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Abstract

Modern machine learning systems pose several new statistical, scalabil-
ity, privacy and ethical challenges. With the advent of massive datasets and
increasingly complex tasks, scalability has especially become a critical issue
in these systems. In this thesis, we focus on fundamental challenges related
to scalability, such as computational and communication efficiency, in mod-
ern machine learning applications. The underlying central message of this
thesis is that classical statistical thinking leads to highly effective optimiza-
tion methods for modern big data applications.

The first part of the thesis investigates optimization methods for solving
large-scale nonconvex Empirical Risk Minimization (ERM) problems. Such
problems have surged into prominence, notably through deep learning, and
have led to exciting progress. However, our understanding of optimization
methods suitable for these problems is still very limited. We develop and
analyze a new line of optimization methods for nonconvex ERM problems,
based on the principle of variance reduction. We show that our methods
exhibit fast convergence to stationary points and improve the state-of-the-art
in several nonconvex ERM settings, including nonsmooth and constrained
ERM. Using similar principles, we also develop novel optimization methods
that provably converge to second-order stationary points. Finally, we show
that the key principles behind our methods can be generalized to overcome
challenges in other important problems such as Bayesian inference.

The second part of the thesis studies two critical aspects of modern dis-
tributed machine learning systems — asynchronicity and communication ef-
ficiency of optimization methods. We study various asynchronous stochastic
algorithms with fast convergence for convex ERM problems and show that
these methods achieve near-linear speedups in sparse settings common to
machine learning. Another key factor governing the overall performance of
a distributed system is its communication efficiency. Traditional optimiza-
tion algorithms used in machine learning are often ill-suited for distributed
environments with high communication cost. To address this issue, we dis-
cuss two different paradigms to achieve communication efficiency of algo-
rithms in distributed environments and explore new algorithms with better
communication complexity.
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Chapter 1

Introduction

Machine learning (ML) and intelligent systems have become an indispensable part of
our modern society. These systems are now used for a variety of tasks that includes
search engines, recommendation engines, self-driving cars and autonomous robots.
Most of these systems rely on recognizing patterns in observable data in order to un-
derstand the data or make new predictions on unseen data. The advent of modern data
collection methods and increased computing machinery have fueled the development
of such ML systems. However, modern ML applications also pose new challenges in
terms of scalability, efficiency, privacy and ethics; thus, addressing them is critical to the
development of the field. This thesis is a step in the direction of addressing these new
challenges in modern ML applications.

We start our discussion by further explaining the goals of this thesis. Modern ma-
chine learning applications are heavily rooted in statistics and typically involve two
major tasks: (i) constructing a model that generates the observable data. (ii) learning
the parameters of the model using the observable data. This thesis particularly focuses
on developing fast and efficient mathematical optimization methods to address problem (ii) in
modern ML applications. For the purpose of our discussion, consider the classical prob-
lem of classification using a logistic regression classifier. The samples {(z;, y;) }_; where
z; € R"and y; € {—1,1} for all i € [n] form the dataset where z; is referred to as fea-
tures and y; the corresponding class label. For instance, in email spam filtering task,
the training data includes the features z; corresponding to the content of the email and
spam/non-spam label y;. For such tasks, the optimization problem of our interest is:

1
min — Zlog (1+exp(—yiz x)) + E||XH2 (1.1)

xeR4 1 ;

The term log(1 + exp(—y;z, x)) represents the loss with respect to the i" sample. The
term ||x||?, referred to as regularizer, improves the quality of the solution by providing
better generalization over unseen data. Roughly, this corresponds to finding the max-
imum likelihood estimate (MLE) of the distribution that explains the observed data.
One of the most interesting aspects of this problem is that it is separable over the sam-
ple data points. Statistically speaking, such an attribute results from the assumption
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that the sample points are drawn i.i.d from a probability distribution. In modern ML
applications, the number of data points 7 is very large, in which case exploiting the sep-
arable nature of the optimization problem becomes important. More generally, in most
part of this thesis, we are interested in solving optimization problems of the following
form:

min — Zﬂ (x), (1.2)

xeQ) 1

where () is a compact convex set. Optimization problems of this form, typically referred
to as empirical risk minimization (ERM) problems or finite-sum problems, are central to
most applications in ML. For example, in logistic regression problem, f;(x) = log(1 +
exp(—yiz/ x)), h(x) = J|x||> and Q = R%. In general, for supervised learning tasks, x,
f; and h represent the parameter of our interest, loss with respect to the i data point and
regularization respectively. In most instances, a closed-form solution for problems of the
form (1.2) does not exist. Hence, one has to resort to numerical optimization techniques
in order to obtain a solution. Numerical optimization methods based on first-order
methods (i.e., based on gradient information of the function) are particularly favored
in the ML community due to their scalable nature. Popular methods include gradient
descent, stochastic gradient descent and randomized coordinate descent. However, as
we will see later, these methods can be significantly improved by further exploiting the
structure of the problem in (1.2).

Before proceeding any further, one needs to understand the characteristics and re-
quirements of modern machine learning applications in order to appreciate the con-
tributions of this work. Modern ML applications have added the following two new
dimensions to the traditional ones.

1. Increased complexity of the model. Traditionally, most of the focus in machine
learning has been on developing convex models and algorithms (e.g., SVM, logis-
tic regression). However, recently, nonconvex models have surged into the lime-
light (notably via deep learning) and led to exciting progress — for instance these
models have provided state-of-the-art performance and have completely revolu-
tionized areas like computer vision, natural language processing. Thus, develop-
ing fast and principled optimization techniques for solving these complex models
has become important.

2. Large-scale and distributed data. With advances in modern data collection meth-
ods, the size of the datasets used in ML applications have increased tremendously.
Thus, the dataset is huge and distributed across several computing nodes. For
example, large scale distributed machine learning systems such as the Parameter
server [84], GraphLab [176] and TensorFlow [1] work with datasets sizes in the order
of hundreds of terabytes. When dealing with datasets of such scale in distributed
systems, computational and communication workloads need to be designed care-
fully.

The main focus of this thesis is to make the progress geared towards addressing these
important aspects of the modern machine learning applications. Our primary goal is to
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show that by using principled statistical thinking, one can design very efficient and
effective optimization methods with focus on the aforementioned aspects.

1.1 Background

In this section, we briefly review the background material for this thesis. We also de-
scribe some common assumptions and notation used for most part of the thesis except
where it is mentioned otherwise. The primary optimization problem of our interest is:

min — Zfl (1.3)

x€R4 N ;

where functions f; can be general nonconvex functions. We use empirical risk minimiza-
tion (ERM) and finite-sum problem interchangeably to describe this problem setting.
We use F;, to denote all functions of the form (1.3). We use component function and
training point i interchangeably to refer function f; for all i € [n].

We use smoothness assumptions on objective functions throughout this thesis. In
particular, we use the following Lipschitz conditions on the function.

Definition 1.1.1. (L-smooth functions) We say a function f : R? — R is L-smooth if there is
a constant L such that |V f(x) — Vf(y)|| < L||x —y|,V¥ x,y € R
Throughout this thesis, we assume that the functions f; in (1.3) are L-smooth for all
i € [n]. Such an assumption is very common in the analysis of first-order methods. In
parts of the thesis, we also examine strongly convex and non-strongly convex functions.
A function f is called A-strongly convex if there is A > 0 such that

f) 2 fy) + (V) x—y) +5llx -yl VryeR.

When f is L-smooth and A-strongly convex, the quantity x := L/ A is called the condition
number of f. We say f is non-strongly convex when f is 0-strongly convex. We also
recall the class of gradient dominated functions [115, 122], where a function f is called
T-gradient dominated if for any x € RY

f) = f(x) < T V)% (1.4)

where x* is a global minimizer of f. Note that such a function f need not be convex;
it is also easy to show that a A-strongly convex function is 1/ (21 )-gradient dominated.
We shall later see that stronger convergence guarantees can be provided for this special
class of nonconvex functions. We introduce one more definition useful in the analysis
of SGD methods.

Definition 1.1.2. We say f € F, has a o-bounded gradient if ||V fi(x)|| < o forall i € [n]
and x € R4,



Finally, the proximal operator of a function h is defined as

. 1
prox,,(x) := argmin (h(y) + 2—||y — x||2> , (1.5)
yeR U

for some parameter 77 > 0. Proximal Operators are important for nonsmooth optimiza-
tion i.e., problems where the objective function is non-differentiable. These operators
are particularly useful when (i) the objective function can be written as a sum of smooth
and nonsmooth function and (ii) the proximal operator of the nonsmooth part is easy to
compute. We defer further discussion on proximal operators to Chapter 5.

1.1.1 Black Box Oracles

We define the black box oracle models used in this thesis. Use of a black box oracle is
helpful in providing a clear exposition of the problem and its structure. Furthermore, it
also allows us to compare the performance of the various algorithms in a simple manner.
We use four different oracle models in this thesis:

1. Incremental First-order Oracle (IFO)
2. Incremental Second-order Oracle (ISO)
3. Proximal Oracle (PO)

4. Linear Oracle (LO)
A majority of the algorithms proposed in this thesis use simple first-order information
of the function, and hence, simply query the IFO oracle. We describe only the IFO oracle
here and defer the discussion of other oracles to the respective chapters where they have
been used.

Definition 1.1.3. For f € F,, an IFO takes an index i € [n] and a point x € RY, and returns
the pair (f;(x), V fi(x)).

IFO based complexity analysis was introduced to study lower bounds for finite-sum
problems [2]. Observe that IFO outputs only first-order information of a specific ran-
domly chosen function f;. As we shall see later, ISO oracle uses second-order (Hessian)
information the function. PO and LO will be useful for nonsmooth and constrained
optimization settings.

1.1.2 Convergence Criteria

A significant part of this thesis is devoted to designing and analyzing convergence of
optimization algorithms for the aforementioned problem. In the convex case, one typ-
ically uses suboptimality conditions based on [f(x) — f(x*)] or ||x — x*||? as the con-
vergence criterion. Unfortunately, such criteria cannot be used for nonconvex functions
due to the hardness of the problem. Following Nesterov [111] and Ghadimi and Lan
[47], we use ||V f(x)||? to judge when iterate x is approximately stationary. While the
quantities ||V f(x)||> and f(x) — f(x*) or ||x — x*||? are not comparable in general (see
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[47]), they are typically assumed to be of similar magnitude. Throughout our analysis,
we do not assume 1 to be constant, and report dependence on it in our results. For our
analysis, we need the following definition.

Definition 1.1.4. (e-accurate point) A point x is called e-accurate if |V f (x)||* < e. A stochas-
tic iterative algorithm is said to achieve e-accuracy in t iterations if B[||V f(x!)|?] < €, where
the expectation is over the stochasticity of the algorithm.

In machine learning applications, we are typically interested in generalization er-
ror. However, the exact relationship between stationarity and generalization error is
unknown in the nonconvex setting and is, thus, out of scope of this thesis. For convex
functions, a stronger criterion based on suboptimality can be used. In particular, we use
the following convergence criterion for convex and strongly convex functions.

Definition 1.1.5. (e-suboptimal Point) A point x is called e-suboptimal if f(x) — f(x*) < e,
where x* is an optimal solution of (1.2). A stochastic iterative algorithm is said to achieve e-
suboptimality in t iterations if E[f (x)] — f(x*) < €, where the expectation is over the stochas-
ticity of the algorithm.

We measure efficiency of the algorithms in terms of the number of IFO calls made
by the algorithm (IFO complexity) to find an e-accurate or e-suboptimal solution for
nonconvex and convex cases respectively, except in Chapter 4, where a stronger conver-
gence criterion for nonconvex functions is considered. Throughout this thesis, we hide
the dependence of IFO complexity on the Lipschitz constant L, and the initial point (in
terms of ||x0 — x*||? and f(x) — f(x*)) for a clean comparison.

1.2 Overview of Thesis & Our Results

This thesis presents a selection of my work on large-scale optimization methods for
machine learning. The content of the thesis is divided into two parts: Part I, consisting of
Chapters 2 to 7, describes my work on nonconvex ERM problems, and Part II, organized
as the next four chapters, describes my work on large-scale optimization methods with
focus on computational and communication efficiency !. We provide a brief overview
of various chapters here and defer the exact details to the respective chapters. The key
message of this thesis is: Classical statistical thinking leads to highly effective optimization
algorithms for modern machine learning applications.

Part I: Nonconvex Empirical Risk Minimization

The first part of the thesis focuses on fast stochastic methods for nonconvex empirical
risk minimization problems. We consider a variety of settings, including nonsmooth
and constrained optimization, and provide practical methods with fast convergence
rates. We develop a new line of algorithms, called variance reduced algorithms, for
nonconvex optimization and show that they can significantly improve the convergence

1The code for parts of this thesis is available at https://github.com/CMU-ML-17-102/
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of the state-of-the-art algorithms, both from theoretical and practical standpoint.

Chapter 2: Stochastic Variance Reduction for Nonconvex Optimization

Traditionally, for small-scale nonconvex optimization problems of form (1.2) that arise
in ML, batch gradient methods have been used. However, in the large-scale setting i.e.,
where n is very large in (1.2), batch methods become intractable. In such scenarios,
the popular stochastic gradient method (SGD) proposed by Robbins and Monro [148] is
often preferred. SGD is an iterative first-order method wherein each step it takes a step
in the negative direction of the stochastic approximation of the gradient. However, one
of the fundamental issues with SGD is the high variance in the stochastic approximation
of the gradient slows its convergence. In order to control the variance introduced due
to noise in the gradient, one has to typically decrease the step size as the algorithm
proceeds. This in turn leads to slow convergence and furthermore, raises the question
of selection of step size and its decreasing rate. This limitation has been circumvented in
the convex settings, where variance reduced variants of SGD with good theoretical and
practical properties have been developed. However, the nonconvex setting has been
largely unexplored and is still unresolved.

In this chapter, we show that a variant of popular variance reduced method, SVRG,
can be used to provide strong convergence guarantees to a stationary point. More
specifically, we show that SVRG algorithm can converge to a e-accurate stationary point
atarate O(n + n**/¢), faster than both gradient descent (GD) and SGD. Our second con-
tribution of this chapter is analysis of SVRG for non-strongly convex functions. Typically,
this class of functions is analyzed indirectly by first reducing them to the strongly convex
functions using I, perturbations and then appealing to convergence results for strongly
convex functions. However, such a strategy is undesirable in practice due to additional
complexity of l,-perturbation. Instead, we provide direct convergence analysis of SVRG
algorithm for this class of functions. Our final contribution of this chapter is linear con-
vergence rate of O(n + n?/3tlog(1/€)) to the global optimum for T-gradient dominated
functions. Note that for this class of problems, SGD converges at sublinear convergence
rate O(1/€?). To our knowledge, ours is the first result that improves upon the conver-
gence rate of SGD and GD for general nonconvex and gradient dominated functions.

Chapter 3: Fast Incremental Methods for Smooth Nonconvex Optimization
Chapter 2 is devoted to investigating convergence of SVRG algorithm for nonconvex
ERM problems. Although SVRG exhibits strong theoretical and practical performance
for nonconvex optimization, it requires computing full gradient at periodic intervals and
is thus, not an incremental method. Incremental methods are optimization algorithms
that use only constant (independent of n) IFO calls at every iteration of the algorithm.
Conceptually, due to very restricted access to component functions, incremental meth-
ods are desirable for large-scale empirical risk minimization and more broadly, stochas-
tic optimization. These methods are also appealing from practical point of view since
the computational load is distributed uniformly with respect to time.

To this end, we develop fast incremental methods for smooth nonconvex optimiza-
tion. In particular, we build upon SAGA algorithm, a variance reduced method used
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in the context of convex optimization, and develop an incremental method with fast
convergence rate for nonconvex ERM problems. Perhaps surprisingly, we show that
SAGA algorithm converges to e-accurate solution at a rate O (1 + n*/*/), similar to SVRG
algorithm. However, this advantage comes at the cost of additional memory require-
ment. While such a memory overhead is unavoidable in the general nonconvex setting,
we show that for a special class of functions that typically arise in ML, this memory
requirement can be reduced. Finally, we also prove that SAGA algorithm exhibits linear
convergence for gradient dominated functions. In this chapter, while we confine our
attention to SAGA algorithm, by using our proof technique, we can show that another
incremental method, SDCA, exhibits very similar properties for our general problem
setting.

Chapter 4: A Generic Approach for Escaping Saddle Points

The previous two chapters focus on understanding the convergence of stochastic meth-
ods, like SVRG and SAGA, to stationary points of nonconvex functions i.e., first-order
critical points. While these results significantly advance our understanding, they have
an important shortcoming — they do not ensure convergence to local optima or second-
order critical points. This issue has recently received considerable attention in the ML
community, especially in the context of deep learning [27, 29, 30], who argue that con-
vergence to saddle points is the primary obstacle for solving nonconvex ERM problems
like large deep networks.

In this chapter, we tackle this fundamental issue of convergence to second-order crit-
ical points. To ensure such a property, one has to resort to algorithms that either use the
Hessian explicitly or exploit its structure. Thus, this chapter, unlike other chapters of
this thesis, uses second-order information of the objective function. However, frequent
usage of second-order information drastically increases the computational and memory
requirements of the system; thereby, reducing its overall performance. For example, cu-
bic regularization (CR) method [115] uses Hessians to obtain faster convergence rates.
In particular, Nesterov and Polyak [115] showed that CR requires O(1/€3/?) iterations
to achieve the second-order critical conditions. However, each iteration of CR is expen-
sive requiring computation of the Hessian and solving multiple linear systems, each
of which has complexity O(d“) (w is the matrix multiplication constant), thus, under-
mining the benefit of its faster convergence. The insight of our work is that first-order
information can be used for the most part of the optimization process and Hessian infor-
mation is needed only when stuck at stationary points that are not second-order critical;
thus, eliminating the need for frequent use of Hessian information.

Our first contribution in this chapter is to develop a general framework based on
this methodology, one which carefully alternates between subroutines that use gradient
and Hessian information respectively and ensures second-order criticality, and provide
its convergence analysis. We provide two different instantiations of the framework and
show that a simple instantiation of the framework achieves convergence rates that are
competitive to the current state-of-the-art results.

Chapter 5: Fast Stochastic Methods for Nonsmooth Nonconvex Optimization
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Nonsmoothness arises naturally in ML settings as part of the loss function or the reg-
ularization. For example, in support vector machines (SVM), nonsmoothness is due to
the non-differentiability of the hinge loss. This is just one of several instances in ML
where the objective function is nonsmooth. In this chapter, we focus on fast stochastic
methods for nonsmooth nonconvex optimization problems, thereby, generalizing the
problem settings in the previous chapters. One of the popular approach to handle non-
smoothness is through the use of proximal operators. Proximal operators can be used
in problem settings of the following form:

mxinf(x) + h(x), (1.6)

where function f is smooth and & is nonsmooth and proximal operator of function h
can be computed (see (1.5)). Such a setting is very natural to ML, where function h
corresponds to the nonsmooth regularizer. Proximal variants of SGD algorithm has been
extensively studied in the context of convex optimization and been recently generalized
to the nonconvex setting.

In the convex case, proximal variants of algorithms are appealing because they have
convergence rates very similar to that of their smooth counterparts. For instance, prox-
imal variant of SGD algorithm has convergence rate O(1/€?) to obtain an e-suboptimal
solution, which is similar to that of SGD for smooth convex optimization. However,
it is unknown if such a benefit extends to the nonconvex setting. In a recent work,
[48] showed that proximal variant of SGD algorithm converges in the setting where f is
smooth nonconvex and r is nonsmooth but convex; however, it requires increasing the
mini-batch size at each iteration of the algorithm. In particular, it is unknown if the con-
stant mini-batch proximal variant of SGD converges for the nonconvex case. Note that
this issue does not afflict the smooth nonconvex setting where SGD is known to converge
with constant mini-batch size. Our primary contribution in this chapter is to develop
and study fast stochastic methods for tackling nonsmooth nonconvex problems with
guaranteed convergence for constant minibatches; thereby, bridging a fundamental gap
in our knowledge of stochastic nonsmooth nonconvex optimization. These methods are
based on proximal variants of the variance reduced methods, SVRG and SAGA, once
again demonstrating the power of reducing variance in the context of nonconvex opti-
mization.

Chapter 6: Projection-Free Stochastic Nonconvex Optimization

In the previous chapter, the primary focus was on handling nonsmoothness through the
use of proximal operators, which includes constrained optimization as a special case.
Consider the following optimization problem:

where set () is convex. This is a special case of (1.6), where function h corresponds to

8



the indicator function Zy(x) of a closed convex set (), defined below:

0 when x € Q)

Talx) = {+oo when x ¢ Q.

An important assumption in this context is that the proximal operator of r is easy to
compute. In the constrained optimization setting, this amounts to efficient projection
onto the constraint set. While such an assumption is reasonable in several ML applica-
tions, in many real settings, the cost projecting onto the constraints set can be very high
(e.g., projecting onto the trace-norm ball, onto base polytopes in submodular minimiza-
tion [42]); and in extreme cases projection can even be computationally intractable [28].
This fundamental issue underlies the recent surge in interest for projection-free meth-
ods. Frank-Wolfe (FW) method, also known as conditional gradient, is a classic projection-
free method developed for constrained convex optimization. More recently, stochastic
Fw methods have been developed for ML applications since batch FW method is infeasi-
ble for large-scale ML applications because it requires access to all component functions
at each iteration of the algorithm; however, nonconvex variants of these methods are
unknown. Developing nonconvex projection-free methods is critical for modern large-
scale ML applications, especially in wake of recent breakthroughs in deep learning.

To address this challenge, following the line of work on variance reduced methods
in thesis, we propose two variance reduced (VR) algorithms: SVFwW and SAGAFW, based
on SVRG and SAGA respectively. By careful selection of parameters in these algorithms,
we can attain faster convergence rates than the deterministic Fw. In particular, we prove
that SVFW and SAGAFW are faster than deterministic Fw by a factor of n'/3 and n%/3.
In this chapter, we also investigate the purely stochastic setting and show that signif-
icant improvements over out-of-the-box stochastic FW method for this setting. To our
knowledge, our work presents the first theoretical improvement for stochastic variants
of projection-free methods, like Frank-Wolfe, in the context of nonconvex optimization.

Chapter 7: Variance Reduced Stochastic Langevin Dynamics

Bayesian inference (BI) is a very closely related to optimization. BI involves sampling
from the posterior distribution and exploring its landscape, which is intimately related
to finding the minimum of a function. Our focus in this chapter is to show that variance
reduction techniques can be useful in settings beyond optimization.

Monte Carlo based sampling methods are preferred in Bayesian inference due to
their simplicity and asymptotic convergence properties; however convergence can be
slow in large models due to poor mixing. This led to the rise of gradient-based Monte
Carlo methods like Langevin Dynamics and Hamiltonian Monte Carlo [104], which al-
low more efficient exploration of posterior distributions. However, the practical per-
formance of these methods is greatly undermined by the huge computational cost of
computing the gradient and evaluating the likelihood on large datasets. More recently,
stochastic variants of these methods, replace the expensive gradient evaluation with a
cheap stochastic gradient approximation on a random subset of the data, have garnered
significant interest while working with large data sets, especially Stochastic Gradient
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Langevin Dynamics (SGLD) [172]. SGLD algorithm has very close relationship with clas-
sic SGD method [149]. Similar to SGD, performance of SGLD can be hampered by the
variance in the stochastic gradient approximation, thereby, leading to slow convergence
of the algorithm. Hence, it is natural to ask if SGLD, similar to SGD, can benefit from
variance reduction techniques.

We provide an affirmative answer to the aforementioned research question by de-
veloping new methods for reducing variance in the stochastic approximation in SGLD.
In particular, we propose two different methods, SVRG-LD and SAGA-LD inspired from
SVRG and SAGA algorithms respectively, that use variance reduced gradient approxi-
mation. For these methods, we provide strong theoretical results, and empirical evalua-
tions showing impressive speed-ups over SGLD, on a variety of machine learning tasks
such as regression, classification, independent component analysis and mixture model-
ing. To our knowledge, ours is the first work that aims to directly reduce variance in
a gradient-based Monte Carlo method. While our focus in this chapter is on Langevin
dynamics, our approach is easily applicable to other gradient-based Monte Carlo meth-
ods.

Part II: Large-Scale Asynchronous & Distributed Optimization

In the second part, we look into asynchronous and distributed empirical risk minimiza-
tion problems. In particular, we assume a setting where parallelism is important and
communication between the nodes is expensive. In order to meet these requirements,
the distributed optimization algorithm needs to be robust in terms of (i) synchronicity
and (ii) the communication load of the overall system. Our focus in this part of the thesis
is to examine these vital aspects, and design novel asynchronous and communication
efficient algorithms for convex ERM problems.

Chapter 8: Asynchronous Stochastic Variance Reduced Algorithms for ERM
Most traditional ML algorithms, like SGD, are inherently sequential. For instance, the
update of SGD,
xt+1 — xt _ |IL Z Vfi(xt)
tl e,

for a uniformly randomly chosen subset I; C [n], is sequential requiring computation
of gradient only part of the training data. In parallel computing environments, this
results in only partial usage of computing resources, which can immensely damage the
performance of the system; hence, asynchronous systems are vital to many modern
large-scale ML systems. Recently, several works, most notably Hogwild! [128], have
demonstrated that SGD algorithm can be implemented in an asynchronous fashion at
the expense of very little practical and theoretical efficiency. However, these variants of
SGD inherit the same slow convergence of SGD.

VR methods, like SVRG and SAGA, have been able to overcome these problems in the
synchronous setting, however, asynchronous versions of these algorithms—a crucial re-
quirement for modern large-scale applications—have not been studied. We bridge this
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gap by presenting a new unifying framework for many variance reduction techniques.
Subsequently, we propose an asynchronous algorithm grounded in our framework, and
prove its fast convergence. An important consequence of our general approach is that
it yields asynchronous versions of variance reduction algorithms such as SVRG and
SAGA as a byproduct, which exhibit linear convergence to the global minimum for
strongly-convex functions. Our method achieves near linear speedup in sparse set-
tings common to machine learning. We demonstrate the empirical performance of our
method through a concrete realization of asynchronous SVRG. To our knowledge, ours
is the first work to develop asynchronous stochastic methods with linear convergence for
strongly-convex functions.

Chapter 9: Asynchronous Randomized Coordinate Descent Algorithms for ERM

In this chapter, we develop asynchronous variants for randomized coordinate descent
with linear constraints. In this setting, we are interested in the following composite
objective convex problem with non-separable linear constraints

min F(x):= f(x)+h(x) st Ax=0. (1.7)

Here, f : R? — R is assumed to be continuously differentiable and convex, while
h: RY — RU {0} is lower semi-continuous, convex, coordinate-wise separable, but
not necessarily smooth; the linear constraints are specified by a matrix A € R"*4, for
which m < d. One might wonder the connection between optimization problem (1.7)
and finite-sum minimization problems of our interest. However, observe that any finite-
sum minimization problem can be rewritten using variable-splitting in the following
manner:
1 ¢ . 1
M i;f,(x) N {xl-:raf,l\%[n]} n ;fl(xl)'

Solving the problem in distributed environment requires considerable synchronization
(for the consensus constraint), which can slow down the algorithm significantly. How-
ever, the dual of the problem is

n

n
min % Zfl*()tz) s.t Z)\l = O,
i=1

A i—1

where f is the Fenchel conjugate of f;. This reformulation perfectly fits our prob-
lem formulation in (1.7) and can be solved in an asynchronous manner using the pro-
posed procedure. Other interesting applications of the more general setup include con-
strained least square problem, multi-agent planning problems, resource allocation—see
[105, 106] and references therein for more examples. We also demonstrate the superior
empirical performance of our algorithm on synthetic and real-world applications.

Chapter 10: Communication-Efficient Coresets for Empirical Risk Minimization

In the previous chapters of Part II, we discuss asynchronous optimization algorithms
for problems that arise in machine learning. However, the communication efficiency

11



of these algorithms was not examined. In modern distributed ML systems, machines
read and write global parameter frequently. This data access requires massive amount
of network bandwidth and hence, communication efficiency of optimization algorithms
is critical. To this end, we develop and discuss new communication efficient optimiza-
tion algorithms. For the purpose of this discussion, we assume a parameter server ar-
chitecture for investigating these algorithms. Such a setup entails a server group and
a worker group where each group contains several threads/machines. The server ma-
chines mainly serve the purpose of maintaining the global parameters, while most of the
workload needs to be allocated to the worker machines. The communication between
the worker and the server group is the assumed to the main bottleneck and hence, needs
to minimized.

Iterative algorithms like SGD often require large amount of communication between
worker and server machines. The first approach to reduce this communication cost is
by constructing a small summary of the training data — which acts as a proxy for the
entire data set — and communicating it to the server machine; thereby, eliminating the
need for frequent communication between the worker and the server machines. Such
an approach entails (i) computing these summaries of data at the worker nodes (which
can be computationally intensive), (ii) sending these small summaries to a server ma-
chine (a low communication overhead task) and (iii) finally, solving a small optimization
problem at the server machines. This summary of the training points is called a coreset.
While this methodology has been successfully applied to data clustering problems like
k-means and k-median (see [38, 39]), it remains largely unexplored for supervised learn-
ing and optimization problems. In this chapter, we investigate this methodology in the
context of solving empirical loss minimization problems and show its benefit for ERM
problems with particular loss functions like hinge and logistic loss.

Chapter 11: Communication-Efficient Distributed Optimization for ERM

An alternate approach to attain communication efficiency is to perform most of the
computation at the worker machines in an embarrassingly manner and combine the
solutions from all the worker machines; consequently, eliminating the need to commu-
nicate to the server machine frequently. Note that such an operation needs to be done
in an iterative fashion in order to each an optimal solution to our optimization problem.
ADMM (alternating direction method of multipliers) is an popular approach for solving
distribution optimization problems that follows this methodology. Under certain con-
ditions, ADMM is shown to achieve communication complexity of O(v/L/Alog(1/€))
for L-smooth and A-strongly convex function. More recently, the DANE, DisCcO and
CocoA+ algorithms have been proposed to tackle the problem of reducing the commu-
nication complexity in solving problems of form (1.2) [67, 163, 180]. DISCO is particu-
larly appealing because they match communication complexity lower bounds derived
in [175]. However, DISCO requires a second-order oracle for its execution and is not
embarrassingly parallel. Our contribution in this chapter is to develop a first-order algo-
rithm that not only achieves the communication lower bounds in [175] but can be also
be implemented in an embarrassingly parallel fashion. This algorithm, AIDE, is to our
knowledge the first gradient-based method that achieves the lower bounds in [175].
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1.3 Bibliographic Notes

The research presented in this thesis is based on joint work with many co-authors, as
described below. In each work, I am either the primary contributor or one of two equal
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In Part I, Chapter 2 is based on joint work with Ahmed Hefny, Suvrit Sra, Barnabas
P6czos and Alex Smola [139]. Chapter 3, 5 and 6 are joint works with Suvrit Sra,
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Smola and Eric Xing [138].
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Downey, Avinava Dubey and Suvrit Sra [132]. Chapter 10 is joint work with Barnabés
P6czos and Alex Smola [134]. Chapter 11 is joint work with Jakub Konec¢ny, Peter
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1.3.1 Excluded Research

This thesis not does include a portion of my work during my PhD. Chapter 12 provides
an overview of my research excluded from this thesis. Most of these works focus on
statistical aspects of machine learning. The excluded research includes:

* My work on decision processes: [129].

* My work on doubly robust estimation: [135].
* My work on functional data analysis: [131].
* My work on kernel methods and hypothesis testing: [126, 130, 136, 137].

1.4 How to read this Thesis?

The introduction chapter provides a brief overview of all the chapters and relationship
between results of various chapters, and is a prerequisite to rest of the thesis. Each
chapter is self-contained and independent of other chapters so that it can be read with-
out any reference to rest of this thesis. Furthermore, the reader is not assumed to have
detailed knowledge of machine learning and optimization; we rather try to provide the
necessary knowledge, allowing the thesis to be accessible to graduate students.
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Chapter 2

Stochastic Variance Reduction for
Smooth Nonconvex Optimization

2.1 Introduction

In this chapter, we investigate fast stochastic methods for non-convex finite-sum prob-
lems. In particular, we study nonconvex finite-sum problems of the form

min f(x):= % Y filx), (2.1)

x€R4 i=1

where neither f nor the individual f; (i € [n]) are necessarily convex; just Lipschitz
smooth (i.e., Lipschitz continuous gradients). Problems of this form arise naturally in
ML in the form of empirical risk minimization (ERM). Algorithms that use IFOs are
favored for these problems as they require only a small amount first-order information
at each iteration. Two fundamental models in machine learning that profit from IFO
algorithms are (i) empirical risk minimization, which typically uses convex finite-sum
models; and (ii) deep learning, which uses nonconvex ones.

The prototypical IFO algorithm, stochastic gradient descent (SGD)! has witnessed
tremendous progress in the recent years. By now a variety of accelerated, parallel,
and faster converging versions are known. Among these, of particular importance are
variance reduced (VR) stochastic methods [33, 71, 153], which have delivered exciting
progress such as linear convergence rates (for strongly convex functions) as opposed
to sublinear rates of ordinary SGD [110, 148]. Similar (but not same) benefits of VR
methods can also be seen in smooth convex functions. The SVRG algorithm of [71] is
particularly attractive here because of its low storage requirement in comparison to the
algorithms in [33, 153].

Despite the meteoric rise of VR methods, their analysis for general nonconvex prob-
lems is largely missing. [71] remark on convergence of SVRG when f € Fj, is locally

'We use ‘incremental gradient’ and ‘stochastic gradient’ interchangeably, though we are only inter-
ested in finite-sum problems.
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Algorithm Nonconvex Convex Gradient Dominated | Fixed Step Size?
SGD O (1/€%) O (1/€%) O (1/€%) X
GD O (n/e) O (n/e) O (ntlog(1/€)) V
SVRG O(n+ (n?3/€)) | O(n+ (y/n/e)) | O((n+n*31)log(1/€)) Vi

Table 2.1: Table comparing the best IFO complexity of different algorithms discussed in
this chapter. The complexity is measured in terms of the number of oracle calls required
to achieve an e-accurate solution (see Definition 2.2.1). Here, by fixed step size, we mean
that the step size of the algorithm is fixed and does not dependent on € (or alternatively
T, the total number of iterations). The complexity of gradient dominated functions
refers to the number of IFO calls required to obtain e-accurate solution for a T-gradient
dominated function (see Section 2.2 for the definition)

strongly convex and provide compelling experimental results (Fig. 4 in [71]). How-
ever, problems encountered in practice are typically not even locally convex, let alone
strongly convex. The current analysis of SVRG does not extend to nonconvex functions
as it relies heavily on convexity for controlling the variance. Given the dominance of
stochastic gradient methods in optimizing deep neural nets and other large noncon-
vex models, theoretical investigation of faster nonconvex stochastic methods is much
needed.

Convex VR methods are known to enjoy the faster convergence rate of GD but with
a much weaker dependence on 7, without compromising the rate like SGD. However,
it is not clear if these benefits carry beyond convex problems, prompting the central
question of this chapter:

For nonconvex functions in JF,, can one achieve convergence rates faster than both
SGD and GD using an IFO? If so, then how does the rate depend on n and on the
number of iterations performed by the algorithm?

Perhaps surprisingly, we provide an affirmative answer to this question by showing
that a careful selection of parameters in SVRG leads to faster convergence than both GD
and SGD. To our knowledge, ours is the first work to improve convergence rates of SGD
and GD for IFO-based nonconvex optimization. The key complexity results are listed
in Table 2.1.

2.1.1 Related Work

Convex. Bertsekas [18] surveys several incremental gradient methods for convex prob-
lems. A key reference for stochastic convex optimization (for min [E;[F(x,z)]) is [110].
Faster rates of convergence are attained for problems in F;; by VR methods, see e.g., [33,
34,71, 75,153, 156]. Asynchronous VR frameworks are developed in [133]. Agarwal
and Bottou [2], Lan and Zhou [81] study lower-bounds for convex finite-sum prob-
lems. Shalev-Shwartz [154] prove linear convergence of stochastic dual coordinate as-
cent when the individual f; (i € [n]) are nonconvex but f is strongly convex. They do
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not study the general nonconvex case. Moreover, even in their special setting our results
improve upon theirs for the high condition number regime.

Nonconvex. SGD dates at least to the seminal work [148]; and since then it has been de-
veloped in several directions [19, 77, 93, 124]. In the (nonsmooth) finite-sum setting, Sra
[164] considers proximal splitting methods, and analyzes asymptotic convergence with
nonvanishing gradient errors. Hong [60] studies a distributed nonconvex incremental
ADMM algorithm.

These works, however, only prove expected convergence to stationary points and
often lack analysis of rates. The first nonasymptotic convergence rate analysis for SGD
is in [47], who show that SGD ensures |V f|> < € in O(1/¢€?) iterations. A similar rate
for parallel and distributed SGD was shown recently in [87]. GD is known to ensure
|V£||> < ein O(1/¢) iterations [111, Chap. 1.2.3].

The first analysis of nonconvex SVRG seems to be due to Shamir [160], who considers
the special problem of computing a few leading eigenvectors (e.g., for PCA); see also the
follow up work [161]. Finally, we note another interesting example, stochastic optimiza-
tion of locally quasi-convex functions [57], wherein actually a O(1/€?) convergence in
function value is shown.

2.2 Background & Problem Setup

We say f is L-smooth if there is a constant L such that
IVf(x) = Vil < Llx—yl, VxyeR.

Throughout, we assume that the functions f; in (2.1) are L-smooth, so that ||V f;(x) —
Vfi(y)|| < L|jx —y|| for alli € [n]. Such an assumption is very common in the analysis
of first-order methods. A function f is called A-strongly convex if there is A > 0 such that

f) = f) +(Vf(y),x—y) +5llx—yl> VxyeR™

The quantity x := L/A is called the condition number of f, whenever f is L-smooth and
A-strongly convex. We say f is non-strongly convex when f is 0-strongly convex.

We also recall the class of gradient dominated functions [115, 122], where a function
f is called T-gradient dominated if for any x € R?

fx) = f(x") < TV F? (2.2)

where x* is a global minimizer of f. Note that such a function f need not be convex; it
is also easy to show that a A-strongly convex function is 1/2A-gradient dominated.

We analyze convergence rates for the above classes of functions. Following Nes-
terov [111] and Ghadimi and Lan [47], we say an iterate x is approximately stationary
if [V f(x)||*> < e. Contrast this with SGD for convex f, where one uses [f(x) — f(x*)]
or ||x — x*||? as a convergence criterion. Unfortunately, such criteria cannot be used for
nonconvex functions due to the hardness of the problem. While the quantities ||V f (x)||?
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and f(x) — f(x*) or ||x — x*||?> are not comparable in general (see [47]), they are typically
assumed to be of similar magnitude. Throughout our analysis, we do not assume #n to
be constant, and report dependence on it in our results. For our analysis, we need the
following definition.

Definition 2.2.1. A point x is called e-accurate if |V f(x)||> < e. A stochastic iterative algo-
rithm is said to achieve e-accuracy in t iterations if B[||V f(x!)||?] < €, where the expectation
is over the stochasticity of the algorithm.

We measure the efficiency of the algorithms in terms of the number of IFO calls
made by the algorithm (IFO complexity) to achieve an e-accurate solution. Throughout
the chapter, we hide the dependence of IFO complexity on Lipschitz constant L, and
the initial point (in terms of ||x* — x*||? and f(x°) — f(x*)) for a clean comparison. We
introduce one more definition useful in the analysis of SGD methods for bounding the
variance.

Definition 2.2.2. We say f € F; has a o-bounded gradient if |V fi(x)|| < o forall i € [n]
and x € RY,

2.2.1 Nonconvex SGD: Convergence Rate

Stochastic gradient descent (SGD) is one of the simplest algorithms for solving (2.1);
Algorithm 1 lists its pseudocode. By using a uniformly randomly chosen (with re-

Algorithm 1: SGD
1: Input: x° € RY, Step-size sequence: {n; > 0}/
2: fort =0toT —1do
3:  Uniformly randomly pick i; from {1,...,n}
4: Mt =xt — 5,V (x)

5: end for

placement) index i; from [n], SGD uses an unbiased estimate of the gradient at each
iteration. Under appropriate conditions, Ghadimi and Lan [47] establish convergence
rate of SGD to a stationary point of f. Their results include the following theorem.
2(f(x*)—f(x*))

Lo2 /

Theorem 2.2.3. Suppose f has o-bounded gradient; let 5y = 1 = c/~/T wherec =
and x* is an optimal solution to (2.1). Then, the iterates of Algorithm 1 satisfy

min |V < /2L DL,

0<t<T-1

For completeness we present a proof in the appendix. Note that our choice of step
size 1 requires knowing the total number of iterations T in advance. A more practical
approach is to use a #7; « 1/+/t or 1/t. A bound on IFO calls made by Algorithm 1
follows as a corollary of Theorem 2.2.3.
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Corollary 2.2.3.1. Suppose function f has o-bounded gradient, then the IFO complexity of
Algorithm 1 to obtain an e-accurate solution is O(1/€?).

As seen in Theorem 2.2.3, SGD has a convergence rate of O(1/vT). This rate is not
improvable in general even when the function is (non-strongly) convex [108]. This bar-
rier is due to the variance introduced by the stochasticity of the gradients, and it is not
clear if better rates can be obtained SGD even for convex f € F,.

2.3 Nonconvex SVRG

We now turn our focus to variance reduced methods. We use SVRG [71], an algorithm
recently shown to be very effective for reducing variance in convex problems. As a
result, it has gained considerable interest in both machine learning and optimization
communities. We seek to understand its benefits for nonconvex optimization. For refer-
ence, Algorithm 2 presents SVRG’s pseudocode.

Observe that Algorithm 2 operates in epochs. At the end of epoch s, a full gradient
is calculated at the point ¥°, requiring n calls to the IFO. Within its inner loop SVRG
performs m stochastic updates. The total number of IFO calls for each epoch is thus
O(m +n). For m = 1, the algorithm reduces to the classic GD algorithm. Suppose
m is chosen to be O(n) (typically used in practice), then the total IFO calls per epoch
is ©(n). To enable a fair comparison with SGD, we assume that the total number of
inner iterations across all epochs in Algorithm 2 is T. Also note a simple but impor-
tant implementation detail: as written, Algorithm 2 requires storing all the iterates x5!
(0 <t < m). This storage can be avoided by keeping a running average with respect to
the probability distribution {p;}!" .

Algorithm 2 attains linear convergence for strongly convex f [71]; for non-strongly
convex functions, rates faster than SGD can be shown by using an indirect perturbation
argument—see e.g., [74, 173].

We first state an intermediate result for the iterates of nonconvex SVRG. To ease
exposition, we define

c
T = (1 — t;m — Pl —2¢ 1117, 2.3)
for some parameters c; 11 and B; (to be defined shortly).
Our first main result is the following theorem that provides convergence rate of Al-
gorithm 2.

Theorem 2.3.1. Let f € Fy,. Let ¢y =0, =1 >0, =B > 0,and ¢y = ¢, (1 + 4B+
272L?%) + n2L3 such that Ty > 0 for 0 < t < m — 1. Define the quantity -y, := min; I'y. Further,
let pj = 0for 0 <i < mand py =1, and let T be a multiple of m. Then for the output x, of
Algorithm 2 we have

£ — £(x")
B[V f(x)|? < F

7

where x* is an optimal solution to (2.1).
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Algorithm 2: SVRG (xo, T,m, {pi}"y {1 ;":51)

1: Input: ¥ = x9, = x0 € R?, epoch length m, step sizes {5; > 0}"!, S = [T/m], discrete

probability distribution {p;} =
fors=0toS—1do
B = xs,
g = XL VA(E)
fort =0tom —1do
Uniformly randomly pick i; from {1,...,n}
o =V (x57) - U, (%) + g1
= =gyt
end for
= T pixi
: end for
: Output: Iterate x, chosen uniformly random from {{x}

—_ = =
N = O

+1}m71 S5—1
t=0 Js=0"

Furthermore, we can also show that nonconvex SVRG exhibits expected descent (in
objective) after every epoch. The condition that T is a multiple of m is solely for conve-
nience and can be removed by slight modification of the theorem statement. Note that
the value 7, above can depend on n. To obtain an explicit dependence, we simplify it
using specific choices for 7 and S, as formalized below.

Theorem 2.3.2. Suppose f € F,. Let y = po/(Ln*) (0 < po < 1and 0 < o < 1),
B = L/n%2 m = |n*'2/(3ug)| and T is some multiple of m. Then there exists universal
constants po, v > 0 such that we have the following: v, > .z in Theorem 2.3.1 and

]| ) < U OD S,

where x* is an optimal solution to the problem in (2.1) and x, is the output of Algorithm 2.
By rewriting the above result in terms IFO calls, we get the following general corol-
lary for nonconvex SVRG.

Corollary 2.3.2.1. Suppose f € F;,. Then the IFO complexity of Algorithm 2 (with parameters
from Theorem 2.3.2) for achieving an e-accurate solution is:

@) <n+ (nl’%/e)> , ifa<2/3,

IFO calls =
{O(n+(n“/€)), ifa >2/3.

Corollary 2.3.2.1 shows the interplay between step size and the IFO complexity. We
observe that the number of IFO calls is minimized in Corollary 2.3.2.1 when « = 2/3.
This gives rise to the following key results of the chapter.

Corollary 2.3.2.2. Suppose f € Fn. Lety = w1/ (Ln?/3) (0 < wy < 1), p = L/n'/3,
m = |n/(3u1)]| and T is some multiple of m. Then there exists universal constants y1,v; > 0
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Algorithm 3: GD-SVRG (xo, K, T,m,{p;}" o, {n: ;.”:—01)

m—1

1: Input: x° € R?, K, epoch length m, step sizes {17; > 0}/, discrete probability distribution
{pi}ito
fork =0to K do
xk = SVRG(x*=1, T, m, {p;} 1", {mi}7")
end for
Output: xK

such that we have the following: vy > -1 in Theorem 2.3.1 and

E[|Vf(x) 2] < ZEOU00) — F(0)]

T1/1 ’

where x* is an optimal solution to the problem in (2.1) and x, is the output of Algorithm 2.

Corollary 2.3.2.3. If f € F,,, then the IFO complexity of Algorithm 2 (with parameters in
Corollary 2.3.2.2) to obtain an e-accurate solution is O(n + (n%/3/¢)).

Note the rate of O(1/T) in the above results, as opposed to slower O(1/ VT ) rate
of SGD (Theorem 2.2.3). For a more comprehensive comparison of the rates, refer to
Section 2.6.

2.3.1 Gradient Dominated Functions

Before ending our discussion on convergence of nonconvex SVRG, we prove a linear
convergence rate for the class of T-gradient dominated functions (2.2). For ease of ex-
position, assume that T > n'/3, a property analogous to the “high condition number
regime” for strongly convex functions typical in machine learning. Note that gradient
dominated functions can be nonconvex.

Theorem 2.3.3. Suppose f is T-gradient dominated where T > n'/3. Then, the iterates of
Algorithm 3 with T = [2Ltn?/3/vi], m = |n/(Bu1) ], 1+ = w1/ (Ln?/3) forall 0 < t <
m—1and py, = 1and p; = 0 for all 0 < i < m satisfy

E[[Vf(x)1P] < 27 IV f O],

Here py and vy are the constants used in Corollary 2.3.2.2.
In fact, for T-gradient dominated functions we can prove a stronger result of global
linear convergence.

Theorem 2.3.4. If f is T-gradient dominated (t > n'/3), then with T = [2Ltn?/3/v],
m = |n/GBu1)], 1t = p1/(Ln®3) for 0 < t < m—1and py, = 1 and p; = 0 for all
0 <i < m, the iterates of Algorithm 3 satisfy

E[f () = f(x)] < 27 [f(x°) = f(x")).

Here yy, vq are as in Corollary 2.3.2.2; x* is an optimal solution.

23



An immediate consequence is the following.

Corollary 2.3.4.1. If f is T-gradient dominated, the IFO complexity of Algorithm 3 (with pa-
rameters from Theorem 2.3.3) to compute an e-accurate solution is O((n 4+ tn*/3) log(1/¢€)).

Note that GD can also achieve linear convergence rate for gradient dominated func-
tions [122]. However, GD requires O(n + ntlog(1/¢€)) IFO calls to obtain an e-accurate
solution as opposed to O(n +n?/3tlog(1/€)) for SVRG. Similar (but not the same) gains
can be seen for SVRG for strongly convex functions [71]. Also notice that we did not as-
sume anything except smoothness on the individual functions f; in the above results. In
particular, the following corollary is also an immediate consequence.

Corollary 2.3.4.2. If f is A-strongly convex and the functions { f;}I"_ are possibly nonconvex,
then the number of IFO calls made by Algorithm 3 (with parameters from Theorem 2.3.3) to
compute an e-accurate solution is O((n + n*/3x) log(1/¢€)).

Recall that here x denotes the condition number L/A for a A-strongly convex func-
tion. Corollary 2.3.4.2 follows from Corollary 2.3.4.1 upon noting that A-strongly convex
function is 1/2A-gradient dominated. Theorem 2.3.4 generalizes the linear convergence
result in [71] since it allows nonconvex f;. Observe that Corollary 2.3.4.2 also applies
when f; is strongly convex for all i € [n], though in this case a more refined result can
be proved [71].

Finally, we note that our result also improves on a recent result on SDCA in the set-
ting of Corollary 2.3.4.2 when the condition number « is reasonably large — a case that
typically arises in machine learning. More precisely, for l,-regularized empirical loss
minimization, Shalev-Shwartz [154] show that SDCA requires O((n + x2) log(1/¢) iter-
ations when the f;’s are possibly nonconvex but their sum f is strongly convex. In com-
parison, we show that Algorithm 3 requires O((n + n?/3x)log(1/¢€)) iterations, which
is an improvement over SDCA when x > n%/3,

2.4 Convex Case

In the previous section, we showed nonconvex SVRG converges to a stationary point at
the rate O(n?/3/T). A natural question is whether this rate can be improved if we as-
sume convexity? We provide an affirmative answer. For non-strongly convex functions,
this yields a direct analysis (i.e., not based on strongly convex perturbations) for SVRG.
While we state our results in terms of stationarity gap ||V f(x)||? for the ease of compar-
ison, our analysis also provides rates with respect to the optimality gap [f(x) — f(x*)]
(see the proof of Theorem 2.4.1 in the appendix).

Theorem 2.4.1. If f; is convex foralli € [n], p; = 1/m for 0 <i<m—1, and p,, = 0, then
for Algorithm 2, we have

L||x® — x*[|> + 4mL?y*[f (x°) — f(x*)]
Tyn(1—4Ly) ’

E[IVf(xa) 7] <
where x* is optimal for (2.1) and x, is the output of Algorithm 2.
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We now state corollaries of this theorem that explicitly show the dependence on 7 in
the convergence rates.

Corollary 2.4.1.1. If m = nand n = 1/(8L+/n) in Theorem 2.4.1, then we have the following
bound:

B[V f(xa) 7] < LY/A6LIX x*l|;+ () = F))

where x* is optimal for (2.1) and x, is the output of Algorithm 2.
The above result uses a step size that depends on 7. For the convex case, we can also
use step sizes independent of n. The following corollary states the associated result.

Corollary 2.4.1.2. If m = nand y = 1/(8L) in Theorem 2.4.1, then we have the following
bound:

L(16L|x° — x*[|* + n[f (x°) — f(x*)])

B[V (x)P] < a ,

where x* is optimal for (2.1) and x, is the output of Algorithm 2.
We can rewrite these corollaries in terms of IFO complexity to get the following
corollaries.

Corollary 2.4.1.3. If f; is convex for all i € [n], then the IFO complexity of Algorithm 2 (with
parameters from Corollary 2.4.1.1) to compute an e-accurate solution is O(n + (y/n/e)).

Corollary 2.4.1.4. If f; is convex for all i € [n], then the IFO complexity of Algorithm 2 (with
parameters from Corollary 2.4.1.2) to compute e-accurate solution is O(n/e).

These results follow from Corollary 2.4.1.1 and Corollary 2.4.1.2 and noting that for
m = O(n) the total IFO calls made by Algorithm 2 is O(n). It is instructive to quan-
titatively compare Corollary 2.4.1.3 and Corollary2.4.1.4. With a step size independent
of n, the convergence rate of SVRG has a dependence that is in the order of n (Corol-
lary 2.4.1.2). But this dependence can be reduced to /n by either carefully selecting a
step size that diminishes with n (Corollary 2.4.1.1) or by using a good initial point x°
obtained by, say, running O(n) iterations of SGD.

We emphasize that the convergence rate for convex case can be improved signifi-
cantly by slightly modifying the algorithm (either by adding an appropriate strongly
convex perturbation [173] or by using a choice of m that changes with epoch [179]).
However, it is not clear if these strategies provide any theoretical gains for the general
nonconvex case.

2.5 Mini-batch Nonconvex SVRG

In this section, we study the mini-batch version of Algorithm 2. Mini-batching is a
popular strategy, especially in multicore and distributed settings as it greatly helps one
exploit parallelism and reduce the communication costs. The pseudocode for mini-
batch nonconvex SVRG (Algorithm 4) is provided in the appendix. The key difference
between the mini-batch SVRG and Algorithm 2 lies in lines 6 to 8. To use mini-batches
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we replace line 6 with sampling (with replacement) a mini-batch I; C [n] of size b; lines
7 to 8 are replaced with the following updates:

ut = L (VAT - VA(E)) + 877

s+1 __ .s+1 s+1
Xpp1 =X — 1ty

When b = 1, this reduces to Algorithm 2. Mini-batch is typically used to reduce the
variance of the stochastic gradient and increase the parallelism. Lemma 2.16.2 (in Sec-
tion 2.16 of the appendix) shows the reduction in the variance of stochastic gradients
with mini-batch size b. Using this lemma, one can derive the mini-batch equivalents of
Lemma 2.11.1, Theorem 2.3.1 and Theorem 2.3.2. However, for the sake of brevity, we
directly state the following main result for mini-batch SVRG.

Theorem 2.5.1. Let 7,, denote the following quantity:

._ : Tl 27 A= 2
Vo= uin (7 = =T =L = 2an).

where Ty = 0, = Cry1(1+ 0B +21°L*/b) + 171 /b for 0 < t < m—1. Supposey = b/ (Ln?/3)

(0<pp<1),B=L/n"3 m=|n/(3buy)| and T is some multiple of m. Then for the mini-

batch version of Algorithm 2 with mini-batch size b < n?/3, there exists universal constants
Vzb

pa,va > 0 such that we have the following: 7y, > 1 %7 and

_ LR — £(x)
- bTv, ’

E[[IV £ (xa)[I*]

where x* is optimal for (2.1).

It is important to compare this result with mini-batched SGD. For a batch size of
b, SGD obtains a rate of O(1/+/bT 4 1/T) [35] (obtainable by a simple modification of
Theorem 2.2.3). Specifically, SGD has a 1/+/b dependence on the batch size. In contrast,
Theorem 2.5.1 shows that SVRG has a much better dependence of 1/b on the batch size.
Hence, compared to SGD, SVRG allows more efficient mini-batching. More formally, in
terms of IFO queries we have the following result.

Corollary 2.5.1.1. If f € F, then the IFO complexity of the mini-batch version of Algorithm 2
(with parameters from Theorem 2.5.1 and mini-batch size b < n*/3) to obtain an e-accurate
solution is O(n 4 (n?/3/¢)).

Corollary 2.5.1.1 shows an interesting property of mini-batch SVRG. First, note that b
IFO calls are required for calculating the gradient on a mini-batch of size b. Hence, SVRG
does not gain on IFO complexity by using mini-batches. However, if the b gradients are
calculated in parallel, then this leads to a theoretical linear speedup in multicore and
distributed settings. In contrast, SGD does not yield an efficient mini-batch strategy
[85].
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2.6 Comparison of the Convergence Rates

In this section, we give a comprehensive comparison of results obtained in this chapter.
In particular, we compare key aspects of the convergence rates for SGD, GD, and SVRG.
The comparison is based on IFO complexity to achieve an e-accurate solution.
Dependence on n: The number of IFO calls of SVRG and GD depend explicitly on
n. In contrast, the number of oracle calls of SGD is independent of n (Theorem 2.2.3).
However, this comes at the expense of worse dependence on €. The number of IFO calls
in GD is proportional to . But for SVRG this dependence reduces to 1n!/2 for convex
(Corollary 2.4.1.1) and n%/3 for nonconvex (Corollary 2.3.2.2) problems. Whether this
difference in dependence on 7 is due to nonconvexity or just an artifact of our analysis
is an interesting open problem.

Dependence on e: The dependence on € (or alternatively T) follows from the conver-
gence rates of the algorithms. SGD is seen to depend as O(1/€?) on ¢, regardless of
convexity or nonconvexity. In contrast, for both convex and nonconvex settings, SVRG
and GD converge as O(1/¢). Furthermore, for gradient dominated functions, SVRG and
GD have global linear convergence. This speedup in convergence over SGD is especially
significant when medium to high accuracy solutions are required (i.e., € is small).
Assumptions used in analysis: It is important to understand the assumptions used in
deriving the convergence rates. All algorithms assume Lipschitz continuous gradients.
However, SGD requires two additional subtle but important assumptions: c-bounded
gradients and advance knowledge of T (since its step sizes depend on T). On the other
hand, both SVRG and GD do not require these assumptions, and thus, are more flexible.
Step size / learning rates: Itis valuable to compare the step sizes used by the algorithms.
The step sizes of SGD shrink as the number of iterations T increases—an undesirable
property. On the other hand, the step sizes of SVRG and GD are independent of T.
Hence, both these algorithms can be executed with a fixed step size. However, SVRG
uses step sizes that depend on 7 (see Corollary 2.3.2.2 and Corollary 2.4.1.1). A step size
independent of n can be used for SVRG for convex f, albeit at cost of worse dependence
on n (Corollary 2.4.1.2). GD does not have this issue as its step size is independent of
both nand T.

Dependence on initial point and mini-batch: SVRG is more sensitive to the initial point
in comparison to SGD. This can be seen by comparing Corollary 2.3.2.2 (of SVRG) to
Theorem 2.2.3 (of SGD). Hence, it is important to use a good initial point for SVRG.
Similarly, a good mini-batch can be beneficial to SVRG. Moreover, mini-batches not
only provides parallelism but also good theoretical guarantees (see Theorem 2.5.1). In
contrast, the performance gain in SGD with mini-batches is not very pronounced (see
Section 2.5).

2.7 Best of Two Worlds

We have seen in the previous section that SVRG combines the benefits of both GD and
SGD. We now show that these benefits of SVRG can be made more pronounced by an
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appropriate step size under additional assumptions. In this case, the IFO complexity of
SVRG is lower than those of SGD and GD. This variant of SVRG (MSVRG) chooses a step
size based on the total number of iterations T (or alternatively €). For our discussion
below, we assume that T > n.

Theorem 2.7.1. Let f € F,, have o-bounded gradients. Let n; = y = max{¢/vT, 1/ (Ln?/3)}

(u1 is the universal constant from Corollary 2.3.2.2), m = |n/(3uy)|, and ¢ = %

Further, let T be a multiple of m, py, = 1, and p; = 0 for 0 < i < m. Then, the output x, of
Algorithm 2 satisfies

xY) — f(x* n2/31F(x0) — £(x*
{1V fre) ] < omin {2/ 2000 = SO LRG0 =)y

where v > 0 is a universal constant, vy is the universal constant from Corollary 2.3.2.2 and x*
is an optimal solution to (2.1).

Corollary 2.7.1.1. If f € F}, has o-bounded gradients, the IFO complexity of Algorithm 2 (with

parameters from Theorem 2.7.1) to achieve an e-accurate solution is O(min{1/e? n?/3/€}).
An almost identical reasoning can be applied when f is convex to get the bounds

specified in Table 2.1. Hence, we omit the details and directly state the following result.

7

Corollary 2.7.1.2. Suppose f; is convex for i € [n] and f has o-bounded gradients, then the
IFO complexity of Algorithm 2 (with step size 1 = max{1/(Lv/T),1/(8L\/n)}, m = n
and p; = 1/m for 0 < i < m —1and p, = 0) to achieve an e-accurate solution is
O(min{1/€?,\/n/e}).

MSVRG has a convergence rate faster than those of both SGD and SVRG, though this
benefit is not without cost. MSVRG, in contrast to SVRG, uses the additional assumption
of r-bounded gradients. Furthermore, its step size is not fixed since it depends on the
number of iterations T. While it is often difficult in practice to compute the step size of
MSVRG (Theorem 2.7.1), it is typical to try multiple step sizes and choose the one with
the best results.

2.8 Experiments

We present our empirical results in this section. For our experiments, we study the
problem of multiclass classification using neural networks. This is a typical nonconvex
problem encountered in machine learning.

Experimental Setup. We train neural networks with one fully-connected hidden layer
of 100 nodes and 10 softmax output nodes. We use /»-regularization for training. We
use CIFAR-10%, MNIST?3, and STL-10* datasets for our experiments. These datasets are
standard in the neural networks literature. The /¢, regularization is le-3 for CIFAR-
10 and MNIST, and 1e-2 for STL-10. The features in the datasets are normalized to

2www.cs.toronto.edu/~kriz/cifar.html

Shttp://yann.lecun.com/exdb/mnist/
“https://cs.stanford.edu/~acoates/st110/
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Figure 2.1: Neural network results for CIFAR-10, MNIST and STL-10 datasets. The top
row represents the results for CIFAR-10 dataset. The bottom left and middle figures

represent the results for MNIST dataset. The bottom right figure represents the result
for STL-10.

the interval [0,1]. All the datasets come with a predefined split into training and test
datasets.

We compare SGD (the de-facto algorithm for training neural networks) against non-
convex SVRG. The step size (or learning rate) is critical for SGD. We set the learning rate
of SGD using the popular t—inverse schedule 17; = 7o(1 +7’[t/n])~!, where 19 and 7’
are chosen so that SGD gives the best performance on the training loss. In our experi-
ments, we also use 17’ = 0; this results in a fixed step size for SGD. For SVRG, we use a
fixed step size as suggested by our analysis. Again, the step size is chosen so that SVRG
gives the best performance on the training loss.

Initialization & mini-batching. Initialization is critical to training of neural networks.
We use the normalized initialization in [50] where parameters are chosen uniformly
from [—/6/(n; +no), /6/ (n; + n,)] where n; and 1, are the number of input and out-
put layers of the neural network, respectively.

For SVRG, we use n iterations of SGD for CIFAR-10 and MINST and 2# iterations of
SGD for STL-10 before running Algorithm 2. Such initialization is standard for variance
reduced schemes even for convex problems [71, 153]. As noted earlier in Section 2.6,
SVRG is more sensitive than SGD to the initial point, so such an initialization is typically
helpful. We use mini-batches of size 10 in our experiments. SGD with mini-batches is
common in training neural networks. Note that mini-batch training is especially bene-
ficial for SVRG, as shown by our analysis in Section 2.5. Along the lines of theoretical
analysis provided by Theorem 2.5.1, we use an epoch size m = n/10 in our experiments.

Results. We report objective function (training loss), test error (classification error on
the test set), and ||V f(x!)|?> (convergence criterion throughout our analysis) for the
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datasets. For all the algorithms, we compare these criteria against the number of ef-
fective passes through the data, i.e., IFO calls divided by n. This includes the cost of
calculating the full gradient at the end of each epoch of SVRG. Due to the SGD ini-
tialization in SVRG and mini-batching, the SVRG plots start from x-axis value of 10 for
CIFAR-10 and MNIST and 20 for STL-10. Figure 2.1 shows the results for our experi-
ment. It can be seen that the |V f(x!)||? for SVRG is lower compared to SGD, suggesting
faster convergence to a stationary point. Furthermore, the training loss is also lower
compared to SGD in all the datasets. Notably, the test error for CIFAR-10 is lower for
SVRG, indicating better generalization; we did not notice substantial difference in test
error for MNIST and STL-10 (see Section 2.17 in the appendix). Overall, these results on
a network with one hidden layer are promising; it will be interesting to study SVRG for
deep neural networks in the future.

2.9 Discussion

Before concluding the chapter, we would like to discuss the implications of our work
and few caveats. One should exercise some caution while interpreting the results in the
chapter. All our theoretical results are based on the stationarity gap. In general, this
does not necessarily translate to optimality gap or low training loss and test error. One
criticism against VR schemes in nonconvex optimization is the general wisdom that
variance in the stochastic gradients of SGD can actually help it escape local minimum
and saddle points. In fact, Ge et al. [46] add additional noise to the stochastic gradient
in order to escape saddle points. However, one can reap the benefit of VR schemes
even in such scenarios. For example, one can envision an algorithm which uses SGD
as an exploration tool to obtain a good initial point and then uses a VR algorithm as
an exploitation tool to quickly converge to a good local minimum. In either case, we
believe variance reduction can be used as an important tool alongside other tools like
momentum, adaptive learning rates for faster and better nonconvex optimization.

Appendix: Omitted Proofs and Additional Experiments
2.10 Nonconvex SGD: Convergence Rate

Proof of Theorem 2.2.3

Theorem. Suppose f has o-bounded gradient; let ; = 17 = ¢/ /T where c = %{;ﬂx*)),
and x* is an optimal solution to (2.1). Then, the iterates of Algorithm 1 satisfy

i G 2(f(x0)—f(x))L
Lmin [ VF(x)]P) < 6L,
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Proof. We include the proof here for completeness. Please refer to [47] for a more general
result.
The iterates of Algorithm 1 satisfy the following bound:

E[f(x1)] < BIf(x) + (VF(),x 1 =2t ) + 5 [lx+1 = x| 2.4
E[f(x")] — nE[||V f(xt)||2]+L'7t1E[||Vﬁt( 117
E[f(x")] — B[V £(x) 2] + S, (2.5)

The first inequality follows from Lipschitz continuity of Vf. The second inequality
follows from the update in Algorithm 1 and since E;, [V f;, (x)] = V f(x') (unbiasedness
of the stochastic gradient). The last step uses our assumption on gradient boundedness.
Rearranging Equation (2.5) we obtain

E[| V(")) < LE[f(x) = f(x*1)] + Fo™ (2.6)

Summing Equation (2.6) from t = 0 to T — 1 and using that #; is constant 77 we obtain

min B[V £(x) | < § ¥,y Elllf (<)
EE[F(x0) = f(xT)] + HLo?

1 (F(0) = f(x) + Hlo?

L (L0 — £ + K02).

The first step holds because the minimum is less than the average. The second and third
steps are obtained from Equation (2.6) and the fact that f(x*) < f(x7), respectively. The
final inequality follows upon using # = c¢/+/T. By setting

(= [ )

Lo?

(VAN VAN

IN

in the above inequality, we get the desired result. O

2.11 Nonconvex SVRG

In this section, we provide the proofs of the results for nonconvex SVRG. We first start
with few useful lemmas and then proceed towards the main results.

Lemma 2.11.1. For ¢y, ¢s41, Bt > 0, suppose we have
ct = cryn(1+ neBe + 277 L7) + 7 L.
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Let nt, B¢ and c;.1 be chosen such that Ty > 0 (in Equation (2.3)). The iterate xf“ in Algo-
rithm 2 satisfy the bound:

s+1 _ ps+1
Rt Rt+1

E[|Vf(x 7] < T
where RS := E[f (x5™) + ¢ |5 — 2|2 for0 < s < S — 1.
Proof. Since f is L-smooth we have

E[f(x )] SE[f(x™) +(VHh), x5 — x5 + 5|t — 277

Using the SVRG update in Algorithm 2 and its unbiasedness, the right hand side above
is further upper bounded by

L 2
E[f(x7™) = el V£ (7117 4+ =20 ). (2.7)
Consider now the Lyapunov function
R = E[f () + ol — 2],
For bounding it we will require the following;:

]E[Hstrl . szZ] — ]E[Hstrl . x?Jrl + x?Jrl . szZ]

t+1 t+1
= B[l — 2+ gt — 2P+ 20— T — 2]
= E[r[lof P + x5t = 2)P] - 2 B[V (a7, x5t - 5°)] (2.8)

< B[R0 P+ gt = 21P) + 20 [ 9GP + 3l - 27 @9)

The second equality follows from the unbiasedness of the update of SVRG. The last in-
equality follows from a simple application of Cauchy-Schwarz and Young’s inequality.

Plugging Equation (2.7) and Equation (2.9) into R?ﬂ, we obtain the following bound:

L 2
Ry < ELFGE) — el VAGE)I2+ S oy 1)
+ Elepa? o P + eyl - 22
+ 20416 [V F (512 + 3Bellxg ! — 2|2
SEBL() = (= ) |V £GP
L 2
+ (4 + cosan?) B[l

+ (e +eopmB) B |6+ — 22 (2.10)
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To further bound this quantity, we use Lemma 2.16.1 to bound E| HUSH 1],

substituting it in Equation (2.10), we see that

so that upon

Ri < B[f(xi*))

— (= 2 — 2L = 20,49 ) E[| V£ (x5
+ [era (1 i+ 27712) + 7?13 | B [ - 2|2
<RI — (s — S — L — 2017 EL| V£ ()|,

The second inequality follows from the definition of ¢; and R{™!, thus concluding the
proof. O

Proof of Theorem 2.3.1

Theorem. Let f € Fy,. Letcy =0, =1 >0, Bt =B > 0,and ¢; = ¢;1(1+
1B+ 2n2L?) + 52L3 such that Ty > 0 for 0 <t < m — 1. Define the quantity -y, := min; ;.
Further, let p; = 0 for 0 < i < mand py, = 1, and let T be a multiple of m. Then for the output
xq of Algorithm 2 we have

E[[|[Vf(xa)[?] <

where x* is an optimal solution to (2.1).

Proof. Since 5y = 1 fort € {0,...,m — 1}, using Lemma 2.11.1 and telescoping the sum,
we obtain

_1 Rs+l . Rs—|—1
o BV <
Tn
This inequality in turn implies that
1 E[f(x5) — f(z5H1
Ve < BAE AR @)

where we used that RS = E[f(x3)] = E[f(¥*1)] (since ¢;y = 0, py = 1, and p; = 0
fori < m), and that R§™ = E[f(%°)] (since x;! = %%, as py = 1 and p; = 0 for i < m).
Now sum over all epochs to obtain

SZ i E[| V(e < L) S 2.12)

Sl =

The above inequality used the fact that ¥ = x0. Using the above inequality and the
definition of x, in Algorithm 2, we obtain the desired result. O
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Proof of Theorem 2.3.2

Theorem. Suppose f € Fy. Let 7 = po/(Ln*) (0 < pg < 1and 0 < a < 1), p = L/n*/?,
m = |n3*/2/(3uo)| and T is some multiple of m. Then there exists universal constants pg, v >
0 such that we have the following: 7y, > ;= in Theorem 2.3.1 and

E(| v} < O =AE0]

where x* is an optimal solution to the problem in (2.1) and x, is the output of Algorithm 2.

Proof. For our analysis, we will require an upper bound on cy. We observe that ¢y =

2 m
’2 gf% where 6 = 272L? + B. This is obtained using the relation ¢; = ¢;,1(1 +

1B+ 27*L?) + 5?L3 and the fact that c,, = 0. Using the specified values of 8 and 1 we
have

5,272 Vo Ho 310
O=21"L b= "5+ 3z < Lz

The above inequality follows since yp < 1 and n > 1. Using the above bound on 6, we

get

ML (A+6)"—1 _ poL((1+6)" —1)
n2 0 2110 + n/2
_ HoL((1+ ) /] 1)
2ug + nv/2
< n~%2(ygL(e — 1)), (2.13)

Cop =

wherein the second inequality follows upon noting that (1 + %)l is increasing for I > 0
and lim;_, (1 + %)l = e (here e is the Euler’s number). Now we can lower bound v;, as

Y = mtin(;y - % — 2L — 2¢;411%)

> (=% =L —2con®) >

Ln~’

where v is a constant independent of n. The first inequality holds since ¢; decreases
with t. The second inequality holds since (a) co/p is upper bounded by a constant
independent of 1 as co/B < uo(e — 1) (follows from Equation (2.13)), (b) #?L < poy and
(c) 2con? < 2;4%(6 —1)7 (follows from Equation (2.13)). By choosing po (independent of
n) appropriately, one can ensure that v, > v/(Ln") for some universal constant v. For
example, choosing yo = 1/4, we have v, > v/(Ln*) with v = 1/40. Substituting the
above lower bound in Equation (2.12), we obtain the desired result. H
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Proof of Corollary 2.3.2.1

Corollary. Suppose f € F,. Then the IFO complexity of Algorithm 2 (with parameters from
Theorem 2.3.2) for achieving an e-accurate solution is:

0 (n + (nl’%/e)> . ifa<2/3,

IFO calls =
{O(n+(n“/€)), ifa >2/3.

Proof. This result follows from Theorem 2.3.2 and the fact that m = |#3*/2/(3u0)]. Sup-
pose & < 2/3, then m = o(n). However, n IFO calls are invested in calculating the
average gradient at the end of each epoch. In other words, computation of average gra-
dient requires n IFO calls for every m iterations of the algorithm. Using this relationship,
we get O(n + (nlfg /€)) in this case.

On the other hand, when & > 2/3, the total number of IFO calls made by Algorithm 2
in each epoch is Q(n) since m = |n3*/2/(3ug)|. Hence, the oracle calls required for

calculating the average gradient (per epoch) is of lower order, leading to O(n + (n*/¢))
IFO calls. 0

2.12 GD-SVRG

Proof of Theorem 2.3.3

Theorem. Suppose f is T-gradient dominated where T > n'/3. Then, the iterates of Algo-
rithm 3 with T = [2Ltn?/3/v], m = |n/(3u1)|, 1 = pr/ (Ln*/3) forall 0 < t < m —1
and py, = 1and p; = 0 for all 0 < i < m satisfy

E[[|Vf ()] < 27 IV ()17
Here 1 and vy are the constants used in Corollary 2.3.2.2.
Proof. Corollary 2.3.2.2 shows that the iterates of Algorithm 3 satisfy

L2 PE[f (1) — F(x)]

E[|| V£ (xF)|]?] < T,

Substituting the specified value of T in the above inequality, we have

1 — *
E[| V(I < 5 (B () = F()])
< SE[IVADI

The second inequality follows from 7-gradient dominance of the function f. O
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Proof of Theorem 2.3.4

Theorem. If f is T-gradient dominated (t > n'/3), then with T = [2Ltn*/3/v1], m =
|n/(Bu1) ], 7t = p1/ (Ln?/3) for 0 <t <m—Tland py, = Land p; = 0 forall 0 < i < m,
the iterates of Algorithm 3 satisfy

E[f (%) = f(x*)] < 275[f (%) = f(x*)].
Here yq, vq are as in Corollary 2.3.2.2; x* is an optimal solution.

Proof. The proof mimics that of Theorem 2.3.3; now we have the following condition on
the iterates of Algorithm 3:

E[f(xk~1) — f(x*
E[| v () 2] < BAE 2 S] .19
However, f is T-gradient dominated, so E[||V f(x)||?] > E[f(x*) — f(x*)]/t, which
combined with Equation (2.14) concludes the proof. O

2.13 Convex SVRG: Convergence Rate

Proof of Theorem 2.4.1

Theorem. If f; is convex for all i € [n], p; = 1/m for 0<i<m—1, and p,, = 0, then for
Algorithm 2, we have
Llx? — x*||? + 4mL2n[f (%) — f(x*)]
2] <

where x* is optimal for (2.1) and x, is the output of Algorithm 2.

Proof. Consider the following sequence of inequalities:

[l — 2] = B[l — oy — x7||?]
< E[lx =217 + p*E[lo7 7]
— 2nE[(vj ", 2 - x)]
E[[l — x| ]+7721E[||v?“|!2]
= 27E[f(x1) = f(x")]
E[||lx* - *H ] = 27(1 = 2Ly E[f(x) = f(x")]
“E[f (%) — f(x")]
] = 27(1 = 4Ln)E[f (™) — f(x")]
+4Lp E[f (#°) — f(x")] — AL E[f (x7) — f(x7)].

[”xs-i-l *HZ
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The second inequality uses unbiasedness of the SVRG update and convexity of f. The
third inequality follows from Lemma 2.18.2. Defining the Lyapunov function

P* = E[|lx;, — x"|I°] + 4mLy’E[f (#°) — f(x")],
and summing the above inequality over ¢, we get
m—1
27(1—4Ly) Y Ef(x5*) — f(x")] < P* — P
t=0

This due is to the fact that

P = E[[|lx; — x* (%] + 4mLyB[f (2°) — f(x*)]
m—1
= E[||Jx5 " — x*[|*] + 4Ly? ZO E[f(x;™) = f(x")].

The above equality uses the fact that p;, = 0 and p; = 1/m for 0 < i < m. Summing
over all epochs and telescoping we then obtain

E[f(xa) — f(x*)] < P*(2Ty(1 —4Ly)) .

The inequality also uses the definition of x, given in Alg 2. On this inequality we use
Lemma 2.18.1, which yields

E[[|Vf(xa)[I?] < 2LE[f (xa) — f(x")]
o LI = x| +4m L2 [f (x%) — f(x")]

- Tn(1—4Ly) -

It is easy to see that we can obtain convergence rates for E[f(x,;) — f(x*)] from the
above reasoning. This leads to a direct analysis of SVRG for convex functions.

2.14 Minibatch Nonconvex SVRG

Proof of Theorem 2.5.1

The proofs essentially follow along the lines of Lemma 2.11.1, Theorem 2.3.1 and The-
orem 2.3.2 with the added complexity of mini-batch. We first prove few intermediate
results before proceeding to the proof of Theorem 2.5.1.

Lemma 2.14.1. Suppose we have

—=s+1 _ -
R =B () a2,

2y7L*  yiL?
b b

¢t = Crp1 (1 +mpBr + ) +
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Algorithm 4: Mini-batch SVRG

1: Input: ¥ = 9,

probability distribution {p;}" ,, mini-batch size b
2: fors=0toS—1do
3 x5t =,
4: s+1 1 Zz sz (fs)
5: fort—Otom—ldo
6
7
8
9

= x0 € R?, epoch length m, step sizes {1; > 0}",', S = [T/m], discrete

Choose a mini-batch (uniformly random with replacement) I; C [n] of size b

= Tier (Vi (7)) = V() + 87

s+1 _ . s+1 s+1
Xep1 = X — Mty
end for
. s+1 s+1
10: = Yo pix;

11: end for
12: Output: Iterate x, chosen uniformly random from {{x{™}7 13571,

for 0 <s<S—1and0 <t < m—1and the parameters 1;, B; and ¢, are chosen such that

z
(ﬂt— t;”t niL — 2Ct+177t> > 0.

Then the iterates x; ™ in the mini-batch version of Algorithm 2 i.e., Algorithm 4 with mini-batch
size b satisfy the bound:

—=s+1 —=s+1
Rt Rt+1

(e = 2 — 2L — 2esan?)

Proof. Using essentially the same argument as the proof of Lemma. 2.11.1 until Equa-
tion (2.10), we have

s+1 t
Rift SE[F(5T) = (= 32 ) | V()12
+ (M +ean?) Ef st
+ (Ct+1 4+ CrramePr) E [HXSH SHZ} : (2.15)

E[IVf(xI%) <

We use Lemma 2.16.2 in order to bound E[||u5!||?] in the above inequality. Substituting
it in Equation (2.15), we see that

Rit1 <E[f(*)
— (= B2 — PL — 28,10 ) BV ()]
4 [Et+1(1+77t,3t+ 2’7¢2L2) + ?7% ] [Hxs—l-l sHZ}

1 Cy s
<R = (e — S — gL — 28 ) E[[| V£ (5P
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The second inequality follows from the definition of ¢; and F:H, thus concluding the
proof. O

Our intermediate key result is the following theorem that provides convergence rate
of mini-batch SVRG.

Theorem 2.14.2. Let 7y,, denote the following quantity:

Toi=min o (y = 2 - L - 2ar’).

2712
Suppose 1y = 1y and By = B forallt € {0,...,m—1},¢, =0, ¢ :Et+1(1+17tﬁt—|—2’7§]L )+

2713
%fort € {0,...,m—1} and 7, > 0. Further, let py, = 1 and p; = 0 for 0 < i < m. Then
for the output x, of mini-batch version of Algorithm 2 with mini-batch size b, we have

7

f(x0) — f(x*)
E[[[Vf(xa)[?] < =

n

where x* is an optimal solution to (2.1).

Proof. Since 5y = 1 fort € {0,...,m — 1}, using Lemma 2.14.1 and telescoping the sum,
we obtain

—s+1  55s+1

RyW—R

m—1
o ElVFI? < =

This inequality in turn implies that

1 E[f(#5) — f(3511
" VAP < EYL )7 fE)
n
where we used that K;ﬁj = E[f(x51)] = E[f(#T!)] (since ¢y = 0, pyy = 1, and p; = 0
fori < m),and that Ry~ = E[f(*)] (since x5 = #°, as p = 1 and p; = 0 for i < m).

0

Now sum over all epochs and using the fact that £ = xY, we get the desired result. [J

We now present the proof of Theorem 2.5.1 using the above results.

Theorem. Let %y, denote the following quantity:

— : < 2 = 2
T = Juin (7 — % —n°L — 2C1177°).
where Ty = 0, = Cp1(1+nB+217L*/b) + 171 /bfor 0 < t < m—1. Suppose j = ub/(Ln?/3)
(0<py<1),B=L/n""3 m=|n/(3buy)| and T is some multiple of m. Then for the mini-
batch version of Algorithm 2 with mini-batch size b < n?/3, there exists universal constants
o, vo > 0 such that we have the following: 7y, > ﬁzb/a and

o Li2Pf(x0) = £(x)

E(IV £ () ) e,

where x* is optimal for (2.1).
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Proof of Theorem 2.5.1. We first observe that using the specified values of g and 7 we
obtain

— 25712 _ 2udb N Hab _ 3pab

0:= b +17‘3_n4/3 n - n

The above inequality follows since 2 < 1 and n > 1. For our analysis, we will require
the following bound on ¢y:

_ WL (1+0)™ —1  upbL((146)™ —1)
07 bni/3 0 ~ 2buy + bnl/3
<n V3(uyL(e — 1)), (2.16)

272 273
wherein the first equality holds due to the relation ¢; = ¢;11(1 + ¢+ + 217;,L )+ %,

and the inequality follows upon again noting that (1 + 1/1)! is increasing for I > 0 and
lim; (1 + 1)! = e. Now we can lower bound 7,,, as

T = min(y — g7 —y?L — 2p4117%)

C _ bl/z
> (7 — % — 1L — 2cn%) > 273

where 15 is a constant independent of n. The first inequality holds since ¢; decreases
with t. The second one holds since (a) ¢/ is upper bounded by a constant indepen-
dent of 1 as ¢g/B < pz(e — 1) (due to Equation (2.16)), (b) #*°L < upy (as b < n*/3)
and (c) 2cpn? < 2u3(e — 1)1 (again due to Equation (2.16) and the fact b < n?/3). By
choosing an appropriately small constant y, (independent of n), one can ensure that
¥, = buva/(Ln?/3) for some universal constant v,. For example, choosing u, = 1/4,
we have ¥, > bvo/(Ln?/3) with v, = 1/40. Substituting the above lower bound in
Theorem 2.14.2, we get the desired result. O

2.15 MSVRG: Convergence Rate

Proof of Theorem 2.7.1

Theorem. Let f € F;, have o-bounded gradients. Let n; = 1 = max{c/vT,m1/(Ln?/3)} (uq is

2Lo?
let T be a multiple of m, py, =1, and p; = 0 for 0 < i < m. Then, the output x, of Algorithm 2

satisfies

the universal constant from Corollary 2.3.2.2), m = |/ (3u,) |, and ¢ = 1/ M. Further,

E[[IV £ (xa)[I?]

o 2(f(x0) = f(x*))L  Ln*/[f(x%) — f(x*)]
Svmm{Z\/ T o, Tur }

7
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where U is a universal constant, vy is the universal constant from Corollary 2.3.2.2 and x* is an
optimal solution to (2.1).

Proof. First, we observe that the step size 7 is chosen to be max{c/+/T, uy/(Ln?/3)}
where
o \/f(xo) — )
2Lo? '

Suppose 77 = u1/(Ln?/3), we obtain the convergence rate in Corollary 2.3.2.2. Now, lets
consider the case where 7 = ¢/ V/T. In this case, we have the following bound:

E[|lo; |

= E[|Vfi (") = V£ (¥) + VA

<2 (ElIVAIP+ V£ (#) - VA1)
<2 (E[IVEADIP+ V£ (#)IP)

< 407,

The first inequality follows from Lemma 2.18.4 with » = 2. The second inequality fol-
lows from (a) c-bounded gradient property of f and (b) the fact that for a random vari-
able ¢, E[|| — E[Z]|I*] < EJ||]|?]. The rest of the proof is along exactly the lines as in
Theorem 2.2.3. This provides a convergence rate similar to Theorem 2.2.3. More specif-

ically, using step size c/+/T, we get
0) *
Ell (|2 < 2/ 2L SUOE 217

The only thing that remains to be proved is that with the step size choice of max{c/ VT ,
11/ (Ln?/3)}, the minimum of two bounds hold. Consider the case c/+/T > uy/(Ln?/3).
In this case, we have the following;:

2 2(f(x0)}f(x*))L0_ _ 21/10_@
Lﬂ2/3[f(7{31)—f(x*)] Ln2/3./F(x%) — f(x*)
_ 21/1 251
< < = _—
<2u1/m <7 max{yl,zw},

where v; is the constant in Corollary 2.3.2.2. This inequality holds since ¢//T >
11/ (Ln*/3). Rearranging the above inequality, we have

2\/Z(f(xo) — f)L _ TLn?Plf(x%) — f(x)]

T - T
in this case. Note that the left hand side of the above inequality is precisely the bound
obtained by using step size ¢/+/T (see Equation (2.17)). Similarly, the inequality holds
in the other direction when ¢/v/T < u;/(Ln*/3). Using these two observations, we
have the desired result. O
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2.16 Key Lemmatta

Lemma 2.16.1. For the intermediate iterates v computed by Algorithm 2, we have the fol-
lowing:

E[[loy %) < 2E[[ V£ (717 + 2L2E| 7 — #12].
Proof. The proof simply follows from the proof of Lemma 2.16.2 with I; = {i;}. ]

We now present a result to bound the variance of mini-batch SVRG.

Lemma 2.16.2. Let 15 be computed by the mini-batch version of Algorithm 2 i.e., Algorithm 4
with mini-batch size b. Then,

E(lluf 1) < 2E[IVF ()1 + ZElIx ! - 2.
Proof. For the ease of exposition, we use the following notation:

G = 1 X (VAT - V().

ltEIt

We use the definition of u{™! to get

E[llui 7] = B[ Z + V()]
= E[|g7 + Vf(#) = V(™) + VI
< 2E[||VF (1% + 215 — B[

2

Y (VA = Vi (2) —ElG)

iel;

2E[[|V £ (x S“)H2]+ S E {

The first inequality follows from Lemma 2.18.4 (with 7 = 2) and the fact that E[Z5 "] =
Vf(xt) — V£(#°). From the above inequality, we get

B[ 2]

< 2E[IVf (i DIP]+ 4 ]E

Z%HVfu () = Vfi(z )||2]
2
< 2E[[|Vf(x S“)IIZHZ E[[lx;™ — 2]

The first inequality follows from Lemma 2.18.3 and noting that for a random variable (,
E[|I — E[Z]]*] < E[||||*]. The last inequality follows from L-smoothness of f;,. O
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Figure 2.2: Neural network results for MNIST and STL-10. The leftmost result is for
MNIST. The remaining two plots are of STL-10.

2.17 Experiments

Figure 2.2 shows the remaining plots for MNIST and STL-10 datasets. As seen in the
plots, there is no significant difference in the test error of SVRG and SGD for these
datasets.

2.18 Other Lemmas

We need Lemma 2.18.1 for our results in the convex case.

Lemma 2.18.1 (Johnson and Zhang [71]). Let g : R? — R be convex with L-Lipschitz
continuous gradient. Then,

IVg(x) = VgWw)II* <2L[g(x) — g(y) — (V&) x —y)l,
forall x,y € RY.

Proof. Consider h(x) := g(x) — g(y) — (Vg(y), x — y) for arbitrary y € R?. Observe that
Vh is also L-Lipschitz continuous. Note that i(x) > 0 (since h(y) = 0 and Vh(y) = 0,
or alternatively since h defines a Bregman divergence), from which it follows that

0< mpin[h(x —pVh(x))]
. Lp?
< min[h(x) = p|VA(x)[|* + %[ V() ]
= h(x) = 5[ Vh(x)||*.
Rewriting in terms of ¢ we obtain the required result. O

Lemma 2.18.2 bounds the variance of SVRG for the convex case. Please refer to [71]
for more details.

Lemma 2.18.2 ([71]). Suppose f; is convex for all i € [n]. For the updates in Algorithm 2 we
have the following inequality:

E[lJo 17 < 4L[f () — f(x") + f(2) = f(x7)].
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Proof. The proof follows upon observing the following;:

Elllo; ™12 = E[IVfi, (771 = Vi, (57 + V()]

< 2E[[|Vfi, (51 = Vi, () P] + 2E[[| Vi, () = V£, (x%) = (VF(F) = V()]
< 2E[|V £, (x77) = Vi, () P] + 2E[|V £, (2°) = V £, (x7) 7]

SAL[f( = f(x") + f(2°) = f(2)].

The first inequality follows from Cauchy-Schwarz and Young inequality; the second one
from E[||¢ — E[¢]||?] < E[||&]|?], and the third one from Lemma 2.18.1. O

Lemma 2.18.3. For random variables z1, . . ., z, are independent and mean 0, we have
E|llz1+ .+ 22 =E |22+ + 2]

Proof. We have the following:

,
E|llz+..+ 22 = ¥ E[zz] =E [z + .. + |z ] -
i,i=1
The second equality follows from the fact that z;’s are independent and mean 0. O

Lemma 2.18.4. For random variables z, . . ., z,, we have

E ||z + ..+ 2|2 <7E [[lz1]? + .+ |z 2]
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Chapter 3

Fast Incremental Methods for Smooth
Nonconvex Optimization

3.1 Introduction

In this chapter, we continue our study of the finite-sum optimization problem

min f(x) := % Zfl(x), (3.1)

x€R4

where each f; (i € {1,...,n} £ [n]) can be nonconvex. Recall that we denote the class
of such instances of (3.1) by F,,. While the previous chapter presents a fast variance-
reduced algorithm, SVRG, for this problem setting, it is not fully incremental since it
requires computing the full gradient periodically. Our focus in this chapter is to develop
incremental methods for smooth nonconvex optimization.

As mentioned earlier, problems of the form (3.1) are of central importance in machine
learning where they occur as instances of empirical risk minimization; well-known ex-
amples include logistic regression (convex) [68] and deep neural networks (noncon-
vex) [36]. Consequently, such problems have been intensively studied. A basic ap-
proach for solving (3.1) is gradient descent (GD), described by the following:

=t — 3V £(xh), where 7 > 0. (3.2)

However, iteration (10.8) is prohibitively expensive in large-scale settings where 7 is
very large. For such settings, stochastic and incremental methods are typical [18, 33].
These methods use cheap noisy estimates of the gradient at each iteration of (10.8) in-
stead of Vf(x!). A particularly popular approach, stochastic gradient descent (SGD)
uses Vf;,, where i; in chosen uniformly randomly from {1,...,n}. While the cost of
each iteration is now greatly reduced, it is not without any drawbacks. Due to the noise
(also known as variance in stochastic methods) in the gradients, one has to typically use
decreasing step-sizes 7; to ensure convergence, and consequently, the convergence rate
gets adversely affected.
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Therefore, it is of great interest to overcome the slowdown of SGD without giving up
its scalability. Towards this end, for convex instances of (3.1), remarkable progress has
been made recently. The key realization is that if we make multiple passes through the
data, we can store information that allows us to reduce variance of the stochastic gra-
dients. As a result, we can use constant stepsizes (rather than diminishing scalars) and
obtain convergence faster than SGD, both in theory and practice [33, 71, 153]. Noncon-
vex instances of (3.1) are also known to enjoy similar speedups [71], but existing analysis
does not explain this success as it relies heavily on convexity to control variance. Since
SGD dominates large-scale nonconvex optimization (including neural network train-
ing), it is of great value to develop faster nonconvex stochastic methods.

In this chapter, we analyze a variant of SAGA [33] algorithm, an incremental aggre-
gated gradient algorithm that extends the seminal SAG method of [153], and has been
shown to work well for convex finite-sum problems [33]. Specifically, we analyze SAGA
for the class F, using the incremental first-order oracle (IFO) [2]. Recall that for f € F,
an IFO is a subroutine that takes an index i € [n] and a point x € R?, and returns the
pair (fi(x), Vfi(x)). To our knowledge, this work presents the first analysis of fast con-
vergence for an incremental aggregated gradient method for nonconvex problems. The
attained rates improve over both SGD and GD, a benefit that is also corroborated by
experiments.

3.1.1 Related work

A concise survey of incremental gradient methods is [18]. An accessible analysis of
stochastic convex optimization (minE;[F(x,z)]) is [110]. Classically, SGD stems from
the seminal work [148], and has since witnessed many developments [77], including
parallel and distributed variants [3, 15, 128], though non-asymptotic convergence anal-
ysis is limited to convex setups. Faster rates for convex problems in F, are attained by
variance reduced methods, e.g., [33, 71, 133, 153, 156]. Linear convergence of stochastic
dual coordinate ascent when f; (i € [n]) may be nonconvex but f is strongly convex is
studied in [154]. Lower bounds for convex finite-sum problems are studied in [2].

For nonconvex nonsmooth problems the first incremental proximal-splitting meth-
ods is in [164], though only asymptotic convergence is studied. Hong [60] studies con-
vergence of a distributed nonconvex incremental ADMM algorithm. The first work to
present non-asymptotic convergence rates for SGD is [47]; this work presents an O(1/€?)
iteration bound for SGD to satisfy approximate stationarity ||V f(x)||?> < ¢, and their
convergence criterion is motivated by the gradient descent analysis of Nesterov [111].
The first analysis for nonconvex variance reduced stochastic gradient is due to [160],
who apply it to the specific problem of principal component analysis (PCA).

3.2 Preliminaries

In this section, we further explain our assumptions and goals. Recall that a function f is
L-smooth if there is a constant L such that |V f(x) — Vf(y)| < L|lx —y||, Vxye R
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Throughout, we assume that all f; in (11.1) are L-smooth, i.e., |Vfi(x) — Vfi(y)| <
L||x —y|| for all i € [n]. Such an assumption is common in the analysis of first-order
methods. For ease of exposition, we assume the Lipschitz constant L to be indepen-
dent of n. For our analysis, we also discuss the class of T-gradient dominated [115, 122]
functions, namely functions for which

f) = f(x) < T V)% (3.3)

where x* is a global minimizer of f. This class of functions was originally introduced by
Polyak in [122]. Observe that such functions need not be convex. Also notice that gradi-
ent dominance (3.3) is a restriction on the overall function f, but not on the individual
functions f; (i € [n]).

Following [47, 111] we use ||V f(x)||> < € to judge approximate stationarity of x.
Contrast this with SGD for convex f, where one uses [f(x) — f(x*)] or ||x — x*|? as
criteria for convergence analysis. Such criteria cannot be used for nonconvex functions
due to the intractability of the problem.

While the quantities |V f(x)]|?, [f(x) — f(x*)], or ||x — x*||*> are not comparable in
general, they are typically assumed to be of similar magnitude (see [47]). We note that
our analysis does not assume n to be a constant, so we report dependence on it in our
results. Furthermore, while stating our complexity results, we assume that the initial
point of the algorithms is constant, i.e., f(x°) — f(x*) and ||x* — x*|| are constants. For
our analysis, we will need the following definition.

Definition 3.2.1. A point x is called e-accurate if |V f(x)||*> < €. A stochastic iterative algo-
rithm is said to achieve e-accuracy in t iterations if B[||V f(x*)||?] < €, where the expectation
is taken over its stochasticity.

We start our discussion of algorithms by recalling SGD, which performs the follow-
ing update in its t! iteration:

=2t — VL (x), (3.4)

where i; is a random index chosen from [#n], and the gradient V f; (x') approximates the
gradient of f at x!, V f(x'). It can be seen that the update is unbiased, i.e., E[V f;, (x")] =
V£ (x") since the index i; is chosen uniformly at random. Though the SGD update is
unbiased, it suffers from variance due to the aforementioned stochasticity in the chosen
index. To control the variance one has to decrease the step size #; in (3.4), which in turn
leads to slow convergence. The following is a well-known result on SGD in the context
of nonconvex optimization [47].

Theorem 3.2.2. Suppose ||V f;|| < o i.e., gradient of function f; is bounded for all i € [n], then
the IFO complexity of SGD to obtain an e-accurate solution is O(1/€?).

It is instructive to compare the above result with the convergence rate of GD. The
IFO complexity of GD is O(n/€). Thus, while SGD eliminates the dependence on ,
the convergence rate worsens to O(1/€?) from O(1/€) in GD. In the next section, we
investigate an incremental method with faster convergence.
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Algorithm 5: SAGA(x°, T, 1)

: Input: x° € R?, a? = x0 for i € [n], number of iterations T, step size 17 > 0
2 g0 = % i1 sz‘("‘?)

3: fort =0toT —1do

4:  Uniformly randomly pick i, j; from [n]
5 o' =Vfi(x') = Vfi(aj) + ¢

6:  xtl=xt —yot
7.
8
9

—_

t+1

altl = x! and o = a for j # ji

Jt
gt =gt = (Vi) = Vi ()
: end for
10: Output: Iterate x, chosen uniformly random from { xt}th’Ol.

3.3 Algorithm

We describe below the SAGA algorithm and prove its fast convergence for nonconvex
optimization. SAGA is a popular incremental method in machine learning and opti-
mization communities. It is very effective in reducing the variance introduced due to
stochasticity in SGD. Algorithm 5 presents pseudocode for SAGA. Note that the update
o' (Line 5) is unbiased, i.e., E[0!] = Vf(x!). This is due to the uniform random selection
of index #;. It can be seen in Algorithm 5 that SAGA maintains gradients at «; for i € [n].
This additional set is critical to reducing the variance of the update v’. At each iteration
of the algorithm, one of the «; is updated to the current iterate. An implementation of
SAGA requires storage and updating of gradients V f;(«;); the storage cost of the algo-
rithm is nd. While this leads to higher storage in comparison to SGD, this cost is often
reasonable for many applications. Furthermore, this cost can be reduced in the case of
specific models; refer to [33] for more details.
For ease of exposition, we introduce the following quantity:

Ft = (1’] — % — 172L — 2Ct+11’]2), (35)

where the parameters c;,1, B and 1 will be defined shortly. We start with the following
set of key results that provide convergence rate of Algorithm 5.

Lemma 3.3.1. For ct, 41, B > 0, suppose we have
ct = crp1(1— 2+ B +2472L%) + L2

Also let n, B and c; 1 be chosen such that Ty > 0. Then, the iterates {x'} of Algorithm 5 satisfy
the bound

Rt _ Rt+1
E[IVA) P <
t

where R' ;= E[f (x") + (ct/n) X1, [|x" — “f”ﬂ-
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The proof of this lemma is given in Section 3.9. Using this lemma we prove the
following result on the iterates of SAGA.

Theorem 3.3.2. Let f € Fyy. Let cr =0, B > 0, and ¢; = c;1(1 — L +nB +242L2) + 4L3
be such that Ty > 0 for 0 <t < T —1. Define the quantity vy, := ming<;<1_1I+. Then the
output x, of Algorithm 5 satisfies the bound

E[IVf(xa)|?] <

where x* is an optimal solution to (3.1).
Proof. We apply telescoping sums to the result of Lemma 3.3.1 to obtain
Tu L BIIVAGOIP < ¥ THE[IVF ()]
<R’- RT.

The first inequality follows from the definition of <y,,. This inequality in turn implies the
bound

T—1 E[f(x°) — f(xT
Tn
where we used that RT = E[f(xT)] (since c; = 0), and that R® = E[f(x°)] (since
a? = x% for i € [n]). Using inequality (3.6), the optimality of x*, and the definition of x,
in Algorithm 5, we obtain the desired result. O

Note that the notation 7, involves 7, since this quantity can depend on n. To obtain
an explicit dependence on 1, we have to use an appropriate choice of g and 7. This is
made precise by the following main result of the chapter.

Theorem 3.3.3. Suppose f € Fy. Let n = 1/(3Ln*/3) and B = L/n'/3. Then, v, >
and we have the bound

1
12Ln2/3

1202 [f(x%) = f(x*)]
B[V (xa) 7] < d ,

where x* is an optimal solution to the problem in (3.1) and x, is the output of Algorithm 5.

Proof. With the values of 77 and B, let us first establish an upper bound on ¢;. Let 6 denote
nB — 2n*L%. Observe that § < 1and 6 > 4/(9n). This is due to the specific values
of 7 and B stated in the theorem. Also, we have ¢; = ¢;,1(1 — 6) + 72L3. Using this

_(1_n\T—t
relationship, it is easy to see that ¢; = 172L3%. Therefore, we obtain the bound

213
_ 2319t _ 1L L
=L ST S

(3.7)
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for all 0 <t < T, where the inequality follows from the definition of # and the fact that
6 > 4/(9n). Using the above upper bound on ¢; we can conclude that

1
— mi — Gl p21 9 Y>> -

upon using the following inequalities: (i) c;117/8 < 71/4, (i) #*L < 1/3 and (iii)
2¢;41m% < 11/6, which hold due to the upper bound on ¢; in (3.7). Substituting this
bound on 7y, in Theorem 3.3.2, we obtain the desired result. O

A more general result with step size § < 1/(3Ln?/3) can be proved, but it will only
lead to a theoretically suboptimal convergence result. Recall that each iteration of Algo-
rithm 5 requires O(1) IFO calls. Using this fact, we can rewrite Theorem 3.3.3 in terms
of its IFO complexity as follows.

Corollary 3.3.3.1. If f € F},, then the IFO complexity of Algorithm 5 (with parameters from
Theorem 3.3.3) to obtain an e-accurate solution is O(n + n?/3/e).

This corollary follows from the O(1) per iteration cost of Algorithm 5 and because n
IFO calls are required to calculate g° at the start of the algorithm. In special cases, the
initial O(n) IFO calls can be avoided (refer to [33, 153] for details). By comparing the
IFO complexity of SAGA (O(n + n%/3/¢)) with that of GD (O(n/€)), we see that SAGA
is faster than GD by a factor of n'/3.

3.4 Finite Sums with Regularization

In this section, we study the problem of finite-sum problems with additional regular-
ization. More specifically, we consider problems of the form

min f(x) = %Z Filx) +1(x), (3.8)

x€R4 i=1

where r : R — R is an L-smooth (possibly nonconvex) function. Problems of this
nature arise in machine learning where the functions f; are loss functions and r is a
regularizer. Since we assumed r to be smooth, (3.8) can be reformulated as (3.1) by
simply encapsulating r into the functions f;. However, as we will see, it is beneficial to
handle the regularization separately. We call the variant of SAGA with the additional
regularization as REG-SAGA. The key difference between REG-SAGA and SAGA lies in
Line 6 of Algorithm 5. In particular, for REG-SAGA, Line 6 of Algorithm 5 is replaced
with the following update:

= xt — 5 (o' + Vr(xh)). (3.9)

Note that the primary difference is that the part of gradient based on function r is up-
dated at each iteration of the algorithm. The convergence of REG-SAGA can be proved
along the lines of our analysis of SAGA. Hence, we omit the details for brevity and
directly state the following key result stating the IFO complexity of REG-SAGA.
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Theorem 3.4.1. If function f is of the form in (3.8), then the IFO complexity of REG-SAGA to
obtain an e-accurate solution is O(n +n*/3/¢).

The proof essentially follows along the lines of the proof of Theorem 3.3.3. The dif-
ference, however, being that the update corresponding to function r(x) is handled ex-
plicitly at each iteration. Note that the above IFO complexity is not different from that
in Corollary 3.3.3.1. However, its main benefit comes in the form of storage efficiency in
problems with more structure. To understand this, consider the problems of form

I(x"z) +r(x), (3.10)

S|

mir} f(x):=
x€R

n
i=1
where z; € R fori € [n] while ! : R — R is a differentiable loss function. Here, I and
r can be in general nonconvex. Such problems are popularly known as (regularized)
empirical risk minimization in machine learning literature. We can directly apply SAGA
to (3.10) by casting it in the form (3.1). However, recall that the storage cost of SAGA
is O(nd) due to the cost of storing the gradient at a!. This storage cost can be avoided
in REG-SAGA by handling the function r separately. Indeed, for REG-SAGA we need to
store just VI(x'z;) for all i € [n] (as Vr(x) is updated at each iteration). By observing
that VI(x"z;) = I'(x"z;)z;, where I’ represents the derivative of [, it is apparent that
we need to store only the scalars I’(x " z;) for REG-SAGA. This reduces the storage O (1)
instead of O(nd) in SAGA.

3.5 Gradient Dominated Functions

Until now the only assumption we used was Lipschitz continuity of gradients. An
immediate question is whether the IFO complexity can be further improved under
stronger assumptions. We provide an affirmative answer to this question by show-
ing that for gradient dominated functions, a variant of SAGA attains linear convergence
rate. Recall that a function f is called T-gradient dominated if around an optimal point
x*, f satisfies the following growth condition:

flo) = f(x) S T| V)7 Vxe R

For such functions, we use the variant of SAGA shown in Algorithm 6. Observe that
Algorithm 6 uses SAGA as a subroutine. Alternatively, one can rewrite Algorithm 6 in
the form of KT iterations of Algorithm 5 where one updates {«;} after every T iterations
and then selects a random iterate amongst the last T iterates. For this variant of SAGA,
we can prove the following linear convergence result.

Theorem 3.5.1. If f is T-gradient dominated, then with = 1/ (3Ln*/3) and T = [24Ltn?/3],
the iterates of Algorithm 6 satisfy E[|| £ (x*)||2] < 27| f(x°)||?, where x* is an optimal solution

of (3.1).
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Algorithm 6: GD-SAGA (x%, K, T, 77)

1: Input: x° € R, K, epoch length m, step sizes 7 > 0
2: fork =0to K do

3: xF =SAGA(x*"1,T,7)

4

5

: end for
. Output: xX

Proof. The iterates of Algorithm 6 satisfy the bound

]E[va(xk)nz] < ]E[f(xkil) _f(X*)]

, 3.11
>t (3.11)

which holds due to Theorem 3.3.3 given the choices of 7 and T assumed in the state-
ment. However, f is T-gradient dominated, so E[||V f (x*~1)||?] > E[f(x*~1) — f(x*)] /7,
which combined with (3.11) concludes the proof. [

An immediate consequence of this theorem is the following.

Corollary 3.5.1.1. If f is T-gradient dominated, the IFO complexity of Algorithm 6 (with pa-

rameters from Theorem 3.5.1) to compute an e-accurate solution is O((n + tn?/3) log(1/¢€)).
While we state the result in terms of ||V f(x)]|?, it is not hard to see that for gradient

dominated functions a similar result holds for the convergence criterion being [f(x) —

f(ax)].
Theorem 3.5.2. If f is T-gradient dominated, with = 1/ (3Ln?/3) and T = [24Ltn?/3], the
iterates {x*} of Algorithm 6 satisfy

E[f () = f(x")] < 275[f(x°) = f(x")],

where x* is an optimal solution to (3.1).

A noteworthy aspect of the above result is the linear convergence rate to a global op-
timum. Therefore, the above result is stronger than Theorem 3.3.3. Note that through-
out our analysis of gradient dominated functions, no assumptions other than Lipschitz
smoothness are placed on the individual set of functions f;. We emphasize here that
these results can be further improved with additional assumptions (e.g., strong con-
vexity) on the individual functions f; and on f. Also note that GD can achieve linear
convergence rate for gradient dominated functions [122]. However, the IFO complexity
of GD is O(tnlog(1/€)), which is strictly worse than IFO complexity of GD-SAGA (see
Corollary 3.5.1.1).

3.6 Minibatch Variant

A common variant of incremental methods is to sample a set of indices I; instead of sin-
gle index i; when approximating the gradient. Such a variant is generally referred to as
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Algorithm 7: Minibatch-SAGA (x,b, T, 17)
. Input: x° € RY, a? = x0 for i € [n], minibatch size b, number of iterations T, step size 7 > 0
2: g% = Xy Vila])

:fort=0toT —1do

:  Uniformly randomly pick (with replacement) indices sets I, J; of size b from [n]

3

4

50 = Y (VAR - Vi) + g
6:  xtl=xt —yot
7.

8

9

—_

“]t+1 = x! for j € J; and a]f,“ - oc§ forj & J;

g =80 — L Eieg (VSi(af) — Vi(a™)
: end for
10: Output: Iterate x, chosen uniformly random from { xt}th’Ol.

a “minibatch” version of the algorithm. Minibatch variants are of great practical signif-
icance since they reduce the variance of incremental methods and promote parallelism.
Algorithm 7 lists the pseudocode for a minibatch variant of SAGA. Algorithm 7 uses a
set I; of size |I;| = b for calculating the update o' instead of a single index i; used in
Algorithm 5. By using a larger b, one can reduce the variance due to the stochasticity in
the algorithm. Such a procedure is also beneficial in parallel settings since the calcula-
tion of the update v can be parallelized. For this algorithm, we can prove the following
convergence result.

Theorem 3.6.1. Suppose f € F. Let 1 = b/ (3Ln?/3) and B = L/n'/3. Then for the output
x, of Algorithm 7 (with b < n?/3) we have v, > ﬁ and

B[V (x|} < L) = FG),

where x* is an optimal solution to (3.1).

We omit the details of the proof since it is similar to the proof of Theorem 3.3.3.
Note that the key difference in comparison to Theorem 5 is that we can now use a more
aggressive step size # = b/(3Ln?/3) due to a larger minibatch size b. An interesting
aspect of the result is the O(1/b) dependence on the minibatch size b. As long as this
size is not large (b < n?/3), one can significantly improve the convergence rate to a
stationary point. A restatement of aforementioned result in terms of IFO complexity is
provided below.

Corollary 3.6.1.1. If f € F,,, then the IFO complexity of Algorithm 7 (with parameters from
Theorem 3.6.1 and minibatch size b < n?/3) to obtain an e-accurate solution is O(n 4+ n/3/¢).

By comparing the above result with Corollary 3.3.3.1, we can see that the IFO com-
plexity of minibatch-SAGA is the same SAGA. However, since the b gradients can be
computed in parallel, one can achieve (theoretical) b times speedup in multicore and
distributed settings. In contrast, the performance SGD degrades with minibatch size b
since the improvement in convergence rate for SGD is typically O(1/+/b) but b IFO calls
are required at each iteration of minibatch-SGD. Thus, SAGA has a much more efficient
minibatch version in comparison to SGD.
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Figure 3.1: Results for nonconvex regularized generalized linear models (see Equa-
tion (3.12)). The first and last two figures correspond to rcvl and realsim datasets re-
spectively. The results compare the performance of REG-SAGA and SGD algorithms.
Here £ corresponds to the solution obtained by running GD for a very long time and
using multiple restarts. As seen in the figure, REG-SAGA converges much faster than
SGD in terms of objective function value and the stationarity gap ||V f(x)]|2.

3.7 Experiments

We present our empirical results in this section. For our experiments, we study the
problem of binary classification using nonconvex regularizers. The input consists of
tuples {(z;,y;)}!_; where z; € R? (commonly referred to as features) and y; € {—1,1}
(class labels). We are interested in the empirical loss minimization setup described in
Section 3.4. Recall that problem of finite sum with regularization takes the form

n

min f(x) := 1 Y filx) +r(x). (3.12)

XERd n i=1

For our experiments, we use logistic function for f;, i.e., fi(x) = log(1 + exp(—y;x ' z;))
foralli € [n]. All z; are normalized such that ||z;|| = 1. We observe that the loss function
has Lipschitz continuous gradients. The function r(x) = A Y% ; ax?/(1+ ax?) is chosen
as the regularizer (see [9]). Note that the regularizer is nonconvex and smooth. In our
experiments, we use the parameter settings of A = 0.001 and a = 1 for all the datasets.

We compare the performance of SGD (the de facto incremental method for nonconvex
optimization) with nonconvex REG-SAGA in our experiments. The comparison is based
on the following criteria: (i) the objective function value (also called training loss in this
context), which is the main goal of the chapter; and (ii) the stationarity gap ||V f(x)||?,
the criteria used for our theoretical analysis. For the step size of SGD, we use the popular
t—inverse schedule 17; = 7o(1+ #n'[t/n])~!, where 1y and 5’ are tuned so that SGD
gives the best performance on the training loss. In our experiments, we also use n=0;
this results in a fixed step size for SGD. For REG-SAGA, a fixed step size is chosen
(as suggested by our analysis) so that it gives the best performance on the objective
function value, i.e., training loss. Note that due to the structure of the problem in (3.12),
as discussed in Section 3.4, the storage cost of REG-SAGA is just O(n).

Initialization is critical to many of the incremental methods like REG-SAGA. This
is due to the stronger dependence of the convergence on the initial point (see Theo-
rem 3.3.3). Furthermore, one has to obtain Vf;(a?) for all i € [n] in REG-SAGA algo-
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rithm (see Algorithm 5). For initialization of both SGD and REG-SAGA, we make one
pass (without replacement) through the dataset and perform the updates of SGD dur-
ing this pass. Doing so not only allows us to also obtain a good initial point x° but
also to compute the initial values of V£ (a?) for i € [n]. Note that this choice results in
a variant of REG-SAGA where a? are different for various i (unlike the pseudocode in
Algorithm 5). The convergence rates of this variant can be shown to be similar to that
of Algorithm 5.

Figure 3.1 shows the results of our experiments. The results are on two standard
UCI datasets, ‘rcvl’” and ‘realsim’!. The plots compare the criteria mentioned earlier
against the number of IFO calls made by the corresponding algorithm. For the objective
function, we look at the difference between the objective function (f(x')) and the best
objective function value obtained by running GD for a very large number of iterations
using multiple initializations (denoted by f(£)). As shown in the figure, REG-SAGA
converges much faster than SGD in terms of objective value. Furthermore, as supported
by the theory, the stationarity gap for REG-SAGA is very small in comparison to SGD.
Also, in our experiments, the selection of step size was much easier for REG-SAGA when
compared to SGD. Overall the empirical results for nonconvex regularized problems
are promising. It will be interesting to apply the approach for other smooth nonconvex
problems.

3.8 Discussion

Before ending this chapter, it is important to compare and contrast different convergence
rates obtained in the chapter. For general smooth nonconvex problems, we observed
that SAGA has a low IFO complexity of O(n + n?/3/¢) in comparison to SGD (O(1/€?))
and GD (O(n/e)). This difference in the convergence is especially significant if one
requires a medium to high accuracy solution, i.e., € is small. Furthermore, for gradient
dominated functions, where SGD obtains a sublinear convergence rate of O(1/€?)? as
opposed to fast linear convergence rate of a variant of SAGA (see Theorem 3.5.1.1). It
is an interesting future work to explore other setups where we can achieve stronger
convergence rates. Surprisingly, the aforementioned convergence rates of SAGA match
with those obtained for SVRG in the previous chapter.

From our analysis of minibatch-SAGA in Section 3.6, we observe that SAGA profits
from mini-batching much more than SGD. In particular, one can achieve a (theoretical)
linear speedup using mini-batching in SAGA in parallel settings. On the other hand, the
performance of SGD typically degrades with minibatching. In summary, SAGA enjoys
all the benefits of GD like constant step size, efficient minibatching with much weaker
dependence on n.

Notably, SAGA, similar to SVRG and unlike SGD, does not use any additional as-
sumption of bounded gradients (see Theorem 3.2.2 and Corollary 3.3.3.1). Moreover, if

IThe datasets can be downloaded from https://www.csie.ntu.edu.tw/~-cjlin/
libsvmtools/datasets/binary.html.
2For SGD, we are not aware of any better convergence rates for gradient dominated functions.
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one uses a constant step size for SGD, we need to have an advance knowledge of the
total number of iterations T in order to obtain the convergence rate mentioned in The-
orem 3.2.2. Although we restrict our attention to SAGA algorithm, by using our proof
technique, we can show that another incremental method, SDCA, exhibits very similar
properties for the problem setting of our interest.

Appendix: Omitted Proofs

3.9 Proof of Lemma 3.3.1

Proof. Since f is L-smooth, from Lemma 3.9.2, we have

E[f(x"1)] S E[f(x') + (Vf(x'), 2 =) + 5[Ix1 = |17,

We first note that the update in Algorithm 5 is unbiased i.e., E[v'] = V f(x!). By using
this property of the update on the right hand side of the inequality above, we get the
following;:

E[f(x*1)] < Bf(x) — il V()2 + 5 [0 2] (3.13)

Here we used the fact that x!™!1 — x! = —5o! (see Algorithm 5). Consider now the

Lyapunov function

R': +"fZHx i |?].

For bounding R'™! we need the following:

1 & 1 -1
EZIE[thJrl t+1H Z ]EthJrl tHZ - IE”xtJrl i§”2 ) (3.14)
5 N

i=1
T

The above equality from the definition of (xtﬂ and the uniform randomness of index j;

in Algorithm 5. The term T in (3.14) can be bounded as follows

T = E[[lx"™ —x' +x' —af]?]

= E[|Jx" — |2 + [l — af | + 20" — 2, " — af)]
[l = 22+ [|x = af[1?] — 27 B[V f(x"), %" — af)]
[l =t + " — af]1?]

+ 20 | | V()2 + Bllt — 2] (3.15)
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The second equality again follows from the unbiasedness of the update of SAGA. The
last inequality follows from a simple application of Cauchy-Schwarz and Young’s in-
equality. Plugging (3.13) and (3.15) into R'*!, we obtain the following bound:

R+ < IE[f(xt) . 77|’Vf(xt)H2 L_’72H0t’|2]

ZHX ai|?]

+ Elcpq||x T — 2% + Ct+1

¢ 2n= Yewan ZIE [ﬁuwuf)nu LBl — )]
< E[f(x) - (n —“””)HVf( N2
+ (4% +can?) Elo'])
(e +ang) 121113 12t — 1] (316

To further bound the quantity in (3.16), we use Lemma 3.9.1 to bound E[||!||?], so that
upon substituting it into (3.16), we obtain

RE < E[f(x)
— (= 2% = pPL = 2007 [V £ () ]

+ lea (1= L+ nB+2721%) + 2L 4 ZE 5 =l
< R — (,7 _ % —172L — 204417 )]E[va( )” ]

The second inequality follows from the definition of ¢; i.e., ¢; = c;41(1 — % + 1B+
27?L?) + 5?13 and R’ specified in the statement, thus concluding the proof. O

Other Lemmas

The following lemma provides a bound on the variance of the update used in SAGA
algorithm. More specifically, it bounds the quantity [E[|o![|?]. A more general result
for bounding the variance of the minibatch scheme in Algorithm 7 can be proved along
similar lines.

Lemma 3.9.1. Let v be computed by Algorithm 5. Then,
2L2 n

E[|[o"||”] < 2E[| V£ () I*] + ==} E[llx" —aj).

i=1

Proof. For ease of exposition, we use the notation
= (vfit(xt) - Vflt(“ft))
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Using the convexity of ||||?> and the definition of v we get
n
E[|[o'*) = E[I" + 3 Z V)l
E[IC"+ 5 ZVf VI(x') + V()P

< 2E[[|Vf(x )||2]+21E[||Ct— [2']11°]
< 2E[||V £ (x")[I°] + 2E[lIZ"]]?]-

The first mequahty follows from the fact that ||a + b||> < 2(||a||?> + ||b||?) and that E[{!] =
Vf(xh) — 1 V£ (al). The second inequality is obtained by noting that for a random
variable , ]E[||§ ]E[@] 1] < E[||]|%]. Using Jensen’s inequality in the inequality above,
we get

E[[["]|]

< 2BV () + imum — Vi)

ZIE[HX a]?].

The last inequality follows from L-smoothness of f;,, thus concluding the proof. O

SII\J

I\J

< 2E[||Vf(x)*] + =~

The following result provides a bound on the function value of functions with Lips-
chitz continuous gradients.

Lemma 3.9.2. Suppose the function f : R? — R is L-smooth, then the following holds

F) < £ + (V@) x —y) + 5l =y,

forall x,y € RY.
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Chapter 4

A Generic Approach for Escaping
Saddle Points

4.1 Introduction

While the previous chapters examined fast stochastic and incremental methods for non-
convex optimization, the convergence criterion was that of stationarity. In this chapter,
we investigate algorithms for nonconvex finite-sum problems of the form

min f(x) = % Y. filx), @1)

x€R4

with focus on convergence to local minimizers. Recall that neither f : R — R nor the
individual functions f; : RY — R (i € [n]) are necessarily convex. As earlier, we operate
in a general nonconvex setting except for few smoothness assumptions like Lipschitz
continuity of the gradient and Hessian.

In the large-scale settings, algorithms based on first-order information of functions
fi are typically favored as they are relatively inexpensive and scale seamlessly. An al-
gorithm widely used in practice is stochastic gradient descent (SGD), which has the
iterative update:

Xep1 = Xt — 1V fi (xt), (4.2)

where i; € [n] is a randomly chosen index and 7; is a learning rate. Under suitable
selection of the learning rate, we can show that SGD converges to a point x that, in ex-
pectation, satisfies the stationarity condition ||V f(x)|| < € in O(1/€?) iterations [47].
This result has two critical weaknesses: (i) It does not ensure convergence to local op-
tima or second-order critical points; (ii) The rate of convergence of the SGD algorithm is
slow.

For general nonconvex problems, one has to settle for a more modest goal than sub-
optimality, as finding the global minimizer of finite-sum nonconvex problem will be in
general intractably hard. Unfortunately, SGD does not even ensure second-order critical
conditions such as local optimality since it can get stuck at saddle points. This issue
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has recently received considerable attention in the ML community, especially in the
context of deep learning [27, 29, 30]. These works argue that saddle points are highly
prevalent in most optimization paths, and are the primary obstacle for training large
deep networks. To tackle this issue and achieve a second-order critical point for which
V£ < eand V2f = —/ell, we need algorithms that either use the Hessian explicitly
or exploit its structure.

A key work that explicitly uses Hessians to obtain faster convergence rates is the cu-
bic regularization (CR) method [115]. In particular, Nesterov and Polyak [115] showed
that CR requires O(1/€%/2) iterations to achieve the second-order critical conditions.
However, each iteration of CR is expensive as it requires computing the Hessian and
solving multiple linear systems, each of which has complexity O(d“) (w is the matrix
multiplication constant), thus, undermining the benefit of its faster convergence. Re-
cently, Agarwal et al. [5] designed an algorithm to solve the CR more efficiently, how-
ever, it still exhibits slower convergence in practice compared to first-order methods.
Both of these approaches use Hessian based optimization in each iteration, which make
them slow in practice.

A second line of work focuses on using Hessian information (or its structure) when-
ever the method gets stuck at stationary points that are not second-order critical. To our
knowledge, the first work in this line is [46], which shows that for a class of functions
that satisfy a special property called “strict-saddle” property, a noisy variant of SGD can
converge to a point close to a local minimum. For this class of functions, points close to
saddle points have a Hessian with a large negative eigenvalue, which proves instrumen-
tal in escaping saddle points using an isotropic noise. While such a noise-based method
is appealing as it only uses first-order information, it has a very bad dependence on the
dimension d, and furthermore, the result only holds when the strict-saddle property is
satisfied [46]. More recently, Carmon et al. [22] presented a new faster algorithm that
alternates between first-order and second-order subroutines. However, their algorithm
is designed for the simple case of n = 1 in (4.1) and hence, can be expensive in practice.

Inspired by this line of work, we develop a general framework for finding second-
order critical points. The key idea of our framework is to use first-order information for
the most part of the optimization process and invoke Hessian information only when
stuck at stationary points that are not second-order critical. We summarize the key idea
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and main contributions of this chapter below.

Main Contributions: We develop an algorithmic framework for converging to second-
order critical points and provide convergence analysis for it. Our framework carefully
alternates between two subroutines that use gradient and Hessian information, respec-
tively, and ensures second-order criticality. Furthermore, we present two instantiations
of our framework and provide convergence rates for them. In particular, we show that
a simple instance of our framework, based on SVRG, achieves convergence rates com-
petitive with the current state-of-the-art methods; thus highlighting the simplicity and
applicability of our framework. Finally, we demonstrate the empirical performance of a
few algorithms encapsulated by our framework and show their superior performance.

41.1 Related Work

There is a vast literature on algorithms for solving optimization problems of the form (4.1).
A classical approach for solving such optimization problems is SGD, which dates back
at least to the seminal work of [148]. Since then, SGD has been a subject of extensive
research, especially in the convex setting [19, 77, 93, 124]. Recently, new faster methods,
called variance reduced (VR) methods, have been proposed for convex finite-sum prob-
lems. VR methods attain faster convergence by reducing the variance in the stochastic
updates of SGD, see e.g., [33, 34, 71,75, 153, 156]. Accelerated variants of these methods
achieve the lower bounds proved in [2, 81], thereby settling the question of their opti-
mality. Furthermore, [133] developed an asynchronous framework for VR methods and
demonstrated their benefits in parallel environments.

Most of the aforementioned prior works study stochastic methods in convex or very
specialized nonconvex settings that admit theoretical guarantees on sub-optimality. For
the general nonconvex setting, it is only recently that non-asymptotic convergence rate
analysis for SGD and its variants was obtained in [47], who showed that SGD ensures
|V£| < e (in expectation) in O(1/€*) iterations. A similar rate for parallel and dis-
tributed SGD was shown in [87]. For these problems, Reddi et al. [139, 141, 142] proved
faster convergence rates that ensure the same optimality criteria in O(n + n?/3/¢?),
which is an order n'/3 faster than GD. While these methods ensure convergence to sta-
tionary points at a faster rate, the question of convergence to local minima (or in general
to second-order critical points) has not been addressed. To our knowledge, convergence
rates to second-order critical points (defined in Definition 4.2.1) for general nonconvex
functions was first studied by [115]. However, each iteration of the algorithm in [115]
is prohibitively expensive since it requires eigenvalue decompositions, and hence, is
unsuitable for large-scale high-dimensional problems. More recently, Agarwal et al.
[5], Carmon et al. [22] presented algorithms for finding second-order critical points by
tackling some practical issues that arise in [115]. However, these algorithms are either
only applicable to a restricted setting or heavily use Hessian based computations, mak-
ing them unappealing from a practical standpoint. Noisy variants of first-order methods
have also been shown to escape saddle points (see [46, 69, 83]), however, these methods
have strong dependence on either 7 or d, both of which are undesirable.
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4.2 Background & Problem Setup

We assume that each of the functions f; in (4.1) is L-smooth, i.e., |V fi(x) — Vfi(y)] <
L||x —y|| for all i € [n]. Furthermore, we assume that the Hessian of f in (4.1) is Lips-
chitz, i.e., we have

IV2f(x) = V2f ()l < Mllx —yl, (4.3)

for all x,y € R?. Such a condition is typically necessary to ensure convergence of al-
gorithms to the second-order critical points [115]. In addition to the above smoothness
conditions, we also assume that the function f is bounded below, i.e., f(x) > B for all
x € RY,

In order to measure stationarity of an iterate x, similar to [47, 111, 115], we use the
condition ||V f(x)|| < e. In this chapter, we are interested in convergence to second-
order critical points. Thus, in addition to stationarity, we also require the solution to
satisfy the Hessian condition V2f(x) = —~I [115]. For iterative algorithms, we require
both €, — 0 as the number of iterations T — oo. When all saddle points are non-
degenerate, such a condition implies convergence to a local optimum.

Definition 4.2.1. An algorithm A is said to obtain a point x that is a (€, y)-second order critical
point if E[||V f(x)||] < € and V2f(x) = —1, where the expectation is over any randomness
in A.

We must exercise caution while interpreting results pertaining to (e, v)-second order
critical points. Such points need not be close to any local minima either in objective
function value, or in the domain of (4.1). Note that the aforementioned criterion is
stronger than the one used in the previous chapters. For our algorithms, we use only an
Incremental First-order Oracle (IFO) [2] and an Incremental Second-order Oracle (ISO),
defined below.

Definition 4.2.2. An IFO takes an index i € [n] and a point x € R, and returns the pair
(fi(x), Vfi(x)). AnISO takes an index i € [n], point x € RY and vector v € R? and returns
the vector V2 f;(x)v.

IFO and ISO calls are typically cheap, with ISO call being relatively more expensive.
In many practical settings that arise in machine learning, the time complexity of these
oracle calls is linear in d [4, 120]. For clarity and clean comparison, the dependence of
time complexity on Lipschitz constant L, M, initial point and any polylog factors in the
results is hidden.

4.3 Generic Framework

In this section, we propose a generic framework for escaping saddle points while solv-
ing nonconvex problems of form (4.1). One of the primary difficulties in reaching a
second-order critical point is the presence of saddle points. To evade such points, one
needs to use properties of both gradients and Hessians. To this end, our framework is
based on two core subroutines: GF-OPTIMIZER and HF-OPTIMIZER.
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Algorithm 8: Generic Framework

1: Input - Initial point x°, iterations T, error threshold parameters €, 7y and probability p
2: fort =1to T do
3: (v, z') = GF-OPTIMIZER(x! !, €) (refer to G.1 and G.2)

4:  Choose u' as y' with probability p and z' with probability 1 — p
5. (xt*!, 1) = HE-OPTIMIZER (1!, €, y) (refer to H.1 and H.2)

6: if 't = @ then

7: Output set {x'*1}

8: endif

9: end for

10: Outputset {y', ..., y"}

The idea is to use these two subroutines, each focused on different aspects of the
optimization procedure. GF-OPTIMIZER focuses on using gradient information for de-
creasing the function. On its own, the GF-OPTIMIZER might not converge to a local
minimizer since it can get stuck at a saddle point. Hence, we require the subroutine
HF-OPTIMIZER to help avoid saddle points. A natural idea is to interleave these subrou-
tines to obtain a second-order critical point. But it is not even clear if such a procedure
even converges. We propose a carefully designed procedure that effectively balances
these two subroutines, which not only provides meaningful theoretical guarantees, but
remarkably also translates into strong empirical gains in practice.

Algorithm 8 provides pseudocode of our framework. Observe that the algorithm is
still abstract, since it does not specify the subroutines GF-OPTIMIZER and HF-OPTIMIZER.
These subroutines determine the crucial update mechanism of the algorithm. We will
present specific instance of these subroutines in the next section, but we assume the
following properties to hold for these subroutines.

* GF-OPTIMIZER: Suppose (y,z) = GF-OPTIMIZER(x, 1, €), then there exists positive
function ¢ : N x R — R™, such that

G1 E[f(y)] < f(x),
G2 E[|VF(y)| < L5 Elf(x) - £(2)]

Here the outputs y,z € R?. The expectation in the conditions above is over any
randomness that is a part of the subroutine. The function g will be critical for the
overall rate of Algorithm 8. Typically, GF-OPTIMIZER is a first-order method, since
the primary aim of this subroutine is to focus on gradient based optimization.

* HF-OPTIMIZER: Suppose (y,T) = HF-OPTIMIZER(x,1,€,7) where y € R? and T =
{D,0}. If T = @, then y is a (€, 7)-second order critical point with probability at least
1 —g. Otherwise if T = ¢, then y satisfies the following condition:

H.1 E[f(y)] < f(x),

H.2 E[f(y)] < f(x) — h(n,e,v) when Apin(V2f(x)) < —v for some function h :
N xR" xRT — R™.
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Here the expectation is over any randomness in subroutine HF-OPTIMIZER. The two
conditions ensure that the objective function value, in expectation, never increases
and furthermore, decreases with a certain rate when Amin(V2f(x)) < —v. In gen-
eral, this subroutine utilizes the Hessian or its properties for minimizing the objective
function. Typically, this is the most expensive part of the Algorithm 8 and hence,
needs to be invoked judiciously.

The key aspect of these subroutines is that they, in expectation, never increase the
objective function value. The functions ¢ and & will determine the convergence rate
of Algorithm 8. In order to provide a concrete implementation, we need to specify
the aforementioned subroutines. Before we delve into those details, we will provide a
generic convergence analysis for Algorithm 8.

Convergence Analysis

Theorem 4.3.1. Let A = f(x°) — Band 6 = min((1 — p)e?g(n, €), ph(n,e,7v)) . Also, let set
I be the output of Algorithm 8 with GF-OPTIMIZER satisfying G.1 and G.2 and HF-OPTIMIZER
satisfying H.1 and H.2. Furthermore, T be such that T > A/#.

Suppose the multiset S = {iy, ...ix } are k indices selected independently and uniformly ran-
domly from {1, ..., |T'|}. Then the following holds for the indices in S:

1. v, wheret € {iy, ..., ix}, is a (€, y)-critical point with probability at least 1 —max(A/(T0), q).
2. Ifk = O(log(1/¢)/ min(log(A/(T6)),log(1/q))), with at least probability 1 — {, at least
one iterate y' where t € {iy, ..., iy } is a (e, y)-critical point.

The proof of the result is presented in Appendix 4.7. The key point regarding the
above result is that the overall convergence rate depends on the magnitude of both
functions ¢ and h. Theorem 4.3.1 shows that the slowest amongst the subroutines
GF-OPTIMIZER and HF-OPTIMIZER governs the overall rate of Algorithm 8. Thus, it
is important to ensure that both these procedures have good convergence. Also, note
that the optimal setting for p based on the result above satisfies 1/p = 1/€%g(n, €) +
1/h(n,e,v) . We defer further discussion of convergence to next section, where we
present more specific convergence and rate analysis.

4.4 Concrete Instantiations

We now present specific instantiations of our framework in this section. Before we state
our key results, we discuss an important subroutine that is used as GF-OPTIMIZER for
rest of this chapter: SVRG. We give a brief description of the algorithm in this section
and show that it meets the conditions required for a GF-OPTIMIZER. SVRG [71, 139] is a
stochastic algorithm recently shown to be very effective for reducing variance in finite-
sum problems. We seek to understand its benefits for nonconvex optimization, with a
particular focus on the issue of escaping saddle points. Algorithm 9 presents SVRG's
pseudocode.
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Algorithm 9: SVRG (1Y, ¢)

1: Input: x3, = x° € RY, epoch length m, step sizes {; > 0}"!, iterations Ty, S = [T, /m]

2: fors=0toS —1do

3: f—xgﬂ X3,

4: s+1 1 Zn vfz( )
5: fortzOtom—ldo
6: Uniformly randomly pick 7; from {1,...,n}
7 o = V) -V (7) g
8: xii% = xtjL — ;"
9: end for
10: end for
11: Output: (y,z) where y is Iterate x, chosen uniformly random from {{x;™}" 115~ 1 and
z=1x5.

Observe that Algorithm 9 is an epoch-based algorithm. At the start of each epoch s,
a full gradient is calculated at the point £°, requiring n calls to the IFO. Within its inner
loop SVRG performs m stochastic updates. Suppose m is chosen to be O(n) (typically
used in practice), then the total IFO calls per epoch is ©(n). Strong convergence rates
have been proved Algorithm 9 in the context of convex and nonconvex optimization [71,
139]. The following result shows that SVRG meets the requirements of a GF-OPTIMIZER.

Lemma 4.4.1. Suppose ny = 7 = 1/4Ln?/3, m = n and Ty = Te, which depends on €, then
Algorithm 9 is a GF-OPTIMIZER with g(n,€) = T./40Ln?/3.

In rest of this section, we discuss approaches using SVRG as a GF-OPTIMIZER. In par-
ticular, we propose and provide convergence analysis for two different methods with
different HF-OPTIMIZER but which use SVRG as a GF-OPTIMIZER.

4.4.1 Hessian descent

The first approach is based on directly using the eigenvector corresponding to the small-
est eigenvalue as a HF-OPTIMIZER. More specifically, when the smallest eigenvalue of
the Hessian is negative and reasonably large in magnitude, the Hessian information
can be used to ensure descent in the objective function value. The pseudo-code for the
algorithm is given in Algorithm 10.

The key idea is to utilize the minimum eigenvalue information in order to make
a descent step. If Apnin(V2f(x)) < —1 then the idea is to use this information to
take a descent step. Note the subroutine is designed in a fashion such that the objec-
tive function value never increases. Thus, it naturally satisfies the requirement H.1 of
HF-OPTIMIZER. The following result shows that HESSTANDESCENT is a HF-OPTIMIZER.

Lemma 4.4.2. HESSIANDESCENT is a HF-OPTIMIZER with h(n,€,y) = 24M2')/
The proof of the result is presented in Appendix 4.9. With SVRG as GF-OPTIMIZER
and HESSIANDESCENT as HF-OPTIMIZER, we show the following key result:
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Algorithm 10: HESSIANDESCENT (x, €, y)

1: Find v such that ||v]| = 1, and with probability at least p the following inequality holds:
(0, V2f(x)v) < Amin(V2f(x)) + 3.

: Seta = |(v, V2f(x)v)|/ M.

u=x—uasign((v, Vf(x)))v.

Yy = arg minze{u,x} f(Z)

: Output: (y,).

Theorem 4.4.3. Suppose SVRG with m = n, 5y = n = 1/4Ln?/3 forall t € {1,..,m}
and Ty = 40Ln?/3/€/2 is used as GF-OPTIMIZER and HESSIANDESCENT is used as HF-
OPTIMIZER with g = 0, then Algorithm 8 finds a (€, \/€)-second order critical point in T =
O(A/ min(p,1 — p)e3/?) with probability at least 0.9.

The result directly follows from using Lemma 4.4.1 and 4.4.2 in Theorem 4.3.1. The
result shows that the iteration complexity of Algorithm 8 in this case is O(A/€%/2 min(p,
1—p)). Thus, the overall IFO complexity of SVRG algorithm s (n+ Tg) x T = O(n /€% +
n?/3/¢€?). Since each IFO call takes O(d) time, the overall time complexity of all GF-
OPTIMIZER steps is O(nd/e3/? 4+ n?/3d/€?). To understand the time complexity of
HESSIANDESCENT, we need the following result [5].

Preposition 1. The time complexity of finding v € R? that ||v|| = 1, and with probabil-
ity at least p the following inequality holds: (v, V2f(x)v) < Apin(V2f(x)) + % is O(nd +
n3/4dy1/2),

Note that each iteration of Algorithm 8 in this case has just linear dependence on
d. Since the total number of HESSIANDESCENT iterations is O(A/ min(p,1 — p)e3/?)
and each iteration has the complexity of O(nd + n%/4d/e'/*), using the above remark,
we obtain an overall time complexity of HESSTANDESCENT is O(nd /€3/% +n3/4d /e7/4).
Combining this with the time complexity of SVRG, we get the following result.

Corollary 4.4.3.1. The overall running time of Algorithm 8 to find a (e, /€)-second order
critical point, with parameter settings used in Theorem 4.4.3, is O(nd/€>'? +n3/*d/e”/* +
n?/3d/e?).

Note that the dependence on € is much better in comparison to that of Noisy SGD
used in [46]. Furthermore, our results are competitive with [5, 22] in their respective set-
tings, but with a much simpler algorithm and analysis. We also note that our algorithm
is faster than the one proposed in [69], which has a time complexity of O(nd/€?).

4.4.2 Cubic Descent

In this section, we show that the cubic regularization method in [115] can be used as
HF-OPTIMIZER. More specifically, here HF-OPTIMIZER approximately solves the fol-
lowing optimization problem:

1 M
y= argmzin (Vf(x),z—x)+ > <Z — x,sz(x)(z — x)> + lez — x|,
(CUBICDESCENT)
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and returns (y, ¢) as output. The following result can be proved for this approach.

Theorem 4.4.4. Suppose SVRG (with same parameters as in Theorem 4.4.3) is used as GF-
OPTIMIZER and CUBICDESCENT is used as HF-OPTIMIZER with q = 0, then Algorithm 8§
finds a (e, /€)-second order critical point in T = O(A/ min(p,1 — p)e3/?) with probability
at least 0.9.

In principle, Algorithm 8 with CUBICDESCENT as HF-OPTIMIZER can converge with-
out the use of GF-OPTIMIZER subroutine at each iteration since it essentially reduces
to the cubic regularization method of [115]. However, in practice, we would expect
GF-OPTIMIZER to perform most of the optimization and HF-OPTIMIZER to be used for
far fewer iterations. Using the method developed in [115] for solving CUBICDESCENT,
we obtain the following corollary.

Corollary 4.4.4.1. The overall running time of Algorithm 8 to find a (e,+/€)-second order
critical point, with parameter settings used in Theorem 4.4.4, is O(nd® /€3/% +n?/3d/€?).

Here w is the matrix multiplication constant. The dependence on € is weaker in
comparison to Corollary 4.4.3.1. However, each iteration of CUBICDESCENT is expen-
sive (as seen from the factor 4 in the corollary above) and thus, in high dimensional
settings typically encountered in machine learning, this approach can be expensive in
comparison to HESSTANDESCENT.

4.4.3 Practical Considerations

The focus of this section was to demonstrate the wide applicability of our framework;
wherein using a simple instantiation of this framework, we could achieve algorithms
with fast convergence rates. To further achieve good empirical performance, we had to
slightly modify these procedures. For HF-OPTIMIZER, we found stochastic, adaptive
and inexact approaches for solving HESSIANDESCENT and CUBICDESCENT work well
in practice. The exact description of these modifications is deferred to Appendix 4.12.
Furthermore, in the context of deep learning, empirical evidence suggests that first-
order methods like ADAM [73] exhibit behavior that is in congruence with properties
G.1 and G.2. While theoretical analysis for a setting where ADAM is used as GF-
OPTIMIZER is still unresolved, we nevertheless demonstrate its performance through
empirical results in the following section.

4.5 Experiments

We now present empirical results for our saddle point avoidance technique with an
aim to highlight three aspects: (i) the framework successfully escapes non-degenerate
saddle points, (ii) the framework is fast, and (iii) the framework is practical on large-
scale problems. All the algorithms are implemented on TensorFlow [1]. In case of deep
networks, the Hessian-vector product is evaluated using the trick presented in [120].
We run our experiments on a commodity machine with Intel® Xeon® CPU E5-2630 v4
CPU, 256GB RAM, and NVidia® Titan X (Pascal) GPU.
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Figure 4.2: Comparison of various methods on a synthetic problem. Our mix framework
successfully escapes saddle point and uses relatively few ISO calls in comparison to
CUBICDESCENT.

Synthetic Problem To demonstrate the fast escape from a saddle point by the proposed
method, we consider the following simple nonconvex finite-sum problem:

1 7
min — A:x + bl 10 4.4
xe}l[gnl;x ix +bi x + [|x(l3g (44)

Here the parameters are designed such that ) ; b; = 0 and ) ; A; matrix has exactly one
negative eigenvalue of —0.001 and other eigenvalues randomly chosen in the interval
[1,2]. The total number of examples # is set to be 100,000 and 4 is 1000. It is not hard to
see that this problem has a non-degenerate saddle point at the origin. This allows us to
explore the behaviour of different optimization algorithms in the vicinity of the saddle
point. In this experiment, we compare a mix of SVRG and HESSIANDESCENT (as in
Theorem 4.4.3) with SGD (with constant step size), ADAM, SVRG and CUBICDESCENT.
The parameter of these algorithms is chosen by grid search so that it gives the best
performance. The subproblem of CUBICDESCENT was solved with gradient descent
[22] until the gradient norm of the subproblem is reduced below 10~3. We study the
progress of optimization, i.e., decrease in function value with wall clock time, IFO calls,
and ISO calls. All algorithms were initialized with the same starting point very close to
origin.

The results are presented in Figure 4.2, which shows that our proposed mix frame-
work was the fastest to escape the saddle point in terms of wall clock time. We ob-
serve that performance of the first order methods suffered severely due to the saddle
point. Note that SGD eventually escaped the saddle point due to inherent noise in the
mini-batch gradient. CUBICDESCENT, a second-order method, escaped the saddle point
faster in terms of iterations using the Hessian information. But operating on Hessian
information is expensive as a result this method was slow in terms of wall clock time.
The proposed framework, which is a mix of the two strategies, inherits the best of both
worlds by using cheap gradient information most of the time and reducing the use of
relatively expensive Hessian information (ISO calls) by 100x. This resulted in faster es-
cape from saddle point in terms of wall clock time.

Deep Networks To investigate the practical performance of the framework for deep
learning problems, we applied it to two deep autoencoder optimization problems from
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Figure 4.3: Comparison of various methods on CURVES and MNIST Deep Autoen-
coder. Our mix approach converges faster than the baseline methods and uses relatively
few ISO calls in comparison to APPROXCUBICDESCENT.

[59] called “CURVES” and “MNIST”. Due to their high difficulty, performance on these
problems has become a standard benchmark for neural network optimization meth-
ods, e.g. [100, 101, 165, 170]. The “CURVES” autoencoder consists of an encoder with
layers of size (28x28)-400-200-100- 50-25-6 and a symmetric decoder totaling in 0.85M
parameters. The six units in the code layer were linear and all the other units were
logistic. The network was trained on 20,000 images and tested on 10,000 new images.
The data set contains images of curves that were generated from three randomly chosen
points in two dimensions. The “MNIST” autoencoder consists of an encoder with layers
of size (28x28)-1000-500-250-30 and a symmetric decoder, totaling in 2.8M parameters.
The thirty units in the code layer were linear and all the other units were logistic. The
network was trained on 60,000 images and tested on 10,000 new images. The data set
contains images of handwritten digits 0-9. The pixel intensities were normalized to lie
between 0 and 1.!

As an instantiation of our framework, we use a mix of ADAM, which is popular
in deep learning community, and an APPROXCUBICDESCENT for the practical reasons
mentioned in Section 4.4.3. This method with ADAM and APPROXCUBICDESCENT. The
parameters of these algorithms were chosen to produce the best generalization on a held
out test set. The regularization parameter M was chosen as the smallest value such that
the function value does not fluctuate in the first 10 epochs. We use the initialization sug-
gested in [100] and a mini-batch size of 1000 for all the algorithms. We report objective
function value against wall clock time and ISO calls.

The results are presented in Figure 4.3, which shows that our proposed mix frame-
work was the fastest to escape the saddle point in terms of wall clock time. ADAM took
considerably more time to escape the saddle point, especially in the case of MNIST.
While APPROXCUBICDESCENT escaped the saddle point in relatively fewer iterations,
each iteration required considerably large number of ISO calls; as a result, the method
was extremely slow in terms of wall clock time, despite our efforts to improve it via
approximations and code optimizations. On the other hand, our proposed framework,
seamlessly balances these two methods, thereby, resulting in the fast decrease of train-
ing loss.

1Data available at: www.cs.toronto.edu/~jmartens/digs3pts_1.mat, mnist_all.mat
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4.6 Discussion

In this chapter, we examined a generic strategy to escape saddle points in nonconvex
finite-sum problems and presented its convergence analysis. The key intuition is to al-
ternate between a first-order and second-order based optimizers; the latter is mainly in-
tended to escape points that are only stationary but are not second-order critical points.
We presented two different instantiations of our framework and provided their detailed
convergence analysis. While both our methods explicity use the Hessian information,
one can also use noisy first-order methods as HF-OPTIMIZER (see e.g. noisy SGD in
[46]). In such a scenario, we exploit the negative eigenvalues of the Hessian to escape
saddle points by using isotropic noise, and do not explicitly use ISO. For these meth-
ods, under strict-saddle point property [46], we can show convergence to local optima
within our framework.

We primarily focused on obtaining second-order critical points for nonconvex finite-
sums (4.1). This does not necessarily imply low test error or good generalization ca-
pabilities. Thus, we should be careful when interpreting the results presented in this
chapter. A detailed discussion or analysis of these issues is out of scope of this thesis.
While a few prior works argue for convergence to local optima, the exact connection
between generalization and local optima is not well understood, and is an interesting
open problem. Nevertheless, we believe the techniques presented in this chapter can be
used alongside other optimization tools for faster and better nonconvex optimization.

Appendix: Omitted Proofs and Additional Experiments

4.7 Proof of Theorem 4.3.1

The case of T = @ can be handled in a straightforward manner, so let us focus on the case
where T = ¢. We split our analysis into cases, each analyzing the change in objective
function value depending on second-order criticality of .

We start with the case where the gradient condition of second-order critical point is
violated and then proceed to the case where the Hessian condition is violated.
Case L E[||Vf(y!)]|]] > € for some t > 0 We first observe the following: E[||V f(y")||?] >
(E(|Vf(y")]])*> > €2 This follows from a straightforward application of Jensen’s in-
equality. From this inequality, we have the following:

1

e <E[|Vf(y")I] < g(n,€)

E[f(x'™1) = f(z")]. (4.5)

This follows from the fact that yt is the output of GF-OPTIMIZER subroutine, which
satisfies the condition that for (v, z) = GF-OPTIMIZER(x, 11, €), we have
1

2
E[[Vf(y)[I7] < 2(n,€)

E[f(x) - f(2)].
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From Equation (4.5), we have

E[f(z)] <E[f(x')] - e*s(ne).

Furthermore, due to the property of non-increasing nature of GF-OPTIMIZER, we also
have E[y/] < E[f(x'1)].

We now focus on the HF-OPTIMIZER subroutine. From the property of HF-OPTIMIZER
that the objective function value is non-increasing, we have E[f(x!)] < E[f(u')]. There-
fore, combining with the above inequality, we have

E[f(x")] < E[f(u)]
= pE[f(y)] + (1 - p)E[f(z')]
< PE[f(™ D]+ (1= p) (Bl ()] - e*g(n€))
=E[f(x"")] - (1-p)eg(ne). (4.6)

The first equality is due to the definition of u' in Algorithm 8. Therefore, when the gra-
dient condition is violated, irrespective of whether Amin(V2f(x)) < —v or V2f(y) =
—~1, the objective function value always decreases by at least €2g(n, €).

Case IL: E[[|[Vf(y)]]] < € and Amin(V?f(x)) < —v for some t > 0 In this case, we
first note that for y = HF-OPTIMIZER(x,7,€,7) and Amin(VZf(x)) < —v, we have
E[f(y)] < f(x) — h(n,€, 7). Observe that x' = HF-OPTIMIZER(u’, 1, €, y). Therefore, if
ut = y' and Apin(V?f(x)) < —, then we have

E[f(x)u' =y'] < f(y") = h(ne,7) < f(x'71) = h(n,e,7).

The second inequality is due to the non-increasing property of GF-OPTIMIZER. On the
other hand, if u’ = z!, we have hand, if we have E[f(x)|u! = z!] < f(z"). This is due to
the non-increasing property of HF-OPTIMIZER. Combining the above two inequalities
and using the law of total expectation, we get

E[f(x")] = pE[f(x")|u' = '] + (1 — p)E[f(x')[u' = ']
<p (B[f(y")] — h(n,e,7)) + (1 — p)E[f()]
<p (lE[f(xt‘l)] —h(n, exy)) + (1= p)E[f(xh)
= B[f(x)] - ph(ne,7) @)

The second inequality is due to he non-increasing property of GF-OPTIMIZER. There-

fore, when the hessian condition is violated, the objective function value always de-
creases by at least ph(n, €, ).
Case IIL: E[||Vf(y")]|] < e and V2f(y') = —~1 for some t > 0 This is the favorable case
for the algorithm. The only condition to note is that the objective function value will be
non-increasing in this case too. This is, again, due to the non-increasing properties of
subroutines GF-OPTIMIZER and HF-OPTIMIZER. In general, greater the occurrence of
this case during the course of the algorithm, higher will the probability that the output
of our algorithm satisfies the desired property.
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The key observation is that Case I & II cannot occur large number of times since
each of these cases strictly decreases the objective function value. In particular, from
Equation (4.6) and (4.7), it is easy to see that each occurrence of Case I & II the following

holds:
E[f(x")] <E[f(x""")] -9,

where 8 = min((1 — p)e?g(n,€), ph(n,e,7)). Furthermore, the function f is lower
bounded by B, thus, Case I & II cannot occur more than (f(x°) — B)/6 times. There-
fore, the probability of occurrence of Case III is at least 1 — (f(x°) — B)/(T8), which
completes the first part of the proof.

The second part of the proof simply follows from first part. As seen above, the
probability of Case I & II is at most (f(x") — B)/T6. Therefore, probability that an
element of the set S falls in Case Il is at least 1 — ((f(x°) — B)/T6)¥, which gives us the
required result for the second part.

4.8 Proof of Lemma 4.4.1

Proof. The proof follows from the analysis in [139] with some additional reasoning. We
need to show two properties: G.1and G.2, both of which are based on objective function
value. To this end, we start with an update in the s epoch. We have the following:

E[f(xTD] < BIF (5 + (VA 1 — a5t + LYjast] — x5 2]
2
< E[f (M) — el [ V() |12+ K| |os 2. (4.8)

The first inequality is due to L-smoothness of the function f . The second inequality
simply follows from the unbiasedness of SVRG update in Algorithm 9. For the analysis
of the algorithm, we need the following Lyapunov function:

AT = B () o+ el - 2.

This function is a combination of objective function and the distance of the current iter-
ate from the latest snapshot &;. Note that the term y; is introduced only for the analysis
and is not part of the algorithm (see Algorithm 9). Here {y;}}", is chosen such the
following holds:

pe = pesn (1+ e + 207 L%) + 77 L,

forallt € {0,---,m — 1} and py, = 0. For bounding the Lypunov function A, we need
the following bound on the distance of the current iterate from the latest snapshot:
Efllxifh — %17 = B[l — o + ot = 2]

= E[[lxt] — TP+ [l = 2P+ 2(x ] — T gt - 1)
= E[n?|lof TP + [l — 2°|°) — 20 E[(Vf (x]T), x5 1! — )]

< E[fllof P + ™ — 2°)17] + 2B [z%;t\lvf(x,?“)ﬂz + 3Bell T - fSHZ] - (49)
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The second equality is due to the unbiasedness of the update of SVRG. The last inequal-
ity follows from a simple application of Cauchy-Schwarz and Young’s inequality. Sub-
stituting Equation (4.8) and Equation (4.9) into the Lypunov function A?ﬂ, we obtain
the following:

AT S ELFGEHY) =l VAP + S o)
+ Elprsanflof 2+ a5 — 22
+ 2 | VAP + Bl — 212
S E[F(+Y) = (e — B ) V(512
+(LT’“2+M+1m) (o5 117 + (#t+1+uf+1m/3t)lE[HxS“ ~Suz]. (4.10)

To further bound this quantity, we use Lemma 4.11.1 to bound E[[|$*1(|?],

substituting it in Equation (4.10), we see that
AT < BLFE] = (= MM — 2L = 2psan? ) B[V () 1)
 [Hean (L4 e+ 207L7) + 7L B |5 - 2P
< AT = (e = P = L= 2ppf ) E[ V(7 |2,

The second inequality follows from the definition of ¢ and A$™!. Since 7, = 5 =
1/(4Ln?/3) forj>0and t € {0,...,j — 1},

so that upon

A< AS 0, YU VB[ V(P (4.11)

where

von = (1t — P — 7L = 2ppa07).
We will prove that for the given parameter setting v,, > 0 (see the proof below). With
vy > 0, it is easy to see that AS-le AStL. Furthermore, note that A5t = E[f(x§*!) +

0| xs+1 )2 = E[f(x5t1)] since xs+1 = X° (see Algorithm 9). Also, we have
H *o 0 2
E[f (x5 + lltt — 2] < B[f (x5™)]

and thus, we obtain E[f( S.H)] < E[f(x'")] forall j € {0, ..., m}. Furthermore, using
simple induction and the fact that x5! = x5, for all epoch s € {0,..,S — 1}, it easy to
see that E[f(x JSH)] < f(2Y). Therefore with the definition of y specified in the output
of Algorithm 9, we see that the condition G.1 of GF-OPTIMIZER is satisfied for SVRG
algorithm.

We now prove that v, > 0 and also G.2 of GF-OPTIMIZER is satisifed for SVRG
algorithm. By using telescoping the sum with j = m in Equation (4.11), we obtain

s+1 s+1
Un

"VE[VF(xTY|P) <
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This inequality in turn implies that

[va( s+1)H2] < ]E[f(fs) _f(fS—H)] (4.12)

V4
Up

where we used that A5 = E[f(x5;1)] = E[f(#*!)] (since pm = 0), and that A3" =
E[f ()] (since x5 = #°). Now sum over all epochs to obtain

1 E[f(+") - £(x})
L Y (VG < B S @.13)
8 s=0 t=0 gUn
Here we used the the fact that ¥ = x°. To obtain a handle on v,, and complete our
analysis, we will require an upper bound on y9. We observe that j19 = 3 nL4 73 (1+9gm !

212 + yB. This is obtained using the relation y; = p; 1 (1 + 1B + 27%L?) +
and the fact that y,;, = 0. Using the specified values of 8 and # we have

where 0 = 27
772L3

1 3

O= 2P 0P = gt g S

Using the above bound on 6, we get

L (14em"-1 L((1+0)"-1)
O = 16473 6 — 2(1+2n1/3)

L((1+ 4 )W/SJ 1) 1/3(
< gy S (Le=1)/4) @19

wherein the second inequality follows upon noting that (1 + 1)’ is increasing for I > 0
and lim;_, (1 + %)l = e (here e is the Euler’s number). Now we can lower bound v,,, as

1

Bi1l] — 2L — 2uon?) > ——.
L= 200) 2 o a7

vy = min(y — BT — L — 2 4%) > (= B
The first inequality holds since y; decreases with t. The second inequality holds since (a)
1o/ B can be upper bounded by (e — 1) /4 (follows from Equation (4.14)), (b) 7L < 1/4
and (c) 2pn? < (e — 1)1 /8 (follows from Equation (4.14)). Substituting the above lower
bound in Equation (4.13), we obtain the following:

S5—1m—1 / B
L LT Evsap < EAD AL g
0

8 s=0 t=

From the definition of (y, z) in output of Algorithrn 9i.e., yis Iterate x, chosen uniformly
random from {{x{™}" 13151 and z = x5, it is clear that Algorithm 9 satisfies the G.2

requirement of GF- OPTIMIZER with g(n,€) = T./40Ln?/3. Since both G.1 and G.2 are
satisified for Algorithm 9, we conclude that SVRG is a GF-OPTIMIZER. O
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4.9 Proof of Lemma 4.4.2

Proof. The first important observation is that the function value never increases because
y = argmin.cy, ) f(z) ie, f(y) < f(x), thus satisfying H.1 of HF-OPTIMIZER. We now

analyze the scenario where A, (V?f(x)) < —<. Consider the event where we obtain v

such that
(0, V2f(x)0) < Ain( V2 (x)) + 3.

This event (denoted by £) happens with at least probability p. Note that, since A, (V2f(x))
< —v, we have (v, V? f(x)v) < —%. In this case, we have the following relationship:

F) < £+ (TFy = x) + 5y =0TV =) + g lly = P
062 063
= ()~ al (V£ (), 0) | + 0T V21 () + Lol

a? o’
< f(x)+ ?UTVZf(x)U + M

6
1 1
< f(0) = PV @l + TV ()
= () = gl VRO < f(x) — 5 (4.16)

The first inequality follows from the M-lipschitz continuity of the Hessain V2 f(x). The
first equality follows from the update rule of HESSIANDESCENT. The second inequality
is obtained by dropping the negative term and using the fact that ||v|| = 1. The second
equality is obtained by substituting &« = MW. The last inequality is due to the fact
that(v, V2f(x)v) < —7. In the other scenario where

(0, V2f(x)0) < Amin V2F(x)) + 3,

we can at least ensure that f(y) < f(x) since y = argmin,y, ) f(z). Therefore, we
have

E[f(y)] = pE[f(y)|E] + (1 — o) E[f (y)|€]
< pE[f(y)|[E] + (1 —p)f(x)
<o [f(x) - shar] + - p)f(x)
= f(x) — 5527 (4.17)

The last inequality is due to Equation (4.16). Hence, HF-OPTIMIZER satisfies H.2 of
HF-OPTIMIZER with h(n,€,7v) = 24’#73' thus concluding the proof. O
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410 Proof of Theorem 4.4.4

First note that cubic method is a descent method (refer to Theorem 1 of [115]); thus, H.1
is trivially satisfied. Furthermore, cubic descent is a HF-OPTIMIZER with h(n,€,v7) =
8%/313 3. This, again, follows from Theorem 1 of [115]. The result easily follows from the
aforementioned observations.

411 Other Lemmas

The following bound on the variance of SVRG is useful for our proof [139].

Lemma 4.11.1. [139] Let 05 be computed by Algorithm 9. Then,
E[l[of %) < 2E[|Vf (D17 + 2L2E[ 7 — 2°]]2).

Proof. We use the definition of vi'! to get

E[llo %) = Bl (Vi (61 = V£ (#)) + VAE)IP]
= E[|| (V£ (1) = V() + VAE) = VA + VAP
< 2E[|| V()] +21E[szt (x5*1) = V£, () — BIVfi (") = V£ (5 M

The inequality follows from the simple fact that (a + b)?> < a? + b?>. From the above
inequality, we get the following:

E[llo7 %) < 2E[|IVF (7% + 2E[ Vi, (x771) = V £, () |12
< 2E[|Vf (P + 2L%E[ || - 217

The first inequality follows by noting that for a random variable ¢, E[|| — E[Z]||?] <
E[||]|?]. The last inequality follows from L-smoothness of f;,. O

4.12 Approximate Cubic Regularization

Cubic regularization method of [19] is designed to operate on full batch, i.e., it does
not exploit the finite-sum structure of the problem and requires the computation of the
gradient and the Hessian on the entire dataset to make an update. However, such full-
batch methods do not scale gracefully with the size of data and become prohibitively
expensive on large datasets. To overcome this challenge, we devised an approximate
cubic regularization method described below:
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1. Pick a mini-batch B and obtain the gradient and the hessian based on 5, i.e.,

1 1

§=mg L Vi) H=) Vi) (418)
| ’ icB ’ ‘ ieB
2. Solve the sub-problem
o* = argmin (g,0) + 5 (0, Ho) + - [o]] (4.19)

3. Update: x < x + v*

We found that this mini-batch training strategy, which requires the computation of
the gradient and the Hessian on a small subset of the dataset, to work well on a few
datasets (CURVES, MNIST, CIFAR10). A similar method has been analysed in [23].

Furthermore, in many deep-networks, adaptive per-parameter learning rate helps
immensely [73]. One possible explanation for this is that the scale of the gradients in
each layer of the network often differ by several orders of magnitude. A well-suited
optimization method should take this into account. This is the reason for popularity of
methods like ADAM or RMSPROP in the deep learning community. On similar lines, to
account for different per-parameter behaviour in cubic regularization, we modify the
sub-problem by adding a diagonal matrix M; in addition to the scalar regularization
coefficient M, i.e.,

min (g, 0) + % (v, Hv) + %M||Mdv||3. (4.20)
Also we devised an adaptive rule to obtain the diagonal matrix as M; = diag((s +
10712)1/9), where s is maintained as a moving average of third order polynomial of the
mini-batch gradient g, in a fashion similar to RMSPROP and ADAM:

s« Bs+ (1—-B)(IgP +2¢%), (4.21)

where || and ¢? are vectors such that [|¢]?]; = |g;|® and [¢%]; = g7 respectively for all
i € [n]. The experiments reported on CURVES and MNIST in this chapter utilizes both
the above modifications to the cubic regularization, with B set to 0.9. We refer to this
modified procedure as ACubic in our results.

4.13 Experiment Details

In this section we provide further experimental details and results to aid reproducibility.

4.13.1 Synthetic Problem

The parameter selection for all the methods were carried as follows:
1. SGD: The scalar step-size was determined by a grid search.
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Figure 4.5: Comparison of various methods on a Deep Autoencoder on CURVES (top)
and MNIST (bottom). Our mix approach converges faster than the baseline methods
and uses relatively few ISO calls in comparison to APPROXCUBICDESCENT

2. ADAM: We performed a grid search over a and ¢ parameters of ADAM tied together,

ie.,n =e¢.

»

SVRG: The scalar step-size was determined by a grid search.

4. CUBICDESCENT: The regularization parameter M was chosen by grid search. The
sub-problem was solved with gradient descent [22] with the step-size of solver to be

10~2

and run till the gradient norm of the sub-problem is reduced below 10~3.

Further Observations: The results are presented in Figure 4.4. The other first order
methods like ADAM with higher noise could escape relatively faster whereas SVRG with
reduced noise stayed stuck at the saddle point.
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4.13.2 Deep Networks

Methods: The parameter selection for all the methods were carried as follows::

1. ADAM: We performed a grid search over a and ¢ parameters of ADAM so as to pro-
duce the best generalization on a held out test set. We found it to be a = 1073,¢ =
1073 for CURVES and & = 1072,& = 10! for MNIST.

2. APPROXCUBICDESCENT: The regularization parameter M was chosen as the largest
value such function value does not jump in first 10 epochs. We found it tobe M = 10°
for both CURVES and MNIST. The sub-problem was solved with gradient descent
[22] with the step-size of solver to be 103 and run till the gradient norm of the sub-
problem is reduced below 0.1.
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Chapter 5

Fast Stochastic Methods for Nonsmooth
Nonconvex Optimization

5.1 Introduction

In this chapter, we study nonconvex, nonsmooth, finite-sum optimization problems of
the form

min  F(x) = f(x) + h(x), where f(x) :— % Y fi(x), (5.1)

x€R4 i=1

where each f; : R — R is smooth (possibly nonconvex) for all i € {1,...,n} =2 [n],
while & : RY — R is nonsmooth but convex and relatively simple.

Such finite-sum optimization problems are fundamental to machine learning, where
they typically arise within the spectrum of regularized empirical risk minimization.
While there has been extensive research in solving nonsmooth convex finite-sum prob-
lems (i.e., each f; is convex for i € [n]) [33, 113, 173], our understanding of their nons-
mooth nonconvex counterpart is surprisingly limited—despite the widespread use and
importance of nonconvex models. We focus, therefore, on fast stochastic methods for
solving nonconvex, nonsmooth, finite-sum problems.

A popular approach to handle nonsmoothness is via proximal operators [103, 150].
Recall that for a proper closed convex function h, the proximal operator is defined as

1
prox,, (x) := argmin (h(y) + 2—Hy - x||2) , for n > 0. (5.2)
yeR4 U

The power of proximal operators lies in how they generalize projections—indeed, if
is the indicator function Zc(x) of a closed convex set C, then prox;_(x) = projc(x) =
argmin, .c [y — x||.

Throughout this chapter, we assume that the proximal operator of / is relatively easy
to compute. This is true for many applications in machine learning and statistics in-
cluding ¢; regularization, box-constraints, simplex constraints, among others [11, 118].
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Specifically, we assume access to a proximal oracle (PO) that takes a point x € R and
returns the output of (5.2). To describe our complexity results more precisely we use the
incremental first-order oracle (IFO).! For a function f = %Zi fi, an IFO takes an index
i € [n] and a point x € R?, and returns the pair (f;(x), Vf;(x)).

A standard (batch) method for solving (5.1) is the proximal-gradient method (GD) [102],
first studied for nonconvex problems in [43]. This method performs the following iter-
ation:

K= prox, (¢ = V), =01, 3)

where 17 > 0 is the step size. The following non-asymptotic rate of convergence result
for the proximal gradient method was proved recently.

Theorem (Informal). [48]: The number of IFO and PO calls made by the proximal gradient
method (5.3) to reach € close to a stationary point is O(n/€) and O(1/€) respectively.

We refer the readers to [48] for more details. The key point to note here is that
the IFO complexity of (5.3) is O(n/€). This is due to the fact that a full gradient Vf
needs to computed at each iteration of (5.3), thus, entailing n IFO calls at each iteration.
When 1 is large, this per iteration cost is very expensive, and hence often results in slow
convergence. A more practical approach is offered by the proximal stochastic gradient
(PROXSGD) method, which performs the iteration

= PTOXyn (xt - % Zielt vfi(xt)) , t=0,1,..., (54)

where I; (referred to as minibatch) is a randomly chosen set (with replacement) from [#]
and 7 is a step size. Non-asymptotic convergence of PROXSGD was also shown recently,
as noted below.

Theorem (Informal). [48]: The number of IFO and PO calls made by PROXSGD, i.e., iter-
ation (5.4), to reach € close to a stationary point is O(1/€?) and O(1/¢€) respectively. For
achieving this convergence, we need batch sizes |I;| that increase and step sizes n; that decrease
with 1 /€.

Notice that the PO complexity of PROXSGD is similar to proximal gradient, but its
IFO complexity is independent of #; though this benefit comes at the cost of an extra
1/€ factor. Furthermore, the step size must decrease with 1/¢€ (or alternatively decay
with the number of iterations of the algorithm). The same two aspects are also seen for
convex stochastic gradient, in both the smooth and proximal versions. However, in the
nonconvex setting there is a key third and more important aspect: the minibatch size |I|
increases with 1/ €.

To understand this aspect, consider the case of |I;| being a constant (independent of
both n and €), typically the choice used in practice. In this case, the above PROXSGD
convergence result no longer holds and it is not clear if PROXSGD even converges to a
stationary point at all. To clarify, a decreasing step size #; trivially ensures convergence

Introduced in [2] to study lower bounds of deterministic algorithms for convex finite-sum problems.
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as t — oo, but the limiting point is not necessarily stationary. On the other hand, in-
creasing |I;| with 1/¢€ can easily lead to |I;| > n for reasonably small €, which effectively
reduces the algorithm to (batch) proximal gradient.

This dismal news does not apply to the convex setting, where convergence (in ex-
pectation) to an optimal solution has been shown for PROXSGD and its variants using
constant minibatch sizes |I¢| [19, 148]. Furthermore, this problem does not afflict the
smooth nonconvex case (h = 0), where convergence with constant minibatches is en-
sured [47, 139, 141]. Hence, there appears to be a fundamental gap in our understanding
of stochastic methods for nonsmooth nonconvex problems. Given the ubiquity of noncon-
vex models in machine learning and statistics, it is important to bridge this gap. To
this end, we study fast stochastic methods for tackling nonsmooth nonconvex problems
with guaranteed convergence for constant minibatches, and faster convergence with
minibatches independent of 1/e€.

Main Contributions

We state our main contributions below and list the key complexity results in Table 5.1.

e We analyze nonconvex proximal versions of the recently proposed stochastic algo-
rithms SVRG and SAGA [33, 71, 173], hereafter referred to as PROXSVRG and PROXSAGA,
respectively. We show convergence of these algorithms with constant minibatches.
To the best of our knowledge, this is the first work to present non-asymptotic conver-
gence rates for stochastic methods that apply to nonsmooth nonconvex problems with
constant (hence more realistic) minibatches.

e We show that by carefully choosing the minibatch size (to be sublinearly dependent
on n but still independent of 1/€), we can achieve provably faster convergence than
both proximal gradient and proximal stochastic gradient. We are not aware of any
earlier results on stochastic methods for the general nonsmooth nonconvex problem
that have faster convergence than proximal gradient.

e We study a nonconvex subclass of (5.1) based on the proximal extension of Polyak-
Lojasiewicz inequality [72]. We show linear convergence of PROXSVRG and PROXSAGA
to the optimal solution for this subclass. This includes the recent results proved in
[154, 179] as special cases. Ours is the first stochastic method with provable global
linear convergence for this subclass of problems.

5.1.1 Related Work

The literature on finite-sum problems is vast; so we summarize only a few closely re-
lated works. Convex instances of (5.1) have been long studied [19, 108, 124] and are
fairly well-understood. Remarkable recent progress for smooth convex instances of (5.1)
is the creation of variance reduced (VR) stochastic methods [33, 71, 153, 156]. Nons-
mooth proximal VR stochastic algorithms are studied in [33, 173] where faster conver-
gence rates for both strongly convex and non-strongly convex cases are proved. Asyn-
chronous VR frameworks are developed in [133]; lower-bounds are studied in [2, 81].
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In contrast, nonconvex instances of (5.1) are much less understood. Stochastic gradi-
ent for smooth nonconvex problems is analyzed in [47], and only very recently, conver-
gence results for VR stochastic methods for smooth nonconvex problems were obtained
in [139, 141]. In [86], the authors consider a VR nonconvex setting different from ours,
namely, where the loss is (essentially strongly) convex but hard thresholding is used.
We build upon [139, 141], and focus on handling nonsmooth convex regularizers (h # 0
in (5.1)). Incremental proximal gradient methods for this class were also considered
in [164] but only asymptotic convergence was shown. The first analysis of a projection
version of nonconvex SVRG is due to [160], who considers the special problem of PCA;
see also the follow-up work [161]. Perhaps, the closest to our work is [48], where con-
vergence of minibatch nonconvex PROXSGD method is studied. However, typical to
the stochastic gradient method, the convergence is slow; moreover, no convergence for
constant minibatches is provided.

5.2 Preliminaries

We assume that the function k(x) in (5.1) is lower semi-continuous (Isc) and convex.
Furthermore, we also assume that its domain dom(h) = {x € R¥h(x) < +oo} is
closed. We say f is L-smooth if there is a constant L such that

IVf(x) =V Il < Llx—yl, ¥xyeR.

Throughout, we assume that the functions f; in (5.1) are L-smooth, so that ||V f;(x) —
Vi)l < L|jx —y|| for all i € [n]. Such an assumption is typical in the analysis of
first-order methods.

One crucial aspect of the analysis for nonsmooth nonconvex problems is the conver-
gence criterion. For convex problems, typically the optimality gap F(x) — F(x*) is used
as a criterion. It is unreasonable to use such a criterion for general nonconvex problems
due to their intractability. For smooth nonconvex problems (i.e., i = 0), it is typical to
measure stationarity, e.g., using || VF||. This cannot be used for nonsmooth problems,
but a fitting alternative is the gradient mapping® [111]:

Gy (x) = Lx — prox,,,(x — 1V f(x))] 5.5)

When h = 0 this mapping reduces to G, (x) = Vf(x) = VF(x), the gradient of function
F at x. We analyze our algorithms using the gradient mapping (5.5) as described more
precisely below.

|

Definition 5.2.1. A point x output by stochastic iterative algorithm for solving (5.1) is called
an e-accurate solution, if E[||Gy (x)||?] < e for some 17 > 0.

Our goal is to obtain efficient algorithms for achieving an e-accurate solution, where
efficiency is measured using IFO and PO complexity as functions of 1/€ and n.

2This mapping has also been used in the analysis of nonconvex proximal methods in [47, 48, 164].

84



Algorithm IFO PO IFO (PL) PO (PL) C-

PROXSGD O (1/€?)
PROXGD O (n/e)

1/€ O (1/€?) O (1/¢) ?

O(1/¢)
O(1/e) O (nxlog(1/€)) O (xlog(1/€)) —
(1/€)
(1/€)

®)

1/€) | O((n+xn?/3)log(1/€)) | O(xlog(1/€)) Vi
O((n+xn?/3)log(1/¢€)) | O(xlog(1/€)) Vi

PROXSVRG | O(n + (n?/3/¢))

PROXSAGA | O(n + (n?/3/€)) | O(1/e

Table 5.1: Table comparing the best IFO and PO complexity of different algorithms dis-
cussed in the chapter. The complexity is measured in terms of the number of oracle
calls required to achieve an e-accurate solution. The IFO (PL) and PO (PL) represents
the IFO and PO complexity of PL functions (see Section 5.5 for a formal definition).
The results marked in red highlight our contributions. In the table, “C-MB” indicates
whether stochastic algorithm converges using a constant minibatch size. To the best of
our knowledge, it is not known if PROXSGD converges on using constant minibatches
for nonconvex nonsmooth optimization. Also, we are not aware of any specific conver-
gence results for PROXSGD in the context of PL functions.

5.3 Algorithms

We focus on two algorithms: (a) proximal SVRG (PROXSVRG) and (b) proximal SAGA
(PROXSAGA).

5.3.1 Nonconvex Proximal SVRG

We first consider a variant of PROXSVRG [173]; pseudocode of this variant is stated
in Algorithm 11. When F is strongly convex, SVRG attains linear convergence rate as
opposed to sublinear convergence of SGD [71]. Note that, while SVRG is typically stated
with b = 1, we use its minibatch variant with batch size b. The specific reasons for using
such a variant will become clear during the analysis.

While some other algorithms have been proposed for reducing the variance in the
stochastic gradients, SVRG is particularly attractive because of its low memory require-
ment; it requires just O(d) extra memory in comparison to SGD for storing the average
gradient (¢° in Algorithm 11), while algorithms like SAG and SAGA incur O(nd) stor-
age cost. In addition to its strong theoretical results, SVRG is known to outperform SGD
empirically while being more robust to selection of step size. For convex problems,
PROXSVRG is known to inherit these advantages of SVRG [173].

We now present our analysis of nonconvex PROXSVRG, starting with a result for
batch size b = 1.

Theorem 5.3.1. Let b = 1 in Algorithm 11. Let = 1/(3Ln), m = n and T be a multiple of m.
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Then the output x, of Algorithm 11 satisfies the following bound:

2 0y _ *
E[|Gy (xa)[I*] < ;:L_nz (F(x ! TF(X ))’

where x* is an optimal solution of (5.1).

Theorem 5.3.1 shows that PROXSVRG converges for constant minibatches of size
b = 1. This result is in strong contrast to PROXSGD whose convergence with con-
stant minibatches is still unknown. However, the result delivered by Theorem 5.3.1
is not stronger than that of GD. The following corollary to Theorem 5.3.1 highlights this
point.

Corollary 5.3.1.1. To obtain an e-accurate solution, with b = 1 and parameters from Theo-
rem 5.3.1, the IFO and PO complexities of Algorithm 5.3.1 are O(n/€) and O(n/€), respec-
tively.

Corollary 5.3.1.1 follows upon noting that each inner iteration (Step 7) of Algo-
rithm 11 has an effective IFO complexity of O(1) since m = n. This IFO complexity
includes the IFO calls for calculating the average gradient at the end of each epoch.
Furthermore, each inner iteration also invokes the proximal oracle, whereby the PO
complexity is also O(n/€). While the IFO complexity of constant minibatch PROXSVRG
is same as GD, we see that its PO complexity is much worse. This is due to the fact
that n IFO calls correspond to one PO call in GD, while one IFO call in PROXSVRG cor-
responds to one PO call. Consequently, we do not gain any theoretical advantage by
using constant minibatch PROXSVRG over GD.

The key question is therefore: can we modify the algorithm to obtain better theoretical
guarantees? To answer this question, we prove the following main convergence result.
For the ease of theoretical exposition, we assume 12/ to be an integer. This is only for
convenience in stating our theoretical results and all the results in the chapter hold for
the general case.

Theorem 5.3.2. Suppose b = n?/3 in Algorithm 11. Let y = 1/(3L), m = |n*/3| and T isa
multiple of m. Then for the output x, of Algorithm 11, we have:

18L(F(x%) — F(x*))

E[[1Gy (xa)|P] < T :

where x* is an optimal solution to (5.1).
Rewriting Theorem 5.3.2 in terms of the IFO and PO complexity, we obtain the fol-
lowing corollary.

Corollary 5.3.2.1. Let b = n?/3 and set parameters as in Theorem 5.3.2. Then, to obtain
an e-accurate solution, the IFO and PO complexities of Algorithm 11 are O(n + n?/3/€) and
O(1/€), respectively.

The above corollary is due to the following observations. From Theorem 5.3.2, it can
be seen that the total number of inner iterations (across all epochs) of Algorithm 11 to
obtain an e-accurate solution is O(1/€). Since each inner iteration of Algorithm 5.3.2
involves a call to the PO, we obtain a PO complexity of O(1/¢). Further, since b = n%/3
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Algorithm 11: Nonconvex PROXSVRG (x°, T, m, b, 1)

1: Input: 2 = 19, = 2% € RY, epoch length m, step sizes 7 > 0, S = [T /m]
2: fors=0toS —1do
3 x5t =,
g = L Vi(E)
fort =0tom —1do
Uniformly randomly pick I; C {1,...,n} (with replacement) such that |I;| = b

4
5
6:
7o o = e (Vi () = V(7)) + ¢
8
9

1 1 1
X = prox,?h(for —noith)
end for
. sl st
10: &t =g
11: end for
12: Output: Iterate x, chosen uniformly at random from {{x{™ 713571

IFO calls are made at each inner iteration, we obtain a net IFO complexity of O(n%/3/¢).
Adding the IFO calls for the calculation of the average gradient (and noting that T is a
multiple of m), we obtain the desired result. A noteworthy aspect of Corollary 5.3.2.1 is
that its PO complexity matches GD, but its IFO complexity is significantly decreased to
O(n +n?/3/€) as opposed to O(n/¢€) in GD.

5.3.2 Nonconvex Proximal SAGA

In the previous section, we investigated PROXSVRG for solving (5.1). Note that PROXSVRG
is not a fully “incremental” algorithm since it requires calculation of the full gradient
once per epoch. An alternative to PROXSVRG is the algorithm proposed in [33] (pop-
ularly referred to as SAGA). We build upon the work of [33] to develop PROXSAGA, a
nonconvex proximal variant of SAGA.

The pseudocode for PROXSAGA is presented in Algorithm 12. The key difference be-
tween Algorithm 11 and 12 is that PROXSAGA, unlike PROXSVRG, avoids computation
of the full gradient. Instead, it maintains an average gradient vector ¢, which changes at
each iteration (refer to [133]). However, such a strategy entails additional storage costs.
In particular, for implementing Algorithm 12, we must store the gradients {V f;(a!) }I'_,,
which in general can cost O(nd) in storage. Nevertheless, in some scenarios common
to machine learning (see [33]), one can reduce the storage requirements to O(n). When-
ever such an implementation of PROXSAGA is possible, it can perform similar to or even
better than PROXSVRG [33]; hence, in addition to theoretical interest, it is of significant
practical value.

We remark that PROXSAGA in Algorithm 12 differs slightly from [33]. In particular,
it uses minibatches where two sets I, J; are sampled at each iteration as opposed to one
in [33]. This is mainly for the ease of theoretical analysis.

We prove that as in the convex case, nonconvex PROXSVRG and PROXSAGA share
similar theoretical guarantees. In particular, our first result for PROXSAGA is a counter-
part to Theorem 5.3.1 for PROXSVRG.
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Algorithm 12: Nonconvex PROXSAGA (xo, T,b, 17)

—_

+ Input: x° € RY, af = x* for i € [n], step size 7 > 0

2: g0 =Y Vi(a?)

3: fort =0to T —1do

4:  Uniformly randomly pick sets I, J; from [n] (with replacement) such that |I;| = |J;| = b
5. Ut — %Zifelt(vﬁt(xt) - vﬁf(“ft)) +gt

6: xt—i—l — proxﬂh(xt _ m)t)

v a];+1 = x! forj € J; and a;“ - zx§ forj & Ji

8 gtl=gl— %the]g(vfjt ("‘]t't) - ijt(“]t‘:rl))

9: end for

10: Output: Iterate x, chosen uniformly random from {x!}/ 7.

Theorem 5.3.3. Suppose b = 1 in Algorithm 12. Let y = 1/(5Ln). Then for the output x, of
Algorithm 12 after T iterations, the following stationarity bound holds:

- 50Ln? F(x%) — F(x*)

~5n—2 T ’

E[[1Gy (xa) 7]

where x* is an optimal solution of (5.1).
Theorem 5.3.3 immediately leads to the following corollary.

Corollary 5.3.3.1. The IFO and PO complexity of Algorithm 5.3.3 for b = 1 and parameters
specified in Theorem 5.3.3 to obtain an e-accurate solution are O(n/€) and O(n/€) respectively.

Similar to Theorem 5.3.2 for PROXSVRG, we obtain the following main result for
PROXSAGA.

Theorem 5.3.4. Suppose b = n?/3 in Algorithm 12. Let y = 1/ (5L). Then for the output x,
of Algorithm 12 after T iterations, the following holds:

50L(F(x%) — F(x*))

E[[1Gy(xa) %] < AT ,

where x* is an optimal solution of Problem (5.1).
Rewriting this result in terms of IFO and PO access, we obtain the following impor-
tant corollary.

Corollary 5.3.4.1. Let b = n2/3 and set parameters as in Theorem 5.3.4. Then, to obtain
an e-accurate solution, the IFO and PO complexities of Algorithm 12 are O(n + n?/3/¢€) and
O(1/e), respectively.

The above result is due to Theorem 5.3.4 and because each iteration of PROXSAGA
requires O(n?/3) IFO calls. The number of PO calls is only O(1/¢), since make one PO
call for every n?/3 IFO calls.

Discussion: It is important to note the role of minibatches in Corollaries 5.3.2.1 and 5.3.4.1.
Minibatches are typically used for reducing variance and promoting parallelism in stochas-
tic methods. But unlike previous works, we use minibatches as a theoretical tool to im-
prove convergence rates of both nonconvex PROXSVRG and PROXSAGA. In particular,
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by carefully selecting the minibatch size, we can improve the IFO complexity of the al-
gorithms described in the chapter from O(n/¢) (similar to GD) to O(n%/3/¢) (matching
our results for the smooth nonconvex case in [139, 141]). Furthermore, the PO com-

plexity is also improved in a similar manner by using the minibatch size mentioned in
Theorems 5.3.2 and 5.3 .4.

54 General Convergence Analysis

In this previous sections, for the sake of clarity, we stated convergence rates of PROXSVRG
and PROXSAGA for a specific set of parameters. However, a more general analysis can
be derived for these algorithms. The rationale behind the choice of parameters is Sec-
tion 5.3 will also become clear later in this section. We have the following general con-
vergence results for PROXSVRG and PROXSAGA.

Theorem 5.4.1. Suppose b < n in Algorithm 11. Let T be a multiple of m and y = p/ L where
p < 1/2 and satisfies the following:

40°m?

b

+p <L

Then for the output x, of Algorithm 11, we have:

L(F(x°) — F(x"))
p(1=20)T °

E[|G, (xo)|?) < 2

where x* is an optimal solution to (5.1).
The following result is an immediate consequence of the above result.

Corollary 5.4.1.1. Let b < n, p = 1/4 and m = |b'/?| in Theorem 5.4.1. Then, to obtain an
e-accurate solution, the IFO and PO complexities of Algorithm 11 are O(n+n/(b'/%€) +b/¢)
and O(1/e), respectively.

We observe that under the parameter setting in Corollary 5.4.1.1, the PO complexity
is O(1/€), which matches that of GD. Thus, this setting is optimized for reducing the
PO complexity. Furthermore, for constant minibatch b = 1, Corollary 5.4.1.1 shows that
the IFO and PO complexity of PROXSVRG is O(n/¢€) and O(1/€) respectively, which is
stronger than Theorem 5.3.1. However, in the setting of Corollary 5.4.1.1 with minibatch
size b = 1, PROXSVRG effectively reduces to GD since m = |b'/?| = 1 and hence,
not very interesting. When b = 1, Theorem 5.3.1 provides the convergence result of
PROXSVRG for the setting that is generally used in practice where m = n.

For PROXSAGA, we have the following general convergence results.

Theorem 5.4.2. Suppose b < n in Algorithm 12. Let 1 = p/L where p < 1/2 and p satisfies
the following condition:
161202
b3

+po <L
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PL-SVRG:(x*,K, T, m,7) PL-SAGA:(x%, K, T, m, 1)
fork =1to K do fork =1to K do

xk = xk =

ProxSVRG(x*—1, T, m,b,7) ; ProxSAGA (x*=1,T,b,7) ;
end end
Output: xX Output: xX

Figure 5.1: PROXSVRG and PROXSAGA variants for PL functions.

Then for the output x, of Algorithm 12, we have:

L(F(x%) — F(x*))

2
(16 (xa) 7] < S 25

where x* is an optimal solution to (5.1).

Corollary 5.4.2.1. Let b < n, p = min{1/5,b3%/5n} in Theorem 5.4.2. Then, to obtain an
e-accurate solution, the IFO and PO complexities of Algorithm 12 are O(n+n/(b'/%€) +b/¢)
and O(max{1,n/b3?} /€) respectively.

Note that the IFO complexity of PROXSVRG (in Corollary 5.4.1.1) and PROXSAGA (in
Corollary 5.4.2.1) are similar; however, their PO complexities are different. It is not hard
to see from Corollary 5.4.1.1 and 5.4.2.1, that the best IFO and PO complexity of both
PROXSVRG and PROXSAGA obtainable through these upper bounds are O(n + n%/3/¢)
and O(1/e) respectively; which are precisely our main results in Section 5.3.

5.5 Extensions

We discuss some extensions of our approach in this section. Our first extension is to
provide convergence analysis for a subclass of nonconvex functions that satisfy a spe-
cific growth condition popularly known as the Polyak-Lojasiewicz (PL) inequality. In
the context of gradient descent, this inequality was proposed by Polyak in 1963 [122],
who showed global linear convergence of gradient descent for functions that satisfy the
PL inequality. Recently, in [72] the PL inequality was generalized to nonsmooth func-
tions and used for proving linear convergence of proximal gradient. The generalization
presented in [72] considers functions F(x) = f(x) + h(x) that satisfy the following:

u(F(x) —F(x")) < %Dh(x,y), where 1 > 0 56)
and D, (x, 1) = —2uminy [(VF(x),y = x) + Zlly = x| + h(y) — h(x)].

An F that satisfies (5.6) is called a p-PL function.

When I = 0, condition (5.6) reduces to the usual PL inequality. The class of u-PL
functions includes several other classes as special cases. It subsumes strongly convex
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functions, covers f;(x) = g(a x) with only g being strongly convex, and includes func-

tions that satisfy a optimal strong convexity property [89]. Note that the u-PL functions
also subsume the recently studied special case where f;’s are nonconvex but their sum
f is strongly convex. Hence, it encapsulates the problems of [154, 179].

The algorithms in Figure 5.1 provide variants of PROXSVRG and PROXSAGA adapted
to optimize u-PL functions. We show the following global linear convergence result
of PL-SVRG and PL-SAGA in Figure 5.1 for PL functions. For simplicity, we assume
x = (L/u) > n'/3. When f is strongly convex, « is referred to as the condition number,
in which case ¥ > n!/3 corresponds to the high condition number regime.

Theorem 5.5.1. Suppose F is a u-PL function. Let b = n*/3, 5 = /50, m = |n'/3] and
T = [30k]. Then for the output xX of PL-SVRG and PL-SAGA (in Figure 5.1), the following
holds:

[F(x) — F(x")]
2K ’

E[F(x") — F(x*)] <

where x* is an optimal solution of (5.1).
The following corollary on IFO and PO complexity of PL-SVRG and PL-SAGA is
immediate.

Corollary 5.5.1.1. When F is a yu-PL function, then the IFO and PO complexities of PL-SVRG
and PL-SAGA with the parameters specified in Theorem 5.5.1 to obtain an e-accurate solution
are O((n +xn?/3)log(1/¢€)) and O(xlog(1/€)), respectively.

Note that proximal gradient also has global linear convergence for PL functions, as
recently shown in [72]. However, its IFO complexity is O(xnlog(1/¢€)), which is much
worser than that of PL-SVRG and PL-SAGA (Corollary 5.5.1.1).

Other extensions: Our results can be easily generalized to the case where non-uniform
sampling is used in Algorithm 11 and Algorithm 12. This is useful when the functions
fi have different Lipschitz constants.

5.6 Experiments
We present our empirical results in this section. For our experiments, we study the

problem of non-negative principal component analysis (NN-PCA). More specifically,
for a given set of samples {z;}!" ;, we solve the following optimization problem:

~ L1y, T
—= iZ; . 5.7
Rin o (; ziz; > X (5.7)
The problem of NN-PCA is, in general, NP-hard. This variant of the standard PCA
problem can be written in the form (5.1) with f;(x) = —(x'z;)? for all i € [n] and

h(x) = Zc(x) where C is the convex set {x € R?|||x|| < 1,x > 0}. In our experiments,
we compare PROXSGD with nonconvex PROXSVRG and PROXSAGA. The choice of step
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-SGD ~-SGD
\\ .......... TSAGA| N\ _SAGA. R —SAGA|.
B T SVRGH _ ©* SVRG 10°
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#grad/n # grad/n #grad/n # grad/n

Figure 5.2: Non-negative principal component analysis. Performance of PROXSGD,
PROXSVRG and PROXSAGA on 'rcvl’ (left), a9a’(left-center), ‘mnist” (right-center) and
‘aloi” (right) datasets. Here, the y-axis is the function suboptimality i.e., f(x) — f(X)
where £ represents the best solution obtained by running gradient descent for long time
and with multiple restarts.

size is important to PROXSGD. The step size of PROXSGD is set using the popular ¢-
inverse step size choice of n; = 1o(1 +#'[t/n])~! where 19, ' > 0. For PROXSVRG
and PROXSAGA, motivated by the theoretical analysis, we use a fixed step size. The
parameters of the step size in each of these methods are chosen so that the method
gives the best performance on the objective value. In our experiments, we include the
value ' = 0, which corresponds to PROXSGD with fixed step size. For PROXSVRG, we
use the epoch length m = n.

We use standard machine learning datasets in LIBSVM for all our experiments 3. The
samples from each of these datasets are normalized i.e. ||z;|| = 1 for all i € [n]. Each of
these methods is initialized by running PROXSGD for 7 iterations. Such an initialization
serves two purposes: (a) it provides a reasonably good initial point, typically beneficial
for variance reduction techniques [33, 153]. (b) it provides a heuristic for calculating the
initial average gradient ¢° [153]. In our experiments, we use minibatch size b = 1 in
order to demonstrate the performance of the algorithms with constant minibatches.

We report the objective function value for the datasets. In particular, we report the
suboptimality in objective functioni.e., f(x{™1) — f(#) (for PROXSVRG) and f(x) — f(%)
(for PROXSAGA). Here £ refers to the solution obtained by running proximal gradient
descent for a large number of iterations and multiple random initializations. For all
the algorithms, we compare the aforementioned criteria against for the number of effec-
tive passes through the dataset i.e., IFO complexity divided by n. For PROXSVRG, this
includes the cost of calculating the full gradient at the end of each epoch.

Figure 5.2 shows the performance of PROXSGD , PROXSVRG and PROXSVRG on NN-
PCA problem (see Section 5.11 of the Appendix for more experiments). It can be seen
that the objective value for PROXSVRG and PROXSAGA is much lower compared to
PROXSGD, suggesting faster convergence for these algorithms. We observed a signif-
icant gain consistently across all the datasets. Moreover, the selection of step size was
much simpler for PROXSVRG and PROXSAGA than that for PROXSGD. We did not ob-
serve any significant difference in the performance of PROXSVRG and PROXSAGA for

3The datasets can be downloaded from https://www.csie.ntu.edu.tw/~cjlin/
libsvmtools/datasets.
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this particular task.

5.7 Discussion

In this chapter, we presented fast stochastic methods for nonsmooth nonconvex opti-
mization. In particular, by employing variance reduction techniques, we show that one
can design methods that can provably perform better than PROXSGD and proximal gra-
dient descent. Furthermore, in contrast to PROXSGD, the resulting approaches have
provable convergence to a stationary point with constant minibatches; thus, bridging a
fundamental gap in our knowledge of nonsmooth nonconvex problems.

We proved that with a careful selection of minibatch size, it is possible to theoreti-
cally show superior performance to proximal gradient descent. Our empirical results
provide evidence for a similar conclusion even with constant minibatches. Thus, we
conclude with an important open problem of developing stochastic methods with prov-
ably better performance than proximal gradient descent with constant minibatch size.

Appendix: Omitted Proofs and Additional Experiments

5.8 Convergence analysis for Proximal Nonconvex SVRG

The analysis requires some key lemmas which can be found in Appendix 5.12.

5.8.1 General Convergence Analysis: Proof of Theorem 5.4.1

Proof. We start by defining the full gradient iterate
¥y = prox, (v T = Vf(T), (5.8)

which is merely for our analysis, and is never actually computed. Applying Lemma 5.12.2
to (5.8) (withy = x{ 1],z = x{ "1 and d’ = Vf(x{ ")), and taking expectations we obtain
the bound

EFED)] <E [P+ |5 - &] 15 - a2 - LI -<71P. 69

Recall the iterates of Algorithm 11 are computed using the following update:

s+1

— s+1
Xji = proxnh(xt

— o), (5.10)

where vi™! = 1y (V£ (x5t — V£, (%)) + ¢! (see Algorithm 11). Applying

Lemma 5.12.2 on update (5.10) (with y = x{*], z = ¥/} and d’ = 0{"") and taking
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expectations we obtain

E[F( D] < B[FED + (5 - %L VG o)
[ ] I P (B ] I - P - S S
(5.11)
Adding inequalities (5.9) and (5.11), we get
E[F(xi1])] < E[F(™) + [L— & ] 1= — P+ (5= & ] i) -«
=gl - WP - wE VA - o) (6.12)
Tl

We can bound the term Tj as follows:

1 _
IE[T1]SZIE||JC§1} Tl + UIEHVf( xi ) — ot

1 — -
< o Elxl -5 +1 JEIIJCS+1 =%
The first inequality follows from Cauchy-Schwarz and Young’s inequality, while the
second inequality is due to Lemma 5.12.3. Substituting the upper bound on T; in (5.12),
we see that

E[F(T)] < B[P+ |L— 4| I -7

+ 54 Ik -+ et -2 Ga)

To further analyze (5.13), we set up a recursion for which we use the following Lya-
punov function:
Rs—l—l —]E[F( s—l—l) + ¢ ||xs+1 ~5||2]_

2
Introduce the quantities ¢, = 0,and ¢; = ¢;41(1+ B) + %. Also, for rest of the analysis

set B = 1/m. We can then bound Riﬂ as follows

RS = E[F(xi{]) + crallxt] — x5 4+ x5 — 2|7

= E[F( D) + e (ai] = 2 R+ [+ — 22 20651 -+, a1 — 1))

SE[F(H) 4+ T+ 1/B) x5t — 22 + coa (14 B) x5 — 2]

< E[FGi™) o+ [L= ]I =P [ (14 §) + 5 = ] I -2
+ [eenn 1+ )+ 55 | I+t = # (5.14)

L2 -
SE[FG) + [L— &) 1B H = P+ [+ ) + 55 | Il — 2]
=R [L- L] EIET - xR (5.15)
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The first inequality follows from Cauchy-Schwarz and Young’s inequality. The second
inequality is due to the bound (5.13), while the final equality is due to the definition of
the Lyapunov function R$*1. The third inequality holds because the sequence of values
ct satisfies the following bound:

1\ L 1
il < .
Crit (H/&) 555 (5.16)

2
To verify (5.16), first observe that ¢,, = 0and ¢; = ¢;11(1 + B) + %. Recursing on t, we

thus obtain
_qLl2(14+B)"t—1  pLm 1 m-t B
“= o 5 = (Ut !

pLm

b 4
where the first equality is due to the definition of 7 and B. The first inequality follows
upon noting that (i) lim;_, (1 + 1/1)! = e and (ii) (1 + 1/1) is an increasing function
for [ > 0 (here e is Euler’s number). It follows that

pLm
<P (le—1)<
- 2b (e=1) =

1 L Lm
Ci+1 <1+E)+E§p7(1+m)+

where the second inequality uses m > 1. The third inequality uses the condition that

40%>m?

b

Hence, inequality (5.16) follows. Now, adding (5.15) across all the iterations in epoch
s + 1 and then telescoping sums, we get

+p <1

m—1 —
Ry < RS+ (L — o BIE - xR (5.17)
Since ¢;; = 0 and from the definition of #*!, it follows that R5/! = E[F(x,1)] =

E[F(#*1)]. Furthermore, R = E[F(x5™)] = E[F(#°)]. This is due to the fact that
xé“ = %°. Therefore, using the above reasoning in inequality (5.17), we have
m—1
E[F(£1)] < B[F(&°)]+ Y [L - %} BTt — x5t (5.18)
t=0

Adding (5.18) across all the epochs and rearranging the terms, we obtain the bound

t+1 —

S m—
25 L - LBl - R < FGO) - EIFGS) < FGO) — FG), (.19)
s=0 t=0
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where the second inequality follows from the optimality of x*.
Recall that in our notation

Gy (x5 1) = Lag™ — prox, (63 — V£ ()] = L - 1)

Using this relationship in (5.19) we see that

S m—1
Y Y | - L PEIG (P < F(:°) — F(x"). (5.20)
s=0 t=0
Now using the definition of x, from Algorithm 11 and simplifying we obtain the desired
result. O
Proof of Theorem 5.3.1
Proof. The proof follows from Theorem 5.4.1 with b = 1 and the parameters used in the
theorem statement. O
Proof of Theorem 5.3.2

Proof. The proof follows from Theorem 5.4.1 with b = n?/3 and the parameters used in
the theorem statement. O

5.9 Convergence analysis for Nonconvex Proximal SAGA

5.9.1 General Convergence Analysis: Proof of Theorem 5.4.2

Proof. We introduce the full-gradient iterate (as before, only for the analysis)
¥l = proxﬂh(xt —nV£(xh), (5.21)

and recall that PROXSAGA iterations compute the update

t+1 t

X — nvt),

= prox,; (x

where o' = 1Y, o1 (Vfit(xt) — sz}(“i)) + ¢'. Now, using the same argument as in
Theorem 5.4.1 until inequality (5.12), we obtain the following

E[F()] S E[F() + [L— ] 1771 = #1P + [§ = & | 1+ — )2

_ %th—i—l 2 4 (L VF(at) — Ut),]' (5.22)

T
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The term T, in (5.22) can be bound as follows:

1 t1 =12 L 1 ¢ f2 1 1 g2, ML ¢
E[TZ]SEEHX x| +§]E]|Vf(x)—v|| SEEHX —x +%;]E||x —

The inequality follows from Cauchy-Schwarz and Young'’s inequality. The second in-
equality is due to Lemma 5.12.4. Substituting the upper bound on T; in inequality (5.22),
we have

]E[F(xt+1)] < ]E[F(xt) + [L ] ||xt+1 t||2
2 n
L 1] b1 o2, LT b2
+ [z 2,7] | x | +2nbi;||x af } (5.23)
For further analysis, we require the following Lyapunov function:
Ct
Rei= B [FG) + 0 I =]

Moreover, for the rest of the analysis we set f = b/4n. We use p to denote the probability
1— (1 —1/n)? of an index i being in J;. Observe that we can bound p from below as

b
_ 1 1 _ b/ b
p=1- (1 - ﬁ) =>1- 1+(b/n) — T/ = 2 (5.24)

where the first inequality follows from (1 —y)" < 1/(1 + ry) (which holds for y € [0, 1]
and r > 1), while the second inequality holds because b < n.
We now obtain a recursive bound on R; as follows

Rt+1 _ IE[F H—l Ct—l-l Z H t+1 H—lHZ]

= ]E[F(xt'H) + CHT—le Z ||xt+1 . xt||2 Ct+1 Z ||xt+1 t||
i=1
_ E[F(xH—l) + CH_lpth-H _ xtH2

1 _ n
I Ct+1(n P) Z(thJrl _ xt||2 + th _ tfoZ +2<xt+1 _ xt, = “D)}
i=1

<E[F(™*Y) + e (1 + 1—TP) [xt+T — 2|2 + cry1(1 +5)(1 —p) i I — at|]
§]E[F(xt)+ [L } R — x| + [Ct+1 <1+1—Tp> —|—%—%} [t — x|
[l 4 4215 g P 525
P
SE|F(x)+ [L— &] 541 - of|? 4 |20 4 g0 fuxf—aw]
=R+ [L - %} E|% — |2 (5.26)
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The equality in the second line follows how ocf“ is chosen in Algorithm 12. In particular,
from noting that each index in J; is drawn uniformly randomly and independently from
[n]. The first inequality follows from Cauchy-Schwarz and Young’s inequality. The
second inequality uses the bound (5.23). The final equality is due to the definition of the
Lyapunov function R;, wherein we also use

2

i = een(1+H-p)+ ). 527)

The third inequality requires a brief explanation. It follows upon observing that

1-p\ L 1
1+ —= - < . 2
Ct+1<+ ‘B)+2_217 (5 8)
To see why (5.28) holds, first observe that cr = 0, and then use (5.27) to show that
nL?
< 1— Y il
Ct Ct_|_1( 9) + ob ’

where 8 = (b/2n) — B = b/4n. The above inequality is elementary, since (1 + f)(1 —
p) <1—p+pB < (1—-6)andbecause p > (b/2n) as noted in (5.24). Recursing on t, we
thus obtain

. <;7L21—(1—9)T—f<2an
f=p 0 =

forall t € {0,...,T — 1}, which holds due to the definition of 7 and 6. We now use
inequality (5.29) to bound the left hand side of (5.28) as follows

1-— L 2npL 2(2n—b L
Ct+1<1+—p>+—< np (]+L>+_

(5.29)

B 2= B2 b 2
_ 2npL {4n L
B2 {7 1%5
<Lb_1
T2 2y

The first inequality uses the bound (5.24), while the third inequality uses the following
condition on p:
161202
b3
Thus, inequality (5.28) holds. Adding the bound (5.26) across all the iterations and then
using telescoping sums, we get

+p <1

T-1
Rr<Ro+ Y. [L - %] E|7+ — |2 (5.30)
t=0
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Since cy = 0, we observe that Ry = E[F(xT)]. Furthermore, since &Y = x° for all i € [n],

we conclude that Ry = IE[F(x?)]. Therefore, we can rewrite (5.30) to obtain
T 0y L v 1 1 _ )2
E[F(x")] < F(x°) + t;) [L—E] E|7H+ — |2

Rearranging, and using optimality of x*, this leads to the bound
(SEE B2 0 T 0
20 2 — L] B! — 2 < F(=°) — B[F(x")] < F(x°) — F(x").
=

Now recall the relationship

Gy(x') = L' — prox,, (x' — V()] = L' — 2]

and use the definition of x,; (from Algorithm 12) in the above bound to obtain the desired

result. O
Proof of Theorem 5.3.3

Proof. The proof follows from Theorem 5.4.2 with b = 1 and the parameters used in the
theorem statement. O

5.9.2 Proof of Theorem 5.3.4

Proof. The proof follows from Theorem 5.4.2 with b = n?/3 and the parameters used in
the theorem statement. O

510 Convergence Analysis of PL-variants

5.10.1 Proof of Theorem 5.5.1

Proof. The proof follows immediately from Theorem 5.10.1 and Theorem 5.10.2 with
b = n*/3 and the parameters used in theorem statement. O

5.10.2 PL-SVRG Convergence Analysis

Theorem 5.10.1. Suppose F is a u-PL function. Letb < n,n = p/L, T = [6L/pu], where
p < 1/5 and satisfies the condition
40°m?
b

+po <L
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Then for the output xX of PL-SVRG, the following holds:

]E[F(xK) . F(x*)] < [F(xo) — F(x*)]

2K ’
where x* is an optimal solution of Problem (5.1).
Proof. We define the following :
xfﬂ prox,, (x; StV (). (5.31)

We first analyze one iteration of the PROXSVRG for PL functions. PL-SVRG essentially
uses this as subroutine multiple times in order to obtain the final solution. The proof is
similar to that of Theorem 5.3.4 until Equation (5.11). We have the following inequali-
ties:

E[F(ED] <EB [Pt + [ - 1 1= - 17, (5:32)

E[F(x$1)] <E

X F(x) + (il =i, VAT — o)

1 12 1 12 1 =s+1y2
+ 5= &) It =P+ B A ] IEH - AR - L ﬁw]

(5.33)

Furthermore, we have the following inequality:

E[F(& )] < E [F(5™) + (VAT - ) + 5% - 5P+ hE) - his )]
<E[Fq) + (VAL =) + I = xR+ hE) —hq )
=E:H@“>—@%wﬁ%a}sm{ﬂﬁ“y—@%<*%m]
< E [P = un[F(x5*1) = F(x")]] (5.34)

The first inequality follows from Lipschitz continuity of the gradient of f. The second
inequality follows from the fact that # < 1/L. The third inequality follows from the
fact that Dy (x,.) is a decreasing function. Here, we are implicitly using the fact that
1 < L (which can be shown easily for y-PL functions that are L-smooth). Adding 2/3x
Equation (5.32) and 1/3x Equation (5.34), we have the following:

E[F(E D] < E [Fe5™) + [§ = 2] I - 572 - PG — R . (5.39)

Adding the above equation with Equation (5.33), we have the following;:

E[F(iD)] < E[F(i™) + % - &) 1m0 - =2+ [5 = & ] I - <72

~BIEGE) — F)] = & I = IR + (gt - w0 VA — o).
(5.36)

100



Using Cauchy-Schwarz and Young’s inequality and the fact that # < 1/5L, we have the
following:

E[F(x;1])] (5.37)

<E [P + [§— &) It — 22— JFGS ) — B + ﬂWﬂ*ﬁ o1

<E[FG5) + [§— 4] I - P = BURGE™) = B + B g = 2P
(5.38)

The second inequality follows from Lemma 5.12.3. We use the similar proof technique

as in Theorem 5.4.1 and 5.4.2 and define the following lyapunov function: Rfﬂ =

E[F (x?i%) +cpi1 ||xfﬂ — #]|?]. Let B = b/n. Using the bound on the lyapunov function

in Equation (5.15), we have the following:
Ry S B[P = BIP(S™) = F)) + [ena (1+3) + 5= & ] I — x5+
L? -
+ [erna (14 B) + 55| x5 — 2|2
<E [F(x?‘f‘l) . M[F(xﬂ-l) — P(x*)] + [ctJrl(l + [3) ”—b} ||x5+1 ~5||2}
=R — BIE[F(x{™!) — F(x*)]. (5.39)

The second inequality follows from the fact that:
1 L 1
1+=)+2<—.
Ct“( +ﬁ>+2 2y
This, again, follows from argument stated in Theorem 5.4.1, the fact that 7 = p/L and
2,2

4pbm to<l.

Adding Equation (5.39) across all the iterations epoch s + 1 and then using telescopy
sum, we get

RS < RSTL - ZW]E £t — F(x)). (5.40)

We observe that RS = E[F(x$1)] = E[F(#*!)]. This is due the fact that ¢,, = 0 and
the definition of #**1. Furthermore, R§™ = E[F(xj™)] = E[F(#°)]. This is due to the

fact that x(sfrl = %°. Therefore, using the above reasoning in Equation (5.40), we have

E[F(x*1)] <E[F(&)] - ) %IE[F(X?“) — F(x")].



Adding the inequality stated above across all the epochs and using telescopy sum, we
have:

m

i i “’7113[}? 1) — F(x")] < B[F(x°)] — E[F(2%)] < E[F(x")] — F(x").

The second inequality follows from the optimality of x*. Using the definition of x* in
PL-SVRG, we have the following:

3[F(x") — F(x*)]
unT

< E[F(x") — F(x*)]

< 5 .

E[F(x!) — F(x*)] <

The second inequality follows from the fact that T = [6L/pu|. Using this recursion, we
have the desired result. O

5.10.3 PL-SAGA Convergence Analysis

Theorem 5.10.2. Suppose F is a u-PL function. Let b < n, 5 = p/L, T = [6L/up| where
p < 1/5 and satisfies the following condition:

16n%p?
b3

+po <1

Then for the output xX of PL-SAGA, the following holds:

[F(x°) — F(x*)]

E[F(x") = F(x")] <

2K ’
where x* is an optimal solution of Problem (5.1).
Proof. We define the following :
¥l = proxﬂh(xt —nVF(xh)). (5.41)

Similar to Theorem 5.10.1, we start with one iteration of PL-SAGA algorithm. In particu-
lar, we first analyze the case of T iterations of SAGA. Further recursing on the the result
obtain will give us the desired result. The first part of the theorem is similar to the proof
in Theorem 5.10.1. Using essentially a similar argument as the one in Theorem 5.10.1
until Equation (5.32), we have the following:

E[F(x*1)] B [F(r) + |5 — o | 6! = 2|2 = BF(x) = F(x)] + G T, 12 — a2
(5.42)
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We the following Lyapunov function:
By CENT 2
Ry = EB[F(x') +— ) [|Ix' —ai*],
i=1

as defined in Theorem 5.4.2. Using the same argument in Theorem 5.4.2 to bound it, we
have the following;:

Rt+1 S E [F(xt) — %[P( ) ( )] [Ct—l—l (1 + %) + % — ZL] ”xt—|—1 _ xt”Z
i [ct+1(1+ﬁ)(1 P n_Lb] Y - “fllz}
1=

< Ry — BLE[F(x") — F(x")]. (5.43)

Recall that p = 1 — (1 — 1/n)". The second inequality is due to the following inequality:
1-p L 1
an (14750 452 5

This is obtained by the same argument in Theorem 5.4.2. Adding Equation (5.43) over
all the iterations and using telescopy sum, we have the following;:

E[F(xT)] < E[F(x° ZWJE — F(x")].

The above inequality is obtained from the fact that Ry = E[F(x")]. This is due the fact
that cr = 0. Furthermore, Ry = E[F(x?)]. This is due to the fact that a? = x° for all
i € [n]. Therefore, we have:

&
Y FBIF(e) — F(e)] < BIP(O)] ~ BIFGT)] < B[F() — F(x')

Using the definition of x* in PL-SAGA, we have the following:

IE[F(xl) _ F(x*)] < 31E[F(x0) — F(x*)]

N pT

_ E[F() -~ )]

- 2
The second inequality follows from the fact that T = [6L/up]|. Using the above recur-
sion repeatedly, we obtain the desired result. O

511 Additional Experiments

We present the additional experiments for non-negative principal component analysis
problems in this section. Figure 5.3 shows the additional results. Similar to Figure 5.2,
we see that PROXSVRG and PROXSAGA outperform PROXSGD. We did not find any
significant difference in the performance of PROXSVRG and PROXSAGA.
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Figure 5.3: Non-negative principal component analysis. Performance of SGD,
PROXSVRG and PROXSAGA on ’real-sim’ (left), ‘covtype’(center) and “ijcnnl” (right)
datasets. Recall that the y-axis is the function suboptimality i.e., f(x) — f(£) where
£ represents the best solution obtained by running gradient descent for long time and
with multiple restarts.

5.12 Lemmatta

We first few intermediate results that are useful for our analysis. These results are key
to the mirror descent analysis [108]. We prove them here for completeness.

Lemma 5.12.1. Suppose we define the following:
y = prox,,(x —nd’). (5.44)
for some d’ € R?. Then for y, the following inequality holds:
By +ly—zd) <h@) + 4 [lz =2~ ly=xIP = ly—zI?].  (45)
forall z € RY.
Proof. From Lemma 5.12.5 applied on Equation (5.44), we get the following:
hy) + {y = x,d') + 2 lly ==l + ')

hy) + 2 lly — (x — )2
< (@) + llz— (x = pd )P = & lly — 2IP
hz) + (2 = xd') + 1z — 2P+ L2 = &y — 2] (5.46)

By rearranging Equation (5.46), we obtain the following inequality that concludes the
proof.

h(y) + (y —z,d') < h(z) + 2 [z =21 = lly = ]2 = |y — =1
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The following key lemma involving function F is useful for proving the convergence
of PROXSVRG and PROXSAGA.

Lemma 5.12.2. Suppose we define the following:
y = prox,, (x —nd’).
for some d’ € R?. Then for y, the following inequality holds:

F(y) < F(2)+(y — 2, V(x) - )
+ 5= Ay =P+ [+ ]l -2 = Ly -212  647)

forall z € RY.

Proof. We have the following inequalities for function f:

Fy) < £+ (VA @),y -0+ 5 ly - I,
Fx) < F@) +{TF(x) 2 —2) + 5 Jx — 2l

The above inequalities can be obtained by application of Lemma 5.12.6. Adding both
the inequalities above, we obtain the following inequality:

f) < &)+ (VALY = 2)+ 5 [y —x]2+ 1z — =) (5.48)

Adding Equations (5.45) (which follows from Lemma 5.12.1) and (5.48), we obtain the
inequality:

F(y) < F(z)+{y —z Vf(x) - d)
+ 5=y =P+ [5+ &) lz—xP =Ly —zI2 (549)
Here we used that definition F(x) = f(x) + h(x). This concludes our proof. O

The following result is useful for bounding the variance of the updates of PROXSVRG
and follows from slight modification of result in [139]. We give the proof here for com-
pleteness.

Lemma 5.12.3 ([139]). For the iterates x{*1,vS*! and %° where t € {0,...,m — 1} and s €
{0,...,S — 1} in Algorithm 11, the following inequality holds:

12 ~
E[[|Vf(x{th) — o) 71?] < 7||9c§+1 — 2|
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Proof. Let us define the following notation for the ease of exposition:

s—l—l

t Ul

Y (VAG) - VAE)).

il

Using this notation, we obtain the following bound:

E[[Vf(xi™) =i %] = EllIg ™ + V() = V()%
2
B[z~ B[G I = E L (VA - V@) ) ]
The second equality is due to the fact that E[5™!] = Vf(x{*!) — Vf(#°). From the

above relationship, we get

E[|[Vf(x™) - E

VAN
S| =

o ]

(AN
S| =

E

ZHsz ;) = V() —E [S“le]

zelt

S+1 (55|12 L2 s+1 75 2
Y VAT = VAE)] + Elllx 7]
Liel;

The first inequality follows from Lemma 5.12.7. The second inequality is due to the fact
that for a random variable ¢, E[||¢ — E[Z]]|?] < E[||Z||?]. The last inequality follows from

L-smoothness of f;.

]

A similar result can be obtained for PROXSAGA. The key difference with that of
Lemma 5.12.3 is that the variance term in PROXSAGA involves af. Again, we provide

the proof for completeness.

Lemma 5.12.4. For the iterates x', o' and {a!}"

the following inequality holds:

E[[|[Vf(x') -

', wheret € {0,..., T — 1} in Algorithm 12,

{12

oy L2 ¢
< Z VY E|xf—
Ulll_nbi; [ — a;

Proof. Let us define the following notation for the ease of exposition:

|t|

) (VAilx

i€l;

= Vfi(a;) -

In this notation, we have the following:

E[[Vf(x") —o'[”]) =

= E[|¢: — E[¢:][%] =

2
Cr+—

va VF(x')

|

bZ

Y (VA = Vfilai) -

iely

E[Z:])

|
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The second equality follows from the fact that E[¢;] = Vf(x') — 1Y | Vf(al). From

the above inequality, we get

E[|Vf(x') o) < 1E ;||Vfi<xf>—Vﬁ<af>—E[ctw]
< §E | DDA - VAGHIE| < 5 Y Ell P

The first inequality is due to Lemma 5.12.7. The second inequality follows from the
fact that for a random variable ¢, E[||¢ — E[Z]||?] < E[||Z||]. The last inequality is from

L-smoothness of f; for all i € [n] and uniform randomness of the set I;.

The following lemma is a classical result in mirror descent analysis.

Lemma 5.12.5. Suppose function h : R* — R is Ls.cand y = proxﬂh(x). Then we have the

following:
h(y) + Ally — xI? < hz) + Allz = x]? — Ly — =]

forall z € RY.
Lemma 5.12.6. Suppose function f : R — R is L-smooth, then we have the following:

F) + (VF ) x =) — 2 x—yl2 < F(x) < Fly) + (TF)x—y) + 5 x -y,

forall x,y € RY.

Lemma 5.12.7. For random variables z1, . . ., z, are independent and mean 0, we have
E|llz1+ .+ 2|2 =E [z + - + 2]

Proof. We have the following:

IE[]]zl+...+er2] Z]Ezz] - [Hzl\\2+...+\|z,||2].
i,i=1

The second equality follows from the fact that z;’s are independent and mean 0.

Lemma 5.12.8. For random variables z1, . . ., z,, we have

E |llz1+ o+ 2P| < 7B [z + o+ llz0 2
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Chapter 6

Projection-Free Stochastic Nonconvex
Optimization

6.1 Introduction

This chapter focuses on designing projection-free methods for constrained optimization
problems of the form:

E.[f(x,z)], (stochastic)

% Y fi(x), (finite-sum). (6.1)

min F(x) := {
We assume that F, f, and f; (i € {1,...,n} £ [n]) are all differentiable, but possibly
nonconvex; the domain Q) is convex and compact. Problems of this form are at the heart of
machine learning and statistics. Examples of such problems include multiclass classifi-
cation, matrix learning, recommendation systems [54, 55, 56, 66].

Within convex optimization, problem (6.1) is relatively well-studied. Two partic-
ularly popular approaches for solving it are: (i) Projected stochastic gradient descent
(SGD); and (b) the Frank-Wolfe (FW) method. At each iteration, SGD takes a step in a
direction opposite to a stochastic approximation of the gradient VF and uses projec-
tion onto () to ensure feasibility. While computing a stochastic approximation to VF is
usually inexpensive, in many real settings, the cost projecting onto () can be very high
(e.g., projecting onto the trace-norm ball, onto base polytopes in submodular minimiza-
tion [42]); and in extreme cases projection can even be computationally intractable [28].

In such cases, projection based methods like SGD become impractical. This diffi-
culty underlies the recent surge of interest in Frank-Wolfe methods [40, 66] (also known
as conditional gradient), due to their projection-free property. In particular, FW meth-
ods avoid the expensive projection operation and require just a linear oracle that solves
problems of the form min,c(x, g) at each iteration.

Despite the remarkable success of FW approaches in the convex setting, including
stochastic problems [56], their applicability and non-asymptotic convergence for nonconvex
optimization is largely unstudied. Even for SGD, it is only recently that non-asymptotic
convergence analysis for nonconvex optimization was obtained [47, 48]. More recently,
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Reddi etal. [139, 141] obtained variance reduced stochastic methods that converge faster
than SGD in the nonconvex finite-sum setting.

Similar fast variants of FW for nonconvex problems are not known. Given the vast
importance of nonconvex models in machine learning (e.g., in deep learning) and the
need to incorporate non-trivial constraints in such models, it is imperative to develop
scalable, projection-free methods. This chapter presents new FW methods towards this
goal. Our main contributions are summarized below, while the key complexity results
are listed in Figure 6.1.

Main Contributions. For the nonconvex stochastic setting in (6.1), we propose a stochas-
tic Frank-Wolfe algorithm (SFw), and provide its convergence analysis. For the non-
convex finite-sum setting, we propose two variance reduced (VR) algorithms: SVFw
and SAGAFW, based on the popular VR algorithms SVRG and SAGA, respectively. We
show that by carefully selecting the parameters of these algorithms, we can attain faster
convergence rates than the deterministic Fw. In particular, we prove that SvFw and
SAGAFW are faster than deterministic FwW by a factor of n!/3 and n?/3 respectively,
where 7 is the number of component functions in the finite-sum (see (6.1)). Further-
more, leveraging these variance reduced methods, we propose two algorithms, SVFw-
S and SAGAFW-S, for the nonconvex stochastic setting, with faster convergence rates
than SFW. To our knowledge, our work presents the first theoretical improvement for
stochastic variants of Frank-Wolfe in the context of nonconvex optimization.

6.1.1 Related Work

The classical Frank-Wolfe method [40] using line-search was analyzed for smooth con-
vex functions F and polyhedral domains Q). Here, a convergence rate of O(1/¢€) to en-
sure F(x) — F* < e was proved without additional conditions [40, 66]. There have been
several recent works on improving the convergence rates under additional assumptions
[45, 79]. More recently, Hazan and Luo [56] proposed stochastic variants of FW for con-
vex problems of form (6.1), and showed theoretical improvements over the classical
Frank-Wolfe method.

The literature on nonconvex Frank-Wolfe is relatively small. The work [16] proves
asymptotic convergence of FW to a stationary point; though, no convergence rates are
provided. To the best of our knowledge, Yu et al. [178] is the first to provide convergence
rates for FW-type algorithm in the nonconvex setting. Very recently, Lacoste-Julien [78]
provided a (non-asymptotic) convergence rate of O(1/€?) for nonconvex Fw with adap-
tive step sizes. However, as we shall see later, implementation of classical Fw for (6.1) is
expensive (or impossible in the pure stochastic case) since it requires calculation of the
gradient VF at each iteration. We show that our stochastic variants are provably faster
than the existing FW methods.

In the nonconvex setting, most of the work on stochastic methods focuses on SGD [47,
48] and analyzes convergence to stationary points. For the finite-sum setting, we build
on recent variance reduction techniques [33, 71, 153], which were first proposed for
solving unconstrained convex problems of form (6.1). Projected variants to handle con-
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straints were studied in [33, 173]. More recently, Reddi et al. [139, 141, 142] provided
nonconvex variants of these methods that converge provably faster than both SGD and
its deterministic counterpart.

6.2 Preliminaries

As stated above, we study two different problem settings: (1) stochastic, where F(x) =
E.[f(x,z)] and z is random variable whose distribution P is supported on & C R?; and
(2) finite-sums, where F(x) = 1Y | fi(x).

For the stochastic setting, we assume that F is L-smooth, i.e., its gradient is Lipschitz
continuous with constant L, so

IVE(x) = VEW)| < Llx—yl, VxyeQ.

Here ||.|| denotes the 2-norm. Furthermore, for the stochastic setting, we also assume
the function f is G-Lipschitz ie., [|[Vf(x,z)|| < Gforall x € Q and z € E. Such an
assumption is common in the stochastic setting [47, 56].
For the finite-sum setting, we assume that the individual functions f; (i € [n]) are
L-smooth i.e.,
IVAE) - VAW < Lix—yl, Yxyeq

Note that this implies that the function F is also L-smooth. The domain Q) € R¥ is
assumed to be convex and compact with diameter D; i.e., |[x —y|| < D forall x,y € Q.
Such an assumption is common to all Frank-Wolfe methods.

Convergence criteria. The criterion used for the convergence analysis is important in
nonconvex optimization. For unconstrained problems, the gradient norm ||V F|| is typi-
cally used to measure convergence, because | VF| — 0 translates into convergence to a
stationary point. However, this criterion cannot be used for constrained problems of the
form (6.1). Instead, we use the following quantity, typically referred to as Frank-Wolfe

8ap-

G(x) = max(v — x, —VF(x)). (6.2)
ve()
For convex functions, the FwW gap provides an upper bound on the suboptimality. For
nonconvex functions, the gap G(x) = 0if and only if x is a stationary point. To state our
convergence results we will also need the following bound:

5 2(F() ~ F(x))
LD?
given some (unspecified) initial point xg € Q).
Oracle model. To compare convergence speed of different algorithms, we use the fol-
lowing black-box oracles:
* Stochastic First-Order Oracle (SFO): For a function F(-) = E;[f(.,z)] where z ~ P,

an SFO takes a point x and returns the pair (f(x,z'), Vf(x,z')) where z’ is a sample
drawn i.i.d. from P [108].
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Algorithm | SFO/IFO Complexity | LO Complexity
Frank-Wolfe O(n/€?) O (1/€%)
SFw O (1/¢€*) O (1/€%)
SVEW O(n +n?/3/€?) O(1/€?)
SAGAFW O(n+n'/3/€?) O(1/€?)
SVFW-S O(1/€'%/3) O(1/€?)
SAGAFW-S O(1/€%/3) O(1/€?)

Figure 6.1: Table comparing the best SFO/IFO and LO complexity of algorithms dis-
cussed in the chapter (for the nonconvex setting). Here, SFw, SVFW-S and SAGAFW-S
are algorithms for the stochastic setting, while Fw, SVFw and SAGAFW are algorithms
for the finite-sum setting. The complexity is measured by the number of oracle calls re-
quired to achieve an e-accurate solution (see Section 6.2 for definitions of SFO/IFO and
LO complexity). The complexity of FW is from [78]. The results marked in red highlight
our contributions in this chapter. For clarity, we hide the dependence of SFO/IFO and
LO complexity on the initial point and few parameters related to the function F and
domain ).

* Incremental First-Order Oracle (IFO): For a function F(-) = 1Y, f;(.), an IFO takes
anindex i € [n] and a point x € RY, and returns the pair (f;(x), Vfi(x)) [2].

* Linear Optimization Oracle (LO): For a set (), an LO takes a direction d and returns
arg maxye (v, d).

Throughout the chapter, by SFO, IFO and LO complexity of an algorithm, we mean
the total number of SFO, IFO and LO calls made by the algorithm to obtain an e-accurate
solution, i.e., a solution for which E[G(x)] < ¢; the expectation is over any random-
ization as part of the algorithm. For clarity of presentation, we hide the dependence
of these complexities on the initial point F(xo) — F(x*), Lipschitz constant G, and the
smoothness constant L; we report the dependence on 7 to highlight its importance.
Classical Fw. To place our results in perspective, we begin by recalling the classical
Frank-Wolfe (Fw) algorithm [40]. Pseudocode for this is presented in Algorithm 13.

Algorithm 13: Fw (xo, T, {7 Z-T:_ol>

1: Input: xg € Q, number of iterations T, {7}/, where v; € [0,1] foralli € {0,..., T — 1}
2: fort =0toT —1do

3:  Compute v; = arg maxyeq (v, —VF(x))

4:  Compute update direction d; = v; — x;

5 xpp1 = X+ Yedy

6: end for
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Each iteration of FW entails calculation of the gradient VF and moving towards a
minimizer of a linearized objective. Notice that calculation of VF may not be possible
in the stochastic setting of (6.1). Furthermore, even in the finite-sum setting, computing
VF requires n IFO calls, rendering the approach useless in large-scale problems, where
n is large. For the nonconvex finite-sum setting, the following key result was proved
recently [78].

Theorem 6.2.1 [78]). Under appropriate selection of step sizes ¢, the IFO and LO complexity
of Algorithm 13 to achieve an e-accurate solution in the finite-sum setting are O(n/€*) and
O(1/€?) respectively.

The key aspect of Theorem 6.2.1 is the dependence of IFO complexity on . In par-
ticular, when 7 is large, the IFO complexity O(n/€?) shown by the theorem becomes
prohibitively expensive; thus, undermining the benefits of FW over competitors like
projected SGD. In the next section, we tackle this drawback and develop faster noncon-
vex stochastic and variance reduced FW methods.

6.3 Algorithms

In this section, we describe Fw algorithms for solving (6.1). In particular, we explore
stochastic and variance reduced versions of the classical FwW method, for the stochastic
and finite-sum settings, respectively. We defer the discussion on comparison of the
convergence rates to Section 6.5.

6.3.1 Stochastic Setting

We first investigate the convergence of FW in the stochastic setting. As mentioned ear-
lier, the classical FW method (Algorithm 13) requires calculation of the full gradient
VF(x), which is typically impossible to compute in the stochastic setting. For convex
problems, Hazan and Luo [56] tackle this issue by using the popular Robbins-Monro ap-
proximation [149] to the gradient. We use a variant of the algorithm for our nonconvex
stochastic setting, which we call SFw.

The pseudocode of SFW is listed in Algorithm 14. Note that the samples {z;} are
chosen independently according to the distribution P. Thus, E, [V f(x,z;)] = VF(x),
i.e., we obtain an unbiased estimate of the gradient. Also, note that the output in Algo-
rithm 14 is randomly selected from all the iterates of the algorithm. The key parameters
of SFW are the step sizes {7;}/ ;! and the minibatch sizes {b;}. These parameters must
be chosen appropriately in order to ensure convergence of the algorithm (see Theo-
rem 6.3.1). For our analysis, we assume that the function f is G-Lipschitz i.e., we have
maxyen ez ||V (x,z)|| < G. This bound on the gradient is crucial for our convergence
analysis.

We prove the following key result for nonconvex SFw.
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Algorithm 14: Nonconvex SFW (xo, T, {’yi}iT:_Ol, {bi}iT:_01>

1: Input: xg € Q, number of iterations T, {7;}/ ' where 7; € [0,1] for all
i € {0,..., T — 1}, minibatch size {b;} '
2: fort =0toT —1do
3:  Uniformly randomly pick i.i.d samples {z],...,z} } according to the distribution
P.
4:  Compute vy = arg max,cq (v, —blt Z?*:l Vf(xt,z))
5:  Compute update direction d; = vy — x;
6:  Xpy1 = X+ Yedy
7: end for
8: Output: Iterate x, chosen uniformly random from {xt}tT:_Ol.

Theorem 6.3.1. Consider the stochastic setting of (6.1) where f is G-Lipschitz and F is L-
smooth. Then, the output x, of Algorithm 14 with parameters v = v = %Bfﬁ(x*)),
bi =b=Tforallt € {0,..., T — 1}, satisfies the following bound:

D xo)—F(x*
E[0(w) < = <G+ ¢w<l+ﬁ>) :

where x* is an optimal solution to (stochastic) problem (6.1).

Proof. First observe the following upper bound:

L
F(xip1) < F(xe) + (VE(xe), %101 — 21 + o lvgn — x|

= F(x) + (VF(x2), (0 — 1)) + llr(on - )|
LDZ’)/Z

< F(x;) +9(VF(xt), 0t — x) + >

(6.3)

The first inequality follows since F is L-smooth (see Lemma 6.5.1). The equality is due
to the fact that x;11 — x; = y(v+ — x¢). The second inequality holds because v, x; € Q)
and because the diameter of () is D.

Next, we introduce the following quantity:

Oy = argmax(v, —VF(xy)), (6.4)
veQ)

which is used purely for our analysis and is not part of the algorithm. For brevity, we
use V; to denote %Z?:l fxe,2h).
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Rewriting inequality (6.3) using this quantity, we see that

LDZ’)/Z
F(xpi1) < F(xt) +v(V, 00 — x1) + v(VF(xt) — Vi, 0 — x¢) + 5
LDZ’)’Z

2

= F(xt) —+ 7<VP(xt), Oy — xt> -+ 'y<VF(xt) — V4,08 — UAt> +

LDZ 2
— F(xt) — 7G (%) + 7{VE(xt) = Vi, 01 — 05) + —= 1

2
L DZ 2
< F(xi) = 7G(x) + D VE(xt) = Vil + =5 (65)
The second inequality follows from the optimality of v; in Algorithm 14, while the
third inequality follows from recalling that G(x;) = maxyeq (v — x¢, —VF(x;)) = (6; —
x¢, —V F(xt)), which holds due to the optimality of ; in (6.4). The last inequality follows
from Cauchy-Schwarz and the fact that the diameter of the feasible set ) is bounded by
D.
Taking expectations and using Lemma 6.5.2 in (6.5) we obtain the following impor-
tant bound:

< F(xt) + (V0 — x¢) + 7(VF(x¢) — Vi, 00 — x1) +

LDZ’)/Z
2

GDy = LD?*y?
E[F <E|F —v7E .
[F(xi)] < BIF()] = vE[G (x)] + =7+ —
Summing over t and telescoping, we then obtain the upper-bound
=1 TGDy = TLD?*y?
v 2 BlG(x1)] < F(xo) — E[F(x7)] +
2 I
TGDy , TLD*y?
< P(xg) — F(x*) + ——t 4 =21

Vb 2

The latter inequality follows from the optimality of x*. Using the definition of the output
x, of Algorithm 14 and the parameters specified in the theorem statement, we get

F(xg) — F(x*) GD N LD?y

<
D 2L (F(x0) F(x*))
< ﬁ<G+\/T(1+ﬁ)>, (6.6)
which concludes the proof of the theorem. O

An immediate consequence of Theorem 6.3.1 is the following complexity result for
SFW.

Corollary 6.3.1.1. Under the setting of Theorem 6.3.1, the SFO complexity and LO complexity
of Algorithm 14 are O(1/e*) and O(1/€?), respectively.
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Proof. The proof follows upon observing that O(1/€?) minibatch size is required at each
iteration of the algorithm, and noting that as per Theorem 6.3.1 O(1/¢€?) iterations are
required to achieve an e-accurate solution. O

Note that the SFO and LO complexity of nonconvex SFW is similar to that of online
Fw [55] and slightly worse than complexity of SFW for convex problems [56]. Further-
more, for simplicity of analysis, we used a fixed step size and minibatch size. One can
derive an essentially similar result using a decreasing step size and increasing minibatch
size.

It is important to emphasize that the above results also apply to the finite-sum set-
ting. In particular, when the distribution P is the empirical measure, then the conver-
gence result in Theorem 6.3.1 also provides convergence rates for the finite-sum case.
However, as we will see shortly, these convergence rates can be improved significantly
by using variance reduction techniques.

6.3.2 Finite-sum Setting

In this section, we consider the finite-sum setting of (6.1). We show that by building on
ideas from variance reduction for SGD, one can significantly improve the convergence
rates. The key idea is to use a variance reduced approximation of the gradient [33,
71]. We analyze two different algorithms for the finite-sum setting. Our first algorithm
(SVEW) is based on the convex method of [56] adapted to the nonconvex case. Our
second algorithm (SAGAFW) is based on another variance reduction technique called
SAGA [33].

SVFW Algorithm

Pseudocode of our first method (SVFW) is presented in Algorithm 15. Similar to [71] and
[56], nonconvex SVFW is also epoch-based. At the end of each epoch, the full gradient is
computed at the current iterate. This gradient is used for controlling the variance of the
stochastic gradients in the inner loop. For epoch size m = 1, SVFW reduces to the classic
Fw algorithm. In general, the epoch size m is chosen such that the total number of IFO
calls per epoch is @(n). This ensures that the cost of computing the full gradient at the
end of each epoch is amortized. To enable a fair comparison with SFW, we assume that
the total number of inner iterations across all epochs in Algorithm 15is T.

We prove the following key result for Algorithm 15. For ease of exposition, we as-
sume that the total number of inner iterations T is a multiple of m.

Theorem 6.3.2. Consider the finite-sum setting of (6.1) where the functions {f;}! | are L-

F(xo)—F(x7)

TLD%p and

smooth. Then, the output x, of Algorithm 15 with parameters vy = ¢ =
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Algorithm 15: SVFW (xo,T m, {3t {0 )

1: Input: 19, = xg € O, epoch size m, number of epochs S = [T/m], {v; ;.”:_01 where
vi € [0,1] for alli € {0,...,m — 1}, minibatch size {b;}" !
2: fors=0toS —1do

3:  Letx® = xj,
4 Compute @ = VF(#°) = 1 y7 | £(3°)
5. fort=0tom—1do
6: Uniformly randomly (replacement) select subset Iy = {iy,..., i, } from [n].
7 Compute US+1 = arg maxye (0, T (Zzelt Vfix SH) fi(®) + &%)
8: Compute update direction 51 = o571 — 51
9% xh=x 4 mdt
10:  end for
11: end for
12: Output: Iterate x, chosen uniformly random from {{x{ ™1}/ 1}>_ 1.

by=b=m?forallt € {0,...,m— 1} satisfies
E[G(x,) ¢L (x0) = F(x*))(1+ B),

where x* is an optimal solution of (6.1) and X4 is the output of Algorithm 16.

Proof. We first analyze the convergence properties of iterates within an epoch. Suppose
that the current epoch is s + 1. For brevity, we drop the symbol s from x;™, #° and §°,
whenever it safe to do so given the context. The first part of the proof is snmlar to that
of Theorem 6.3.1. We use the quantity 9; = arg max,c (v, —VF(x¢)), as before, purely
for our analysis. For the t iteration within the epoch s, we have

F(xt11) < F(xt) + (VF(xt), y(vr — x1)) + %HV(W —xp)||?
LDZ’)/Z
5

This is due to Lemma 6.5.1 and definition of x;;; in Algorithm 15. For brevity, we use
V' to denote %(Zielt Vfi(x¢) — fi(%) + §). Rewriting, we then obtain

< F(x¢) +v(VF(xt), 0 — xp) +

6.7)

~ ~ LDZ’)/Z
F(xty1) < F(xt) + (V00— x1) +v(VF(xt) — Vi, 00 — xp) + 5
- 5 LDZ,)/Z
< F(xt)+7<Vt,vt—xt)+'y<VF(xt) —Vt,vt—xt> + 5
5 LDZ’)’Z
< F(xt) + ’)’<VF(X¢), UAt — Xt> + ’y(VF(xt) — Vt, Ut — @t) + >

LDZ'yZ

< F(xt) — vG(xt) + Dy[[VF(xt) — V|| + >

(6.8)
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The second inequality is due to the optimality of v; in Algorithm 15. The last inequality
is due to the definition of G(x;), the diameter of set (), and an application of Cauchy-
Schwarz inequality. Note that the above inequality is similar to (6.5), except for the
crucial difference in the term VF(x;) — V; (instead of VF(x;) — V; in (6.5)). As we
shall see shortly, this term has much lower variance, which ultimately leads to faster
convergence rates.

Taking expectations and using Lemma 6.5.3 in inequality (6.8) we obtain the bound

LDZ’)/Z

E[F(x101)] < E[F(x)] — 1E[G ()] + “ - El[[xs — 2] + *2

Vb

To aid further analysis, we introduce the following Lyapunov function:

Ry = E[F(x) + ct||x — X[],

(6.9)

where ¢,; = 0and ¢; = ¢;y1 + (LD)/V/b forall t € {0,...,m — 1}. Using the relation-
ship in (6.9), we see that

Rip1 = E[F(x¢11) + cpp1 || 241 — X|]]

2.2
< E[F(x)] — YEIG(x0)] + = E[e — 2] + =5 + el 1]
< E[F(x)] - 7E[G(x )H%met 2]+ 22 e E s — x| + [ — 7]

LDZ 2
< Ry — yE[G(x1)] + ==

+ ct41D7y. (6.10)

The second inequality follows from the triangle inequality, while the last inequality
holds because: (@) ¢; = cr1 + (LDY)/ Vb, and (b) [|xe-1 — xi = 7o — ul| < Dy
(recall the definition of diameter of (). Telescoping over all the iterations within an
epoch, we obtain

m—1 242 m

LmD
Rw < Ro—7 Y E[G(x)] + ———+Dr Yo
t=0 t=1

m_l LmD?y?*  L(m — 1)mD??
= Rp — E|G(x)] + + .
0 “Ygo (G (x1)] 5 NG

The equality follows from the relationship ¢; = c; 1 + (LD7y)/+/b. Since ¢, = 0 and

SH = ¥° = x;, (in Algorithm 15), from (6.11) we obtain

(6.11)

m-1 2,2 _ 2,2

E[F(e")] < EIF( )]~y 1 E[G ()] + 2100 4 K= DmDer
=0 2 2v/b
Now telescoping over all epochs, we obtain

~1m-1 2,2 2,2

TLD v  TL(m—1)D*y

E[F < F(xo) E[G(x;™)] - :

)] < Fxo) =7 1, 1 LG ; i
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Rearranging this inequality and using the definition of the output in Algorithm 15, we
finally obtain

F(xo) —E[F(x3,)] LD?y L(m—1)D%y
BlG(n)] <~ S S S

F(xp) — F(x*) ’
< + LD
<= g

§2¢LD%HM0—F&ﬂ)

TB (14 B).

The second inequality follows from the optimality of x* and because b = m?. The
last inequality follows from the choice of vy stated in the theorem. This concludes the
proof. O

The analysis suggests that the value of m should be set appropriately in Theorem 6.3.2
to obtain good convergence rates. If m is small, the IFO complexity of Algorithm 15 is
dominated by the step involving calculation of the full gradient at the end of each epoch.
On the other hand, if m is large, a large minibatch is used in each step of the algorithm
(since b = m?), which increases the IFO complexity. With this intuition, we present
following important corollary.

Corollary 6.3.2.1. Under the setting of Theorem 6.3.2 and with m = [n'/3], the IFO complex-
ity and LO complexity of Algorithm 14 are O(n + n?/3/€?) and O(1/€?), respectively.

Proof. We first observe that the total number of IFO calls for an epoch (including those
required for calculating the full gradient) is @(m® + n). Since m = [n!/3], the total
amortized TFO complexity of one iteration within an epoch is O(m?) = O(n?/3). There-
fore, the IFO complexity is O(n + n%/3/€?). Further, since each inner iteration requires
O(1) LO calls, the LO complexity is O(1/¢€?). O

SAGAFwW Algorithm

SVFW is a semi-stochastic algorithm since it requires calculation of the full gradient at
the end of each epoch. Below we propose a purely incremental method (SAGAFwW)
based on the SAGA algorithm of [33]. The pseudocode for SAGAFW is presented in
Algorithm 16.

A key feature of SAGAFW is that it entirely avoids calculation of full gradients. In-
stead, it updates the average gradient vector g; at each iteration. This update requires
maintaining additional vectors &’ (i € [n]), and in the worst case such a strategy incurs
additional storage cost of O(nd). However, this cost can be reduced to O(n) in several
practical cases (refer to [33, 141]).

For SAGAFW, we prove the following key result.
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Algorithm 16: SAGAFW (xo, T, {vi} " {bi}iT:_01>

1: Input: &) = xp € Q for all i € [n], number of iterations T, {7;} ;' where 7; € [0,1]
foralli € {0,...,T — 1}, minibatch size {b;}

2: Compute go = = Y7 | VF(ad))
3: fort =0toT —1do
4:  Uniformly randomly (with replacement) select subsets I;, J; from [n] of size b;.
5. Compute v; = arg max,cn (v, _blt(ZieIt Vfi(xt) — fi(a}) + 8¢))
6: Compute update direction d; = vy — x;
7: Xty1 = Xt + 'Ytdt . .
8: zx]tﬂ:xtforjeftandociﬂ:tx]tfor]'gé]t
9 &1 = 8§t — %Zje]t(vfj(“]t) - ij(“{url))
10: end for

—_
—_

. Output: Iterate x, chosen uniformly random from {x:} .

Theorem 6.3.3. Consider the finite-sum setting of (6.1) where functions { f;}!_, are L-smooth.
Define 8(b,n, T) = 1/2 4 (2n3/2/ Tb3/?). Then the output x, of Algorithm 16 with parameters

Y= = % and by = b < mnforallt € {0,..., T — 1}, satisfies the following:

E[g(x,)] < j—%ﬂe(an, T)(F(x0) — F(x"))(1+B),

where x* is an optimal solution of problem (6.1) and x, is the output of Algorithm 16.

Proof. We use the following quantities in our analysis:

Vi = bl ) (Vfi(xt) — fi(a}) +gt>

t i€l
oy = ,—VF(x)).
o = arg max(v (x¢))

The first part of our proof is similar to that of Theorem 6.3.2. Using essentially the same
argument until (6.8), we have

. LDZ’)/Z
E[F(xt1)] < F(xt) = 7G(x2) + Dy[|[VE(xt) = Vil + —
LDyy/n1 & . LD?9?
< F(xt) —vG(xt) + —=—=Y El|x; —a}|| + . 6.12
() = 79 ) + =0 Y B — |+ = (612)

The second inequality is due to Lemma 6.5.4. Next, we define the following Lyapunov
function:

1 -

Ry = E[F(x)] + e ) Bl —atl],

i=1
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where cr = 0and ¢; = (1 — p)cse1 + (LDyy/n)/Vbforall t € {0,...,T — 1}, where p is
the probability 1 — (1 — 1/n)" of an index i being in J;. We can bound p from below as

b
_ 1 1 _ b/ b
p=1- (1 - ﬁ) > 1= my = 16/ 2 2 (6.13)

where the first inequality follows from (1 — y)" < 1/(1 + ry) (which holds for y €
[0,1] and r > 1), while the second inequality holds because b < n. Now observe the
following;:

1 ~ 1 -
=Y Ellxen —abl = 5 2B [l —xll 4+ (1= p)llxesa —
i=1 i=1

n .
Y E [pllxen = xill + (1= p) (41 — x| + 1 — af )]
Y E [[lxien — xill + (1= p)El|x: — o (6.14)

The first equality follows from the definition of «! 1 in Algorithm 16, while the inequal-
ity is just the triangle inequality. Using the above relationship and the bound in (6.12),
we obtain
LD? ,)/2

2

Rip1 S E[F(xt)] — vE[G (xt)] +

4 LDy
Vb

1 & ;
+ (1 — P)E ZlE[th — agl]
i=1

1 & ,
— 2 Blllxe — at[] + e B[ [l 21 — xi]
i=1

DZ 2
T 4 ¢ 1Dy (6.15)

< Ry — vE[G(x1)] +

The second inequality holds because: (a) c; = (1 — p)ciq + (LDy+/1)/+/b, and (b)
|xt41 — xt|| = 7l|or — x¢]] < D7y (due to our bound on the diameter of the set ().
Telescoping over all the iterations, we see that

T-1 2,2 T
TLD
RTSRo—’)/Z]E[g(Xt)]‘f‘ > 7 +D’yzct
t=0 t=1
T-—1 2.2 2,2
TLD*y* LD*y*\/n
<Ro—7 ) E[G(x:)] + +
t=0 2 P\/E
T—1 2,2 2,.2.,.3/2
TLD 2LD*y*n
< Ro—7 Y E[G(xe)] + —— -

t=0

The second inequality follows form the fact that Y/, ¢; < LDy+/n/(pV/b). This can, in
turn, be obtained from the recursion ¢; = (1 — p)ci11 + (LDy+/n)/+vb and cr = 0. The
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SVFW-S:(xo, T, B, 7y) SAGAFW-S:(x¢, T, B, )

Randomly sample z1,- -+ ,zg ~ P Randomly sample z1,- -+ ,zg ~ P
Let finite-sum F(x) = £ 7 f(x,z;) Let finite-sum F(x) = £ 7 f(x,z;)
Output: SVEW(xo, T, B'/3, 7, [B*/3]) Output: SAGAFW (xo, T, 7, [3B'/%])
applied on the function F applied on the function F

Figure 6.2: SVFW-S and SAGAFW-S variants for the stochastic setting.

third inequality is due to the bound on p in (6.13). Rearranging the above inequality
and using the definition of x, from Algorithm 16, we finally obtain the bound

F(xo) —E[F(x7)] LD?y 2LD?*yn3/2
<
E[g(xﬂ)] = T'Y + 2 Tb3/2

_ Flxo) = F(x")
<HHS

+ LD?*y6(b,n,T).

The first inequality uses the fact that cr = 0 and &) = xq (in Algorithm 16). The second
inequality uses the optimality of x* and the definition of 8(b,n, T). Using the setting of
7 in the theorem statement, we obtain the desired result. ]

Corollary 6.3.3.1. Assume T > n. Under the settings of Theorem 6.3.3 and with b = [n1/3],
the IFO and LO complexity of Algorithm 14 are O(n + n'/3 /€?) and O(1/€?), respectively.

Proof. First, observe that for T > nand b = [n'/3], 8(b,n, T) < 5/2 in Theorem 6.3.3.
Thus, the IFO complexity is O(n + n'/3/€?). Furthermore, since each iteration requires
just O(1) LO calls, the LO complexity is O(1/€?). O

Notably, the IFO complexity of SAGAFW is lower than that of SVEw. Moreover, if
T > n3/2 and b = 1, then we have 8(b,n, T) < 5/2, in which case the IFO complexity is
O(n¥2 +1/¢€?).

6.4 Variance Reduction in Stochastic Setting

In this section, we improve the convergence rates in the stochastic setting using variance
reduction techniques. The key idea is to first obtain samples {z;} are chosen indepen-
dently according to the distribution P and then use SVFW or SAGAFW, described in this
chapter, on the finite-sum problem over these samples. The pseudocode for the SVFw
and SAGAFW variants for stochastic setting (SVFW-S and SAGAFW-S respectively) are
provided in Figure 6.2. The following is the key result regarding the convergence rates
of SVFW-S and SAGAFW-S.

Theorem 6.4.1. Consider the stochastic setting of (6.1) where f is G-Lipschitz and f(.,z) is

F(xo)—F(x")

L-smooth for all z € E. Suppose B = T and vy = TLD?B

(for SVFW-S and SAGAFW-S).
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Then the output of SVFW-S and SAGAFW-S satisfy the following:

E[G(x,)] ¢L (x0) — F(x"))(1+ B) + G—j; (6.16)

Proof. Consider the finite-sum F(x) = £ Y2, f(x,z;) where zy, - - ,zg ~ P. We use the
following notation:

G(x) = rzfleag(v —x,—VE(x)).

Let i ™! = argmax,cq (v — x5, ~VF(xi™1)) and 657! = argmax,ecq (v — x5, ~VF(x$Th)).
We first observe the following key relationship for SVFW

E[G(x™!) = G(x;™)] = E[(5;"" — —VE(x )] = E[o7 — i, - VEGT™))]
]E[(??f+1 s+1’ VF( s+1)>] E[<-5+1 _x§+1’_vp(x?+1)>]
IE[<Z7§+1 s+1 VF( s+1) VF( s+1)>]
< DE

(IVEGE) - VE(|)) < ‘j’;

The first inequality is due to the optimality of ;™!. The third inequality follows from
Cauchy-Schwarz inequality. The last 1nequa11ty is due to Lemma 6.5.2. Adding the
above inequality across all the iterations and epochs, we get:

5 GD
E[G(xa)] < E[G(xa)] + N

Using the bound on [E[G(x,)] in Theorem 6.3.2 (here, recall we are using SVFW on F) in
the above inequality, we get the desired result. The proof for SAGAFW-S is similar.  [J

The following corollary on the complexity of SVFW-S and SAGAFW-S is immediate
consequence of the above result.

Corollary 6.4.1.1. Under the setting of Theorem 6.4.1, the SFO complexity of SVFW-S and
SAGAFW-S (in Figure 6.2) are O(1/€'%/3) and O(1/€8/3), respectively. The LO complexity
of both SVFW-S and SAGAFW-S is O(1/€?).

Proof. The proof follows from the fact that B = T, b = [B?/3] (in SVFW-S) and b =
[3B1/3] (in SAGAFW-S) and IFO complexities of SVFW and SAGAFW given in Corol-
lary 6.3.2.1 and 6.3.3.1 respectively. O

By comparing Corollary 6.4.1.1 with Corollary 6.3.1.1, we see that SVFW-S and SAGAFw-
S have better SFO complexity than SFw.
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6.5 Discussion

It is important to remark on the complexity results derived in this chapter. For the
stochastic setting, we showed that the SFO and LO complexity of SFw are O(1/€*)
and O(1/¢€?), respectively. At first glance, these rates might appear worse than those
obtained for nonconvex SGD (see [47]). However, it is important to note that the con-
vergence criterion used in this chapter is different from the one used in [47]. It is an
important piece of future work to understand the precise relationship between these
convergence criteria. Furthermore, the convergence rates in this chapter are similar to
those obtained for online Frank-Wolfe [55] and only slightly worse than those obtained
for stochastic Frank-Wolfe in the convex setting [56]. We, further, improved the conver-
gence rate of SFW by using variance reduction ideas in the stochastic setting (SVFW-S
and SAGAFW-S algorithms in Section 6.4). Understanding the tightness of these rates is
an interesting open problem left as future work.

For the finite-sum setting, while the complexity results of SFw still hold, we obtained
significantly faster convergence rates by using variance reduction techniques. The de-
pendence of IFO and LO complexity of nonconvex SVFW and SAGAFW, on € is O(1/¢€?),
which matches the classical Frank-Wolfe algorithm [78]. However, SVFW and SAGAFw
exhibit a much weaker dependence on n than Fw; wherein, they are provably faster
than the classical Frank-Wolfe by a factor of n'/3 and n?/3, respectively. Similar (but
not same) benefits have also been reported for nonconvex SVRG and SAGA over gradi-
ent descent [139, 141]. Interestingly, there appears to be a gap between the convergence
rates of SVFW and SAGAFW. Whether this gap is an artifact of our analysis or has deeper
reasons remains open.

We conclude with a remark on a subtle point regarding the step size . The step
size ¢ in Theorems 6.3.1, 6.3.2, and 16 requires knowledge of parameters like L, D
and F(x) — F(x*). Typically, an estimate of the these values suffices in practice. In
absence of such knowledge, one can completely eliminate this dependence of -y on these
parameters by simply choosing B = w. Fortunately, this comes at the cost of
only slightly worse constants in the convergence rate.

Appendix: Omitted Proofs

The following bound on the value of functions with Lipschitz continuous gradients is
classical (see e.g., [111]).

Lemma 6.5.1. If f : R? — R is L-smooth, then

Fx) < £ ) + (V@) x—y)+ 5l =y,
forall x,y € RY.

The following lemma is useful for bounding the variance of the gradient estimate
used in the stochastic setting.
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Lemma 6.5.2. Suppose the function F(x) = E;[f(x,z)] where z is a random variable with
dzstrzbutzon P and support E u, and max,ez ||Vf(x,2)|| < G forall x € Q. Also, let Vy, =
F e, Vf(x,z;) where {z;}}_, are i.i.d. samples from the distribution P. Then, the following
holds for any x € Q):

_ G
E{||Vy = VF(x)||] < —.
Vs @l = 7=
Proof. The proof follows from a simple application of Lemma 6.5.5 and Jensen’s inequal-
ity. [

The following result is useful for bounding the variance of the updates of SVFw
and follows from a slight modification of a result in [139]. We give the proof here for
completeness.

Lemma 6.5.3 {139]). Let V; = n (Ezelt V(xS — £(#%) + §°) in Algorithm 15. For the

iterates x5! and %° where t € {0, .. —1}ands € {0,...,S — 1} in Algorithm 15, the
following znequality holds:

Ei[VF(x™) = V] < -2

—=lx
\/_
Proof. For the ease of exposition we first define

?-l—l Z (sz S+1 sz(fs)) )
|I | iel;

Using this notation, we then obtain the following;:

Ei[VF(x™) = Vil

= B4 + VEE) - VEG |
= By IG Byl P
2
= 7B [| T (VA0 - Vi) ~ Byl
icl;

The second equality is due to the fact that Ej,[5T'] = VF(xi™!) — VF(%°). From the
above relationship, we get

By [IVE(xi™) = Vi)

1 .
< By | TIVAGE Vfi(xs)—lEzt[C?“HIZ]
t lelt
1 o
< By | ) IVAET) = VAE)?
t Liel;

L2
||xs+1 Nst'
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The first inequality follows from Lemma 6.5.5. The second inequality is due to the fact
that for a random variable ¢, E[||¢ — E[Z]]|?] < E[||Z||?]. The last inequality follows from
L-smoothness of f;. The result follows from a simple application of Jensen’s inequality
to the inequality above. O

The following result is important for bounding the variance in SAGAFW. The key
difference from Lemma 6.5.3 is that the variance term in SAGAFW involves aj. Again,
we provide the proof for completeness.

Lemma 6.5.4. Let V; = blt(Zielt Vfi(xt) — fi(al) + gt) in Algorithm 16. For the iterates
Xt, 0 and {txi}?:l wheret € {0,..., T — 1} in Algorithm 16, we have the inequality

n

E[[VE(x) = Vill] < Z ||Xt—0ét||
:1

Proof. As before we first define the quantity

|It‘ Z (vfl xt vfz(“é)) :

ZEIf

t

With this notation, we then obtain the equality
Ey[[[VF(x) = Vi|]

2
By ||+ 2 Y VA - V() ] — B4 {5 B4 P
i=1
1 2
= || (S0 - ) - ) ] .

The second equality follows from the fact that E, [(;] = VF(x;) — ', Vfi(al). From
the above inequality, we get the following bound:

Ey[[VE(xe) = V]

]‘ i
< B | ) IVSilx) = Vfilar) — By
t icl;
<% 1, Y IV filxe) = Viilap)|?] < Z\!xt—“ﬂlz-
icl; =1

The first inequality is due to Lemma 6.5.5, while the second inequality holds because
for a random variable ¢, E[||Z — E[Z]||?] < E[||Z]|?]. The last inequality is from L-
smoothness of f; (i € [n]) and uniform randomness of the set I;. By applying Jensen’s
inequality, we get the desired result. O

Lemma 6.5.5. For random variables z1, . . ., z, that are independent and have mean 0, we have
E|llz1+ .+ 22 =E [z + ..+ 2r]P]
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Proof. Expanding the left hand side we have

E [z 44202 = Y E [2] =B [, =)

ij=1

the second equality here follows from the our hypothesis.
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Chapter 7

Variance Reduced Stochastic Langevin
Dynamics

7.1 Introduction

In the previous chapters, we examined the benefit of variance reduction in the context
of optimization. Here, we demonstrate that these techniques can be useful in settings
beyond optimization by investigating its benefit for Bayesian posterior Inference (BI). BI
involves drawing samples from a posterior distribution based on the training data and
is a central task in machine learning and Bayesian analysis. It has widespread applica-
tions in science, law, sports and philosophy. While sampling methods like Monte Carlo
are considered as gold standard in Bayesian posterior inference due to their asymptotic
convergence properties, their convergence can be slow in large models due to poor mix-
ing. Gradient-based Monte Carlo methods such as Langevin Dynamics and Hamilto-
nian Monte Carlo [104] allow us to use gradient information to more efficiently explore
posterior distributions over continuous-valued parameters. By traversing contours of a
potential energy function based on the posterior distribution, these methods allow us
to make large moves in the sample space. Although gradient-based methods are effi-
cient in exploring the posterior distribution, they are limited by the computational cost
of computing the gradient and evaluating the likelihood on large datasets. As a result,
stochastic variants are a popular choice when working with large data sets [172].

Stochastic gradient methods [149] have long been used in the optimization com-
munity to decrease the computational cost of gradient-based optimization algorithms
such as gradient descent. These methods replace the (expensive, but accurate) gradient
evaluation with a noisy (but computationally cheap) gradient evaluation on a random
subset of the data. With appropriate scaling, this gradient evaluated on a random subset
of the data acts as a proxy for the true gradient. A carefully designed schedule of step
sizes ensures convergence of the stochastic algorithm.

A similar idea has been employed to design stochastic versions of gradient-based
Monte Carlo methods [7, 8, 97, 172]. By evaluating the derivative of the log likelihood
on only a small subset of data points, we can drastically reduce computational costs.
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However, using stochastic gradients comes at a cost: While the resulting estimates are
unbiased, they do have very high variance. This leads to an increased probability of se-
lecting paths with high deviation from the true gradient, leading to slower convergence.

There have been a number of variations proposed on the basic stochastic gradient
Langevin dynamics (SGLD) model of [172]: [26] incorporate a momentum term to im-
prove posterior exploration; [37] propose using additional variables to stabilize fluctu-
ations; [119] proposed modifications to facilitate exploration of simplex; [49] provides
sampling solutions for correlated data. However, none of these methods directly tries
to reduce the variance in the computed stochastic gradient.

As was the case with the original SGLD algorithm, we look to the optimization com-
munity for inspiration, since high variance is also detrimental in stochastic gradient
based optimization. A plethora of variance reduction techniques have been recently
proposed to alleviate this issue for the stochastic gradient descent (SGD) algorithm
[33, 71, 153]. By incorporating a carefully designed (usually unbiased) term into the up-
date sequence of SGD, these methods reduce the variance that arises due to the stochas-
tic gradients in SGD; thereby, providing strong theoretical and empirical performance.

Inspired by these successes in the optimization community, we propose methods

for reducing the variance in stochastic Langevin dynamics. Our approach bridges the
gap between the faster (in terms of iterations) convergence of non-stochastic Langevin
dynamics, and the faster per-iteration speed of stochastic Langevin dynamics. While
our approach draws its motivation from stochastic optimization literature, it is to our
knowledge the first approach that aims to directly reduce variance in a gradient-based
Monte Carlo method. While our focus is on Langevin dynamics, our approach is easily
applicable to other gradient-based Monte Carlo methods.
Main Contributions: We propose a new Langevin algorithm designed to reduce vari-
ance in the stochastic gradient, with minimal additional computational overhead. We
also provide a memory efficient variant of our algorithm. We demonstrate theoretical
conversion to the true posterior under reasonable assumptions, and show that the rate
of convergence has a tighter bound than one previously shown for stochastic Langevin
dynamics. We complement these theoretical results with empirical evaluation showing
impressive speed-ups versus a standard stochastic Langevin algorithm, on a variety of
machine learning tasks such as regression, classification, independent component anal-
ysis and mixture modeling.

7.2 Preliminaries

Let X = {x;}Y | be a set of data items modeled using a likelihood function p(X|0) =
[TY, p(x;|0) where the parameter 0 has prior distribution p(6). We are interested in
sampling from the posterior distribution p(8|X) o p(8) [T, p(x;|0). If N is large, stan-
dard Langevin Dynamics is not feasible due to the high cost of repeated gradient evalu-
ations; a more scalable approach is to use a stochastic variant [172] (which we will refer
to as stochastic gradient Langevin dynamics, or SGLD). SGLD uses a classical Robbins-
Monro stochastic approximation to the true gradient [149]. At each iteration ¢ of the

130



algorithm, a subset of the data X; = {x41,..., Xt} is sampled and the parameters are
updated by using only this subset of data, according to

A =" (Viog p(6r) + N Y7, Viog p(xsil6r)) + s (7.1)

where 17; ~ N(0, h;), and h; is the learning rate. /; is set in such a fashion that } ;> h; =
coand Y 77, h% < co. This provides an approximation to a first order Langevin diffusion,
with dynamics

do = —1VoUdt +dW, (7.2)

where U is the unnormalized negative log posterior. Equation (7.2) has stationary
distribution p(0) « exp{—U(0)}. Let § = [ ¢(0)p(0)d6 where ¢ represents a test func-

tion of interest. For a numerical method that generates samples {Gt}iTzfol, the empirical

average %ZtT:_Ol (6¢) is denoted by ¢. Furthermore, let i denote the solution to the
Poisson equation L = ¢ — ¢, where L is the generator of the diffusion, given by

Ly = (Vep, Voll) + 3 T V2. (7.3)

The decreasing step size h; in our approximation (Equation (7.1)) means we do not
have to incorporate a Metropolis-Hastings step to correct for the discretization error
relative to Equation (7.2); however it comes at the cost of slowing the mixing rate of
the algorithm. We note that, while the discretized Langevin diffusion is Markovian,
its convergence guarantees rely on the quality of the approximation, rather than from
standard Markov chain Monte Carlo analyses.

A second source of error comes from the use of stochastic approximations to the true
gradients. This is equivalent to using an approximate generator £; = £ + AV; where
AVy = Vgip - (VoU; — VU ) where U is the current stochastic approximation to U. Our
key contribution in this chapter will be replacing the Robbins-Monroe approximation
to U with a lower-variance approximation, thus reducing the error.

To see more clearly the effect of the variance of our stochastic approximation on the
estimator error, we present a result derived for SGLD by [25]:

Theorem 7.2.1. [25] Let U; be an unbiased estimate of U and hy = h forall t € {1,...,T}.
Then under certain reasonable assumptions (concretely, assumption [A1] in Section 7.4), for
a smooth test function ¢, the MSE of SGLD at time K = hT is bounded, for some C > 0
independent of (T, h) in the following manner:

T LENAVIP] | 1
T ' Th

T

E( +h? . (7.4)

>
|
S
e
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Here ||.|| represents the operator norm.
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We clearly see that the MSE depends on the variance term E[||AV;||?], which in turn
depends on the variance of the noisy stochastic gradients. Since, for consistency, we
require i — 0 as T — oo,! provided E[||AV;||?] is bounded by a constant T, the term T;
ceases to dominate as T — co, meaning that the effect of noise in the stochastic gradient
becomes negligible. However outside this asymptotic regime, the effect of the variance
term in Equation (7.4) remains significant. This motivates our efforts in this chapter
to decrease the variance of the approximate gradient, while maintaining an unbiased
estimator.

One easy approach to decrease the variance is by using larger minibatches. How-
ever, this comes at a considerably large computational cost; thus, undermining the
whole benefit of using SGLD. Inspired by the recent success of variance reduction tech-
niques in stochastic optimization [33, 71, 153], we take a rather different approach to
reduce the effect of noisy gradients.

7.3 Variance Reduction for Langevin Dynamics

As we have seen in Section 7.2, reducing the variance of our stochastic approxima-
tion can reduce our estimation error. In this section, we introduce two approaches for
variance reduction, based on recent variance reduction algorithms for gradient descent
[33, 71]. The first algorithm, SAGA-LD, is appropriate when our bottleneck is computa-
tion; it yields improved convergence with minimal additional computational costs over
SGLD. The second algorithm, SVRG-LD, is appropriate when our bottleneck is memory;
while the computational cost is generally higher than SAGA-LD, the memory require-
ment is lower, with the memory overhead beyond that of stochastic Langevin dynam-
ics scales as O(d). In practice, we found that computation was a greater bottleneck in
the examples considered, so our experimental section only focuses on SAGA-LD; how-
ever on larger datasets with easily computable gradients, SVRG-LD may be the optimal
choice.

7.3.1 SAGA-LD

The increased variance in SGLD is due to the fact that we only have information from
n < N data points at each iteration. However, inspired by a minibatch version of the
SAGA algorithm [33], we can include information from the remaining data points via an
approximate gradient and partially update the average gradient in each operation. We
call this approach SAGA-LD.

Under SAGA-LD, we explicitly store N approximate gradients {g,;}Y ,, correspond-
ing to the N data points. Concretely, let a; = (aci) fi ; be a set of vectors, initialized as
al = 0y for all i € [N], and initialize g,; = Vlogp(x;|a)). As we iterate through the
data, if a data point is not selected in the current minibatch, we approximate its gradi-
ent with g,;. If I = {iyy,...in} is the minibatch selected at iteration ¢, this means we

In particular, if i o« T~1/3, we obtain the optimal convergence rate for the above upper bound.
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Algorithm 17: SAGA-LD

1: Input: af) = 0y € R¥ fori € {1,..., N}, step sizes {h; > 0}

2 gu = Loy Vlog p(xilap)

3: fort =0to T —1do

4:  Uniformly randomly pick a set I; from {1,..., N} (with replacement) such that

1| = b

5. Randomly draw #; ~ N(0, h)
6: Oy =0+ % (Viog p(8r) + ¥ Licr, (V1og p(xi[6:) — Viog p(xilad)) + gu) + 11t
7: “Zt+1 =0;fori € Itanda§+1 =a}fori ¢ I
8
9

S Zga+2iert(V1OgP(xi!“§+1) _VIogp(xi’“D)
: end for
10: Output: Iterates {0;}] .

approximate the gradient as

YN, Viog p(xi0:) ~ N ¥icr, (Viog p(xi|0:) — gui) + 8a (7.5)

When Equation (7.5) is used for MAP estimation it corresponds to SAGA[33]. However
by injecting noise into the parameter update in the following manner

A9y =3 (V1og p(6r) + 4 Tiey, (V1og p(xil6r) — 8ui) + 8u) + 11, where ¢ ~ N(0, )
(7.6)
we can adapt it for sampling from the posterior. After updating 6,1 = 60; + A0;, we let
o L = 6 for i € I;. Note that we do not need to explicitly store the a}; instead we just
update the corresponding gradients g,; and average gradient. The SAGA-LD algorithm
is summarized in Algorithm 17.

The approximation in Equation (7.6) gives an unbiased estimate of the true gradient,
since the minibatch I; is sampled uniformly at random from [N, and the a! are indepen-
dent of I;. SAGA-LD offers two key properties: (i) As shown in Section 7.4, SAGA-LD
has a better convergence properties than SGLD (ii) The computational overhead is min-
imal, since SAGA-LD does not require calculation of the full gradient after every few
iterations. Instead, it simply makes use of gradients that are already being calculated in
the current minibatch. Combined, we end up with a similar computational complexity
to SGLD, with a much better convergence rate.

The only downside of SAGA-LD, when compared with SGLD, is in terms of memory
storage. Since we need to store N individual gradients g,;, we typically have a storage
overhead of O(Nd) relative to SGLD. Fortunately, in many applications of interest to
machine learning, the cost can be reduced to O(N) (please refer to [33] for more de-
tails), and in practice the cost of the higher memory requirements is outweighed by the
improved convergence and low computational cost.
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Algorithm 18: SVRG-LD

1: Input: 6 = §y € R?, epoch length m, step sizes {i; > 0}
2: fort =0toT —1do
3. if (t mod m = 0) then
0 = 0; )
§ =Y.l Viog p(x;|f)
end if
Uniformly randomly (with replacement) pick a set I; from {1,..., N} such that
|[It| =n
8:  Randomly draw #; ~ N(0, i)
9 Orp1 =0+ % (Viog p(6:) + 5 Liey, (Vlog p(xil6:) — Vog p(xilf)) + &) + 1t
10: end for
11: Output: Iterates {0;} .

7.3.2 SVRG-LD

If the memory overhead of SAGA-LD is not acceptable, we can use a variant that re-
duces storage requirements, at the cost of higher computational demands. The memory
complexity for SAGA-LD is high because the average gradient § is updated at each step.
This can be avoided by updating the average gradient at every m iterations in a single
evaluation, and never storing the individual gradients g,;. Concretely, after every m
passes through the data, we evaluate the gradient on the entire data set, to obtain an
estimate § = YN, &;, where §; = Vlog p(x;|0) is the local gradient evaluated at that
time point. This yields an update of the form

N6: =% (Viog p(6;) + N Yier, (Vlog p(xil6:) — &) + &) + 1¢ where 7: ~ N(0, k)
(7.7)
Without adding noise #; the update sequence in Equation (7.7) corresponds to the stochas-
tic variance reduction gradient descent algorithm [71]. Pseudocode for this procedure
is given in Algorithm 18.

While the memory requirements are lower, the computational cost is higher, due to
the cost of a full update of §. Further, convergence may be negatively effected due to the
fact that, as we move further from 8, § will be further from the true gradient. In practice,
we found SAGA-LD to be a more effective algorithm on the datasets considered. We
relegate further details about SVRG-LD to the appendix.

7.4 Analysis
Our motivation in this chapter was to improve the convergence of SGLD, by reducing

the variance of the gradient estimate. As we saw in Theorem 7.2.1, a high variance
E[||AV;||?], corresponding to noisy stochastic gradients, leads to a large bound on the
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MSE of a test function. We expand this analysis to show that the algorithms introduced
in this chapter exhibit a tighter bound.

Theorem 7.2.1 required a number of assumptions, given below in [A1]. Discussion
of the reasonableness of these assumptions is provided in [25].

[A1] We assume the functional ¢ that solves the Poisson equation L = ¢ — ¢ is
bounded up to 3rd-order derivatives by some function T, i.e., || D¥y|| < C,TPx where D
is the kth order derivative (for k = (0,1,2,3)), and Ci, px > 0. We also assume that the
expectation of I' on {6;} is bounded (sup, EI'”[6;] < c0) and that I is smooth such that
SUPge(p,1) [P (0 + (1 —5)0") < C(IP(0) +IP(6')), V6,0, p < max 2py for some C > 0.

In our analysis of SAGA-LD and SVRG-LD, we make the assumptions in Al, and add
the following further assumptions about the smoothness of our gradients:

[A2] We assume that the functions log p(x;|6) are Lipschitz smooth with constant L
for all , i € [N] ie., [|[Vlogp(x;|0) — Viogp(x;|0’)|| < L||@ —¢'|| for all i € [N] and
0,0' € RY. We assume that (AV;p(8))? < C'||U;(8) — U(H)]|? for some constant C' > 0
for all § € R?, where ¢ is the solution to the Poisson equation for our test function. We
also assume that ||V 1og p(0)|| < o and ||V1ogp(x;|0)|| < o for some ¢ and all i € [N]
and 6 € R%.

The Lipschitz smoothness assumption is very common both in the optimization lit-
erature [111] and when working with It6 diffusions [25]. The bound on (AV;(0))?
holds when the gradient | V|| is bounded.

Loosely, these assumptions encode the idea that the gradients don’t change too
quickly, so that we limit the errors introduced by incorporating gradients based on
previous values of 0. With these assumptions, we state the following key results for
SAGA-LD and SVRG-LD, which are proved in the appendix.

Theorem 7.4.1. Let hy = hforall t € {1,...,T}. Under the assumptions [A1],[A2], for a
smooth test function ¢, the MSE of SAGA-LD (in Algorithm 17) at time K = hT is bounded,
for some C > 0 independent of (T, h) in the following manner:

A - N2 mi 2,N—2 L2W202+hd
1E(4>—¢)2§C< min{7 ﬁ; i )}+ﬁ+h2>. (7.8)

A similar result can be shown for SVRG-LD in Algorithm 18. In particular, we have
the following key result for SVRG-LD.

Theorem 7.4.2. Let hy = h forall t € {1,...,T}. Under the assumptions [A1],[A2], for a
smooth test function ¢, the MSE of SVRG-LD (in Algorithm 18) at time K = hT is bounded,
for some C > 0 independent of (T, h) in the following manner:

E(—§) < C <N2min{az,m2(TL2h202+hd)} n # n h2> . (7.9)

n

The result in Theorem 7.4.2 is qualitatively equivalent to that in Theorem 7.4.1 when
m = |N/n]. In general, such a choice of m is preferable because in this case the overall
cost of calculation of full gradient in Algorithm 18 becomes insignificant.
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In order to assess the theoretical convergence of our proposed algorithm, we com-
pare the bounds for SVRG-LD (Theorem 7.4.2) and SAGA-LD (Theorem 7.4.1) with those
obtained for SGLD (Theorem 7.2.1. Under the assumptions in this section, it is easy to
show that the term T; in Theorem 7.2.1 becomes O(N?¢?/(Tn)). In contrast, both The-
orem 7.4.1 and 7.4.2 show that due to a reduction in variance, SVRG-LD and SAGA-LD
exhibit a much weaker dependence. More specifically, this is manifested in the form of
the following bound:

N2 min{az,g—zz(hzaz—&—hd)}
nT :
Note that this is tighter than the corresponding bound on SGLD. We also note that,
similar to SGLD, SAGA-LD and SVRG-LD require h — 0 as T — oo. In such a scenario,
the convergence becomes significantly faster relative to SGLD as h — 0.

7.5 Experiments

We present our empirical results in this section. We focus on applying our stochastic
gradient method to four different machine learning tasks, carried out on benchmark
datasets: (i) Bayesian linear regression (ii) Bayesian logistic regression and (iii) Inde-
pendent component analysis (iv) Mixture models. We focus on SAGA-LD, since in the
applications considered, the convergence and computational benefits of SAGA-LD are
more beneficial than the memory benefits of SVRG-LD;

In order to reduce the initial computational costs associated with calculating the
initial average gradient, we use a variant of Algorithm 17 that calculates g, (in Algo-
rithm 7.4.1) in an online fashion and reweights the updates accordingly. Note that such
a heuristic is also commonly used in the implementation of SAG and SAGA in the con-
text of optimization [33, 153].

In all our experiments, we use a decreasing step size for SGLD as suggested by [172].
In particular, we use €; = a(b +t)~ 7, where the parameters a,b and -y are chosen for
each dataset to give the best performance of the algorithm on that particular dataset.
For SAGA-LD, due to the benefit of variance reduction, we use a simple two phase con-
stant step size selection strategy. In each of these phases, a constant step size is chosen
such that SAGA-LD gives the best performance on the particular dataset. The minibatch
size, n, in both SGLD and SAGA-LD is held at a constant value of 10 throughout our
experiments. All algorithms are initialized to the same point and the same sequence of
minibatches is pre-generated and used in both algorithms.

7.5.1 Regression

We first demonstrate the performance of our algorithm on Bayesian regression. For-
mally, we are provided with inputs Z = {x;, y;}}¥ | where x; € R?and y; € R. The distri-
bution of the it output y; is given by p(y;|x;) = N (B x;, 0.), where p(B8) = N(0,A711).
Due to conjugacy, the posterior distribution over B is also normal, and the gradients of
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Figure 7.1: Performance comparison of SGLD and SAGA-LD on a regression task. The x-
axis and y-axis represent the number of passes through the entire data and the average
test MSE, respectively. Additional experiments are provided in the appendix.

the log-likelihood and the log-prior are given by Vglog(P(yi|x;, B)) = —(yi — BT xi)x;
and Vglog(P(B)) = —AB. We ran experiments on 11 standard UCI regression datasets,
summarized in Table 7.1.2 In each case, we set the prior precision A = 1, and we parti-
tioned our dataset into training (70%), validation (10%) and test (20%) sets. The valida-
tion set is used to select the step size parameters, and we report the mean square error
(MSE) evaluated on the test set, using 5-fold cross-validation.

The average test MSE on a subset of datasets is reported in Figure 7.1. We relegate the
remaining experiments to the Appendix. As shown in Figure 7.1, SAGA-LD converges
much faster than the SGLD method (taking less than one pass through the whole dataset
in many cases). This performance gain is consistent across all the datasets. Furthermore,
the step size selection was much simpler for SAGA-LD than SGLD.

Datasets | concrete | noise | parkinson | bike toms | protein | casp kegg | 3droad | music | twitter
N 1030 1503 5875 17379 | 45730 | 45730 | 53500 | 64608 | 434874 | 515345 | 583250
P 8 5 21 12 96 9 9 27 2 90 77

Table 7.1: Summary of datasets used in regression.

7.5.2 Classification

We next turn our attention to the classification task, using Bayesian logistic regression.
In this case, the input is the set Z = {x;,y;}), where x; € R?, y; € {0,1}. The dis-
tribution of the output y; for given sample x; is given by y; = ¢(B x;), where p(B) =
N(0,A71) and ¢(z) = 1/(1 + exp(—z)). Here, the gradient of the log-likelihood and
the log-prior are given by Vglog(P(yi|x;, ) = (vi — ¢(B"x;))x; and Vglog(P(B)) =
—ApB respectively. Again, the value of A is set to 1 for all our classification experiments,
and the dataset split and the parameter selection method is exactly same as that in our
regression experiments. We run experiments on five binary classification datasets in the
UCI repository, summarized in Table 7.2, and report the the test log-likelihood for each
datasets, using 5-fold cross validation. Figure 7.2 shows the performance of SGLD and
SAGA-LD for the classification datasets. As we saw with the regression task, SAGA-LD
converges faster that SGLD on all the datasets, thus, demonstrating the efficiency of the
our algorithm in this setting.

2The datasets can be downloaded from https://archive.ics.uci.edu/ml/index.html
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Datasets | pima | diabetic eeg space susy
N 768 1151 14980 | 58000 | 100000
d 8 20 15 9 18

Table 7.2: Summary of the datasets used for classification.
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Figure 7.2: Comparison of performance of SGLD and SAGA-LD for Bayesian logistic
regression. The x-axis and y-axis represent the number of effective passes through the
dataset and the test log-likelihood respectively in these plots.
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Figure 7.3: Left plot shows the performance of SGLD and SAGA-LD for ICA task. The
next two plots show the variance of SGLD and SAGA-LD for regression, classification.
The rightmost two plot shows true and estimated posterior using SAGA-LD for Mixture
model

7.5.3 Bayesian Independent Component Analysis

Under Bayesian Independent Component Analysis (ICA), we assume that a dataset x =
{x;}IY, is distributed according to

p(X|W) o | det(W)|TTL, p(yi),  Wij ~ N(0,A), (7.10)

where W € R4, y; = wlx and p(y;) = 1/(4 coshz(%yi)). The gradient of the log-
likelihood and the log-prior are Vy log(p(x;|W)) = (W™1)T — Y;x] where Y;; = tanh(3y;;)
forall j € [d] and Vyy log(p(W)) = —AW respectively. All other parameters are set as
before. We used a standard ICA dataset for our experiment® This dataset comprises
17730 time-points with 122 channels from which we extract the first 10 channels. We
omit the details of the experimental setup because it is similar to that for regression
and classification. The performance (in terms of test set log likelihood) of SGLD and
SAGA-LD for the ICA task is shown in Figure 7.3. As seen in Figure 7.3, similar to the
regression and classification tasks, SAGA-LD outperforms SGLD in the ICA task.

3The dataset can be downloaded from https://www.cis.hut.fi/projects/ica/eegmeq/
MEG_data.html.
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7.5.4 Mixture Model

Finally we evaluate how well SAGA-LD estimates the true posterior of parameters of
mixture models. We generate {x;}I¥, is generated from a mixture of two Gaussians
given by p(x|u, 01,02,7) = 3N (x;1,0%) + SN (x; —p + 7, 02). We only try to estimate
the posterior distribution over p while the rest is kept fixed. We sample points from
p(x|p) with p = =5,y = 20. The 2 plots on the right of Figure 7.3 show that we are able
to estimate the true posterior correctly from the samples.

Discussion: Our experiments provide a very compelling reason to use variance re-
duction techniques for SGLD, complementing the theoretical justification given in Sec-
tion 7.4. The hypothesized variance reduction is demonstrated in Figure 7.3, where
we compare the variances of SGLD and SAGA-LD as compared to true gradient on re-
gression and classification tasks. As we see from all of the experimental results in this
section, SAGA-LD converges with relatively very few samples in comparison to SGLD.
This is, specially, important in Bayesian averaging models where, typically, the size of
the model is proportional to the number of samples from the posterior distribution.
Thus, with SAGA-LD, we can achieve better performance with very few samples. An-
other advantage is that, while we require the step size to tend to zero, we can use a
much simpler schedule than SGLD.

7.6 Discussion and Future Work

SAGA-LD is a new stochastic Langevin method that obtains improved convergence by
reducing the variance in the stochastic gradient. An alternative method, SVRG-LD, can
be used when memory is at a premium. For both SAGA-LD and SVRG-LD, we proved
a tighter convergence bound than the one previously shown for stochastic Langevin
dynamic. We also showed on a variety of machine learning task SAGA-LD converges
to the true posterior faster than SGLD, suggesting the widespread use of SAGA-LD in
place of SGLD. We note that, unlike other stochastic Langevin methods, our sampler
is non-Markovian. Since our convergence guarantees are based on bounding the error
relative to the full Langevin diffusion rather than on properties of a Markov chain, this
does not impact the validity of our sampler.

While we showed the efficacy of using our proposed variance reduction technique
to SGLD, our proposed strategy is very generic enough and can also be applied to other
gradient-based MCMC techniques such as [7, 8, 37, 97, 119]. We leave this as future
work.

Appendix: Omitted Proofs and Additional Experiments

We provide details of the theoretical analysis provided in the chapter. We first start with
the proof of Theorem 7.4.2 and then look at the proof of Theorem 7.4.1.
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7.7 Proof of Theorem 7.4.2

We introduce a notation for simplifying our theoretical exposition. For t € [sm, (s +

1)m) for some integer s € [0, |T/m|], let §; = 0°". Then the update of SVRG-LD can
rewritten in the following manner:

hy - N -
01 =6+ — (Vlog p(6:) + — Z Vlog p(xi|6:) — V1og p(xi|6:)) + ZVIO{;;}(XJ(%)) + s

lEIt i=1

We use the a key result proved in [25] for general stochastic gradient MCMC. First,
recall that § = 1Y, ¢(6;) and MSE is E(¢ — §)2. We have the following important
bound for MSE of SGLD:

| /\

T Th

for some constant C > 0 (refer to [25] for a detailed proof of this fact). Using Assumption
[A1], we get the result in Theorem 7.2.1. We use a different upper bound for the term
1LY E(AVip(6:))% In particular, we have the following upper bound:

1
C,TDE AV(0))* < 7 LE[UO:) — U(6)]”

N N
Z Vlog p(xi|0;) — Vlog p(xi|6:)) + ) Viog p(xi|f:) — Y Vlog p(x;]6:)

ZEIt i=1 i=1

Z( [V1og p(xi|6;) — V1og p(x;|0)]

iely

1
:T;
1
_T_Zt:

2

N N .
- [ZVlogp(xth) - ZVlogp(xth)] )

i=1 i=1

Tnz ZIE Z

iely

( [V1og p(xi|6:) — Vlog p(xi|61)]

2

N N .
- [2V108P(xi|9t) - 2V108P(xi|9t)] )

1 <12 _ L?N? ~ 12
T—Z]E Y |IN [Viog p(xi]6;) — Vieg p(xi|f)]||” < WZ]E 16: — 6:]|”. (7.12)
f :

iely

The first inequality follows from our assumption [A3] in Section 7.4. The third equal-
ity follows from Lemma 5.12.7. The second inequality is due to the fact that E[||{ —
E[Z]I?] < E[||Z||?] for any random variable { € R?. The last inequality is follows from
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the Lipschitz continuity of V log p(x;|0). Note that alternatively, we can also bound in
the following fashion:

1 2N?g?
C’TZ]E AVip(6y)) T—Z Y |IN [V log p(x]6;) — V1og p(xi|6:)] H
toich n
(7.13)

_ Consider t € [sm +1, (s + 1)m) for some integer s € [0, |[T/m|]. We bound E||6; —
0]|? in the following manner.

2
t—1
5112
El6: =6 =E | }_ (6511 -6)
j=sm
t—1 ) t—1 )
< (t—sm) ) E[6j1 —0;[7] <m ) E[|6j21 — 6;]7]. (7.14)
j=sm j=sm

The first inequality is due to Lemma 7.11.2. The second inequality is due to the fact that
t € [sm+1,(s+1)m). We bound the term E[||6; 1 — 6;]|?] in the following manner:

E[[16+1 — 6;11°]

h . N .
(Vlogp( )+ — . Z Vlogp(x1|9) Vlogp(xi|9j)) + ZVIogp(xiw]-)) + 7]

1€It i=1

3h? 2 2
< = ElIViog p(6) 1> + 3E[ll )

2
312 _ N N
+ 20 |5 Y (Viog p(xl6y) — Viog p(xil) + ) Viog p(xil6))
iel; i=1
3h%g? 3h%||N N N .
< =y tBhd+ = ;(Vlogp(xil%) — Vlog p(xi|6;)) + 21 Vlog p(xilt))
el 1=
N N B
— Y Vlogp(xi|6;) + ) _ Vlog p(xi|6;)
i=1 i=1
2
2.2 2 N
< 3o + 3hd + % Y_ Viogp(x]6))
=1
32 _ N 5 N
| (V108 p(xl6y) — Tiog plxilf) + Y Viog p(xild) — 3 Viog p(xil6;)
i€ly =1 =1
2.2 21,2 42 21,2 2
S3h(7 —|—3hd-|—3Nha +3Nh(7.

2 n
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The first inequality follows from Lemma 7.11.2 (with r = 3). The second inequality
follows from the fact that || Vp(6)||* < 0 forall § € R and the fact that 7; ~ N(0, VD).
The third inequality again follows from Lemma 7.11.2 with r = 2. The last inequality
follows from: (a) Lemma 7.11.2 with » = N and (b) bound in Equation (7.12). Substitut-
ing the bound in Equation (7.14), we get the following;:

5 [3h20? 3N2h%c?  3N%h2g?

+ 3hd + + : (7.15)

E[l6, - 8] ! !

Substituting Equation (7.15) in Equation (7.12) and substituting the minimum of the
resultant bound and bound in Equation (7.13) into Equation (7.11) gives the desired
result.

7.8 Proof of Theorem 7.4.1

The proof of Theorem 7.4.1 is along the lines of Theorem 7.4.2. But the key difficulty, in
comparison to the analysis of SVRG-LD, comes from the fact that the full gradient is not
computed after every few epochs. We again start with the following inequality in [25]:

1 2
E(¢— )2 <C (TZHE(A;/N/J(&)) +%+hz> (7.16)

for some constant C > 0. For SAGA-LD, we have the following inequality:

1
C,TDE AVip(0))* < 7 L E(IU: @) U@

, N , N
Z Vlog p(xl6;) — Vlog p(xila})) + ) Vlog p(xilai) — Y Vlog p(x;|6;)
ZGI i=1 i=1

Y. (N [Vlogp(xilf)t) - Vlogp(xi\wi)}

iely

:_ZE
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= Tz LE

2

N N ‘
— [;Vlogp(xi@) — EVIOgP(xiMé)] )

nzZ]EZ

(N [Vlog p(xil6:) — Vlog P(xi\oci)}

iely
N N ‘ 2
- [;wogpmwt) - z;wogp(xiw)] )
< 1 DEL [N [iogp(xlor) - Viog p(xjap)] | < 2N ¢ CLE oo
Tn? iel; T ;
(7.17)

142




The first inequality is due to our assumption [A3] in Section 7.4. The third equality is
obtained by using Lemma 7.11.1. The second inequality is due to the fact that E[||{ —
E[Z]I?] < E[||Z||?] for any random variable { € R?. The last inequality is follows from
the Lipschitz continuity of V log p(x;|0) and uniform randomness of the set I;.

Lety = 1— (1 —1/N)". < represents the probability that an index is chosen at a

. . . . 12 .
particular iteration. Our goal is to bound the term ) ;) ; [E HGt — oc§|| . To this end, we

observe the following:
t—1 2
oo o144
j=0

t—1 2.2 21,2 2 21,2 2 )
<Y (b)) {3’14" v 3nd 4 ST SR } P(al = 6;)
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]EHQt—DCZt
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[3h202 3N2h202  3N2Kh%202] L. ;.

= 1 + 3hd + > + p 72]2(1_7)]1
i =1

[3h202 3N2h202  3N2K2021 & .
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IN

2 [3h202 3N2h202  3N2K2q2
— + 3hd + —+
0% 4 2 n

N

_ 8N? {3;1202 3N?h*o? 3N2h2c72}

<3 + 3hd + > + ” (7.18)
The first equality is due to law of total expectation. The first inequality is due can be
obtained by using similar argument as the one in Equation (7.15). The second inequality
follows from simple calculation of P(«a} = x;). This in turn uses the fact that the set I; is
selected uniformly randomly at each iteration. The last equality is due to the standard
formula: )77, (1 =)t = (2 —9)/9>. The last inequality is due to the following
bound on 7:

1\" 1 n/N n
=1—-(1—= >1— = > —, 7.19
7 ( N) = T 1+% 14+n/N-2N (7.19)

The first inequality is due to the fact that (1 — x)" < 1/(1+ nx) for x € [0,1] and
n € N. The last inequality is due to the fact that n/N < 1. Substituting the bound in
Equation (7.18) into Equation (7.17), we have

273 2.2 212 2 212 2
LN {Bha —|—3hd+3NhU +3th7 . (7.20)

C,TDE AVip(61))* < 5 -
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Algorithm 19: SVRG-LD

1: Input: 6 = §y € R?, epoch length m, step sizes {i; > 0}
2: fort =0toT —1do
3. if (t mod m = 0) then
6 =6, )
g =Y, Viogp(x)
end if
Uniformly randomly (with replacement) pick a set I; from {1,..., N} such that
|[It| = n
8:  Randomly draw #; ~ N(0, i)
9 1 =0+ 5 (Viogp(8r) + 5} Tiey, (Vlog p(xi[6r) — Vlog p(xi[8)) +3) +m
10: end for
11: Output: Iterates {0;}

Note that similar to Equation (7.13), the following bound holds for SAGA-LD.

E(AV 9)) E N |V1 (x;16:) — V1 (x| ) 2<2Nz(72
C’TZ 1P (0 Tnz Zt: Zg H [ og p(x;|0: og p(xi|a; ”) < —
(7.21)

Using the minimum of the bounds in Equation (7.21) and (7.20) in Equation (7.16)
gives us the desired result.

7.9 SVRG-LD

The memory complexity for SAGA-LD is high because the average gradient § is up-
dated at each step. This can be avoided by updating the average gradient at every m
iterations in one expensive evaluation. Concretely, every m passes through the data, we
evaluate the gradient on the entire data set, to obtain an estimate § = Y~ ; §;, where
§; = Vlog p(x;|0) is the local gradient evaluated at every m step.

As we iterate through the data, if a data point is not selected in the current minibatch,
we approximate its gradient with §;. If I, = {iy,...iu} is the minibatch selected at
iteration ¢, then we approximate YN ; V log p(x;|6;) our update is

Z Vlog p(x|6;) ~ R Z Vlog p(xi|6:) — &) + &, (7.22)
i=1 ZGIt
This yields an update of the form
h
66 = (V log p(6:) + — E (Vlog p(xil6:) — &i) + §> + 111 (7.23)
iely
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where 7 ~ N(0, ht). Pseudocode for this procedure is given in Algorithm 18.

As with SAGA-LD, we note that the update in Equation (7.7) gives an unbiased esti-
mate of the true gradient, since I; is chosen uniformly at random (with replacement)
from [N] = {1,...,N}, since we have E[¥ Y., ¢ — §] = 0. Therefore, the term
% Yicr, & — § does not add any biased to the stochastic gradient.

By calculating the full gradient after every m iterations, we ensure that the accuracy
of the approximation is not allowed to decrease too significantly, and ensure that the
variance of the updates is controlled. We provide concrete bounds in Section 7.4. We
note that, if m > | N/n|, the computational complexity of SVRG-LD is similar to SGLD.

One desirable property of SVRG-LD is that it has low memory requirements: SVRG
requires just O(d) extra memory (in order to store the average gradient §), in compari-
son with SGLD. However, there is a potentially large computational burden due to the
need to periodically calculate the full gradient. In practice, we found that computa-

tion was a greater bottleneck in the examples considered, so our experimental section
focuses on SAGA-LD.

7.10 Other Experiment Results
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Figure 7.4: Performance comparison of SGLD and SAGA-LD on regression task. The x-
axis and y-axis represent the number of pass through the entire data and average test
MSE respectively.

7.11 Other Lemmatta

We state few useful and well-known lemmas in this section.
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Lemma 7.11.1. For random variables z4, . . ., z, are independent and mean 0, we have
E [z + 2] =E [Jlz1 )2+ - + |22

Proof. We have the following:

,
E|llz1+. 22 = ¥ Elzz] =E ||z + .. + 2] -
i,i=1

The second equality follows from the fact that z;’s are independent and mean 0.

Lemma 7.11.2. For random variables z4, . . ., z,, we have

E {||z1 ¥ +zr||2} <7E [||zl||2 Fot ||zr||2} .
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Chapter 8

Asynchronous Stochastic Variance
Reduced Algorithms for ERM

8.1 Introduction

In this chapter, we turn our attention to asynchronous stochastic algorithms for convex
finite-sum problems of the form:

min f(x):=1Y"  fi(x). (8.1)

x€R4

There has been a steep rise in recent work on “variance reduced” stochastic gradient
algorithms for convex finite-sum problems [33, 34, 53, 71, 74, 75, 153, 156, 173]. Under
strong convexity assumptions such variance reduced (VR) stochastic algorithms attain
better convergence rates (in expectation) than stochastic gradient descent (SGD) [110,
148], both in theory and practice.! The key property of these VR algorithms is that by
exploiting problem structure and by making suitable space-time tradeoffs, they reduce
the variance incurred due to stochastic gradients. This variance reduction has powerful
consequences: it bestows VR stochastic methods with linear convergence rates, and
thereby circumvents slowdowns that usually hit SGD.

Although these advances have great value in general, for large-scale problems we
still require parallel or distributed processing. And in this setting, asynchronous vari-
ants of SGD remain indispensable [3, 35, 84, 128, 162, 182]. Therefore, a key question is
how to extend the synchronous finite-sum VR algorithms to asynchronous parallel and
distributed settings.

We answer one part of this question by developing new asynchronous parallel stochas-
tic gradient methods that provably converge at a linear rate for smooth strongly convex
finite-sum problems. Our methods are inspired by the influential SVRG [71], S2GD [74],
SAG [153] and SAGA [33] family of algorithms. We list our contributions more precisely
below.

IThough we should note that SGD also applies to the harder stochastic optimization problem
min F(x) = E[f(x;¢)], which need not be a finite-sum.
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Contributions. This chapter has two core components: (i) a formal general frame-
work for variance reduced stochastic methods based on discussions in [33]; and (ii)
asynchronous parallel VR algorithms within the framework. The general framework
presents a formal unifying view of several VR methods (e.g., it includes SAGA and
SVRG as special cases) while expressing key algorithmic and practical tradeoffs con-
cisely. Thus, it yields a broader understanding of VR methods, which helps us obtain
asynchronous parallel variants of VR methods. Under settings common to machine learn-
ing problems, our parallel algorithms attain speedups that scale near linearly with the
number of processors. As a concrete illustration, we present a specialization to an asyn-
chronous SVRG-like method. We compare this specialization with non-variance reduced
asynchronous SGD methods, and observe strong empirical speedups that agree with the
theory.

Related work. As already mentioned, our work is closest to (and generalizes) SAG [153],
SAGA [33], SVRG [71] and S2GD [74], which are primal methods. Also closely related
are dual methods such as SDCA [156] and Finito [34], and in its convex incarnation
MISO [99]; a more precise relation between these dual methods and VR stochastic meth-
ods is described in Defazio’s thesis [31]. By their algorithmic structure, these VR meth-
ods trace back to classical non-stochastic incremental gradient algorithms [18], but by
now it is well-recognized that randomization helps obtain much sharper convergence
results (in expectation). Proximal [173] and accelerated VR methods have also been pro-
posed [116, 155]; we leave a study of such variants of our framework as future work.
Finally, there is recent work on lower-bounds for finite-sum problems [2].

Within asynchronous SGD algorithms, both parallel [128] and distributed [3, 107]
variants are known. In this chapter, we focus our attention on the parallel setting. A
different line of methods is that of (primal) coordinate descent methods, and their par-
allel and distributed variants [90, 92, 113, 144]. Our asynchronous methods share some
structural assumptions with these methods. Finally, the recent work [75] generalizes
S2GD to the mini-batch setting, thereby also permitting parallel processing, albeit with
more synchronization and allowing only small mini-batches.

8.2 A General Framework for VR Stochastic Methods

We focus on instances of (8.1) where the cost function f(x) has an L-Lipschitz gradient,
so that [|[Vf(x) — Vf(y)|| < L|lx —y||, and it is A-strongly convex, i.e., for all x,y € R,

f@) = fy) + (V) x—y) +5llx -yl (82)

In the first part of the chapter, we focus on strongly convex case and later extend our
analysis to smooth convex functions in Section 8.4.

Inspired by the discussion on a general view of variance reduced techniques in [33],
we now describe a formal general framework for variance reduction in stochastic gra-
dient descent. We denote the collection {f;}” ; of functions that make up f in (8.1) by

F. For our algorithm, we maintain an additional parameter a! € R? for each f; € F.
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Algorithm 20: GENERIC STOCHASTIC VARIANCE REDUCTION ALGORITHM

Data: x° € R, a? =0 Vi € [n] £ {1,...,n}, step sizey > 0
Randomly pick a It = {iy,...,ir} wherei; € {1,...,n} vVt {0,...,T};
fort =0to T do
Update iterate as x*1 + x! —y <Vfit(xf) — Vi, (@) + 3 ¥ Vfl-(ocf.)) ;
Al = SCHEDULEUPDATE({x'}/1} A, t,It) ;
end

return x!

We use A’ to denote {a}" ;. The general iterative framework for updating the param-
eters is presented as Algorithm 20. Observe that the algorithm is still abstract, since
it does not specify the subroutine SCHEDULEUPDATE. This subroutine determines the
crucial update mechanism of {a!} (and thereby of A’). As we will see different sched-
ules give rise to different fast first-order methods proposed in the literature. The part of
the update based on A’ is the key for these approaches and is responsible for variance
reduction.

Next, we provide different instantiations of the framework and construct a new algo-
rithm derived from it. In particular, we consider incremental methods SAG [153], SVRG
[71] and SAGA [33], and classic gradient descent GD for demonstrating our framework.

Figure 8.1 shows the schedules for the aforementioned algorithms. In case of SVRG,
SCHEDULEUPDATE is triggered every m iterations (here m denotes precisely the number
of inner iterations used in [71]); so A’ remains unchanged for the m iterations and all
let- are updated to the current iterate at the mth jteration. For SAGA, unlike SVRG, A!
changes at the " iteration for all t € [T]. This change is only to a single element of A,
and is determined by the index i; (the function chosen at iteration t). The update of SAG
is similar to SAGA insofar that only one of the «; is updated at each iteration. However,
the update for A**! is based on i; 1 rather than i;. This results in a biased estimate of the
gradient, unlike SVRG and SAGA. Finally, the schedule for gradient descent is similar
to SAG, except that all the «;’s are updated at each iteration. Due to the full update we
end up with the exact gradient at each iteration. This discussion highlights how the
scheduler determines the resulting gradient method.

To motivate the design of another schedule, let us consider the computational and
storage costs of each of these algorithms. For SVRG, since we update A’ after every
m iterations, it is enough to store a full gradient, and hence, the storage cost is O(d).
However, the running time is O(nd) at each epoch and O(d) at each iteration since we
have to calculate the full gradient at end of each epoch. In contrast, both SAG and SAGA
have high storage costs of O(nd) and running time of O(d) per iteration. Finally, GD
has low storage cost since it needs to store the gradient at O(d) cost, but very high
computational costs of O(nd) at each iteration.

It is interesting to note that when m is high (say greater than n), SVRG has low com-
putational cost per iteration. However, as we will later see, this comes at the expense
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of slower convergence to the optimal solution. SAG and SAGA can converge faster by
allowing us to update A" more frequently, but at the cost of additional storage. The
tradeoffs between the epoch size m, additional storage, frequency of updates, and the
convergence to the optimal solution are still not completely resolved.

fori=1tondo fori=1tondo

aftt = 1(m | t)xt + L(m ) t)at; |t =1(i = i)xt + 10 # i)at;
end end
return Af+1 return AtH1

SVRG:SCHEDULEUPDATE({x'}!13, A" t,Ir)| SAGA:SCHEDULEUPDATE({x'}!13, Al t, I7)

SAG:SCHEDULEUPDATE({x'}!*3, A, t,Ir) | |GD:SCHEDULEUPDATE({x'}/], A", t, I)

fori=1tondo fori=1tondo
|t =1y = )+ L A i)l ||| alTh =t

end end

return Al 1 return Aft!

Figure 8.1: SCHEDULEUPDATE function for SVRG (top left), SAGA (top right), SAG (bot-
tom left) and GD (bottom right). While SVRG is epoch-based, rest of algorithms perform
updates at each iteration. Here a|b denotes that a divides b.

To design a new scheduler we combine the schedules of the above algorithms. We
call this schedule hybrid stochastic average gradient (HSAG). Specifically, we use the sched-
ules of SVRG and SAGA to develop HSAG. Consider S C [n], the indices that follow
SAGA schedule. We assume that rest of the indices follow an SVRG-like schedule with
schedule frequency s; for alli € S = [n]\ S. Figure 8.2 shows the corresponding update
schedule of HSAG. If S = [n] then HSAG is equivalent to SAGA, while at the other ex-
treme, for S = @ and s; = m for all i € [n], it corresponds to SVRG. HSAG exhibits
interesting storage, computational and convergence tradeoffs that depend on S. In gen-
eral, while large cardinality of S likely incurs high storage costs, the computational cost
per iteration is relatively low. On the other hand, when cardinality of S is small and s;’s
are large, storage costs are low but the convergence typically slows down.

Before concluding our discussion on the general framework, we would like to draw
the reader’s attention to the advantages of studying Algorithm 20. First, note that Al-
gorithm 20 provides a unifying framework for many incremental/stochastic gradient
methods proposed in the literature. Second, and more importantly, it provides a generic
platform for analyzing this class of algorithms. As we will see in Section 8.3, this helps
us develop and analyze asynchronous versions for different finite-sum algorithms un-
der a common umbrella. Finally, it provides a mechanism to derive new algorithms by
designing more sophisticated schedules; as noted above, one such construction gives
rise to HSAG.
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HSAG:SCHEDULEUPDATE(x!, A%, t, I7)
fori=1tondo
altl =
{ ]l(it = i)xt + ]]_(if 7é l)(Xlt ifie$s
I(s; | t)xf + L(sift)al  ifi ¢S
end
return A!T!
Figure 8.2: SCHEDULEUPDATE for HSAG.
This algorithm assumes access to the index set S and the schedule frequency vector s.

8.2.1 Convergence Analysis

In this section, we provide convergence analysis for Algorithm 20 with HSAG sched-
ules. As observed earlier, SVRG and SAGA are special cases of this setup. Our analysis
assumes unbiasedness of the gradient estimates at each iteration, so it does not encom-
pass SAG. For ease of exposition, we assume that all s; = m for all i € [n]. Since HSAG
is epoch-based, our analysis focuses on the iterates obtained after each epoch. Similar
to [71] (see Option II of SVRG in [71]), our analysis will be for the case where the iterate
at the end of (k + 1)t epoch, x"*7 is replaced with an element chosen randomly from
{akm, . xkmtm=11 with probability {p1,-- -, pm}. For brevity, we use 7% to denote the
iterate chosen at the k™ epoch. We also need the following quantity for our analysis:

~ 1 % * *
Ge 2 = Y (filaf™) = ilx") = (VA(x"),af" —x7)).
i€S
Theorem 8.2.1. For any positive parameters c, B, x > 1, step size 11 and epoch size m, we define
the following quantities:

e (2] o33

m 2 m m
el (15) 5 () e () ) 0-0)
YA K Y B K K
Suppose the probabilities p; < (1 — %)m_i, and that c, B, x, step size 11 and epoch size m are

chosen such that the following conditions are satisfied:

1 ) 1 1
Z <= .
K—|—2Lc17 (1+ﬁ)_n,’y>0,9<1
Then, for iterates of Algorithm 20 under the HSAG schedule, we have
1 oy L La ok o, L oa
B[f(F) ~ f() + Gen] < OB[f() ~ f(') + 2G|

As a corollary, we immediately obtain an expected linear rate of convergence for
HsAG.
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Corollary 8.2.1.1. Note that Gy > 0 and therefore, under the conditions specified in Theo-
rem 82.1and 0 = 0 (1+1/v) < 1 we have

We emphasize that there exist values of the parameters for which the conditions
in Theorem 8.2.1 and Corollary 8.2.1.1 are easily satisfied. For instance, setting 17 =
1/16(An+ L), xk = 4/Ay, B = (2An+L)/L and ¢ = 2/yn, the conditions in Theo-
rem 8.2.1 are satisfied for sufficiently large m. Additionally, in the high condition num-
ber regime of L/ A = n, we can obtain constant 6 < 1 (say 0.5) with m = O(n) epoch size
(similar to [33, 71]). This leads to € accuracy in the objective function after nlog(1/€)
number of iterations.

8.3 Asynchronous Stochastic Variance Reduction

We are now ready to present asynchronous versions of the algorithms captured by our
general framework. We first describe our setup before delving into the details of these
algorithms. Our model of computation is similar to the ones used in Hogwild! [128]
and AsySCD [92]. We assume a multicore architecture where each core makes stochastic
gradient updates to a centrally stored vector x in an asynchronous manner. There are
four key components in our asynchronous algorithm; these are briefly described below.

1. Read: Read iterate x and compute the gradient V f; (x) for a randomly chosen i;.

2. Read schedule iterate: Read the schedule iterate A and compute the gradients
required for update in Algorithm 20.

3. Update: Update the iterate x with the update in Algorithm 20.
4. Schedule Update: Run a scheduler update for updating A.

Each processor repeatedly runs these procedures concurrently, without any synchro-
nization. Hence, x may change in between Step 1 and Step 3. Similarly, A may change in
between Steps 2 and 4. In fact, the states of iterates x and A can correspond to different
time-stamps. We maintain a global counter ¢ to track the number of updates success-
fully executed. We use D(t) € [t] and D'(t) € [t] to denote the particular x-iterate and
A-iterate used for evaluating the update at the t iteration. We assume that the delay
in between the time of evaluation and updating is bounded by a non-negative integer
T,ie,t—D(t) < tand t — D'(t) < 7. The bound on the staleness captures the degree
of parallelism in the method: such parameters are typical in asynchronous systems (see
e.g., [92,128]). Furthermore, we also assume that the system is synchronized after every
epoch i.e., D(t) > km for t > km. We would like to emphasize that the assumption is
not strong since such a synchronization needs to be done only once per epoch.

For the purpose of our analysis, We assume a read consistent model. In particular,
our analysis requires that the vector x used for evaluation of gradients be a valid iterate
that existed at some point in time. However, like Hogwild! our implementation is lock-
free. We will revisit this point in Section 8.5.
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8.3.1 Convergence Analysis

The key ingredients to the success of asynchronous algorithms for multicore stochastic
gradient descent are sparsity and “disjointness” of the data matrix [128] . These as-
sumptions are typically satisfied in a variety of machine learning problems where one
often has sparse, high-dimensional data. We also exploit these properties of the data
for our convergence analysis. More formally, let ||x||; denote the norm of x with respect
to non-zero coordinates of function f;; then, the convergence depends on A, the small-
est constant such that IE;[||x[|?] < Al|x|*>. Intuitively, A denotes the average frequency
with which a feature appears in the data matrix. We are interested in situations where
A < 1. As a warm up, let us first discuss convergence analysis for asynchronous SVRG.
The general case is similar, but much more involved. Hence, it is instructive to first go
through the analysis of asynchronous SVRG.

Theorem 8.3.1. Suppose step size 11, epoch size m are chosen such that the following condition
holds: \
1 n+LAT g
()uy_m +4L <172L2A17272>>
+LAT252
(14t (i)

Then, for the iterates of an asynchronous variant of Algorithm 20 with SVRG schedule and
probabilities p; = 1/m for all i € [m], we have

E[f(#1) — f(x*)] < 6 E[f(+") — f(x*)].

< 1.

O<65::

The bound obtained in Theorem 8.3.1 is useful when A is small. To see this, as ear-
lier, consider the indicative case where L/A = n. The synchronous version of SVRG
obtains a convergence rate of 8 = 0.5 for step size # = 0.1/L and epoch size m = O(n).
For the asynchronous variant of SVRG, by setting 7 = 0.1/2(max{1,A27}L), we
obtain a similar rate with m = O(n 4+ A/?tn). To obtain this, set 7 = p/L where
p = 0.1/2(max{1,A/?1}) and 6; = 0.5. Then, a simple calculation gives the following:

np

m_ 2 1—2A7%p?

- (1 —12p- 14ZTZPZ) < ¢/ max{1, A1),
where ¢’ is some constant. This follows from the fact that p = 0.1/2(max{1, A/?1}).
Suppose T < 1/A'2. Then we can achieve nearly the same guarantees as the syn-
chronous version, but T times faster since we are running the algorithm asynchronously.
For example, consider the sparse setting where A = o(1/n); then it is possible to get
near linear speedup when T = 0(n!/2). On the other hand, when A'/2t > 1, we can
obtain a theoretical speedup of 1/A!/2.

We finally provide the convergence result for the asynchronous algorithm in the
general case. The proof is complicated by the fact that set A, unlike in SVRG, changes
during the epoch. The key idea is that only a single element of A changes at each iter-
ation. Furthermore, it can only change to one of the iterates in the epoch. This control

155



provides a handle on the error obtained due to the staleness. The proof is relegated to
the appendix.

Theorem 8.3.2. For any positive parameters c, B, x > 1, step size 17 and epoch size m, we define
the following quantities:

2 1\° 2.3
C=|cn~+ 1—£ cLAT*y” |,

e (2) ] pr-sra e - -8 (1) -]

n K

e [0 G (-] 00

Suppose probabilities p; « (1 — %)m_i, parameters B, x, step-size 1, and epoch size m are chosen
such that the following conditions are satisfied:

1 1\ 967Lt N1, n"t 1
~4+87L(1+= 1--) <=, < (1-=- S — , 0, < 1.
K+8§ (+ﬁ>+ " ( K) S o _( K) 12L2AT2’7“>0 n <

Then, for the iterates of asynchronous variant of Algorithm 20 with HSAG schedule we have

E [ F#1) = () + - Cro| < 6 | £ = F3) + -G

Corollary 8.3.2.1. Note that Gy > 0 and therefore, under the conditions specified in Theo-
rem 8.3.2 and 0, = 0, (14 1/7,) < 1, we have

E[f(#) - f(x)] <8 [f(0) = f(x)].

By using step size normalized by A2 (similar to Theorem 8.3.1) and parameters
similar to the ones specified after Theorem 8.2.1 we can show speedups similar to the
ones obtained in Theorem 8.3.1.

8.4 Non-strongly Convex Case

We extend our analysis to the case of non-strongly convex function in this section. The
first part of our analysis deals with convergence of HSAG when the function is just
convex. Recall that such an analysis also provides convergence analysis for methods
such as SVRG and SAGA because they are merely extreme cases of HSAG.

The following is the main convergence result for the convex case. The key conse-
quence of the result is that we obtain convergence rate of O(1/T) as opposed to rate of
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O(1/+/T) obtained through SGD. All results will be based on the average of the iterates
across T iterations (denoted by xI). In all our results below we assume that T is a mul-
tiple of m. We expand function f as f(x) = g(x) + h(x) where g(x) = 1 ;.5 fi(x) and
h(x) = 3 Yigs fi(x).

Theorem 8.4.1. For any positive parameters c, B, step size 17 and epoch size m, we define the
following quantity:

1
Py = [|a" — x*||* + Dg(x°, x*) + 2mLcn? (1 + E) E [Dh(fk,X*)} -

Suppose probabilities p; = 1/n, parameters B, x, step-size 11, and epoch size m are chosen such
that the following conditions are satisfied:

)<

1

n

2cy(1—Ly(14 B)) — = > 2Lcy? (1 - %)

Then, for the iterates of Algorithm 20 with HSAG schedule we have

S

2Lcn? (1 +

| =

. P,
E [f(x;) —f )} = T <2c17(1—L17(1+/5))0_ i — 2Len? (”%))

Unlike the previous analysis of SVRG for non-strongly convex case that reduces to
the strongly convex by adding a quadratic perturbation, our result provides a direct
sublinear convergence rate. Finally, we also extend our analysis for non-strongly convex
problems to the asynchronous setting. In particular, we show that with bounded delay;,
we can obtain performance gains similar to those obtained in the strongly convex case
in Section 8.3.1.

Theorem 8.4.2. For any positive parameters c, B, step size nj and epoch size m, we define the
following quantities:

7= (c172 + CLAT2173> ,
1
Py = [|x° — x*||2 + Dy (2%, x*) + 8m{'L (1 n E) E [D(x,x")].

Suppose probabilities p; = 1/n, parameters B and x, step-size 1, and epoch size m are chosen
such that the following conditions are satisfied:

1\  96'Lt _ 1 1
8L {1+~ ST —
¢ (+ﬁ>+ =T = 1202a

2cn —87'L(1+ B) — %ZLT — % > 87'L (1 + %)
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Then, for the iterates of asynchronous variant of Algorithm 20 with HSAG schedule we have

E [f() = £ < POy

Before ending our discussion on the theoretical analysis, we would like to highlight
an important point. Our emphasis throughout the chapter was on generality. While the
results are presented here in full generality, one can obtain stronger results in specific
cases. For example, in the case of SAGA, one can obtain per iteration convergence guar-
antees (see [33]) rather than those corresponding to per epoch presented in the chapter.
Also, SAGA can be analyzed without any additional synchronization per epoch. How-
ever, there is no qualitative difference in these guarantees accumulated over the epoch.
Furthermore, in this case, our analysis for both synchronous and asynchronous cases
can be easily modified to obtain convergence properties similar to those in [33].

8.5 Experiments

We present our empirical results in this section. For our experiments, we study the
problem of binary classification via lr-regularized logistic regression. More formally,
we are interested in the following optimization problem:

o
min Y (log(1+ exp(yiz] x)) + Allx|2), (8.3)
i=1

where z; € R and y; is the corresponding label for each i € [n]. In all our experiments,
we set A = 1/n. Note that such a choice leads to high condition number.

Since we are interested in sparse datasets, simply taking f;(x) = log(1+exp(y;z x)) +
Al|x||? is not efficient as it requires updating the whole vector x at each iteration. This
is due to the regularization term in each of the f;’s. Instead, similar to [128], we rewrite
problem in (8.3) as follows:

1 21 X B
min 3 | log(1+exp(yiz x)) +A )] L ].H '
i=1

jenz(z;) 9

where nz(z) represents the non-zero components of vector z, and d; = Y, 1(j € nz(z;)).
While this leads to sparse gradients at each iteration, updates in SVRG are still dense due
to the part of the update that contains }; V f;(«;) /n. This problem can be circumvented
by using a ‘just-in-time” update scheme similar to the one mentioned in [153]. First,
recall that for SVRG, Y; Vfi(a;)/n does not change during an epoch (see Figure 8.1).
Therefore, during the (k + 1) epoch we have the following relationship:

t—1 ) —km) I
xt = fk_’? Z (ﬁ]’(x]) _fl](fk))] - [M Zfl("zk)] .

j=km n i=1
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Figure 8.3: I,-regularized logistic regression. Speedup curves for Lock-Free SVRG and
Locked SVRG on rcvl (left), real-sim (left center), news20 (right center) and url (right)
datasets. We report the speedup achieved by increasing the number of threads.

We maintain each bracketed term separately. The updates to the first term in the above
equation are sparse while those to the second term are just a simple scalar addition,
since we already maintain the average gradient """, f;(%X) /n. When the gradient of f;,
at x' is needed, we only calculate components of x’ required for f;, by aggregating these
two terms. Hence, each step of this update procedure can be implemented in a way that
respects sparsity of the data.

We evaluate the following algorithms for our experiments:

* Lock-Free SVRG: This is the lock-free asynchronous variant of Algorithm 20 using
SVRG schedule; all threads can read and update the parameters with any synchro-
nization. Parameter updates are performed through atomic compare-and-swap instruc-
tion facilitated by modern processors [128]. A constant step size that gives the best
convergence is chosen for the dataset.

* Locked SVRG: Thisis the locked version of the asynchronous variant of Algorithm 20
using SVRG schedule. In particular, we use a concurrent read exclusive write locking
model, where all threads can read the parameters but only one threads can update
the parameters at a given time. The step size is chosen similar to Lock-Free SVRG.

* Lock-Free SGD: This is the lock-free asynchronous variant of the SGD algorithm (see
[128]). We compare two different versions of this algorithm: (i) SGD with constant
step size (referred to as CSGD). (ii) SGD with decaying step size 19+/00/ (t + 0p) (re-
ferred to as DSGD), where constants 779 and oy specify the scale and speed of decay.
For each of these versions, step size is tuned for each dataset to give the best conver-
gence progress.

All the algorithms were implemented in C++. The linear algebra operations are mainly
performed using eigen3?. We run our experiments on datasets from LIBSVM website>.

Similar to [173], we normalize each example in the dataset so that ||z;|| = 1 for all

i € [n]. Such a normalization leads to an upper bound of 0.25 on the Lipschitz constant

of the gradient of f;. The epoch size m is chosen as 2n (as recommended in [71]) in

all our experiments. In the first experiment, we compare the speedup achieved by our
asynchronous algorithm. To this end, for each dataset we first measure the time required

2http://eigen.tuxfamily.org/
Shttp://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
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Figure 8.4: [-regularized logistic regression. Training loss residual f(x) — f(x*) ver-
sus time plot of Lock-Free SVRG, DSGD and CSGD on rcv1 (left), real-sim (left center),
news20 (right center) and url (right) datasets. The experiments are parallelized over 10
cores.

for the algorithm to each an accuracy of 10710 (i.e., f(x) — f(x*) < 107!%). The speedup
with P threads is defined as the ratio of the runtime with a single thread to the runtime
with P threads. Results in Figure 8.3 show the speedup on various datasets. As seen
in the figure, we achieve significant speedups for all the datasets. Not surprisingly,
the speedup achieved by Lock-free SVRG is much higher than ones obtained by locking.
Furthermore, the lowest speedup is achieved for rcv1 dataset. Similar speedup behavior
was reported for this dataset in [128]. It should be noted that this dataset is not sparse
and hence, is a bad case for the algorithm (similar to [128]).

For the second set of experiments we compare the performance of Lock-Free SVRG
with stochastic gradient descent. In particular, we compare with the variants of stochas-
tic gradient descent, DSGD and CSGD, described earlier in this section. It is well estab-
lished that the performance of variance reduced stochastic methods is better than that
of SGD. We would like to empirically verify that such benefits carry over to the asyn-
chronous variants of these algorithms. Figure 8.4 shows the performance of Lock-Free
SVRG, DSGD and CSGD. Since the computation complexity of each epoch of these al-
gorithms is different, we directly plot the objective value versus the runtime for each
of these algorithms. We use 10 cores for comparing the algorithms in this experiment.
As seen in the figure, Lock-Free SVRG outperforms both DSGD and CSGD. The per-
formance gains are qualitatively similar to those reported in [71] for the synchronous
versions of these algorithms. It can also be seen that the DSGD, not surprisingly, out-
performs CSGD in all the cases. In our experiments, we observed that Lock-Free SVRG,
in comparison to SGD, is relatively much less sensitive to the step size and more robust
to increasing threads.

8.6 Discussion & Future Work

In this chapter, we presented a unifying framework based on [33], that captures many
popular variance reduction techniques for stochastic gradient descent. We use this
framework to develop a simple hybrid variance reduction method. The primary pur-
pose of the framework, however, was to provide a common platform to analyze various
variance reduction techniques. To this end, we provided convergence analysis for the
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framework under certain conditions. More importantly, we propose an asynchronous
algorithm for the framework with provable convergence guarantees. The key conse-
quence of our approach is that we obtain asynchronous variants of several algorithms
like SVRG, SAGA and S2GD. Our asynchronous algorithms exploits sparsity in the data
to obtain near linear speedup in settings that are typically encountered in machine learn-
ing.

For future work, it would be interesting to perform an empirical comparison of vari-
ous schedules. In particular, it would be worth exploring the space-time-accuracy trade-
offs of these schedules. We would also like to analyze the effect of these tradeoffs on the
asynchronous variants.

Appendix: Omitted Proofs

Notation: We use D to denote the Bregman divergence (defined below) for function f.

D¢(x,y) = f(x) — f(y) —(Vf(y), x —y).

For ease of exposition, we use E[X] to denote the expectation the random variable X
with respect to indices {iy,...,i;} when X depends on just these indices up to step
t. This dependence will be clear from the context. We use 1 to denote the indicator
function.

We would like to clarify the definition of x** here. As noted in the text, for analysis
of strongly convex functions, we assume that x¥"*" is replaced with the average of the
iterates in the k™ epoch at the end of the epoch. However, whenever x* appears in the
analysis, it represents the iterate before it is replaced by the average of the iterates.

Proof of Theorem 8.2.1

Proof. We expand function f as f(x) = g(x) + h(x) where g(x) = 1¥,;.sfi(x) and
h(x) = 1 Y45 fi(x). Let the present epoch be k + 1. We define the following:

ol =

(xt_H - xt) == [Vfit(xt> - Vfit(let) + % val(“zt)

= |-

Gi= - Y (filal) - filx) — (Vfi(x"),al — 7))

nics

Ri=E [cuxf x|+ Gt] .
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We first observe that E[v!] = —Vf(x!). This follows from the unbiasedness of the
gradient at each iteration. Using this observation, we have the following:

E[Ri41] = Ele|a™! — x| + Gpya] = Elellx’ + 50" — x| + Gpi]
= cE ||| = x*[12| +en?E |[|o]2] + 205 [(x' = ", 0")] + E[Gy1]

< cE |5 = x*|12] + e [|[o'[2] =20y [f(x') = f(x")] + E[Grya].  (84)

The last step follows from convexity of f and the unbiasedness of v'. We have the
following relationship between G;;1 and G;.

+ L (A = i) = (Vi) 2t = )

i€eS

E[Grya] = (1 _ %) E[G]+ E

— (1 — %) E [Gi] + %E[Dg(xt,x*)]. (8.5)

This follows from the definition of the schedule of HSAG for indices in S. Substituting
the above relationship in Equation (8.4) we get the following.

Rept < Re+ o E [[0/]P] — 207 [£(x") — f(x")] — "E[Gi] + L E[Dy(x',x°)]

< (1= 2) Rt Sl — 12+ 0 [Iof12] — 200E [£(2) - £
1 1

# () FIGT+ ED )

= (1 — 1) R + by.
K

We describe the bounds for b; (defined below).

b= SE[|lx = x| +er? E [of|2] ~265 [£(x') - f(x")]

¥ T
1 1 1 box
+ <E - ;) E[Gt] + ~E[Dg(x’, x7)].
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The terms T; and T2 can be bounded in the following fashion:

T = E[x' ~ x*[P] < SE[f(x') - f(x*)]
= E[Jo17] < (14 5 ) E[IVfila}) ~ V4GOI + 0+ BIE [IV5,6) = V7)1
<25 (14 5) EX LA - £07) — (VA af - )]
+ 21+ HEL () - f()]

The bound on T is due to strong convexity of f. The first inequality and second inequal-
ities on T; directly follows from Lemma 3 of [33] and simple application of Lemma 8.8.1
respectively. The third inequality follows from the definition of G; and the fact that
al = foralli ¢ Sand t € {km,... km+m—1}.

Substituting these bounds T; and T3 in by, we get

by < — [2c17 —2cLiP(1+B) — z—;] E [f(x') — f(x")]
+ (% +2cLi? (1 + %) - %) E[Gi] + %E[Dg(xt/x*ﬂ
+ 2cLy? <1 + %) E [Dh(kaX*)]

< — [ZCU —2cLi* (14 B) — P a} E [f(x") = f(x")]

i (% +2cLip? (1 + %) - %) E[Gy] + 2cLy? (1 + %) E [Dh(fk,X*)}

< - [2c17 —2cLy*(1+4B) — o a} E [f(x") — f(x*)] + 2cLy? (1 + %) E [Dh(fk,x*)} :
(8.6)

The second inequality follows from Lemma 8.8.2. In particular, we use the fact that
f(x) = f(x*) = Dg(x,x*) and D¢ (x,x*) = Dg(x,x*) + Dj(x,x*) > Dg(x,x*). The third
inequality follows from the following for the choice of our parameters:

1 1 1
~ 4 2Lcn? (1 + —> < -
K B n
Applying the recursive relationship on R; for m iterations, we get

1I\™ _ m—1 1 m—1—j
ka-i—m < (1 - E) Ry + 2 (1 - E) bkm+j

j=0
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where 3 )
Ry =E [c||azk — X2+ Gk] .
Substituting the bound on b; from Equation (8.6) in the above equation we get the fol-

lowing inequality:

1\"
ka+m§(1_g> Rk

- ]20 (et - 22 (121 e o)

n ’g (1 _ %) " oL (1 + %) E [(2) — h(x") — (Vh(x), &~ x)] .

We now use the fact that #¥*1 is chosen randomly from {xk’", e, xk’”+m_1} with proba-

bilities proportional to {(1 —1/x)™1,...,1} we have the following consequence of the
above inequality:

Riwin ¢ [1= (1-1)"] (2000~ o+ ) - 1 = )R [p) - 727

<X (1-3) [ -sw] + (1-1) "B [0

K

+2Len’x [1 - (1 - %)m] (1 + %) E [Dh(fk,x*)] .

For obtaining the above inequality, we used strong convexity of f. Again, using the
Bregman divergence based inequality (see Lemma 8.8.2)

f(x) = f(x7) = Dg(x,x7) = Dg(x,x7) + Dy (x,x7) > Dy(x, x7),

we have the following inequality

R+ [1= (1-2) ] (200 - L1+ — = 2 ) [5() — )]
< [2_; (1 - %)m + 2Len (1 + %) [1 - (1 - %)m” E[f(#) - f(x)] + <1 - %)mm Gl

(8.7)

Introduce now the notation

v=xi-(1-1)"] (zena- L+ -1 - X)
o=max{[55 (1-3) B () s - () ) 0-0) )
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Using this notation along with (8.7) we obtain the inequality
k1 o L= k o, 1~
E|f(z )—f(X)+;Gk+1 <6 E f(X)—f(x)Jr;Gk ‘

where 6 < 1 is a constant that depends on the parameters used in the algorithm. O

Proof of Theorem 8.3.1

Proof. Let the present epoch be k + 1. Recall that D(t) denotes the iterate used in the ¢
iteration of the algorithm. We define the following two sequences:

ut = = [V, (:P) = V£, () + V()]
of = = [Vfi(x!) = V£ (#) + V£
Consider now

Ellx! — | = Bl 4+ u’ — )7 = B |l = x" |2+ p? |2 4 27 — x|
(8.8)

We first bound the last term of the above inequality. We expand the term in the following
manner:

E(x' — x*,u') = E [(x* —x, Vfit(xD(t)»}

(8.9)

The first equality directly follows from the definition of u’ and its property of unbiased-
ness. The second step follows from simple algebraic calculations. Terms T3 and T4 can
be bounded in the following way:

T3 < E[f;, (x*) — f;,(xP®)]. (8.10)
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This bound directly follows from convexity of function f;,.

t—1
= Y B[ -2 ()]
d=D(t)

t—1 L
< LB |AG) - A6+ Sl )
d=D(t)

<E[f,(P0) - fy)] + 22 ¥ B[l -, B11)

2 2By

The first inequality follows Lipschitz continuity of V f;,. The second inequality follows
from the definition of A. The last term T5 can be bounded as follows.

t—1

Ts =E Z <xd d+1 vflt( ) vflt( )>]

d=D(t)

t—1

<E Z de—H - xd“itvait(xD(t)) - vfit(xd)]
_d:D(t)

t—1 d—1

<SE| Y Iefex 1 Vfit(xj“)vfit(xj)] (8.12)

| 4=D(t) j=D(t)

The first inequality follows from Cauchy-Schwartz inequality. The second inequality
follows from repeated application of triangle inequality. Furthermore, the aforemen-
tioned bound on T5 can be bounded in the following manner:

n<E| Yy Y L (|xd+1—xdi+xf“—xfi)}

dD)JD)

LA —1) =
(T LAT=Dpg Z 2L — |2, (8.13)

The first step uses Lipschitz continuity of the gradient Vf;, combined with the AM-
GM inequality. Finally, the last step can be obtained from the fact that the staleness in
gradient is at most T and the definition of A.

By combining the bounds on T3, T; and Ts in Equations (8.10), (8.11) and (8.13)
respectively and substituting the sum in Equation (8.9), we get

t * * t LAT = d+1 d2
E(x' —x',u) SB[ f(x) ~ f(a) + 200 Y [ - (514
d=D(t)

166



d+1 _

By substituting the above inequality in (8.8) and noting that x x? = nu?, we get

t—1

E [||x! = 2| slﬁ[nxf—x*||2+n2uuf||2—2n<f<xf>—f<x*>>+LAm3 )y uudnz}.
d=D(t)

(8.15)

We next bound the term E[||u||?] in terms of E [||v’[|?] in the following way:
E |[[u]P] < 2B [[|u =o' |2+ [|o*|?]
< 2E [||V£; (') = V£, PO)|2] +2E || of|?

< 2I2%E [||xd+1 —~ xd!lﬂ +2E [Hthz}
<ottt T E [l - <P0)2] 26 [|o)]
d=D(t)

t—1
<21’Ap*t Y E [||ud||2] +2E [||vf||2} .
d=D(t)

The first step follows from AM-GM inequality. The second inequality follows from
Lipschitz continuity of the gradient. The third step is a simple application of Cauchy-
Schwarz. Adding the above inequalities from t = km to t = km +m — 1, we get

km+m—1 km+m—1 t—1 p )
ORI < Y |2t X B[] + 28 [[of)?]
t=km t=km d=D(t)
km+m—1 km+m—1
<202AP Y ]E[]|ut\|2]+2 y 1E[||vfyﬂ.
t=km t=km

Here we again used the fact that the delay in the gradients is at most 7. From the above
inequality, we get

km+m—1 [ ) km+m—1 [
L E ] < a—aape) o F LEGE (8.16)

t=km t=km

Adding Equation (8.15) from t = km to t = km + m — 1 and substituting Equation (8.16)
in the resultant, we get

km+m—1 km—+m—1
E|[#7n — 2P| < B| 8 - x |2+ 02+ Lat®) Y WP - ) 217(f(xt)—f(x*))]
t=km t=km
2 2.3\ km+m—1 km+m—1
. . + LAT «
<E ||xk—x|12+z<{7_T2A,7;7T2) LY e - S >>].
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The first step follows from telescopy sum and the definition of #. From Lemma 3 of
[33] (also see [71]), we have

E[J[o'|?] < 4LE |f(x') = f(x") + f(#) = f(x")].

Substituting this in the inequality above , we get the following bound:
2 2,3
7~ + LAT™y Skt "
2n —8L | ——+—75 E —
( 17 8 (1 _ 2L2A772T2 m [f(x ) f(x )]

2 n* 4+ LAT? 33 _ .
< (5L (g ) m) LA - £

Proof of Theorem 8.3.2

Proof. Let the present epoch be k + 1. For simplicity, we assume that the iterates x and A
used in the each iteration are from the same time step (index) i.e., D(t) = D’(t) forall ¢ €
T. Recall that D(t) and D’(t) denote the index used in the ! iteration of the algorithm.
Our analysis can be extended to the case of D(t) # D'(t) in a straightforward albeit
tedious manner. We expand function f as f(x) = g(x) + h(x) where g(x) = 1 Yics fi(x)
and h(x) = 1 Y45 fi(x). We define

Mtzé(xt“—xt) [szt( D) = Vil )+~ Zsz

_ [wixxw i)+ zvmf)] .

We use the same Lyapunov function used in Theorem 8.2.1. We recall the following
definitions:

G = 3 T ((ah) = )~ (Vfil ) =)
R = [c||xt X2 Gt] .

Using unbiasedness of the gradient we have E[u!] = —V f(xP()) and E[0!] = -~V f(x").
Using this observation, we have the following;:

E[[|x"! —x*|%] = cE[[|x" +nu’ — x*[|?]
= cE [||xt — x*||2] +cn?’E [||ut||2] +2en E [(x' —x*,u')] . (8.17)

\_v_/ N ~~ J/
T T;
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The last step follows from convexity of f and the unbiasedness of u'. We further bound
term T¢ in the following manner:

To = E ||| <28 |[ju' - o|[2] + 2E[[]o"||2). (8.18)
The first term can be bounded in the following manner:

E [|luf —o'[?] < E[||(Vfi (") - V,(xP1)) - <szt< ) = Vfia}))

5 T - AP )]

<3E “)Vﬁt(xlt ~Vfi(x H]+31E U\Vﬁt ) = Vi )2}
+3E %;wﬁ(af) - Vfila")) 2]

<38 [V4) - Vil H]+31E [Hm @p) =)
+ %Z]E [Hwi((x —VAEPY) ] (8.19)

The second step follows from Lemma 8.8.3 for r = 3. The last step follows from simple
application of Jensen’s inequality. The first term can be bounded easily in the following
manner:

E [IVF,() - VAPO)E] <120 B [[aft - xie]
d=D(t)
t—1
<At Y ]E[HudHZ].
d=D(t)

The second and third terms need more delicate analysis. The key insight for our
analysis is that at most 7 different «;’s differ from time step D(t) to t. This is due to
the fact that the delay is bounded by T and at most one «; changes at each iteration.
Furthermore, whenever there is a change in a;, it changes to one of the iterates x/ for
some j = {t — 7,...,t}. With this intuition we bound the second term in the following
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fashion.

B[[vAa) - va@)[] <2 T TE =i |[viw) - vaal)]

j=D(t) i€S
<2 % v[ii=i) (VA - viw) 2+HVﬁ(w?(”)—Vﬁ(X*) )
j=D(t)i€S
<2 % pE[|vaw) - vae|] + 2 3 Z V||Vl - 756 ]
j=D(t) I8 1) i€s
<Ay g %Zfz(x])—fz( ) VG, H - x))
j=D(t) €S
4L’L’

zfl ) = (Vi(x*), el - x*>] .

The second inequality follows from Lemma 8.8.3 for r = 2. The last step directly follows
from Lemma 8.8.1. Note that sum is over indices in S since «;’s for i ¢ S do not change
during the epoch.

The third term in (8.19) can be bounded by exactly the same technique we used for
the second term. The bound, in fact, turns out to identical to the second term since i; is
chosen uniformly at random. Combining all the terms we have

48L t=1 481t
= ;()E Dy ()| +
j

t—1
To < 2E[[[o'|2] + 6L%An% Y- E [[u]?] +

d=D(t) F [GD(”} '

The term T can be bounded in a manner similar to one in Theorem 8.3.1 to obtain
the following (see proof of Theorem 8.3.1 for details):

LA 2 t-1
E(x =2 ut) B | f(e) = f) + =50 3 )2 (8.20)
d=D(#)
We need the following bound for our analysis:
m—1 1 m—1—j ) m—1 1 m—1-j .
v (1-3)  EIIRs2Y (1-7)  ElO
. K . K
j=0 j=0
km+m—1 s o =1 .
+ Y, et Y E|[u]?]
t=km d=D(t)
km+m— 14:8L t—1
+ L i D E[Dg(x] )}
t=km j=D(t)
km+m—1
Z 48LTlE [GD(t)}-
t=km
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The above inequality follows directly from the bound on T.
Under the condition
nN"" 1
< (1-= —
- K 12L2AT?’

we have the inequality

m—1 1 m—1—j ki 12 m—1 1 m—1—j ki 12
C(1-0)" Eiei <a’s (-5 e
i=0 =0
km+m—1 96 t—1 )
+ ) — ) lE[Dg(x],x*)]
t=km j=D(t)

km+m—1 96L.T

)3

t=km

E [GD(t)] . (8.21)

This follows from that fact that

km+m—1

t—1
Y. et Y E|[uf)?] <
t=km d=D(t)

m—1 1 m—l_j k -
Y (-5 B
=0

N[ —

The above relationship is due to the condition on 7 and the fact that d € [t, D(¢)] for at
most T values of t. We have the following:

Ris1 = cE [ |5 = "] + n?E [ [[uf|2] + 207 [(x' = 2, u')] + E [Gsa]
1
= (1 — %) Rt +e. (822)
We bound ¢; in the following manner:

1
e = %th — x>+ <; — 1) E[G;] + ¢’ E [||ut||2} +2cE [(x' — x*,u")] + E [Gy44]

c . 1 1 . 1 .
= Sl =1+ (5 = ) EIGH + cPE [Ju')F] + 200 [(x' = #*,u)] + SEID(x' ')

<~ (200 = Z) B[ ~ 6] + (5~ 5 ) EIG] + Pl
+ cLATH? t_zl E [||ud||2] - %IE[Dg(xt,x*)].
d=D(t)

The second equality follows from the definition of G; 1 (see Equation (8.5)).

ElGen] = (1~ ) EIG]+ LBy, x")
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Applying the recurrence relationship in Equation (8.22) with the derived bound on

e;, we have
s (1) 2 E (1)
K faur K

1 m 5 m—1 1 m—l—] ,
< (1 - E) Ry + Z(:) <1 - E) Chm+jr
]:

where ¢} is defined as follows
Re = [o]# - x|+ G|
r__ _ E ty _ * 1 _ l
= (200 - 2 ) E [~ f)] + (5 - 5 ) ELGH
2 1y ; 1
+ | e+ 1—§ CLAT E[||u!||?] + ]E[Dg(x x*)].
We use the following notation for ease of exposition:

2 17" 2.3
(= \|cn"+ 1—; cLATy” | .

This last inequality follows from that fact that the delay is at most 7. In particular, each
index j € {D(t)...,t} for at most 7 times. Substituting the bound in Equation (8.21),
we get the following:

o (12 0 (o 2 (-2) e
g% (1 - l)mlj E[[[o"" )]
j=o N K
4| 206LT (1 - 1) : Z_: (1 - 1)m_l_jlﬁ Dy (x4, x7) |

n K ~

(1 96¢Lt 1\7 1] m=l 1\" 1
e E ) e om

j=0

We now use the following previously used bound on v’ (see bound T in the proof
of Theorem 8.2.1).

Ello! 2 < 20 (14 5 ) [Gr+ Dy(ex°)] +2L01+ BELF(+) — £l
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Substituting the above bound on v in Equation (8.23), we get the following:

1\" - 2c  96(Lt 1\"" 1
< — — — — - — — — — —
Rimam < (1 K) R — |20y —87L(1+B) — — : (1 K) n] X

mZ:l (1 - %)mlle [f(ka+j) —f(x*)}

j=0

+ %+8§L <1+%) + 9651“ (1—%)7— %] x
OO
+8CL (1 + %) r:gl (1 - %)m_l_le [Dh(fk,x*)}
<X (1-2) [ - s+ (1-1) "B (6
_ lch —8ZL(1+p) — 5—; = 9651” <1 - %) s %] x
+ 8L (1 + %) K {1 - (1 - %)m] E [Dh(fk,x*)] . (8.24)

The first step is due to the Bregman divergence based inequality D (x, x*) > Dg(x, x*).

The second step follows from the expanding Ry and using the strong convexity of func-
tion f. We now use the fact that 1 is chosen randomly from {x*, ..., xk"+m=11 with
probabilities proportional to { (1 — 1/x)™1,...,1} we have the following consequence

of the above inequality. We use the following notation:

Yo=K {1— (1—%)7”] lch—sa(uﬁ) _5_;_96417 (1_1)7_1]

n K n

e 2502 =GB 0] (o1)

Using the above notation, we have the following inequality from Equation (8.7).

E [f(fk“) )+ %Gkﬂ] <O, E {f(f") )+ ,Yick} .

where 6 < 1 is a constant that depends on the parameters used in the algorithm.
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8.7 Proof of Theorem 8.4.1

Proof. Using exactly the same argument as in first part of Theorem 8.2.1, we have the
following;:

Rest < Re+ o’E [[0!]P] — 207E [f(x") — f(x*)] — B[G] + E[Dg(x',x°)] := Ry + b},

The terms E [||o!||?] can be bounded in the following fashion:

E[I1F] < (1 5 ) B [IVA0)) — VA1 + 1+ BIE [IV, () = V£ () ]
<2 (1+3) BX (e - F) — (V) - 2°)

+ 20+ BEL [H(x) — F(x)
<L (1 + %) (Gr+ Dy (7, x7) | +2L(1 + BE[f(x') = ().

The first inequality and second inequalities directly follow from Lemma 3 of [33] and

simple application of Lemma 8.8.1 respectively. The third inequality follows from the

definition of G; and the fact that a! = % foralli ¢ Sand t € {km, ..., km + m}.
Substituting the above bound in b}, we get

by < — |20y = 2cLiP(1+ B)| E [f(+') = f(x")]
1 1 1

+ (2ch2 (1 + E) -~ E) E[G] + E[Dg(x', x")]

+ 2cLy? (1 - %) E [Dh(kaX*)]
< - [Zcq —2cLy*(1+ B) — H E [f(x') = f(x")]

+ (2ch2 (1 + %) - %) E[G¢] + 2cLy? (1 + %) E [Dh(fk/fk)}
1

1] E [f(x') — f(x*)] + 2¢Li? (1 + 3) E | Dy(#,%")]

< — [2017 —2cLy* (14 B) — "
(8.25)

The second inequality follows from Lemma 8.8.2. In particular, we use the fact that
f(x) = f(x*) = Dg(x,x*) and Dy (x, x*) = Dg(x, x*) + Dy (x,x*) > Dg(x, x*). The third
inequality follows from the following for the choice of our parameters:

2Lcn? (1 + %) < %
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Applying the recursive relationship on R for m iterations, we get

m—1

ka—l—m < Rgm + Z b;chr]
j=0

Substituting the bound on b; from Equation (8.6) in the above equation we get the fol-
lowing inequality:

ka+m < ka
mil
=0
m—1 1
+ Y 2Le? (1 + 3) E [Dh(fk,x*)} :
i=0

]

(2c,7<1 L1+ ) — %) E[£(447) — f(x")

We define the following quantity:

Py = Ry + 2mLen? (1 n %) E [Dh(fk,x*)} : (8.26)

Using this definition, we have

(201 = Ly(1+p)) — 3 ~2te (1+5) ) zolE [FH49) - F(x')] < B = Py,
L

This directly follows from the definition of Py, # and the fact D, (x, x*) < f(x) — f(x*).
Now using the telescopy sum, we have the main result:

Dy
T (2001 - Ly(1+ ) — = 2Le? (1+4))

&
puad
=
SN
|
=
=

*
A

8.8 Proof of Theorem 8.4.2

Proof. Let the present epoch be k + 1. For simplicity, we assume that the iterates x and
A used in the each iteration are from the same time step (index) i.e.,, D(t) = D'(t)
for all t € T. Recall that D(t) and D’(t) denote the index used in the ! iteration of the
algorithm. Our analysis can be extended to the case of D(t) # D’(t) in a straightforward
manner. We expand function f as f(x) = g(x) + h(x) where g(x) = 1 Y. fi(x) and
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h(x) = 1Y fi(x). We define the following:

W= (3 ) = [W D) = Vfi ) + ZVﬁ

_ [Vfit(xt) Vi) + ZVﬁ(wf)] .

We use the same Lyapunov function used in Theorem 8.2.1. We recall the following
definitions:

1 * * *
Gi= LY (e = ) — (V) 0l = )
i€S
Ri=E [c||xf X2 Gt] .
Using unbiasedness of the gradient we have E[u!] = —V f(xP(®)) and E[0f] = —V f(x}).
Using this observation, we have the following:
CE[[|x"" — x*|1%] = cE[||x" +nu’ — x*||?]
= cE [th - x*||2] +cn’E [HutH ] +2en B [(x' —x*,u')] . (8.27)

S—~ ~ g
Te T;

Using the argument in Theorem 8.3.2, we obtain the following bounds on Ty and T7:

48L =1 48LT

t—1
To < 2E[|[o' 2] +6L2a7%t Y E[|u!|2]+== ¥ E|[Dy(l,x")| + = “E[Gpg)|,
d=D(t) j=D(t)
* t LAT’72 = d2
T <E | () - f)+ =20 % ]
d=D(t)

We need the following bound for our analysis:

m—1 —
Y- E[flu %) < Z E[[|o""+|?]
j=0 j=0
km+m—1 t—1
+ Y el’Ap’t ¥ E{Hudnz}
t=km d=D(t)

km—+m— 148L t—1

Z o Z]E[Dg(x] )}
j=D(t)

t=km

km4+-m—1 4817

)3

t=km

E |Gp|
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The above inequality follows directly from the bound on Ty. Under the condition 72

—12L% ~2, We have the following inequality:

m—1 — )
> E[u*" )] Z [l +7]2]
j=0 =0

km+m— 196L t—1

Y S L E[Dy(dx)]
j=D(t)

t=km
km+m—1
96LT
y E [GDM . (8.28)
t=km
This follows from that fact that
km+m—1 " t—1 Q2 1_ km-+j
L svart ¥R [lnfP] < 5 X Bl
t=km d=D(t) j=0

due to the condition mentioned above. We have the following:

Ris1 = cE | = x*[2] + cn®E ||| + 2y [(x' = x*,u')] + E[Gra]

We bound ¢} in the following manner:

¢ = o |[u'|2] = E [Gi) + 20n [(x' — x*,u')] +E [Gya]

]
]

= E[G] + B [[!|] + 207 [(x' — 2, )] +  E[Dg(x!,x")]
[

< —E[G] — 207 [£(x") — £(x")] + e[ Ju]?)
+CLAT1] Z IE,|:Hud”] 711[‘3[[)g(x’},x>|<):|
d=D(t)
1 _ 1 BN (o 2 t2 5 v d2
< —E[G] - (207 = — ) E[f(x') = f(x")] + e E[[u|Y] + cLaTy Z()JE[Hu 2]
d=D(t

The second equality follows from the definition of G;; (see Equation (8.5)).

]E[Gt—H] = (1 — %) E [Gt] + %E[Dg(xt, x*)]

The third and fourth inequalities follow from the fact that G; > 0 and Dg(x!,x*) <
f(xt) — f(x*) respectively. Applying the recurrence relationship in Equation (8.29) with
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the derived bound on ¢}, we have

m—1
ka+m S ka + Z el/<m+j S ka — (2C11 — —) Z E [ km+] f(x*)}
j=0
2 2.3 mainz 1
+ (e + cLay?) T E(ut ) - =Y E[Gins]
i=0 i=0

This last inequality follows from that fact that the delay is at most 7. In particular, each
index j € {D(t)...,t} for at most T times. Substituting the bound in Equation (8.28),
we get the following:

m—1

R < R = (20— 1) T E[f() - £(x)]

j=0

2 2 3\ T =
+4 (on? +cLat®) Y B[ = 2 Y B[]
j=0 =0

N 96L (cy? + cLAT?y) kmgm=1 11

Y Y E [Dg(xj,x*)]

n

= =D (1)
96L (cn? + cLAT2y3) kmtm-1
2l " r) Y E|Gog). (8.30)
t=km

We now use the following previously used bound on v’ (see bound T in the proof
of Theorem 8.2.1).

Ello/ 2] < 20 (145 ) [Gr+ Dy (e )] +2L01 + BELF() — £l

We use ¢’ to denote c#? + cLAT?#3. Substituting the above bound on v in Equation (8.30),
we get the following;:

n n

Y E [ F( ) — f(x")]

j=0

+ {8§’L (1 + 1) L L 1} mzllE [

B n nl =

+8§’L( ) Z]E Dy (%,

9('Lt 1] m=l
ka+m S ka - [2‘:77 - SC,L(l + ﬁ) - C 1

*)
o Tl - s

< R — {ZCU —87'L(1+ ) — 96CILT 1
j=0
+8ml'L (1 + %) E [Dh(fk,x*)} . (8.31)
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We define the following quantity:

P{ = Ry, +8m{'L (1 + %) E [Dh(azk,x*)] . (8.32)
Using this definition, we have
9%¢'Lt 1 1\ "= :
[ch —87'L(1+B) — % - 8C'L (1 + 3)} Y E [f(x’“"ﬂ) —f(x*)} < Pp— Py
j=0

This directly follows from the definition of P}, ¥ and the fact Dj,(x, x*) < f(x) — f(x*).
Now using the telescopy sum, we have the main result:

E|f(x]) - f(x")] < T [2ey 8011+ ) — 25 L _sg (143)]

Other Lemmatta

Lemma 8.8.1. [71] For any a; € R* where i € [n] and x*, we have
. 2L , ) ;
E |1V (@) = Vi, ()] < =D [filw) = f(x%) = (VA(x), = x)].

Lemma 8.8.2. Suppose f : RY — Rand f = g+ h where f, g and h are convex and differen-
tiable. x* is the optimal solution to argminy f (x) then we have the following

Dy(x,x%) = f(x) = f(x)
D¢(x,x*) = Dg(x,x*) 4 Dy (x, x™)
Dy¢(x,x*) > Dg(x,x").

Proof. The proof follows trivially from the fact that x* is the optimal solution and lin-
earity and non-negative properties of Bregman divergence. O

Lemma 8.8.3. For random variables z4, . . ., z,, we have

E |llz1+ ..+ 2 |2] <7E [l + .+ |22
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Chapter 9

Asynchronous Randomized Coordinate
Descent Algorithms for ERM

9.1 Introduction

In this chapter, we develop, analyze, and implement asynchronous randomized coordi-
nate descent methods for the following composite objective convex problem with non-
separable linear constraints

miny F(x) := f(x) +h(x) st Ax=0. 9.1)

Here, f : R" — R is assumed to be continuously differentiable and convex, while
h : R" — RU {oo} is lower semi-continuous, convex, coordinate-wise separable, but
not necessarily smooth; the linear constraints (LC) are specified by a matrix A € R™*",
for which m < n, and a certain structure (see Section 9.4) is assumed. The reader
may wonder the relationship between aforementioned problem and ERM problem of
our interest, but observe that any ERM problem can be rewritten in dual form (9.1) as
follows:

] 1 n ] 1 n ) 1 n . n
min g{fl(x) = min ;fl(xl) =min g{fl (A) st i;)\l =0.
Thus, an asynchronous coordinate descent method for (9.1), consequently, yields an
asynchronous dual algorithm for ERM problems. Coordinate descent (CD) methods are
conceptually among the simplest schemes for unconstrained optimization—they have
been studied for a long time (see e.g., [10, 17, 123]), and are now enjoying greatly re-
newed interest. Their resurgence is rooted in successful applications in machine learn-
ing [63, 64], statistics [41, 65], and many other areas—see [145, 146, 157] and references
therein for more examples.

A catalyst to the theoretical as well as practical success of CD methods has been
randomization. (The idea of randomized algorithms for optimization methods is of
course much older, see e.g., [127].) Indeed, generic non-randomized CD has resisted
complexity analysis, though there is promising recent work [62, 151, 171]; remarkably
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for randomized CD for smooth convex optimization, Nesterov [112, 114] presented an
analysis of global iteration complexity. This work triggered several improvements, such
as [146, 147], who simplified and extended the analysis to include separable nonsmooth
terms. Randomization has also been crucial to a host of other CD algorithms and anal-
yses [21, 64, 91, 106, 128, 145, 147, 157, 158, 166].

Almost all of the aforementioned CD methods assume essentially unconstrained
problems, which at best allow separable constraints. In contrast, we develop, analyze,
and implement randomized CD methods for the following composite objective convex
problem with non-separable linear constraints. Problem (9.1) subsumes the usual regu-
larized optimization problems pervasive in machine learning for the simplest (m = 0)
case. In the presence of linear constraints (m > 0), Problem (9.1) assumes a form used in
the classic Alternating Direction Method of Multipliers (ADMM) [44, 51]. The principal
difference between our approach and ADMM is that the latter treats the entire variable
x € R" as a single block, whereas we use the structure of A to split x into b smaller
blocks. Familiar special cases of Problem (9.1) include SVM (with bias) dual, fused
Lasso and group Lasso [167], and linearly constrained least-squares regression [52, 82].

Recently, Necoara et al. [106] studied a special case of Problem (9.1) that sets h = 0
and assumes a single sum constraint. They presented a randomized CD method that
starts with a feasible solution and at each iteration updates a pair of coordinates to
ensure descent on the objective while maintaining feasibility. This scheme is reminiscent
of the well-known SMO procedure for SVM optimization [121]. For smooth convex
problems with n variables, Necoara et al. [106] prove an O(1/¢€) rate of convergence.
More recently, in [105] considered a generalization to the general case Ax = 0 (assuming
h is coordinatewise separable).

Unfortunately, the analysis in [105] yields an extremely pessimistic complexity re-
sult:

Theorem 9.1.1 ([105]). Consider Problem (9.1) with h being coordinatewise separable, and
A € R™" with b blocks. Then, the CD algorithm in [105] takes no more than O(b™/€)
iterations to obtain a solution of e-accuracy.

This result is exponential in the number of constraints and too severe even for small-
scale problems!

We present randomized CD methods, and prove that for important special cases
(mainly i = 0 or A is a sum constraint) we can obtain global iteration complexity that
does not have an intractable dependence on either the number of coordinate blocks (b),
or on the number of linear constraints (). Previously, Tseng and Yun [169] also studied
a linearly coupled block-CD method based on the Gauss-Southwell choice; however,
their complexity analysis applies only to the special m = 0 and m = 1 cases.

To our knowledge, ours is the first work on CD for problems with more than one
(m > 1) linear constraints that presents such results.

Contributions. In light of the above background, our primary contributions in this
chapter are as follows:
o Convergence rate analysis of a randomized block-CD method for the smooth case
(h = 0) with m > 1 general linear constraints.
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o A tighter convergence analysis for the composite function optimization (2 # 0)
than [105] in the case of sum constraint.

o An asynchronous CD algorithm for Problem (9.1).

o A stochastic CD method with convergence analysis for solving problems with a
separable loss f(x) = (1/N) XN, fi(x).

Additional related work. As noted, CD methods have a long history in optimization
and they have gained tremendous recent interest. We cannot hope to do full justice to all
the related work, but refer the reader to [146, 147] and [91] for more thorough coverage.
Classically, local linear convergence was analyzed in [94]. Global rates for randomized
block coordinate descent (BCD) were pioneered by Nesterov [112], and have since then
been extended by various authors [13, 146, 147, 171]. The related family of Gauss-Seidel
like analyses for ADMM have also recently gained prominence [61]. A combination of
randomized block-coordinate ideas with Frank-Wolfe methods was recently presented
in [80], though algorithmically the Frank-Wolfe approach is very different as it relies on
non projection based oracles.

9.2 Preliminaries

In this section, we further explain our model and assumptions. We assume that the
entire space R" is decomposed into b blocks, i.e., x = [xlT o ,xl—f]T where x € R",
x; € R" foralli € [b],and n = ¥_; n;. For any x € R", we use x; to denote the i block
of x. We model communication constraints in our algorithms by viewing variables as
nodes in a connected graph G := (V, E). Specifically, node i € V = [b] corresponds to
variable x;, while an edge (i,j) € E C V x V is present if nodes i and j can exchange
information. We use “pair” and “edge” interchangeably.

For a differentiable function f, we use f;;...;, and Vil...ipf(x) (or inl...xipf(x)) to de-

note the restriction of the function and its partial gradient to coordinate blocks (x;,, - - -, x;,).
For any matrix B with n columns, we use B; to denote the columns of B corresponding
to x; and Bj; to denote the columns of B corresponding to x; and x;. We use U to denote
the n x n identity matrix and hence U; is a matrix that places an n; dimensional vector
into the corresponding block of an n dimensional vector.

We make the following standard assumption on the partial gradients of f.

Assumption 1. The function has block-coordinate Lipschitz continuous gradient, i.e.,
||Vlf(X) — Vif(x +U;h)|| < Ll‘HhinOV all x € R", .

Assumption 1 is similar to the typical Lipschitz continuous gradients assumed in
first-order methods and it is necessary to ensure convergence of block-coordinate meth-
ods. When functions f; and f; have Lipschitz continuous gradients with constants L;
and L; respectively, one can show that the function f;; has a Lipschitz continuous gradi-
ent with L;; = L; + L; [105, Lemma 1]. The following result is standard.
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Lemma 9.2.1. For any function g : R" — R with L-Lipschitz continuous gradient Vg, we
have

g(x) < g(y) +(Vgw),x —y) + 5[lx —y[I* x,y € R".

Following [146, 169], we also make the following assumption on the structure of h.

Assumption 2. The nonsmooth function h is block separable, i.e., h(x) = Y ; hi(x;).

This assumption is critical to composite optimization using CD methods. We also
assume access to an oracle that returns function values and partial gradients at any points
and iterates of the optimization algorithm.

9.3 Algorithm

We are now ready to present our randomized CD methods for Problem (9.1) in various
settings. We first study composite minimization (§9.3.1) and later look at asynchronous
(8§9.3.2) and stochastic (§9.3.3) variants. The main idea underlying our algorithms is to
pick a random pair (i,j) € E of variables (blocks) at each iteration, and to update them
in a manner which maintains feasibility and ensures progress in optimization.

9.3.1 Composite Minimization

We begin with the nonsmooth setting, where 1 # 0. We start with a feasible point xV.
Then, at each iteration we pick a random pair (i,j) € E of variables and minimize the
first-order Taylor expansion of the loss f around the current iterate while maintaining
teasibility. Formally, this involves performing the update

Z(f,x,(i,7), &) == argmin f(x) + (V;if(x),dij) 9.2)
A,]dU:O
+(20) 7\ l|? + B(x + Usdyp),

where a > 0 is a stepsize parameter and d;; is the update. The right hand side of Equa-
tion (9.2) upper bounds f at x + Uj;d;j, as seen by using Assumption 1 and Lemma 9.2.1.

If h(x) = 0, minimizing Equation (9.2) yields

A a(AA] + AADT (AVif(x) + AV (x))
di + —aVf(x) + Al A

dj < —aVf(x) + Al A 9.3)

Algorithm 21 presents the resulting method.
Note that since we start with a feasible point x° and the update d* satisfies Ad* = 0,
the iterate x* is always feasible. However, it can be shown that a necessary condition

for Equation (9.2) to result in a non-zero update is that A; and A; span the same column
space. If the constraints are not block separable (i.e. for any partitioning of blocks
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x1,...,Xp into two groups, there is a constraint that involves blocks from both groups),
a typical way to satisfy the aforementioned condition is to require A; to be full row-rank
for all i € [b]. This constraints the minimum block size to be chosen in order to apply
randomized CD.

Theorem 9.4.1 describes convergence of Algorithm 21 for the smooth case (h = 0),
while Theorem 9.4.4 considers the nonsmooth case under a suitable assumption on the
structure of the interdependency graph G—both results are presented in Section 9.4.

1: x¥ € R" such that Ax® =0

2: fork > 0do

3:  Select a random edge (i, jx) € E with probability p;,;,
g dh uikjkz<ff x*, (ik/fk)r“k/Likjk)

5. XKl xk gk
6: k<« k+1
7: end for

Algorithm 21: Composite Minimization with Linear Constraints

9.3.2 Asynchronous Parallel Algorithm for Smooth Minimization

Although the algorithm described in the previous section solves a simple subproblem at
each iteration, it is inherently sequential. This can be a disadvantage when addressing
large-scale problems. To overcome this concern, we develop an asynchronous parallel
method that solves Problem (9.1) for the smooth case.

Our parallel algorithm is similar to Algorithm 21, except for a crucial difference: now
we may have multiple processors, and each of these executes the loop 26 independently
without the need for coordination. This way, we can solve subproblems (i.e., multiple
pairs) simultaneously in parallel, and due to the asynchronous nature of our algorithm,
we can execute updates as they complete, without requiring any locking.

The critical issue, however, with implementing an asynchronous algorithm in the
presence of non-separable constraints is ensuring feasibility throughout the course of
the algorithm. This requires the operation x; <— x; + ¢ to be executed in an atomic (i.e.,
sequentially consistent) fashion. Modern processors facilitate that without an additional
locking structure through the “compare-and-swap” instruction [128]. Since the updates
use atomic increments and each update satisfies Ad* = 0, the net effect of T updates is
Y1, Ad¥ = 0, which is feasible despite asynchronicity of the algorithm.

The next key issue is that of convergence. In an asynchronous setting, the updates
are based on stale gradients that are computed using values of x read many iterations
earlier. But provided that gradient staleness is bounded, we can establish a sublinear
convergence rate of the asynchronous parallel algorithm (Theorem 9.4.2). More for-
mally, we assume that in iteration k, stale gradients are computed based on xP®*) such
that k — D(k) < 7. The bound on staleness, denoted by 7, captures the degree of par-
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allelism in the method: such parameters are typical in asynchronous systems and pro-
vides a bound on the delay of the updates [91].

Before concluding the discussion on our asynchronous algorithm, it is important to
note the difficulty of extending our algorithm to nonsmooth problems. For example,
consider the case where h = I (indicator function of some convex set). Although
a pairwise update as suggested above maintains feasibility with respect to the linear
constraint Ax = 0, it may violate the feasibility of being in the convex set C. This
complication can be circumvented by using a convex combination of the current iterate
with the update, as this would retain overall feasibility. However, it would complicate
the convergence analysis. We plan to investigate this direction in future work.

9.3.3 Stochastic Minimization

An important subclass of Problem (9.1) assumes separable losses f(x) = & YN ; fi(x).
This class arises naturally in many machine learning applications where the loss sepa-
rates over training examples. To take advantage of this added separability of f, we can
derive a stochastic block-CD procedure.

Our key innovation here is the following: in addition to randomly picking an edge
(i,7), we also pick a function randomly from { f1, - - - , fy } and perform our update using
this function. This choice substantially reduces the cost of each iteration when N is large,
since now the gradient calculations involve only the randomly selected function f; (i.e.,
we now use a stochastic-gradient). Pseudocode is given in Algorithm 22.

1: Choose x* € R" such that Ax® = 0.

2: fork > 0do

3:  Select a random edge (i, jx) € E with probability p; ;,
Select random integer | € [N]

Xk xk Ul-kij(fl, Xk, (ik/jk)/ lxk/Lik]'k)

k+—k+1

: end for

4
5:
6:
7

Algorithm 22: Stochastic Minimization with Linear Constraints

Notice that the per iteration cost of Algorithm 22 is lower than Algorithm 21 by a
factor of N. However, as we will see later, this speedup comes at a price of slower
convergence rate (Theorem 9.4.3). Moreover, to ensure convergence, decaying step sizes
{ay } k>0 are generally chosen.

9.4 Convergence Analysis
In this section, we outline convergence results for the algorithms described above. The
proofs are somewhat technical, and hence left in the appendix; here we present only the

key ideas.
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For simplicity, we present our analysis for the following reformulation of the main
problem:

. b
min fly,z)+ Y k(v zi) (9.4)
subject to EL y; =0,

where y; € R and z; € R". Lety = [y] ---y, ]  andz = [z{ ---z]]T. We use
x to denote the concatenated vector [y'z']" and hence we assume (unless otherwise
mentioned) that the constraint matrix A is defined as follows

A(Z):( %%>. 9.5)

It is worth emphasizing that this analysis does not result in any loss of generality. This
is due to the fact that Problem (9.1) with a general constraint matrix A having full row-
rank submatrices A;’s can be rewritten in the form of Problem (9.4) by using the trans-
formation specified in Section 9.11 of the appendix. It is important to note that this
reduction is presented only for the ease of exposition. For our experiments, we directly
solve the problem in Equation (9.2).

Let 7 = {(io,jo),- -, (ix_1,jk—1) } denote the pairs selected up to iteration k — 1. To
simplify notation, assume (without loss of generality) that the Lipschitz constant for the
partial gradient V;f(x) and V;;f(x) is L for alli € [n] and (i, j) € E.

Similar to [106], we introduce a Laplacian matrix £ € R*P that represents the com-
munication graph G. Since we also have unconstrained variables z;, we introduce a
diagonal matrix D € RY*?.

(Tl is iy
G- ] Pi=0 iz

We use K to denote the concatenation of the Laplacian £ and the diagonal matrix D.

More formally,
B £®Iny 0
o= 59 by |

This matrix induces a norm ||x||x = V' x T Kx on the feasible subspace, with a correspond-

ing dual norm
LY@ 0
*: T ny
Il \/ (155" oty |)

Let X* denote the set of optimal solutions and let x” denote the initial point. We
define the following distance, which quantifies how far the initial point is from the
optimal, taking into account the graph layout and edge selection probabilities

R(x%) := x:f(g;g?(xo) max | — x*|| ¢ (9.6)
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Note. Before delving into the details of the convergence results, we would like to draw
the reader’s attention to the impact of the communication network G on convergence.
In general, the convergence results depend on R(x"), which in turn depends on the
Laplacian £ of the graph G. As a rule of thumb, the larger the connectivity of the graph,
the smaller the value of R(x"), and hence, faster the convergence.

9.4.1 Convergence Results for the Smooth Case

We first consider the case when h = 0. Here the subproblem at k' iteration has a very
simple update d; ;, = U; d* — Uj,d* where d* = 35(V; f(x*) — V; f(x¥)). We now prove
that Algorithm 21 attains an O(1/k) convergence rate.

Theorem 9.4.1. Let o = 1 for k > 0, and let {x*};~¢ be the sequence generated by Algo-
rithm 21; let f* denote the optimal value. Then, we have the following rate of convergence:

B[ ()] - f* < 200

where R(xV) is as defined in Equation (9.6).

Proof Sketch. We first prove that each iteration leads to descent in expectation. More
formally, we get

Eij, [f ()] < F(25) = 3V TRV F(D).

The above step can be proved using Lemma 9.2.1. Let Ay = E[f(x*)] — f*. It can be
proved that
1 < 1 1

A =~ M1 2R2(x0)

This follows from the fact that

FEE) = < = IV A ()
<RIVl Vk>0

Telescoping the sum, we get the desired result. O

Note that Theorem 9.4.1 is a strict generalization of the analysis in [106] and [105]
due to: (i) the presence of unconstrained variables z; and (ii) the presence of a non-
decomposable objective function. it is also worth emphasizing that our convergence
rates improve upon those of [105], since they do not involve an exponential dependence
of the form b on the number of constraints.

We now turn our attention towards the convergence analysis of our asynchronous
algorithm under a consistent reading model [91]. In this context we would like to em-
phasize that while our theoretical analysis assumes consistent reads, we do not enforce
this assumption in our experiments.
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Theorem 9.4.2. Let p > 1 and ay = « be such that « < 2/(14+ 7+ 107) and o < (p —
1)/ (V2(T+2) (0™ +p)). Let {x; }x=0 be the sequence generated by asynchronous algorithm
using step size wy and let f* denote the optimal value. Then, we have the following rate of
convergence for the expected values of the objective function

R?(x")
uk

E[f(x)] = f* <

2 T
where R(x°) is as defined in Equation (9.6) and yu = % (D‘lk — HT#)
Proof Sketch. For ease of exposition, we describe the case where the unconstrained vari-
ables z are absent. The analysis of case with z variables can be carried out in a similar
manner. Let D(k) denote the iterate of the variables used in the k' iteration (the exis-
tence of D(k) follows from the consistent reading assumption). Let

203
d* = 25 (Vy, FPO) = vy, F(xP0))

and d¥ . = x**1 —xk = U; d — U; d*. Using Lemma 9.2.1 and the assumption that
kJk k Jk

staleness in the variables is bounded by 7, i.e., k — D(k) < T and definition of d;‘j, we
can derive the following bound:

ELF(4)] < B - L (5 - 25 ) B, 17 + 5E

a k—t 2
t—zl ||dik7t]‘k7t “ ’

k

In order to obtain an upper bound on the norms of d;, i

we prove that

k-1 )2 ko2
E |45 1P| < oE |l )17
This can proven using mathematical induction. Using the above bound on Hdi.‘k i 1%, we
get

ELAGA) S ELAGA) - L (- — 7 ) Bl 2

This proves that the method is a descent method in expectation. Following similar anal-
ysis as Theorem 9.4.1, we get the required result. O

Note the dependence of convergence rate on the staleness bound t. For larger val-
ues of T, the stepsize ay needs to be decreased to ensure convergence, which in turn
slows down the convergence rate of the algorithm. Nevertheless, the convergence rate
remains O(1/k).

The last smooth case we analyze is our stochastic algorithm.
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Theorem 9.4.3. Let «; = /AgL/(Mv/i+1) for i > 0 in Algorithm 22. Let {x*};>q be
the sequence generated by Algorithm 22 and let f* denote the optimal value. We denote ¥ =
arg ming<;<x f(x¥). Then, we have the following rate of convergence for the expected values of
the objective:

P\ < L)
ELF(#) - £ <05
where Ay = f(x°) — f*.

The convergence rate is O(1/k!/#) as opposed to O(1/k) of Theorem 9.4.1. On the
other hand, the iteration complexity is lower by a factor of N; this kind of tradeoff is
typical in stochastic algorithms, where the slower rate is the price we pay for a lower
iteration complexity. We believe that the convergence rate can be improved to O(1/+v/k),
the rate generally observed in stochastic algorithms, by a more careful analysis.

9.4.2 Nonsmooth Case

We finally state the convergence rate for the nonsmooth case (1 # 0) in the case of a sum
constraint. Similar to [105], we assume h is coordinatewise separable (i.e. we can write
h(x) = 2?21 Y xij), where x;; is the jth coordinate in the i block. For this analysis, we
assume that the graph G is a clique ! with uniform probability, i.e., A = p;j = 2/b(b—1).

Theorem 9.4.4. Assume Ax = Y; Ajx;. Let {xF};>0 be the sequence generated by Algo-
rithm 21 and let F* denote the optimal value. Assume that the graph G is a clique with uniform
probability. Then we have the following:
b>LR?(x0)
E[F(xf) — F*] < — =~ 2
[ (x ) ] — 2k—|— szlzzo(XO)/

where R(x°) is as defined in Equation (9.6).

This convergence rate is a generalization of the convergence rate obtained in Necoara
and Patrascu [105] for a single linear constraint (see Theorem 1 in [105]). It is also an
improvement of the rate obtained in Necoara and Patrascu [105] for general linear con-
straints (see Theorem 4 in [105]) when applied to the special case of a sum constraint.
Our improvement comes in the form of a tractable constant, as opposed to the exponen-
tial dependence O(b™) shown in [105].

9.5 Applications

To gain a better understanding of our approach, we state some applications of interest,
while discussing details of Algorithm 21 and Algorithm 22 for them. While there are

1We believe our results also easily extend to the general case along the lines of [145, 146, 147], using the
concept of Expected Separable Overapproximation (ESO). Moreover, the assumption is not totally impracti-
cal, e.g., in a multicore setting with a zero-sum constraint (i.e. A; = I), the clique-assumption introduces
little cost.
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many applications of problem (9.1), we only mention a few prominent ones here.
Support Vector Machines: The SVM dual (with bias term) assumes the form (9.1);
specifically,

. T n
ming ) Yy 2= Y %
sty ay;=0, 0<a; <C Vieln] (9.7)

Here, z; denotes the feature vector of the i’ training example and y; € {1,—1} de-
notes the corresponding label. By letting f(a) = %Zi,j ocl-(xjyiyjzisz —Y,a;and h(a) =
Y,I(0 < a; < C)and A = [y1,...,Yx] this problem can be written in form of Prob-
lem (9.1). Using Algorithm 21 for SVM involves solving a sub-problem similar to one
used in SMO in the scalar case (i.e., «; € R) and can be solved in linear time in the block
case (see [14]).

Generalized Lasso: The objective is to solve the following optimization problem.

ming  5[|Y — XBII3 + A DB|x

where Y € RY denotes the output, X € RN*" is the input and D € R7*" represents a
specified penalty matrix. This problem can also be seen as a specific case of Problem (9.1)
by introducing an auxiliary variable t and slack variables u,v. Then, f(B,t) = 3||Y —
XBl5+iti, h(w,0) = T(u > 0)+1I(v > 0)and, t —DB—u =0and t + DB —v =
0 are the linear constraints. To solve this problem, we can use either Algorithm 21
or Algorithm 22. In general, optimization of convex functions on a structured convex
polytope can be solved in a similar manner.

Unconstrained Separable Optimization: As mentioned earlier, another interesting ap-
plication is for unconstrained separable optimization. For any problem min, }; f;(x)—a
form generally encountered across machine learning—can be rewritten using variable-
splitting. Solving the problem in distributed environment requires considerable syn-
chronization (for the consensus constraint), which can slow down the algorithm signif-
icantly. However, the dual of the problem is

. * N
1’1’}\111 Zfl ()\l) s.t Zi:l )\,‘ =0.
i

where f is the Fenchel conjugate of f;. This reformulation perfectly fits our frame-

work and can be solved in an asynchronous manner using the procedure described in
Section 9.3.2.

Other interesting application include constrained least square problem, multi-agent
planning problems, resource allocation—see [105, 106] and references therein for more
examples.

9.6 Experiments

In this section, we present our empirical results. In particular, we examine the behav-
ior of random coordinate descent algorithms analyzed in this chapter under different
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Figure 9.1: Objective value vs. number of iterations for different graph topologies. Note
that larger the connectivity of the graph, faster is the convergence.

communication constraints and concurrency conditions. 2

9.6.1 Effect of Communication Constraints

Our first set of experiments test the affect of the connectivity of the graph on the con-
vergence rate. In particular, recall that the convergence analysis established in Theo-
rem 9.4.1 depends on the Laplacian of the communication graph. In this experiment we
demonstrate how communication constraints affect convergence in practice. We exper-
iment with the following graph topologies of graph G: Ring, Clique, Star + Ring (i.e.,
the union of edges of a star and a ring) and Tree + Ring. On each layout we run the
sequential Algorithm 21 on the following quadratic problem

min CY " [|x; — (i mod 10)1|}?
S.t. le\il Aixl- =0, (98)

Note the decomposable structure of the problem. For this experiment, we use N =
1000 and x; € R®°. We have 10 constraints whose coefficients are randomly generated
from U]0, 1] and we choose C such that the objective evaluates to 1000 when x = 0.

The results for Algorithm 21 on each topology for 10000 iterations are shown in
Figure 9.1. The results clearly show that better connectivity implies better convergence
rate. Note that while the clique topology has significantly better convergence than other
topologies, acceptable long-term performance can be achieved by much sparser topolo-
gies such as Star + Ring and Tree + Ring.

Having a sparse communication graph is important to lower the cost of a distributed
system. Furthermore, it is worth mentioning that the sparsity of the communication
graph is also important in a multicore setting; since Algorithm 21 requires computing
(AAT + A]-A]T)Jr for each communicating pair of nodes (i, j). Our analysis shows that
this computation takes a significant portion of the running time and hence it is essential
to minimize the number of variable pairs that are allowed to be updated.

2 All experiments were conducted on a Google Compute Engine virtual machine of type “n1-highcpu-
16”, which comprises 16 virtual CPUs and 14.4 GB of memory. For more details, please refer to https:
//cloud.google.com/compute/docs/machine-types#highcpu.
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9.6.2 Concurrency and Synchronization

As seen earlier, compared to Tree + Ring, Star + Ring is a low diameter layout (di-
ameter = 2). Hence, in a sequential setting, it indeed results in a faster convergence.
However, Star + Ring requires a node to be connected to all other nodes. This high-
degree node could be a contention point in a parallel setting. We test the performance
of our asynchronous algorithm in this setting. To assess how the performance would be
affected with such contention and how asynchronous updates would increase perfor-
mance, we conduct another experiment on the synthetic problem (9.8) but on a larger
scale (N = 10000, x; € R'%, 100 constraints).

Our concurrent update follows a master/slave scheme. Each thread performs a loop
where in each iteration it elects a master i and slave j and then applies the following
sequence of actions:

1. Obtain the information required for the update from the master (i.e., information
for calculating the gradients used for solving the subproblem).

2. Send the master information to the slave, update the slave variable and get back
the information needed to update the master.

3. Update the master based (only) on the information obtained from steps 1 and 2.

We emphasize that the master is not allowed to read its own state at step 3 except to
apply an increment, which is computed based on steps 1 and 2. This ensures that the
master’s increment is consistent with that of the slave, even if one or both of them was
being concurrently overwritten by another thread. More details on the implementation
can be found in [58].

Given this update scheme, we experiment with three levels of synchronization: (a)
Double Locking: Locks the master and the slave through the entire update. Because the
objective function is decomposable, a more conservative locking (e.g. locking all nodes)
is not needed. (b) Single Locking: Locks the master during steps 1 and 3 (the master
is unlocked during step 2 and locks the slave during step 2). (c) Lock-free: No locks
are used. Master and slave variables are updated through atomic increments similar to
Hogwild! method.

Following [128], we use spinlocks instead of mutex locks to implement locking.
Spinlocks are preferred over mutex locks when the resource is locked for a short pe-
riod of time, which is the case in our algorithm. For each locking mechanism, we vary
the number of threads from 1 to 15. We stop when fo — f; > 0.99(fo — f*), where f* is
computed beforehand up to three significant digits. Similar to [128], we add artificial
delay to steps 1 and 2 in the update scheme to model complicated gradient calculations
and/or network latency in a distributed setting.

Figure 9.2 shows the speedup for Tree + Ring and Star + Ring layouts. The figure
clearly shows that a fully synchronous method suffers from contention in the Star +
Ring topology whereas asynchronous method does not suffer from this problem and
hence, achieves higher speedups. Although the Tree + Ring layouts achieves higher
speedup than Star + Ring, the latter topology results in much less running time (~ 67
seconds vs 91 seconds using 15 threads).
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Figure 9.2: Speedup for Tree + Ring (top) and Star + Ring (bottom) topologies and differ-
ent levels of synchronization. Note for Star + Ring topology, speedup of asynchronous
algorithm is significantly higher than that of synchronous version.

9.6.3 Practical Case Study: Parallel Training of Linear SVM

In this section, we explore the effect of parallelism on randomized CD for training a
linear SVM based on the dual formulation stated in (9.7). Necoara et. al. [105] have
shown that, in terms of CPU time, a sequential randomized CD outperforms coordinate
descent using Gauss-Southwell selection rule. It was also observed that randomized CD
outperforms LIBSVM [24] for large datasets while maintaining reasonable performance
for small datasets.

In this experiment we use a clique layout. For SVM training in a multicore setting,
using a clique layout does not introduce additional cost compared to a more sparse
layout. To maintain the box constraint, we use the double-locking scheme described in
Section 9.6.2 for updating a pair of dual variables.

One advantage of coordinate descent algorithms is that they do not require the stor-
age of the Gram matrix; instead they can compute its elements on the fly. That comes,
however, at the expense of CPU time. Similar to [105], to speed up gradient computa-
tions without increasing memory requirements, we maintain the primal weight vector
of the linear SVM and use it to compute gradients. Basically, if we increment «; by &;
and a; by J;, then we increment the weight vector by d;y;x; + d;y;x;. This increment
is accomplished using atomic additions. However, this implies that all threads will be
concurrently updating the primal weight vector. Similar to [128], we require these up-
dates to be sparse with small overlap between non-zero coordinates in order to ensure
convergence. In other words, we require training examples to have sparse features with
small overlap between non-zero features.

We report speedups on two datasets used in [105].> For each dataset, we train the
SVM model until fo — f; > 0.9999(fy — f*), where f* is the objective reported in [105].

3Datasets can be downloaded from http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/
datasets.
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Figure 9.3: Speedup for linear SVM training on a7a (top) and w8a datasets.

In Figure 9.3, we report speedup for both the datasets. The figure shows that parallelism
indeed increases the performance of randomized CD training of linear SVM.

Appendix: Omitted Proofs
9.7 Proof of Theorem 9.4.1

Proof. Taking the expectation over the choice of edges (i, jx) gives the following in-
equality

B L)

< By [ F(4) = 190 f () = Vo S P = 5[V, FEHIP — 51V, )P

< )~ SV T (L ® 1) Ty () — 2 V=F () (D © 1) V- ()

< f() — SVAH TV (), 99

where ® denotes the Kronecker product. This shows that the method is a descent
method. Now we are ready to prove the main convergence theorem. We have the
following:

FER) = <V F(5), o =) < o = o RNV F () e
<RIV Yk =o0.

Combining this with inequality (9.9), we obtain

xk _rx\2
ELf (g < () - VLS

(x
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Taking the expectation of both sides an denoting Ay = E[f(x)] — f* gives
2

AV Vp——
k+1 =~ Bk — 2R2 (xo)
Dividing both sides by AyAx;1 and using the fact that Ay ; < Ay we obtain
1 1 1

o< _ )
A = D1 2R2(x0)

1

Adding these inequalities for k steps 0 < ALO <A from which we obtain the

ZRZ( %)
statement of the theorem where C = 2R?(x?). O

9.8 Proof of Theorem 9.4.3

Proof. In this case, the expectation should be over the selection of the pair (i, jx) and
random index [y € [N]. In this proof, the definition of #; includes I; i.e., we have
e = { (o, jo, lo), - - -, (ix—1, jk—1,lk—1) }- We define the following:

= [ i) - V] % e n] ]
]

df = l% [vyjkflk(xk) _v%kflk(xk)]T’ % [vzjkflk(xk)]T} ’
% =u. d* —u. d¥ .

Zk]k ey Tk Ik

k+1

For the expectation of objective value at x*™*, we have

ELF(4 )l < By By £ + <Vf( bl )+ 5 2]

< Eyj, {f(xk) + <Vf( ) ]Elk[dz ]k]> T3 lk[Hdlk]k” ]}

< Ey; [f(xk) + 2 (VSO B [V i () = Vi, ()]
+ o (Vi FOR), B [V, fi, (55 = 9y, £ (]

(VL ) B [V, £, ()]) — (Ve ), B [V, i, ()] + S [ 2]

Taking expectation over i, we get the following relationship:
b
E[f ()] < Ey, [f(xk) + o1 (Vi F(), Yy F) = Wy, £(35))
ok (Vi (), Vi f(F) = 0y, £(55))
« b L
= 2 (o f5), Vi F(6)) = S5 (02, F), T, £ + SR 12]].
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We first note that IElk[Hdﬁ’;]-kHZ] < 8M?a?/L? since ||Vfi|| < M. Substituting this in
the above inequality and simplifying we get,

2“2
Elf (re) ] < £ — Vo f () (L@ 1) Vf () — gV f () (D © L)V (24) + 0k
< fOF) = a V() TRV () + 4]\4;“%- (9.10)

Similar to Theorem 9.4.1, we obtain a lower bound on V f(x*) TKCV f(x¥) in the follow-
ing manner.

FOX) = f* < (V) o =) < 12 = 2[5V F () e
<RIV k.

Combining this with inequality Equation (9.10), we obtain

xk k)2 2062
ELf (o)) < £ - LGS 4 5

Taking the expectation of both sides an denoting Ay = E[f(x*)] — f* gives

AT AMPa?
it +
FR2(x0) L

Apy1 < A —

Adding these inequalities from i = 0 to i = k and use telescopy we get,

k AZ 4M2 k
Ak 1+ lX'—k SAO‘f—— le.
+ 1_20 "R2(x0) L =™

Using the definition of X1 = argming<;<x1 f(X;), we get

£ (E[f(%e1) — f1])? £ Af aM* &,
i;ODéj Rz(xo) SAk+1+§)D€im§AO+T§)O@.

Therefore, from the above inequality we have,

(Do +4M2YK (a2/L)

k
Ei:o &g

E[f(Zx41) — 7] < R(xo)d

Note that E[f(%x.1) — f*] — 0 if we choose step sizes satisfying the condition that
Yo = oo and Y% a? < oo. Substituting a; = /AgL/(2MV/i+ 1), we get the re-
quired result using the reasoning from [109] (we refer the reader to Section 2.2 of [109]
for more details). Il
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9.9 Proof of Theorem 9.4.2

Proof. For ease of exposition, we analyze the case where the unconstrained variables z
are absent. The analysis of case with z variables can be carried out in a similar manner.
Consider the update on edge (i, jx). Recall that D(k) denotes the index of the iterate

used in the k' iteration for calculating the gradients. Let d* = 75 (Vy].k f(xPW)y — V. f (xP®) ))
and di.‘kjk = xF — ¥k = U, d* — U, d*. Note that ||d§‘k]-k||2 = 2||d¥||2. Since f is Lipschitz
continuous gradient, we have

FEY) < PO + (Vi O, ) 4+ 2 s P

< f(xk) + <vyikyjkf(xD(k)) + vyikyjkf(x ) - vyikyjkf( Dlk ))'dfk]k> _Hdzk]k”z

< F54) = I+ (T, ) = Do FPO, ) +
1

< ff) - (—k - 5) kR ||vyjkyjkf<xk> Wy FEPE) |
1

< )~ L (= 5 ) I+ Ll = xPO d ).

The third and fourth steps in the above derivation follow from definition of d;‘j and

Cauchy-Schwarz inequality respectively. The last step follows from the fact the gradi-
ents are Lipschitz continuous. Using the assumption that staleness in the variables is
bounded by 7, i.e., k — D(k) < 7 and definition of di-‘j, we have

1

f(xk‘H) < f(xk) — L (O(_k - _) ||dzk]k||2 +L (Z Hdlk tik— t|||| lk]kH)

<) -1 (3 ) syl + (2 [t 12+l | ])

1 1+7
k 2 12
< f(x)—-L (le N ) ”dlk]kH T3 Z ”d1k e~ t '

The first step follows from triangle inequality. The second inequality follows from fact
that ab < (a? + b?) /2. Using expectation over the edges, we have

Z| i t]k t 2] . (9.11)

ELF(4 )] < B - L (o = 75 ) B, 12 + 5E

We now prove that, forall k > 0

E |45 1P| < oE |4, 012] 9.12)
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where we define E [||de e ||2} = 0 for k = 0. Let w! denote the vector of size |E| such
that w = /Pij Hd || (with slight abuse of notation, we use w to denote the entry corre-
spondmg to edge (i,)). Note that E |:||dlt]t | ] = E[||w!|?]. We prove Equation (9.12) by

induction.
Let u* be a vector of size |E| such that u VPij ||d d;‘j_l ||. Consider the following:

E[lok 12— E[[[|) = E[2lw* 12 ~ Elfjek|2 + k|
< 2E[Jk ] — 2B [(w* ", k)]
< 2E[Jok ook — k|
< 2E[ ok k] < 2E[Jfk | v 2o ] xPH — xPED

max(D(k—1),D(k))

<V Y (Bl El ). ©13)
t=min(D(k—1),D(k))

The fourth step follows from the bound below on |ui‘]

| = \/ Pij ||d dk 1
< Pij” Ui — Uj)i(vyif(xD(k)) - Vyjf(xD(k)) + V!/jf(xD(k_l)) - vyif(xD(k_l)))”
2p;jo || P — xPED.

The fifth step follows from triangle inequality. We now prove (9.12): the induction
hypothesis is trivially true for k = 0. Assume it is true for some k —1 > 0. Now using
Equation (9.13), we have

E[l|oo" M1 = Elllw"]1%] < v2a(7 + 2)E[[[0" %] + V2a(t + 2)p"E[|wk|?]

for our choice of a;. The last step follows from the fact that E[||d! . ||?] = E[||w!||] and

mathematical induction. From the above, we get

il

k— 1||2] 1+\/_“k(T+2)p(
T 1—V2,(T+2)

Thus, the statement holds for k. Therefore, the statement holds for all k € IN by mathe-
matical induction. Substituting the above in Equation (9.11), we get

E[l[w E[||oo"]1%] < pE[[|w*]].

mﬂﬁ“nsmvum—L(i—liliﬂf)[any

X 2
This proves that the method is a descent method in expectation. Using the definition of
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Bl ] < B - o (- ) w9, 5000) - vy, 5600 P
< B - 5 (L - T g 20 - w00 )
< B - g (2~ ) Bi2®) - £
< B - gprb (& - ) Bl - 7

The second and third steps are similar to the proof of Theorem 9.4.1. The last step
follows from the fact that the method is a descent method in expectation. Following
similar analysis as Theorem 9.4.1, we get the required result. O

9.10 Proof of Theorem 9.4.4

Proof. Let Ax =), x;. Let X1 be solution to the following optimization problem:

Sl arg min (VF(24),x =) 4 5 x = 2P+ h().

X

To prove our result, we first prove few intermediate results. We say vectors d € R"
and d’ € R" are conformal if d;d; > 0 for all i € [b]. We use d;j, = x*! —x* and

d = ¥+1 — xk. Our first claim is that for any d, we can always find conformal vectors
whose sum is d (see [105]). More formally, we have the following result.

Lemma 9.10.1. For any d € R" with Ad = 0, we have a multi-set S = {dfj}i;éj such that
d and dj; are conformal for all i # jand i,j € [b] ie., Yiy;dj; = d, Adj; = 0 and dj; can be
non-zero only in coordinates corresponding to x; and x;.

Proof. We prove by an iterative construction, i.e., for every vector d such that Ad = 0,
we construct a set S = {s;;} (s;j € R") with the required properties. We start with a

vector u? = d and multi-set S® = {s?j} and s?j = 0foralli # jandi,j € [n]. Atthe k'

step of the construction, we will have Auk =0, As =0foralls € Sk, d = uk + Y scsk S
and each element of s is conformal to d.

In k' iteration, pick the element with the smallest absolute value (say ) in u
k-1

k=1
Let us assume it corresponds to y]p. Now pick an element from u*~" corresponding

to y{] for p # q € [m] with at least absolute value v albeit with opposite sign. Note

that such an element should exist since Au*~! = 0. Let p; and p, denote the indices
of these elements in u*~!. Let Sk be same as S¥~! except for s’;q which is given by
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ko k-1 — k-1 k-1 _ k=1 , ; N wari
Spg = Spg 1 = Spg- + Uy ep — Uy, ey, where ¢; denotes a vector in R" with zero

in all components except in i position (where it is one). Note that Ar = 0 and r is
conformal to d since it has the same sign. Let u**1 = u* — 7. Note that Au**1 = 0 since
Auk = 0and Ar = 0. Also observe that As = 0 foralls € S**land uf 1 =¥ _4s=4d.

Finally, note that each iteration the number of non-zero elements of 1* decrease by
at least 1. Therefore, this algorithm terminates after a finite number of iterations. More-
over, at termination u* = 0 otherwise the algorithm can always pick an element and
continue with the process. This gives us the required conformal multi-set. O

Now consider a set {d .} which is conformal to 4. We define %1 in the following
manner:
Skl _ { xf+diif (i) = (e i)
1 X if (i, 1) # (i i)
Lemma 9.10.2. Forany x € R" and k > 0,
E[[| 24" — > < A (2" - 2)1?).

We also have
E(h(£1) < (1 = AD)h(xF) + An(F).

Proof. We have the following bound:

Ejji |21 — o||? = A;Hd ||2<A|!§d 117 = Ad|? = Al — 52,
17 17]

The above statement directly follows the fact that {d .} is conformal to d. The remaining
part directly follows from [105]. H

The remaining part essentially on similar lines as [105]. We give the details here for
completeness. From Lemma 1, we have

By [FOD] < By [F(05) + (V(59), i) + Eudikjkuuh(kaikjkﬂ

< By [f (4F) + (VF(5), df ) + ||d1k]k’|2+h( +di ;)]

=f(xk)+A<<Vf(X),Zd§ +Z—||d ||2+Zh (x +df;) )

i#] Z#J
< (L= A F() +Af(F) +(Vf(x),d) + El\de + h(x+d))

< min (1—A)F(xk)+A(P(y)+§Hy—ka2)

{y|Ay=0}
< min (1 — /\)F(xk) +A(F(Bx* + (1 — ,B)xk) + 52_L||xk _ x*Hz)
— pelo] 2
Xk _ x* 2
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The second step follows from optimality of d; ,.
Now using the similar recurrence relation as in Theorem 2, we get the required re-
sult. O

9.11 Reduction of General Case

In this section we show how to reduce a problem with linear constraints to the form
of Problem (9.4). For simplicity, we focus on smooth objective functions. However,
the formulation can be extended to composite objective functions along similar lines.
Consider the optimization problem

rnxin f(x) s.t. Ax = ZAix,' =0,

where f; is a convex function with an L-Lipschitz gradient.

Let A; be a matrix with orthonormal columns satisfying range(A;) = ker(4;) , this
can be obtained (e.g. using SVD). For each i, define y; = A;x; and assume that the rank
of A; is less than or equal to the dimensionality of x;. * Then we can rewrite x as a
function h(y, z) satisfying

x; = Afy; + Az,

for some unknown z;, where C* denote the pseudo-inverse of C. The problem then
becomes

N
nylizng(y,z) sit. Y yi =0, (9.14)
’ i=1

where

g(.z) = f(¢(y,z) = f (Z Ui( A yi + Aﬂi)) : (9.15)

It is clear that the sets S; = {x|Ax = 0} and S, = {¢(y,z)|Y;y; = 0} are equal and
hence the problem defined in (9.14) is equivalent to that in (9.1).

Note that such a transformation preserves convexity of the objective function. It is
also easy to show that it preserves the block-wise Lipschitz continuity of the gradients
as we prove in the following result.

Lemma 9.11.1. Let f be a function with L;-Lipschitz gradient w.r.t x;. Let g(y,z) be the func-
tion defined in (9.15). Then g satisfies the following condition

V,o(y,z) — Ve, < Tty —
I1Vy.8(y,z) — Vyg(y Z)H_tfim(Ai)”yl yill

V28, 2) — V2g(y,2)| < Lillzi — 2],

41f the rank constraint is not satisfied then one solution is to use a coarser partitioning of x so that the
dimensionality of x; is large enough.
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where Opmin (B) denotes the minimum non-zero singular value of B.

Proof. We have

IVy,8(y,2) = Vyg(v, 2) | = [(WAD) " [Vf(¢(y,2)) = Vaf (94, 2)]l
< 1A IIVif @y, 2) = Vif (¢, 2)]

L:
< Ll AFIIA] (vi — )l < Lll AF P lly: — yill = Wllyi =il
1

min

Similar proof holds for | V..¢(y,z) — Vz.¢(y,2')| , noting that || 4, = 1. O
It is worth noting that this reduction is mainly used to simplify analysis. In practice,
however, we observed that an algorithm that operates directly on the original variables
x; (i.e. Algorithm 21) converges much faster and is much less sensitive to the condition-
ing of A; compared to an algorithm that operates on y; and z;. Indeed, with appropriate

step sizes, Algorithm 21 minimizes, in each step, a tighter bound on the objective func-
tion compared to the bound based (9.14) as stated in the following result.

Lemma 9.11.2. Let g and ¢ be as defined in (9.15). And let
di = Afdy,, + Ad.,.

Then, for any d; and d; satisfying A;d; + A;d; = 0 and any feasible x = ¢(y, z) we have

L; L;
(Vif (x),di) + (Vif (0), dj) + 5 |ldi]|* + 51
S <Vyig(}/r Z)rdy1> + (Vzig(y,z), d2i> + <vng(ylz)/dyj> + <szg(]// Z)/ dz]->
b '
20&0’2 (Az)

min

L. L L:
do 2+ 2 d 12+ ———L ld, |12+ L d,. |2
H%H+2JIMI+2M%AA»H%H+2JIMI

Proof. The proof follows directly from the fact that

Vif(x) = AF ' Vyg(y,2) + A Vag(y,2).

203



204



Chapter 10

Communication-Efficient Coresets
for ERM

10.1 Introduction

The primary focus of previous chapters in Part II was on asynchronous systems for
solving ERM problems. In this chapter, we investigate another important considera-
tion while solving large-scale ERM problems — communication efficiency. Recall that
the key idea of ERM is to minimize the loss on the training data subject to some reg-
ularization on the model that is being learned. More formally, given the training data
P = {(z1,11),---,(zn,yn)} from a probability distribution on Z x ), we are interested
in the following generic optimization problem:

, A 1T E

min f(x) = S ||x(|* + = )_ €(zi,yi, x) (10.1)
* 2 i3

Throughout this chapter we assume that ¢ is convex. Furthermore, we assume that
Z =R%and Y = R. Note that the objective function above is strongly convex (a func-
tion f is strongly convex with modulus A if f(x) — 4| x||? is a convex function). Prob-
lems conforming to Equation (10.1) include popular supervised learning algorithms
like support vector machines and regularized logistic regression. For example, when
z; € R, y; € {—1,1} and #(z;,y;,x) = log(1 + exp(—y;x "z;)) (logistic loss), the opti-
mization problem in Equation (10.1) corresponds to regularized logistic regression. The
loss function / is not necessarily smooth as in, for example, support vector machines
(SVM) where £(z;,y;, x) = max(0,1 — y;x ' z;) (hinge loss).

Several algorithms have been proposed in the literature for solving optimization
problems of the aforementioned form. We will briefly review a few key approaches in
Section 10.1.1; however, the algorithms are either largely synchronous or communica-
tion intensive. For example, one of the popular approaches for solving such optimiza-
tion problems is stochastic subgradient descent. At each iteration of the algorithm, a
single training example is chosen at random and used to determine the subgradient
of the objective function. While such an approach reduces the computation complex-
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ity at each iteration, the communication cost is prohibitively expensive in distributed
environment.

In this chapter, we study the problem described in Equation (10.1) in the setting
where the data is distributed across nodes and hence, communication is expensive in
comparison to the computation time. The main theme of this chapter is to reduce communi-
cation cost by constructing and optimizing over a small summary of the training data — which
acts as a proxy for the entire data set. Such a summary of the training points is called a core-
set. While this methodology has been successfully applied to data clustering problems
like k-means and k-median (we refer the reader to [38, 39] for a comprehensive survey),
it remains largely unexplored for supervised learning and optimization problems. The
goal of this chapter is to advance the frontier in this direction. In light of the above, our
primary contributions in this chapter are as follows:

* We describe a general framework for designing coreset-based algorithms. This

also provides insights into existing algorithms from the coresets viewpoint.

* We propose a novel coreset-based algorithm with low communication cost and
provable guarantees on the convergence to the optimal solution.

* We demonstrate the efficiency of the proposed algorithm on a few real-world
datasets. In particular, we show that the proposed approach reduces the com-
munication cost significantly.

This chapter is structured as follows. We begin with a discussion on the related work
in Section 10.1.1. In Section 10.2, we describe a general framework for the coreset-based
methodology. We then propose a coreset-based algorithm in Section 10.3 and provide its
convergence analysis. We finally conclude by demonstrating the empirical performance
of the algorithm in Section 10.4.

10.1.1 Related Work

As noted earlier, problem in Equation (10.1) arises frequently in the machine learning
and optimization literatures and hence has been a subject of extensive research. Conse-
quently, we cannot hope to do full justice to all the related work. We instead mention
the key relevant works here and refer the reader to the appropriate references for a more
thorough coverage.
First-order methods: In large-scale machine learning and convex optimization appli-
cations, first-order methods are popular due to their cheap iteration cost. The classic
approach in first order methods is the gradient descent approach. For strongly convex
functions f with L-lipshictz gradient, gradient descent has linear convergence rate i.e.,
f(xt) — f(xs) < €in O(log(1/€)) iterations where x; and x. are the t" iterate of gra-
dient descent and the optimal solution respectively [111]. The constants can be further
improved by the means of accelerating techniques [111]. On the other hand, when ¢ is
non-smooth, gradient descent methods have sub-linear convergence rates.

While gradient descent methods have appealing convergence properties, they have
two major shortcomings: (1) they require evaluation of n gradients at each iteration,
typically leading to high computational cost, and (2) the communication costs is also
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high. A popular modification of this algorithm in large-scale settings is the stochas-
tic gradient descent. While the computational cost per iteration decreases, the linear
convergence property is lost. This is due to the variance introduced by stochasticity of
the approach. Recently, there has been a surge in interest to address this issue by in-
cremental methods (see [71, 153]). By reducing the variance, these approaches achieve
low iteration complexity while retaining the good convergence properties. However,
all these approaches still do not address the other major shortcoming — namely, high
communication cost.

Active Set & Cutting plane Methods: Our approach is also related to the classic active
set and cutting plane methods used in the optimization and the machine learning liter-
atures [117]. The basic idea is to find a working set of constraints, i.e., those inequality
constraints of the optimization problem that are either fulfilled with equality or are oth-
erwise important to the optimization problem. These methods are particularly popular
in the SVM literature. Scheinberg et al. [152] and Joachims et al. [70] provide more de-
tails on these approaches. However, these approaches are inherently sequential and not
communication friendly. Moreover, it is observed that these approaches are typically
outperformed by subgradient methods [159]. While the basic theme of these methods is
similar to that of ours insofar that we compute a similar summary of the training data at
each iteration, the key distinction is the approach and methodology used in construct-
ing the summary. Moreover, our approach is much more general and can be applied to
a wide range of loss functions.

Coresets: Our approach is closely related to the paradigm of coresets used in the theory
literature [12, 38, 39]. The basic idea of coresets is to extract a small amount of relevant
information from the given data and work on this extracted data. Coresets have been
proposed on a variety of data clustering problems such as k-means, k-medians, and
projective clustering. This approach is particularly important for NP-hard problems like
k-means. For example, coresets of size O(k/e*) and independent of 1 (number of the
data points) have been proposed for the k-means problem [12, 38]. If k is small, such an
approach makes it possible to find optimal solution of k-means simply by an exhaustive
search. Furthermore, coresets can seamlessly handle distributed and streaming settings
and hence, are suitable to large-scale real-world applications. We refer the reader to
the excellent (but outdated) survey on coresets [6] for more details. Recently, a unifying
coreset framework has been proposed for data clustering problems [38], which provides
a more comprehensive treatment; interested readers may also refer to the references
therein. While there has been some progress in borrowing ideas from coresets in the
context of SVMs [168], this intersection remains largely unexplored.

Distributed Methods: Owing to large-scale machine learning applications, there has
been a recent surge of interest in distributed training of models. The basic idea is to
solve subproblems in parallel, followed by averaging at each iteration. For example,
[98, 182] propose an algorithm with a trade-off between computation and communica-
tion costs. The Alternating Direction Method of Multipliers (ADMM) [20] and its vari-
ants are also popular approaches that fall in this category. However, these strategies
are either synchronous and communication unfriendly since no communication occurs
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1: Input: Initial xo, coefficients {7y1,..., v}
2: fort=1to T do
3:  Compute the coreset C;_; with the corresponding function g;_1(x; C¢_1, x¢_1)
4:  Solve the following subproblem

xp= argmin  g¢_1(x;Ce_1,X1-1)

xGQ(xt,th,l)

5. Ry =17t-1-Ri
6: end for

Algorithm 23: Generic Iterative Coreset Algorithm

during the computation phase. Mini-batch approaches have received considerable at-
tention recently. We refer the reader to [84] and references therein for a more thorough
analysis of mini-batch approaches based on stochastic gradient descent.

10.2 A General Framework

We describe our general methodology in this section. Before delving into the details of
the framework, we introduce a few definitions and notations in order to simplify our
exposition. We denote the objective function in Equation (10.1) by f(x; P). Recall that P
is the training set. The optimal solution of Equation (10.1) is denoted by x, i.e.,

: A 1
x, = argmin f(x; P) = §||x||2 + -
x n

Z 0z, yi, X).

i=1

We use R, to denote ||x. — x|, the distance of optimal solution from the initial point.
Next, we define the key ingredient in our approach.

Definition 10.2.1. (Coreset) We call a set C an e-coreset of P on a set () if there exists a function
¢ :R¥ — R such that |g(x; C) — f(x; P)| < e forall x € Q.

Note that the above definition is slightly different from the one typically used in the
coreset literature (see [38]) in two ways: (i) the set C is not necessarily a subset of P. (ii)
the coreset is restricted to the domain x € (). Another noteworthy point is that while
coresets are classically defined as a multiplicative approximation, we use the notion of
additive approximation. However, such a relaxation allows us to view other related
algorithms through the lens of coresets. The key desirable property of a coreset is that
the cardinality of the set C is small, which will help us reduce the overall communication
complexity of the algorithm.

With this background we are ready to state our algorithm. At each iteration of the
algorithm, the key component of our framework is to compute a new coreset-based
on the current solution and solve the optimization problem based on that coreset. The
pseudocode is given as Algorithm 23.
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First, we note that algorithm is still abstract because it does not specify the method
to construct the coreset C;_1 and the function g;1(x; C;_1, x;—1). Furthermore, feasible
region of the subproblem Q(x;_1, R;_1) at each iteration is unspecified. These details
depend on the specific coreset construction and hence, are explained during the de-
scription of the coreset. We now state a general result on performance of Algorithm 23
based on some on some important properties of the coreset.

Theorem 10.2.2. Suppose we have the following conditions on the function g;_q for1 <t < Tt

1. g¢—1 is an upper bound on f and is strongly convex with modulus A} 4, for some A} | >
0.
2. The feasible region Q) (x;—_1, Ry_1) is convex and contains the optimal solution x.
3. Suppose gt—1(x; Ci—1,x1-1) < f(x; P) + Ny—q forall x € Q(xp_1,Rs—1) ice.,, Ci_1 isan
A;_q-coreset of P on Q(x;_1,Ry_1).
Then for iterates {x;} L of Algorithm 23 we have,

| 284
R; = — < 4 —.
t ||Xt x*” — /\—i_)t;,l

Proof. For brevity, we use f(x) and g;_1(x) to denote f(x;P) and g;—1(x;Cs_1, x4-1)
respectively. We have the following:

gr-1(x:) < fxs) +Apy,

/

Ai
gi-1(xe) + (9811 (1), 20 — 21 + = o — 22 < gea ().

The first inequality follows from condition 3 of the theorem. The second inequality fol-
lows from the fact that g;_; is strongly convex with modulus A}_, (condition 1). Adding
the above two inequalities we get

/

A
Qr—1(x¢) + (0gr—1(xt), X5 — x¢) + t2_1 |xcr — x4 ||* < fxs) + Ap_1. (10.2)

Because f is strongly convex with modulus A, we have

Fr) + @f (o)1 — ) + - o= a2 < fl).

Combining it with the fact that g;_; is an upper bound on function f (condition 1), we
have

A
fle) +@f (), 30— xa) + S llxe — xa[2 < groa (30). (10.3)
Adding Equations (10.2) and (10.3), we get the following:

(A+AL )
2

To complete the proof we need the following intermediate result.

(9g—1(xt), xx — x¢) + (Of (x:), % — X4) + e — x> < Apq. (104)
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Lemma 10.2.3. Suppose g;_1 satisfies the conditions in Theorem 10.2.2, then for iterates x;, for
1 <t <T,of Algorithm 23 we have

(98¢—1(xt), x4 — x¢) = 0 (10.5)
(Of (x4),xt — x4) >0 (10.6)

Proof. We prove the inequality in Equation (10.5). The inequality in Equation (10.6) can
be proved in a similar manner. Let A = Q(x;_1,R;_1) and I : RY — R* be the
indicator function corresponding to A i.e.,

] 0 ifxe A
HA(x)—{ too ifx ¢ A

Recall that the x; is the optimal solution of the following;:

Xy = argmin g;_1(x).
X€A

From the optimality condition of x;, we have dg;_1(x;) + 0l4(x;) = 0. Therefore, we
have

(08t—1(xt), xs — x¢) = (=LA (x1), X4 — xp) (10.7)

Since A is convex (condition 2 of Theorem 10.2.2), the subgradient will be the normal
cone of A. Using the fact that x.,x; € A (condtion 2 of Theorem (10.2.2)) and from the
definition of the normal cone, we have

(—0llg(xt), xx — x¢) > 0.
Using the above inequality in Equation (10.7), we get the required result. O

Using the inequalities from Lemma 10.2.3 in Equation (10.4) it is easy to see that the
result follows. m

The above result gives an upper bound on the distance of the iterate x; in Algo-
rithm 23 from the optimal solution x.. Note that the bound depends on A;_; which in
turn typically depends on the optimality of x;_;. It is easy to see that convergence to the
optimal solution is possible as long as lim;_,. A; = 0. It is also worth noting that result
does not assume anything on the size of the coreset C;. However, as we shall see, the
communication and computation complexity of the algorithm will critically depend on
|C¢| at each iteration.

Before discussing our algorithm based on this framework, we consider a popular
instantiation of this framework — gradient descent. For this discussion, we assume
that the loss function ¢ is differentiable and has L-lipschitz gradient i.e., ||[0¢(z;, y;, x) —
9(z;,y;,x")|| < L||x — x'||. This smoothness condition on the gradient gives us the
following useful result.
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Lemma 10.2.4. [111] For any function h : RY — R with L-Lipschitz continuous gradient oh,
we have

L
h(x) < h(y) + (Oh(y), x —y) + 5 x —y|%, v,y € R".

The update for gradient descent is the following:

Xt41 = Xt — yof (x; P) (10.8)

where 7 is the learning rate and is typically set to 1/L. Such an update can be obtained
by minimizing the upper bound on f in Lemma 10.2.4. We briefly explain how gradient
descent like method fits our framework. We choose the coreset! C; = 9 f(xt; P) and the
function g; as follows:

L+ A
2

First note that the function g; is an upper bound of f and is strongly convex with
modulus L + A. This can be obtained from Lemma 10.2.4. Hence, g; satisfies condition
1 of Theorem 10.2.2. Next, we set Q(x¢, Rt) = B(xt, R¢) where B(x, R) represents a ball
of radius R centered around x. Since this is convex and R; = ||x; — x.||, it is easy to see
that condition 2 of Theorem 10.2.2 holds. In general, the we

Finally, g; is an As-coreset with Ay < LR%_1 /2. This can be obtained by a straight-
forward reasoning based on the Taylor expansion of f and Lemma 10.2.4. Thus all the
conditions of Theorem 10.2.2 hold. Hence, using Theorem 10.2.2 we obtain the follow-
ing corollary.

8t(x; Cp,xp) = f(x; P) 4 (9f (x4), x — x4-1) + I — x¢—1 || (10.9)

Corollary 10.2.4.1. The iterates x; of gradient descent algorithm like algorithm (minimizing
upper bound in Equation (10.9) subject to the constraint on x € Q(x;, Ry)) satisfy

PO M = W S
F= 1 X — Xyl < ——— = K¢ 14—
2(L+24) (1+%)

In general, dropping the constraint that x € (), recovers the gradient descent al-
gorithm. The above corollary reproduces the well-known linear convergence rate for
gradient descent [111]. Note the dependence of the convergence rate on the condition
number L/A. While the result does not lead to any new convergence rates, it provides
an interesting insight that gradient descent can be viewed as solving an optimization
problem on a coreset based on the gradients at each iteration. However, it is important
to note that the communication cost is still high since the gradient needs to be com-
municated at each iteration. Hence, gradient descent is not suitable for settings of our
interest — that is, distributed settings where communication is expensive.

A natural question that arises is whether we can construct more interesting coresets
than the gradients of the function. We provide an affirmative answer to this question in
the next few sections.

Recall that the coreset could be any summary of the data, and not necessarily one of its subsets.
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10.3 Coreset Algorithm

In this section, we propose a new coreset-based algorithm. Before discussing the details
of the coreset contribution, it is worth mentioning two additional assumptions; how-
ever, we should emphasize that the first assumption is only for the ease of exposition.

1. The loss function / is of the form £(z;,y;, x) = £(y;x"z;). Note the slight abuse of
notation in the usage of £. In what follows, the quantity y;x ' z; is referred to as
margin.

2. (s L-lipschitz continuous i.e., [¢(y;xz;) — £(y;x'Tz;)| < Llyix "z — yix' " zy).

Loss functions that satisfy the above properties include popular choices such as lo-
gistic loss (used in logistic regression) and hinge loss (used in SVM). The significance of
these assumptions will become clear as we proceed. We also need the following defini-
tions for our discussion.

Definition 10.3.1. (Cover) We call a set of points S as e-cover of a set of points Q if for all
q € Q there exists a point s € S such that ||s — q| < e.

Let N(x) for a point x in the cover denote the set of points in Q that are closer to
x than any other point in the cover S. With slight abuse of notation, let e(Q) = [S, B],
where S is an e-cover of Q, and S is the vector of cardinalities of the sets {N(x)|x € S}.
Note that [|f]l; = Q|-

The key insight to our coreset construction of the algorithm is that typically at each
iteration there exist only a few important data points that are critical from the optimiza-
tion perspective. For example, consider an iterative algorithm for SVMs. Intuitively, at
each iteration, the points that are close to the margin are crucial in comparison to those
away from the it. Furthermore, due to the piecewise linear nature of the hinge loss, the
points far away from the margin can be represented by a linear function precisely. With
this intuition, we now present our coreset construction.

We define the set P’ = {z!}" | where z; = y;z;. Our coreset construction consists of
two primary steps:

Step 1: Identify points whose loss can be approximated by a linear function and
construct a single linear function as a coreset for these points. Generally, these are points
where gradient approximation is good. We denote such a function by LINEARAPPROX.
The description of this function will depend on /.

Step 2: Construct a cover or equivalent functional approximation for the rest of the
points in the set P’. Since ¢ is assumed to be lipschitz, such a cover also provides ap-
proximation guarantees on the empirical loss on P’.

It should be emphasized that while we use the concept of cover for simplicity, a
similar analysis can be carried out for clustering-based algorithms. In fact, as we will
see later, all our experiments are based on clustering. At each iteration, we use disjoint
sets G; and E; to denote the points concerned with these two steps respectively. Note
that Gt UE; = P’. We use [; € R? to denote the linear approximation of loss for points in
Gt. Our coreset is C; = (I, Bt, It) where [I;, Bt] = €:(E;) and function g; in Algorithm 23
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is as follows.?

A 1
Qt(x; C) = EHx||2 + ( Y. Bel(x"z,) + let> + hy (10.10)

ze €1}

where h; = (2LR«|E¢|€ + |G¢|6 4 ¢) /n for some § > 0 and constant c. The pseudocode,
based on the above key steps, is given as Algorithm 24. The size of the coreset C; de-
pends on the cardinality of set E;.

1: Input: Initial x(, coefficients {1,...,yr} and {€y,..., e}
2: fort=1toTdo

[G¢_1,1;_1] = LINEARAPPROX(P’, x;_1, R4 1)

4 (L1, Bi—1] = €—1(P'\Gs—1)

5. Coreset C;_1 = (I;—1,Bt—1,11-1)

6:  Solve the following subproblem

xy = argmin g;_1(x;Ci_q)
x€Q(xp-1,R-1)

7 Re=71-1-Ri1
8: end for

Algorithm 24: Iterative Coreset Algorithm

One of the key components of Algorithm 24 is the function LINEARAPPROX. As
mentioned earlier, in general, this function depends on the loss function ¢. We choose
O(xp, Ry) = B(xo,Ro) and Q(x;, Ry) = Q(x-1,Ry—1) N B(xy, Ry) for t € [1,..., T —1].
Also, for the purpose of analysis, we assume the coefficients {1, ..., vy} are chosenin a
way such that the optimal solution lies in feasible region. We prove the following result
for Algorithm 24. The proof of Theorem 10.3.2 relies on result of the generic coreset
algorithm, Theorem 10.2.2.

Theorem 10.3.2. Suppose g; is as defined in Equation (10.10) and LINEARAPPROX satisfies
the following condition:

max | Y l(x"zg) =[xl + ]| <|Gil6 (10.11)
xEB(xt,Rt) dect

where |Gy, lf] = LINEARAPPROX(P', x¢) and ¢ € R4 and forall t € {0,..., T — 1}, then we
have

2LR,|Eler + |Gt|O
Rest =l — x| < o 2Rl Bl 1GHS

2Hereinafter we include the parameter x; in the coreset description C;.
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Proof. We first observe that g; (in Equation (10.10)) is strongly convex with modulus A.
Moreover, g; is an upper bound on f due to the following relation:

n

1 ( Z lef(xTze) + let> + hy

ze€l}
— l e T T
=~ ¥ Bel(x"ze) + x "l + 2LR.|E¢ler + |Ge|o + ¢
n ze €1}
1
>- X Bil(x"z.) + 2LR|Eler + Y. E(xng)
h ze €1y ZgEGt
1
>=( ) E(xsz)—k ) E(xng)
n zp€E; zg€Gy
1
==Y ((xz2)
h zeP!

The first inequality follows from the definition of ;. The second step follows from the
condition on LINEARAPPROX in the theorem statement. The third step follows from the
fact that ¢ is L-Lipschitz continuous and ||B;_1||1 = |E¢|. Combining the above with
regularization term proves the fact that g; is an upper bound on f.

It is easy to see that the feasible region B(x, R;) is convex and contains the optimal
solution x. To obtain an upper bound on the function g;, we observe the following:

% ( ) Bel(x"z,) + let) + hy

ze€l}

Q=

( Y. Bel(x"z,) 4+ 2LR. |Esler + ) K(xng) —1—2]Gt|(5>

ze €1} ZgEGt

( Y 0(xTzp) +4LR.|Eiler + Y z(xng)+2|Gt|5>

ZpEEt ZgEGt

IN
S|

S

( Y #(x"z) +4LR.|E|e; + 2|Gt|(5>
zeP!

The first and second inequalities follow from the condition of the theorem statement
and the Lipschitz continuous nature of the loss function 4.

Therefore, C; with the corresponding function g; is an As-coreset where Ay < (4LR;|E¢|er +
2|G¢|6) /n. The above reasoning shows that the function g; satisfies all the conditions of
Theorem 23. Applying Theorem 23 on the function g;, we get the required result. O

It can be observed that the conditions e — 0 and 6 — 0 as T — oo ensure conver-
gence of the algorithm to the optimal solution. In general, we can guarantee that our
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solution is arbitrary close to the optimal solution by choosing § and €; appropriately.
Furthermore, we can ensure linear convergence of our algorithm by decreasing €; by a
constant factor at each iteration.

It is also important to study the coreset size and the design choice of €; and J since
they determine the communication cost of our algorithm. Let 6 = 2LR, min{ey, ..., er}.
For this value of §, we observe the following.

1. The size of the coreset depends on the cardinality of G;. In general, larger the
cardinality of Gy, smaller is the size of the coreset. Furthermore, as a general rule
of thumb, if £ is asymptotically linear i.e., limy,_« [((m) — (cm + d)| = 0 for
some constants c, d, the performance of our algorithm will depend on the rate of
asymptotic linearity.

2. We typically require €; < €41 for allt € {0,...,T — 1}. With such a choice, if
|G¢| does not decrease, size of the coreset may increase. However, observe that R;
decreases. Thus, typically more points satisfy Equation (10.11), and the cardinality
of G usually decreases.

3. Suppose a subset of P’ satisfies Equation (10.11) at iteration ¢ then it will always
satisfy the condition in future iterations. This is due to the fact that feasible region
shrinks at each iteration. Hence, size of the coreset is always non-increasing.

While the above remarks provide informal reasoning for the size of the coreset, it
does not provide a formal analysis. In order to gain a better understanding, we dis-
cuss the implementation of this algorithm and provide a more formal analysis in the
case of logistic regression and SVMs. To this end, let us first discuss the function
LINEARAPPROX for specific cases.

LINEARAPPROX for differentiable loss functions: The linear approximation in the dif-
ferentiable case can be obtained through the first-order Taylor expansion of the loss
function. More formally, we have

92
O(x " zi) = £(x( z) +9L(x{ z) (x "z — x/ zp) + @(Jﬂzk —x/ z¢)?
for some { = %, z where || % — x;|| < R; since out feasible region satisfies ||x — x;|| < R;.
The key step is to bound the term 92/(Z). This bound will depend on the structure of
the loss function. We now derive these bounds for logistic regression. We want the
following to ensure the condition in Theorem 10.3.2 with I} = }_, ¢, 9¢ (x/ zx)zx and

¢ =Y ecl0(x) zi) — 00(x) zp)x[ z]:

azl(g)( T Tzk)Z < 5

Xz — X4

2

for all x; € G;. The above statement is true when

*1(2)
2

R |lz* <6 (10.12)
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This can be obtained by a straightforward application of the Cauchy-Schwartz inequal-
ity. The final step is to derive an upper bound on 9%/({). For logistic loss we have

1
(1+exp(=0))(1+exp(2))

Without loss of generality, we can assume { > 0. Then we have 9%/({) < 1/(2(1 +
exp(())). Using the above inequality it is easy to see that Equation (10.12) is satisfied if

() =

R ||z 1? <5
2(1+exp(0))
We observe that
Rz e
2(1+exp(g))  2(1+exp(x/zx+C—x]z))
§ R |z

~ 2(1 + exp(x] z) exp(—Rel|z[))

This follows from the fact that { = zth x where ||% — x¢| < R;. Hence, for logistic
regression, the goal of LINEARAPPROX is to identify all points satisfying

RE ||z

Vi(zk) = <
2(1 + exp(x] zx) exp(—Re||z||)

and place these points in the set G;. The linear function to be used for approximation is
obtained from the first-order Taylor expansion. The pseudocode for LINEARAPPROX in
case of logistic regression is given in Algorithm 25.

1: Input: P/, x4, Ry
2: Gy = {Zk ep | Vt(Zk) < 5}
Zk

3 It = = Yore6 Tropra)

Algorithm 25: LINEARAPPROX for Logistic Regression

Furthermore, we can also obtain a relationship between the margin of z; with respect
to the optimal solution and the iteration at which the point z; moves to the set G;. We
note the following:

RPllzl® R ||z |?
21+exp(Z))  2(1+exp(x)zr+ —x]z))
< R ||z |?
2(1 + exp(My) exp(—2R|z|)
R [|zi1” exp (2R [lzell) _ exp(3Rel|zl)
2exp(Mj) — 2exp(M)
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where M} = |x]z|. The first step follows from triangle inequality and the fact that
¢ = %z where ||# — x¢|| < Ry and ||%. — x| < R;. The final step follows from the
fact that z2 < exp(z) for z > 0. Therefore, from above inequality it is easy to see that
Equation (10.12) is satisfied when the following holds

Vo M +1log(26) }

(10.13)

R; < max ,
{ lzill” 3zl

LINEARAPPROX for SVM: For SVM, the implementation of LINEARAPPROX is pretty
straightforward. Due to the piecewise linear nature of the hinge loss, the condition in
Equation (10.10) is satisfied with § = 0 if x 'z is greater than 1 (or less than 1) for the
whole feasible region ||x — x;|| < R;. This is satisfied when

11— x z]
(A

The pseudocode for LINEARAPPROX in case of SVM is given in Algorithm 26.

R; <

1: Input: P/, x;, Ry
2 G = {zi € P'[Ry < 1=/ 2| / ||z}
3 I ==Y, cq 1(1—x/ 2 < 0)z
Algorithm 26: LINEARAPPROX for SVM

Similarly to the case of logistic regression, we analyze how the margin of z; affects
when it get included in the set G;. For this, note the following;:

1-x/ze=1—x]z — (2 — x:) "z

Again, the above quantity will not change sign when x ' z; is greater than 1 (or less than
1) for the whole feasible region ||x — x¢|| < R;. Based on the expression above, this is
satisfied when

e = x| llzll < 1= )z = My

It is obtained by application of the Cauchy-Schwartz inequality. Note the difference in
the definition of M; in comparison to logistic regression. Hence, condition in Equa-
tion (10.10) will be satisfied when

*

< k
= Tl .
Let us make a final remark before proceeding to the experimental section. It should
be emphasized that based on Equations (10.13) and (10.14), the cardinality of G; criti-
cally depends on the margin of the training points. If the margin of the training points
is large, then the coreset size is small and consequently the communication and compu-
tation costs are low. Hence, our algorithm is naturally adaptive to the hardness of the
optimization problem.

217



1

o
(o))
o
(o2}

_ SVRG —_ SVRG SVRG
g --SGD g --SGD 2089 --SGD
= —-+Coreset = —~—Coreset © -e-Coreset
504 20.4 Ty
e} (@] 5
[} 0] 100.4
=202 20.2 —
8 8 802
o) o) ==
(@) 0 [®] 0 B 0
0 10 20 0 1 2 3 0 10 20
Effective passes through Dataset Communication Cost Effective passes through Dataset
0.5 0.5 0.6
— SVRG _ SVRG SVRG
go4 ~-SGD T4 \_,_____‘_____-o-seo o ~-SGD
= ——Coreset ] £ —-—Coreset H © -=-Coreset
= = 0.4
003 003 <}
go2 go2 o2
801 301 2
2 o
S S oh e 0 ——s
0 10 20 30 0 1 2 3 0 10 20 30
Effective passes through Dataset Communication Cost Effective passes through Dataset

Figure 10.1: [y-regularized logistic regression on ijcnnl (top) and cod-rna (bottom)
datasets. We compare our algorithm with mini-batch SVRG and SGD. Training loss
residual is shown with respect to passes through the dataset and communication cost
(left and central columns). Test error with respect to the passes through the dataset is
shown in the right column.

10.4 Experiments

We present our empirical results in this section. To evaluate the performance of our algo-
rithm, we focus on the task of regularized logistic regression. Recall that Problem (10.1)
in this case is of the following form:

| A 1
min f(x) = Z[|x[[* + — } log(1 + exp(—yix ' z)).
i=1

We use a simulated Matlab implementation for all the algorithms reported in this sec-
tion. We used the following datasets for our experiments.

Dataset # examples | # features
jennl 49,990 22
cod-rna 59,535 8
w8a 64,700 300
covertype | 581,012 54

All these datasets can be downloaded from the LIBSVM website 3. Similar to [71],
each of these datasets are scaled to [—1,1] . We split each of these datasets in 3:1 ratio
for training and testing purposes respectively.

The regularization parameter A in Problem (10.1) is 1/n. Recall 7 is the size of the
training set. Note that such a choice results in high condition number and consequently
increases the difficulty of the problem. All the experiments were conducted by fixing

Shttp:/ /www.csie.ntu.edu.tw/ cjlin/libsvmtools/datasets/
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10 different random seeds for each dataset and results are reported by averaging over

these 10 runs.
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Figure 10.2: [,-regularized logistic regression on more datasets w8a (top) and covertype
(bottom). Similar to the previous case, we compare our algorithm with mini-batch SVRG
and SGD.

We use PROXSVRG (see [174]) for solving the subproblems of Algorithm 24 at each
iteration. SVRG is a incremental first-order method that can be used for solving opti-
mization problems of form (10.1). The origin is used as the initial point for the for all
our experiments. The number of inner iterations is set to m = 2n for the SVRG algorithm.
The step size parameter for each dataset is chosen so as to give the fastest convergence
for SVRG.

For our experiments, we choose y; = 72 = -+ = yr = 7 in Algorithm 24 where
7 is such that R = 0.01. Such a choice is reasonable in the case of linearly convergent
algorithms — which is the scenario we anticipate for our algorithm. As mentioned
earlier, we use a clustering based algorithm instead of the cover. The main rationale
behind such a choice is the availability of coresets for data clustering problems. We
use coresets for k-means clustering for Algorithm 24. The sensitivity based coreset for
k-means is used in all our experiments. We refer interested reader to [38, 39] for more
details of the coreset. For all datasets except covertype, we set the coreset size to be 500.
This value is set to 2000 in case of covertype. Note that these coreset sizes are much
smaller in comparison to the training data.

We compare our algorithm with SVRG (see [71]) and SGD. A mini-batch version of
these methods is used in order to reduce the communication cost of these approaches.
We use a mini-batch size b = 10 in all our experiments. The number of inner iterations

in SVRGis m = {%’ﬂ in all our experiments in order to limit the total inner iterations to

the recommended 2# iterations. For SGD, we use the learning rate of a/ \/f where « is
the step size used for the all the algorithms for that dataset.
We report the training loss residual i.e., objective of Problem (10.1) minus optimal
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(obtained by running gradient descent for very long time) and test error rate of the al-
gorithms with respect to the number of effective passes through the dataset i.e., ratio
of the number of gradients evaluated to the size of the training data. This provides
information about the computation complexity of the algorithm. To measure the com-
munication cost of the algorithm, we similarly report the effective communication of
datasets i.e., ratio of the number of d dimensional vectors communicated to the size of
the training data.

Figures 10.1 and 10.2 show the performance of the algorithms on the aforemen-
tioned datasets. We have several observations from these empirical results. First, we
observe that SVRG outperforms SGD in terms all the metrics of our interest. This obser-
vation is not surprising given the linear convergence of SVRG in comparison to the sub-
linear convergence of SGD. We then observe that our algorithm is competitive to SVRG
in terms of training loss residual and test error rate (show in first and third columns of
the figures respectively). However, our major gain is in the communication cost of the
algorithm (shown in central column of the figures). As seen in the these figures, our
algorithm performs much better in comparison to other algorithms in terms of commu-
nication cost. In other words, for the same communication cost, our algorithm has much
lower objective value in comparison to SVRG and SGD. We believe the performance of
our algorithm can be further improved by utilizing the coresets of the previous iteration
and is part of our ongoing investigation.

10.5 Discussion

This chapter introduces a novel general strategy for designing communication efficient
empirical risk minimization algorithms. The key to our approach is the concept of core-
set — the idea of constructing small summary of training data and optimizing over this
summary. We presented convergence analysis for the algorithm. While we illustrated
this strategy on two popular supervised learning problems — logistic regression and
support vector machines, our methodology is general and is applicable to a much wider
setting. Furthermore, our empirical results demonstrate that the algorithm is compu-
tational and communicational efficient. In the next chapter, we present an alternate
paradigm for reducing communication complexity in distributed optimization setting.
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Chapter 11

Communication-Efficient Distributed
Optimization for ERM

11.1 Introduction

In this chapter, we explore an alternate approach for reducing communication overhead
in distributed machine learning systems designed for ERM problems. With the advent
of large scale datasets, distributed machine learning has garnered significant attention
recently. For example, large scale distributed machine learning systems such as the
Parameter server [84], GraphLab [176] and TensorFlow [1] work with datasets sizes in the
order of hundreds of terabytes. When dealing with datasets of such scale in distributed
systems, computational and communication workloads need to be designed carefully.
This in turn places primary importance to computational and communication resource
constraints on the algorithms used in these machine learning systems.

Here, we study the problem of distributed optimization for solving empirical risk min-
imization problems, where one seeks to minimize average of N functions min, s f(x) :=
% YN | fi(x). Many problems in machine learning, such as logistic regression or deep
learning, fall into this setting. Formally, we assume a distributed system consisting of
K machines, where machine k has access to a (nonempty) subset of the data indexed by
Pr C [N] :={1,...,N}. We assume that { Py} forms a partition of [N]. Our goal can
then thus be reformulated as

min f(x Z F(x), where Fi(x) := — Z fi(x (11.1)

d
xeR ZEPk

We assume that (11.1) has an optimal solution. By £ we denote an arbitrary optimal
solution: £ € argmin, f(x). The fundamental constraint is that machine k can directly
access only (the data describing) function Fy(x), i.e., functions f;(x) fori € Py. Typically,
fi(x) = ¢;(x"z;), where z; is the i*" data point, and ¢;(-) is a loss function (dependence
on i indicates potential dependence on a label). The function f; is assumed to be con-
tinuous but not necessarily convex — the structure also encompasses problems in deep
learning.
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The basic benchmark algorithm for solving the optimization problem is gradient de-
scent (GD). Each iteration of GD performs the update step x < x — %Eﬁzl VFE(x),
where h > 0 is a stepsize parameter. In a distributed system, this amounts to calcula-
tion of the gradient VF;(x) by each machine k and then sending an update to a central
node to compute the full update direction %Z,Ile VF(x). Although such an update
sequence is simple, it is often communication intensive due to the communication in-
volved at each iteration of the algorithm. Furthermore, because of the communication
delay, computational resources at each machine are often under-utilized. While the lat-
ter problem can be addressed by using asynchronous and stochastic variants of gradient
descent [128, 133], these algorithms still incur high communication costs at each itera-
tion.

Recently, there have been considerable theoretical advances in our understanding of
the communication overheads in solving (11.1). In particular, three different methods
address this issue by designing a procedure that uses significant amount of computation
locally, between rounds of communication. These methods are DANE [163], Disco [180]
and COCOA+ [67, 95, 96, 177]. Both DANE and DISCO show that when the functions
{Fk};lle in (11.1) are similar (see Definition 11.3.2) or exhibit special structure, one could
obtain the optimal solution in considerably fewer rounds of communication.

At the t iteration of DANE, the following general subproblem has to be solved
exactly by machine k, with # > 0 and u > 0 being parameters of the method:

min Fe(x) = (VE(x'1) =g VF(x' 1), x) + b llx =12,

x€R4

where (-, -) is the standard inner product and || - || := (-,-)}/? is the standard Euclidean

norm. The gradient V f(x!~1) is computed in a distributed fashion at the start, followed
by aggregation of individual updates. DISCO uses an inexact damped Newton method
for solving the problem (11.1) [180]; and hence is a second order method. Thus, both
DANE and DISCO require strong oracle access — either in the form of oracle to solve
another optimization problem exactly, or second order information. This is in sharp
contrast with COCOA+, where (similarly to DANE) a general local problem is formu-
lated, but is needed to be solved only approximately. This enables use of essentially any
algorithm to be used locally for a number of iterations, making the method much more
versatile.

A natural idea is to solve DANE subproblem approximately using a first-order method.
However, from the point of analysis, this leads to an additional error. Hence, it is not
clear whether such method enjoys any theoretical guarantees, as such a generalization
is non-trivial. Based on this intuition, we develop an inexact version of DANE (refer-
eed to as INEXACTDANE) and provide its convergence analysis. We demonstrate that
our proposed approach is significantly more robust to ‘bad” data partitioning, and also
highlight a connection to a distributed version of SVRG algorithm [71, 74]; thus, yielding
partial convergence guarantees for a method that has been observed to perform well in
practice [76], but has not been successfully analyzed.

While INEXACTDANE is practically appealing in comparison to DISCO due to its
simplicity and possible reliance only on first-order information, DISCO is theoretically
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superior to INEXACTDANE in terms of communication complexity, as it nearly matches
the lower bounds derived in [175]. To address this issue, we build upon INEXACTDANE
and propose an approach, referred to as AIDE, that matches (up to logarithmic factors)
these communication complexity lower bounds and can be implemented using a first-
order oracle. To our knowledge, ours is the first work that can be implemented using a
first-order oracle, but at the same time achieves near optimal communication complex-
ity for the setting considered in this chapter.

11.1.1 Related Work

The literature on distributed optimization is vast and hence, we restrict our attention to
the works most relevant to this chapter. As mentioned earlier, the most straightforward
approach for solving the distributed optimization is using gradient descent or its accel-
erated version. When the function f is L-smooth and A-strongly convex, the commu-
nication complexity of accelerated gradient descent is O(v/L/Alog(1/¢€)) for achieving
e-suboptimal solution [111]. Another possible approach, often referred to as “one shot
averaging”, is solve the local optimization problem parallelly at each machine and then
compute average of the solutions [181, 182]. However, it can be shown that “one shot
averaging” can produce significantly worse solution than the optimal solution £.

ADMM (alternating direction method of multipliers) is another popular approach
for solving distribution optimization problems. Under certain conditions, ADMM is
shown to achieve communication complexity of O(v/L/Alog(1/¢€)) for L-smooth and
A-strongly convex function. More recently, the above mentioned DANE, DISCO and
COCOA+ algorithms have been proposed to tackle the problem of reducing the commu-
nication complexity in solving problems of form (11.1). We defer a detailed comparison
of our algorithms with DANE and COCOA+ to Section 11.7 and Appendix 11.13. The
lower bounds on the communication complexity for solving problems of form (11.1)
have been obtained in [175] (see Section 11.8 for more details). We refer the readers to
[163, 175] for a more comprehensive coverage of the related work.

11.2 Algorithm: INEXACTDANE

The DANE algorithm [163] proceeds as follows. At iteration ¢, node k exactly solves the
subproblem £} = argmin., g; , (x), where

Zhpu(®) 1= F(x) = (VR ) =gV (), ) + 5 lx =12, (112)

and p,17 > 0 are parameters. After this, the method computes x! = 'K | %,/ K, which
involves communication, and the process is repeated. Our first method, INEXACTDANE
, modifies this algorithm by allowing the subproblems to be solved inexactly. In partic-
ular, let x| denote the point obtained by minimizing g,f{/ " only approximately (for exam-

ple, using Quartz [125] or SVRG [71, 74]). The pseudocode of this method is formalized
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Algorithm 27: INEXACTDANE (f, w°, s, v, u)

Data: f(x) = + Y& ; Fi(x), initial point x” € R, inexactness parameter 0 < y < 1
fort =1tosdo
for k =1 to K do in parallel

Find an approximate solution x; ~ %} := argmin, g« & , (x)

Option I: ||xi — £L|| < [|x"~1 — 2|

Option II: [ Vgl , (v)) | < 7/[Vg}, (¥ )| and. [lxf — ]| < y]lx'1 - 2|
end
=g Y ¥
end
return w

t

in Algorithm 27. The parameter 7y refers to the level of inexactness allowed (small 7y
means higher accuracy). Note that each iteration of INEXACTDANE can be solved in an
embarrassingly parallel fashion.

The communication complexity of an algorithm is defined as the number of com-
munication rounds required by the algorithm to reach a solution x! satisfying specific
convergence criteria such as f(x') — f(£) < e. In each communication round, the ma-
chines can only send information linear in size of the dimension d. This is also the notion
of communication round used in [175].

We start with the analysis of quadratic case (Section 11.3), after which we deal with
strongly convex, weakly convex and nonconvex cases (Section 11.4).

11.3 Analysis of INEXACTDANE: Quadratic Case

In this section we assume that F(x) = %xTHkx + 1 x, where Hy € R¥*4 and I, € R?
(this is the case when the functions { fl}fi 1 in (11.1) are quadratic). We write H :=
%Eszl Hyand | := %2,1521 lx. For a square matrix A, by ||A|| we denote its spectral
norm. Our first result plays a central role in the analysis of quadratic functions. Proofs
are provided in the Appendix.

Theorem 11.3.1. Assume H = 0. Let u > 0and define A~ := + YK (Hy + puI)~1. Further,
choose 0 < v < 1,1 > 0and define

p:= A~ H = I + % Ty [|(He + ul) " H|.

Let {x'} be the iterates of INEXACTDANE (Algorithm 27 applied with Option 1). Then for all
t > 1 we have ||x* — £|| < p|x!~1 — £||.

Suppose, 0 < A < H = L for all k € [K], then with = 1, sufficiently large y and
small 7, one can ensure that p < 1. We are interested in the setting where the functions
{Fi} are “similar”. Following [175], we shall measure similarity via the notion of J-
relatedness, defined next.
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Definition 11.3.2. We say that quadratic functions {F} are é-related, if for all k, k' € [K] we
have
IHe—Hell <6, [l —lell < 0.

The following theorem specifies the convergence rate in the case of -related objec-
tives. We are particularly interested in the setting where § is small, which is the case
that should allow stronger communication complexity guarantees [163, 175].

Theorem 11.3.3. Let 0 < A < L be such that A < H < LI, and assume that {F} are
S-related, with § > 0. Choose 4 = max{0, (86>/A) — A}, n = 1 and let

[ 1/8 if2¢/26 < A - [ 2/3 if2v/25 < A
TNy (1926%)  otherwise P=11- (A2/246%) otherwise

The iterates {x'} of INEXACTDANE (Algorithm 27 with Option I) satisfy || x! — £|| < p||x'~! —

It is interesting to note that solving the local subproblems beyond the accuracy -y
stated in the above result does not lead to a better overall complexity result. That is,
the required accuracy at the nodes of the distributed system should not be perfect, but
should instead depend in § and A. We have the following corollary, translating the
result into a bound on the number of iterations (i.e., number of communication rounds)
sufficient to obtain an e-solution.

Corollary 11.3.3.1. Let the assumptions of Theorem 11.3.3 be satisfied, and pick 0 < € <

L[ — 2|2, If
~ 0_ 212
t=0 (i—ilog (—LHX 5 A )) ,
then f(x') < f(®) +e.

The O(+) notation hides few logarithmic factors. In the situation when for all k, Hy
arises as the average of Hessians of 7 i.i.d. quadratic functions with eigenvalues upper-
bounded by L, it can be shown that § = O(L/+/n), hence t = O((L/A)?/nlog(1/¢€))
(see Corollary 11.9.2.1 in the Appendix). This arises for instance in a linear regression
setting where the samples at each machine are i.i.d — a scenario typically assumed
in distributed machine learning systems. Note that, in this case, the communication
complexity decreases as n increases.

11.4 Analysis of INEXACTDANE: General Case

In this section, we present the results for general strongly convex case, weakly convex
case, and non-convex case. Proofs are provided in the Appendix.

A function ¢ : R? — R is called L-smooth if it is differentiable, and if for all X,y €
R? we have ||[Vy(x) — Vi(y)|| < L|x — y||. It is called A-strongly convex if ¥(x) >
P(y) + (Vp(y), x —y) + 2llx — y||? for all x,y € R? (if ¢ is twice differentiable, this is
equivalent to requiring that V2¢(x) = AI for all x € R¥). If A > 0, we say that ¢ is
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strongly convex. In this case, kK = L/A denotes the condition number. We say that 1 is
weakly convex if it is 0-strongly convex.

11.4.1 Strongly convex case

Our analysis of the strongly convex case follows along the lines of [163] and incorporates
the inexactness in solving the subproblem in (11.2) at each iteration.

Theorem 11.4.1. Assume that for all k € [K]|, F; is L-smooth and A-strongly convex, with

A > 0. Let )

n(L+p)  A+u)? nA+p
Suppose 1 > 0,0 < v < 1and y > 0 are chosen such that 0 < p < 1. Then for the
iterates of INEXACTDANE (Algorithm 27 with Option II) we have: f(x') — f(2) < (1 —
p) (F(x"1) = £(2)).

By setting v = 0, we roughly recover the corresponding result in [163] covering the
exact case. Note that 7y only has a weak effect on the convergence rate. For instance,
with v = 1/8, 77 = 1 and u = 6L — ), we require O(k log(1/€)) iterations to achieve a
solution x! such that f(x") — f(%) <e.

11.4.2 Weakly convex case

We analyze the weakly convex case by using a perturbation argument. This allows
us to use the analysis of strongly convex case for proving the convergence analysis.
In particular, we consider the following function fe(x) = f(x) + §||x — x°||?, which is
essentially a perturbation of the function f. First, note that if f is L-smooth then f. is
(L 4 €)-smooth and e-strongly convex. Applying INEXACTDANE (Algorithm 27) on the
function f. and using Theorem 11.4.1, we get the following:

fela!) = min fe(x) < (1= pe)" |fe(x") — min fe ()| (114)

where p, is defined as in (11.3) with A and L replaced by € and L + € respectively. Using
the above relationship, the corollary below follows immediately.

Corollary 11.4.1.1. Suppose the function f is weakly convex. Then the iterates of INEXACTDANE
in Algorithm 27 (Option II) with 3 = 1, v = 1/8 and u = 6L + 5¢ applied to fe after
s = O(Llog(1/€)/¢) iterations satisfy f(x!) < f(£) + O(e).

The result essentially shows sublinear convergence rate (up to logarithmic factor)
of INEXACTDANE for weakly convex functions and weak dependence on the inexact
parameter 7.

11.4.3 Nonconvex case

Finally, we look at the case where function f can be nonconvex. The key observation
is that by choosing large enough y one can have a strongly convex gt , in (11.2). The
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existence of such a y is due to the Lipschitz continuous nature of gradient of f. This
allows us to solve the subproblem efficiently and makes it amenable to analysis. For
the purpose of theoretical analysis, in the nonconvex case, we select x! arbitrarily from
{xt}K | instead of averaging as in Algorithm 27.

Theorem 11.4.2. Assume that for all k € [K|, F is L-smooth. Suppose the iterates x} of
Algorithm 27 (with Option II) for some 0 < v < 1. Furthermore, let

(1—19)2 2L 29(L+w)] ,

L) (u-L0? gu-L02]"T

wherenn > 0,0 <y < land p > L are such that 8 > 0. Then, we have

min ”vf(xt’)HZ < f(xO) _f(f)

0<t'<t—1 ot

With #7 = 1, one could choose ¢ = 10L and constant inexactness of y = 1/8 to get
6 > 1/100L. Again, similar to the strongly convex case, we see a very weak effect of y on
the convergence rate. In other words, with constant approximation at each local node,
we can obtain O(1/t) convergence rate to a stationary point for nonconvex functions.

11.5 Accelerated Distributed Optimization

In this section, we study an accelerated version of INEXACTDANE algorithm. While
INEXACTDANE algorithm reduces the communication complexity in distributed set-
tings, it is known that it is not optimal i.e., there is a gap between upper bounds of
INEXACTDANE and the lower bounds for the communication complexity proved in
[175]. To this end, we propose an accelerated variant of INEXACTDANE algorithm and
prove that it matches the lower bounds (upto logarithmic factors) in specific settings.
We refer to the Accelerated Inexact DanE as “AIDE” ( Algorithm 28). The key idea is to
apply the generic acceleration scheme—catalyst—in [88] to INEXACTDANE. We show
that by a careful selection of T in Algorithm 28, one can achieve optimal communication
complexity in interesting and important settings.

11.5.1 Quadratic case

Here we show that by appropriate selection of 7, for quadratic case, one can achieve
faster convergence rates that match the lower bounds presented in [175].

Theorem 11.5.1. Assume that A\I < H < LI and further assume that { F } are 5-related. Then
the iterates of AIDE (Algorithm 28) withn = 1, u = 0, T = max{0,2v/26 — A}, s = O(1)
and v = 1/8 — (62/2(T + A)?) after t = O(\/§/Alog(1/€)) satisfy f(x') < f(%) + € and
the total number of iterations in INEXACTDANE (Option I) is O(\/5/Alog(1/€)).
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Algorithm 28: AIDE (f, XN 1,8, 7, U, €)
Data: f(x) = %Z,Ile Fi(x), Initial point y° = x° € RY, INEXACTDANE iterations s,
inexactness parameter 0 <y <1, 7 >0

Letg=A/(A+ 1)

while f(x'~1) — (%) < edo
Define f!(x) := % Yp—q (Fe(x) + 5llx —y' 1%
xt = INEXACTDANE(f!, x'1, 5,7, 1)
Find {; € (0,1) such that ? = (1 — gt)gf_l +q0;

Compute y! = x! + B;(x! — x'~1) where B; = Ct—lz(lfét—l)
ét_1+€f
end
return x'

Note that the communication cost of AIDE is proportional to the number of iterations
of INEXACTDANE executed as part of AIDE algorithm. Hence, the total communication
complexity of AIDE is O(y/5/Alog(1/€)). It is interesting to note that it is enough to
solve each subproblem in INEXACTDANE up to a constant accuracy of vy = 1/8 in order
to achieve the convergence rate stated above. In other words, by using AIDE, one need
not solve the subproblems with high accuracy and still achieve faster convergence than
INEXACTDANE.

11.5.2 Convex case

For the general strongly convex case, we prove the following key result concerning the
number of iterations of AIDE and INEXACTDANE used as part of AIDE.

Theorem 11.5.2. Assume that for all k € [K], the function Fy is L-smooth and A-strongly
convex. Then the iterates of AIDE with parameters A, 1 =1, uy = 12L, v = 1/8, 5 = O(l)
and T = L — A after t = O(v/L/Alog(1/€)) iterations satisfy f(x') < f(%£) + € and the total
number of iterations in INEXACTDANE (Option II) is O(v/L/Alog(1/€)).

The upper bound on the communication complexity matches the lower bounds proved
in [175] for unrelated strongly convex functions. It is an interesting open problem to ob-
tain better communication complexity for a subclass of strongly convex functions other
than the quadratic case explored above.

As in the case of INEXACTDANE, we apply AIDE to a perturbed problem when f is
weakly convex. In this manner, we invoke catalyst (acceleration) for strongly convex
functions. Recall the function fe is defined as fe(x) = f(x) + §||x — x°||%. Using AIDE
on fe, Theorem 11.5.2 shows that one can achieve e-accuracy on function fc in t =
O(y/(L +€)/elog(1/¢)) iterations. This follows from the fact that f. is L + e-smooth
and e-strongly convex. Again, using similar argument as in Equation (11.17), we have
the following corollary.

Corollary 11.5.2.1. Suppose the function f is weakly convex. Then iterates of AIDE in Algo-
rithm 28 applied on fe withA = e, =1,y =1/8and y =12(L+¢€),s =0(1)and Tt =L
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after t = O(\/L/elog(1/¢€)) iterations satisfy f(x') < f(&) + O(e).

11.6 Connection to a Practical Distributed Version of SVRG

In this section, we discuss the connection between SGD, INEXACTDANE and a version
of distributed SVRG that was observed to perform well in practice [76], but has not yet
been successfully analyzed. Algorithm 27 uses an approximate solution to the mini-
mization of function g,t{, " (x) at each iteration; however, it does not specify the algorithm
(local solver) used to obtain it. While one could use any of recent fast algorithms for
finite sums [32, 33, 153, 156] with comparable results, we highlight the consequences of
applying the SVRG algorithm [71, 74] as a local solver in INEXACTDANE.

The SVRG algorithm for minimizing average of functions f(x) = £ YN, f;(x) runs
in two nested loops. In the ! outer iteration, SVRG computes the gradient of the entire
function V f(x'~1) followed by inner loop, where an update direction at x is computed
as Vfi(x) — Vfi(x*1) + Vf(x!~1) for a randomly chosen index i € [N]. For its dis-
tributed version, the inner loop is executed parallelly over all the machines but the
index i for machine k is sampled only from Py (the data available locally) instead of [N].
For completeness, the pseudocode is provided in Appendix 11.12.

We can obtain an identical sequence! of iterates x! by looking at a variation of IN-
EXACTDANE algorithm. It is easy to verify that if we apply SVRG to the INEXACTDANE
subproblem gltw in (11.2) with 4 = 0 and 7 = 1, running SVRG for a single outer it-
eration, the resulting procedure is equivalent to running the Algorithm 29 (in the Ap-
pendix). Pointing out this connection gives partial justification for the performance of
Algorithm 29. However, a direct analysis for Algorithm 29 still remains an open ques-
tion as the above reasoning applies only when y = 0 and # = 1. Note that our results
apply to this special setting only under specific conditions; for example when quadratic
functions {F;} that are d-related with sufficiently small ¢.

11.7 Experiments

In this section, we demonstrate the empirical performance of the INEXACTDANE and
AIDE algorithms on binary classification task using different loss functions. We compare
the performance of our algorithms to that of COCOA+, a popular distributed algorithm
[95]. COCOA+ is particularly relevant to our setting since, similar to INEXACTDANE
and AIDE, it provides flexibility in dealing with communication/computation tradeoff
by choosing the local computation effort spent between rounds of communication. We
use SVRG as the local solver for INEXACTDANE and AIDE, and SDCA as the local solver
for COCOA+ in all our experiments. Unless stated otherwise, at each iteration of the
algorithms, we run the corresponding local solvers for a single pass over data available

ISubject to the same sequence on sampled indices i € P.
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locally. Note that for all the algorithms considered here, the iteration complexity is
proportional to their communication complexity.

For our experiments, we use standard binary classification datasets rcv1l, covtype,
real-sim and url?>. As part of preprocessing, we normalize the data and add a bias
term. In our experiments, the data is randomly partitioned across individual nodes;
thus, mimicking the i.i.d data distribution. We are interested in examining the effect of
varying amount of local computation and number of nodes on the performance of the
algorithms. For our results, we present the best performance obtained by selected from
a range of stepsize parameters for SVRG and aggregation parameters for COCOA+. For
COCOA+, this amounts to searching for the optimal choice of parameter ¢’. In the plots,
we use DANE as the label for INEXACTDANE.
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Figure 11.1: Top: rcv1 dataset; Smoothed hinge loss; A set to1/(¢cN), for ¢ € {1,10,100}.
Bottom: Logistic loss; left-hand two: Varying number of local data passes per iteration.
rcvl and url datasets. right-hand two: Varying number of nodes; rcvl and url datasets.

In the top row of Figure 11.1, we compare INEXACTDANE, AIDE and COCOA+ for
classification task on the rcvl dataset with smoothed hinge loss on 8 nodes. The three
plots are with regularization parameter A set to 1/(cN), for ¢ € {1,10,100}. It can be
seen that AIDE outperforms both INEXACTDANE and COCOA+. We see similar behavior
on other datasets (see Section 11.13.1 of the Appendix). The benefits of AIDE are par-
ticularly pronounced in settings with large condition number xk = L/A > N. This can
also be explained theoretically, as convergence rate of fast accelerated stochastic meth-
ods has a dependence of O(v/Nx) on x and N, as opposed to O(x) without acceleration
[88, 154].

In the two left-hand side plots of the bottom row of Figure 11.1, we demonstrate the
effect of local computation effort at each iteration, to solve the local subproblem (11.2),
on the overall convergence of the algorithm. The different lines signify {1/6,1/3,1,2,4}
passes through data available locally per iteration of INEXACTDANE. From the plots, it
can be seen that running SVRG beyond 4 passes through local data only provides little
improvement; thus, suggesting a natural computational setting for INEXACTDANE and
demonstrating its advantage over DANE. Finally, in the two right-hand side plots of the

2Datasets available at https: //www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/

230


https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/

bottom row, we show performance of INEXACTDANE with increasing number of nodes.
In particular, we partition the data to {4,8,16,32,64} nodes, and keep the number of
local iterations of SVRG constant for all settings. The results suggest that in practice,
INEXACTDANE can scale gracefully with the number of nodes. We only observe drop
in the performance with rcvl dataset on 64 nodes, where the optimal stepsize of SVRG
was significantly smaller than in other cases. We relegate experiments on other datasets
and loss functions, and demonstration of the robustness of the INEXACTDANE method
over DANE to Section 11.13 of the Appendix.

11.8 Discussion

In this section, we give a brief comparison of the results we presented. In particular, we
compare the key aspects of DANE, D1sCO, COCOA+, INEXACTDANE and AIDE .

Communication Complexity: We showed that AIDE nearly achieves the lower bounds
proved in [175] in specific cases. When the functions are quadratic J-related, AIDE
and DISCO match the communication complexity lower bound of O(v/6/Alog(1/€)).
However, in this case, DANE and INEXACTDANE have a sub-optimal communication
complexity of O((62/A?)log(1/€)). Similarly, for the general unrelated strongly convex
function with condition number x, AIDE and DISCO enjoy communication complexity
of O(y/xlog(1/€)) [175]. Again, this complexity is superior to the convergence rate of
O(xlog(1/€)) of COCOA+ , INEXACTDANE and DANE.

Nature of oracle access: Both DANE and DISCO require access to a strong oracle. While
DANE technically requires an oracle that solves the subproblem (11.2), DISCO requires
a second-order oracle for its execution. On the other hand, both INEXACTDANE and
AIDE can be executed using a simple first-order oracle, matching the major advantage
of COCOA+.

Parallelism and Implementation: One of the appealing aspect of the DANE, INEXACT-
DANE, AIDE and COCOA+ is the simplicity of implementation and its suitability for
large-scale distributed environments. Each iteration of these algorithms is embarrass-
ingly parallelizable since it involves solving a local objective function at each node. The
same cannot be said about DISCO due to the asymmetric workload on the master node
at each iteration of the inexact damped Newton iteration.

Distributed SVRG: As a by-product of our analysis, we obtain partial convergence
guarantees of a distributed version of popular SVRG algorithm, that was observed to
perform well in practice [76].

In conclusion, AIDE adopts practical advantages of DANE, but at the same time also
achieves the optimal communication complexity in [175]. Furthermore, similar to CO-
COA+, AIDE and INEXACTDANE provide an efficient way of balancing communica-
tion and computation complexity; thereby, providing a powerful framework for solving
large-scale distributed optimization in a communication-efficient manner.
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Appendix: Omitted Proofs and Additional Experiments

In this section, we present the omitted proofs of INEXACTDANE and AIDE algorithms,
and provide additional experiments for this chapter.

11.9 Analysis of INEXACTDANE

Quadratic case

Before proving the main result, we will need to establish two lemmas.

Lemma 11.9.1. Let assumptions of Theorem 11.3.1 be satisfied. Then

K
<R L He D) H ! = 5]

Proof. Since £} = argminxg;{,y( x), we have ngﬂ( £;) = 0. Thatis, 0 = ngy( £) =

VE(2) + 7V f(xt=1) — VE(x'1) + p(sL 1). By rearranging the terms in the last
expression, we get

=21y ((Hk +ul) THat "l (He + yl)*11> . (11.5)
Taking norms on both sides of (11.5), and using the fact that # = —H !, we obtain
|2~ = 2l = | (Hy + pD) T H = 2)]). (11.6)
We proceed to prove the desired result by using the following set of inequalities:

1

< _Z”xk

t 1 KAt
X _szk

7?

1 X
S il ,)/ xl’—l X\.i’
o
Y &
=Y [(He+ul) TH( T = 2)
K k=1
Y &
< TT S (o ut) 1 5. (117)
k=1

The first inequality follows from Jensen’s inequality and the fact that x' = YK , xt /K.
The second inequality follows from the approximation condition on x}. The equality is
obtained from Equation (11.6). The last inequality follows from properties of spectral
norm of a matrix. O
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Lemma 11.9.2. Let assumptions of Theorem 11.3.1 be satisfied. Then

It = £ = [ e = ]| g2t - 2 <

Proof.

> |l — £ — |[1— A H]| 21 - 2. (11.8)

The first equality follows from the optimality property of £} (see Equation (11.5)). The
tirst inequality follows from the triangle inequality. The second inequality follows from
the properties of the matrix spectral norm. O

11.9.1 Proof of Theorem 11.3.1
Proof. Lemmas 11.9.1 and 11.9.2 imply the inequality

=2 = |t = ]| [ - %

’7’YK 1 t—1
< L2 H, + I‘HHH_—A.
_K];H(k ul) X X

It suffices to rearrange the terms. O

11.9.2 Proof of Theorem 11.3.3

Proof. Follows by using Lemma 11.11.2 (see Appendix 11.11) together with Theorem 11.3.1.
O

11.9.3 INEXACTDANE for Stochastic Quadratic Setting

In the interesting case of stochastic quadratic setting (see [163]), we can provide a more
precise result. More specifically, we have the following key result in the stochastic
quadratic setting.
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Corollary 11.9.2.1. Suppose each Hy is the average of n i.i.d. symmetric positive definite ma-
trices with largest eigenvalue bounded above by L. Then for any 0 < a < 1, with probability

1 — & we have:
i Functions {F.} are é-related with § = WM

ii The iterates of INEXACTDANE (Algorithm 27) (with parameters defined in Theorem 11.3.3)

after
t=0 ((L/n)‘) log ( ) log (—LHX Hz))

satisfy f(x') < f(%) +e€

Proof. The first part of the proof is directly from Lemma 2 of [163]. The second part of
the proof follows from Theorem 11.3.3. O

Strongly Convex Case

11.9.4 Proof of Theorem 11.4.1

Proof. We first observe that
1V 8k (i) = Ve, (XD = Vg, (x| = V85, (60l
> (1= 7)1V, (- (11.9)

The first inequality follows from triangle inequality. The second inequality follows from
the condition that ||Vg,t(,y(x,t() | < 7||Vg,tw(xt_l) ||. We now define function i} : RY — R
as

(%) := F(x) + 5 lx — 712

We define the virtual iterate £, = argmin, g,tc, y(x). Using the optimality conditions of
£;, we have the following:

Vhi(£L) — VhL(x'™1) = =V F(x71). (11.10)

Also, define Bregman divergence of a smooth function ¢ as Dy (x, x") = ¢(x) — ¢(x) —
(Vp(x'), x — x"). We observe the following:

flap) = fFD H (VA — ) + Dy (xp, x'~ h
= f(x' 1) - %(thi(fzi) — Vh ('), xf — x'71) 4+ Dy (xg, &)

I .
— e - L () - Vg, -
T
_ %(wz;(x,i) — R (1), — 2 4 Dy, 2 Y). (11.11)



The second equality is due to optimality condition in (11.10). We bound the term T; in
the following manner:

Ty| < || Vhi(2) — VA (xp) ||| xf — x|
< (L4 1% — xillllxg — x 1. (11.12)

The first inequality is due to Cauchy-Schwarz inequality. The second inequality follows
from L 4 y lipschitz continuous nature of the gradient of ;. In order to proceed further,
abound on the term ||x! — x'~1|| is obtained in the following fashion:

B A R [ e A [E A A
<l =g+l - T = ()l = & (11.13)

The first inequality is due to triangle inequality. The second inequality is due to the in-
exactness condition in Algorithm 27. Substituting the above bound in Equation (11.12),
we have the following:

ITa| < (L+u) X+ 7)|I%F — x|l = 24l < (L+p) X+ )y =242 (11.14)

The second inequality is again due to inexactness condition in Algorithm 27. In order
to bound ||x'~1 — £ ||, we observe the following:

(M) = 2l < VR, (O = In VD] (11.15)

The first inequality follows from Lemma 11.11.3. Using this relationship in Equation (11.14),
we have the following:

2
il < LB v e
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Substituting the bound in Equation (11.11), we have:

Fah) < fl )+ DR o P
— oy VA ) = TP + Dy )
< s+ s
~ o VG — VRGP
< )+ IR oy
- V(e — Ve I+ TP

t— (1-1)? 2L 2y(L+u) t—
<= [~ a1V
(1—7)? 2L 2y(L+p)

< s =[S - e R e fe). atae

The first step is due to Lemma 11.11.3. The second step follows the L-smoothness of
f. The third step follows from the fact that || Vg ,(x}) — Vg,tcly(xt_l) | = | VhL(x}) —

Vhi(x'~1)|| and bound on [[x'~! — x{||? from Equation (11.13) and (11.15). The fourth
inequality follows from Equation (11.9) and the fact that V g,tw (xt=1) = Vf(xf~1). The
last inequality is due to strong convexity of function f. Finally, we observe:

ooy . e .
(FO) = f(®) < 2 Y () = f(2) < A= p)(f(x'"1) = f(2)).
k=1
The first inequality is due to convexity. The second inequality follows from Equa-
tion (11.16). Therefore, we have the required result. Il
Weakly Convex Case

Proof of Corollary 11.4.1.1

We observe the following;:
f(x') < fe(x) < mxinfe(x) + (1= pe)*[fe(x°) — mxinfe(x)]
< f(8) + 2 )1% = 22+ (1 = pe)[fel(x?) = min fe(x)]

< f(®)+e|1/2)]2 =02+ (F() - f(9)] . (1117)
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The second inequality is a consequence of Equation (11.4). The last inequality follows
from the facts that (i) s = O(Llog(1/¢€)/¢) and (ii) [fe(x°) — miny fe(x)] = [f(x?) —
miny fe(x)] < [f(x°) — f(2)].

Nonconvex Case

11.9.5 Proof of Theorem 11.4.2

Proof. Using essentially the same argument as in Theorem 11.4.1, we have the following:

_ 1—1)? 2L 29(L+p) -
xtgxtl_[( _ _ 21w £ (1|12,
The argument uses the fact that g,tw is ( 4+ L)-smooth and (u — L)-strongly convex.

This is in turn due to the lipschitz continuous nature of the gradient. Note that this is
possible only when y > L (as mentioned in the theorem statement). Using the definition
of x! in the nonconvex case, we have

(1-9)?% 2L 2y(L+pn)
n(L+u) (u—L)* n(p—L)>

Rearranging the above inequality and using the definition of 8, we get

F(x') < fa 1) — { } PIVFEDP. L)

va(xt—l)HZ < f(xt_l)e_ f(xt).

Using a telescopic sum on the above inequality and the fact that £ is an optimal solution
of (11.1), we have the desired result. ]

11.10 Analysis of AIDE

Quadratic Case

11.10.1 Proof of Theorem 11.5.1

Proof. First consider the case where 2v/26 < A. In this case, we have T = 0 and 1/16 <
v < 1/8. The required result trivially follows from Theorem 11.3.3. We turn our atten-
tion to the interesting case of 24/26 > A. For this case, we choose T = 2v/26 — A. We use
F!(x) to denote the function Fe(x) + (7/2)||x — y*~!||>. As mentioned in pseudocode of
Algorithm 28, we use INEXACTDANE for the set of functions F{. Let i = arg min, f*(x)
(refer to Algorithm 28). By solving each subproblem inexactly for s iterations, from
Theorem 11.3.3, we have the following:

FHa) = fr@t) < BTt = af|? < L0l - At (11.19)
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where p = 2/3. The first inequality follows from the L + 7 Lipschitz continuous gra-
dient of f!. The second inequality follows from Theorem 11.3.3. The value of p is
obtained from Theorem 11.3.3 noting the following two facts. (i) The inexactness pa-
rameter v < 1/8. (ii) § = 2/3 when ¢ < 1/8 and 2v/25 < (A + 7). Here, we used
the fact that INEXACTDANE is applied on the function f* and V2f* = (A + 7)I. Using
Equation (11.19), we have the following:

fiat) = ') < BEp |l = a2 < Rt () - £

This simply follows from the fact that V2f! = (A + 7)I. Using Proposition 3.2 of [88],
we have the total number of iterations of INEXACTDANE iterations one has to execute
to achieve e-accuracy is

t:(j(lép )‘+T10g1/€): <\/>log1/€)

This is obtained from the fact that g = 2/3. Therefore, we get the desired result. O

11.10.2 AIDE in the Stochastic Quadratic Setting

The following result follows as a Corollary of Theorem 11.5.1.

Corollary 11.10.0.1. Suppose each Hy is the average of n i.i.d positive semidefinite matrices
with eigenvalues at most L. Then with probability at least 1 — «:

i Functions {F.} are é-related with § = \/@,

ii The iterates of INEXACTDANE (Algorithm 27) (with parameters in Theorem 11.5.1) after

e
satisfy f(x') < f(%) + €

Proof. The first part of the proof is directly from Lemma 2 of [163]. The second part of
the proof follows from Theorem 11.5.1. O

Strongly convex case

11.10.3 Proof of Theorem 11.5.2

Proof. Let i = argmin, f!(x). We first observe that after s iterations of INEXACTDANE
in the M iteration of AIDE (applied on f*), we have the following:

fHE) = f1@h) < (L=p) (f (1) = f1 (")), (11.20)
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where

~:{ 49 2(L+1) (LATHp) ]
P lealrn+7t) Att+p)? 4A+T+nu)?
This follows directly from Theorem 11.4.1 and the fact that ! has (L + 7)-Lipschitz

continuous gradient and is (A 4 T)- strongly convex. Note that with the given value of
T, u and 7y, we have following:

o 49 C2(2L—-A) 2L+pu—A
p=r {64(2L+y—)\) (L+p)? 4(L+y)2} (121
49 AL 14L
= [64(14L) - (18L)2 4(13L)2} = 001 (1.2

The above bound follows from simple algebra. Now again using Proposition 3.2 of [88],
the total number of INEXACTDANE iterations required to achieve an e-accurate solution

T o) -of ()

This is obtained from the bound in Equation (11.21). This gives us the desired result.
Note that the constants in this result are not optimized. O

11.11 Auxiliary Results

Here we establish two lemmas which are used in the proofs of the main results.
The following result is a slight extension of Lemma 4 in [163].

Lemma 11.11.1. Let y, 6, ¢ be positive constants satisfying max{y, 0} < . Further, let A and
By, ..., Bk be d x d symmetric matrices satisfying ¢I = A, Y4 By = 0and ||By|| < ¢ for all
k € [K]. Then, we have the following:

H((A+Bk)—1—A 1) (A —ul) H < 2 C 5 k € [K],
1 & P 262
H(EE(AJFB,C) 1A 1) (A—ul)|| < FE—0)
Proof. First, we observe that
(A+B) =AU+ A B)) ' =(I+AB) A=A +Z ATIB) AL

The above equality follows form series expansion of (I + A~1B;)~!, which is possible as
|A=1By]| < |AY|||Bk|l = (6/&) < 1. From the above equality, we obtain the following
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bound:

[((a+B) T —a) (A—uDl| = i(—l)]‘(A-lBk)fA—l(A )

e

= i |viatByaT (A —pn)|
e

< £ | v s |
e
*. 51 25
“Lg (1) =775

The first inequality follows from the triangle inequality. The second inequality fol-
lows from the Cauchy-Schwarz inequality. The last inequality follows from the fact
that u/¢ < 1.

The second part of the claim was established as Lemma 4 in [163]. H

Lemma 11.11.2. Assume that A\l < H < LI, where H := %Zszl Hj and A > 0. Further,
assume that |Hy — H|| < 6 for all k € [K] and let H™' := L Y& | (Hy + ul)~!, where
} = max {O,8§ — /\}. If we let
s if 226 <A,
Y= A2 .
o052 otherwise,
then

K
- v _
p=IATH=I+ 2} [(He+pu) " H| <
k=1

_ A ;
57 Otherwise.

{% if 2V26 <A,
1

Proof. Using Lemma 11.11.1 with A = H + ul and By = Hy — H, we have the following
inequality:
26
—_— 11.2
| (e )™ = (HA+ un) ™) H| < e (11.23)
252

ST e— (11.24)

(o e ) ] <
for all k € [K]. From the above inequalities, we have

| (Hy + p]) " H| < (| (Hy + p) ™ H = 1| + |11]
< ||(Hx+ )™ H = (H+ p) " H|| + |(H + pD) 7 H = 1] + [|1]
20 U

<
e TR S W

+1. (11.25)
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The first and second inequality follow from triangle inequality. The third inequality
follows from (11.23) and Lemma 3 in [163], which says that ||(H + ul)"'H — I|| =
i/ (A + u). Furthermore, we also have the following bound:

IA'H—1|| < [[H'H— (H+pul) 'H| + [|[(H+ul)"'H = I|
262 i
< )
“A+u)(A+u—9) +/\+y

The first and second inequality follow from triangle inequality and Equation (11.24), re-
spectively. Inequality in Equation (11.26) was earlier shown in [163]. Using inequalities
in Equation (11.25) and Equation (11.26), we obtain the following bound:

(11.26)

K
o=IIAH =1+ Y l|(He+pD) ' H]
k=1
262 1 26 i
< 1
= (A+y)(/\+y—5)+2x+y} +7[A+y—5+/\+y+

Let us first consider the case of A > 2+1/26. In this case, we set u =0,7 =1/8and hence,
we have

252 26 2
< _— ) —.

Now, consider the case of A < 2+v/26. We use  to denote 85/ A. Note that ip > 2. In this
case, we set i = (862/A) — A and y = A2/(1926?) and hence, the following holds:

2 A 2
<—+(1+7 (1——)—1—7(1—1——). (11.27)
= T y—1
We observe that p —1 > /2 (since ¢ > 2). Further, the following inequality holds:
A A
—_Z)l<1- £ )
(1+7)(1 ¢5>_1 w%—’y

Substituting the above inequalities in Equation (11.27), we have the following:

4 A 2 A2 A2
p§—+1——+'y+7(1+—) <1—-—=+4y<1

2 o p—1 1662 2462
The second inequality is due to that fact that ¢y — 1 > 1 and the fact that y = A2/(19242).
Hence, we have the desired result. O

Lemma 11.11.3. Suppose a function h : R — R is L-smooth and A-strongly convex. Let
x* = argmin h(x). Then, we have the following:

(Vh(x') = h(x),x" = x) > %HW(X') = Vhi(x)|%,
VRG] = Alx =7,

forall x',x € R%,
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Algorithm 29: A DISTRIBUTED VERSION OF SVRG (f, xY,s, 7, h)

Data: f(x) = + Y& _; Fi(x), initial point x* € RY, stepsize i > 0
fort =1tosdo
Compute V f(x!) and distribute to all machines
for k = 1 to K do in parallel
xi =x!
forj=1tordo
Sample i € Py (e.g., uniformly at random)
xb=xt —h (Vfi(xh) = VL) 4+ V()
end
end
xf = g Y0
end
return x

t

11.12 A Practical Distributed Version of SVRG

In Section 11.6 we pointed out how running SVRG as a local solver in INEXACTDANE
in certain setting is equivalent to the Algorithm 29 below. It is a distributed version of
SVRG, that has been observed to perform well in practice [76], but has not been directly
analyzed. Note that there exist another way to obtain exactly the same algorithm. That
is to rewrite the local subproblem (11.2) as follows

8iu(¥) = Liep, [fi(x) = (VAT = V() x) + Gllx — 2117,

and directly apply SGD locally on this reformulation within INEXACTDANE and set y =
0.

11.13 Additional Experiments

In this section, we provide extended version of what was already presented in Sec-
tion 11.7, along with results of different types. In particular, we extend the comparison
of INEXACTDANE, AIDE and COCOA+ to various settings and with different datasets.
We also study of the effect of varying local iterations between rounds of communication
on the performance of the algorithms. We present further results showing performance
under varying number of nodes onto which the dataset is distributed, and highlight a
case of non-random data distribution, in which DANE diverges, while the performance
of INEXACTDANE degrades only slightly, compared to benchmark with random data
distribution.

Again, the following default statements are true, unless stated otherwise. We use
SVRG as local solver for INEXACTDANE and AIDE, and we use SDCA in COCOA+. We
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run all presented methods for a single pass over data available locally in every itera-
tion. We partition data randomly (mimicking the iid data distribution) across 8 nodes.
We present the best performance selected from a range of stepsize parameters for SVRG
and aggregation parameters for COCOA+. In the plots, we use DANE as label for INEX-
ACTDANE.

We omit the experiments for quadratic objectives as the results were very similar to
the ones presented here and hence, did not provide any additional insights, compared
to the experiments with classification on publicly available datasets.

11.13.1 INEXACTDANE, AIDE and COCOA+

In Figures 11.2 and 11.3, we present a comparison of INEXACTDANE, AIDE and CoO-
COA+ on a binary classification task on the rcv1 dataset. Plots in top row are for logistic
loss, and bottom is for smoothed hinge loss. We apply L2-regularization with A set to
1/(cN) for ¢ € {1,10,100}, which correspond to left, middle and right column respec-
tively. In Figure 11.2 we partition the data randomly to 8 nodes, while in Figure 11.3 we
use partitioning across 64 nodes. To strengthen our claims, in Figures 11.4 and 11.5, we
provide experiment with settings analogous to the ones in Figure 11.2, but on covtype
and realsim datasets respectively.

In this experiment, we can see a common pattern arising in different settings. The
benefit of acceleration in AIDE is present only when the condition number x := L/u >
N, and the larger it is, the larger is the gap in performance. This is to be expected, as the
acceleration of the fast stochastic methods changes « in convergence rates to v/ Nx [154].
Both INEXACTDANE and AIDE outperform COCOA+, with AIDE performing much bet-
ter in all studied settings. The behaviour of COCOA+, where if one looks only at subop-
timality of primal function value, the algorithm quickly converges to modest accuracy,
and then converges very slowly to higher accuracies, has been confirmed as correct by
its authors.

11.13.2 Varying amount of local computation

In Figure 11.6 we demonstrate how spending more local computational resources in
each iteration to solve the local subproblem (11.2) leads to faster convergence in terms
of number of iterations. Note that in the settings presented, it is not possible to get close
form solution to the subproblems, and hence we can only approximate behaviour of
DANE by running a local method for a long time. In number of cases in the above, run-
ning SVRG for 4 passes through local data already provides little to none improvement.
The only dataset on which significant improvement is visible is covtype. This behaviour
likely is due to the fact that N > d, and hence under random data distribution, the local
problems can be seen as é-related with very small 4.

The labels in the figure mean represent the following: The labels DANE/6 and
DANE/3 correspond to running the local SVRG algorithm for one-sixth and one-third
of pass through local data in every iteration. The labels DANE*2 and DANE*4 corre-
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Figure 11.2: rcvl dataset, 8 nodes, regularization parameter A set to 1/(cN), for ¢ €
{1,10,100} (in left/middle/right columns respectively). Top row: logistic loss. Bottom

row: smoothed hinge loss.
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Figure 11.3: rcvl dataset, 64 nodes, regularization parameter A set to 1/(cN), for ¢ €
{1,10,100} (in left/middle/right columns respectively). Top row: logistic loss. Bottom

row: smoothed hinge loss.
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Figure 11.4: covtype dataset, 8 nodes, regularization parameter A set to 1/(cN), for
¢ € {1,10,100} (in left/middle/right columns respectively). Top row: logistic loss.
Bottom row: smoothed hinge loss.
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Figure 11.5: realsim dataset, 8 nodes, regularization parameter A set to 1/(cN), for ¢ €
{1,10,100} (in left/middle/right columns respectively). Top row: logistic loss. Bottom
row: smoothed hinge loss.
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spond to running the local SVRG algorithm for two and four passes through the local
data.

7o)
-
9

jon suboptimality
ion suboptimality

suboptimality
suboptimality
3

Iterations

Figure 11.6: Varying number of passes through local data per iteration in range [1/6,4].
Top row: logistic loss, Bottom row: smoothed hinge loss. Datasets in columns: rcvl,
covtype, realsim, url

11.13.3 Node scaling

The plots in top row in Figure 11.7 show how the performance changes, as we partition
the data across different number of nodes, but keep the local work equal to one pass
through local data. The performance degrades as we increase number of nodes, because
we do less relative work on any single computer. However, this is a positive result, as
the algorithm always converges.

In the bottom row, we double the number of passes over local data when we double
the number of nodes. This is motivated to compare how the algorithm performs, when
equal number of iteration of local SVRG is used. In most cases, the algorithms perform
very similarly, demonstrating the robustness of INEXACTDANE. For rcvl and realsim
datasets partitioned on 64 nodes, the convergence slows down. In this case, the optimal
stepsize for local SVRG was significantly smaller than in the other cases. This was likely
caused by getting into region where the aggregation starts to be unstable, and thus
higher accuracy on local subproblems leads to worse overall performance.

11.13.4 Inconvenient data partitioning

In the last experiment, we depart from theory, and observe that INEXACTDANE is, com-
pared to DANE, much more robust to arbitrary partitions of the data. In particular, in
Figure 11.8 we compare INEXACTDANE in two settings: random, which corresponds to
random data partition to 2 nodes, and output, where the data are partitioned according
to their output label — positive examples on one node, negative examples on the other.
In this setting, DANE diverges, while the performance of INEXACTDANE drops down
only slightly. We observed that the optimal stepsize for local SVRG is about 5 — 10%
smaller in the output case, compared to the random case.
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Figure 11.7: Performance comparison as data is partitioned across 4-64 nodes, with
logistic loss. Top row: Single pass through local data per iteration. Bottom row: Fixed
number of updates of local SVRG per iteration. Datasets in columns: rcvl, covtype,
realsim, url.

This observation is particularly appealing for practitioners, as the data in huge scale
applications are often partitioned “as is”, i.e., it is given and one does not have the
opportunity to randomly reshuffle the data between nodes.

Function suboptimality
Function suboptimality
Function suboptimality

10 10 10
Iterations Iterations Iterations

Figure 11.8: Data partitioned randomly, vs. data partitioned according to their output
label. Datasets in columns: rcv1, covtype and realsim.

Practical considerations: Although the experiments in Section 11.13.1 suggest superi-
ority of AIDE, it may not always be the case in practice. AIDE comes with the additional
requirement to set the catalyst acceleration parameter 7. At the moment, there is not
any simple rule guiding its choice, as the optimal T depends on properties of the al-
gorithm being accelerated, which are usually not known — see Section 3.1 of [88] for
further details. In contrast, COCOA+ is usually a slightly easier to tune in practice, since
with SDCA one can use data-independent aggregation parameter equal to 1/K, and ef-
fectively have hyper-parameter-free algorithm. In the case of INEXACTDANE, natural
local solvers would require a choice of hyper-parameter such as stepsize. While this can
often be affordable to compute, it is not data-independent.
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Chapter 12
My Other Research — In a Nutshell

Besides optimization methods for machine learning applications, I have also worked
on a number of other topics such as kernel methods, hypothesis testing, dependence
measures, functional regression, which are not part of my thesis. Here, I briefly describe
my contributions that form the core of my research in these areas.

Kernel Methods, Dependence Measures & Hypothesis Testing. Measuring depen-
dencies and conditional dependencies are of great importance in many scientific fields
including machine learning, and statistics. There are numerous problems where we
want to know how large the dependence is between random variables, and how this
dependence changes if we observe other random variables. In an ICML13 paper [130],
we developed new kernel based dependence measures with scale invariance property
and showed the effectiveness of our dependence measure on real-world problems. I also
worked on kernel based two sample testing problem. In particular, in a series of papers
[126, 136, 137] we proved (through theoretical and empirical results) that MMD based
two sample testing — a kernel based two sample test — also suffers from the curse of
dimensionality. Such a result was important because there was a wide misconception
that these measures do not suffer from the curse of dimensionality and hence, also work
for high dimension problems. Our papers cleared this misconception and provided first
theoretical results for the power of the MMD based two sample hypothesis tests.
Machine Learning on Functional Data. Another important aspect of many modern
machine learning applications is the structure in the input data. Modern data collection
techniques motivate settings where the training data is no longer of simple form such
as features. For example, a Facebook user profile contains very rich information about
the user such as posts, friends list, likes, photos, polls, etc. Unfortunately, most of the
existing machine learning and statistical techniques cannot handle such data, often re-
sorting to ad-hoc approaches, thereby ignoring the underlying rich structure in the data.
This necessitates the development of a different machine learning paradigm where the
true structure in the complex data can be exploited. In a UAI'14 [131], we developed
a simple nearest neighbor based algorithm for handling data of various forms. In fact,
we considered a strictly generalized scenario of noisy and incomplete/missing data.
We analyzed the theoretical properties of our proposed estimator and demonstrated its
performance through practical experiments. We also proposed an approach to choose

249



the number of nearest neighbors to be used, thereby alleviating the problem of cross
validation in nearest neighbor based algorithms.
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