisfy Y. =1lor Xj+ = 1, the cardinality
of Sf is bounded above by Z;ZI(X{ + ). For Zj.:l Y’., we note that

t t
2B [zl = w'1P] = D XL [T,y s — ]
j=1 Jj=1

t
> Z Xj_ J —1/4 (due to the definition of Xj_ )
j=1

t
> /4 Z X
=1

Using (2.22a), we deduce that

t ] 2
%ZXJ_ < % (’YDQ + G—) 1,
j=1

v

Similar arguments for 22:1 ', with |E [T~ >m lw; —w[l], 5 = 1,2,...,t and (2.22b) lead

to

t
1 ; 1 G?

J 2 ~1/4
- Xi < — <7D + —) t%
t ; T ¢ v
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Therefore, the fraction of the cardinality of S; to {1,2,... ¢} is

1 1
~|S =1~ =|S¢
Lsi=1- s
1
J J
21_;2 (X2 +x%)

=1
2 G?

>1-- (’yD2 + —) tY4
c v

thus proving (2.30).

To show (2.28), we first observe that for any € > 0,

P(llw; —w*l > €) = P(Jlw; —w™|| > ¢, [lw; —w*|| <7)

+ P(|lw; —w*|| > €, ||lwj —w*|| >T) (2.31)
Focusing on the first term, we have for all j € S

P(llw; — w*|| > €, [|w; —w*|| < T) = P(L(ju;—wr<r l|w; — w*|| > €)
< €2 [y~ <m 05 — w*||?]

< e A (2.32)

where the first inequality is due to Markov inequality and the second inequality is from the defini-

tion of § in (2.27). Similarly for the second term in (2.31), we have forall j € S

P(|lw; —w*|| > €, ||wj —w*|| > 7) = P(I(juw;—w|>m |[w; —w*[| > €)
< € [Ty e 5 Jw; — 0]

< el (2.33)
Applying (2.32) and (2.33) to (2.31) leads to the claim,

P(|w; — w*|| >¢€) < e (et +7 17V Vjies.

The next is a corresponding result for the strongly convex case.
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Lemma 2.16 (Convergent Sequences for Strongly Convex Cases) Suppose that the conditions

in Assumption 2.10 hold for strongly convex objectives. Define the subsequence S’ by

Lt i\ M2
S = {j e {1,2,... } | E[lw; —w*|?] < (%) } (2.34)
For any € > 0, we then have
Lot i\ 12
P (lw; — w*|| > €) < 6—2( +j“]) L Vjes. (2.35)
Defining
Sl =8n{1,2,....t}, (2.36)
we have "
1 1 G? 1+ Int
PP . — ) , L LI I (2.37)
t min(c, o /2) 2 t

that is, the density of S} in {1,2,...,t}is 1 — O <(1+Th”)1/2> .
Proof We first define indicator variables y’ for j > 1 as follows,

N1/2
1 IE[|jw; — w*]|?] > (M) ,

X = ’

0 otherwise.

Then
t t '
D E [JJw; —w?] 2> NE [lw; — w*|?]
j=1 j=1

1+1nj\"? .
> Z ( + n‘]) (due to the definition of y”)

1+1Int vzt
() e
j=1

With (2.23), this leads to
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Therefore,

1 1o
¥|5£| =1- ;|S£ |
1 t
>1—- i
> tjzlx

1 G2\ (1+nt\"?
>l——~—— (oD* + —
min(c, 0/2) (O - 20) < t ) 7

thus proving (2.37). The claim (2.35) follows from applying Markov inequality for any € > 0 and

using the definition of S’. |

2.4.3 Identification

The next theorem is our main result, showing that the stochastic RDA algorithm identifies the
optimal manifold with increasing probability as iterations proceed. This result requires a condition

(2.38) on h that is trivially satisfied by the usual prox function h(z) = (1/2)||z — w;]|?.

Theorem 2.17 (Identification for General Convex Cases) Suppose that Assumption 2.10 holds,

w* € Fp, M is the optimal manifold including w*, and the RDA algorithm uses i (w) such that

sup b < mllw; —wil, 7=1,2,... (2.38)

bj €0h w;j

for some 77 > 0. Given § defined in (2.27), we have
P(w; € M) >1— (i + G)j

for all j € S sufficiently large, where

2
¢ o= Smax_(l,L) (SmaX_(l,L) i %) ;and (=12 (%) V.

€ €

Proof Let € > 0 be the threshold defined in Theorem 2.13. We focus on the iterate w; and the

random events associated with it. First we denote the following event as F:

€

—wl < — 2.39
Wi < 3max(L,1)’ ( )

El : ij
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where € is defined in Theorem 2.13 and L is the Lipschitz constant of (2.9) and Lemma 2.2.
Note that £; depends on the random history £;_y. If E is true, it trivially implies the condition

|w; — w*|| < € of Theorem 2.13. From Lemma 2.15, we have that
P(||w; — w*|| <& >P(E) >1—¢j Y4 forallj €S, (2.40)
We now examine the other condition in Theorem 2.13, namely
dist (0, V f(w;) + 0¥ (w;)) < €.

By adding and subtracting terms, we obtain

Vf(x;) +a; = (Vf(w;) = VW) + (Vf(w’) —gj-1) — -

+<%4+qu?*bo. (241)

for any a; € 0¥ (w,) and b; € Oh(w,). We choose the specific a; and b; that satisfy the optimality
of the subproblem (2.19), that is,
o B
=gj-1Ta;+ J— 1bj- (242)
This choice eliminates the last term in (2.41). For the other three terms, we have the following

observations.

(i) For those w; satisfying I, the Lipschitz property of V f (Lemma 2.2) implies that
IV f(w;) = Vf(w)|| < Lljw; — w*
Hence, E; implies the following event:

Ey o [V f(wy) = V()| <&/3

(ii) From Theorem 2.12, we have by setting e = €/3 and t = j — 1 that

POIVf(w") =gl > €/3) < Gj ™", V=2
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Hence, denoting by F5 the event

Ey:  ||Vf(w") —gj—1]| < €/3,

we have that

IP(=F5(j)) < i~ Y4, forall j > 2. (2.43)

(iii) Since 3;_1 = ~(j — 1)'/2, we have for w; satisfying F; that
j j

Byl

loill =0 - 1)1y
< (i — 1) lw; — wi (from (2.38))
< (i — D)7 (lw; — w*|| + [lwy — w?|))

<yni—12(—C 1 p).
<=1 (3maX(L,1)+

Therefore, F/; implies the event

E4Z 6j !

€
) <

whenever j > jo, where we define j, by
9v2n? € 2
=1 D )
Jo i { €2 (3max(L, 1) * )

Therefore for 7 € S with j > jy, by definition of the events F, E5, E3, and F4 above, the

probability that Theorem 2.13 will hold is

|P(||wj —w'| <& A dist(0,96(w;)) < e)
> P (E1 A Ey A By A E4> = P(E, A E3)

> 1= P(=Ey) — P(—Ey) > 1— (G + G)j

where the last inequality is due to (2.40) and (2.43). Our claim follows. [ |
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Theorem 2.18 (Identification for Strongly Convex Cases) Suppose that Assumption 2.10 holds,
¢ is strongly convex with the modulus o > 0, w* € Fp, M is the optimal manifold including w*,

and the RDA algorithm uses h(w) satisfying (2.38). Given &’ defined in (2.34), we have

1+1nj)1/2

P(w; € M) >1— (¢ +¢) (
for all j € &’ sufficiently large, where

2 2
¢ = <3max—_<1L)) ,and ¢} :=1.25 (i) v
€ €

Proof This proof is almost identical to that of Theorem 2.17; here we briefly mention the required
changes for the strongly convex case. Consider € > 0 and the event £ defined in the proof of

Theorem 2.17. From Lemma 2.16 we have
P([|w; — w*[| <& > P(Ey) > 1—({[(1+1nj) /]2, foralljes.
Instead of (ii) and (iii) in the proof of Theorem 2.17, we use the following:
(ii’) From Theorem 2.12, we have by setting ¢ = €¢/3 and ¢t = j — 1 that
P(IVf(w*) = gjall > €/3) < G(L+j) /5] ¥j>2.
Hence, denoting by E5 the event ||V f(w*) — g;_1]| < €/3, we have that

IP(=F5) < G[(1+1nj)/j]Y%, forall j > 2.

(iii’) With 5;_; = o(1+1In(j — 1)), we can choose j; sufficiently large so that the event E} in the
proof of Theorem 2.17 holds for all j > j(.
Using the modified probability bounds for F; and E3, we have
P(||wj —w|| <& A dist(0,96(w,)) < g) > P(E1 A E3>

>1— (¢ + (L +1nj) /5],

for all j € &’ with j > j{. Our claim follows. |
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Lemma 2.15 (respectively, Lemma 2.16) tells us that the sequence S (resp., &) is “dense” in
{1,2,...}, while Theorem 2.17 (resp., Theorem 2.18) states that for all sufficiently large j € S

(resp., j € &), w; lies on the optimal manifold with probability approaching one as j increases.

2.5 Dual Averaging with Manifold Identification

We present a simple strategy motivated by our analysis above, in which the RDA method gives

way to a local optimization phase after a near-optimal manifold is identified.

2.5.1 RDAT" Algorithm

Algorithm 2 summarizes our algorithm called RDA™. This algorithm starts with RDA steps
until it identifies a near-optimal manifold, then switching to the LPS algorithm (Wright, 2010) to
search a reduced space until an optimality criterion is satisfied.

For choosing a manifold as a candidate, we use a simple heuristic inspired by Theorem 2.17
that if the past 7 consecutive iterates have been on the same manifold M, we take M to be ap-
proximately optimal. Before commencing the local phase, however, we “safeguard” by expanding
M to incorporate additional dimensions that may yet contain the minimizer. Our simple approach
will work provided that M is a superset of the optimal manifold, since LPS is able to move to

more restricted submanifolds of M.

2.5.2 Specification for /;-regularization

We describe the details of Algorithm 2 for ¢, -regularization, where ¥ (w) = A||w||; for some
A > 0. (Thus wy = 0.) This is a simple and widely used regularizer that encourages sparsity in
the solution w*. The manifold embracing w* € IR™ corresponds to the set of points in IR" that
have the same sign and nonzero patterns as w*. Also, we use the simple quadratic prox-function

h(w) = flw —wy|*.
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Computation of w; ;: For these choices, we have a closed-form solution for the subproblem
(2.19):
[wj—l-l]i = \2/—350ft(—[§j]i, )\), 1= 1, 2, coe,n,

where soft(u, a) := sgn(u) max{|u| — a,0} is the well-known soft-threshold function.

Acceleration: To generate the approximate solution in the local optimization phase of Algo-

rithm 2, we use an empirical estimate (/5 v 1n (2.5) as a surrogate objective function and then solve
min ¢ w
weM ¢N|M( )7

where A is drawn from available samples. LPS calculates first- and second-order information for
o on the subset of components defined by M. Since the intrinsic dimension of M is usually
much smaller than the dimension n of the full space, these restricted gradients and Hessians are

much cheaper to compute than their full-space counterparts.

Checking Optimality: From the optimality condition for (2.5), we define the optimality measure
d(w;):

1 _
o(w;) = 7 ajeggf(wj) |V far(wy) + aj. (2.45)

Since 0(w*) = 0 for sufficiently large sample set A/ because of the law of large numbers, we can

stop the algorithm when §(w;) drops below a certain threshold.

Safeguarding: For a more robust implementation, we augment M before starting the local phase,
adding components 7 for which [w;1]; = 0 but [g;]; is close to one of the endpoints of its allowable
range; that is,

[wj+1]i = (0 and ’[§1]1| > p/\ (2.46)

for some fixed p € (0, 1]. This is motivated from Theorem 2.12, which indicates that g; approaches

V f(w*) in probability as j increases.
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Algorithm 2 RDA™ Algorithm.

1: Input:

2:

3:

4:

5:

6:

7:

10:

11:

12:

13:

e a prox-function h(w) that is strongly convex on dom ¥ and also satisfies

arg min h(w) € argmin ¥(w),

sup  ||bj]| < mljw — wi|, Yw € dom?.
b; Eah(wj)

e a nonnegative and nondecreasing sequence {/;},t > 1.
e a positive integer 7.
Initialize: set w; € arg min, ¥(w) and gy = 0.

Dual Averaging:

for j =1,2,... do
Choose a random vector §; € =.
Compute a gradient g; < VF(w;;&;).
Update the average gradient:

B Rl
g. — —-g,il _g
J j J j J

Compute the next iterate by solving the subproblem (2.19), which is
o, 5,
wjy = argmin < (g;, w) + ¥(w) + 7h(w) . (2.44)
welR™

if there is M such that w; o_; € M fori=1,2,..., 7 then

Local Phase:

Expand M and use LPS to search for solution on manifold M, starting at w;;
end if

end for
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2.6 Computational Experiment

We consider binary classification tasks via logistic regression with ¢;-regularization. We con-
struct the empirical estimate (;5  from the full training set of size m, that is, N' = {1,2,...,m}.
For the training example selected by &, at time t > 1, we use its feature vector 2, € IR"~! and label

y; € {—1, 1} to define the corresponding loss function for @ € R""*, b € IR and w = (w, b):
F(w; &) = log (1 + exp (_yt(wat + b))) .

We choose ¥ (w) = A||wl|; as the regularizer for some A > 0, and set w; = 0.

2.6.1 Manifold Identification

To investigate the identification behavior of the RDA algorithm in practical circumstances, we
use five data sets from the UCI Machine Learning Repository with various sizes and dimensions
shown in Table 2.1. We first apply the original LPS to acquire the solution w}, of (2.5), with the
tight optimality threshold of 107°. We then tabulate how many iterations of RDA are required
before it generates a point in the optimal manifold M containing wj;.

We also check when the iterate of the RDA algorithm lies on a modest superset of the optimal
manifold. Here we aim for a “2x” superset composed of the points in IR" having the same sign
pattern for the active components in M, and up to twice as many nonzeros as the points in M.
For each data set we use three values of A equally spaced in the log-scale range of [0.3, 0.9] A\ax,
where the A, is computed accordingly to Koh et al. (2007) beyond which the solution contains
no nonzero components except for the intercept term.

Table 2.1 shows the number of iterations taken by the RDA algorithm, for 100 different random
permutations of each data, until the algorithm identifies the optimal manifold and its 2x superset.
As the empirical distributions of the iterations are skewed, we show the median (rather than the
mean) and the standard deviation. The table also shows the values of the optimality measure ¢
defined in (2.45) for the iterate at the moment we identify the optimal manifold. These results
tell us that identifying the optimal manifold could require a huge number of iterations, whereas

identifying the superset is often much easier. We note too that even when optimal identification is
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Table 2.1 Manifold identification of the RDA algorithm for 100 different permutations. The
median (and the standard deviation in parentheses) number of iterations until the identification of
the optimal manifold M containing w}, and its 2x superset are presented. ¢ represents the

optimality measure at the moment of identifying M.

No. iterations NNZs
Data set A Optimality o
2x Superset Optimal M Wiy
0.29 14 (25) 20 27) 0.068 1
Glass
0.17 13 (10) 116 (428) 0.063 2
(m = 214,n = 10)
0.10 13 (11) | 28392  (6907) 0.016 3
022 | 38 (84) 122 (95) 0.015 2
Tono
0.13 || 44 (28) | 30812 (15575) 0.008 3
(m = 351,n = 35)
0.07 || 86 41) 404 (150) 0.019 5
0.15 || 192 (110) 304 (141) 0.001 2
Arrhythmia
0.09 || 272 (88) | 2036 (1076) 0.002 8
(m =452, n = 280)
0.05 || 447  (195) | 27750  (4590) 0.001 13
0.17 | 137  (219) 357 (325) 0.006 1
Spambase
0.10 || 722 (2495) | 4340 (3097) 0.004 8
(m = 4601, n = 58)
0.06 | 812 (1247) | 4680  (2209) 0.004 17
0.11 || 26 (320) 58 (395) 0.063 1
Pageblock
0.07 | 182  (941) 524 (1233) 0.038 3
(m = 5473,n = 11)
0.04 | 103 (913) 461  (1232) 0.040 4

achieved, the iterate is still far from being optimal, suggesting the need for alternatives to achieve

tighter optimality.

2.6.2 Performance on the MNIST Data Set

We now focus on the effects of the local phase in the RDA™ algorithm in Algorithm 2. For this

we use the MNIST data set which consists of gray-scale images of digits represented by 28 x 28
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ojojo
EEE
NN
wiW P

Figure 2.1 Examples of the input digits of MNIST data set.

pixels, choosing the digits 6 and 7 to have 12183 training and 1986 test examples. We show some
digits from the data set in Figure 2.1. Although the MNIST data set has relatively small dimension,
we choose this set because we can compare our results to those reported in Xiao (2010) for the
original RDA algorithm.

We compare RDA™ to several other algorithms: SGD, TG, RDA, and LPS. The stochastic gra-
dient descent (SGD) method (for instance, Nemirovski et al., 2009) for ¢;-regularization consists

of the iterations

(Wey1]i = [wii — at([gt]i + Asgn ([wy];) )a 1=1,2,...,n.

The iteration of the truncated gradient (TG) algorithm (Langford et al., 2009) is described in (2.7),
where use # = oo and K = 10 for enhanced regularization effect (Xiao, 2010). For the stepsize oy

in SGD and TG, we adopt a variable stepsize scheme (Zinkevich, 2003; Nemirovski et al., 2009),

_D\F
(lt—G t

This gives SGD a bound 2v/2G' D+/1 for the regret R,(w*) when A\ < G (see Appendix A.3 for

choosing

details). This bound is comparable to the simplified regret bound of RDA, R;(w*) < 2G' DV,
which is obtained with the best v* = G/ D that minimizes the expression (yD? + G?/7) in (2.20)
for the general convex cases. (Then we can set the stepsizes of SGD and TG as oy = (v*) 7! /271‘ )
In this setting we can run RDA™ and RDA estimating only 7* without knowing D and GG; we use

~v* = 5000 for both, which is determined by cross validation with RDA and with a single scan
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through the data set. For LPS and the local phase of RDA™, we set the Newton threshold to 200
so that the Newton approach will be applied only when the number of active elements fall below
this number, and use no sampling in the gradient and Hessian computation. We set w; = 0 for all
algorithms.

For SGD, TG, and RDA, we keep track of the primal average wy := % ZtT:l w, additionally,
where 7' for each algorithm denotes the iteration number where the algorithm is stopped. We
include these into comparison because the convergence of the stochastic subgradient algorithms
are often described in term of the primal averages but we do not expect they will identify the
optimal manifold as fast as the raw iterates in general. Note that RDA™ and LPS does not operate
with primal averages.

We first run the RDA™ algorithm with random permutations of the training samples, stopping
when 7 = 100 consecutive iterates have the same sparsity pattern, after seeing all samples at least
once. (All repeated runs required at most 19327 iterations to stop, which was within two permu-
tations.) In the safeguarding test (2.46), we use p = 0.85. Then we run the local phase of the
RDA™ algorithm until we obtain a solution with the optimality measure value in (2.45) less than
10~*. We record the total runtime of the RDA T algorithm, and then run other algorithms SGD, TG,

and RDA, up to the runtime of RDA™ (they may stop earlier if they achieve the desired optimality).

Progress in Time: We compare the convergence speed of the algorithms, in terms of the optimality
measure and the number of nonzero components. For this experiment, we run LPS up to the
runtime of RDA™ and include it into comparison. Figure 2.2 presents the plots for the iterates
without averaging, for three different values of A € {10,1.0,0.1}. The optimality plots (on the
left) show that RDA™ achieves the target optimality much faster than other algorithms, including
LPS. The RDA algorithm behaves better than SGD and TG, but it still hardly achieves the target
value. Also, it is hard to notice the decreasing tendency of optimality values for SGD, TG and
RDA, although it might be more distinct in a larger timeframe.

The plots on the right of Figure 2.2 show the number of nonzeros in the iterates. RDA tends

to produce much sparser iterates with less fluctuation than SGD and TG, but it fails to reduce the
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number of nonzeros to the smallest number identified by RDA™ in the given time, apparently for
A=10and A =0.1.

We mark the events of switching to the local phase for RDA™ with black dot-dashed lines. In
the local phase, RDA™ behaves very similarly to LPS, sharing the typical behavior of nonmono-
tonic decrease in optimality. However, the local phase often converges faster than LPS, because
it can operate on the reduced space chosen by the initial phase of RDA™. The number of nonze-
ros often increases in the event of switching, since the safeguarding can add more elements. This
behavior can be diminished by using more conservative (larger) p values.

Figure 2.3 shows similar plots but for the averaged iterates (primal averages). We duplicate the
plots of RDA™ and LPS from Figure 2.2 for easy comparison. Regarding the number of nonzeros
components, it is easy to tell the primal averages behave much worse than the iterates without

averaging in finite time.

Quality of Solutions: Next we compare the quality of the solutions in terms of optimality, the
number of nonzeros, and test error rate, in Figure 2.4. We present the results for the iterates
without averaging on the left, and those for the primal averages on the right, averaged up to each
observation point from the beginning. (The plots of RDA™ and LPS on the left are duplicated to
the right for easy comparison.) We run the algorithms with the same setting used in the previous
experiments, except for LPS; now we run LPS without any time limit to use it as the baseline of
comparison. (The runtime of LPS was about four times longer than that of RDA™ on average.)
The experiments are repeated for 100 different random seeds, for each of the seven A values in the
range of [0.01, 10]. (Aax Was 45.8.)

In Figure 2.4, only the solutions from RDA™ achieve the desired optimality and the smallest
number of nonzeros, with almost identical quality to the solutions from LPS. The solutions (both
with and without averaging) from SGD, TG, and RDA are suboptimal, leaving much scope for
zeroing out many more components of the iterates. RDA achieves a similar number of nonzeros

to RDA™ for large \ values, but more nonzeros on smaller values of . In terms of the test error
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Figure 2.2 Convergence of iterates without averaging, for the task classifying the digits 6 and 7 in
the MNIST data set. Convergence is measured in terms of the optimality measure (left) and the
number of nonzero components in the iterates (right). SGD, TG, RDA and LPS are run up to the
time taken for RDA™ to achieve 10~* optimality value. The black dot-dashed lines indicate the
event of phase switching in RDA™. Only the vertical axes on the left are in logarithmic scale.
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Figure 2.3 Convergence of averaged iterates, for the task classifying the digits 6 and 7 in the
MNIST data set. Convergence is measured in terms of the optimality measure (left) and the
number of nonzero components in the iterates (right). SGD, TG, RDA and LPS are run up to the
time taken for RDA™ to achieve 10~* optimality value. The plots of RDA™ and LPS are
duplicated from Figure 2.2 for comparison. Only the vertical axes on the left are in logarithmic

scale.
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rate, RDA™ produces slightly better solutions than SGD, TG, and RDA overall. Although the im-
provement is marginal, we note that high accuracy is difficult to achieve solely with the stochastic
online learning algorithms in limited time. The averaged iterates of SGD and TG show smaller
test error for A > 1 than others, but they need a large number of nonzero components, despite the
strong regularization imposed.

In Figure 2.5 we show the typical solutions from the algorithm runs, for the different A val-
ues. The first three rows present the solutions acquired without averaging, and the last three rows
present the ones obtained with primal averaging. The solutions from RDA™ reveals almost identi-
cal sparsity pattern to those from the baseline algorithm LPS, achieving smallest nonzero patterns.
For large )\ values, RDA produces similar sparse solutions to RDA™, but much denser solutions
for smaller values. The solutions from primal averaging are typically denser than those without

averaging.

2.6.3 Scaling Performance

In this section we benchmark RDA™ and LPS in terms of the speed to achieve the solutions
with 10~* thresholds of convergence, varying problem sizes. Recall that the LPS algorithm is a
batch optimization solving (2.5), operating with the full gradient in each iteration, possibly with
the Hessian information, in the basic setting. However, it also features options for large-scale
problems, to work with partial gradients and with the Hessian estimates evaluated with subsets
of the given training set. Also, the behavior of the local phase of RDA™ is affected by these
parameters. We are interested in the efficiency of the two algorithms with the changes of these
parameters.

For the benchmark, we use the entire MNIST data set with 60k examples, creating binary
classification tasks differentiating even versus odd digits. The training sets of five different sizes
in the range of [10k, 50k] are created by random sampling from the entire set, maintaining the
even versus odd ratio of the entire set. We measure the runtime of RDA™ and LPS to achieve the
solutions with 10~* optimality, for 50 random training sets for each size. We use v* = 5000 as

before, and change two parameters of LPS: the gradient fraction (gf) which controls the fraction of
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Figure 2.4 Quality of the solutions for classifying the digits 6 and 7 in the MNIST data set, in
terms of the optimality, the number of nonzero components, and the test error rate (measured for
100 different random permutations). The plots on the left show the results for the iterates without
averaging, and those on the right for the primal averages. SGD, TG, and RDA algorithms are run
up to the time taken for RDA™ to achieve 10~ optimality value, whereas LPS is run without such
limit. The plots for RDA™ and LPS on the left are duplicated to the right for comparison. All axes

are in logarithmic scale, except for the vertical axes in the second row.
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Figure 2.5 Sparsity patterns of the solutions, for classifying the digits 6 and 7 in the MNIST data
set. The regularization parameter \ is varied in the range of [0.01, 10]. The spots represent the
positive (bright) and negative (dark) values, where the gray background represents the zero value.
The top three rows show the solutions acquired without averaging, and the bottom three rows
show the ones from primal averaging. The two rows in the middle presents the solutions from
RDA™ and LPS. The algorithms SGD, TG, and RDA are run up to the time taken for RDA™ to
achieve a solution with 10~% optimality value; the batch algorithm LPS is run without time limit.
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Figure 2.6 Scaling benchmark of RDA™ and LPS. For even versus odd classification tasks, the
training sets with different sizes in the range of [10k, 50k| are created by random sampling from
the entire MNIST data set, maintaining the original even versus odd ratio. The runtime of both
algorithms are measured for 50 repetitions for each training set size, to achieve solutions with
10~* optimality. Two large-scale parameters affecting LPS and the local phase of RDA™ are
varied: the gradient fraction (gf) and the Hessian sampling (hs). The vertical axes show runtime
values in seconds, in logarithmic scale.
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partial gradient to the full gradient; and the Hessian sampling (4s) which specifies the number of
random training examples to be used for estimating the true Hessian.

We present the benchmark results in Figure 2.6, trying three gf values in {0.2, 0.6, 1.0} and four
hs values in the range of [500, 10000]. The best performance of LPS is acquired with small partial
gradients (gf = 0.2) and rough Hessian estimates (hs = 500 or hs = 1000), but it is still about
twice as slow as RDA™ with the same settings. The parameter setting of Section 2.6.2 is similar
to the configuration with gf = 1.0 and hs = 10000 (in the bottom left corner of Figure 2.6). This
seems to be the slowest setting on average, and the experiment could have been performed about
ten times faster by choosing different parameters, for instance gf = 0.2 and hs = 500. For the
parameter values significantly smaller than those tried here, we experienced unstable convergence

of LPS and the local phase of RDA™.

2.7 Conclusion

We have shown that the RDA algorithm is effective for producing solutions with a smaller set
of active elements than other subgradient methods, and also identifies the optimal manifold with
probability approaching one as iterations proceed. This observation enables us to apply alternative
optimization techniques with faster convergence rate on the near-optimal manifold, enabling more

rapid convergence to near-optimal points than plain stochastic gradient approaches.
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Chapter 3

Stochastic Subgradient Algorithms for Training Nonlinear Sup-
port Vector Machines

The support vector machine solvers using the subgradients of the primal form of SVMs are very
successful in finding solutions for large-scale problems with linear kernels. However, the genuine
SVM primal formulation does not satisfy the strong convexity property which is required for the
existing algorithms. Moreover, the strong convexity breaks down when some tuning parameters
approach zero in value.

In this chapter, we suggest an algorithmic framework equipped with a subgradient method
which does not require strong convexity yet exhibits similar or even better performance to the
existing methods in practice for the typical choices of the tuning parameters. Our framework
utilizes the ideas of low dimensional approximation of kernels as well, which extends our method

to nonlinear kernels both in batch and online settings.

3.1 Introduction

When data sets are extremely large, the computation required by some of the existing algo-
rithms for training SVMs becomes excessive. We focus on subgradient methods that take simple
steps, each typically based on a single training point, so can be implemented in a data-streaming
context efficiently. While requiring a great many iterates to find accurate solutions, subgradient
methods can calculate solutions that are “accurate enough” for the purposes at hand using much

less computation than frameworks that more explicitly target an exact solution.
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This chapter outlines an improved algorithm based on subgradient methods for solving primal
SVM formulations. It extends current subgradient methods by allowing nonlinear kernels to be
used, and not requiring strict convexity of the function to be minimized. This allows the classic
SVM formulation with a non-penalized intercept term to be used, thus reclaiming the formulation
on which many theoretic results have been built.

Our approach uses low-dimensional approximations to nonlinear kernels, obtained either by
approximating the Gram matrix, or by constructing the subspace with random bases. The approx-
imation yields a linear formulation with transformed feature vectors, which can be solved with
the use of well known subgradient approaches. The approach has the added benefits that the ap-
proximate solution to the SVM yields an approximate classification function that can be evaluated

cheaply, typically in time proportional to the dimension of approximation.

3.2 Nonlinear SVM in the Primal

In this section we develop a general theory for nonlinear SVM in the primal form focusing
on classification, then show how it reformulates to a linear SVM problem by means of the low-
dimensional approximation of a kernel. We discuss techniques for approximating the kernel and

classifying data points efficiently.

3.2.1 Basic Derivation

Here we justify the primal SVM formulation with kernels, which was first introduced by
Chapelle (2007). This analysis addresses a special case of the representer theorem (Kimeldorf
and Wahba, 1970; Wahba, 1990), using the tools of convex analysis. Consider the training point
and label pairs {(x;, y:)}™,, x; € R, y; € {—1,+1} and feature mapping ¢ : IR? — R". Given a

convex loss function £ : IR — R U {oo}, the primal SVM problem can be formulated as follows:

. A 1 — .
ol 30 o 2 L 9l + 1) G.1)
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with A > 0 and a convex loss function ¢. The necessary and sufficient optimality conditions are

1 m
w+m;><y¢(ﬂf) (3.22)
1 m
—> Xy =0, (3.2b)
m =1
for some x; € O(yi(w! p(x;) + b)), i=1,2,...,m. (3.2¢)

where 0/ is the subdifferential of /.

We now consider the following substitution:

w=>"ayd(x;) (33)
=1
(which mimics the form of (3.2a)) and, motivated by this expression, we formulate the following
problem
2 TQa + 1§:€(Q + y;b) (3.4)
aeg}ggem 5@ Qo m 2 i+ b)), .

where () € IR™*™ is defined by

Qij = yiy;d(x) o(xj), i,j=1,2,....m, (3.5)

and ;. denotes the i-th row of (). Optimality conditions for (3.4) are as follows:

1 m
A — QF = 36
@a+m;ﬂ@. 0, (3.62)
1 m
- Z Biy; = 0, (3.6b)
m =1
for some 3; € M(Q;.cv + y;b), i =1,2,... ,m. (3.6¢)

The following result shows that the solution of (3.4) can be used to derive a solution of (3.1).
This observation is potentially interesting because (3.4) is formulated in terms of the kernel () and

does not require explicit knowledge of the feature mapping ¢.

Proposition 3.1 Let («,b) € IR™ x R be a solution of (3.4). Then if we define w by (3.3), (w,b) €

IR™ x IR is a solution of (3.1).



56

Proof Since («a, b) solves (3.4), the conditions (3.6) hold, for some (;,7 = 1,2, ..., m. To prove
the claim, it suffices to show that (w, b) and x satisfy (3.2), where w is defined by (3.3) and x; = f;
forall:=1,2,...,m.

By substituting (3.5) into (3.6), we have

A vyio) olwai + — > Byay;d(a) (i) =0, j=1,2,....m,
i=1 i=1
1 m
— Z Biyi = 0,
m i=1

j=1

From the first equality above, we have that
- i Q; + Lﬁi yip(r;) +& =0,
— Am

for some & € Null ([yjqﬁ(xj)T];n: 1). Since the two components in this sum are orthogonal, we

have
m

> (0@ + %@) yioo (i)

i=1
which implies that £ = 0. We can therefore rewrite the optimality conditions for (3.4) as follows:

2
0= +¢'¢,

> (Aai + i@-) yid(a;) =0, (3.7a)
=1 m
1 m
- ; Biyi = 0, (3.7b)
ﬂi c ol <yl¢($Z)T Z @j¢($j) —+ yﬂ?) , ), = 1, 2, .o, M. (37C)
j=1

By defining w as in (3.3) and setting y; = [; for all ¢, we see that (3.7) is identical to (3.2), as

claimed. [ |

While @ is clearly symmetric positive semidefinite, the proof makes no assumption about non-

singularity of this matrix, or uniqueness of the solution « of (3.4). However, (3.6a) suggests that
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without loss of generality, we can constrain « to have the form «; = —/;/(Am) where j; is re-

stricted to O¢. In particular, if we use hinge loss function, that is,
0(0) := max{0,1 — d}, (3.8)

the subdifferential is )
{-1} ifd<1,

9l(0) = ¢ [-1,0] ifd =1,

{0} ifs> 1.
\

Thus 3; € [—1,0] foralli =1,2,...,m.

3.2.2 Reformulation to a Linear SVM Problem

We consider the feature mapping ¢° : IR? — # to a Hilbert space H induced by a kernel
function x° : IR? x R? — IR, where x° satisfies the conditions of Mercer’s theorem (Mercer, 1909)
to guarantee the existence of ¢° satisfying k°(s,z) := (¢°(s), »°(z)). Suppose that we have a

low-dimensional approximation ¢ : IR? — IR"™ of ¢° for which
w°(s,7) ~ @) o), (3.9)

for all inputs s and x of interest. We construct a matrix V' &€ IR™*" for training examples

T1,Ta,. .., T, by defining the i-th row as V. = y;¢(x;)7, i = 1,2,...,m. Then V satisfies
Q=VVI~Q = Wiy k° (T, 75)ij=1.2,...m- (3.10)

Note that () is a rank-n, positive semidefinite approximation to ()°. By substituting this () in (3.4),
we obtain

i A Tyt l\ Ty, T
ackmber 2 Vv OH_EZ;E(W Via+yb), (3.11)

where v; := VI is the transpose of the i-th row of V. By introducing the change of variables

vy=VTa, (3.12)
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we obtain the equivalent formulation

A

1 m
. T T
m Z +_§ S b)), 1
’YEIR”I,EEIR 27 " m ‘= iy + yib) (3.13)

This problem is a linear SVM for the new input vectors y;v; € R", i =1,2,... m.

We can solve (3.13) by applying linear SVM techniques to find (,b). Any « that solves the
overdetermined system (3.12) will yield a solution of (3.11). (Note that « satisfying (3.12) need
have at most n nonzeros.) In Section 3.2.4, we provide an efficient way to classify data points

without recovering «.

3.2.3 Approximating the Kernel

We discuss two techniques for finding V' that satisfies (3.10). The first uses randomized linear
algebra to calculate a low-rank approximation to the scaled Gram matrix ()°, as in (3.10). The sec-
ond approach approximates the feature mapping ¢°(-) explicitly by approximate feature mapping

¢(+) constructed using random projections.

3.2.3.1 Kernel Matrix Approximation

Our first approach is to use the Nystrom method (Drineas and Mahoney, 2005), to find a good
approximation of specified rank n to the m x m matrix Q)° in (3.10). In this approach, we specify
some integer s with n < s < m, and choose s elements at random from the index set {1,2,...,m}
to form a subset S. We then find the best rank-n approximation to (()°)ss and denote it by Wy ,,,

with pseudo-inverse W7, . We then choose V' so that
VVE= (@) sWL(Q):s, (3.14)

where (Q)°).s denotes the column submatrix of ()° defined by the indices in S. The results in
Drineas and Mahoney (2005) indicate that in expectation and with high probability, the rank-n
approximation obtained by this process has an error that can be made as close as we wish to the
best rank-n approximation by choosing s sufficiently large.

We calculate W, by forming the eigen-decomposition (Q°)ss = PDPT, where P is s X s

orthogonal and 7 is a diagonal matrix with decreasing nonnegative diagonal entries. Taking n to
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be the smaller of n and the number of positive diagonals in 7, we then have that

WS =P aDi sy o Pl (3.15)
The matrix V satisfying (3.14) is therefore
o ~1/2
V= (Q )'SP,I..ﬁDl..ﬁ,l..ﬁ' (3.16)

For practical implementation, rather than defining n a priori, we can choose a positive threshold
e, With 0 < €, < 1, then choose n to be the largest integer in 1,2, ..., s such that D,,,, > €,. (In
this case, we have n = n.)

Counting the time complexity of a single kernel evaluation x°(s,x) for some s,z € IR? as
O(k), the time complexity of the kernel approximation discussed above is O(s®+sm(k+n)). This
consists of (i) a cost of O(s?) for the PD PT factorization of (Q°)ss, (ii) O(smk) for computation
of (Q°).s, and (iii) O(smn) for the matrix multiplication of (3.16). Note that the cost of (ii) and

(ii1) dominates the cost of (i) since n < s <K m.

3.2.3.2 Feature Mapping Approximation

The second approach, following Rahimi and Recht (2008), finds a mapping ¢ : IR? — IR™ that

satisfies
(0°(s), ¢°(2)) = E[(¢(s), o(x))],

where the expectation on the right hand side is over the random variables that determine ¢. The

mapping ¢ can be constructed explicitly by random projections. We write

o(z) =+/1/n [cos(ulT:c + B1), -+, cos(vla + Bn)}T (3.17)
where vy, ..., v, € R? are i.i.d. samples from a distribution with density p(v) and 3, ..., 3, € R

are from the uniform distribution on [0, 27]. The density function p(v) is determined by the types
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of the kernels we want to use. For the Gaussian kernel
K°(s,x) = exp(—|]s—x||2/(202)), (3.18)

it can be shown that

U R 17
b (2m)/202 P 202 )7

from the Fourier transformation of x°. We can define the matrix V' satisfying (3.10) by setting

vi = VI =yip(xy), i=1,2,...,m, (3.19)

2

thus setting up the formulation (3.13).

This method is suitable for online settings, since it takes only O(dn) to prepare v, ...,y
(assuming that sampling each component of these vectors takes constant time) and O(n) to pro-
cess each data point. As we observe in Section 3.4, however, this approach tends to give lower

classification accuracy than the first approach.

3.2.4 Efficient Classification

Given the solution (v, b) of (3.4), we now describe how a new data point z € IR? can be
classified efficiently. The imposed low dimensionality of the approximate kernel in our approach
can lead to significantly lower cost of classification, as low as a fraction of d/m of the cost of a
full-space approach.

For the feature mapping approximation of Section 3.2.3.2, where ¢ is defined explicitly by
(3.17), we use the classifier f suggested immediately by (3.1), that is, f(z) = w?¢(z) + b. By

substituting from (3.3) and using the definition (3.19), we obtain
f(x) = o(x)" Z aiyid () + b= d(x)"Via+b=¢x)"y+b,
i=1

where we used (3.12) for the final equality. Note in particular that the classifier can be evaluated
directly from -y; there is no need to recover « explicitly.
For the kernel approximation approach of Section 3.2.3.1, the classifier w” ¢(z) + b cannot be

used directly, as we have no way to evaluate ¢(x) for an arbitrary point . We can however use the
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approximation (3.9) to note that

~ Z oyik® (i, ) + b, (3.20)

so we can define the function (3.20) to be the classifier. To evaluate this function, we need only
evaluate those kernels k°(z;, x) for which «;; # 0. As noted in Section 3.2.2, we can satisfy (3.12)
by using just n nonzero components of «, so (3.20) requires only n kernel evaluations.

If we set a; = 0 for all components i ¢ S, where S is the sample set from Section 3.2.3, we
can compute « that approximately satisfies (3.12) without performing further matrix factorizations.
Denoting the nonzero subvector of v by ais, we have V'a = VI as = 7, so from (3.16) and the
fact that (Q°)ss = PDPT, we have

v =Dy Y3 P (@Q)ssas = D2 P Las.

An approximate solution of this equation (which is exact when n = n = s) is

as = P,l-.ﬁD;.lﬁ/,Ql..ﬁ'Y-
3.3 Stochastic Approximation Algorithm

We describe here a stochastic approximation algorithm for solving the linear SVM reformula-

tion (3.13). Consider the general convex optimization problem

min f(z), (3.21)

z€Z
where f is a convex function and Z is a bounded closed convex set with the radius Dy defined by

Dy := max||z||s. (3.22)
2€Z

The subdifferential of f at z is denoted by 0 f(z), and we use g(z) to denote a particular subgradi-

ent. By convexity of f, we have

F(Z) = f(2) 2 9(2)" (2 — 2), Vz,2' € Z, Vg(2) € 0f(2).
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f is strongly convex when there exists ;4 > 0 such that
(' = 2)"9(z') = g(2)] = pll 2’ — 2|, (3.23)

for all 2,2 € Z, all g(z) € 0f(2), and all g(z') € Jf(2'). Note that the objective in (3.13)
is strongly convex in v, but only weakly convex in b. PEGASOS (Shalev-Shwartz et al., 2007)
requires f to be strongly convex in all variables and modifies the SVM formulation to have this

property. The approach we describe below is suitable for the original SVM formulation.

3.3.1 The Algorithm

The algorithm assumes that at any z € Z, we have available G(z; ), a stochastic subgradient
estimate depending on random variable ¢ that satisfies F[G(z; )] = g(z) for some g(z) € f(z).

The norm deviation of the stochastic subgradients is measured by D defined as follows:
EllG(z I’ < Dg Vze Z (3.24)
At iteration j, the general algorithm takes the following step:
AT =gz — ;G5 €), 1=1,2,..., (3.25)

where &/ is a random variable (i.i.d. with the random variables used at previous iterations), 11,
is the projection onto Z, and 7; > 0 is a step length. For our function (3.13), we set 2/ =
(77, 07), selecting &7 to be one of the indices {1,2,...,m} with equal probability, and construct
the subgradient estimate from the subgradient for the £/-th term in the summation. Specifically,

when the hinge loss ¢ from (3.8) is used, we have

il M+ dju;
al|" )= T (3.26)
b djygj
where d; = —1 if the kernelized training point & is currently misclassified and d; = 0 otherwise.

We define the set Z to be the Cartesian product of a ball in the ¥ component (due to strong duality,

similarly to Shalev-Shwartz et al. (2007)) with an interval [— B, B] for the b component:

Z2=0|" eR xR: || < 1/VA, b < B
b
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for sufficiently large B > 0, resulting in Dy = \/1/\ + B2.
The solution of (3.21) is estimated not by the iterates z’ but rather by a weighted sum of the
final few iterates. Specifically, if we define NV to be the total number of iterates to be used and

K < N to be the point at which we start averaging, the final reported solution estimate would be

N t

_ e %
o= —ZﬁVK e (327)

Zt:K Tl
These is no need to store all the iterates 2*, t = K, K + 1,..., N in order to evaluate (3.27).
Instead, a running average can be maintained over the last NV — K iterations, requiring the storage

of only a single z.

The steplengths 7); require knowledge of the subgradient estimate variance D¢ (3.24). We use

a small sample of random variables ¢, [ = 1,2,..., M, at the first iterate (°, 1°), and estimate
D% as
2
7° 1
) ~ 2 2 .2
Bl (| €) | = 3 2 dtlwol” +20)

We summarize this framework in Algorithm 3 and refer it to as ASSET. The integer X > 0
specifies the iterate at which the algorithm starts averaging the iterates, which can be set to 1 to
average all iterates, to a predetermined maximum iteration number to output the last iterate without

averaging, or to a number in between.

3.3.2 Convergence

The analysis of robust stochastic approximation (Nemirovski et al., 2009; Nemirovski and
Yudin, 1983) provides theoretical support for the algorithm above. Considering Algorithm 3 ap-
plied to the general formulation (3.21), and denoting the algorithm’s output z% = (3% ,b%), we

have the following result.

Theorem 3.2 Given the output z¥ and optimal function value f(z*), we have
DzDg

VN
where C'(p) solely depends on the fraction p € (0, 1) for which K = [pN].

E(f(zx) = [(z")] < Clp)

(3.28)
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Algorithm 3 ASSET Algorithm
1: Input: T = {(z1,v1), - -, (Tm, Ym)}» Q°, A, positive integers K and N with 0 < K < N, and
Dy and Dg; satisfying (3.22) and (3.24);
2: Set (7°,0°) + (0,0),7 < 1;

3: Set (7,b) < (0,0),7 = 0;
4: for j=1,2,...,Ndo

. ) Dy
5: n; < Do

6:  Choose & € {1,...,m} independently at random.

Vg for V" as in (3.16), if we use the kernel matrix approximation.
7: Vei =
é’]
yeip(wes) for ¢(-) asin (3.17), if we use the feature mapping approximation.
—1 if vy +yeb <1
8: dj <— & i
0  otherwise
v Wt —n;dyes
10: if j > K then
11: {update averaged iterate }
’:Y = ! ? _77—] v
b n+ni (p| 1+0 | b
n <=1+
12:  end if
13: end for

14: Define % := 7 and by := b.

3.3.3 Strongly Convex Case

Suppose that we omit the intercept b from the linear formulation (3.13). Then its objective

function f(x) becomes strongly convex for all of its variables. In this special case we can apply
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different steplength 7; = 1/(\j) to achieve faster convergence in theory. The algorithm remains
the same as Algorithm 3 except that averaging is no longer needed and a faster convergence rate
can be proved: essentially a rate of 1/ rather than 1/+/7 (see Nemirovski et al. (2009) for a general

proof). And the set Z is simplified as follows
Z={reR": |yl < 1/VA}

and the update steps are changed accordingly to omit the component b. The resulting algorithm,
we refer it as ASSET”, is the same as PEGASOS (Shalev-Shwartz et al., 2007), except for our
extension to nonlinear kernels.

Note that averaging like (3.27) may still be useful, as it can be shown to improve the conver-

gence rate by some constant (Polyak and Juditsky, 1992).

34 Computational Results

We based our implemented our algorithms on the open-source PEGASOS code!. We refer
our algorithms with kernel matrix approximation as ASSET and ASSET™ (for the versions that do
and do not allow an intercept term, resp.) and with feature mapping approximation as ASSET,,,
and ASSET .. In the interests of making direct comparisons with other codes, we do not include
intercept terms in our experiments, since some of the other codes do not allow such terms to be
used without penalization.

We run all experiments on load-free 64-bit Linux systems with 2.66 GHz processors and 8 GB
memory. Kernel cache size is set to 1 GB when applicable. All experiments with randomness are
repeated 50 times unless otherwise specified.

Table 3.1 summarizes the six binary classification tasks we use for the experiments?. The
ADULT data set is randomly split into training/validation/test sets. In the MNIST data set, we obtain
a binary problem by classifying the digits 0-4 versus 5-9. In the CCAT data set from the RCV1 col-

lection (Lewis et al., 2004), we use the original test set as the training set, and divide the original

LOur code is available at http: //pages.cs.wisc.edu/~sklee/asset/.
PEGASOS is from http://mloss.org/software/view/35/.

2ADULT, MNIST, CCAT and COVTYPE data sets are downloaded from the UCI Repository (Frank and Asuncion,
2010).
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training set into validation and test sets. IJCNN is constructed by a random splitting of the [JCNN
2001 Challenge data set>. In COVTYPE, the binary problem is to classify type 1 against the other
forest cover types. Finally, MNIST-E is an extended set of MNIST, generated with elastic deforma-
tion of the original digits*. Table 3.1 also indicates the values of the regularization parameter \ and
Gaussian kernel parameter o (3.18) selected by the SVM-Light solver (Joachims, 1999) to maxi-
mize the classification accuracy on each validation set. (For MNIST-E we use the same parameters
as in MNIST.)

For the first five batch-mode tasks, we compare our algorithms against four publicly available
codes. Two of these are the cutting-plane methods referred to by us as CPNY (Joachims et al.,
2009) and CPSP (Joachims and Yu, 2009) that are implemented in the version 3.0 of of SVM-Perf.
Both search for a solution as a linear combination of approximate basis functions, where the ap-
proximation is based on Nystrom sampling (CPNY) or on constructing optimal bases (CPSP). The
other two comparison codes are SVM-Light (Joachims, 1999), which solves the dual SVM formu-
lation via a succession of small subproblems, and LASVM (Bordes et al., 2005), which makes a
single pass over the data, selecting pairs of examples to optimize with the SMO algorithm. The
original SVM-Perf (Joachims, 2006) and OCAS (Franc and Sonnenburg, 2008) are not included in
the comparison because they cannot handle nonlinear kernels. For the final test — an online test
with the large data set MNIST-E — we compare our online algorithms ASSET,,, and ASSET;  to
LASVM.

For our codes, the averaging parameter is set to X = m — 100 for all experiments, and the error

values are computed using the efficient approximate classification schemes of Section 3.2 .4.

3.4.1 Accuracy vs. approximation dimension

The first experiment investigates the effect of the dimension of the approximate kernel on

classification accuracy on the test set. We set the dimension parameter s in Section 3.2.3 to values

3http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/
“http://leon.bottou.org/papers/loosli-canu-bottou-2006/
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Table 3.1 Data sets and Training Parameters.

Name m (train) valid/test d (density) =) 50
ADULT 32561 8140/8141 123 (11.2%) | 1000, 0.001
MNIST 58100 5950/5950 784  (19.1%) 100,0.01
CCAT 78127 | 11575/11574 | 47237  (1.6%) 10,1.0
IJCNN 113352 | 14170/14169 22 (56.5%) 100,1.0
COVTYPE 464809 | 58102/58101 54 (21.7%) 30,10
MNIST-E | 1000000 | 20000/20000 784  (25.6%) 100,0.01

in the range [2, 1024], with the eigenvalue threshold ¢, = 1076, Note that s is an upper bound on
the actual dimension n of approximation for ASSET™) but is equal to n in the case of ASSETY).

For the batch tasks, we ran our algorithms for 1000 epochs (10001 iterations) so that they
converged to a near-optimal value with small variation among different randomization.

The CPSP and CPNY have a parameter similar to s (as an upper bound of n); we compared
by setting that parameter to the same values as for s. We obtained the baselines of batch tasks by
running SVM-Light. SVM-Light do not have dimension parameters but can be expected to give
the best achievable performance by the kernel-approximate algorithms as s approaches m.

Figure 3.1 shows the results. Since ASSET and ASSET" yield very similar results in all exper-
iments, we do not plot ASSET*. (For the same reason we show only ASSET,,, for online settings.)
We would expect the codes to perform well when the underlying kernel is well approximated by a
low-dimensional surrogate. When o in (3.18) is very large, as in Figure 3.2(a) of ADULT data set, all
codes achieve good classification performance for small values of s. In other data sets, the chosen
values of ¢ are smaller and the intrinsic dimension of the kernel is higher, so classification perfor-
mance continues to improve as s increases. In particular, it is known that linear kernels work as
well as nonlinear kernels on the CCAT. If linear kernels are optimal for CCAT, the optimal Gaussian
kernel may choose a very small value of o producing near-identity thus high-rank Gram matrix.

ASSET,,, seems to suffer from approximating the kernel function rather than the kernel matrix;
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the former is generally a more difficult problem. For a given dimension, the overall performance
of ASSET,,, is worse than other methods, especially in the CCAT experiment.

CPSP generally requires lower dimension than the other methods to achieve the same clas-
sification performance. The power seems to come from the fact that CPSP spends extra time to
construct good basis functions whereas the other methods depend on random sampling. How-
ever, all approximate-kernel methods including CPSP suffer considerably from the restriction in

dimension for the COVTYPE task.

3.4.2 Speed of achieving similar test error

In performing timing comparisons, we ran all codes other than ours with their default stopping
criteria. For ASSET and ASSET*, we checked the classification error on the test sets ten times
per epoch, terminating when the error matched the performance of CPNY. (Since this code uses a
similar Nystrom approximation of the kernel, it is the one most directly comparable with ours in
terms of classification accuracy.) The test error was measured using the iterate averaged over the
100 iterations immediately preceding each reporting point.

Results for the first five data sets are shown in Table 3.2 for the values s = 512 and s = 1024.
(Note that LASVM and SVM-Light do not depend on s and so their results are the same in both
tables.) The shortest time values to achieve similar test accuracy are marked as bold, showing
that our methods are among the fastest in most cases. The best classification errors among the
approximate codes are obtained by CPSP but the runtimes are considerably longer than for our
methods. In fact, if we compare the performance of ASSET with s = 1024 and CPSP with
s = 512, ASSET achieves similar test accuracy to CPSP (except for CCAT) but is faster by a
factor between two and forty. CPNY requires an abnormally long run time on the ADULT data set;
we surmise that the code may be affected by numerical difficulties associated with the highly ill
conditioned kernel for this problem.

Interestingly, ASSET shows similar performance to ASSET* despite the less impressive theo-
retical error bound of the former. When the value of regularization parameter \ is near zero, the

objective function loses strong convexity and thereby breaks the condition required for ASSET* to
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work. We observe similar slowdown of PEGASOS and SGD when \ approaches zero for linear

kernel SVMs.

3.4.3 Online performance on very large data sets

We take the final data set MNIST-E to be an online learning problem and compare the per-
formance of ASSET,,, and ASSET,, to the online SVM code LASVM. (Other algorithms such
as CPSP, CPNY, and SVM-Light are less suitable for comparison because they operate in batch
mode.) For a fair comparison, we fed the training samples to the algorithms in the same order.

Figure 3.2 shows the progress on a single run of our algorithms, with various approximation
dimensions n in the range [1024, 16384]. Vertical bars in the graphs indicate the completion of
training. ASSET,,, tends to converge faster and shows smaller test error values than ASSET? ,
despite the theoretical slower convergence rate of the former. With n = 16384, ASSET,,, and
ASSET;, required 7.2 hours to finish with a solution of 2.7% and 3.5% test error, respectively.
LASVM produced a better solution with only 0.2% test error, but it required 4.3 days of computa-
tion.

In Table 3.3, we represent the variability of solutions in the single runs of ASSET,, and
ASSET;,,. We sampled ten test errors during the last 10000 iterations, evaluating the error values
after each batch of 1000 iterations using the averaged solution over the 100 iterations immediately
preceding each evaluation point. We also show the average time for the evaluations, and the to-
tal training time averaged over the single runs of ASSET,,, and ASSET;  (these have negligible
variations). The average error and the deviation of ASSET,,, up to n = 8192 tend to decrease
as the dimension increases; one contributing factor would be that the approximate feature map-
ping approaches to the true function in exponentially increasing probability with the dimension
growth (Rahimi and Recht, 2008). (This phenomenon was not as evident for ASSET, .) We be-
lieve that the variability of stochastic subgradients eventually increases with dimension, leading
to an increased variability in performance, as happens with n = 16384 for ASSET,,,. Finally
ASSET,,, seems to produce more accurate classifier than ASSET;  with the same level of approx-

imation.
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The testing time depends on the controllable parameter n for our codes but it depends on the

number of support vectors in the computed solution for LASVM (LASVM required 1504 seconds).

3.5 Conclusion

We have proposed a general framework for training support vector machines based on stochas-
tic subgradients. Our algorithms can operate in batch and in online mode, and allows for the use of
nonlinear kernels via kernel approximation and reformulation of the primal form. They do not re-
quire strong convexity. Our methods find solutions of reasonable quality for large problems, often
in much shorter time than existing algorithms. Since the approaches require only (weak) convexity
of the objective function, they can be extended easily to regression, ranking, and other learning

problems.
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Figure 3.1 The effect of the approximation dimension 7 to the test error. The x-axis shows the
values of the parameter s in logarithmic scale (base 2). For ASSET,,,, n = s and for the others
n < s. The results from ASSET* and ASSET;,, are omitted since they are very similar to those
from ASSET and ASSET,,,, respectively.
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Table 3.2 Training CPU time (s:seconds, h:hours) and test error in parentheses. Kernel approximation dimension is varied by

setting s = 512 and s = 1024 for ASSET, ASSET*, CPSP and CPNY.

Subgradient Methods Cutting-plane Decomposition

5 =512 ASSET ASSET* CPSP CPNY LASVM SVM-Light

ADULT 22.55 (15.06%) 23.9s (15.07£0.06%) || 3020.0s (15.17%) 8.2h (15.13%) || 1011.4s (18.02%) | 856.8s (15.13%)
MNIST 96.8s (4.03%) | 1009s (4.03+0.04%) | 549.6s (2.72%) | 348.0s (4.07%) || 587.5s (1.40%) | 1322.6s (1.24%)
CCAT 95.0s (8.23%) 99.2s (8.26£0.06%) || 799.9s (5.24%) 62.0s (8.31%) || 2616.0s (4.71%) | 3422.6s (4.72%)
IJCNN 86.7s (1.08%) 89.1s (1.08+0.02%) | 726.8s (0.84%) | 319.5s (1.1%) || 288.1s (0.76%) | 1331.3s (0.73%)
COVTYPE | 697.2s (18.19%) | 585.7s (18.184+0.07%) 1.8h (17.73%) | 1841.5s (18.24%) 38.3h (13.46%) 52.7h (13.82%)
s =1024 ASSET ASSET* CPSP CPNY LASVM SVM-Light

ADULT 77.6s (15.10%) 83.25 (15.12+0.04%) || 3398.5s (15.16%) 7.5h (15.17%) || 1011.4s (18.02%) | 856.8s (15.13%)
MNIST 2749s (2.66%) | 275.4s (2.67£0.02%) | 12732s (2.03%) | 515.4s (2.69%) || 587.5s (1.40%) | 1322.6s (1.24%)
CCAT 264.6s (709%) | 278.4s (7.11£0.04%) || 29499s (5.19%) | 1229s (7.15%) || 2616.0s (4.71%) | 3422.6s (4.72%)
IJCNN 307.1s (0.79%) | 297.0s (0.79£0.01%) || 1649.4s (0.78%) | 598.0s (0.80%) | 288.1s (0.76%) | 1331.3s (0.73%)
COVTYPE || 2259.4s (16.47%) | 2063.9s (16.474+0.06%) 4.1h (16.61%) | 3597.7s (16.52%) 38.3h (13.46%) 52.7h (13.82%)

L
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Figure 3.2 Online progress of ASSET,,, and ASSET;  to their completion (MNIST-E).
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Table 3.3 Test error statistics (mean and standard deviation) for the last 10k iterations of online
training (MNIST-E).

Avg. Time (sec)

Dimension n ASSET,,, ASSET;

Train Test
1024 | 11.5£0.56% | 11.8+0.57% 1705 34
2048 | 72+£047% | 8.11+0.45% 3418 69

4096 | 4.8+033% | 5.8+0.54% | 6824 139
8192 | 3.6+£0.30% | 4.3+1.06% | 13375 270
16384 | 3.0£0.63% | 3.5£0.29% | 26053 546
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Chapter 4

Decomposition Algorithms for Training Semiparametric SVMs

We describe an approach for solving large-scale semiparametric support vector machines for
regression problems. Most of the approaches proposed to date for large-scale SVMs cannot be
applied to semiparametric problems because of the multiple equality constraints that appear in the
formulation, alongside bound constraints. Our approach uses a decomposition framework, with a
primal-dual algorithm to find an approximate saddle point for the min-max formulation of each
subproblem. We demonstrate that our approach scales well as the number of training examples

grows, and compare with algorithms previously proposed for semiparametric SVMs.

4.1 Introduction

The power of SVM lies in the fact that it does not require the user to define the class of functions
from which the observations might have been generated. In a sense, this is also a weakness, in that
prior knowledge of the function class is often available for use. Semiparametric SVM formulations
introduce parametric components into the model of the classifying / regression function, alongside
the nonparametric contribution. The basis functions in the parametric part of the model can be
chosen to embed prior knowledge and can be used for analyzing the effects of certain covariates,
thus giving semiparametric SVM the potential advantages of both parametric and nonparametric

methods.
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Despite the benefits, semiparametric models have not drawn much attention from the machine
learning community, possibly in part because the optimization problems arising from semipara-
metric SVMs are harder to solve than those generated by standard SVMs. This paper describes
an efficient approach for finding solutions to large-scale semiparametric SVM problems. We fo-
cus on the formulation of semiparametric SVM regression first introduced in Smola et al. (1999),
which gives rise to a dual problem which is a convex quadratic program (QP) with several equality

constraints as well as bound constraints.

4.1.1 Motivation

To motivate our description of solvers for semiparametric SVMs, we discuss first the state of

the art for solvers that tackle the standard SVM dual formulation, which is
1
min §ZTQZ +plz st. ¢qlz2=0, 0<z<cl, 4.1)

where z, p, ¢, and 1 := (1,1,...,1) are column vectors of length n, and ¢ > 0 is a given con-
stant. Many effective algorithms for this problem solve a sequence of subproblems, each of which
updates some subvector of z while leaving the remaining elements unchanged. These algorithms
can be categorized into two distinct groups. In the first group, the subvector is very short, typically
containing just two components. Since the subproblem can be solved analytically for such a small
number of variables, no numerical solver is needed. The subproblems are inexpensive, but many
iterations are usually needed to reach a solution with acceptable quality. Sequential Minimal Op-
timization (SMO) (Platt, 1999) and its variants such as LIBSVM (Chang and Lin, 2009) fall into
this category. In the second group of solvers, the subvectors are longer, requiring the subproblems
to be solved with a QP solver that exploits the structure of the application. Although we face the
burden of designing an efficient, robust QP solver, methods in the second group often show faster
convergence than those in the first group. Successful instances of methods in the second group
include SVM-Light (Joachims, 1999) and GPDT (Serafini et al., 2004; Serafini and Zanni, 2005).
The QP solvers used in the second group can be applied to the full problem, thus solving it in one

“outer” iteration, though this approach is not usually effective for large data sets.
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In general, the methods in both groups discussed above are specialized to handle the single
equality constraint in (4.1) along with the bound constraints. The analytic subproblem solution in
SMO can be acquired only when the subproblem has up to one (or two in case of the modified
SMO (Keerthi and Gilbert, 2002)) equality constraint. The subproblem selection algorithm of
SVM-Light strongly depends upon the existence of a single equality constraint; the same is true of
GPDT, which uses a projection algorithm from Dai and Fletcher (2006). Semiparametric SVMs,

however, require solution of the following generalization of (4.1):

1
min F(z) := §zTQz +plz st. Az=r, 0<z<cl, 4.2)

where A € IRE*" and r € R, where K > 1 is the number of parametric basis functions that we
wish to include in the model. For semiparametric SVM regression, Smola et al. (1999) proposed
to apply a primal-dual interior point method based on the code LOQO. The size of problems that
can be handled is thus limited by the need to perform a full evaluation of the matrix () and the
need for repeated factorizations of matrices of about this size. (The approach could however be
used as the inner loop of a decomposition method in the second group discussed above.) Kienzle
and Scholkopf (2005) suggested a Minimal Primal Dual (MPD) algorithm. This algorithm use
a variant of the method of multipliers to formulate a sequence of convex quadratic programs of
dimension n with bound constraints only (no equalities), which are solved by a method that selects
a single component for updating at each iteration. (In this sense, it is akin to the methods in the
first group described above.) We give further details on MPD as we introduce our methods below.
This approach does not scale well as the size n of the problem grows, but its performance can be
improved by embedding it in a decomposition framework, as described below. We include both
MPD and its decomposition variants in our computational tests of Sect. 4.5. In this chapter, we
propose an approach that is related to MPD but that differs in several ways. First, it is a primal-dual
approach; we alternate between steps in a subvector of z and steps in the Lagrange multipliers for
the constraints Az = r. Second, subvectors of z with more than 1 element are allowed. Third, two-
metric gradient projection techniques are used in taking steps in the z components. Throughout, we
take account of the fact that n may be very large, that () cannot practically be computed and stored

in its entirety, and that operations involving even modest-sized submatrices of () are expensive.
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We compare our approach computationally with MPD as stand-alone solvers, and also in a
decomposition framework.

The remainder of the chapter is structured as follows. In the next section, we define the semi-
parametric SVM regression problem and show that its dual has the form (4.2). Section 4.3 outlines
the decomposition framework, while Section 4.4 describes the primal-dual method that we propose
for solving the subproblems that arise from decomposition. Section 4.5 presents some computa-

tional results.

4.2 Semiparametric SVM Regression

We consider a regression problem for data {(z;,y;)}™, where z; € RY are feature vectors
and y; € R are outcomes. We wish to find a function h that minimizes e-insensitive loss function
le(h;x,y) = max{0, |y — h(x)| — €}, while maximizing the margin as in Boser et al. (1992).
Following (Smola et al., 1999; Kienzle and Scholkopf, 2005), we formulate the semiparametric

SVM regression problem as follows:

N S .
Join, puwtw +c ;(& +&) (4.3a)
K
sty — (w, o(xy)) — Zﬂjwj(xi) <e+¢ fori=1,...,m (4.3b)
=1
p J
(w, ¢(a:)) + Y Bioj(a:) —yi < e+ & fori=1,...,m (4.3¢)
j=1
>0, >0. (4.3d)

where ¢ is a feature mapping function which defines a positive semidefinite kernel x(z;, ;) =
(d(x:), ¢(x;)), forall i, j € {1,...,m}, while {);}1 are the basis functions for the parametric
part of the model function. The model function is defined as an extended linear model of parametric
and nonparametric parts, that is, h(z) = (w, ¢(x)) + Zjil B;1;(x). We typically have K < m.

If K = 1 and v is a constant function, we recover the standard SVM regression problem.
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The Wolfe-dual of (4.3) has the form (4.2), where

Q
z = € IR*™ for the dual vectors a and a* of (4.3b) and (4.3c), resp.,

*

«

p:[e—yl,...,e—ym,e+y1,...,e—|—ym]T6IRQm ,

;

0 viy;k(xi, ;) ifl1<i,7<m,orm+1<175<2m
! \ —yiyir(x;, x)) otherwise 7
r=0,
and
[ pian) o Gi@e) (@) o () |
a | ) ) vt ) | g
| Uk(r1) o Y(em) —Uk(@1) oo —Yx(zm) |

Introducing 7 as the Lagrange multipliers for the constraints Az = r in (4.2), the Karush-

Kuhn-Tucker (KKT) optimality conditions for (4.2), stated here for later reference, are as follows:

(Qz+p+ATn). >0 ifz, =0 (4 4a)
(Qz+p+ATn). <0 ifz;=c (4 4b)
(Qz+p+ATn), =0 if z; € (0,¢) (4 .4c)
Az=r (4.4d)

0<z<cl . (4.4e)

If the kernel function « is positive semidefinite, the Hessian matrix () of (4.2) is also positive
semidefinite, by definition. Therefore the objective function F'(-) of (4.2) is convex, and as we only
have linear constraints, the dual objective of (4.2) is a concave function in terms of the dual variable

7. Therefore the primal-dual pair (z, n) satisfying the conditions in (4.4) is the saddle point of (4.2).



79

Moreover, 1 agrees with 3 in (4.3) Since 7 is the double dual variable of 3 (refer Scholkopf and
Smola (2001) for details.) As our primal-dual solver discussed in Section 4.4 provides the optimal

value of 7, there is no need to compute /3 separately.

4.3 Decomposition Framework

In this section we outline the decomposition strategy, giving details of two key aspects.

4.3.1 Subproblem Definition

The convex quadratic program (4.2) becomes harder to solve as the number of variables n :=
2m grows (where m is the number of data points), as the Hessian () in (4.2) is dense and poorly
conditioned for typical choices of the kernel function x. The decomposition framework can alle-
viate these difficulties by working with a subset z3, B C {1,2,...,n} of the variables at a time,
fixing the other variables zy/, NV = {1,2,...,n} \ B at their current values. We usually choose the
number of elements n; in B to be much smaller than n. By partitioning the data objects p, A, and

( in the obvious way, we obtain the following subproblem at outer iteration k:

. 1
min f(zg) = §Z£QBBZB + (Qonzy + 1) 25 4.5)
st.  Agzg = —AN,Z'X/ +r, 0<z5<cl,

where 2}, contains the current values of the ' components. This problem has the same form as
(4.2); we discuss solution methods in Section 4.4,

Since our emphasis in this chapter is computational, we leave a convergence theory for this
decomposition framework for future work. Suffice for the present to make a few remarks. If
B is chosen so that the columns of Az corresponding to components of z; that are away from
their bounds in (4.5) form a full-row-rank matrix, and if appropriate two-sided projections of ()5
are positive definite, then (4.5) has a primal-dual solution (zj,n*) that corresponds to a solution
(z*,n*) = (2§, 2, ") of (4.2), when 2§, = z}. Perturbation results can be used to derive a local
convergence theory, and it may be possible to derive a global theory from appropriate generaliza-

tions of the results in Tseng and Yun (2010).
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4.3.2 Working Set Selection

The selection of working set 3 at each outer iteration is inspired by the approach of Joachims
(1999), later improved by Serafini and Zanni (2005). The size of the working set is fixed at some
value ng, of which up to n. are allowed to be “fresh” indices while the remainder are carried over
from the current working set. Given the current primal-dual iterate (2**1, n**1), we find the indices

corresponding to the nonzero components d; obtained from the following problem:

min  (VF(E) + (F)74)" d

d
0<d; <1 if 25t =0,
~1<d; <0 if 2 = ¢,
s.t. (4.6)
~-1<d; <1 if 251 € (0, ¢),

#{di|d; # 0} < n..

Note that the objective function of (4.6) is a linearization of the Lagrangian function of F’ at the
current primal-dual pair (z**1, n**1). Our approach is motivated by the KKT conditions (4.4), and
indeed can be solved by simply sorting the violations of these conditions. It contrasts with previous
methods (Joachims, 1999; Serafini and Zanni, 2005; Tseng and Yun, 2010), in which the equality
constraints are enforced explicitly in the working set selection subproblem. Our approach has no
requirements on the size of n., yet it is still effective when 7**! is close to the optimal value n*.

Earlier analysis of decomposition algorithms based on working set selection schemes has been
performed by Lin (2001), who shows linear convergence for the case of a single constraint, under
positive definiteness assumptions on (). Tseng and Yun (2010) proposed a decomposition frame-
work for a formulation similar to (4.2) that includes multiple equality constraints. They present
a convergence analysis which assumes that the subproblems at each step of decomposition are
solved exactly, although they do not discuss techniques for solving the subproblem. Their working
set selection algorithm requires relatively high complexity (O(K3n?)) in general, compared with
the O(n log n) complexity of our approach.

The (up to) n. new components from (4.6) are augmented to a total of ng entries by adding

indices from the previous working set B according to a certain priority. We choose the indices of the
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Algorithm 4 Decomposition Framework

1: Initialization. Choose an initial point z! of (4.2) (possibly infeasible), initial guess of the
Lagrange multiplier n', positive integers ns > K and 0 < n. < ngz,and convergence tolerance
tol1D. Choose an initial working set 3.

2. fork=1,2,... do

3:  Subproblem. Solve the subproblem (4.5) for the current working set 53, to obtain solu-

tion 25" together with Lagrange multiplier n**! of the equality constraints. Set zF+! =
(2" 2%)-
4:  Gradient Update. Evaluate the gradient of the Lagrangian of (4.2), by incrementally up-

dating V F', as indicated here:

VEEH) + ()T A = VE(F) 1 | O | (5 ) 1 (A

Qns

5. Convergence Check. If the maximal violation of the KKT conditions (4.4) falls below
tolD, terminate with the primal-dual solution (2%, n**1).
6:  Working Set Update. Find a new working set B as described in Section 4.3.2.

7: end for

k+1

off-bounds components (0 < z;”"" < ¢) first, and then those of lower and upper bounds. We reduce
n. as the change between two consecutive working sets decreases, as in Serafini and Zanni (2005).
We observe that adaptive reduction of n.. provides better convergence of the Lagrange multiplier n*,
and helps avoid zigzagging between two working sets without making further progress. Adaptive
reduction also helps not to degrade the benefit of optimizing many new components in a single
decomposition step.

Our decomposition framework is summarized in Algorithm 4.
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4.4 Subproblem Solver

Recalling that the decomposition framework requires both a primal solution zz and Lagrange
multipliers 7 to be obtained for the subproblem (4.5), we consider the following min-max formu-
lation of (4.5):

max min  L(z5,7) , 4.7)

n  zp€e

where Q@ = {z € R"5 | 0 < z < ¢1} and

L(zp,1) = f(28) + 1" (Apzp + Axzy — 1) -

In this section we describe a primal-dual approach for solving (4.7), in which steps are taken
in zp and 7 in an alternating fashion. Scalings that include second-order information are applied to
both primal and dual steps. We call the approach PDSG (for “Primal-Dual Scaled Gradient™).

Our approach can be viewed as an extreme variant of the method of multipliers (Bertsekas,
1999), in which we do not attempt to minimize the augmented Lagrangian between updates of the
Lagrange multiplier estimates, but rather take a single step along a partial, scaled, and projected
gradient direction in the primal space. In describing the general form of each iteration, we use
superscripts ¢ to denote iteration counts, bearing in mind that they refer to the inner iterations
of the decomposition framework (and hence are distinct from the superscripts % of the previous

section, which denote outer iterations).

zé“ — zf; + S(zg, né) (4.8a)
0t + (50" (4.8b)

where s(-,-) and t(-,-) are steps, defined below. In computational testing, we found PDSG to
be superior to methods more like traditional method-of-multiplier approaches, which would take

multiple steps in zz in between successive steps in 7).

Primal Step. In the /-th iteration of the subproblem solver, we choose a small sub-working set
W* C B containing at most 1y elements (where n,y is a user-defined parameter), containing those

indices in B that are among the n,, most-violated KKT conditions (4.4a)-(4.4c) for the subproblem
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(4.5). We define the further subset A/’ by selecting those indices i € YV’ that are not at one of their

bounds 0 and c¢. We then construct the block-diagonal ng x ng matrix H*, as follows:

Qij +76;  ifi € W'and j € W
Qi ifi = jandi € W\ W*
H; = (4.9)
00 ifi = jandi ¢ W*
0 otherwise,

\

where 0;; = 1if ¢ = j and 0 otherwise, while 7 is a small positive parameter (we use 7 = 107%)
chosen to ensure that the “block” part of H* is numerically nonsingular. Since we apply the inverse
of this matrix to the gradient in computing the step, the components of the matrix-vector product
that correspond to the oo entries will evaluate to zero. Specifically, we obtain the search direction

as follows:
d* = 25 — g <zf§ — (HE)_l VZBE(zg, n£)> (4.10)

where I1(-) is a projection operator to the set {2, which is trivial to compute since this set is defined
by simple bounds. This is essentially the two-metric gradient projection search direction (Gafni
and Bertsekas, 1984) applied to the subvector defined by W*. Given this direction, the primal step
s from (4.8a) is defined to be

s(25,m°) = aud’ | (4.11)

where o, € R is the unconstrained minimizer of £(-,7°) along the line segment connecting 25 to

2k +d-.

Dual Update. The step in the dual variable 7 is a Newton-like step in the dual objective function

for (4.5), which is

g(n) == min L(zp,7).

ZBEN
This is a piecewise quadratic concave function. Since its second derivative does not exist, we can-

not take a true Newton step. However, we use a slight modification of the procedure in Kienzle
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Algorithm S Subproblem solver: PDSG
1: Initialization. Given a index set B3, choose initial points zj; and n'. Choose nyy, such that

1 < nyy < ng. Choose small positive convergence tolerance tolS.

2: for { =1,2,... do

3. Sub-Working Set Selection. Construct YW’ (with at most nyy elements) and W’ as de-
scribed above.

4:  Primal-Dual Update. Take the primal step according to (4.8a) and (4.11), then the dual
step according to (4.8b) and (4.12).

5:  Convergence Check. If the maximal KKT violation of the current primal-dual pair
(25, n'*1) is less than tol$, exit.

6: end for

and Scholkopf (2005) to form a diagonal approximation G to this matrix. Their procedure progres-
sively updates GG by applying one step of Gauss-Jacobi-like procedure at each iteration of the MPD
optimization scheme. Unlike MPD, our modification estimates G both internally and externally to
the optimization loop. The external estimation ensures us to have an approximation with a certain
quality before performing any dual updates. We refer the reader to Kienzle and Scholkopf (2005)
for additional details. The dual step ¢ in (4.8b) is thus simply

t(zg" ") = =GV, Lz ). (4.12)

Our subproblem algorithm is summarized in Algorithm 5.

4.5 Experiments

We report on computational experiments that show the intrinsic benefits of the PDSG approach,
as well as the benefits of the decomposition strategy, when applied to a simple semiparametric
SVM regression problem. We compare PDSG with the MPD algorithm of Kienzle and Scholkopf
(2005), which has slightly better performance and lower memory requirement than the interior-
point-based approach used in Smola et al. (1999). We also show the advantage of semiparametric

modeling on a real world problem.
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Implementations. We implemented both the decomposition framework (Algorithm 4) and the
PDSG subproblem solver (Algorithm 5) in C++. The code was developed by modifying the GPDT
code of Serafini et al. (2004)', and retains many features of this code. Our code caches once-
computed kernel entries for reuse, with the least-recently-used (LRU) replacement strategy. For
efficiency, our subproblem solver exploits warm starting; the most recent values of the primal
and dual variables are used as the starting points in the next invocation of the subproblem solver.
We also implemented the MPD solver (Kienzle and Scholkopf, 2005) in C++, again basing the
implementation on GPDT. Our codes can be invoked either with the decomposition framework, or

in “stand-alone” mode, in which the solver is applied directly to the stated problem.

45.1 A Toy Problem

For the semiparametric regression test problem, we choose the modified Mexican hat function

studied in (Smola et al., 1999; Kienzle and Scholkopf, 2005):
w(z) = sin(x) + sinc (27(z — 5)) .

To generate data, we sample the function w at uniform random points x; € IR in the interval [0, 10],
making m samples in total. The observations z;’s are corrupted with additive Gaussian noise (;
with mean O and standard deviation 0.2, that is, y; = w(x;) + (;. In the training process, we
use Gaussian kernel x(z,y) = exp(—7||z — y||?) with v = 0.25, and set the insensitivity width
e of the loss function to € = (.05, as in Smola et al. (1999). The optimal trade-off parameter
value of ¢ = 0.5 is found by 10-fold cross validation (CV) in Smola et al. (1999) using very
small samples (m = 50). Since we are interested in the convergence behavior of algorithms
with larger samples, we performed computational experiments with ¢ = 0.1, ¢ = 1, and ¢ = 10.
Our model is h(z) = (w, ¢(x)) + Z]K:1 B;1;(x), with two basis functions ¢ (z) = sin(z) and
o(x) = sinc (2 (x — 5)) as in Kienzle and Scholkopf (2005).

The size of the sample data set m is varied from 500 to 100000. The subproblem size ng

and the maximum number of new components in each subproblem n, are fixed to 500 and 100,

LGPDT is available at http://mloss.org/software/view/54/
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Figure 4.1 Left plot shows total runtimes using solvers PDSG and MPD in stand-alone mode and
inside of the decomposition framework (D:PDSG and D:MPD) with ¢ = 1. Right plot shows the
total runtimes of D:PDSG (our proposed method) and MPD with different ¢ values. For larger
number of training examples m, updating of the full gradient in Step 3 of Algorithm 4 dominates
the computation, blurring the distinction between PDSG and MPD as subproblem solvers (left
plot). D:PDSG outperforms MPD for all ¢ values tried (right plot). Stand-alone algorithms are
run only for training-set size up to 10000 because of their high computational cost.

respectively, as these values gave good performance on the largest data set. Similarly, we fix the
sub-working set size nyy to 2. (We tried various other values between 1 and 25, but 2 was slightly
better than several alternatives.) In each setting, we use a kernel cache of 400MB in size.

Growth of the total runtime of the algorithms with increasing size of the data set is shown in
Figure 4.1. When the decomposition framework is used, the stopping threshold values are set to
tolD = 0.001 and tolS = 0.0005. In stand-alone settings, we set tolS = 0.001. We impose a
slightly tighter threshold on subproblem solvers inside the decomposition framework to reduce the
number of decomposition steps. Outer iterations in the decomposition framework become more
costly as the number of variables increases, mainly because the full gradient update in Step 3 of
Algorithm 4 becomes more expensive. The benefit of using decomposition framework becomes
larger as the data set size grows. For instance, D:PDSG is about 100 times faster than MPD when

m = 10000. In decomposition settings, using PDSG as the inner solver found the solution two to
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three times faster than using MPD as the inner solver on average. Our proposed method D:PDSG

shows quite stable scaling behavior for different values of c.

Convergence and Complexity. The different convergence behavior of PDSG and MPD is illus-
trated in Figure 4.2. Here both solvers are asked to solve a semiparametric regression problem
discussed above with 1000 samples, in stand-alone mode. In the top and middle plots, the dual and
primal infeasibility, respectively, are more rapidly reduced with PDSG than with MPD. (Note that
since we project the iterates z* to the bound constraints set, the KKT condition (4.4e) is always
satisfied.) The bottom plot of Figure 4.2 shows the changes of the first Lagrange multiplier (the
coefficient of the first basis function). In that, MPD is showing the typical behavior of the method
of multipliers: sudden changes are made, but time gaps between such changes are rather large.
In contrast, PDSG keeps making changes to the multiplier, resulting in a faster approach to the
optimal value.

When the sub-working-set size nyy is smaller than the working-set size ng of the subproblem
(4.5), PDSG has computational complexity O(Kng), the same as MPD, where K is the number of
equality constraints in (4.2). Dual updates in Algorithm 5 requires O(/K ng) operations; all primal
updates are done in O(ng). The effect of increasing K on the total time taken by D:PDSG is shown

in Figure 4.3. We use the basis functions

cos(jmx) j=0,2,4,...
vi(x) =
sin(jmz) j=1,3,5,...

and data sets of size m = 1000 randomly sampled from the Mexican hat function. Other settings

are the same as the previous experiment. As expected, we observe linear scaling of total runtime

with K.

4.5.2 Milan Respiratory Illness Data Set

We consider a data set’> from the study on the effect of air pollution on respiratory illness

in Milan, Italy, during 1980-89 (Vigotti et al., 1996). This data set consists of daily records of

2 Available at http://www.uow.edu.au/~mwand/webspr/data.html
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Figure 4.2 Convergence of PDSG and MPD in stand-alone mode (Mexican hat, data set size
m=1000). PDSG requires about 2 seconds to reach convergence, whereas MPD takes about 14
seconds. (Top) maximum violation of the dual feasibility conditions (4.4a), (4.4b), (4.4c).
(Middle) maximum violation of the primal equality constraints (4.4d). (Bottom) convergence of
the first Lagrange multiplier to its optimal value of 1. The horizontal axis represents elapsed CPU
time.

environmental conditions and the number of deaths due to respiratory diseases (total 3652 records,
9 features), where the details of the features are shown in Table 4.1.

All features are scaled linearly to the range [0, 1]. We construct a test set by holding out 20%
of randomly chosen records from the data set, using the remaining records for training.

We hypothesize a simple semiparametric model to predict the number of respiratory deaths,

inspired by Vigotti et al. (1996):

hsp<x) - <w> (;5(.73» + 51 (xtemp) + 52(:5802) + ﬁ3($temp>2 + 54(ISOQ)2 + B5 )
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Figure 4.3 Total solution time for D:PDSG with increasing number of equality constraints K.

Measurements are averaged over 10 repetitions with different random data sets (m = 1000)
sampled from the Mexican hat function, and error bars (hardly visible) show the standard
deviations. The time complexity of D:PDSG is O(uKnp) where u is the number of outer

iterations. Solver time appears to increase linearly with K.
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Table 4.1 The features of the Milan air pollution data set.

Feature name | Details

day.num | Number of days since 31st December, 1979.
day.of.week | 1=Mon, 2=Tues, 3=Wed, 4=Thurs, 5=Fri, 6=Sat, 7=Sun.
holiday | Indicator of public holiday: 1=public holiday, O=otherwise.
mean.temp | Mean daily temperature in degrees Celsius.
rel.humid | Relative humidity.
tot.mort | Total number of deaths.
resp.mort | Total number of respiratory deaths.

SO2 | Measure of sulphur dioxide level in ambient air.

TSP | Total suspended particles in ambient air.

where the features Ziem, and xgo, correspond to mean temperature and SO, level of the day,
respectively. Our purpose is to study how those two elements affect the respiratory illness.
We fit our semiparametric model to the training data, and compare its prediction performance

on the test set to that of a nonparametric model

hnp () = (w, d(2)) + 1,

and a parametric model

hp(x) = Bl (xtemp) + 62(:CSOQ> + ﬁ3<xtemp)2 + ﬁ4(x802)2 + 55 .

With Gaussian kernel (7 = 25.0) and e-insensitive loss function (¢ = 0.01), we perform 10-fold
CV on the training set to determine the best balancing parameter ¢ for each of semiparametric and
nonparametric models independently.

The results are shown in Table 4.2. The semiparametric model attained smaller prediction error
on the test set than the nonparametric model, indicating that the embedding of prior knowledge in

hs, while retaining the power of nonparametric approaches is beneficial. Moreover, the parametric



91

Table 4.2 Nonparametric and semiparametric regression on Milan data set. The loss penalty
parameter c is determined by cross validation. Comparing the prediction performance on the test
set by mean square error (MSE) values, the semiparametric model performed better than the
nonparametric model by 2.8%. No significant difference of the number of support vectors (SVs)
was found between the two methods.

Model c Fraction of SVs  Training Time (s)  Test Error (MSE)
Parametric - - 0.22 0.027911
Nonparametric (h,p) 0.025 46.7% 1.17 0.019368
Semiparametric (hg,) 0.01 46.9% 5.35 0.018828

components in the trained semiparametric model

hep(x) = (w*, ¢(x)) — 0.30(Ttemp) + 0.26(250,) + 0.22(Xtemp)? — 0.07(w50,)* + 0.22

= (w*, ¢(7)) + 0.22(T4emp — 0.47) + 0.26(z50,) — 0.07(250,)* + 0.12 .

reveal that (i) deaths are lower in the middle of the temperature range, and (ii) there is an almost
linear increase of death rate with SO, level. These results broadly agree with the outcomes of
Vigotti et al. (1996), which were acquired from completely different statistical analysis techniques.

It is difficult to perform model interpretation of this type with nonparametric approaches.

4.6 Conclusions

We have presented a new algorithm for semiparametric SVM regression problems, which ex-
tends a number of previous approaches in being able to handle multiple equality constraints. Our
method combines a decomposition framework with a primal-dual scaled gradient solver for the
subproblems. Computational tests indicate that the approach improves on previously proposed
methods.

Future directions include reducing the cost of the full gradient update by using a randomized
sampling procedure for the components of the gradient, as has been tried in a different context in

Shi et al. (2008). While the concept is simple, it is not straightforward to implement this technique
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in conjunction with caching of kernel entries, which is so important to efficient implementation of

SVM solvers based on QP formulations.
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Chapter 5

Cutting-Plane Methods for SVMs

The cutting-plane methods provide other ways to handle the primal support vector machine
formulations for large amount of data. In these methods, we make use of a special formulation for
which we can create relaxed subproblems. The algorithm proceeds adding violated constraints to
subproblems, until no such constraint can be found. We call these violated constraints as cuts.

For the support vector machines, we derive a cutting-plane formulation using the idea of the
Benders’ reformulation (Benders, 1962). The same cutting-plane formulation is also suggested
by Joachims (2006) independently, but starting from a different perspective. These works have
been extended for monotonic convergence (Franc and Sonnenburg, 2007, 2008) and for nonlinear
kernels (Joachims et al., 2009; Joachims and Yu, 2009). The extensions for nonlinear kernels use
approximations to the kernel functions similar to our techniques for the subgradient methods in
Chapter 3.

In this chapter we present our derivation of the cutting-plane formulation, suggesting some
improvements to an existing method called the optimal cutting plane algorithm (Franc and Son-
nenburg, 2007, 2008). We also present a generalized cutting-plane formulation where multiple
violated cuts, instead of a single cut, can be admitted to a subproblem at a time, speeding up the

procedure by reducing the number of iterations.
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5.1 Introduction

To simplify our discussion, we focus on the primal SVM formulation (1.6) for classification

introduced in Chapter 1, which is

1 , €&
i gl + 35
st. yi(wle, +b)>1—5, i=1,2...,m, (5.1)

si >0 i=1,2,....,m

for the training inputs x; € IR" and their labels y; € {—1,+1},7 = 1,2,...,m, where w € R",
b € R,and s € R™. We derive a cutting-plane formulation equivalent to (5.1), inspired by the

Benders’ reformulation.

5.1.1 The Benders’ Reformulation

We first discuss the reformulations with special structures, developed by Benders (1962) for
mixed-integer programming problems. This technique is often used to handle complicating con-
straints, considering the dual of complicating variables (Nemhauser and Wolsey, 1988; Wolsey,
1998). In the following mixed-integer program,

z=min 'z +hly
x7y

st. Av+Gy >0 (5.2)

reXelZl, yelkR,

we can regard the integer variables x as complicating variables, because this program would be
a simple linear program without x. In the first step of the reformulation, we suppose that = have

been fixed. The resulting linear program is

zp(z) = min {h'y | Gy > b— Az, y € R}
Yy
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Suppose that this linear program has a bounded optimal solution and G € R™*?. Then by the
strong duality (Ferris et al., 2007), we have
zip(r) = max {u” (b — Az) | GTu < h, u € RT}.

Let us denote by () the feasible set of the above dual linear program, that is, @ := {u € R7 |

GTu < h}. Then we consider the sets &/ and V such that

U :={u e R} | uisan extreme point of Q}

V:={v € R | visanextreme ray of {u € R}" | G"u < 0}}.

Note that if () is nonempty, V is also the set of extreme rays of (). Using these definitions and the

strong duality, we can rewrite (5.2) as follows,
2 = min {ch%—mag[( ul'(b— Az) | v7'(b— Az) <0 Yo €V, a:EX}.
x ue

This leads to the Benders’ representation of (5.2):

z = ng’ﬁunn n
st. n>clr4+ut(b— Ax) Yuel (5.3)
vT(b— Az) <0 YveV
re X,nelk

The equivalence of (5.2) and (5.3), including the cases when the linear program in (5.2) is infeasible
or has an unbounded optimal value, can be found for example in Nemhauser and Wolsey (1988,
Theorem 7.2).

Solving the Benders’ reformulation (5.3), we often consider relaxed problems composed of a
subset of extreme points and extreme rays, since the formulation typically has a large number of

constraints.

5.1.2 A Reformulation of SVMs

Now we present a reformulation of the support vector machines in (5.1) inspired by Benders’

idea. In the objective of (5.1), we treat s as the ‘complicating’ variable and consider the linear
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program obtained by fixing w and b, that is,

7 := min {1Ts | si > 1 —yi(wla; +0), i = 1,2,...,m}. 54

s>0

We denoted by 7 the optimal value of the linear program. Since this linear program is always
feasible (the vector s defined by s; = max{l — y;(wTz; + b),0}, ¢ = 1,...,m, is a typical
feasible point) and the objective is bounded below by zero, 7 should match with the dual optimal

value by the strong duality. That is,

m

n= max > wi{l —y;(w x; + ) }.

For this dual linear program, the set of extreme points is &/ = {0,1}" and there is no extreme
ray since the feasible region is a bounded polyhedron. Therefore we can restate (5.1) as follows,
similarly to the Benders’ reformulation (5.3),

n Sl + &
min —||w —_—
w,b,n 2 7’17,77

st > ufl—y(w'z +0)}, Vueu ={0,1}". (5.5)

i=1
This formulation has 2™ constraints. In the following section, we will consider an algorithm that
constructs relaxed subproblems with a small number of constraints from (5.5).

The same formulation was derived independently by Joachims (2006) from a different perspec-
tive, acquiring (5.5) by aggregating the inequalities of (5.1) and showing the equivalence between

(5.1) and (5.5) afterwards.

5.2 Cutting-Plane Algorithms for SVMs
We discuss the algorithms to obtain the solutions of the cutting-plane formulation (5.5).

5.2.1 A Naive Algorithm

We consider an algorithm with delayed constraints generation, which iteratively solves relaxed

problems consisting of the objective and a subset of the constraints from (5.5).
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We define the cut-defining set D as a subset of the set of extreme points U = {0, 1} discussed
in Section 5.1.2. Given a set D, the algorithm solves the following relaxed problem characterized

by D in each iteration,

. 1 c
min ¢D(w7 b7 77) = 5““’”2 + EW

w,b,n

st. > difl —yi(w'z; +b)}, VdeD (5.6)

=1

n=0.
Note that we have added an extra constraint 7 > 0 for the case when D = (). Suppose that the
algorithm obtains w?, b* and 1" at ¢-th iteration by solving (5.6). If we can find a vector u € U such

that -
n' < Z w1 — y; (w') "2 + %)}, (5.7)
=1

then we say u defines a cut of (5.5). The algorithm tries to identify the most violated cut by finding

the vector u that maximizes the right hand side of (5.7). For our problem, such u can be computed

analytically by
u; = ( ) (5.8)
0 otherwise
fori = 1,2,...,m. We stop the algorithm using a threshold ¢ > 0 if the maximal constraint
violation

Z wi {1 =y (') +8°) ) =

i=1
falls below the specified threshold. Otherwise, we augment the set D with u and repeat the algo-
rithm. We summarize this procedure in Algorithm 6.

The correctness of Algorithm 6 is shown for example in Joachims (2006, Theorem 3). That
is, the algorithm returns a triplet (w, b, n7) that produces a better objective value than the optimal
solution triplet (w*, b*,n*) of (5.5), and (w, b, n + ¢€) is feasible for (5.5). It is also shown that
Algorithm 6 terminates in a finite number of iterations. The upper bounds on the number of itera-

tions until termination appeared as O(E%) in early literature (Tsochantaridis et al., 2005; Joachims,
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Algorithm 6 A Naive Cutting-Plane Algorithm
1: Initialize: D < 0.

2: fort=1,2,... do

3:  Solve the relaxed problem (5.6) characterized by D, obtaining w', b* and 7".
4:  Generate u by (5.8).

500 I wi {1 -y (w2 + ')} —n' < e, stop the algorithm.

6:  Otherwise, D < D U {u}.

7: end for

2006), and tightened to O(%) later with improved analysis (Teo et al., 2007; Smola et al., 2008).

These upper bounds are independent of the number of training examples m.

5.2.2 Solving the Relaxed Problems

In each iteration of Algorithm 6, we need to obtain the solutions of the relaxed problem (5.6)
characterized by D. For efficient implementation, we prefer to using the dual formulation of (5.6),
since the dual formulation has close proximity to the standard SVM dual formulation (1.9) that has
been studied very well.

To derive the dual formulation, we construct the Lagrangian £ of (5.6) introducing dual vari-
ables o € IR‘E‘ and 8 € IR.. To simplify the notation we denote by a; € R, the element of the

vector « associated with a cut-defining vector d € D.

1 c n
ﬁ=§\|w\l2+an—zad H—Zdi{l—yi(walfi+b)} —0Bn . (5.9)
deD =1
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From the KKT conditions we obtain

Vwﬁzw—Zadidiyixi:O

deD i=1

Vb[,:Zadidiyi:O

deD i=1

C
VU,C:E—Zad—Bz()

0<ay L U—Zdi{l—yi(mei—l—b)}ZO, Vd € D

i=1

0<pg L n=0.

Substituting the primal variables w, b, and 7 in (5.9) using the above equalities leads to the desired

dual formulation,

arer}g‘ré‘ % Z Z Qg Z Z d,-d;-yiyj@,», z;) — |D| Z ay (5.10a)

deD d'eD =1 j=1 deD
st. Y gy dy; =0 (5.10b)

deD =1
C

Z ay < — (5.10¢)
m

deD

ag>0 VdeD . (5.10d)

This is a convex quadratic program similar to the standard SVM dual formulation (1.13), except
for the extra constraint (5.10c). Since we augment the cut-defining set D by a single element in
each iteration of Algorithm 6, the dimension of the dual problem (5.10) is increased by one, and

thus warm-starting would be beneficial for solving the sequence of dual subproblems.

5.2.3 An Improved Cutting-Plane Algorithm

In Algorithm 6, the computation cost of each iteration increases as we add more cuts to the

relaxed problem (5.6). Therefore, it would be a good idea to modify the algorithm so that the
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iterates result in monotonic decrease of the SVM objective, that is,
$(w,8) = Sl + £ 3 b, b 2o )
w,0) = Z|lw — w, 05T, Yi)s
s 9 m - h s Uy Y
where ¢}, is the hinge loss function (1.5) discussed in Chapter 1,
lo(w, by x4, y;) = max{1 — y;((w, ;) + b),0}.

Franc and Sonnenburg (2007, 2008) introduced an efficient line-search step with the time com-
plexity of (m log m) to generates such iterates. Their algorithm produces a sequence of best-so-far
iterates wj, w?, ..., ensuring that ¢(w}), (w}), ... be a monotonic decreasing sequence. This
modified cutting plane algorithm, called the optimized cutting-plane algorithm for SVMs (OCAS),
is shown in Algorithm 7.

To solve the reduced problems (5.6), OCAS uses a quadratic program solver developed by
Franc and Hlavac (2006). This solver is based on an active-set method similar to other dual SVM

solvers, and extended to handle the extra constraint (5.10c).

5.23.1 Safeguarding

In Algorithm 7, we want to avoid the situation that (wf,b!) = (w; ', b,""), because in that
case there will be no improvement in objective values. Algorithm 7 uses a ‘safeguarding’ heuristic
to avoid such situation, generating cuts using perturbed pairs (w, b!), (w?,b?), ..., instead of the
best-so-far pairs (w;, b} ), (w2, b?), . ... The perturbed pairs are computed by (5.12), controlled by a
parameter A € (0, 1]. In Franc and Sonnenburg (2008), this heuristic was applied in every iteration
with A = 0.1 for the experiments.

However, we claim that it is not necessary to perform this heuristic in every iteration. Suppose

that we modify Algorithm 7 so that a user specifies \g € (0, 1] instead of \, and we use \; for

safeguarding as follows,

we| w w'
—(1-\) Y . (5.14)
o b bt

Then we can set \; = )\ if we want to perform the safeguard, or \; = 0 otherwise.
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Algorithm 7 Optimized Cutting-plane Algorithm (OCAS) (Franc and Sonnenburg, 2007, 2008)

1: Input: Real numbers ¢ > 0 and A € (0, 1].

2: Initialize: D < 0; wy = 0; b) = 0.

3 fort=1,2,... do

4:  Solve the relaxed problem (5.6) characterized by D, obtaining w, b*, and n'.

5. Compute the best so far solution (w}, b}) by

w N .|
=(1-k) +k
b it b

where £* is acquired from a line-search procedure, that is,

k* =argmin¢ ((1 — k)w, " + kw', (1 — k)b " + kb') . (5.11)

k>0

6:  Compute the cut generation point
w, w
=(1-2X) + A . (5.12)

7. Generate u by

1oif 1 —y; ((w)Tz; +8') >0
w; = ( ) Ci=1,2,....m. (5.13)
0 otherwise
8 If p(w,bh) — dp(w', b, n') < e|p(wi, bl)|, stop the algorithm.
9:  Otherwise, D <— D U {u}.

10: end for

With this modified safeguarding mechanism, we now explain how to avoid the bad situation
that (wf, b’) = (wi™',b.7"), in order to guarantee monotonic decrease in the SVM objective values.

cr-c Cc

In fact, the bad situation happens only when all of the following conditions are satisfied at ¢-th
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iteration:
w Tt =wih (e, A1 = 0),
wh =wi ' (e, k' =0),
t__ .t : _
w, = Wy, (.e.,\; =0).

This implies that we need to apply the safeguarding (that is, setting A\; > 0) only when \;_; = 0

and the line search step has failed (k* = 0) at ¢-th iteration.

5.2.3.2 Caching and Shrinking

For solving the relaxed dual problem (5.10), we need to compute the Hessian of the objective
denoted by @ € RIPI*IPI, For convenience we use Q44 to represent the entry of () associated with

vectors d and d’ in D. That is,

Qaa = <Z diyiwi, d;‘ijj> vd,d € D.
i1 =1

In each iteration of Algorithm 7, the cardinality of the cut-defining set D increases by one. Suppose
that in the previous iteration we have stored the Hessian () of the relaxed dual problem and created
a new cut defined by a vector u € U. To solve the relaxed problem in the current iteration defined
with D U {u}, we have to augment the matrix ) by one column and one row. If we have stored
the sum of vectors Y ", d;y;z; for all d € D, the cost of augmentation becomes O (n(m + |D|)).
For z; € IR, the cost consists of O(mn) operations to compute Y ;" | u;y;x; for u, and O(n|D|)
for inner product computations.

However, the subproblem solver (Franc and Hlavac, 2006) usually does not reference all entries
of . Also, the storage requirement for () grows quadratically with |D|. Therefore we suggest
using a cache with least-recently-used (LRU) replacement strategy to store once computed and
recently referenced entries of () for reuse, instead of storing the entire matrix (). In our caching
scheme, we store the columns of () corresponding to active dual variables. We augment the cached
columns whenever the size of D is increased.

We also suggest a shrinking strategy for efficient implementation, which is similar to the shrink-

ing heuristic in SVM-Light (Joachims, 1999). With shrinking, we ignore some of the cut-defining
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vectors in D that have been inactive for a certain period of time. As a result the size of subproblems
can be decreased, possibly speeding up the entire algorithm. We periodically check the status of

the ignored cuts and put them back into consideration if they become active again.

5.2.4 Multiple-cut Generation Approaches

In each iteration of Algorithm 7, we compute a vector u € U using (5.13) that characterizes
the most violated constraint. This step requires to evaluate the following expression for all training
examples,

1 — (W) o+ b)) i=1,....,m , (5.15)

for the current cut-generation points w’. and b%.. The time complexity of this step is O(mn), which
is rather costly to generate a single cut.

We propose an extended cutting-plane algorithm that generates multiple cuts per iteration rather
than a single cut. This algorithm uses the same output from (5.15) to generate multiple cuts. By
adding multiple cuts, we can obtain more restricted subproblems, possibly reducing the number of

subproblems we need to create until we find a solution.

5.24.1 Formulations

To derive a multiple-cut formulation, we consider nonoverlapping and nonempty partitions
Py, Pa, ..., Ppof the index set {1,2,...,m}. We define the cut-defining sets associated with the
partitions by

Dy :={0, 1} k=12 ... P

Recall that in Section 5.1.2 we reformulated SVMs as follows using the Benders’ representation,

1 5, C
min flwl? +
w’ 777
m (5.16)

st. np= Jnax 3 wi{l —yi(w” z; + b)}.
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We focus on the fact that the maximization in the second line is separable over the partitions. Let

us denote by up, the subvector of u € {0,1}™ corresponding to the partition Py, and define

= . PO L _
Tk ~—0SI£1%X§12U1{1 yi(wTe; + b)), k=1,2,...,P,

1€EP
so that n = 25:1 7,. Then we can write an equivalent formulation of (5.16) using partitions,

P
: 1 5y C
min ol

w,b,n1,m2,...nP

s.t. T)kZZUz{l—yi(wari-b)}, Yueld, k=1,2,..., P

i€Py

This leads to a relaxed formulation characterized by the cut-defining sets Dy, Ds, ..., Dp,

P
. 1 c
min Op,...pp(W, bym1, ... mp) = _Hsz—i_Ean
k=1

w7b7n1:~'~7nP 2
[Pl
st > Y df{1—y(wz; + )} vd* € Dy, k=1,2,..., P, (5.17)
i=1
Nk > 07 k= 1727 7P

Note that this formulation reverts to the single-cut formulation (5.5) when P = 1 and P, =
{1,2,...,m}. If we choose P > 1 and partitions of equal sizes, that is, |Px| = O(m/P), then the
number of constraints in (5.17) is bounded by O(P2™/). This is much smaller than the number
of constraints O(2™) in the single-cut formulation.

To derive the dual formulation of (5.17), we consider the Lagrangian £ introducing dual vari-

ables agr € Ri,k=1,2,...,P,and § € RL:

P P
1 c
L= §HwH2 +- > =Y Buk
k=1 k=1
[Pk

—Z Z gk nk—de{l—yi(wai—kb)}

k=1 dkeDy,
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From the KKT conditions we have

[P
Vol =w— Z Z aded yir; =0
k=1 dkeDy,
[P
VoL = — ZZadedyz—O
k=1 dkeD;,

Vnkﬁ i—ﬁk—Zadk—O

dkeDy,

[P

0<ag L nk—de{l—yi(wai—i—b)}ZO, Vd* € Dy, k=1,2,...,P,

i=1

Ogﬁk 1 nkzo ]{3:1,2,...,P.

Substituting the primal variables in £ using the above equalities leads to the dual formulation,

P P [Pr| [Pel
1
BTS20 3 2T 3y ST ITRIES TD SRS
k=1 (=1 dkeD, dteD, i=1 j=1 dkeDy,
P [P
sty ag Y diy; =0, (5.18)
k=1 dreD, i=1
ap <= k=12, P
m
dkEDk
agr > 0, k=1,2,...,P .

e . . P .
The minimization is over the vector o € IR2==1 P+l that is defined by
= ( T
[0 g1, 0gr2, ... ,Ozdupl\, g2, ... ,Oéd2,|D2\, ceey QP L ,adp,mp\

where we enumerate the elements of Dy, by d*', d*2, ..., d*IPxl. This formulation is very similar
to the dual of the single-cut relaxed problem (5.10). In Algorithm 8, we present our cutting-
plane algorithm that generates multiple cuts per iteration and performs the modified safeguarding

mechanism discussed in Section 5.2.3.1.
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Algorithm 8 Multiple Cutting-Plane Algorithm (MCPA)

1: Input:

e Real numbers € > 0 and Ay € (0, 1].

e The partitions Py, P, . .., Pp of the training example indices {1,2,...,m}.

2: Tnitialize: Dy, 0, k=1,2,..., P;w) = 0; ) = 0.

3 fort=1,2,... do

4.

5:

9:

10:

Solve the relaxed problem (5.17) characterized by D, obtaining 7%, . .., nb, w', and b'.

Compute the best so far solution (w}, b}) by

w o w! w'
=(1—-Fk") + k" , Where
b, bt b

k* =argmin¢ ((1 — k)wy "+ kw', (1 — k)b, + kb')

k>0

)\0 if )\t,1 =0and k* = 0,
Determine the safeguard parameter \; =

0  otherwise.
Compute the cut generation point

¢ w
. - (1 - At) . + >\t . y
b b b

C

Fork = 1,2,..., P, generate u* € {0,1}/7+ by

1oif 1 —y; ((w)Pz; +08) >0
u; = ( ) , Vi€ Py. (5.19)

0 otherwise

ST

If p(w}, b)) — dp,...pp (W b0t o b)) < e|p(w), b)], stop the algorithm.
Otherwise, update Dy, < Dy U {u*} fork =1,2,...,P.

11: end for
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5.3 Experiments

We benchmark the performance of our multiple-cut generation algorithm in Algorithm 8, com-
paring it to the single-cut algorithm OCAS in Algorithm 7. We call our implementation as MCPA,
which is based on the open-source OCAS code!. We also implement the kernel cache and the
shrinking heuristic in Section 5.2.3.2.

For training SVMs, we use three binary classification data sets summarized in Table 5.1 from
the UCI machine learning repository (Frank and Asuncion, 2010). We classify: the digits 0-4 from
5-9 with MNIST; the texts with with ‘ccat’ category from others with CCAT; and the forest of type 1
from others with COVTYPE data set. For more details, we refer to Section 3.4. The table also shows
the tuning parameters ¢/m determined by using separate validation sets.

For all experiment, we set the stopping threshold € to 1072 and the size of kernel cache to
512MB. For shrinking, we ignore the cuts that have been inactive for five consecutive iterations,

testing them for reactivation in every 50 iterations.

Table 5.1 Benchmark Data Sets.

Name m (train) | valid/test set size | dimension n (density) | ¢/m
MNIST 58100 5950/5950 784 (19.1%) | 1.0
CCAT 78127 11575/11575 47237 (1.6%) | 0.01
COVTYPE | 464809 57102/57101 54 (21.7%) | 3.0

5.3.1 Comparison of the Safeguarding Mechanisms

We first test our modified safeguarding mechanism discussed in Section 5.2.3.1. For the bench-
mark data sets, we compared the total number of iterations and training time between MCPA with

P =1 and OCAS. (OCAS uses the original safeguarding heuristic.) The results in Table 5.2

L Available at http://cmp.felk.cvut.cz/~xfrancv/ocas/html/
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Table 5.2 Comparison of safeguarding mechanisms. The total number of iterations and training
time in seconds (in parentheses) of MCPA with P = 1 and OCAS are shown for three benchmark
data sets.

No. iterations (cputime:sec)

Data set MCPA MCPA
OCAS
(no shrinking) | (with shrinking)
MNIST 150 (8.50) 105 (5.35) 109 (5.54)
CCAT 8(0.43) 7(0.37) 7 (0.38)
COVTYPE | 83 (7.48) 64 (5.43) 66 (5.65)

indicate that the modified heuristic in MCPA is beneficial for reducing the total number of iter-
ations and training time. With shrinking, MCPA spent little more iterations than MCPA without

shrinking, but the numbers were still smaller than those of the OCAS algorithm.

5.3.2 The Effect of Multiple Cut Generation

To investigate the effect of generating multiple cuts, we varied the number of partitions P in the
range of [1, 100], measuring the number of iterations and total cputime until convergence. We note
that when P = 1, MCPA becomes almost identical to OCAS, except for the modified safeguarding,
kernel caching, and shrinking mechanisms. For the experiment we used three variants of MCPA:
MCPA with both kernel caching and shrinking, MCPA with caching but no shrinking, and MCPA
without any of the two features.

The results are reported in Figure 5.1. We can observe that the number of iterations decreases as
we generate more cuts per iteration. However, the total cputime does not always decrease with the
increment of PP. The reason is that the size of relaxed problems grows faster as we add more cuts
in each iteration. The best runtime of MCPA was acquired with small number of partitions overall.
We expected that the runtime with larger P values would be reduced further by more aggressive
shrinking. To check the claim, we tried shrinking with ignoring cuts if they were inactive for two

iterations, testing them for revival in every tenth iteration. The result is shown in Figure 5.2. We
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Figure 5.1 The total runtime (left) and the number of iterations (right) of MCPA, varying the
number of partitions P, for the benchmark data sets MNIST, CCAT, and COVTYPE. Three variants of
MCPA are presented in the plots: MCPA with both kernel caching and shrinking, MCPA with
caching but no shrinking, and MCPA without any of the two features.
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can observe that our algorithm performs better with multiple cuts for MNIST and COVTYPE. For
CCAT it seemed to be hard to reduce the size of subproblems effectively with shrinking, since the

algorithm terminated with very few iterations.

5.4 Conclusion

In this chapter we presented cutting-plane formulations for SVMs and a multiple-cut generation
algorithm with improved features. When we change the number of cuts to be added in iterations,
there happens a trade-off between the total number of iterations and the size of subproblems, where
the latter can be reduced by shrinking mechanisms.

We expect that multiple-cut approaches will be more useful on platforms such as graphical
processing units (GPUs), that have many but simple computation units with relatively small mem-
ory. The cut-generation task for each partition is simple to parallelize and depends on a subset of
training data which would fit into the memory of GPUs. More research on subproblem solvers and

shrinking mechanisms would be necessary, however.
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Figure 5.2 The total runtime (left) and the number of iterations (right) of MCPA with aggressive
shrinking, varying the number of partitions P for the benchmark data sets MNIST, CCAT, and
COVTYPE. We also show the results from OCAS for comparison, where OCAS always uses P = 1

(the values are duplicated for other P values).
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APPENDIX
Details for Chapter 2

A.1 Strong Minimizer Property

In this section we show that Theorem 2.5 is true, based on the results from manifold analysis.
Our proof is similar to the proof of Wright (2010, Theorem 2.5) but simpler. We first state an
elementary result on manifold characterization, which is proved in Vaisman (1984, Sections 1.4-

1.5) and Wright (2010, Appendix A.).

Lemma A.1 Let the manifold M C IR" containing z be characterized by a C? (p > 2) function
H : R® — IR*. Then there is j € R"* and a C? function G mapping some neighborhood of i to
IR™ such that G(y) € M for all y near jj. Moreover, G(y) — z = Y (y — ) + O(||ly — 9|*), where

Y € R™ (%) is an orthonormal matrix whose columns span the tangent space to M at Z.

The next result from Wright (2010) shows how perturbations from a point at which the objective

function is partly smooth can be decomposed according to the manifold characterization above.

Lemma A.2 Let the manifold M C IR" be characterized in a neighborhood of z € M by C?
mappings H : IR® — R* and G : R** — IR" and the point ¢ described in Lemma A.1. Then for
all z near z, there are unique vectors y € IR"* and v € IRF with ||(y? — g%, vT)|| = O(||z — z||)

such that z = G(y) + VH (2)v.
We also make use of a result from Wright (2010, Lemma A.1).

Lemma A.3 Consider a function ¢ : R” — IR, a point Z € IR”, and a manifold M containing Z

such that ¢ is partly smooth at z with respect to M. If the nondegeneracy condition 0 € ri dp(2)
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holds, then there exists € > 0 such that

sup (g,d) > eld]l, ¥d € N(2).

g€IP(Z)
Now we assume that the following conditions of Theorem 2.5 hold:

(i) ¢ is partly smooth at w* relative to the optimal manifold M.
(if) w* is a strong local minimizer of ¢|,( with the modulus ¢, > 0 and radius 7, > 0, and

(ii1) the nondegeneracy condition (2.11) holds at w*.

For the minimizer w* of (2.1) and the optimal manifold M containing w*, we consider the map-
pings H and G, the matrix Y, and the point § = y* € IR"~* satisfying Lemma A.1 and Lemma A .2,
associated with Z = w* € IR". From Lemma A .2, for all w satisfying ||w — w*|| < 7 < ry4 with
small enough 7 > 0, we can find unique vectors y € R"* and v € R* with ||(y" — 47, 07| =

O(J|lw — w*||) such that w = G(y) + VH (w*)v. Therefore we have
o(w) — d(w*) = [6(G(y) + VH(w")v) — d(G(y))] — [6(G(y)) — d(w)].  (AD)

From the assumption (ii) above, the strong local minimizer property relative to M, for the second

bracketed term we have

3G (y)) — (W) = dlm(G(Y)) — dlm(w") = eml|Gly) — w|f? (A2)

for all y near y*.

Now we consider the first bracketed term of (A.1). From Lemma A.3, we have ¢ > 0 such that
SUDgeaop(u) (9 @) > €l|d|| for all d € Npq(w*). From the sub-continuity property (iv) from Defi-
nition 2.4, we can choose a neighborhood of w* sufficiently small that for all g € d¢(w*), there
exists g € 0¢p(G(y)) such that ||§g — g|| < €/2. These facts, with the convexity of ¢, lead to for all

y near y* and v that

¢(Gy) + VH(w")v) — ¢(G(y)) = Sup ))<§>VH(w*)v>
2 gegg(lzu*)@,VH(w*)@ — (¢/2)[VH (w")vl|
> €| VHw )l = (¢/2)[|VH (w")o]].
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Together with (A.1) and (A.2), we have
d(w) — d(w*) > (¢/2)[[VH (w")v]| + ep[| Gly) — w|*.

By further reducing 7 if necessary, we can choose the neighborhood of w* small enough to ensure

that ||V H (w*)v|| < 1, and therefore

$(w) —p(w") = (¢/2)|VH ")l + eml|Gly) — w|?
> min(e/2, en) [[VH " )v|* + |G (y) — w|]
> %min(E/ZcM) (IVH w*)o|| + |G (y) — w"||)”

1
5 min(€/27 CM)”U) - U)*”2,

showing that w* indeed is the strong local minimizer of ¢, without the restriction to the manifold

M, with the modulus ¢ := min(e/2, cpq) and the radius 7.

A.2 Properties of the RDA Algorithm

In this section we provides the analyses for the results discussed in Section 2.3, regarding the

iterates generated by the RDA algorithm under our assumptions.

A.2.1 Expected Error Bounds of the Iterates

First we prove Theorem 2.9, which provides the bounds of the expected errors in the iterates

generated by the RDA algorithm. For the general convex case, with 3, = ~v/t, we consider the
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expected regret up to time ¢ with respect to w*, and obtain

t t

ER,(w") = E | Y (Fluw;; &) +¥(w))) = Y (F(w"&) + ¥(w))

J=1 Jj=1

—ZIE [E {(F(wy: &) + ¥ (w;) — Fw &) — ¥(w)) | &y }]
_ZIE (w;) + ¥ (wy) = f(w*) —w(w")]

= Z E [p(w;) — p(w”)]. (A3)

Noting that I(y, —w+||<r) + {(juw;—w*|>7) = 1, we can split the right-hand side into two sums and

obtain

IER, (w Z E [ Ly <y { D (w;) — d(w™)}]

+ Z IE (7w 5 LD (w;) — d(w")}] . (Ad)

Note that both terms on the right-hand side of (A.4) are nonnegative. For the first term, we have

by using the regret bound (2.20) and the strong local minimizer property (2.13) that
G2
(7D2 + —> tY2 > [ER,(w*)
Y

> Z IE (7w < {0 (w;) — d(w")}]

t
> ¢ [T, —wr<m lw; — w*)1%]
j=1
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proving the first inequality (2.22a). For the second inequality, we have from (A 4), the regret bound
(2.20), and Corollary 2.6 that

,  G° 1/2 *
> E E [y —wr 5 {S(w;) — (w*)}]

t
> 7 Y I [T, lwy — w]

Jj=1

thus proving (2.22b).

For the strongly convex objective with 5, = (1 + Int), we apply the other regret bound (2.21)

to (A.3), resulting in

(0D2 + G—Q) (14 1Int) > [ER;(w")
5 2> IEL

o

> > E{o(w;) - o(w)}

t
> min(c, 0/2) Y Ellw; — v,

j=1
where for the last inequality we use the fact that w* is a (global) strong minimizer with the modulus

min(c, 0/2), as shown in Corollary 2.7. This proves (2.23).

For the general convex cases, the following result combines the two inequalities (2.22a) and

(2.22b) into one which will be more handy in later discussion.

Corollary A4 Under the assumptions of Theorem 2.9 with general convex objective and 5, =

fy\/f, we have
t
1
- > IEjw; — w|| <t (A.5)

j=1
1 G2 1/2
14+ — (~vD?>+ — )
- /¢ (7 - ot )

for the constant p defined in (2.24a):

1 ) G2>1/2
pi=—7= 7D+ —
fC( ot
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Moreover, for strongly convex objective with 3, = (1 + Int), we have

_ZIEHw] — || < p (Hlnt) (A.6)

for the constant ;' defined in (2.24b):
1 G2 1/2
R — (UD2 + —) )
min(c, 0/2) 20

Proof We start with the general convex case. From the Cauchy-Schwartz inequality ||z[[; <

v/m||z||2 for a vector z € IR™ and Jensen’s inequality, we have

/2

Iy an < Vs ]

= D [T g —wll] < == [§ :{'E Ly e <y w0 — w|[] } ]
=1 ‘

J=1

| 1/2
[; > [Ty < llw; - w*\ﬂ]
j=1

1 G2 1/2
<~ (+D? + _) -1/
Ve ( g

where the last inequality is from (2.22a). Together with (2.22b), this leads to
1 t
7D JElw; — |
j=1
- _ZIE (s vtz s = ] + Z'E (s~ ) w5 = W]

2\ 1/2 2
< L 7D2_|_G_ t_1/4+7i ’)/DQ—i—G— t—1/2
\/E 9l rc ¥

<t

IN

for ;4 defined in (2.24a).

For the strongly convex case, again using Cauchy-Schwarz and Jensen’s inequalities we have

1 —1 ‘ ) 1/2
gZ'EHw;’ —w'f| < ;Z{EHU}J’ —w'[[} ]
j=1 L7 =1

-1 n 1/2
¥Z|Euwj—w*|y2] :
L =1

IN
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Applying the bound in (2.23) to the last line leads to (A.6). |

A.2.2 Properties of the Dual Average

Theorem 2.11 is one of our key results in Chapter 2 which reveals important properties of the
dual average; in this section we show how the result is acquired, basing the expected error bounds

in the iterates discussed above. For the general convex case, we have
() [Eg. = Vf(w)| < Lyt~
(i) tr X < 4G (G + 4Lp)t= /4,

And for the strongly convex case, we have:

1/2

() [[IEg: — Vf(w*)|| < Ly (Hnt)
1/2

(ii") tr D¢ < 4G(G +4Ly') (Hnt)

where the constants x4 and p’ are defined as follows,

1 ) G2)1/2 1 ( , G2)1/2
p=—|(7D"+— L+ — (VD" + —
\/E( Y ?"\/5 Y

1 2\ 1/2
W= (0D2 + G—) .
min(c,0/2) 20

We first examine (i), noting that w; = w;(&[;—1)) is independent of the future random variables

& &+, - -, & Then

9

IE[g,] = %Z E[V F (w3 &5)]
j=1
1 t
-~ Zl IE [IE;[V F(w;; &) | €]
- >V, by (2.8)

—Vf(w*)—l—%ZlEvj, where v; = V f(w;) — V f(w*).
j=1
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From Lemma 2.2, we have ||v;|| < L|jw; — w*| for j =1,2,...,t,so that
t
1
¥Z|Evj
j=1

t
1
<5 Y lEw|
j=1

[E[ge] = V f(w")l| =

IN

t
1
;ZIEH%’H by Lemma 2.1
j=1

L t
- > E|fw; — w|
j=1
< Lut=4 by (A.5), (A7)

proving (i). For the corresponding strongly convex case (i’), instead of (A.7) we use
t
1
S > Iy
j=1

t

1

;ZIEHWH by Lemma 2.1
j=1

[E[ge] =V f(w")]| =

IN

I t
<23 Bl - o)
j=1

1+Int\"?
gL/j( +tn ) by (A.6). (A.8)
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Next, for (ii), we observe that
gt — IEg;

_ %Z (VF(w;;&) — EVF (w53 &)
- %Z (VF(wy; &) — E[E[VF(ws; &) | €5-1]])
_ %Z (VE(w;; &) — EV f(w;))

= 23 (1VFwg) - Vi)
+{VF(w;; ) — VF(w'36)} — E{V f(w;) = Vf(w")})

t
= % > (e +9))
j=1
where we have defined
pj = VEF(Ww" &) — Vf(w),
U= VF(w; &) — VE(w ) — B{V f(w;) = V f(w)}.
We now derive bounds on ¢; and 7J;. Note first that p; = ¢;(§;) and w; = w;(§[;)). By unbiased-
ness, the assumption (2.16), the triangle inequality, and Lemma 2.1, we have
Ep; = E[VF(w*; &) — Vf(w")] =0, (A9)
lill < IVE ™ &)l + [[Vf(w)]
= [IVE(w™ &) + [EVE(w™; &)l
< IVE@™ &) + E[[VE(w; )] < 2G. (A.10)
For 9;, we have from (2.9) and Lemma 2.2, and the triangle inequality and Lemma 2.1, that
105]] < [IVF(wy; &) — VE ™ &)l + [E(V f (w;) = V f(w"))]]
S IVF(ws; &) = VEW §)[ + B[V f(w;) = Vf(w)]

< L(JJw; = w*|| + Eljw; — w]). (A.11)
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On the other hand, using (2.16) we have (with unbiasedness (2.8) and Lemma 2.1),

10511 < IVE (wy; )11 + [IVE (W &) + NEV f (w))[| + [V f (w")]]
S IVE(ws; )+ IVE ™ &) + BV E(wy; &) + [[1E;VF (w65
< IVEw )+ IVE W™ &) + BV E (wy; &) + E[VE(w; &)

< 4G (A.12)

Focusing on the trace of X*, we have

P =) 5,

—EY S il 30 S E(p i)
j=1 =1 (=1 j#k
+EY (Z[%’]ff[ﬁk]z + > [Olelorle + Z[%Mmh) N WE)

Each term of (A.13) can be bounded as follows, using (A.9), (A.10), (A.11) and (A.12) as required:

@ Y o)t = losll* <46,

(=1

(b) E([@jlelorle) = [E(wjor)]e = [Ep;]e[Epr]e = 0, forj # k,

© D _lesleldnle < [l 10kl < 2GL (Jfwy, — w*[| + E[|wy, — w™])),

(=1
n

> Wilederle < 195l1ell < 2GL (Jlw; — w*|| + Efjw; — w?]),
(=1

3 |l

@ Y [951elOkle < 19,119 < AGL (fJw; — w|| + Efjw; — w|)) .
(=1

Bound (a) uses (A.10). (b) uses (A.9) and independence of §; and &, for j # k. (c) uses the
Cauchy-Schwartz inequality, (A.10), and (A.11). (d) uses Cauchy-Schwartz, (A.11) and (A.12).
Combining these results with (A.13) results in

t
P(r 2') < 4Gt + 8GLLE Y (|lw; — w*[| + E[|w; — w*[]). (A.14)

j=1
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The second term can be bounded as follows:

t
tE Y (lw; — w[| + Efw; — w|)

j=1
t
=Y E([Jw; — w|| + E[Jw; — w])
j=1
1 t
— 92 {gzmnwj —w*||}
j=1
<22t

where the final inequality follows from (A.S). Applying this bound to (A.14), we obtain
tr X' <4G*1 + 16G Lut™Y* < 4G[G + 4Lp)t=4,
which implies (ii). For the corresponding strongly convex case (ii’), we use instead of (A.11),

105 < IVF(w;; ) = VE(w™; )l + [IE(V f (w;) = V f(w?))]]
< IVE(wy; &) = VE@W® &) + E[[V f(w;) = V(w]

< L(flw; — w|| + Efjw; — w™]). (A.15)
Then instead of (c) and (d) above, we have the following:

©) Y leileldile < lslll 9]l < 2GL (Ju — w*|| + Elfwy, — w7 ,

(=1
n

> Wilderle < 195lll0x]l < 2GL (lw; — w*|| + Eflw; — w*),
=1

n

@) D [Wlelrle < [19;]10k]] < AGL (J|lw; — w*|| + E[|w; — w*]).
=1
Combining (a), (b), (¢’) and (d”) with (A.13) results in

t
(i £ < 4Gt + 8GLLE Y _ ([|w; — w*|| + ElJw; — w*|)) (A.16)

Jj=1
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for which the second term can be bounded as follows:

t
tEY - (Jw; — w'|| + Ew; — w)

Jj=1

1+ 1Int 1/2
o ()

due to (A.6). Applying this bound to (A.16) we obtain
1+Int

1+Int)"?
tr X < 4G+ 16G Ly ( o ) ,

1/2
) <AG(G+4Ly) (

which implies (ii’).
A3 The regret bound of SGD with variable stepsizes

In this section we discuss the regret bounds of the SGD algorithm with a variable stepsize
scheme. As in Section 2.1.2, when we consider the regularizer ¥ (w) := dy(w) + ¢ (w) with the

indicator function dyy for a compact convex set W, the SGD algorithm consists of the iterations
Wiyl = HW (wt — ozt(gt + ht)> s t = 172, R

where g, € OF (wy; &) and hy € 0v(w;). For SGD we assume that ||| < H for some constant
H forallt =1,2,...,in addition to the assumption of RDA that ||¢;|| < G.
In the variable stepsize scheme (Nemirovski et al., 2009) for general convex objectives, we

choose the stepsizes for some 6 > 0,
D 0

p = Eﬁ

With this, we present a regret bound of the SGD algorithm, extending Theorem 1 in Zinkevich

(2003). We include the details for completeness.

Theorem A.5 Suppose that the iterates w;, ws, . .. are generated by the SGD algorithm with vari-
able stepsizes oy = (D/G)(0/+/t), where max,ew |Jw, — wi|| < D, maxy,coru,) < G and

MaXp, cay(w,) ||1e]| < H. Then the regret of SGD algorithm up to the iteration ¢ with respect to w*

Ry(w*) <D (% + %0) V.

can bounded as
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Proof Let ¢;(w) := F(w;¢;) + ¥(w). From the convexity of ¢;, we have for all p; € d¢,;(w;)

dj(w;) — dj(w*) < (pj,w; —w*), j=1,2,... .t

And we can choose ¢; = g; + h;. Summing up both sizes for j = 1,2,... ¢ leads to
t t
Ry(w*) = {¢j(w;) — ¢;(w)} <> (05, w; — w*). (A.17)
j=1 j=1

Let Vj41 = Wj — O (g] + hj) and Wit = Hw(Uj+1). Then

| wirr — w*||? < |vje1 — w*|)? (contraction due to projection)
= [[(w; — w") — ajep4*

= Jlw; — w*[]> = 205 (g, w; — w*) + oZ;]|*.

Rearranging the terms, we have
x 1 (]2 (]2 @ 2
(g wj = w") < o (Jlwy = w[|* = fw — @) + Z- sl
a;

With (A.17), max,, ,ew ||w — w'|| < 2D, and |¢,|| < G + H, this implies

t
* 1 * * Qaj
Ri(w) < 35 g (g = w7l = s = w7[2) + GG + 7

A
o
>
e
—N—

DO
|-
+
DO | —
-
N
gpe
|
o
“‘ —
N——
——
()
ro | T
T
e
Q
<
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where the last inequality uses the fact that Z;Zl % <1+ flt t=12dt < 24/t |

Note that this bound is with respect to w*, not to the minimizer of the second term in the definition
of the regret (2.3) as in Zinkevich (2003).
By choosing the optimal 6* = v/2G//(G + H) to minimize the expression involving 6, we can
simplify the bound as
Ry(w*) < 2v2D(G + H)V.

For (;-regularization (¢(w) = A||w||1), we have H = A, which is often much smaller than G. If it

is the case, the regret bound of SGD can be further simplified to 2/2DGV/t.
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