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ABSTRACT OF THE DISSERTATION

Distributed Stochastic Optimization in

Non-Differentiable and Non-Convex Environments

by

Stefan Vlaski
Doctor of Philosophy in Electrical and Computer Engineering

University of California, Los Angeles, 2019
Professor Ali H. Sayed, Chair

The first part of this dissertation considers distributed learning problems over networked
agents. The general objective of distributed adaptation and learning is the solution of global,
stochastic optimization problems through localized interactions and without information

about the statistical properties of the data.

Regularization is a useful technique to encourage or enforce structural properties on the
resulting solution, such as sparsity or constraints. A substantial number of regularizers are
inherently non-smooth, while many cost functions are differentiable. We propose distributed
and adaptive strategies that are able to minimize aggregate sums of objectives. In doing
so, we exploit the structure of the individual objectives as sums of differentiable costs and
non-differentiable regularizers. The resulting algorithms are adaptive in nature and able to
continuously track drifts in the problem; their recursions, however, are subject to persistent
perturbations arising from the stochastic nature of the gradient approximations and from
disagreement across agents in the network. The presence of non-smooth, and potentially
unbounded, regularizers enriches the dynamics of these recursions. We quantify the impact
of this interplay and draw implications for steady-state performance as well as algorithm

design and present applications in distributed machine learning and image reconstruction.

There has also been increasing interest in understanding the behavior of gradient-descent

algorithms in non-convex environments. In this work, we consider stochastic cost functions,
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where exact gradients are replaced by stochastic approximations and the resulting gradient
noise persistently seeps into the dynamics of the algorithm. We establish that the diffusion
learning algorithm continues to yield meaningful estimates in these more challenging, non-
convex environments, in the sense that (a) despite the distributed implementation, individual
agents cluster in a small region around the weighted network centroid in the mean-fourth
sense, and (b) the network centroid inherits many properties of the centralized, stochastic
gradient descent recursion, including the escape from strict saddle-points in time inversely
proportional to the step-size and return of approximately second-order stationary points in

a polynomial number of iterations.

In the second part of the dissertation, we consider centralized learning problems over
networked feature spaces. Rapidly growing capabilities to observe, collect and process ever
increasing quantities of information, necessitate methods for identifying and exploiting struc-
ture in high-dimensional feature spaces. Networks, frequently referred to as graphs in this
context, have emerged as a useful tool for modeling interrelations among different parts of
a data set. We consider graph signals that evolve dynamically according to a heat diffu-
sion process and are subject to persistent perturbations. The model is not limited to heat
diffusion but can be applied to modeling other processes such as the evolution of interest
over social networks and the movement of people in cities. We develop an online algorithm
that is able to learn the underlying graph structure from observations of the signal evolution
and derive expressions for its performance. The algorithm is adaptive in nature and able
to respond to changes in the graph structure and the perturbation statistics. Furthermore,
in order to incorporate prior structural knowledge to improve classification performance, we
propose a BRAIN strategy for learning, which enhances the performance of traditional algo-
rithms, such as logistic regression and SVM learners, by incorporating a graphical layer that
tracks and learns in real-time the underlying correlation structure among feature subspaces.
In this way, the algorithm is able to identify salient subspaces and their correlations, while

simultaneously dampening the effect of irrelevant features.
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CHAPTER 1

Introduction

1.1 Single-Agent Learning

Most learning problems can be formulated as stochastic optimization problems where the
objective is to learn a parameter vector w that minimizes a risk Q(w; ) over the distribution

of the random data x, i.e. [1]:

AL

arg min B, Q(w; x) £ arg min J(w) (1.1)

w w

wO

where

J(w) £ E; Q(w; ) (1.2)

If Q(w;x) is viewed as a penalty for the parameter set w given @, then can be viewed
as the task of finding the parametrization w that gives the smallest expected penalty over
the distribution of . The key challenge in learning by means of pursuing a solution to
is that in general, the distribution of the data « is unknown. Two main remedies exist for

this challenge:

1.1.1 Empirical Risk Minimization

In empirical risk minimization, rather than solving (1.1]) directly, S sample realizations of
x are collected into a batch {xs}le and the expectation is approximated by the sample

mean [2]:

S
wr = argngn%;Q(w,xs) (1.3)

—_



Note that, in general, the minimizer of the expected risk w® will be different from the
minimizer of the empirical risk w*. Under the assumption of ergodicity, and in light of the
law of large numbers, we can nevertheless expect that w* will be a reasonable estimate for
w®. This intuition can be formalized for a variety of data distributions and risk functions

and is extensively studied [2H7].

It can be observed that (1.3]), in contrast to (|1.1)), is now fully deterministic, and hence,
w* can be pursued by a variety of optimization algorithms. The most immediate solution is

based on gradient descent:

w; = w;_q — uV <% Z Q(w, :cs)> = Wij_q1 — %Z VQ(w,xs) (1.4)

However, the approximation (1.3 has two main drawbacks. First, the formulation and
s

s=1"

solution of ([1.3)) requires the collection of a large number of samples {x} This may
not be feasible, particularly if (a) the sample size S is very large or (b) data is streaming
in, requiring processing of samples on the fly. Second, guarantees on the accuracy of w*

relative to w? are generally based on an ergodicity assumption, which is violated whenever

data statistics drift over time.

1.1.2 Online Learning

Returning to (1.1]), observe that if we had knowledge about the distribution of &, we could
simply iterate:

Ww; = W;—1 — ,uVJ(wZ_l) = W;—1 — ,uV Em Q(wi_l; w) (15)

In order to derive the stochastic gradient algorithm, one can drop the expectation operation

and replace the true gradient by an instantaneous approximation [1},8]:

VJ(w) 2 VQ(w;x) (1.6)



and instead iterate:
w; = Ww; —uﬁ(wz,l) = W;—1 —ILLVQ(’LUZ,b CU) (17)

where w; is denoted in boldface to emphasize the fact that it is now random. Observe that,
rather than moving along the negative gradient direction, (approximate) descent occurs now
relative to an approximate gradient direction. This approximation introduces noise into the

evolution of the iterates w;. Indeed, if we denote:

si(wi_l) = ﬁ(’lﬂz‘_l) - VJ(’lUZ_l) (18)
we have for :
w; = Ww;q —,uVJ('wz_l) — U si(wi_l) (19)

Despite the presence of the gradient noise term s;(w;_1), it can be established that will
nevertheless approach a small region around the minimizer w® under reasonable technical
conditions on the cost functions and gradient noise term. Specifically, it holds in the mean-
square sense that [1]:
liI‘nsup]EHwO—'u),~||2 = O(p) (1.10)
i—00

1.1.3 Stochastic Gradient Algorithms for Empirical Risk Minimization

Observe from the gradient recursion to the deterministic, empirical risk , that every
single gradient update from w;_; to w; requires the evaluation of S gradients, where S denotes
the sample size. This can be prohibitively expensive, particularly for large data sizes. For
this reason, a number of algorithms have been developed to alleviate the per-iteration cost
of the gradient update in empirical risk minimization. The most basic algorithm is a variant
of the online stochastic gradient algorithm , where instead of sampling from the true

distribution of x, at each iteration, data is sampled from the empirical distribution of x*™P,



where:

1

X1, w.p. g9

1

om T2, Ww.p. R
TP = (1.11)

1

rs, Ww.p. R

\

Then, the empirical risk minimization problem is equivalent to:

S
1
w* £ arg min S Z Q(w, xs) = arg min Egemp Q(w; ) (1.12)
w o1 w

This construction motivates the following stochastic gradient algorithm for empirical risk
minimization:

w; = w;—1 —uVQ(w;_1; ) (1.13)

where the gradient now, in contrast to , is evaluated only at one sample per iteration.
This construction reduces the computational complexity per iteration by a factor of S and
can result in a significant improvement of the accuracy obtained after a limited number of
gradient evaluations. It does, however, come at a cost. Since the true gradient, similarly to
the online stochastic gradient iteration , is replaced by a stochastic gradient approxima-
tion, some gradient noise is introduced into the recursions, preventing the iterates w; from
converging to the minimizer w* of (1.12)). The work [9] has leveraged the analogy between
the two problems and to obtain and accurate expression for the residual error in
steady-state, namely:

lir'nsup]EHw*—'wi||2 = O(n) (1.14)

i—00
The observation that the residual error introduced by employing stochastic gradient approx-
imations, rather than exact gradients, tends to be proportional to the variance introduced
by the stochastic gradient noises, has sparked a line of work employing “variance-reduction”
to reduce the variance of the stochastic gradient approximation over time [10]. These works
generally rely on the assumption that the sample size S is finite, and are hence only applicable

to empirical risk minimization (|1.3)).



Despite their apparent similarity, we draw in this work a clear distinction between the
pursuit of w®, the minimizer of the expected risk , and w*, the minimizer of the empirical
risk . This distinction becomes particularly clear in the context of classification, where
the empirical risk is generally referred to as the “training error”, i.e., the performance of
the parametrization w on the training data. The expected risk on the other hand,
denotes the expected performance of w on unseen data. While generalization theory loosely
states that, as long as the classification surface is sufficiently simple, when compared to the
sample size S, good training performance, i.e., a low empirical risk value, can guarantee small
expected risk with high probability [2-41[7], we emphasize that the fundamental objective of
generalization ability is captured in the expected, rather than empirical risk. As such, in this
dissertation, we will focus on developing learning solutions which are applicable to expected
risk minimization. While these solutions will be applicable to empirical risk minimization
by means of , we will not employ solutions which improve over for the smaller

class of empirical risk minimization problems.

1.2 Multi-Agent Learning

Rapid developments towards a networked and data-driven society have uncovered new chal-
lenges in the development of modern learning algorithms, where data driving modeling de-
cisions is increasingly available at dispersed locations. Examples of such settings are social
networks [11-13], power grids [14,/15], wireless sensor [16-18] and vehicular networks [19,20]
as well as cloud applications [21]. Limitations on communication, storage and computa-
tional resources as well as privacy and robustness concerns frequently prevent aggregation

and processing of raw data at a central location [22].

Motivated by these considerations, the objective of distributed adaptation and learning
is the solution of global, stochastic optimization problems across networks of agents through
localized interactions and without information about the statistical properties of the data.
The resulting algorithms are adaptive in nature and able to continuously track drifts in the

problem. Extending the discussion from the single-agent problem (|1.1)), we now associate

5



with every agent, indexed by k a local cost function Ji,(w) : RM — R [1]:

Tp(w) 2 B, Qx(w; @) (1.15)

Observe that through the subscript k£ we emphasize different sources of heterogeneity across
networks. Specifically, different agents may be observing data x; from different distributions

or may be interested in minimizing different risk functions Qg(-;-).

We consider a strongly-connected network consisting of N agents, depicted in Fig. [I.1]
For any two agents k and ¢, we attach a pair of non-negative coefficients {asu, ar} to the
edge linking them. The scalar ay, is used to scale data moving from agent £ to k; likewise, for
ape. Strong-connectivity means that it is always possible to find a path, in either direction,
with nonzero scaling weights linking any two agents (either directly if they are neighbors or
indirectly through other agents). In addition, at least one agent k in the network possesses
a self-loop with az, > 0. This condition ensures that at least one agent in the network has
some confidence in its local information. Let N} denote the set of neighbors of agent k. The

coefficients {as} are convex combination weights that satisfy

Ak Z 0, Z Ao = 1, Qe = 0if ¢ ¢ Nk (116)
fGNk

If we introduce the combination matrix A = [ag], it then follows from and the
strong-connectivity property that A is a left-stochastic primitive matrix. In view of the
Perron-Frobenius Theorem [1}23,/24], this ensures that A has a single eigenvalue at one while
all other eigenvalues are inside the unit circle, so that p(A) = 1. Moreover, if we let p denote
the right-eigenvector of A that is associated with the eigenvalue at one, and if we normalize
the entries of p to add up to one, then it also holds that all entries of p are strictly positive,
ie.,

Ap=p, 17p=1, p.>0 (1.17)
where the {py} denote the individual entries of the Perron vector, p. One can then formulate
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Figure 1.1: A network of N nodes with an emphasis on the neighborhood N, of agent k.

the global learning problem [1,25]:

N

w’ = arg min Zpkjk(w) (1.18)
Y k=1
The weights {px} indicate that the resulting minimizer w® can be interpreted as a Pareto
solution for the collection of regularized risks {Jx(w)} [1,25]. The global optimization prob-
lem can be approached through a variety of distributed algorithms, using both inex-
act [1,26-28] and exact [29-31] gradients.

One approach for pursuing a solution of ([1.18]) in a distributed manner is the diffusion
algorithm [1}25].

Algorithm 1.1 Diffusion Strategy [1]

o~

Dri = Wri—1 —1V o (Whi1) (1.19)
N

Wy, = Z Py (1.20)
=1




When the individual costs Ji(w) are differentiable, and their weighted sum is strongly-
convex, the performance of this strategy has been studied in great detail. One of the key
conclusions is that, despite the restriction of communication to localized interactions within
neighborhoods, the iterates at every agent wy,; cluster around the Pareto solution in

the mean-square sense, after a sufficient number of iterations [1}25].

limsup I ||w® — wy]|> = O() (1.21)
1—+00
The effectiveness of the diffusion strategy for the pursuit of (1.18) has sparked a number of

studies and extensions in recent years, including asynchronous [32], constrained [33], sub-

gradient based [34] and multi-task [35-40] variations.

1.2.1 Regularized Learning

In many learning problems there exists a priori knowledge about the solution, such as sparsity
or constraints. An effective method for encouraging the recovered solution to conform to
this prior information is to add regularization R(-) to the data-dependent risk term J(-),

ie.,

w? = arg min > e {Jk(w) + Ri(w)} (1.22)

k=1
There are several useful works in the literature that study optimization problems with non-
smooth regularizers primarily centered around sub-gradient [26,41-44] and proximal 35,45~

48] constructions.

In this work, we will propose a modification of the diffusion strategy (|1.19)—(1.20]) based

on the proximal operator. Recall that the proximal operator is defined as [49):

) 1
prox,p, () = argmin (Rk(u) + ﬂHx - u||§> (1.23)

u

The proximal diffusion strategy then takes the form



Algorithm 1.2 Proximal Diffusion Strategy [50]

@i = DIOX, g, (wk:,i—l —Mvak(wk,i—1)> (1.24)
N

Wi = Y andy, (1.25)
=1

Note that each agent k obtains an intermediate estimate ¢, ; by a (stochastic) gradient
step relative to ﬁ]k('wkﬂ-_l) followed by a proximal step relative to the regularization term
Ry(+). This corresponds to a (stochastic) proximal gradient update, an algorithm which is
well studied in the centralized setting [49]. Following the proximal gradient update, agents
then exchange their intermediate estimates ¢, ; throughout their neighborhoods in in

the same manner as in the traditional diffusion algorithm.

In Chapter [2| we shall study the performance of the proximal diffusion strategy for the
class of small regularizers. Small regularization weights are typically employed in an effort
to reduce the noise present in the operation of the algorithm, without introducing significant
bias relative to the unregularized solution. Such solutions encourage properties of the result-
ing estimate, without enforcing it. In particular, we will show in Chapter [2, that whenever
the regularization strength is appropriately coupled with the step-size parameter, we have:

lim sup E [[w,,0, — Wi | < O(1) 4 o(p) (1.26)

: unreg
1—00

where the term O(u), similar to the centralized (1.10) and unregularized diffusion perfor-
mances ((1.21)) arises from the stochastic gradient approximation, and is a higher-order term

which corresponds to the bias introduced by regularizing the original problem.

For scenarios where the regularizers are general convex functions, we develop a more gen-
eral strategy based on conjugate smoothing in Chapter 3, which involves a damped variation
of the proximal diffusion strategy as a special case. In particular, we will replace each non-

differentiable component, Ry (w), by a differentiable approximation RS (w), parameterized by



0 > 0. Subsequently, we can pursue
N
w§ = arg min Zpk {Jn(w) + Ry (w)} (1.27)

k=1

by means of the following, regularized diffusion strategy.

Algorithm 1.3 Regularized Diffusion Strategy [51]

Pri = Wii1 _,ugw\t]k(wk,ifl) (1.28)

Tl’k,i = ¢k,¢ - Mvai(¢k7i> (1-29)
N

Wg,i = Z aék'lpe,i (1.30)
=1

We discover that performance guarantees under these general conditions require careful bal-
ancing of the step-size u of the algorithm and a parameter ¢ used to construct the smooth
approximation. We will describe a coupling relationship which ensures convergence for suffi-
ciently small step-sizes, derive performance bounds, and show an application in group-Lasso

regularized machine learning.

1.2.2 Non-Convex Learning

Driven by the need to solve increasingly complex optimization problems in signal processing
and machine learning, there has been increasing interest in understanding the behavior of
gradient-descent algorithms in non-convex environments. In contrast to (strongly) convex
optimization problems, where a small gradient norm implies proximity to an optimal solution,
non-convex loss surfaces contain many saddle-points, local minima and even maxima, where
the gradient norm is small. Most available works on distributed non-convex optimization
problems focus establishing convergence to first-order stationary points [52-58]. Recently,
there has been growing interest in examining the ability of gradient descent implementations
to escape from saddle points [59-61], since such points represent bottlenecks to the underlying

learning problem [62].
10



In Chapters[§| and [6] we study the performance of the diffusion algorithm (1.19)—(L.20)
for non-convex loss functions. We establish that the diffusion learning algorithm continues to
yield meaningful estimates in these more challenging, non-convex environments, in the sense
that (a) despite the distributed implementation, individual agents cluster in a small region
around the network centroid in the mean-fourth sense, and (b) the network centroid inherits
many properties of the centralized, stochastic gradient descent recursion, including escape
from strict saddle points in O(1/u) iterations and return of approximately second-order

stationary points in a polynomial number of iterations.

1.3 Learning for Networked Feature Spaces

The first part of this dissertation focuses on the design of learning algorithms over networks,
where the network, depicted in Fig. [I.1] acts as a constraint on exchanges of information
between agents. In the second part of this dissertation, we take the alternative perspective
of an observer, presented with data that has an internal, unknown, network structure. In
data science applications, effective interpretation and processing of high-dimensional data is
generally contingent on an understanding of the relationships that may exist between subsets
of the data. This is particularly relevant for large-scale data sets. One useful way to capture
interrelations among different parts of a data set is by means of a graph representation or
model [63]. While data arising from some applications naturally lead to or suggest suitable
graph representations for information flow, such as graphs representing networks or power
grids, there are many instances where the underlying graph structure is not readily available
and needs to be inferred from observations. Furthermore, even when the topology of the
graph is known, the same may not hold for the weights on the edges of the graph, which
describe the strength of the relationship. For example, in a social network, it may be less
important to know whether two people are connected, than to know how much influence one

person has on the other.

11



1.3.1 Online Graph Learning

In Chapter |8, we consider signals that evolve according to a heat diffusion process [64]. This
process is related to a spatially sampled approximation of the second-order heat differential
equation. The model is not limited to heat diffusion but can be applied to modeling other
processes such as the evolution of interest over social networks [65] and the movement of
people in cities [66]. We shall show that the problem of recovering the graph Laplacian,
which parametrizes the heat diffusion process, from the time evolution of the observed signal,
can be formulated as a strongly-convex and quadratic optimization problem. This in turn
means that its minimizer can be sought efficiently by a variety of algorithms. We propose a
(projected) stochastic gradient algorithm, which amounts to a Least-Mean-Squares (LMS)-

type recursion and is adaptive in nature.

Algorithm 1.4 Laplacian LMS Strategy [67]

Wi = Wi—l +[L (51 — Wi—l gi—l) g;r_l (131)

1.3.2 The BRAIN Strategy for Online Learning

In Chapter [9] rather than simply learn a graph from data, we leverage the learned graph to
improve classification performance in a coupled and online fashion. Complexity is a double-
edged sword for learning algorithms when the number of available samples for training in
relation to the dimension of the feature space is small. This is because simple models do
not sufficiently capture the nuances of the data set, while complex models overfit. While
remedies such as regularization and dimensionality reduction exist, they can still suffer from
overfitting or introduce bias. To address the issue of overfitting, the incorporation of prior
structural knowledge is generally of paramount importance. In Chapter [9] we propose a
BRAIN strategy for learning, which enhances the performance of traditional algorithms,
such as logistic regression and SVM learners, by incorporating a graphical layer that tracks
and learns in real-time the underlying correlation structure among feature subspaces. In

this way, the algorithm is able to identify salient subspaces and their correlations, while
12



simultaneously dampening the effect of irrelevant features. This effect is particularly useful

for high-dimensional feature spaces.

1.4 Organization

Chapters focus on decentralized learning over networked agents, while Chapters [§ and [9]
develop algorithms for centralized learning over networked feature spaces. Specifically, this

dissertation is organized as follows:

e Chapter [2} We begin by introducing the proximal diffusion strategy for differentiable
loss functions with non-differentiable regularizers. The performance of the strategy
is quantified, and a coupling scheme for the regularization weight and the step-size
is proposed, which leads to an asymptotically unbiased solution. The work in this

chapter is based on material from reference [50].

e Chapter [3} In this chapter, we generalize the proximal diffusion strategy to allow
for more general, and arbitrary convex regularization functions, by means of conjugate
smoothing. We quantify the bias introduced by the smoothing procedure and establish
the ability of the regularized diffusion strategy to approach the minimizer of the non-

smooth cost with arbitrary accuracy. This chapter is based on the works [51}/68].

e Chapter [4f We show how the regularized diffusion strategy can be applied to matrix

optimization and present an application in distributed image reconstruction.

e Chapter [5] and [6f We return to the study of smooth cost functions, but relax
the convexity assumption commonly employed in the study of distributed algorithms.
We establish that even in non-convex environments, iterates at individual continue to
cluster around a network centroid, and proceed to study the dynamics of the repre-
sentative centroid. We establish descent, even for (strict) saddle-points, and establish
that the diffusion algorithm returns approximately second-order stationary points in a

polynomial number of iterations. The material in these chapters is based on [69-71].

13



e Chapter[7} We focus on centralized learning problems and show how, relying primarily
on mean-square arguments, second-order guarantees for stochastic gradient descent in
non-convex environments can be obtained under conditions which are more general
than typically assumed in the literature and applicable to a broader class of adaptation

and learning problems. This chapter is based on material in [72].

e Chapter [8} This chapter considers data that arises from a heat diffusion process
and presents the Laplacian LMS strategy for online graph learning. We study the
performance of this strategy and derive mean-square error expressions. This chapter

is based on the work [67].

e Chapter [9} When the objective of the learning problem is not to simply learn a graph
describing relationships, but to leverage this information to improve performance in a
classification task, the graph learning and classification problems can be coupled. Such
procedure is proposed in Chapter [9, where a correlation layer is attached to traditional
learning architectures such as logistic regression or SVM. We present an application in

gene classification. The material in this chapter is based on [73].

e Chapter [10; The final chapter presents a summary of the contributions of this dis-

sertation and a discussion of avenues for future research.
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CHAPTER 2
Small Regularizers

In this chapter, we study the performance of the proximal diffusion strategy for small regu-

larizers. The material is largely based on the work [50].

2.1 Motivation

Recall that our general problem of interest is:

w? = arg min > pe{Jk(w) + Ri(w)} (2.1)

This type of regularization can be motivated in one of two ways:

e The true objective is the minimizer

N
wfmreg = arg min Z Pk Jk<w) (22)

w k=1

o
unreg

However, there is prior information available about w (such as knowing that it is

sparse, or that it is constrained to a certain region in space, or that it is close to some
value). This knowledge is encoded through regularization Rj(w), which is meant to
mitigate the effect of noise on the algorithm. In these scenarios, the regularization is

generally chosen small, so as to not bias the limiting point of the algorithm relative to

o

wunreg :

e The true objective is w®. This is the case if properties encouraged by Ry(w) are desired,

o
unreg*
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optimization or sparsity-inducing regularizers meant to avoid overfitting in machine

learning. These types of regularizers need not be small.

The more challenging case of arbitrary regularizers is treated in Chapter [3] In this chapter,

we focus on small regularizers. To this end, let:
Ry(w) £ p R (w) (2.3)

where v is a non-negative parameter and the regularization function R;®(-) does not need to
be differentiable. Note that we allow for the regularization weight to depend on the step-size
parameter of the algorithm. The motivation for this construction is the observation that the

steady-state error of diffusion algorithms decreases linearly with p [1], so that regularization

o

becomes unnecessary as p — 0 if the true objective is wy, o,

2.2 Related Works

2.2.1 Differentiable Cost Functions

When the cost function at each agent k is differentiable, i.e., Rx(w) = 0 for all k, the
minimizer of (2.1) can be sought through a variety of distributed strategies, such as con-
sensus [26,74-76] or diffusion [1,22,25]. For example, in the Adapt-then-Combine form of

diffusion [1], each agent k runs the following recursion:

Dri = Wri—1 — Vo p(Wei1) (2.4a)
N

Wy,i = Z Py (2.4Db)
=1

In (2.4bf), the symbol wy; denotes the iterate that is computed by agent k at iteration i,
while 1, ; is an intermediate state resulting from the self-learning step (2.4a)). It is shown
in [1,22] that, under some reasonable technical conditions on the cost functions and gradient

noise, the iterate wy,; by each agent k converges in the mean-square sense to the unique
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minimizer, w?, of the following weighted aggregate cost:

N
w’ = arg min Zpkjk(w) (2.5)
v k=1
within O(u), namely,
limsup Bllu? — wii|? = O() 26)

1—+00
so that all agents are able to approach the same global minimizer for a sufficiently small

step-size.

2.2.2 Non-Differentiable Cost Functions

There are several useful works in the literature that study optimization problems with non-
smooth regularizers. For example, the work [26] relies on the use of sub-gradient iterations
but requires that the sub-gradients of the regularized risks, Ji(w) + Ri(w), should be uni-
formly bounded. However, this condition is not satisfied in many important cases of interest,
for example, even when Ji(w) is simply quadratic in w (as happens in mean-square-error
designs) or when the Ry(w) are indicator functions used to encode constraints. Variations
for specific choices of Ji(-) are examined in [41-44] where only the sub-gradients of Ry(-)
are required to be bounded. For the case when the Ry(w) are chosen as indicator functions
in constrained problem formulations, a distributed diffusion strategy based on the use of

suitable penalty functions is proposed and studied in [33].

Some other studies examine the performance of inexact proximal methods for particular
sources of uncertainties in the gradient information. For example, in [77] regret bounds
for stochastic proximal sub-gradient descent are derived under the assumption of Lipschitz
continuous costs; the bounds there were limited to a single-agent implementation. The work
in [45] considers inexact proximal gradient descent where the errors in the computation of
the gradient and/or proximal operator are assumed to be deterministic and decay to zero.
The work [46] builds on this analysis and develops a fast distributed implementation that

enforces agreement among agents by embedding ¢ communication steps between iterations
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1 and ¢ + 1 and letting ¢ — oo. This construction can be reasonable in the deterministic
context, where a given accuracy can be tolerated after finite time 7, but is infeasible in the
context of continuous adaptation and learning from streaming data since it will require the
number of communication steps to grow unbounded. The authors of [30] remedy the need
for increasing the number of communication steps between successive gradient updates by
adding a correction term which ensures that the network converges to consensus for constant

step-sizes and single communication exchanges as long as the cost functions are deterministic.

Distributed stochastic variations for mean-square error costs with bounded regularizer
sub-gradients are proposed in [47,48] for single-task problems and in [35] for multi-task

environments.

Most of these prior works involve requirements that limit their application to important
scenarios, whether in terms of requiring bounded sub-gradients, or focusing on quadratic
costs. The purpose of this work is to propose a general distributed strategy and a line of
analysis that is applicable to a wide class of stochastic costs and non-differentiable regular-

izers. For further review of the literature we refer the reader to Chapter 3|

2.3 Proximal Diffusion Strategy

To begin with, we recall that, in the purely deterministic context, the proximal operator

relative to Ry(-) with step-size p is defined by [49]:

1
prox, g, () £ arg min (Rk(u) + ﬂHx — u||§> (2.7)

u

Evaluating Eq. (2.7) at 2 = wy;—1 — pVyJi(w,;—1), which is the result of a gradient-descent

step applied to Ji(w), yields the proximal gradient descent iteration:

Wy, = Prox, g, {wei—1 — pVuJp(Wi,i—1)} (2.8)

18



From the optimality condition for Eq. (2.7, namely that the sub-gradient set at the mini-

mizer contains the zero-vector, it follows that [49,78|:
Wi,i € Whim1 — Vi (Whi—1) — 1 O R (W) (2.9)

where 9, Ry, (wy;) denotes the set of sub-gradients of Ry(w) at wy ;. The proximal operation
1D returns a particular sub-gradient vector, which we denote by ﬁk(wkl) In this way,

the resulting iterate can be written as

—

Wi = Wk i1 — Vg (Wki—1) — 1t O Ry (W) (2.10)

Observe from and that V,,Ji(-) is evaluated at wy;_1, whereas 0, Ry(+) is eval-
uated at wy,;. This property sometimes motivates the alternative designation “forward-
backward” operator for the proximal gradient step. Proximal gradient descent is of partic-
ular interest when can be evaluated efficiently or even in closed form — see [79] for an
overview of closed form solutions of for particular Ry(-). In the case of the ¢;-norm,

for example, the proximal operator reduces to soft-thresholding [80}81].

Returning to (2.4a)—(2.4b)), the above discussion motivates us to introduce the following

proximal implementation of diffusion:

¢k:,i = Prox,p, {'wk,i—l - vajk<wk,i—1)} (2.11&)
N

Wi = Z Py (2.11Db)
=1

where a proximal step has been added to ([2.4al) as shown by (2.11a). This adjustment
is meant to address the presence of the regularization term added in (2.3)). Observe that

(2.11a)—(2.11b)) responds immediately to streaming data; it does not require repeated iter-

ations between two successive time instants. We will further see that this implementation

does also not require the gradient noise to be deterministic or to decay to zero.

The analysis in the subsequent sections will establish the following facts about the
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stochastic implementation (2.11a))—(2.11b)):

e In Section [2.5.1] it will be shown that, when the true gradient vectors are employed in
(2.11a)), then each agent in the diffusion strategy will converge to a unique fixed point,

denoted by wy, .

e In Section [2.5.2 we will relate wy o to the global minimizer wy, ., of (2.5) and show
that [|wf,eg — Wreoll? < O() + O(1?).

e In Section [2.5.3] we will conclude that, for v > 1/2, recursion (2.11a)—(2.11b|) with

o

o nreg Within O(p) in the mean-square-error sense.

gradient noise converges to w

The following two assumptions are needed in establishing the results — see [1] for explana-

tions and motivation.

Assumption 2.1 (Lipschitz gradients). For any k, the gradient V., Ji(-) is Lipschitz
0 < Admindy < Hk(U)) < AmaxInN (212)

Assumption 2.2 (Gradient Noise Process). For any k, the gradient noise process is defined

as
Ski(Wri—1) = ﬁk(wk,ifl) — VuJe(Wi;i—1) (2.13)
and satisfies
E [sgi(wpi1)|Fia] =0 (2.14a)
B (|8t (wii ) |PIFi] < B2llwp i + o (2.14D)

for some non-negative constants {3%, 02}, and where F;_1 denotes the filtration generated
by the random processes {wy;} for all ¢ =1,2,...,N and j <i—1, i.e., F;_y represents

the information that is available about the random processes {wy;} up to time i — 1.
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2.4 Operator Representation of Proximal Diffusion

We first show that the proximal diffusion strategy f can be represented as
the concatenation of three operators, in a manner that extends the representation developed
in [25] for the conventional diffusion iteration without proximal steps. We subsequently show
that this mapping is contractive and invoke Banach’s fixed-point theorem [82] to conclude
that the proximal diffusion mapping has a unique fixed-point. We first introduce some

notation and definitions. Thus, let
r=col{xy,29,...,2x5} € RMY (2.15)

denote an N x 1 block-column vector, where each x; is M x 1.

Definition 2.1. (Combination Operator) The combination operator Ty : RMN — RMN g

defined as the linear mapping:
N
TA(ZL‘) £ (AT ® ]M)J,’ = col {Z agkl’g} (216)
=1

where A = [ag] is an N x N left-stochastic matriz and @ denotes the Kronecker product

operation. O

Definition 2.2. (Block Gradient Descent Operator) The block gradient descent operator

T : RMN 5 RMN s defined as the non-linear mapping:

Ty — vajl(xl)
Ta(z) 2 : (2.17)

TN — #VwJN(ﬂCN)
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Definition 2.3. (Stochastic Block Gradient Descent Operator) The stochastic block gradient

descent operator T : RMN — RMN s defined as the non-linear mapping:

Ty — Mﬁl(wﬁ
To(z) 2 s = To(e) + ps(x) (2.18)

o~

xn — 1V n(TN)

where

s(x) = col {s1(x1),...,sn(zN)} (2.19)
is the (block) gradient noise vector. O
Definition 2.4. (Block Proximal Operator) The block proximal operator Tp : RMN — RMN

is defined as the non-linear mapping:

Prox,, g, (x1)

Tp(x) £ : (2.20)

Prox g (xn)

O]

Using these operators, we can then rewrite the proximal diffusion algorithm ([2.11a))—(2.11b))

more compactly as the following concatenation of operators in terms of the network vector

w; = col {w1;,...,wy;}:
w; = Tpa(wi—1) £ Ty o Tp o Te(w;_y) (2.21)
Without gradient noise, this relation reduces to:
w; = Tpa(wi—1) £ Ty o TpoTg(wi) (2.22)

Fig. displays the stochastic proximal diffusion implementation as a cascade of operators.

The following operator properties were derived in |25] for diffusion without proximal steps:
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Ta(") € € )

w; = { W1, w2, e WN i }

Figure 2.1: Proximal diffusion as a cascade of operators.
. (Linearity): T4(-) is a linear operator.

. (Non-negativity): P[x] > 0.

. (Scaling): For any a € R, Plax| = a*P|x].

. (Additivity): Suppose & = col{xy,...,xx} and y = col{y,,...,yx} are random

N x 1 block vectors and furthermore Ex]y, = 0. Then

EP[x + y] = EP[x] + EP|z]. (2.23)

. (Variance relations):
P[Ta(z)] = AT P|z] (2.24)
PTe(z) = To(y)] 2 +*Plz — ] (2.25)

where

(2.26)



6. (Block Maximum Norm): The co—norm of P[z] is the squared block maximum

norm of z:
_ 2 AL 2
[ P[z]lloc = |7]lp00 = max (||l (2.27)

7. (Preservation of Inequality): Suppose vectors x, y and matrix F' have non-negative

entries, then x <y implies Flx <X Fy.

In order to incorporate the proximal operator into the analysis, we need an additional prop-

erty:

Lemma 2.1 (Variance of Proximal Operator). Suppose each Ry (-) is a closed, convex func-

tion (i.e., its epigraph is a closed, convex set), then
P[Tp(z) = Tp(y)] = Plz —y]. (2.28)

Proof. See Appendix 2.A] O

2.5 Main Results

2.5.1 Fixed-Point of Deterministic Recursion

Lemma 2.2 (Contractive Mapping). The deterministic proximal diffusion operator Tyq(-)

defined in satisfies

1Tpa(2) = Toa(¥)llo,0 < 7+ 12 = yllboo (2.29)
with v 2 1 — 2\ min + #2\2,,., and where || - ||y denotes the block maximum norm [1]. The
condition on p to guarantee y* < 1 is:

2)\min
0<p< 2 (2.30)

max
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It then follows from Banach’s fized point theorem [82,83] that w; = Tya(wi—1) converges to

a unique fized-point, ws,, geometrically.

Proof. See Appendix [2.B] O

2.5.2 Bias Analysis

o

unreg* In

Now we analyze how far this fixed point wy, is from the desired global solution, w

steady-state, the deterministic fixed-point equation (2.22)) can be unfolded as follows:

Pk,o0 = PIOX, g, {wWi.00 — WV Ji(Wk 00) } (2.31a)

N
W00 = Z Aok Pr,00 (2.31b)
=1

To proceed, we introduce an assumption of bounded sub-gradients, which is common in the
sub-gradient [26}|77] and distributed proximal gradient [46] literature, namely, that for every

agent k, the set of sub-differentials 0, R; ®(w) is uniformly bounded, i.e. for all w:

10w B (w) || < (2.32)

g

for some non-negative constant 7, ®. For convex functions, the statement is equivalent to

requiring R;"®(w) to be Lipschitz continuous with constant 7,"®. For the scaled costs Ry (w) £

Ry (w), condition (2.32)) translates to:
10w Ry (w)]| < p'n7® 2 my = O(n”) (2.33)

Now we subtract Egs. (2.31a) and (2.31b)) from wy,,, and define the error variables wy, o, =

unreg

o 3 1 .
Wonreg — Wk,co- This leads to the error recursion:

gk,oo = Wyoo + UV Jp(Whoo) + H’a/w-\Rk;(¢k:oo) (2.34a)
N ~

ka,oo = :g:: afkgb&co (2.311b)
(=1
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Using the mean-value theorem [1,[84], we can write:
Vka<wk,oo) = Vka(wﬁmeg) — Hk’oo@k,oo (235)

where Hy, o, denotes the Hessian of Jy(w) at wy .. We get

51@002 ([M_MHk,oo) ’a)/k,oo—i_,uth]k(wﬁnreg)—i_:uaw/\Rk(qsk,oo) (31&)
N ~

ﬂjk,oo: Z aek@i,oo (31b)
/=1

We next introduce the following extended vectors and matrices:

Woo £ COL{W] o0, -+, WN 00} (2.37)
A2 AR Iy (2.38)
Hoo 2 diag {H) oo, -, Hyoo (2.39)
Boo = .AT(]MN - MHOO) (240)
9° = ol { Vi J1 (Wreg): - - -+ Vo N (Wihreg) } (2.41)
roo 2 ol {0,y (910, OuBin(6v0) | (2.42)
With these quantities, relations (31a)-(31b) lead to:
Woo = Booloo + AT (¢° + 7o) - (2.43)

Because A is a left-stochastic and primitive matrix, it admits a Jordan decomposition of the

form A =V JV!

T e R o4

where all diagonal entries of J, are inside the unit circle and J. consists of Jordan blocks

with the value € on the first lower diagonal instead of ones [1,23]. Pre-multiplying both sides
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of by VI = VT ® I, gives:
Woo = BoolWoo + VAT (¢° + 7o) (2.45)
where Wy, = VI, and By, = VI Boo (V71T Tt follows that
Woo = 11 (Tin — Boo) " VIAT (¢° 4 720) . (2.46)

It was shown in |1, p. 541, Lemma 9.4] that, for sufficiently small step-sizes, it holds that

o/w | on)
o) |on)

(Inun = Ba) ' = (2.47)
where the leading (1,1) block has dimensions M x M. It can further be verified from the
decomposition of V; in (2.44)), that

N D Ri(De.00
VIAT (¢ +1a) = 2zt PO Rl Beco) (2.48)

O(1) + VEATry

Theorem 2.1. Under assumption and for small p, the steady-state bias of the deter-

manistic proximal diffusion recursion is bounded as:
[wWhnreg = Whooll* < O (1) + O(1?) (2.49)
Proof. The result follows from ({2.33]) and (2.47)—(2.48]). O

2.5.3 Evolution of Stochastic Recursion

. . . _ s o
We now examine how close the stochastic recursion w; = T'pq(w;_1) approaches wy, ... For

this purpose, we introduce the mean-square perturbation vector at time ¢ relative to wx:

MSP; £ col {Ellwy,; — weol’} € RY (2.50)
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Lemma 2.3. The MSP at time ¢ can be recursively bounded as:
MSP; < (v* +2p°B%) ATMSP;_y + p*d (2.51)

where d = O(1). A sufficient condition on p for stability of is:

2)\rnin

—_ 2.52
A VRN 2 (2.52)
It follows that
limsup ||[MSP;||oc = O(p). (2.53)
1—>00
Proof. See Appendix n

The following theorem ties all results together.

Theorem 2.2. For sufficiently small step-sizes and v>1/2, the steady-state MSD of the

proximal diffusion algorithm ([2.11al)—(2.11Db]) is

lim sup IE||wﬁnreg —wy||* = O(u) (2.54)
1—>00
Proof. The result follows from (2.49)) and (2.53)). O

2.6 Numerical Results

Consider a network of N = 10 agents and M = 20. The network topology is shown in
Fig. [2.21 Observations {dy(i), ux;} for each agent k are generated according to the linear

o

regression model dy = wgwy, o0

+ vy, where uy; and v, (i) are zero-mean Gaussian random
variables with power shown in Fig. [2.3l The true wy,,., is sparse with only one non-zero
element. For the special case with Jy(w) = E||d), — wpw||* and R;*®(w) = ||w||;, we compare
the performance of the regularized proximal diffusion implementation — and

the unregularized diffusion implementation (2.4al)—(2.4b)). Fig. displays the steady-state

MSD for different choices of the step-size parameter.
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Figure 2.2: Network topology. Figure 2.3: Data statistics.

2.A  Proof of Lemma 2.1]

We first note that for some generic regularization term that closed and convex, the solution

of the proximal operator exists, is unique, and satisfies the following non-expansiveness

property [35]:
[prox,, g(z) — prox,z(Y)[| < llz -y (2.55)
Now, from the definitions of Tp(:) and P[] in:

Iprox,, g, (1) = prox,g, (y1) |I”
P[Tp(z) = Tp(y)] =

[prox,, y, (xx) = prox, g, (yn) II*

(At
=
2 — yn I
= Tl — g (2.56)
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Figure 2.4: Performance comparison for v = 1.

2.B  Proof of Lemma [2.2]

Apply the operator properties from the previous section

P[Tale) = Toaly)] =P[Tae Tr o To(w) = Tao Tr o Taly)]
2utp [Tp o T (z) — Tp o T (y)]
(gb)ATP [Te(z) — Ta(y)]

(c)
CATYP [z —y (2.57)

where (a) and (c) are due to the variance relations of operators and (b) is due to Lemmal[2.1]

Now,

1P[Tpa(x) = ToaWllleo < AT P [z — 3] ||
<A™ [l - 1P [2 = 9] [l
=7 Al - 1P [z — 3] [l

=7 1Pz -yl = (2.58)
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Inequality (2.29) follows after applying the block maximum norm property (2.27). The
condition on p follows from the expression for 72 ([2.26)).

2.C Proof of Lemma [2.3

The entries of this perturbation vector satisfy the following inequality recursion:

MSP; £ EP[w; — wy]
= EP |:TA @) Tp ©) Tg<wi_1) — TA @) Tp @) Tg<woo)]
= EP |:TA (Tp @) fg<wi_1) — Tp @) Tg<woo)>i|
(a) _
=< ATEP |Tp o Tg(w; 1) — Tp o Ta(ws) |
(®) _
< ATEP [TG(wi,l) - Tg(woo)}
9 ATEP [Te(wio) + pisi (wio1) — To(wso)]
D ATEP [To(wi1) — Ta(wa)] + u2ATEP [s; (wi_1)]
(@)
= ’}/QATEP ['wi_l — woo] + ,LLQATEP [Si (wi_l)]

= 2AT - MSP;_; + 2 ATEP [s; (w;_1)] (2.59)

where (a) and (e) are due to the variance properties, (b) is due to Lemma [2.1] (c) is due to
the definition of Tg('), and (d) is due the additivity property. Computing the co—norm of
both sides of (2.51]) on both sides yields:

IMSPi]lse < || (v* + 21°8%) ATMSP;_1 + p%d|o

< (2 +24287) IMSP;_1 [l oo + 12| d| o

so that

. pld]| oo
] MSP; || < — 2.
i sup [MSP; | < D — (02 T ) O(p) (2.60)
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CHAPTER 3

General Regularizers

We now consider general convex regularizers Ry (w), which are no longer required to be small
or have bounded sub-gradients. We will further relax assumptions on the differentiable parts
of the cost function Ji(w) and consider a broader class of updates with respect to Ry(w)

than the proximal step. The material in this chapter is largely based on the works [51,/68].

The purpose of this chapter is to develop and study a distributed strategy for Pareto
optimization of an aggregate cost consisting of regularized risks. Each risk is modeled as the
expectation of some loss function with unknown probability distribution while the regulariz-
ers are assumed deterministic, but are not required to be differentiable or even continuous.
The individual, regularized, cost functions are distributed across a strongly-connected net-
work of agents and the Pareto optimal solution is sought by appealing to a multi-agent dif-
fusion strategy. To this end, the regularizers are smoothed by means of infimal convolution
and it is shown that the Pareto solution of the approximate, smooth problem can be made
arbitrarily close to the solution of the original, non-smooth problem. Performance bounds
are established under conditions that are weaker than assumed before in the literature, and

hence applicable to a broader class of adaptation and learning problems.

3.1 Introduction

The objective of distributed learning is the solution of global, stochastic optimization prob-
lems across networks of agents through localized interactions and without information about
the statistical properties of the data. Using streaming data, the resulting strategies are adap-

tive in nature and able to track drifts in the location of the minimizers due to variations in
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the statistical properties of the data. Regularization is one useful technique to encourage or
enforce structural properties on the sought after minimizer, such as sparsity or constraints.
A substantial number of regularizers are inherently non-smooth, while many cost functions
are differentiable. These article proposes a fully-decentralized and adaptive strategy that
is able to minimize an aggregate sum of regularized costs. To do so, we fully exploit the
structure of the individual objectives as sums of differentiable costs and non-differentiable
regularizers.

Notation: Throughout the manuscript, random quantities are denoted in boldface. Matrices
are denoted in capital letters while vectors and scalars are denoted in small-case letters. The

symbol < denotes a regular inequality, while < denotes an element-wise inequality.

3.1.1 Problem Formulation

We consider a strongly-connected network consisting of NV agents. For any two agents k and ¢,
we attach a pair of non-negative coefficients {agp, axe} to the edge linking them. The scalar
ag is used to scale data moving from agent ¢ to k; likewise, for ag,. Strong-connectivity
means that it is always possible to find a path, in either direction, with nonzero scaling
weights linking any two agents (either directly if they are neighbors or indirectly through
other agents). In addition, at least one agent k in the network possesses a self-loop with
arr > 0. This condition ensures that at least one agent in the network has some confidence
in its local information. Let N} denote the set of neighbors of agent k. The coefficients {ag }

are convex combination weights that satisfy

ap >0, Y aw=1, ag=0if (¢ N; (3.1)

LeN,
If we introduce the combination matrix A = [ag], it then follows from and the strong-
connectivity property that A is a left-stochastic primitive matrix. In view of the Perron-
Frobenius Theorem [1,23.24], this ensures that A has a single eigenvalue at one while all other
eigenvalues are inside the unit circle, so its spectral radius is given by p(A) = 1. Moreover,

if we let p denote the right-eigenvector of A that is associated with the eigenvalue at one,
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and if we normalize the entries of p to add up to one, then it also holds that all entries of p
are strictly positive, i.e.,

Ap=p, 1T7p=1, p,>0 (3.2)

where the {px} denote the individual entries of the Perron vector, p [1].

We associate with each agent k a risk function Ji,(w) : RM — R, assumed differentiable.
In most adaptation and learning problems, risk functions are expressed as the expectation of
loss functions. Hence, we assume that each risk function is of the form Ji(w) = E Q(w;x),
where Q(+) is the loss function and « denotes random data. The expectation is computed
over the distribution of this data (note that, in our notation, we use boldface letters for ran-
dom quantities and normal letters for deterministic quantities or data realizations). We also
associate with agent k a regularization term, Ry(w) : R — R, which is a known determinis-
tic function although possibly non-differentiable. Regularization factors of this form can, for

example, help induce sparsity properties (such as using ¢; or elastic-net regularizers) [86/-88|.

The objective we are interested in is to devise a fully distributed strategy to seek the

minimizer of the following weighted aggregate cost, denoted by w?:

w’ = arg min Zpk {Jp(w) + Ri(w)} (3.3)

weRM

The weights {py} indicate that the resulting minimizer w® can be interpreted as a Pareto
solution for the collection of regularized risks {Jy(w) + R (w)} [1L25] and will depend on the
entries of the Perron eigenvector in a manner specified further below. We are particularly
interested in determining this Pareto solution in the stochastic setting when the distribution
of the data x is unknown. This means that the risks Jx(w), or their gradient vectors, are
also unknown. As such, approrimate gradient vectors will need to be employed. A common
construction in stochastic approximation theory is to employ the following choice at each
iteration ¢ [1}§]:

Vie(w) = VQu(w;z;) (3.4)

where x; represents the data that is available (observed) at time . The difference between
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the true gradient vector and its approximation is called gradient noise. This noise will seep
into the operation of the distributed algorithm and one main challenge is to show that,
despite its presence, the proposed solution is able to approach w® asymptotically. A second
challenge we face in constructing an effective distributed solution is the non-smoothness
(non-differentiability) of the regularizers. Motivated by a technique proposed in [89] in the
context of single agent optimization, we will address this difficulty in the multi-agent case
by introducing a smoothed version of the regularizers and then showing that the solution
w? can still be recovered under this substitution as the size of the smoothing parameter is
reduced. We adopt a general formulation that will be shown to include proximal iterations

as a special case.

3.1.2 Related Works in the Literature

The literature on distributed optimization is extensive. Some early strategies include in-
cremental [90], consensus or decentralized gradient descent [26}29,91,92], and the diffusion
algorithm [1,22,2527,93]. When exact gradients are employed, these strategies converge to a
small area around the minimizer of the aggregate cost at a linear rate [25,29]. Exact conver-
gence requires diminishing step-sizes, resulting in sublinear rates of convergence. A number
of more recent works focusing primarily on deterministic optimization, have proposed vari-
ations yielding linear rates of convergence pursued either by employing corrections in the
primal domain [28}30,94-102] or primal-dual strategies [103H112] where [28}/101,/104,/111]
allow for stochastic gradient approximations and [97,/107] consider empirical risk minimiza-
tion problems. In many applications, the choice p, = ]lv for all k is desirable, corresponding

1

to an equally weighted Pareto solution. A number of works develop algorithms for p, =

over directed graphs [113-115].

One common method for handling non-differentiable cost functions is the utilization of
sub-gradient recursions, where the ordinary gradient is replaced by sub-gradients [26],91,
92,/104,(105,|111]. Most often, these works assume the sub-gradients are bounded. This

condition is not satisfied in many important cases of interest, for example, even when Ji(w)
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is simply quadratic in w (as happens in mean-square-error designs) or when the Rj(w)
are indicator functions used to encode constraints. Variations for specific choices of costs
functions are examined in [41-44] where only the subgradients of Ry(-) are required to be
bounded. The work [34] generalized these conditions to allow for (sub-)gradients that are
“affine-Lipschitz”, which holds for many, but not all costs and regularizers of interest, such
as indicator functions. For the case when the Ry(w) are chosen as indicator functions in
constrained problem formulations, as an alternative to projection based schemes [91},92}104}
105], a distributed diffusion strategy based on the use of suitable penalty functions was

proposed and studied in [33].

Some other studies pursue distributed solutions by relying instead on the use of proxi-
mal iterations (as opposed to sub-gradient iterations); an accessible survey on the proximal
operator and its properties appears in [49]. For example, for purely deterministic costs,
distributed proximal strategies are developed in [30,46,95],96,098]. Stochastic variations for
mean-square error costs with bounded regularizer subgradients are proposed in [47,/48] for
single-task problems and in [35] for multi-task environments. A strategy for general stochas-

tic costs with small, Lipschitz continuous regularizers is studied in [50].

3.1.3 Contributions

The purpose of this chapter is to propose a general distributed strategy and a line of analysis
that is applicable to a wide class of stochastic costs and non-differentiable regularizers. The
first step in the solution will involve replacing each non-differentiable component, Ry (w), by

a differentiable approximation R{(w), parameterized by 6 > 0, such that

lw® = w§||* < O(5) (3.5)
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The accuracy of the approximation is controlled through the smoothing parameter §. Sub-

sequently, we will solve for the minimizer:

w§ = arglinin Zpk {Jh(w) + Ry (w)} (3.6)

k=1
Smoothing non-differentiable costs via infimal convolution [89}/116,117] is a popular technique
in the deterministic optimization literature, and it can be used to motivate some known
algorithms, such as the proximal point algorithm [49]. The technique has been mainly
developed for deterministic optimization by single stand-alone agents. In this chapter, we
pursue an extension in two non-trivial directions. First, we consider networked agents (rather
than a single agent) working together to solve the aggregate optimization problem (3.3
(or (3.6)) and, second, the risk functions involved are a combination of stochastic costs
defined as the expectations of certain loss functions and deterministic regularizers. Moreover,
the probability distribution of the data is assumed unknown and, therefore, the aggregate
risks themselves are not known but can only be approximated. The challenge is to devise
a distributed strategy that is able to converge to the desired Pareto solution despite these

difficulties.

We note that an alternative smoothing procedure by means of adding small stochastic
perturbations is considered in [118] and extended to decentralized stochastic optimization
in [119], requiring bounded subgradients. In contrast, our focus is on smooth stochastic
risks regularized by non-smooth, deterministic risks. Splitting the smooth stochastic part
from the non-differentiable deterministic risk, and smoothing only the deterministic risk via

a deterministic procedure will allow us to only require looser bounds on both components.

In the next sections we will explain how to construct the smooth approximation, RS (w),
by appealing to conjugate functions and will show that the distance ||w® —w§|| can be made
arbitrarily small for 6 — 0. We then present an algorithm to solve for the minimizer of
in a distributed manner and derive bounds on its performance. The analysis in future sections

will rely on the following common assumptions |1}22,27]:

Assumption 3.1 (Lipschitz gradients). For each k, the gradient V Ji(+) is Lipschitz, namely,
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there exists Ay > 0 such that for any x,y € RM:

IVJi(z) = VI ()l < Avllz =yl (3.7)

]

Assumption 3.2 (Strong Convexity). The weighted aggregate of the differentiable risks is

strongly convez, namely, there exists A, > 0 such that for any x,y € RM:

N
(x—y)" - Zpk (Vuwdk(z) = Vi di(y)) > Alle -yl (3.8)

k=1
0
Assumption 3.3 (Regularizers). For each k, Ry(-) is closed convex. O

3.2 Algorithm Formulation

3.2.1 Construction of Smooth Approximation

To begin with, following the works [89,|116], we explain how smoothing of the regularizers
is performed. Thus, recall that the conjugate function, denoted by Rj(w), of a regularizer
Ry (w) is defined as

Ri(w) = sup {w'u—Ry(u)}. (3.9)

uedom Ry,
A useful property of conjugate functions is that Rj(w) is always closed convex regardless of

whether Ry (w) is convex or not.

Definition 3.1 (Proximity function [89]). A prozimity function d(-) for a closed convez set
C' is a continuous, strongly-convex function with C' C domd(-). We center and normalize
the function so that

min d(w) =0 (3.10)

wel
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and

arg min d(w) =0 (3.11)

weC
which exists and is unique, since d(w) is strongly-convex. Furthermore, the prozimity func-
tion is scaled to satisfy the following normalization (which means that its strong-convezity
constant is set to one):

d(w) > 5wl (3.12)
O]

Definition 3.2 (Smooth approximation [89]). We choose a proximity function over C' =
dom R} (w) and define the smooth approximation of Ry (-) as:

R)(w) £ max  {w'u— Rj(u)—6-d(u)}

u€dom R}

=(R;+d-d)" (w) (3.13)

]

The maximum in is attained for all w since R} (u) + ¢ - d(u) is strongly convex. Thus,
observe that the smooth approximation for Ry(w), which we are denoting by Rf(w), is
obtained by first perturbing the conjugate function Rj(u) by ¢ - d(u) and then conjugating
the result again. The perturbation makes the sum R} (u)+d-d(u) a strongly-convex function.
The motivation behind this construction is the fact that the conjugate of a strongly-convex
function is differentiable everywhere and, therefore, RS (w) is differentiable everywhere. This
intuition is formalized in the following known theorem [89], preceded by an elementary

lemma [120].

Lemma 3.1 (Conjugate subgradients [120]). If G(-) is some closed and convex function, the

subgradients of G(-) and its conjugate G*(-) are related as:
v € 0G(w) +— w € 0G*(v) (3.14)

Proof. The theorem is from [120]. For reference, the proof is repeated in Appendix . O
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Theorem 3.1 (Gradient of smooth approximation [89]). Any R (w) constructed according

to (3.13) is differentiable with gradient vector

VR (w) = argmax {w'u— Rj(u) —§-d(u)}. (3.15)

u€dom R}

Furthermore, the gradient is co-coercive, i.e., it satisfies:
(x =)' (VE(z) = VEL(Y)) = 0|V Ry(x) = V() (3.16)
By Cauchy-Schwarz, this implies Lipschitz continuity, i.e.,
IVRY) - VRN < zlle — ol (317

Proof. The theorem is from [89]. For reference, the proof is repeated in Appendix ]

The feasibility of stochastic-gradient algorithms for the minimization of (3.6) hinges on the

assumption that (3.15) can be evaluated in closed form or at least easily. Fortunately, this

is the case for a large class of regularizers of interest — see [79] for an overview of closed
1

form solutions in the special case d(-) = 3| - |* and [891/116] for other distance choices. For

example, for every function where the proximal operator [49]:
5 : 1 2
Ry (w) = min | Ry(w) + 2—5||w — ul| (3.18)
can be evaluated in closed form, we can let d(-) = 1| - |* and obtain [49]:

VR;(w) = - (w — proxsp, (w)) . (3.19)

ST

Depending on the regularizers Ry(+), other proximity functions may be more appropriate [89].

We point out that the smooth approximation ({3.13)) can equivalently be written as [116]:

R(w) = min {Rk(u)+5~d* (“’;“)} (3.20)

uedom Ry
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To verify this, observe that

Rjw)= min {Rk(u) +4-sup {ZT (w;“) —d(z)}}
— min {Rk(u)+sgp{zT(w—u)—5~d(z)}}

uedom Ry,

= sup {i%f {—2Tu+ Rp(u)} +2Tw—46- d(z)}

= sup {—Sgp {Ri(u) — 2"u} +2Tw—14- d(z)}

=max {z'w—Rj(z) —§-d(z)} (3.21)
Expression (3.20]) is known as the infimal convolution.

3.2.2 Accuracy of the Smooth Approximation

Replacing the original optimization problem by the smoothed cost naturally re-
sults in a bias, since the new minimizer w§ will generally be different from the original
minimizer w’. This bias, when not properly controlled, can degrade the performance of the
algorithm. For this reason, a number of works have examined the smoothing bias introduced
through conjugate smoothing under various conditions on the cost functions. In the cen-
tralized setting, when N = 1, it has been established that R?(w) — Rj(w) both pointwise
and epigraphically, which implies w§ — w° as § — 0 [121], while [122] showed a sum of
costs Z]kvzl pr Ry (w), when smoothed individually, will continue to converge epigraphically.
While encouraging, these results do not guarantee a rate at which w§ — w?, complicating
the choice of the smoothing parameter . Pointwise convergence has been strengthened to
uniform convergence, i.e., |Ry(w) — R (w)| < O(8) for costs with bounded subgradients for

N =1 [89,116] and for a collection of costs, each with bounded subgradients in [117].

We present here a variation of these results by restricting ourselves to strongly-convex
costs, but allowing for regularizers with unbounded sub-gradients and establishing ||w® —

wg||? < O(0) rather than simply wg — w®.

Theorem 3.2 (Accuracy of smooth approximation). The bias introduced by smoothing the
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original problem diminishes linearly with 9, i.e.,
9 N

Ju — gl < = " mdd () = 00) 3.2
k=1

where r{ € ORy(w®) such that
N
> oAV () + 17} =0 (3.23)
k=1

This collection of {ry} is guaranteed to exist, since w® 2 argmin 3. | pr {Ji(w) + Ri(w)}.

Proof. Appendix 3.C] O

3.2.3 Regularized Diffusion Strategy

Now that we have established a method for constructing a differentiable approximation for
each regularizer, we can solve for the minimizer of (3.6)) by resorting to the following (adapt-

then-combine form of the) diffusion strategy [1,22,27]:

—

Bri = Wi — 1tV Jp(Wpi1) — pV R (wyi1) (3.24)
N

Wy, = Z kP (3.25)
/=1

where © > 0 is a small step-size parameter. In this implementation, each agent k first
performs the stochastic-gradient update , starting from its existing iterate value wy,;_1,
and obtains an intermediate iterate ¢, ;. Subsequently, agent k consults with its neighbors
and combines their intermediate iterates into wy,; according to . Motivated by the
construction in [33], we can refine (3.24)-(3.25) further as follows. We first introduce an
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auxiliary variable 4, ; and rewrite (3.24) in the equivalent form:

—

Dri = Wri—1 —pV Jp(Wei-1) (3.26)

Vi = Pri — BV R (Wi 1) (3.27)
N

Wi = Z ekt (3.28)
=1

We can now appeal to an incremental-type argument [90L(123] by noting that it is reasonable
to expect ¢, ; to be an improved estimate for w§ compared to wy ;1. Therefore, we replace

wy;i—1 in (3.27) by ¢, and arrive at the following regularized diffusion implementation.

Algorithm 3.1 Regularized Diffusion Strategy

Gpi = Wiio1 — 1V T (Wi i1) (3.29)
":bk,i = ¢k,z’ - MVRIi(‘ﬁk,i) (3.30)
N
Wy = Z Py (3.31)
=1
Example 3.1 (Proximal Diffusion Learning). Choosing d(w) = $|lw||? turns the smooth
approzimation (3.13)) into
. 0 ’
Rifw) = (Ritw) + 5l (3.32)

which is the well-known Moreau envelope [49]. It can be rewritten equivalently as

R}(w) = min (Rk(w) + %Hw _ uH2> (3.33)

where the minimizing argument is identified as the prozimal operator:

u

1
proxsp, (w) = arg min (Rk(w) + %Hw — u||2> (3.34)

For many costs Ry.(w), the prozimal operator can be evaluated in closed form. The gradient
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of the Moreau envelope can also be written as

VR (w) = - (w — proxsp, (w)) . (3.35)

ST

This allows us to rewrite iterations (3.29)—(3.31) as

Gpi = Wi _ﬂﬁkz(wkz,i—l) (3.36)
[ [
Vi = (1 - g) Pri T gpl"oxaRk(¢k,z‘) (3.37)
N
Wy, = Z ek Py (3.38)
=1

which is a damped variation of the proxzimal diffusion algorithm studied in [50] under the

stronger assumption of small Lipschitz continuous reqularizers. [

3.3 Convergence Analysis

3.3.1 Centralized Recursion

We now examine the convergence properties of the diffusion strategy (3.29)—(3.31). To do
so, and motivated by the approach introduced in [27], it is useful to introduce the following

centralized recursion to serve as a frame of reference:
N N
Wi = Wi—1 — szkvjk<wi—1) — MZPkVRi(wi—l) (3.39)
k=1 k=1

This recursion amounts to a gradient-descent iteration applied to the smoothed aggregate
cost in (3.6)) under the assumption that the risk functions (and therefore their gradients) are
known. For convenience of presentation, we introduce the central operator T.(x) : RM — RM

defined as follows:

T.(z) 2 x—p ZkaJk(x) — uZkaRi(x) (3.40)
k=1 k=1
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so that the reference recursion (3.39) becomes w; = T.(w;_1).

Lemma 3.2 (Contraction mapping). Assume p < 2. Then, the centralized recursion (3.39))

satisfies

ITe(z) = Te()]l < vellz =yl (3.41)

where v, > 0 can be made strictly less than one by selecting sufficiently small p and is given

by:

)\2
’yc—l—u)\L—i—/f(z_U%). (3.42)

From Banach’s fized point theorem [82] and (3.40), we conclude that for sufficiently small p,

w; = Tp(w;—1) converges exponentially to the unique fizved-point w$, the minimizer of (3.6)).

Proof. Appendix [3.D] O

3.3.2 Network Basis Transformation

We are now ready to examine the behavior of the diffusion strategy (3.29)—(3.31)), which
employs stochastic gradients. Structurally, our argument follows those in [27] in the absence
of regularizers. We begin by introducing the following extended vectors and matrices, which

collect quantities of interest from across all agents in the network:

w; = col {wy;, ..., wx;} (3.43)

AL AR Iy (3.44)
g(w;) = col {V, Ji(w1,), ..., VI n(wy,)} (3.45)
Gwy) 2 col {ﬂ?l (w1), ..., ﬁfmww)} (3.46)
r(w;) £ col {V, R} (w1,), ..., Vo Ry (wn,)} (3.47)
g(wi) = r(w; —pg(wi)) (3.48)
qwi) = r(w; —pg(wi)) (3.49)
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Using these definitions, iterations (3.29)—(3.31) show that the network vector w; evolves

according to the following dynamics:
w; = .AT Wi—1 —,M.AT (E(Wlfl) + a\(Wlfl)) (350)

By construction, the combination matrix A is left-stochastic and primitive and hence admits

a Jordan decomposition of the form A = V.JV_~! with [1,27]:
Vi=|p V|, J= LV = (3.51)

where J, is a block Jordan matrix with the eigenvalues Ay(A) through Ay (A) on the diagonal
and € on the first lower sub-diagonal. The extended matrix A then satisfies A = V. JV !
with V.=V, ® Iy, J = J® Iy, V-1 = V' @ Iy. Multiplying both sides of (3.50) by VI

and introducing the transformed iterate vector w; = VI w;, we obtain
I T TyT ~
wi =T Wiy —pd Ve (Gwiz1) +q(wi-1)) (3.52)

Following [1},27], we can exploit the structure of the decomposition (3.51)) to provide further
insight into this transformed recursion. Let w; = col {w.;, W, ;}, where w.; € RN*1 and

We; € RV=UMXL Then recursion (3.52) can be decomposed as

We; = w1 —p(p' @ In) (Gwict) + Twis1)) (3.53)

Wei = T, Weim1 =T Vi (Gwic1) + @(wiz1)) (3.54)

Note from w} = VI w;, that [27]:

N
we; = (p' @ Iny) wi = Zpk Wi (3.55)
k=1
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Hence, w,; is the weighted centroid vector of all iterates wy, across the network. From

w; = (V_l)T wi on the other hand, one obtains [27]:

€

w;,=1Qw., +Vr We,i

(3.56)

so that w.; can be interpreted as the deviation of individual estimates from the weighted

centroid vector w,; across the network.

We examine the centroid recursion ([3.53)) in greater detail. Thus, note that

We; = Wej1—f (p ® IM) (Gwi—1) + q(wi_1))

= weis1—p(p' ®In) (gL @ weiot) + (1 @ wei1))

— M (pT ® [M) (gWiz1) +q(wiz1) —g(1 @ wei—1) — (1 @ wei—1))

— 1 (p" @ In) (GOWi1) + Gwi1) — g(wisa) — g(wia))
— 1 (p" ® Inr) (q(Wicr) = r(Wi1))

:T wczl ,LL(p ®IM)<Z 1+Si+’u’i*1)
where we replaced

We; 1 — [ (pT ® IM) (L ®@wei—1) +7r(1 ®wei-1))

N N
= Wei—1— 4 Zpkvjk(wc,i—l) - MZPkVRi(wc,i—l)

(3:40)
- Tc (wc,i—l )

and introduced the perturbation terms:
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It follows from that the centroid recursion is a perturbed version of the central recur-
sion introduced earlier in . The perturbation arising from disagreement across agents in
the network is captured in ¢;_;, while stochastic perturbations due to instantaneous gradient
approximations is captured in s;. The incremental implementation causes w;_ . It is there-
fore reasonable to expect that w,; will evolve close to the central variable w; from ,
which was already shown to converge to w§ in Lemma (3.2l This intuition was formalized
for the classical diffusion algorithm without regularizers in [27]. Motivated by that work, we
define w,;_; = w§ — w.;—1. Since wy is a fixed-point of T.(), i.e., w§ = T.(wg), the error

w,,;_1 satisfies the recursion
W1 = To(w) — To(weio1) + p (p" @ Ing) ($im1 + i +ui1) (3.62)
With the same perturbation terms, expression turns into
Wei :jeT We,i—1 —MJETV; (ti—l +situi g —g(l@we; 1) —r(1® wc,i—l)) (3.63)

We employ the following common assumption on the perturbations caused by the gradient

noise |1422,27].

Assumption 3.4 (Gradient noise process). For each k, the gradient noise process is defined

as
Si(Wkim1) = ﬁk(wk,z—l) — Vi (wp,i-1) (3.64)
and satisfies
E [spi(wgi1)|Fia] =0 (3.65a)
E [H Sk,i(wk,ifl)HQlfifl} < A Wy i1 1?4 o? (3.65b)

for some non-negative constants {3%,0°}, and where F;_1 denotes the filtration generated
by the random processes {wy;} for all ¢ =1,2,...,N and j <i—1, i.e., F;_y represents

the information that is available about the random processes {wy;} up to time i — 1. [
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For a block-vector & € RMN*! consisting of N blocks of size M x 1, let [27]:
Plz] = col {E [|z1]]%, ..., E |zy|*} € RV (3.66)

Note that 1TP[z] = E|/«|?>. Furthermore, let vy denote the k-th row of V7 and let

v =maxy, ||vp i ® Ip||, which is independent of y and 4.

Lemma 3.3 (Bounds on perturbation terms). The perturbation terms in (3.62) satisfy the

following bounds:

2
) V11T Plwe, ] (3.67)

Plu;_1] < g‘— (BN 11T Piwe ] + 3N P ® @, 4] + 3Pg(l @ wd)])  (3.68)

Pls; —Es;] 2 33°P[l @ w.; 1] + 35°v 2]1]1TP[W61 1] +36%P[1 ® wl] + o1 (3.69)

2 2

PE s;] < 332 ’(; Pl @ Wei1] + 35 2]11Tp[we,i_1] + 352%13[]1 ® wl] + ’5‘2 021

(3.70)

Plg(1 @ we;—1)] X 205 P[L ® W] + 2P[g(1 @ wg)] (3.71)
2 g o

Pr(l ®@ we;—1)] 2 ﬁp[]l ® Wei—1] + 2P[r(1 @ wy)] (3.72)

Proof. Appendix 3.E| ]

3.3.3 Mean-Square-Error Bounds

Using the bounds on the perturbation terms obtained in Lemma we can formulate a

recursive bound on the mean-square error.

Lemma 3.4 (Mean-Square-Error Recursion). The variances of w.; and w.,; are coupled

and recursively bounded as

~ 2 -~ 3 ’
E ||@.| | r E ||t . S‘—le + rba + 103 (3.73)
I

E”Weﬂ* E||W6,¢_1 ||2 62 b4—|-,u b5+ b(;
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where

2 4 2 4
g—2h7 —+ ,u2h8 —+ /g—ghg ||$|| + §_2h10 -+ M2h11 -+ lg_2h12

A 2 (AL
Ye=1—pAr+p

3 3
r— [ Yo + Ezhy + 1P hy Lhs 4 phy + 55hs + pPhe

2%
A 1
a = ——— =0(1)
)\L _/“’LQ_U%
s 25N || TP (Ve
a9 — = 0(1)
L= [ Jell

hy £ 9(6% + A8)a; = O(1)
hy = 35% = O(1)

hs = 3v%a; = O(1)

hy & 602020, = O(1)

hs £ 92 (N}, + %)ay = O(1)
he = 3023% = O(1)

hr £ 2a; = O(1)

1—||I7
25

hg = 3 ()\QU + 52) ag = O(l)

h10 = V2CL2 = O(l)

1 —[|7l

hyy 202 (22
u ”<U+ 25

352> az = O(1)

lI>

hio £ 17 (143X} +35%) as = O(1)
by £ 9a[|g(w)[|* = O(1)

by £ 3a1(35%||wg||® + 0%) = O(1)
by = 38%|Jwg||* +0® = O(1)

by £ 2a5 (8°(|r(1 @ w3)|]*) = O(1)

bs £ 2az[|g(1 ® wi)[I* + |TI*Val® (38N [[w§|* + No*) = O(1)
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b 2 as (39(L ® wd)||” + 38°N[[ug|2 + No?) = O(1) (3.95)

Proof. Appendix O

It is evident from expression ([3.74]) that the stability of the driving matrix I depends critically
on the fraction between the step-size p and the smoothing parameter . Motivated by this

observation, let us set, for a small x > 0:
§=pr" (3.96)

so that

%:u2“—>0asu—>0 (3.97)

Under this construction, the driving matrix satisfies

ro et O(1?) O(u*) (3.98)

O(u'*27) || Tell + O(p'*2r)

which ensures that the off-diagonal coupling terms diminish as yp,d — 0.

Lemma 3.5. Let § = /ﬁ_", % > k > 0. Then there exists a small enough w, such that

p(I') < 1. Furthermore,

E ||w,;||? O(u) + O(u'*s
limsup Jwe| - (1) + O(u™) (3.99)
—00 E || We,i ”2 O(Iul—l-Qn)

Proof. See Appendix [3.G| O

Theorem 3.3. Let § = /ﬁ_“, % > k > ;. Then it holds that for sufficiently small u,

1
1

limsup B |lw§ — wy; [|> = O(n) (3.100)

i—00

o1



Proof. We have

B ||lw§ — we; ||° = El|we; + (vpp @ Ing) we |2

<2E |we|]* + 207 E | we || (3.101)

so that the theorem follows after taking the limit and applying Lemma [3.5] m

3.4 Application: Division of Labor in Machine Learning

We illustrate the performance of the algorithm in an online machine learning problem over
a heterogeneous network. Given random binary class variables v = +1 and feature vectors
h € RM, the general objective in single-agent machine learning is to find a classifier ¢*(h),
such that

¢* = argmin Prob {c(h) # ~}. (3.102)

We restrict the class of permissible classifiers to linear classifiers of the form c(h) = h'w
with w € RM and approximate ([3.102)) by the logistic cost to obtain

A

argmin E In [1+ e_"hT“’] (3.103)

w

wO

3.4.1 Group Lasso

Regularization is an effective technique to incorporate prior structural knowledge about the
classifier into the optimization problem as a means to avoiding overfitting and improving
generalization ability. For example, when the linear classifier is known to be sparse, reg-
ularization through the ¢;-norm, also known as Lasso-regularization, has been shown to
encourage sparse solutions [88]. When there is further knowledge about the structure of the

sparsity, the group-Lasso has been proposed [124,125]. It takes the form
R(w) = Ml Drwlly =D Mellwhlh (3.104)
k k
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where

wl £ Dyw (3.105)

and D, denotes a diagonal selection matrix with entries 0 or 1 where 1’s appear for entries
of w belonging to a group. The resulting regularizer then encourages all elements of a group
to either be active or equal to zero jointly [124,125]. Note that (3.104)) is in the form of a

sum-of-costs and hence immediately decomposable.

3.4.2 Network Structure

We consider a network consisting of 3 types of agents: fully-informed (F), data-informed
(D), and structure-informed (S) agents. Fully-informed agents have access to streaming

realizations {v,(7), hy,;} as well as knowledge about a subset of covariates of w which are

k

likely to be sparse, collected in wy.

Jp(w) + Ri(w), where

These agents are equipped with the regularized cost

Je(w) = E In [1 4 e ] 4 py w2 (3.106)

Ry(w) = p1[lwlh (3.107)

for k € F. Data-informed agents have access to streaming realizations {7, (), hy;}, but no

knowledge about the structure of sparsity in w. They are equipped with

Je(w) = E In [1 4 e ] 4 py w2 (3.108)

Ry (w) =0 (3.109)

for k € D. Structure-informed agents have information about the sparsity of w, but no

access to realizations of feature vectors. They are equipped with

Jo(w) =0 (3.110)

Ri(w) = py||w (3.111)

ol
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for k € S. Similar to ordinary ¢;-norm regularization, the proximal operator of pi[lw? |4
is available in closed form as a variation of soft-thresholding. Note that ||wk|l; = || Dywl|s,
where Dy, is a diagonal matrix with D;) = 1, if the 7 — th element of w is likely to be sparse

and 0 otherwise. We then obtain

prOX(;pl”wlglll ('U)) = kaI"OX(;lele (’LU) . (3112)

It is hence possible for each agent k£ to run f. As long as at least one agent in
the network is either fully-informed or data-informed, the weighted sum of costs across the
network is strongly convex and assumptions through are satisfied. We conclude from
Theorem that all agents in the network will converge to the neighborhood of:

w’ = arg min Z Dk {E In [1 + e"’khzw] }

Y keFruD
+py - card(FUD)lwl3 + > pellwks (3.113)
ke FUS
where card(F U D) denotes the cardinality of the set F U D, i.e. the number of agents who
are either fully or data-informed. This classifier minimizes the weighted average logistic cost
across the network, hence incorporating data from all agents, regularized by the fo-norm and
weighted group Lasso. Through local interactions, both data and structural information is
diffused across the entire network, allowing all agents, irrespective of their type and available

information, to arrive at an accurate classification decision.

3.4.3 Numerical Results

Performance is illustrated on the network depicted in Fig. 3.1} consisting of a total of N = 40
agents, 20 of which are data-informed and 10 each of which are fully and structure informed
respectively. The network is heterogeneous in both the types of available information and

the noise profile of feature realizations, when data is available. Features are generated as

hii = (i) (1 1 - 0 0)T+vk(z’) (3.114)
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Fully informed

(@) — S
(10 1)’ —
Data informed

ke D

{hi, ve (i)} T o

no structure

Structure informed

keS

no data

Figure 3.1: Sample network consisting of N = 40 agents, card(F) = 10, card(D) = 20,
card(S) = 10. Fully-informed agents have access to data as well as partial structural infor-
mation. Data-informed agents observe realizations of the feature vector along with class-la-
bels, but have no information on the structure of the classifier. Structure-informed agents
do not have access to data, but do have partial information on sparse elements.
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Figure 3.2: Noise profile across the network for training (if £ € F U D) and testing.

T
where v;(i) ~ N(0,07,) and (1 1 -+ 0 0) consists of 50 leading 1’s followed by 50
trailing 0’s. It is evident, that all class information is contained in the first half of the feature
vector. This information is dispersed across the network as follows. The noise profile across

the network is depicted in Fig. |3.4.3|

Each agent with £ € F U S, i.e., fully and data-informed agents, are supplied with 5

indices, chosen uniformly at random, of irrelevant feature covariates. They use this infor-

mation to augment their cost by an appropriate regularization as in (3.107) and (3.111]).

3.A Proof of Lemma 3.1

Let v € 0G(w). From the definition of the conjugate:

G*(v) =sup (v'u—G(uw)) (3.115)

u

The optimality condition of the above supremum dictates that

0 €v—0G(w) <= w = argmax (v'u— G(u)) (3.116)

u
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Figure 3.3: Classifier performance on separate testing set.
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so for v € 0G(w), the supremum (3.115) is attained at w. Then
G*(v) =v"w — G(w). (3.117)
Now for any x (where the supremum might in general not be attained):

G*(z) =sup (z"u— G(u))

u

> 2w — G(w)
=v'w—G(w)+w(r—v)

=G*(v) +w'(z —v) (3.118)

By definition, any vector that satisfies G*(x) — G*(v) > w' (z — v) for all z is a subgradient
of G*(-) at v, i.e., w € OG*(v). The other direction follows analogously, after noting that for

closed, convex functions (G*(-))" = G(-).

3.B Proof of Theorem [3.1]
Let u® € O(R; +6 - d)*(w) = OR}(w). From Lemma this is equivalent to
w € OR;(u®) + 0 - d(u®) (3.119)
which due to optimality conditions is equivalent to
u’ = igorilz)*: {wTu— Rj(u) — 6 -d(u)} . (3.120)

Since Rj(w) + d - d(w) is strongly-convex, the minimizer u° is unique and the above holds

for any u® € OR?(w). We conclude that the set RS (w) and hence

{OR(w)} = VR)(w) = u°. (3.121)
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To prove the bound on the gradient of the smooth approximation, let u¢ = VR (w;) and
= V R} (ws) for any wy,w,. From Lemmal[3.1] this implies w;, € ORf(ug) + 6 - 9 d(ug) and
wy € OR}(ug) + 6 - 0 d(ug). From the strong-convexity of 0 - d(-), we have:

(Ri(uf) +0 - 9 d(uf) — OR; (ug) + 6 - 9 d(ug))" (uf —u3) > 0fluf — 3 (3.122)

Plugging in w; € OR;(ug)+6-0d(u) and wy € OR;(ug) +6-0d(us) as well as u = VRS (w;)
and u§ = VR (ws) yields

(w1 — ws) (VR (wn) — VRS () > | VR (w)) — VRNwa)|2 (3.123)
which is the co-coercitivity property ((3.16]).

3.C Proof of Theorem 3.2

For ease of exposition, let us introduce

w) & Zpk {Je(w) + Re(w)} (3.124)

Zpk{Jk ) + R (w)} (3.125)
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We establish a string of inequalities around the difference in function values F'(w®) — F°(w$).

On one hand, we have

v

V=

(e)

F(w’) = F°(wf)

—~

o {Te(w®) + Re(w)} = pi {Ju(w§) + R (w§)}
k=1

i {Te(@?) = Ju(w)} + > pi { Re(w®) — RY(wd) }

M= 10

b
Il
—

pr{ Je(w?) — Jp(ws) } + Zpk {Rk(wo) — max (u"wy — R} (u) — §d(u))}

WE

>
Il
—_

WE

pr Ak (w®) = Jx(wg)}

i
I

+ 3 { Buw) = (VR(wg) "wg + By(VRY(w)) + 0d (TR (w5)) }

o {e(w?) = Te(ws)} + 3 e { VR ) w” — (VR () "0 + 8d (TR (5) |

k=1

WE

>
I
—

A
eV T(wg) " (w = wg) + gLHw" —wg|*

WE

i
1L

+ 3 { VR v — (VR (wf) "wp + 6d (VRY(w5) |
k=1

N
o o T o o A o o o
pr(VIk(wg) + VR (wf)) " (w —w5)+7L||w —w5||2+§ prdd (V R) (wg))
k=1

WE

—

>

N
L — gl + S puod (VRY(w)) (3.126)
k=1

Here, (a) follows from the definition of the smooth approximation (3.13)), (b) follows from

the expression for the gradient of the smooth approximation (3.15), (¢) follows from the

T

property R*(z) £ sup, (u"z — R(u)) > y'2z — R(y) V z,y, (d) follows from the aggregate

strong convexity (3.8) and (e) follows from the definition of w§ and the minimizer of the

smoothed aggregate cost.

To prove the upper bound, we bound the bias for each agent individually. To begin with,
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note that convexity of Ji(-) and Rg(-) yields for all ri(w®) € ORy(w®):

Te(wg) = Ju(w) = (V(w?)" (w§ = w®) = Jp(w°) = Jp(w§) < (VIp(w?) (w® - wf)
(3.127)

Ri(u) — Re(w®) > (re(w®)" (u — w°) (3.128)
Then,

Je(w®) + Ry(w®) = Jp(wg) — Ry (wg)
= Ji(w’) + Ry(w’) = Jp(w§) — min { ) + 6d* ( “)

:Jk(wO)—Jk(wE)—mgn{RkU Ri(w +5d*( u>

)]

= (V) w0 ) —min o)) )+ (M) |
(V) + ()T (= wg) = dmin { ~(re(w”) v +d* (v)}
= (VJu(w°) + re(w) " (w® — wl) + 6 max {(m(wo))TU —d (U)}

2 (V) + (@) (w = wf) + 6d (s (w”)) (3.120)

< (vjk(MO))T (w° — w) —muin{(rk( (up, — +5d*<

where (a) follows after a change of variables v £ wga— “ and (b) is a result of the definition of

the conjugate function. Returning to the aggregate cost, we then have

M =

pr Ak (w®) + Ri(w)} — ZPk{Jk wg) + Ry (wg) }

k=1

>
Il
—

pe { Je(w®) + Ri(w®) — Jp(wg) + Rp(wg)}

Mz

i
1L

Mz

e { (V) ()T (w? — )} + 3 b (r(w))

=1 k=1

Z (VJp(w®) + ri(w ))} (0 —wg) + > ppdd (rp(uw®)) (3.130)

k=1

o

Il
f—-“——\
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By definition, w? is the minimizer of Z]kvz1 Pk {Jk(w®) + Re(w®)}, so there exist subgradients
ry € OR(w?), such that

> o (VJ(w®) +77) =0 (3.131)

Then,

Zpk {Jk + Rk } Zpk {Jk w5 +R6 U)(; } Zpkéd Tk 0(5) (3.132)

We conclude from ((3.126)):

N
A
—an —w§|®+ ) prdd (VR (wg)) < F(w®) — F*(wf) Zpkéd r?) (3.133)

k=1

The result follows after rearranging.
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3.D Proof of Lemma [3.2

Let a be an arbitrary real number such that 0 < a < 1. Then

ITe(2) — Te(y)|®

:Hx —y— Mipk{vjk(l’) — VJi(y) + VR (z) — VRi(y)}HQ

“lla— I + | im{m(w) - Vly) + VR) - VR W)}

—QMZpk33— (VJi(x) = Vil —2u2pkas— (VR () = VR(y))

(a) 2
<z —yl” +u2zpkHwk<x> — VJi(y) + VR{(x) - VR](y)
k=1

N
—2pgllz —yl® — 200 pi | VR(z) — VRIW)||”
k=1

(b) | 2
<llz—yl*+n ZpkEHVJk(m)—VJk(y)H +p Zpkl
k=1 k=1

L |vRie) - v |

N
—2pp o —yl* — 206> i | VR(x) — VRL(y)||” (3.134)

where (a) follows from Jensen’s inequality, strong convexity (3.8]), and co-coercitivity ((3.16]),
and (b) from |ja + b||> < L|la|®* + = ||b]|* for any a,b € RM. Since, by assumption, p < 24,

we select a = 1 — 5. This results in I—ia = 26 and allows us to cancel all terms involving
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V., R,(+) in the above inequality. Hence,

I1Te(x) = Te(w)II”

<|lz —ylI* +p Zpk
k=

2
Hm )= V()| = 2 2 = ol

UAN?
Ll =1+ 425 o = 1 = 200 ol
)\2 9
~ (-2 1__) 2~y
®) 2 A% ? 2
21—+t ) o= (3.135)
1)

where (a) is due to the Lipschitz property (3.7) and (b) is due to 1 —a < (1 — %a)2 for all
a € R. From Banach’s fixed-point theorem, we know that as long as 7. < 1, w; = T,(w;_1)
converges exponentially to a unique fixed point, which satisfies w., = T.(ws). From ([3.40)),

we conclude that

N N
> peVi(we) + > prV R (we) = 0 (3.136)
k=1 k=1

so that from (3.6)), ws, = w§.

3.E Proof of Lemma 3.3

The proof of the first three inequalities relies on the Lipschitz properties of the gradients and
the decomposition (3.53)—(3.54). First, we bound the terms arising from the disagreement
across the network. Denote the k-th element of P[] by Pyy[-]. Then

Py [ti-1]
B VJ(wes 1) — Vie(whs 1)
+ VR (w1 —pV Jp(wei1)) = VR (Wi i1 —pV Jp(wp ;)|
OB V(wes ) — V(w )

+2E VR (wei—1 —puV Je(wei—1)) — VRY (W im1 —pV Jp(wyi—1)) ||
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(b) 2
< 2)\2[] Bl wei—1 — Wk ||2 + 5 E|wei—1 —pVJIp(wei—1) — Wi +MVJk(’wk,z‘71)H2

1+ p?
< (2)‘%] + 47,11) E| Wei—1 — W i-1 H2

d 1+ 2
@ (mg i 47“) E | (vrr ® Tat) Weor |1

1+ p?
< (2)\?] +4 52” ) VE || wei |I?

1+ p?
52

— (2)\%] +4 ) V1T Plwe, 1] (3.137)

where (a) is due Jensen’s inequality, (b) and (c¢) are due to Lipschitz continuity of the

gradients and (d) is due to w; = 1 ® w.; +VLw.,;. Stacking both sides of the above
inequality yields (3.67)).

Now consider u;_1, which arises from the incremental implementation:

Py [wi-1]

E VR (wyi-1) — VR (wyi—1 —puV Jp(wyi-1))]?

—
S
=

QB BV Jy(wn) P
= 52 k k,i—1
2

- S—Q E |V Je(wii1) — VIp(Wei1) + Ve(weiy) — VJe(w?) + VI (w?)]|?
(b) 142 "
< g‘—2 (BAZPLT P[Wei 1] + 3N F [[@es | + 3]V Tk (w)]|?) (3.138)

where (a) is due to Lipschitz continuity of VR)(w) and (b) is due to Jensen’s inequality and

Lipschitz continuity of VJi(w). Upon stacking we obtain (3.68)).
Next, we bound the perturbations caused by the gradient noise s ;(wy ;) = ﬁk('wk’i_l)—
VJi(wy,i—1). While a loose upper bound can be obtained immediately from Jensen’s inequal-

ity, it turns out that the incremental implementation (3.30]) along with the co-coercivity (3.16))

of VRS (w) have a variance reducing effect on the recursion:

Puyls! + s —Es]]

(a)
< P8 + s}
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2

=E ijk('wk,i—l) — ﬁk(wk,z‘—l)

— 2
+ B | VR (whi 1 ~p (i 1)) = VR w1~V Tk(wii )|
— T
+ 28 (Vi(wyi 1) = Vi(wpi1) )
X (VRi(wk,iq —,UVJk(wk,iq)) - VRi(wk,ifl —Mﬁk(wk,iq)))
— 2
—E |[Vi(wpi 1) = VI(wpi)|

2

+E HRi(’wk,pl —uV I (wg 1)) — VRi('wk,ifl —Mﬁk(wk,iq))

9 o T
- ; E <wk,i—1 _,Uvjk(’wk,i—l) - (wk,i—l —MVJk(wk,i—1))>

% (VR (w1 =V (i 1)) = VR (whi 1~V T(wii 1))

2

(d) —
<E | Vi(wii 1) = VIi(wgi )

— 2
+ E HRi(wk,z’—l —uV I (wyi-1)) — VR (wp i1 _Mvjk(wk,i—1>>H

2

20 —
- E E HVRi(wk,iq —MVJk(wk,iq)) - VRi(wk,zel —MVJk(’wk,iq))

2

=K HVJk(wk,z;l) - ﬁk(wk,iq)

20 _ 2
— (g — 1) E HRi(’wk,iq —uV Je(wii-1)) — VR (w1 —puV J (Wi 1))
(¢) _— 2
< B||VJi(wei 1) - Vx(wyi)|
=B | spi(wei—1)|”
(d) 2 2 2
<BE|wiia|"+o (3.139)

where (a) follows from E ||z—E x||*> < E||z||? for any «, (b) follows from co-coercitivity (3.16)),
(c) follows from p < 26 and (d) is due to (3.65b)). Now from wy ;1 = we;—1 + (Vo x @ 1) We i1,

we can bound

| wg i1 H2 = ||weic1+ (Vo gk @ 1) We i HZ
= |wei1 —wd+ (Vi @ 1) Weio1 +wgl?

< 3| Wi ||* + 3021 Plwe,a] + 3||wg||. (3.140)
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where we appealed to Jensen’s inequality again. Eq. (3.69) follows after stacking. Next, note
that because | Ex|?* < E |||

P[E s?] < P[s?].

(3.141)
Subsequently,
Puy[s] = B[ VR (wy i1 =V Jy(wi i 1)) = VR (Wi 1 —pV T(wy i)
(@) 12
< 52 E(|VJ(wri1) = VIe(wii)|
2
"
= Szl swa(wii-1)ll (3.142)
where (a) is due to (3.17)), so that similarly to the above
1w s
P[E s?] = 352513[]1 ® We i) + 352§y2]1]1TP[We,¢,1]
2 1 W
+36° S P @ i) + 50’1 (3.143)
which is (3.70]). Next,
Puylg(1 @ we)] = B[V (wei-)|”
= E||VJi(wei-1) — VIe(wg) + VJp(wf)|*
<2 E | w1 —wi|]? + 2|V I (w)) || (3.144)

which implies (3.71]) after stacking. Eq. (3.72) follows analogously.

3.F Proof of Lemmma [3.4

We make use of Jensen’s inequality ||z + y|? < 2||z|* + = ||y||* for all 2,y and 0 < o < 1:

B o

2

:]E’

To(we;—1) — Te(ws) +p (pT ® IM) (tifl +ui1+si—Es;i+ ]ESi)
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2

—
S]
N

C(wc,i—l) - TC(wg) +p (pT ® IM) (ti—l +u; 1+ E Si)

H ]| (7 @ ) (- Es)

2

‘ 2

2

Tc<wc,i71) - TC(wg)

) (tz;l +u;_1 + E Si)

‘2

EH p' @ Iy) (bimi +uis +Es;)
‘2

pTP[tzel +u,1 +Es;] + ,UQPTP[Si —Es]

+ 1B | (pT®]M) (s-—Esi)

(c)

2
<’70E||wcz 1|| + — ’

1—
+ 1B (pT®IM)(s,~—IEs,-)

(d) ~
< e [P + 12
J— ’yC

(e) - RYT
< BBl + 77 pT (Pltia] + Pluca] + PEs]) + T Plsi~ B
(f) _ 32 1 2
<71 E ||’wc,z'—1||2 +1 _MV pT<<2)\2U + ;M >’/2MTP[We,z‘—1]
+5 (3/\ VU1 Plwe, 1] + SA%,P[]l ® w.; 1]+ 3P|g (]1 ® wy)])
2
+ 352 P[]l ® Wei] + 362 Q]I]ITP[WH 0+ 3ﬁ2 P[]l ® wl] + 3‘2 0211)

+2p (35213[]1 @ Wei1] + 38202117 Plw,i 1] + 362P[1 @ wl] + 0211)

- 3 1+ p?
9 el + 2 (288 + 2D )P e

+4 (SA%UQ]EHWH 1|12+3A2 E ||wei1” + 3llg(w$)I)

2
o H
+ 382 Bl 1P+ 357 uEHwMH%W |1w5\|2+5—202)

o (3/3 B @i 1| + 3652 B weiy ||2+352||wg||2+02)

(h) out(8% + N2 _
(e + 200 4 2 ) B el

3,212 1+ p? + 3u2)\ + 32 B2
(R () )

3t . . )
+ s Blou) P + 38 wgl + %) + 4 (362 g+ o)
2 2
i + 2 ~
Q ’70+5_2M+3 QBQ Ech’Z’_lHZ
AL — :ug
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po 3P 612 w92

|5 e T H N g 0+ 80 + 3087 | B wei |
A= pgte A gy AL — pig
3 3
K 9 0 1 3 ) .
T s 19 + 5 ——— AWl + 0®) + 1 (35 [|wilI* + o)
)\L_:ug_% L—ug_%

(3.145)

In step (a), cross-terms are eliminated because E {s; —Es;} = 0. Step (b) is due to 7. < 1
and Jensen’s inequality, (c) is due to Lemma[3.2] (d) and (e) follow from Jensen’s inequality.
The bounds from Lemmal[3.3]are used in (f) and (g) is due to 17 P[z] = E ||z for z € RMY
and p"P[1 @ y] = E||y|*> for y € R™. In (i), the terms are rearranged to expose the

dependence on p and § more clearly.

Now let us turn to the mean-square recursion of w, ;. First note that p(J.) = M\a(A) < 1.
Since J. has a Jordan structure, this means that we can chose € small enough, such that

|Telle = p(T"Te) < [T Telloe < 1. Then,

B we |

2
=K H‘YET Weiot +M\7€Tvg(ti—1 +ui1+s—Esi+Es;i—g(l®@w. ;1) —r(1® 'wc,i—l)) H

a)

2
=k Hjj Wei—1 +uJVE (tifl +ui g+ Es;—g(1l@we 1) —r(1l® wc,ifl))

—

+PE||TTVE (s - Esy)|

(<b) L EHJTW 1H2+'M—QE‘ jTVE(t',l—i—u;l—'—ES'
v © e VA

2 2
_g(]l ® wcyi_l) — 7"(]1 (9 wc,i—l)) ” + ,UQE ||‘7€TV; (Si — ESZ)H
() 2 \76 2 v 2
190 Bl + P g e B,

2
TP IVRI®E |5 — E sl
2542°|| T [V |*
1 —[|7ll
+E[Es|I” +E|lg(1 ® we)|* + E[lr(1 wc,i—1)||2> + A TAPIVRIPElls; —E sif|*

2512 | Jel*|[ Vel
e

—g(1@w 1) —r(l @we;1)

(d)
< Tl E [Iwemal* + <1E||tz'—1||2+15||uz'—1||2

)T B weial” + 1T (Pltii] + Plui 1] + P[E s
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+ Plg(1 @ we;—1)] + Plr(1 ®w”~_1)]> + 1| TP VRIPLT Pls; — E si]
f)

2502 | T2 | VR|I? 1+ 2
S H;ZH EHWe,i71H2+ 1% || ||||}|||R|| ((2)\2 52:“ >V2]1]1TP[W672'71]

(3/\ U1 Plwe, 1] + 3/\%]P[]l ® W, 1] + 3P]g (]1 ® wf)])

—~

52
2
+362—P[]l ® Weia] + 352 Q]I]ITP[WH ]+ 352 P[]l ® wd] + %02]1
_ 2
1205 Pl ® Wei—1] + 2Pg(1 @ wy)] + 62]3[]1 ® Wei—1] +2P[r(1® wf;’)])

2| TP IVR|PLT (35213[11 ® Wei—1] + 3020211 Plwei 1] + 352 P[1 © wg] + 0211>

) 2502 | TP Vel? 1442
E Tl B wein* + = 70 (<2X§,+ 5 >V2J\/IE|ywe,i,1\|2

t5 (3/\ VINE [wei1 >+ 3/\?1N]E [Wei—1]I” + 3]lg(1 © w)]?)

+3B2 N]Echz 1||2"|_3ﬁ2 2N]E||Wez 1||2"+‘3ﬁ2 NHw6H2+ NU
. o 2 - o
+2>\2UNE e |I” + 2]lg(1 © w)||> + »VE [Weia|” + 2[r(1 @ wa)HQ>

AT NP VRl (B8N B e | + 88202 N E || wey 1 |2+ 38N |ul)? + No?)

25 1+
- (HJ;H i NIV (120 (28 + 5+l 08+ 7)) +352>>

X B [ Wei1 |’

25 2 -
+N2N||$||2||VR||2<W (3/\(1 5 + 35 + 22 + 52) - 3ﬁ2) E||we; 1]

95,2 g 2|1Vp 12 2
MlH—j”” jn”Ru <(2+3ﬂ)||9(]1®w5)||2+35 SNl + 5 K No® + 2| <n®w5>||2>

12| TP Vil (382N g + No?)

BNV | 2B NITRIVAE (5, 1= 1)

|+ = + 2\ —3

(”‘7 | A R e A vt ’
i BN T Vil
# 1-|Jl

2 2 2 2 2
(u_50NI\$|\ Dl 2N (5., 12150

(1+38%+3X) ) E|weial?

21— |7 S A

4 2 2
wr ION| T NVRIZ 2| Bl 2
e o [EA o+ | Elesca]
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2512 | Jel*|[ Vel
L= ||l

1 2 o 11 2 1 o 2
(24395 ot @ wg)? + 38225 Mgl + 5 Vo 4 210 0w

22| TP [Val? (362N wg) + No?) (3.146)
In step (a), cross-terms are eliminated because E {s; —E s;} = 0. Step (b) is due to || J¢|| < 1
and Jensen’s inequality, (c) is due to the sub-multiplicative property of norms, (d) follows
from Jensen’s inequality, and (e) is due to 1T P[] = E||z|*>. The bounds from Lemma

are used in (f) and (g) is due to 1T P[z] = E ||z|]* for x € RMY and 1" P[1l®y| = N -E ||y|?
for y € RM.

3.G Proof of Lemma [3.5

For § = ,u%_“ and small step-sizes p,

1~y + O(2 O
. pAL + O (1) (1) (3.147)
O(u'+%+) | Tl + O(u'2)
so that
Tl = max {1 — pAp + O(u' "), || T]| + O(1*)} < 1 (3.148)

for small enough p. Since p(I') < [|T'[|; < 1, T is stable. It is also invertible and we obtain

E ||w. ;| O
lim sup e <(I-10)" () (3.149)
oo | Effwe | O(p'+2r)
Using the matrix inversion lemma, we have
- —1
P L
—O(p**) 1= ||Tll = O(u'*)

o) o) h
—O(u'**)  O(1)
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_ (3.150)

The result follows after multiplication and cancellation.

72



CHAPTER 4

Extension to Matrix Variables

4.1 Problem and Algorithm Formulation

Up to this point, we have restricted the optimization variable w and the iterates w;; to be

vector-valued. We now broaden our scope to consider problems of the form

N
wWe = argmr/nin Zpk {J(W) + R,(W)} (4.1)

k=1
where W € RN*N2 and Ji. (1) @ RV*M 5 R, Ri(-) : RM*2 — R. Problems of this form
frequently appear, for example, in image processing, when the structure of W is important.
We will illustrate an application from image reconstruction further below in section 4.3} Our

discussion in Chapter [3| motivates the following algorithm.

Algorithm 4.1 Regularized Diffusion Strategy for Matrix Variables

(I)k,i = Wk,zel - ,UVWJk<Wk,i71)
U, =&y, — pV,R(Py,)

N
Whii= Z ap Wy, (4.4)
=1

4.2 Analogy to Vector Optimization

There is no need to repeat the analysis from Chapter [3} since any problem of the form ([£.1)

can be mapped to an auxiliary problem, where the optimization variable is vector valued.
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To this end, define for W = (wy, wa, - -+ ,wy,) € RN*N with columns wy, ws, ..., wy,:

w1y
vec(W) = “ € RN (4.5)
| WA,
and the corresponding inverse operation
_ o -
anvee | | =W (4.6)
_'UJN2
We can then define auxiliary functions
J(w) = Jp(unvec(w)) @ RMN2XE 5 R (4.7)
R (w) = Ry(unvec(w)) : RN 4 R (4.8)
and an auxiliary problem
N
w’ = arg min Zpk {J2%(w) + Ry™(w)} (4.9)
Yo k=1

Running the original regularized diffusion strategy (4.2))—(4.4) on (4.9) is then equivalent to
running the regularized diffusion strategy for matrix variables (4.2)—(4.4]) on (4.1)). As such,

our conclusions and performance guarantees continue to hold.

4.3 Distributed Image Reconstruction

We consider a scenario, where an image A € R™M x R™2 is observed partially by a collection

of M agents labeled 1 through M. To formalize this, define a sampling set S, consisting of
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index pairs (r,c) of A and a sampling operator Ss[-] : RN*N — RNM*N2 The (r, ¢)-th

element of S[A] is given by:

A A(r’c) if (7‘, C) eS
Ss[A] e 2 - (4.10)

0 otherwise

The problem of reconstructing A from S[A], when S[A] is available at a centralized location
is well-studied. It is known matrix completion in the general setting, or image reconstruction
in image processing. Under the assumption that the image is smooth in the sense that A is

low-rank, the image can be reconstructed using |126]:
o _ . A 2 P2 2
W? = argmin o || Ss[A = W]l + pul| Wl + I Wl (4.11)

Here, |[W||. denotes the nuclear norm, i.e. the sum of the singular values of W:
rank(W)
Wik.= > ouW) (4.12)

=1

The nuclear norm of W corresponds to the ¢;-norm on the singular values of W, which

encourages sparse (i.e. low-rank) solutions.

If instead of A directly, we only have access to noisy perturbations of A through
A, =A+V, (4.13)
we can formulate a stochastic variation of :
W = arguiin 5 E|Ss|A; = WIIE + oi W1, + 2 (W (114

To distribute (4.14)), define additionally for every agent k, an agent specific sampling set Sy
and assume Sy NS, = 0 for all k, ¢ and UL S, = S. In other words, every agent observes

a different part of the image, while the network as a whole observes all of S. At each time
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instance ¢, agent k£ then observes
Ay = Ssns, [Al + Vi (4.15)

where V; is a zero-mean noise term. The centralized problem (4.11]) can then be decomposed

as
we = argvgnngpk {SESes 4 = W+ 206V + W)} @10
If we let
J(W) 2 LB | Ssns, [4 — W3+ 255,715 (1.17)
R(W) 2 ]| W], (4.18)

then (4.16]) is of the form of (4.1]), and hence lends itself to a distributed solution using (4.2))—

(4.4). If we let d(W) = 1||W||% in the construction of the smooth approximation, we have

ﬁk(W) = —Sgngk [Ak‘,l — W] + pQSSk [W] (419)
VR (W) = % (W — proxg) . (W)) (4.20)

The proximal operator of ||- ||, is available in closed form and corresponds to soft-thresholding

on the singular values of W [127]. We arrive at the algorithm.

Algorithm 4.2 Regularized Diffusion Strategy for Matrix Completion

D = Wi+ Ssns [A — W] — pupsSs, [W] (4.21)
7 7
W= (1 - g) D+ 3 pl"OX(gH.”*((I)k,i) (4.22)
N
Wii=> an®, (4.23)
-1
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4.3.1 Numerical Results

We present the algorithm with the image A, shown in Fig. which has been corrupted
by passing it through a sampling operator Ss[-|, where each index pair (r,¢) is either 0 or 1
with probabilities 0.2 and 0.8 respectively. The corrupted image Ss[A] is shown in Fig. [1.2]
In addition to the fact that the image is globally corrupted through Ss[-], each agent only

Figure 4.1: Original image A. Figure 4.2: Corrupted image Sgs[A].

observes a noisy subset of Ss[A]. To illustrate the flow of information, we chose the number
of agents to be M = 12 and decompose the image into 3 rows and 4 columns of blocks of

equal size. This is illustrated in Fig.

Each agent observes then at iteration i:

Ak,i = S‘gmsk [A] +V; (4.24)

where V; consists of i.i.d. elements drawn from a normal distribution with zero mean and
unit variance. Algorithm parameters are set to p = 0.9, 6 = 2, p; = 1, rhoy = 100 and
agents give equal weight to data received from each of their neighbors. The evolution of the

algorithm is shown in Figs. £.4H4.7]

7



Agent

Connection

Agent-specific
sampling mask

Figure 4.3: The sampled image is decomposed into 12 blocks of size 150 x 200. Each agent
only has access to the block it has been assigned. For example, the top-left agent only sees
the top-left block of the sampled image. Agents are allowed to exchange estimates, if their
respective blocks share an edge.
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Iteration O. lteration O. lteration O. Iteration O.

I[teration O. lteration O. I[teration O.

I[teration O. [teration O. lteration O. I[teration O.

Figure 4.4: Each agent’s estimate of the full image after a single iteration.
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Ilteration 20. lteration 20. Iteration 20. lteration 20.

lteration 20.

lteration 20. I[teration 20. Iteration 20. lteration 20.

Figure 4.5: After 20 iterations, it can be observed how the information from each agent is
radiated into its neighborhood.
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lteration 100. Iteration 100. Iteration 100. Iteration 100.

1

Ilteration 100.

Figure 4.6: After 100 iterations, the agents have almost reached consensus and continue to
refine their solution to move closer to the global minimizer.
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lteration 300. Iteration 300. Iteration 300. Iteration 300.

AERL

Ite

B

Ilterat

Figure 4.7: After 300 iterations, the full image has been recovered at every agent.
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CHAPTER 5

Decentralized Non-Convex Learning — Short-Term

Model

Driven by the need to solve increasingly complex optimization problems in signal processing
and machine learning, there has been increasing interest in understanding the behavior of
gradient-descent algorithms in non-convex environments. In this and the following Chap-
ter [0, we consider stochastic cost functions, where exact gradients are replaced by stochastic
approximations and the resulting gradient noise persistently seeps into the dynamics of the
algorithm. We establish that the diffusion learning strategy continues to yield meaningful
estimates non-convex scenarios in the sense that the iterates by the individual agents will
cluster in a small region around the network centroid in the mean-fourth sense. We use this
insight to motivate a short-term model for network evolution over a finite-horizon. In Chap-
ter [0 we leverage this model to establish descent of the diffusion strategy through saddle
points in O(1/u) steps and the return of approximately second-order stationary points in a

polynomial number of iterations. The materials in this chapter are based on the works [69}70].

5.1 Introduction

The broad objective of distributed adaptation and learning is the solution of global, stochastic
optimization problems by networked agents through localized interactions and in the absence
of information about the statistical properties of the data. When constant, rather than
diminishing, step-sizes are employed, the resulting algorithms are adaptive in nature and
are able to adapt to drifts in the data statistics. In this chapter, we consider a collection

of N agents, where each agent k is equipped with a stochastic risk of the form Ji(w) =
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E, Qi(w; xy) with Qn(w;x;,) referring to the loss function, w € R denoting a parameter
vector, and xj referring to the stochastic data. The expectation is over the probability

distribution of the data. The objective of the network is to seek the Pareto solution:

w

min J(w), where J(w) £ Zkak(w) (5.1)

where the p, are positive weights that are normalized to add up to one and will be speci-
fied further below; in particular, in the special case when the {px} are identical, they can
be removed from (5.1). Algorithms for the solution of have been studied extensively
over recent years both with inexact |1,26-28] and exact [29-31] gradients. Here, we focus
on the following diffusion strategy, which has been shown in previous works to provide en-
hanced performance and stability guarantees under constant step-size learning and adaptive

scenarios [1},22]:

—

Gpi = Whi—1 —uV (W1 (5.2a)
N

Wy, = Z kP (5.2b)
=1

where ﬁk() denotes a stochastic approximation for the true local gradient VJi(-). The
intermediate estimate ¢, ; is obtained at agent k by taking a stochastic gradient update
relative to the local cost Ji(-). The intermediate estimates are then fused across local

neighborhoods where ay, are convex combination weights satisfying:

Ak Z 0, Z Qe = 17 Q. = 0if ¢ ¢ Nlc (53)
EEN]C

The symbol N, denotes the set of neighbors of agent k.

Assumption 5.1 (Strongly-connected graph). We shall assume that the graph described
by the weighted combination matriz A = [ag] is strongly-connected [1]. This means that there
exists a path with nonzero weights between any two agents in the network and, moreover, at

least one agent has a nontrivial self-loop, agr > 0. [
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It then follows from the Perron-Frobenius theorem [1,23]24] that A has a single eigenvalue at
one while all other eigenvalues are strictly inside the unit circle, so that p(A) = 1. Moreover,
if we let p denote the right-eigenvector of A that is associated with the eigenvalue at one,
and if we normalize the entries of p to add up to one, then it also holds that all entries of p
are strictly positive, i.e.,

Ap=p, 1Tp=1, p,>0 (5.4)

where the {p;} denote the individual entries of the Perron vector, p.

5.1.1 Related Works

The performance of the diffusion algorithm f has been studied extensively in
differentiable settings [22,27], with extensions to multi-task [128], constrained [33], and non-
differentiable [34] environments. A common assumption in these works, along with others
studying the behavior of distributed optimization algorithms in general, is that of convexity
(or strong-convexity) of the aggregate risk J(w). While many problems of interest such as
least-squares estimation [1], logistic regression [1], and support vector machines [129] are
convex, there has been increased interest in the optimization of non-conver cost functions.
Such problems appear frequently in the design of robust estimators [130] and the training of
more complex machine learning architectures such as those involving dictionary learning [131]

and artificial neural networks [62].

Motivated by these applications, recent works have pursued the study of optimization
algorithms for non-convex problems, both in the centralized and distributed settings [52-54),
54,55,[57H61}132-143]. While some works focus on establishing convergence to a stationary
point [52-57], there has been growing interest in examining the ability of gradient descent
implementations to escape from saddle points, since such points represent bottlenecks to
the underlying learning problem [62]. We defer a detailed discussion on the plethora of
related works on second-order guarantees [59-61}/132-140,{144] to Chapter @, where we will
be establishing the ability of the diffusion strategy — to escape strict-saddle points

efficiently. For ease of reference, the modeling conditions and results from this and related
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works are summarized in Table [5.11

The key contributions of Chapters [5] and [6] are three-fold. To the best of our knowledge,
we present the first analysis establishing efficient (i.e., polynomial) escape from strict-saddle
points in the distributed setting. Second, we establish that the gradient noise process is
sufficient to ensure efficient escape without the need to alter it by adding artificial forms of
perturbations, interlacing steps with small and large step-sizes, or imposing a dispersive noise
assumption as long as a gradient noise component is present in the descent direction. Third,
relative to the existing literature on centralized non-convex optimization, where the focus is
mostly on deterministic or finite-sum optimization, our modeling conditions are specifically
tailored to the scenario of learning from stochastic streaming data. In particular, we only
impose bounds on the gradient noise variance in expectation, rather than assume a bound
with probability one [134}/138] or a sub-Gaussian distribution [139]. Furthermore, we assume
that any Lipschitz conditions only hold on the ezpected stochastic gradient approximation,

rather than for every realization, with probability one [135-137].
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5.1.2 Preview of Results

We first establish that in non-convex environments, as was already shown earlier in [27] for
convex environments, the evolution of the individual iterates wy; at the agents continues
to be well-described by the evolution of the weighted centroid vector Z]k;v:l Pr Wi,; in the
sense that the iterates from across the network will cluster around this centroid after suf-
ficient iterations in the mean-fourth sense. We subsequently consider two cases separately
and establish descent in both of them. The first case corresponds to the region where the
gradient at the network centroid is large and establish that descent can occur in one iter-
ation. The second and more challenging case occurs when the gradient norm is small, but
there is a sufficiently negative eigenvalue in the Hessian matrix. We establish in Chapter [
that the recursion will continue to descend along the aggregate cost at a rate of O(u) per
O(1/p) iterations. Combined with the first result, this descent relation allows us to provide

guarantees about the second-order optimality of the returned iterates.

The flow of the argument is summarized in Fig. . We decompose RM into the set of
approximate first-order stationary points, i.e., those with [|[VJ(w)||* < O(u) and the com-
plement, i.e., the large-gradient regime. For the large-gradient regime, descent is established
in Theorem . Motivated by prior works establishing second-order guarantees [59460%(144],
we proceed to further decompose the set of approximate first-order stationary points into
those that are 7-strict-saddle, i.e., those that have a Hessian with significant negative eigen-
value Api, (V2J(w)) < —7, and the complement, which are approximately second-order
stationary points. For 7-strict-saddle points we establish descent in Theorem [6.1] Finally,
in Theorem 6.2, we conclude that the centroid will reach an approximately second-order

stationary point in a polynomial number of iterations.
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5.2 Evolution Analysis

We shall perform the analysis under the following common assumptions on the gradients

and their approximations.

Assumption 5.2 (Lipschitz gradients). For each k, the gradient VJi(-) is Lipschitz,

namely, for any z,y € RM:
IV Je(x) = V()| < 6|z =yl (5.5)
In light of (5.1) and Jensen’s inequality, this implies for the aggregate cost:

IVJ(x) = VI(y)| < dllz -yl (5.6)

]

The Lipschitz gradient conditions (5.5)) and (5.6) imply bounds on the both the function
value and the Hessian matrix (when it exists), which will be used regularly throughout the

derivations. In particular, we have for the function values:
T 0 2
J(y) < J(2) +VI(2) (y —2) + Sl —y] (5.7)
For the Hessian matrix we have [1]:
—61 < V*J(x) <61 (5.8)

Assumption 5.3 (Bounded gradient disagreement). For each pair of agents k and ¢,

the gradient disagreement is bounded, namely, for any v € RM:

IV Ji(z) = V()| <G (5.9)
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This assumption is similar to the one used in [54] to establish first-order stationarity under
constant step-size selection and [140] for global optimality under a diminishing step-size with
annealing. Note that condition is weaker than the more common assumption of bounded
gradients. Condition (5.9) is automatically satisfied in cases where the expected risks Jy(+)
are common (though agents still may see different realizations of data), or in the case of
centralized stochastic gradient descent where the number of agents is one. This condition
is also satisfied whenever agent-specific risks with bounded gradients are regularized by
common regularizers with potentially unbounded gradients, as is common in many machine
learning applications. Observe that implies a similar condition on the deviation from

the centralized gradient via Jensen’s inequality:

IV Ji(x) = VI (@) = {|D_ pe (VJi(x) - wa))H
/=1
<> pellVIi(x) = V() || < G (5.10)

/=1

Definition 5.1 (Filtration). We denote by F; the filtration generated by the random pro-

cesses wy; for all k and j < i:
.’F'ié{Wo,Wl,...,Wi} (511)

where w; = col {w ;,...,wy;} contains the iterates across the network at time j. Infor-
mally, F; captures all information that is available about the stochastic processes wy, j across

the network up to time 1.

O

Throughout the following derivations, we will frequently rely on appropriate conditionings
to make the analysis tractable. A frequent theme will be the exchange of conditioning
on filtrations by conditioning on events. To this end, the following lemma will be used

repeatedly.

Lemma 5.1 (Conditioning). Suppose w € RM is a random variable measurable by F. In
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other words, w is deterministic conditioned on F and

E{w|F}=w (5.12)

Then,
E{E{z|F} | lweS}=E{x|weS} (5.13)

or any deterministic set S C RM and random x € RM.
Y

Proof. Denote by Is(w) the random indicator function:

1,if wes
Is(w) = (5.14)

0, otherwise.

Since w is measurable by F, then Is(w) is measurable by F as well. In other words,
the event w € S is deterministic conditioned on F. Furthermore, for the random variable

x Is(w), we have:

E{zxls(w)} = E{xls(w) w e S} -Pr{w € S}

+E{zls(w)|w ¢ S} -Pr{w ¢ S}

=E{x|weS} Pr{wesS} (5.15)
Rearranging yields:
~ E{zls(w)}
E{r|weS}= Pr{w € S} (5.16)

Similarly, for the random variable E {x |F} Is(w), we have:

E{E{x|F}Is(w)}
= E{E{z|F}Ls(w)|w € S} - Pr{w € S}
+ E{E{z |F}Is(w)|w ¢ S} - Pr{w ¢ S}
— B{E{z|F}|we S} Pri{weS} (5.17)
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It then follows that:

E{E{e|F}|we s} 0 B FHstw))

Pr{w € S}
(@ E{E{zls(w)|F}} ¢ E{zls(w)}
Pr{w € S} Pr{w e S}
E{z|we S} (5.18)

where in step (a) we pulled Is(w) into the inner expectation, since it is deterministic condi-

tioned on F and (b) follows from the law of total expectation. ]

Assumption 5.4 (Gradient noise process). For each k, the gradient noise process is

defined as

Ski(Wki—1) = ﬁk(wlm—l) — VJi(wg,i-1) (5.19)

and satisfies
E{sgi(wgi-1)|Fic1} =0 (5.20a)
E {H sk,i(wk7i_1)||4|.7-'i_1} S 0'4 (520b)

for some non-negative constant o*. We also assume that the gradient noise processes are

pairwise uncorrelated over the space conditioned on F;_1, i.e.:
E {spi(wi1) sei(wei1) | Fisa} =0 (5.21)

]

Property ([5.20a)) means that the gradient noise construction is unbiased on average. Prop-
erty ([5.20b)) means that the fourth-moment of the gradient noise is bounded. These proper-

ties are automatically satisfied for several costs of interest [1,[22]. Note, that the bound on
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the fourth-order moment, in light of Jensen’s inequality, immediately implies:

B {llsnatwns) P17} = By lonston ol
< o’

< VE{ll sa(wnis) [41Fimi} (5.22)

While our primary interest is in the development of algorithms that allow for learning from
streaming data, we remark briefly that the results obtained in this work are equally appli-
cable to empirical risk minimization via stochastic gradient descent, by assuming that the

streaming data is selected according to a particular distribution.

Example 5.1 (Empirical Risk Minimization). Suppose the costs Ji () are empirical based

on locally collected data {xk,s}le and take the form:

i Q(w, xys) (5.23)

CQ |

In empirical risk minimization (ERM) problems, we are interested in finding a vector w®

that minimizes the following empirical risk over the data across the entire network:

N s
w’® = argmm—z ( Q(w, Ty ) (5.24)
s=1

If we introduce the uniformly-distributed random variable x;, = z; , with probability é for

all s, then the cost ((5.24)) is equivalent to solving:

N
o : 1
w” = arg min N Z E., Q(w, ) (5.25)

k=1
which is of the same form as (5.1)) with p, = % The resulting gradient noise process satis-
fies the assumptions imposed in this chapter under appropriate conditions on the risk Q(-, -).
This observation has been leveraged to accurately quantify the performance of stochastic gra-
dient descent, as well as mini-batch and importance sampling generalizations, for empirical

minimization of convex risks in [9]. O
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5.2.1 Network basis transformation

In analyzing the dynamics of the distributed algorithm ([5.2a))—(5.2b)), it is useful to introduce

the following extended quantities by collecting variables from across the network:

w; = col {wi,...,wn;} (5.26)
AE AR Iy (5.27)
G(wi) 2 col {ﬁ(wu), . ,ﬁN(wN,i)} (5.28)

where ® denotes the Kronecker product operation. We can then write the diffusion recur-

sion (5.2a))—(5.2b)) compactly as
W; = .AT (Wz;l —/L/g\<Wi71)) (529)

By construction, the combination matrix A is left-stochastic and primitive and hence admits

a Jordan decomposition of the form A = V. JV_~! with [1,27]:
Vi=|p V|, J= V= (5.30)

where J, is a block Jordan matrix with the eigenvalues Ay(A) through Ay (A) on the diagonal
and € on the first lower sub-diagonal. The extended matrix A then satisfies A = V. JV !
with V. = V. @ Iy, J = J® Iy, V! = V' ® Iy. The spectral properties of A and
its corresponding eigendecomposition have been exploited extensively in the study of the

diffusion learning strategy in the convex setting [1,27], and will continue to be useful in

NoN-CONVEL Scenarios.

Multiplying both sides of (5.29)) by (pT ® 1 ) from the left, we obtain in light of (5.4)):
(pT ® [) w; = (pT ® [) Wi_1—L (pT ® I) gwi_1) (5.31)

Letting w.; = Zszl Pk Wy = (pT ® I) w; and exploiting the block-structure of the gradient
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term, we find:

N
Wei = Wei—1 —f Zpkvc]k(wk,iq) (5.32)

k=1

Note that w,.; is a convex combination of iterates across the network and can be viewed
as a weighted centroid. The recursion for w.; is reminiscent of a stochastic gradient step
associated with the aggregate cost S r | prJi(w) with the exact gradients V.J(-) replaced
by stochastic approximations ﬁk() and with the stochastic gradients evaluated at wy;_1,

rather than w.;_;. In fact, we can write:

N
We; = Wej—1 — 1 Zpkvjk(wc,i—l) —pdi_y — ps; (5-33)
k=1

where we defined the perturbation terms:

N
di = Zpk (VIi(wi,i—1) — VJp(wei-1)) (5.34)
k=1
N —_—
S; £ Zpk (VJk('wk,i,l) — VJk(wa,l)) (535)
k=1

We use the subscript ¢ — 1 for d;_; to emphasize that it depends on data up to time ¢ — 1,
in contrast to s; which is also dependent on the most recent data from time i. Observe that
d;_; arises from the disagreement within the network, and in particular that if each wy ;1
remains close to the network centroid w,;_;, this perturbation will be small in light of the
Lipschitz condition on the gradients. The second perturbation term s; arises from the
noise introduced by stochastic gradient approximations at each agent. We now establish
that recursion will continue to exhibit some of the desired properties of (centralized)

gradient descent, despite the presence of persistent and coupled perturbation terms.

5.2.2 Network disagreement

To begin with, we study more closely the evolution of the individual estimates wy,; relative

to the network centroid w, ;. Multiplying (5.29) by Vi = (Vg ® I ) from the left yields in
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light of ((5.30):

V; w; = VE.AT Wi—1 —/LVE.AT/Q\(Wl;l)
= VEAVIVE Wi 1 —pVEATVIVEG(Wi 1)

Then, for the deviation from the network centroid:

Wi—chi:Wi—(]lpT@])Wi
= (= (1p" & 1))w
= (w1 V®I)T—(]lpT®I)>W

(30 ViV w (5.37)

so that the deviation from the centroid can be easily recovered from V} w; in (5.36]). Pro-
ceeding with ((5.36]), we find:

IVEwill' = | TTVEwies —uTTVEG owic)||
(a)
< [T [VEwist —nvEgovi)|

O iyt I 4
= VR well+ ' s VRg v (5.38)
where (a) follows from the sub-multiplicative property of norms, and (b) follows from Jensen’s

inequality [la +b||* < L|la||* + 1]|* with

1
(1-a)’

a=|[JI| &V (JJT) < \JIJJITI < A+ e < 1 (5.39)

for sufficiently small € due to Assumption where \y £ p (A — ]lpT). We observe that the
term HVJ-Tz WiH4 contracts at an exponential rate given by HJETH ~ Ay for small €, also known
as the mixing rate of the graph. Iterating this relation and applying Assumptions 5.4,

we obtain the following result. We note that similar results have been obtained before in the
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literature, see for example [27] for strongly convex costs and extended later in [54] for the

non-convex setting.

Theorem 5.1 (Network disagreement (4th order)). Under assumptions the

network disagreement is bounded after sufficient iterations v > i, by:

E ||lw; — (1p" @ I) wy*

Al
< el WL rine (@ s o) 4 ot (5.40)
(1= {IJ1))
where
- log (o(pt))
lp = —————1= (5.41)
log ([|/71])
and o(u*) denotes a term that is higher in order than u*.
Proof. Appendix [5.A] O

Note again, that Jensen’s inequality immediately implies for the second-order moment:

< \E [wi - (1p7 & 1w

@ [EA§

2
< @2Ve|” s IVEIIN (G* +0%) + o(1?) (5.42)

Sl AN )

where (a) follows from (5.40)) and sub-additivity of the square root, i.e. /z+y < /z+/y.

This result establishes that, for every agent k, we have after sufficient iterations i > i,:
Bl wy; —we, || < O(?) (5.43)
or, by Markov’s inequality |145]:
Pr{ || wi; —we, |° = O(n) } < O(n) (5.44)

and hence wy; will be arbitrarily close to w.; with arbitrarily high probability for all agents.
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This result has two implications. First, it allows us to use the network centroid w,; as a
proxy for all iterates wy; in the network, since all agents will cluster around the network
centroid after sufficient iterations. Second, it allows us to bound the perturbation terms

encountered in ([5.33)).

Lemma 5.2 (Perturbation bounds (2nd and 4th order)). Under assumptions

and for sufficiently small step-sizes i, the perturbation terms are bounded as:

2
(Elldia]®)” < Elldiall* < O(u") (5.45)

E{IslP1F: 1)) <BE{lsi] |17} <o (5.46)

after sufficient iterations 1 > 1.

Proof. Appendix [5.B] O

Definition 5.2 (Sets). To simplify the notation in the sequel, we introduce following sets:

G L {w VI(w)|]? > “Z_j (1 + %)} (5.47)
ge & {w VI (w)|]” < ui—j (1 + %)} (5.48)
HE {w cw € GY Ain (VZJ(w)) < —T} (5.49)
ME{w:we GY A (V2 I(w)) > —7} (5.50)

where T 18 a small positive parameter, c; and co are constants:

_— % (1 215) = O(1) (5.51)

ey 2 00%/2 =0(1) (5.52)

and 0 < m < 1 is a parameter to be chosen. Note that GE = H U M. We also define the
probabilities 77 = Pr{w.; € G}, n}* & Pr{w,.; € H} and 7 = Pr{w.;, € M}. Then for

all i, we have n¥ + lt + M = 1. ]
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The definitions f decompose the parameter-space R into two disjoint sets G
and G¢, and further sub-divides G¢ into H and M. The set G denotes the set all points w
where the norm of the gradient is large, while G¢ = H U M denotes the set of all points
where the norm of the gradient is small, i.e., approximately first-order stationary points.
In a manner similar to related works on the escape from strict-saddle points, we further
decompose the set G of approximate first-order stationary points into those points w € H
that do have a significant negative eigenvalue, and those in M that do not [59,/60,/144].
Points in the parameter space that have a small gradient norm and no significant negative
eigenvalue are referred to as second-order stationary points, while points in H are known
as strict saddle-points due to the presence of a strictly negative eigenvalue in the Hessian
matrix. In the sequel, we will establish descent for centroids in G in Theorem and
centroids in ‘H in Theorem and hence the approach of a point in M with high probability
after a polynomial number of iterations in Theorem [6.2 Second-order stationary points are
generally more likely to be “good” minimizers than first-order stationary points, which could
even correspond to local maxima. Furthermore, for a certain class of cost functions, known as
“strict-saddle” functions, second-order stationary points always correspond to local minima

for sufficiently small 7 [59].

5.2.3 Evolution of the network centroid

Having established in , that after sufficient iterations, all agents in the network will
have contracted around the centroid in a small cluster for small step-sizes, we can now
leverage w,; as a proxy for all wy,;. From Assumption and , we have the following
bound:

)
J(we;) < J(wei—1) + VJ(wc,z'—l)T (We; —wei1) + §||wc,i —We;1 ||2 (5.53)
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From ([5.33)), we then obtain:

J(wc,i) S J(wc,ifl) - :LLHVJ(Ich,ifl)H2
- Mvj(wc,i—l)T (di—1 + s;)

)
+ N2§ij(wc,i—1) +di + 3i||2 (5.54)

This relation, along with (5.33)) and the results from Lemma [5.2] allow us to establish the

following theorem.

Theorem 5.2 (Descent relation). Beginning at w. ;1 in the large gradient regime G, we

can bound:

3
B () w1 € G < B{Iwe ) werr € 61— 2+ L (555)

-1

as long as 7rig_1 = Pr{w.;—1 € G} # 0 where the relevant constants are listed in definition .

On the other hand, beginning at w.;—1 € M, we can bound:

O 3
E {(we )| wei € M) < B (J(we)|weimr € M)+ ples + ) (5.56)
i1
as long as 7, = Pr{w.;_, € M} #0.
Proof. Appendix p.D] ]

Relation guarantees a lower bound on the expected improvement when the gradient
norm at the current iterate is sufficiently large, i.e. w.;—1 € G is not an approximately
first-order stationary point. On the other hand, when w.; 1 € M, inequality it
establishes an upper bound on the expected ascent. The respective bounds can be balanced
by appropriately choosing 7, which will be leveraged in Chapter [6], We are left to treat the
third possibility, namely w.;_; € H. In this case, since the norm of the gradient is small, it
is no longer possible to guarantee descent in a single iteration. We shall study the dynamics

in more detail in the sequel.
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5.2.4 Behavior around stationary points

In the vicinity of saddle-points, the norm of the gradient is not sufficiently large to guarantee
descent at every iteration as indicated by . Instead, we will study the cumulative
effect of the gradient, as well as perturbations, over several iterations. For this purpose, we
introduce the following second-order condition on the cost functions, which is common in

the literature [1,59./60].

Assumption 5.5 (Lipschitz Hessians). Fach Ji(-) is twice-differentiable with Hessian
V2Ji(:) and, there exists p > 0 such that:

V2 Ji(x) = V2Ik(y)|| < pllz =y (5.57)
By Jensen’s inequality, this implies that J(-) = Zgzlkak(-) also satisfies:
IV2J(z) = V2I(y)l| < pllz —yll (5.58)

]

Let ¢+* denote an arbitrary point in time. We use ¢* in order to emphasize approximately first-
order stationary points, where the norm of the gradient is small. Such first-order stationary
points w, + € G could either be in the set of second-order stationary points M or in the set
of strict-saddle points H. Our objective is to show that when w, ;- € H, we can guarantee

descent after several iterations. To this end, starting at :*, we have for ¢ > 0:
Weir+it1 = Weir 44 _//JVJ<wc,i*+i) — pdie i — [ Six iy (5~59)

Subsequent analysis will rely on an auxiliary model, referred to as a short-term model. It
will be seen that this model is more tractable and evolves “close” to the true recursion
under the second-order smoothness condition on the Hessian matrix and as long as
the iterates remain close to a stationary point. A similar approach has been introduced and

used to great advantage in the form of a “long-term model” to derive accurate mean-square
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deviation performance expressions for strongly-convex costs in [1,22,32,{146]. The approach

was also used to provide a “quadratic approximation” to establish the ability of stochastic

gradient based algorithms to escape from strict saddle-points in the single-agent case under

i.i.d. perturbations in [59].

For the driving gradient term in (5.59)), we have from the mean-value theorem [1]:

VJ(wc,i*—i-i) - VJ(’wc,z‘*) =H;.; (wc,i*+i - wc,i*)
where
1
Hi*+i £ / VQJ ((1 - t) W j*+i +t wc’i*) dt
0
Subtracting (5.59) from w,;+, we obtain:
We v — Wejripit] = Weir — Weirti TV I (Weiryi) + i i + [ Six i

= = pH 1) (We e — Wein 1) + pV I (wee)

+ pudie i+ [ Sixyig

We introduce short-hand notation for the deviation:

~i* A

W; = We,i» — We,ir 4

(5.60)

(5.61)

(5.62)

(5.63)

Note that ’1712* denotes the deviation of the network centroid w,;«;; at time 7* + ¢ from the

initial, approximately first-order stationary point w.;~. Establishing escape from saddle-

points is equivalent to establishing the growth of ﬁif* whenever w.;» € H. We hence expect

the deviation to grow over time, but would like to establish that w. ;«y; moves away from

w.;+ in a direction of descent. We can then write more compactly:

wzfl-l = (_[ — HHi*-i—i) 17)2* + ,uvt](wc,i*)

+ pdie i + 0 Sixtiv

103

(5.64)



The time-varying nature of H ;«; makes this recursion difficult to study. We hence introduce

/
c,i*

the following auxiliary recursion, initialized at w = W+, where H ., is replaced by

V2 J(w,;+) and the perturbation term pd;; is omitted:
Weir =W o yipg = (I = pV2T(Weir)) (Weir — Wi o)
+ ,UJVJ(’U)C,,'*) + M Si*it+1 (565)

. ~ /% A /
or, more compactly, with w;" = w.+ — w,

ﬂ)l;é:_l = (I — /,LVZJ(’LUCJ'*)) a);l* + /,LVJ(U]C7,L'*> + M Si*x i1 (566)

Of course, this second model is only useful in studying the behavior of the original recur-
sion ([5.59)) if the iterates generated by both models remain close to each other, which we

shall prove to be true. Specifically, if we write:
w;*+i+1 = Wi*4it+1 + Wi* 141 (567)

then w;«, ;1 will be shown to be negligible in some sense. Results along this line have been
established in the centralized and distributed contexts for strongly-convex costs [1,22] and
in the centralized setting for strict saddle points [59]. We show here that this conclusion
holds more generally in the vicinity of O(u)-first-order stationary points. Before establishing

deviation bounds, we establish a short lemma which will be used repeatedly.

Lemma 5.3 (A limiting result). For T, u,6 > 0 and k € Z,. with i < 5, we have:

O\ #
lim (H—“‘S,Z_l = ¢ TOT2TY — (1) (5.68)
120\ (1= pd)

Proof. Appendix [5.C] O

Lemma 5.4 (Deviation bounds). Suppose Pr{w.;+ € H} # 0. Then, the following quanti-
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ties are conditionally bounded:

E{ w’ 2; Wi € 7{} < O(p) + Oi’;‘j) (5.69)
E{ w’ 3yww € 7—[} < O(u®?) 072’;5) (5.70)
E{ w’ 4] W € 7—[} < O(p?) + 07%) (5.71)
E{Hib — | Jwes € 7{} < O0(u2) + 0(%2) (5.72)
E {Hﬂ;y‘* ?| we . € 7—[} <O(p) + 075‘?; ) (5.73)

fori < %, where T" denotes an arbitrary constant that is independent of the step-size pu.

Proof. Appendix [5.F] O

These deviation bounds establish that, beginning at a strict-saddle point w,;« at time ¢* the
iterates will remain close to w,;« for the next O(1/u) iterations. Consequently, the short-
term model will be sufficiently accurate for the next O(1/u) iterations. We will establish
formally in Chapter [0] that the small-deviation bounds in Lemma [5.4] ensure descent of the
true recursion can be inferred by studying only the evolution of the short-term model, which

is significantly more tractable.

5.3 Application: Robust Regression

Consider a scenario where each agent k£ in the network observes streaming realizations
{~(k,i), hy;} from the linear model v(k) = hjw® + v(k) where v(k) denotes scalar ob-
servations and v(k) denotes measurement noise. One common approach for estimating w®
in a distributed setting is via least-mean-square error estimation, resulting in the local cost

functions:

TVSE(w) = B ||y (k) — hiw]||” (5.74)
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The resulting problem is convex and has been studied extensively in the literature. While
effective under the assumption of Gaussian noise, and similar well-behaved noise conditions,
this approach is susceptible to outliers caused by heavy-tailed distributions for v (k) |130].
This is caused by the fact that the quadratic risk penalizes errors proportionally to their
squared norm, and as such has a tendency to over-correct outliers, even if they are rare.
Several alternative robust cost functions have been suggested in the literature. We consider
two in particular in order to illustrate the advantages of allowing for non-convex costs in the
context of robust estimation, namely the Huber loss Q! (w;x;) and Tukey’s biweight loss

QP (w; x) [130]. For ease of notation, let e(w) £ (k) — h)w. Then:

iy - | for le(w)]| < ci -
\cH|e(w)\ — 3¢5, for |e(w)] > cp.

/
6 CQB ’

2
C .
2 otherwise

Qp (w; ) = (5.76)

\

where cg,cp are tuning constants. The Huber cost is merely convex (and not strongly-
convex), while the Tukey loss is non-convex. Both losses satisfy assumptions imposed
in this chapter. In particular, since the Huber risk J{(w) has a unique, local minimum,
which also happens to be locally strongly-convex, we can conclude that despite the absence
of strong-convexity, the algorithm will converge to within O(u) of the global minimum. The
Tukey loss on the other hand, is non-convex, and is therefore a more challenging problem.

The setting for the simulation results is shown in Figures [5.2H5.3]

Performance is illustrated in Fig. 5.45.5] We first show the performance of each cost
in the nominal scenario, where v(k) ~ N(0,02%). We observe that the distributed strategies
outperform the non-cooperative ones, and that despite differences in the rate of convergence,
there is negligible difference in the performance of the mean-square-error, Huber and Tukey
variations. In the presence of outliers, modeled as a bimodal distribution with v(k) ~

(1—¢e)N(0,02) 4+ eN(10,02) and € = 0.1, the performance of the mean-square-error solution
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Regressor power

Figure 5.2: Graph with N = 20 nodes.

-
(=]
I

N
(%)
I

D
(=
I

W
(9]
1

(Al
(=]
I

N
vy
1

N
(@]
1

Agent index

Figure 5.3: Regressor power Tr (R, ;) at each agent.
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Figure 5.4: Performance in the nominal case.

dramatically deteriorates, as is to be expected in the presence of deviations from the nominal

model.

5.A Proof of Lemma [5.1]

Starting from ([5.36)), taking norms of both sides and computing the fourth power, we find:

[Viewil|" = [ 7IVEwies 4T TVigowe)||

<||JF 4||V}Tg Wi1 +MV£§(W1'—1)H4
iVl AT oot e
(=112
where step (a) follows from convexity of || - ||* and Jensen’s inequality, i.e. |la+b|* =

%Ha”4 + ﬁ”b”% To begin with, we study the stochastic gradient term in some greater
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Figure 5.5: Performance in the corrupted case.

detail. We have:

Hvzgg(wzel)w = HVEQ(Wi—l) + VECOI {Sk,i<wk,i71)}”4

< 8|[VEgwi)||" + 8||VEcol {ss(wi; 1)} (5.78)

For the first term we have:

8”]};9(1’\’1’—1)”4 @ 8”]};9(1’\’1’—1) - (]lpT & I) g<Wi—1)H4

® T4 T 4
< 8[[Vall lawir) = (1pT @ 1) g(wia)|

N 2
< s|vE|" (Z IVJk(wi-1) — VJ(’wk,i—l)”2>

k=1

N ’

8||v;H4<Z G2> < §|VE[* NG (5.79)
k=1

where (a) follows from the fact that (5.30) implies VA1 = 0, (b) follows from the sub-

multiplicity of norms and (c) expands || - ||>. For the gradient noise term we find under
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expectation:

8T ||[VEcol {syi(wi, 1)} = 8||VE||" Ellcol {sgi(wk 1)}

N 2
— 8HV1£H4 E (Z ||8k,i(’wk,z'—1)||2>

k=1

() al
< S|[VEI'N 3B |lski(wiin)|
k=1

N
S VIIN S ot = 8V N (5.50)
k=1

2
where (a) follows from Cauchy-Schwarz, which implies (Zgil :vk> <N chvzl r3. Plugging

these relations back into ([5.77]), we obtain:

Bl
B VEwil' < T Viwea |+ ot v @ sot ms
We can iterate, starting from ¢ = 0, to obtain:
T4 i
4 i 4 . 4 e
E|VEwi|" < |7 E Vi wol| +M4W||V}Tz|| N2 (G o) YT
€ n=1
(a) ; 8[[JT|*
2 e Vol + ot it 6+ o)
®) 4 4 8||J€TH4 T4 Ar2 (4 4
<o(u’) + p WHVR” N* (G* + ") (5.82)

where (a) follows from >/, [[JF[*t < S0 [[JT* ! = (1 - HJETH)fl, and (b) holds

whenever:

[T B [VEwoll" < o) = AT < (i)

= ilog ([l77]) < log (ofu®)) = 1 > L)

> m (5.83)
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Finally, we have from (/5.37) under (5.83)):

Blw:— (157 @ il = BV wi|

(a)
< Vel E|VEwi|"

659 JT|| .
< MﬂWLHLL%HVEH N* (G +0%) +o(n") (5.84)

where (a) follows from the sub-multiplicative property of norms.We conclude that all agents

in the network will contract around the centroid vector (]lpT 1 ) w; after sufficient itera-

tions.

5.B Proof of Lemma

We begin by studying the perturbation term s;. We have:

4

N
Zpk (ﬁk(wkz—ﬁ - vjk(wk,i—l)) | Fi1

k=1
4
ml}

oc-=o0 5.85
Di (5.85)

E{||si|'|Fie1} = E

pr B {Hﬁk('wlml) - VJk(wk,iq)
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where (a) follows from Z]kvz1 pr = 1 and Jensen’s inequality and (b) follows from the fourth-

order moment condition in Assumption For the second perturbation term, we have

4

Hdz 1||

N
Z (VJg(wg,i—1) — VJgp(we,i-1))
k=1

N
sEquhwwlg VI p(wei)|
k=1

®)
< o Zpkﬂ’wk,zel —wei|’*

k=1

N
< 54pmax Z ||wk,z‘—1 - wc,i—1||4
k=1

N 2
< 54pmax (Z Hwk,ifl - wc,ifl H2>
k=1

= " D | Wi_1 _Wc,i—1||4 (5.86)

where (a) again follows from Jensen’s inequality, (b) follows from the Lipschitz gradient
condition in Assumption and we introduced w,;_; £1® w, ;1. Result ((5.45) follows
by applying ((5.84) to ((5.86)).

5.C Proof of Lemma 5.3

For the natural logarithm of the expression, we have:

(14 po)* "
o8 <(1 - ué)’H)

_ g (klog (1 + pud) — (k — 1)log (1 — ud)) (5.87)
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Since the logarithm is continuous over R, , we have:
1+ pd)"
log | lim (+—%
n=0 \ (1 = pd)

O\ #
~ i log [ [
n=0 (1 — pd)

= lim r (klog (1 + pd) — (k—1)log (1 — pd))

=18

n—0 v
log (1 log (1 —
T lim 2810 gy gy 108 (L= 19) (5.88)
p—0 7 n—0 H

We examine the fraction inside the limit more closely. Since both the numerator and de-

nominator of the fraction approach zero as yu — 0, we apply L’Hopital’s rule:

lim 28U R EO (5.89)
n—0 ol p—0 1 4 ,LL(S
Hence, we find:
N
lim (1 + o) ' _ KTo+(k=1)TS _ —~TS+2kTS (5.90)
AN ’
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5.D Proof of Theorem [5.2|

We begin with (5.54) and take expectations conditioned on w; 1 to obtain:

E{J(wei)| wi-1}

(a)
< J(’wc,z'—l) - NHVJ(wc,i—l)H2 - ,UVJ(wc,i—l)Tdi—l

) )
+ M2§||VJ(wc,i—1) +di |+ M2§ E {||Sz||2| Wi-1}
®) 2, M 2
< J(weio1) — pl| VI (we—1)||” + §HVJ(wc,i_1)H
L
+ §||dz‘—1||2 + 128V I (wei )| + 126 i ||

1)
+ M2§ E {||s:]|* wi-1}

(c)
< J(Weit) — B (1= 200) |V (we )|

2
H 2 20
+5 L+ 200) ldia|” + 5750 (5.91)

where cross-terms were removed in (a) due to the conditional zero-mean condition ([5.20al),
(b) follows from |ja 4 b||* < 2||al|* + 2||b||* and from —2a"b < ||a|® + ||b]|? and (c) is a result
of grouping terms and Lemma [5.2]

Note that continues to be random due to the conditioning on w;_1, but that it holds
for every choice of w;_; with probability 1. Furthermore, since w.;_1 = Zivzl Dk Wk i—1, the
centroid w. ;1 is deterministic conditioned on w;_;. As such, the event w.;,1 € G is

deterministic conditioned on w;_1, and ([5.91)) holds for every w,.;_; € G. We can hence take
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expectations over w, ;1 € G and apply Lemma [5.1] to find:

E{J(w.;)|wei—1 € G} < E{J(we;—1)| wei1 € G}

— 5 (1= 28) E{| VI (we,) [Pl weon € G}
)
+ 5 (14 210) B{|[dia || weir € G} +p250”

@ ]
< E{J(wei )| wei s €G) — Mq_@+ )
+ O E{||din1 || wei1 € G} + pic

(b) c
< E{J(weio1)|wei1 € G} — ,u2;2
+ 8¢

5 (14 200) E{ldi1[*| we, € G} (5.92)

In step (a) we applied definition , and in particular, that from (5.47) ||VJ(wei_1)|> >

I (1 + %) whenever w,;_; € G, which implies:

E{||VJ(wei1)||*| wess € G} >M (1+ 1) (5.93)

We also collected constants into ¢; and ¢p defined in (5.51)—(5.52)) for brevity. Step (b) is
obtained by grouping terms. Note that from lemma . we have a bound on E|/d;_1 |,
but not on the partial expectation conditioned over w.;—; € G. We can decompose the full

expectation:

E{lldi-1"} = E{lldi-s|"| weir € G} - 77,

(5.45)
+E {||d,~_1||2| Wei—1 € g()} -Wf_cl < O (5.94)

which implies

O(p?)
7ng—1

E {||di-1[|*| wei—1 € G} < (5.95)
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so that we obtain for ((5.92)):

O 3
B () w1 €G) < B L (e ) we €6y — w2+ P (s0p)
1—1

Similarly:

E {J(ww)| wcﬂ'_l < M} S E {J(wc,i—l)’ wc77;_1 € M}
— g (1 — 2/16) E {HVJ(’LUC’Zfl)HQI Wei—1 € M}

)
+ 5 (14 2010) B {[[dioa || weima € M} + 507

(a)

< E{J(weio1)|wei1 € MY+ pPes
+ 50+ 200) B {dia || w1 € M}

(b) O(?
< E {J(wcyi,l)] Wei-1 € M} + ,U2CQ + W(/l\f[ ) (597)

i—1

where (a) follows from the fact that ||V.J(w,_1)||* > 0 with probability 1 and (b) made use

of the same argument that led to (5.96]).
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5.E Proof of Lemma [5.4]

We refer to ((5.64]). Suppose i < %, where T" is an arbitrary constant independent of u. We

then have for i > 0:

e

‘fi*w} E{H (I = pH o ys) W] + pVJ (we;0)
2
+ pdie i+ [ Six i ‘-7:1'*+i}

= H([ — /J,Hi*+i) ’ITJ,ZL* + /LVJ('LUCJ'*) + ,Udi*+i

2

—
S
N

+ 1 E {HSMHHQU’M}

—
<
=

L2
‘(I — pH ) w; ||+

1 y 2
1—MA SV (we) + diei|

+ 1P B8 i | P Fivss )

) 1 ‘ ~
1_,“5 ( 2 +)wz

L
+ 2—||d‘*+z'||2 + 1P B8 i [P Fivg )

(d)
208

2
0
+ 2519 (we)

+2—||VJ(wcz )|

+ QSHdz’*H‘” + 1 E {HS1;*+1‘+1H | Fieyi} (5.98)

where (a) follows from the conditional zero-mean property of the gradient noise term in

Assumption 5.4}, (b) follows from Jensen’s inequality

la+ || < —|| I+ =—Ilbll” (5.99)

with @ = pué < 1 and (c) follows from the same inequality with o = 1. Step (d) follows

2
from the sub-multiplicative property of norms along with —§7 < V2J(w,+) < §I, which

follows from the Lipschitz gradient condition in Assumption[5.2] Since w, + is deterministic
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conditioned on F;«4; we can now take expectations over w,; € H to obtain:

{me o

<(1+u5 -
- 1—p {H

+ 25 B {|ldiesi|*| wesr € H}

|'wcz* E'H}

+ 25 B {19 ) Pl e € H)

+ 1P E {8 sis1 |*| weie € H}

@ (L4 p6)° ) Ny
= 1—p {H |wcz*€H} 5 it
+2§-0( )+ O(12)
(1 + o)’ - O(y’)
<-—2 T * .
< @ Twe e 2 o) + (5.100)

where (a) follows from the perturbation bounds in Lemma and the starting assumption

that w,;+ is an O(p)-square stationary point. Note that, at time ¢ = 0, we have:

~ *

Wy = Weix — Weir40 = 0 (5101)
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and hence the initial deviation is zero, by definition. Iterating, starting at ¢ = 0 yields:

_ ( 11%65) ) i (06 + 24)

1+2u5+u252 14 pé

( 11+PL55)35 + M?Z (1 —po) <O(,u) . O(M2)>
( =k ) (1= pd)
30 + po?

O(p?)
H

= O(p) + (5.102)

!
where the last line follows from Lemma after noting that:

<<<1+w>2>
1—pd

r
m

—1> (1 — pd)

B!

(5.103)
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This establishes (5.69)). We proceed to establish a bound on the fourth-order moment. Using

the inequality [1]:

we have:

—
S
N

lla + 01" < [lall* + 3[[611* + 8llal*[[b]]* + 4]lall* (a’b) (5.104)

L4
o { o 17

H(I — pH ) W] + (VI (we ) + pdis

+3u'E {‘|Sz’*+i+1\|4 ffz'*ﬂ‘}

892 |(1 = g ) B+ iV T wee) + i

x I {||Si*+z‘+1||2 |-7:z'*+z‘}

+dp \ (I = pH ) @' + pVJ (i) + pdis i

4

. T
X ((I — pH ) w; +pVJ(we ) + Mdi*+i)

X (E{spsit1 | Fig1})

H (] - MHi*+i) ’&?2* + Mvj(wc,i*) + :udi*-‘rz'

+ 3 E {||sim i || [ Fiesi )

4

* 8M2H (I = pHi i) W, + pVJ (o) + piedi i i
X B {l|siqiptl|* [ Fosi}
(I = pH ) )+ VI (wege) + pdie |+ O()
- H(I — pH o )W+ pV I (wei) + pdis g 2O(,u2)
(I = pH ) )+ VI (wege) + pudiesi |+ O()
+ (H(I —uH @
VI (e + il ) O(1) (5.105)
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where in step (a) we dropped cross-terms due to the conditional zero-mean property of the
gradient noise in Assumption [5.4] step (b) follows from the fourth-order conditions on the
gradient noise in Assumption along with the perturbation bounds in Lemma and
(c) follows from Jensen’s inequality, i.c. [la+b+c|® < 3|all* + 3||b]|* + 3||c||>. Taking

expectations over w.;« € H on both sides and collecting constant factors along with p in

o { o[ <)

appropriate O(+) terms:

+ pdis 1

4
|w i € 7—[} + O(,u4)

+ <E{H(1_MH#+1‘)7~TJZ

+ 12 E |V (we)

2‘ 'wc,z-* S H}

1B {|ldi | wesr € HY )O(1?)

E { H (I — pH ;) ﬂ?ﬁ* + uVJ(wei-)

+ pdiy

Yo € 7—[} + O
+ ( (1 +u(5 {sz*
+ 1P BV I (wer)||*| wesr € H}

+ 12 B {]|dis il weie € H} )O

2‘ W i* S 7‘[}

E { H (I — pH )@, + pV I (we i)

+ pdieti

4
|w,;» € 7-[} + O(,u4)

+ (0 5700 + 200 + 1225 ) o

O(u°)

=

+ pdis 1

(5.106)

4
‘wc,i* € 7‘[} + O(,u?’) +
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Finally, from Jensen’s inequality, we find for 0 < a < 1:

1

A (5107

Lo
la+ " = = Jla]” +

andhenceforazl—,uc?and0<,u<%:

B 1 - ki) & 4 19 S0,

4
+ pdisgi|| |we~ € 7—[}
ET0D (1 + 16) B
20 (L pd)’ “‘Z|wweH}
(1—u5)
353 E{[|VJ(weir) + div || wese € H}
G109 (1 5* A
0 (1 + g )3E{Hw; |wc’i*e7-[}
(1 — po)
W
+855 (E{||VJ(wc,i*)”4|wc,z‘* e M}

+E{||di il weir € ’H})

E1+u§;‘; {H~ |wm*e7i}
oo 00+ 5
&fzng{”” '“’“*E”}w” = 0
Hence,
ot | e € )
%%ﬁ}-{ﬂ” “%NG%}+Q %)+ %§> (5.100)
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Recall again that ﬂ;g = (0 and therefore iterating yields:

E{Hﬁ:j
< (zz( ) ) (0w~ 247
- ()

(14p6) )
_ (1 pé)® O(1°)

(1 ps)?

() —)a-wr
- (1+p)" = (1= po)’ (O(MH : )

(f) -1 e
=0 +;5>;)— 1= ) (O<“ )+ )

g —<%ﬂ>) ! (O(u3) + %:))

=

- (5.110)

where in (a) we expanded:

(1+ o) = (1 — poy’

=1+4pd + O(p®) — 14 3ué — O(p?) = O(u) (5.111)
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and the last step follows from Lemma [5.3] This establishes (5.71)). Eq. (5.70) then follows

from Jensen’s inequality via:

¥
_ ( 3/2) O Ng)
9] 3
<O?) + % (5.112)

We now study the difference between the short-term model (5.66) and the true recur-
sion ([5.64]). We have:

!/
We,ix+it1 = We x4

~ gk ~ /3*

o~
= W tw,y

= — ([ - ,UHi*Jri) 1712* - ,UVJ(wc,i*) — i i — L Sixyig1

~ [;*

+ (I - Nv2j<wc,i*)) Wi+ pVI (e + 1 Sipin

~ [i*

= — ([ — MHZ'*-H') 17],2* — /“Ldi*-‘ri + (I — I[vaz](wc,i*)> wi

= ([ - ,LLV2J(’LUC,1‘*)) (wc’iuri - wlcﬂ'*Jri) - ,Udi*+i

o (Hpps — V2 (W) W) (5.113)
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Before proceeding, note that the difference between the Hessians in the driving term can be

bounded as:

V2T (i) — His |

1
— HWJ(wcﬂ-*)_/ VQJ((1—t)wc,,-*+i+twc,i*)dtH
0

1
/ (V2J('wc7i*) — V2J ((1 — t) wc,i*—i—i +t ’wc’i*)) dtH
0

dt

(@) 1
< / HVZJ(wc,i*) - VQJ((l — 1) We g HEWex)
0
(b) 1
Sp/ H(l —t> ’wc’i* —(l—t) wc’/l/*JrZHdt
0

/01(1 ~)dt = gHﬂ;

where (a) follows Jensen’s inequality and (b) follows form the Lipschitz Hessian assump-

(5.114)

_ ~ i
_pri

tion . Returning to (5.113)) and taking norms yields:

2
| We,ix i1 — w,c,z'*+i+1 |

= H (I — VI (weir)) (Weingi — W)

~ %

_ Mdi*+i —+ M (Hi*-‘ri — VQJ(wC7i*>) w;
(@ 1
<
—1—pu

12

16
® 1
<
11—

2

| (1 = uV2J (i) (Weini — W ie ) H2

<112

~1

di*+i + (Hi*—l-i — VQ(]('U)CJ*)) w;

+

H (I — MVQJ(’LUC,@'*)) (wc,i*+i — w/c,i*Jri) H2

~ 3*

v
+ 25 (Hdl*‘HH2 —+ H (Hi*+i — VQJ(wCJ'*)) w,L-

(1+ o)
- 1—pud

H Pl| ~i
+ 2% (el + 2]

2)
I 2
ch,i*Jri — W, vy H

4) (5.115)
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where (a) again follows from Jensen’s inequality (5.99)) with a = 1 — pé and (b) follows from

the same inequality with a = % Taking expectations over w.;+ € ‘H yields:

B { | weirtior = Wi | wese € 7}

2
o (1 +pd)
- 1—pud

+ 2% E {||dl*+’LH2 ’ wc7i* € H}

2
!/
D {”wcm’*ﬂ‘ - wc,i“ri” | we,i € H}

L4
@ (14 ué 2 9 0 M3
= —(1 —u6> B [[wee i — wi |+ O(®) + 7(r?i) (5.116)

where (a) follows from the bound on the network disagreement in Lemma [5.4]

Since both the true and the short-term model are initialized at w, ;+, we have w ;4o — 'w’c’i* L0=

0. Iterating and applying the same argument as above leads to:

0] 2
B i1 — e | < O2) + 2 (5.117)

/L'*

which is (5.72)).
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CHAPTER 6

Decentralized Non-Convex Learning — Escape from

Saddle-Points

The diffusion strategy for distributed learning from streaming data employs local stochastic
gradient updates along with exchange of iterates over neighborhoods. In Chapter |5 we estab-
lished that agents cluster around a network centroid and proceeded to study the dynamics of
this point. We established expected descent in non-convex environments in the large-gradient
regime and introduced a short-term model to examine the dynamics over finite-time hori-
zons. Using this model, we establish in this chapter that the diffusion strategy is able to
escape from strict saddle-points in O(1/p) iterations; it is also able to return approximately
second-order stationary points in a polynomial number of iterations. Relative to prior works
on the polynomial escape from saddle-points, most of which focus on centralized perturbed or
stochastic gradient descent, our approach requires less restrictive conditions on the gradient

noise process. The materials in this chapter are based on [71].

6.1 Introduction

We consider a network of N agents. Each agent & is equipped with a local, stochastic cost of
the form Ji,(w) = E, Qx(w; x}), where w € RM denotes a parameter vector and x; denotes

random data. In Chapter [3, we consider a global optimization problem of the form:

mqgn J(w), where J(w) £ Zpkjk(w) (6.1)
k=1
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where the weights p, are a function of the combination weights ay and will be specified
further below in ((6.4)).

Solutions to such problems via distributed strategies can be pursued through a variety of
algorithms, including those of the consensus and diffusion type [1,[26H31]. In Chapter , we
studied the diffusion strategy strategy due to its proven enhanced performance in adaptive
environments in response to streaming data and drifting conditions [1,[147]. The strategy

takes the form:

Gpi = Wi — 1V T (Wi1) (6.2a)
N

Wy = Z Py (6.2b)
=1

Note that the gradient step employs a stochastic gradient approximation ﬁk (Wg,i—1),
rather than the true gradient V.Jy(wy;—1). The random approximation of the true gradient
based on sampled data introduces persistent gradient noise, which seeps into the evolution of
the algorithm. A commonly employed construction is ﬁk('wk,i_l) = VQ,(wg,i—1;xk); nev-
ertheless, we consider general stochastic gradient approximations ﬁk('wk,i,l) under suitable
conditions on the induced gradient noise process (Assumptions and further ahead).
Prior works have studied the dynamics of the diffusion strategy f and examined
the implications of the gradient noise term in the strongly-convez setting [1,27,[146]. In par-
ticular, it has been shown that despite the presence of gradient noise, the iterates wy; will
approach the global solution w* £ argmin,, .J (w) to the problem in the mean-square-

error sense, namely it will hold that lim sup, . I ||w* — wg, ||> = O(u).

In Chapter [5| we showed that many of the desirable properties of the diffusion algorithm
continue to hold in the more challenging non-convex setting. We established that all agents
will cluster around a common network centroid after sufficient iterations and established
expected descent of the network centroid in the large-gradient regime. In this part of the
work we establish that the diffusion strategy is able to escape strict-saddle points and return

second-order stationary points in polynomial time.
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6.1.1 Related Works

A general discussion on decentralized algorithms for optimization and learning can be found
in Chapter [5] In this section, we focus on works studying the ability of algorithms to escape
strict saddle-points and reach second-order stationary points, which is the focus of this
part. The desire to obtain guarantees for the escape from saddle-points is motivated by the
observation that in many problems of interest, such as neural networks, saddle-points can
correspond to bottlenecks of the optimization problem. As such, guarantees of convergence
to first-order stationary points, i.e., points where the norm of the gradient is small, need
not be sufficient to establish good performance. For this reason, there has been interest in
the guarantee of convergence to second-order stationary points. Approximate second-order
stationary points, like first-order stationary points, are required to have a small gradient

norm, but are also restricted in terms of the smallest eigenvalues of their Hessian matrices.

Works that study the ability of gradient descent algorithms to escape strict saddle-points
can broadly be classified into two approaches. The first class is based on the fact that there
is at least one direction of descent at every saddle-point and leverage either second-order
information [144] or first-order strategies for identifying a negative-curvature direction [135-
137] to identify the descent direction. Our work falls into a second class of strategies, which
exploit the fact that strict saddle-points (defined later) are unstable in the sense that small
perturbations allow for the iterates to escape from the saddle point almost surely. Along these
lines, it has been shown in [133] that under an appropriately chosen random initialization
scheme, the gradient descent algorithm converges to minimizers almost surely. The work [61]
further leveraged this fact to establish that distributed gradient descent with appropriately
chosen initialization escapes saddle points. When subjected to persistent, but diminishing
perturbations, known as annealing, asymptotic almost sure convergence to global minimizers
of gradient descent-type algorithms has also been established in the centralized [132] and
more recently in the distributed setting [140]. All these useful results, while powerful in
theory, still do not provide a guarantee that the procedures are efficient in the sense that they

would return accurate solutions after a finite number of iterations. Actually, despite the fact
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that gradient descent with random initialization escapes saddle-points almost surely [133],
it has been established that this process can take exponentially long [148], rendering the

procedure impractical.

These observations have sparked interest in the design of methods that have the ability
to escape saddle-points efficiently, where efficiency is loosely defined as yielding success in
polynomial, rather than exponential time. The authors in [59] add persistent, i.i.d. per-
turbations to the exact gradient descent algorithm and establish polynomial escape from
saddle-points, while the work [60] adds perturbations only when the presence of a saddle-
point is detected. It is important to note that in most of these works, perturbations or
random initializations are selected and introduced with the explicit purpose of allowing the
algorithm to escape from unstable stationary points. For example, random initialization is
followed by exact gradient updates in the works [61}(133], while the perturbations in [60]
are applied only when a saddle-point is detected via the norm of the gradient. All of these
techniques still require knowledge of the exact gradient. While the authors of [59] consider
persistent gradient perturbations, these are nevertheless assumed to be independently and

identically distributed.

Motivated by these considerations, in this chapter, we focus on implementations that
employ stochastic gradient approximations and constant step-sizes. This is driven by the
fact that computation of the exact gradients V.Ji(-) is generally infeasible in practice because
(a) data may be streaming in, making it impossible to compute V E,, Qx(-; @) in the absence
of knowledge about the distribution of the data or (b) the data set, while available as a batch,
may be so large that efficient computation of the full gradient is infeasible. As such, the
exact gradient will need to be replaced by an approximate stochastic gradient, which ends
up introducing in a natural manner some form of gradient noise into the operation of the
algorithm; this noise is the difference between the true gradient and its approximation. The
gradient noise seeps into the operation of the algorithm continually and becomes coupled
with the evolution of the iterates, resulting in perturbations that are neither identically
nor independently distributed over time. For instance, the presence of the gradient noise
process complicates the dynamics of the iterate evolution relative to the centralized recursions
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considered in [59).

There have been some recent works that study stochastic gradient scenarios as well.
However, these methods alter the gradient updates in specific ways or require the gradient
noise to satisfy particular conditions. For example, the work [139] proposes the addition of
Gaussian noise to the naturally occurring gradient noise, while the authors of [134] leverage
alternating step-sizes. The works [135-137] introduce an intermediate negative-curvature-
search step. All of these works alter the traditional stochastic gradient algorithm in order to
ensure efficient escape from saddle-points. The work [138] studies the traditional stochastic

gradient algorithm under a dispersive noise assumption.

The key contributions of this work are three-fold. To the best of our knowledge, we
present the first analysis establishing efficient (i.e., polynomial) escape from strict-saddle
points in the distributed setting. Second, we establish that the gradient noise process is
sufficient to ensure efficient escape without the need to alter it by adding artificial forms of
perturbations, interlacing steps with small and large step-sizes or imposing a dispersive noise
assumption, as long as there is a gradient noise component present in some descent direction
for every strict saddle-point. Third, relative to the existing literature on centralized non-
convex optimization, where the focus is mostly on deterministic or finite-sum optimization,
our modeling conditions are specifically tailored to the scenario of learning from stochastic
streaming data. In particular, we only impose bounds on the gradient noise variance in
expectation, rather than assume a bound with probability 1 [134}/138] or a sub-Gaussian
distribution [139]. Furthermore, we assume that any Lipschitz conditions only hold on the
expected stochastic gradient approximation, rather than for every realization, with probabil-
ity 1 [135H137].

For reference, we refer the reader back to Table[5.1]in Chapter [5] for a summary of related

works and modeling conditions.
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6.2 Review of Chapter

6.2.1 Modeling Conditions

In this section, we briefly list the modeling conditions employed in Chapter [5| for reference.
Assumption 6.1 (Strongly-connected graph). The combination weights in (6.2b) are

convexr combination weights satisfying:

Ak Z O, Z Qe = 1, Q. — 0if ¢ ¢ Nk (63)
EEN)@

The symbol N, denotes the set of neighbors of agent k. We shall assume that the graph
described by the weighted combination matriz A = |ag] is strongly-connected [1]. This means
that there exists a path with nonzero weights between any two agents in the network and,

moreover, at least one agent has a nontrivial self-loop, ag, > 0. 0

The Perron-Frobenius theorem [1,23,24] then implies that A has a spectral radius of one

and a single eigenvalue at one. The corresponding eigenvector can be normalized to satisfy:
Ap=p, 1'p=1, p.>0 (6.4)

where the {p} denote the individual entries of the Perron vector, p.

Assumption 6.2 (Lipschitz gradients). For each k, the gradient VJi(-) is Lipschitz,

namely, for any x,y € RM:
IVJi(x) = V)|l < dljz -yl (6.5)
In light of (6.1) and Jensen’s inequality, this implies for the aggregate cost:

IV () = VI()| < olle -yl (6.6)
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The Lipschitz gradient conditions (6.5) and imply
T 0 2
J(y) = J(@) + VJ(2) (y —2) + 5llz —yll (6.7)
For the Hessian matrix we have |1]:
—61 < V%] (x) <61 (6.8)

Assumption 6.3 (Bounded gradient disagreement). For each pair of agents k and ¢,

the gradient disagreement is bounded, namely, for any v € RM:

IV Je(z) = VIi(z)| < G (6.9)

O
Definition 6.1 (Filtration). We denote by F; the filtration generated by the random pro-
cesses wy, ; for all k and j < i:

fié{WO,Wl,...,Wi} (610)

where w; £ col{wy j,...,wy;} contains the iterates across the network at time j. Infor-
mally, F; captures all information that is available about the stochastic processes wy, j across

the network up to time 1. O

Assumption 6.4 (Gradient noise process). For each k, the gradient noise process is

defined as

Ski(Wei1) = ﬁk(’wk,pl) — Vi (wp,i-1) (6.11)

and satisfies
E{spi(wgi-1)|Fi-1} =0 (6.12a)
E{|l spi(wri )| Fir} <ot (6.12D)
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for some non-negative constant o*. We also assume that the gradient noise processes are

pairwise uncorrelated over the space conditioned on JF;_ 1, i.e.:

E {sk,i(wk,ifl) Sé,i(wé,ifl)-r’]:ifl} =0 (6'13)

The fourth-order condition also implies via Jensen’s inequality:
E {|| sgi(wri1)IP|Fir} < o (6.14)

Definition 6.2 (Sets). To simplify the notation in the sequel, we introduce following sets:

G2 {w VI(w)|]? > uZ—j (1 - %)} (6.15)
[ {w | VJI(w)|]? < ,u(cj—j 1+ %)} (6.16)
HE {w cw € GY Amin (VQJ(w)) < —T} (6.17)
ME {w cw € GY Amin (VQJ(w)) > —7'} (6.18)

where T 18 a small positive parameter, c; and cy are constants:

¢ 2 % (1= 2u8) = O(1) (6.19)

cy 2 00%/2 = 0(1) (6.20)

and 0 < w < 1 is a parameter to be chosen. Note that G = H U M. We also define the
probabilities 77 £ Pr{w.; € G}, n/* £ Pr{w.; € H} and 7™ = Pr{w.; € M}. Then for

all i, we have n¥ + 7t +7M = 1. ]

Assumption 6.5 (Lipschitz Hessians). Fach Ji(-) is twice-differentiable with Hessian
V2Ju(+) and, there exists p > 0 such that:

IV Ji(z) = V2J)ll < pllz —yll (6.21)
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By Jensen’s inequality, this implies that J(-) = Zszlkak(') also satisfies:
V2 (z) = V2T ()l < pllz — y (6.22)

]

Similarly to the quadratic upper bound that follows from the Lipschitz condition on the
first-derivative , this new Lipschitz condition on the second-derivative implies a cubic

upper bound on the function values [144]:
T 1 To2 P 3
J(y) < J(2) + VI(@) (y —2) + 5y —2) VI (@)(y —2) + ¢y — 2l (6.23)

6.2.2 Review of Results

An important quantity in the network dynamics of (/6.2al)—(6.2b|) is the weighted network

centroid:

N
W ; = Zpk Wi ; (624)
k=1

where the weights p, are elements of the Perron vector, defined in (6.4]), which in turn is a
function of the graph topology and weights. The network centroid can be shown to evolve

according to a perturbed, centralized, exact gradient descent recursion [27]:

N
We; = We i1 — Zpkvjk(wc,i—l) —pdiy —ps; (6.25)
k=1

where we defined the perturbation terms:

N
di = Zpk; (VJg(wgi—1) — VI (wei-1)) (6.26)
=1
N —_—
8 = Zpk (vjk(wk,i—1> - v‘]k(wk7i—1)> (6.27)
=1
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In Chapter [5| we established that, under assumptions [6.1H6.4, all agents will cluster around

the network centroid in the mean-fourth sense:

JT|*
Al VRPN (G 1 0%) +o(ut)  (6.28)

E [Jwi— (1p" @ I) wil|" < M4HVLH4W

A

for i > i, where i, £ log (o(u*))/log (|

JT

). This result has two implications. First, it
establishes that, despite the fact that agents may be descending along different cost functions,
and despite the fact that they may have been initialized close to different local minima, the
entire network will eventually agree on a common iterate in the mean-fourth sense (and

via Markov’s inequality with high probability). Furthermore, it allows us to bound the

perturbation terms appearing in (6.25]) as:

2
(Elldia]®)” < Elldia]l* < O(u") (6.29)

(E{llsil1Fi 1)) < E{|lsi]l|Fis} < o (6.30)

after sufficient iterations 7 > i5. We conclude that all iterates, after sufficient iterations,
approximately track the network centroid w,;, which in turn follows a perturbed gradient

descent recursion, where the perturbation terms can be appropriately bounded.

We then proceeded to study the evolution of the network centroid and establish expected
descent in the large gradient regime, i.e.:
O 3
E {J(wm)| We -1 € g} S E {J(wc7i_1)| We ;-1 S g} — ,u2{;_—2 + M (631)

g
T

where the set G introduced in Definition [6.2 denotes the set of points with sufficiently large
gradients | V.J(w)||> > O(n).

While this argument could have been continued to establish the return of approximately
first-order stationary points in the complement G& = MU®H, our objective here is to establish
the return of second-order stationary points in M, which is a subset of G¢. This requires
the escape from strict-saddle points in H. In the vicinity of first-order stationary points, a

single gradient step is no longer sufficient to guarantee descent, and as such it is necessary to
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study the cumulative effect of the gradient, as well as perturbations, over several iterations.
We laid the ground work for this in Chapter |5| by introducing a short-term model, which is
more tractable and sufficiently accurate for a limited number of iterations. This approach
has been used successfully to accurately quantify the performance of adaptive networks in
convex environments [1] and establish the ability of centralized perturbed gradient descent
to escape saddle-points [59]. Around a first-order stationary points w.;« at time i*, the

short-term model is obtained by first applying the mean-value theorem to (6.25)) and obtain:

~3*

W)y = (I = pHp ) W, + pVJ (W) + pdis i + 0 8iv4i41 (6.32)

*

where ﬂz,ﬁ* denotes the deviation from the initial point w.;, i.e. 'Lsz = Wi+ — Weiry; and
1
Hi*+i £ / V2J ((1 - t) We j*+i +i wc,i*) dt (633)
0

The short-term model is then obtained by replacing H«,; by V2J(w,;+) and dropping the

driving term pud;«;:

~ /3%

ﬂ’lﬁl = (I - Mvzj(wc,i*)) w,;" 4+ uVJ(Weir) + [ Six it (6.34)

where again @ denotes the deviation from the initialization w;"" = we —w, ;. ;. In [70,
Lemma 4], we established that the short-term model ([6.34) is a meaningful approximation
of (6.32) in the sense that for a limited number of iterations i < %, we have the following
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bounds:

112 2

113 3
E{ @' || |weq € 7-[} < O(1*?) 072’“; ) (6.36)

|| 2 (N4)
ES||w; || |wes € Hp <O+ = (6.37)

e ]2 0,
E{Hw; — @ ) wen € 7—[} < O(1) + 78:[ ) (6.38)
~ [/ * 2 O 2

E {H'wi | we i+ € 7—[} < O(u) + fr‘; ) (6.39)

We will now proceed to argue that these deviation bounds allow us to establish decent
of by means of studying descent of and leverage this fact to show that the
diffusion strategy will continue to descend through strict-saddle points in Theorem [6.1] This
result, along with the descent for large gradients established in Theorem will allow us
to guarantee the return of an approximately second-order stationary points in Theorem [6.2]

The argument is summarized in Fig. |6.1}

138



‘Ayiqeqoad ysy yym jutod ATeuorjr)s I9pIo-puodos

® JO WINJOI 91} [SI[RISO 09 [g 9| WLI0LY ], Ul pouIquiod ore s)Msol om) o], [¢ 1oder) ur pejesl) sI youriq pal oY ], ‘Yourlq
9913 oY) Ul JUedsop saysi[qe)ss 1ojderp sty ut [[°9] weioay ], ‘sjutod Areuorye)s Afpjyewrrxordde jo uoryeoyisse[) :1°9 9IS

()0 < {63 "m|("Pm) — (m)r}a
[C7G WI00Y ], Ul UOTJRINNT SUO UL JUSISI(]

(Mo < I(*m)ral

(Mo < {n 3 m|(=++°m)r — (m)r}a Areuoryess-(1) 0 LON
[1°9 wat0ay 1, wr sworyeant ((11)/T)0 = 2 U1 Juedsa(
— 1 oy Je Yom
o[ppes-10L13s-L PIOIYUSD FIOMPON

/

(M0 > J(*m)rAll

ﬁ.\ﬁwsoﬂﬁm IopI0-puodes Appjewrxordde st G:L Areoryeys-(1f)()

[+ < (*m)rn) ]

139



6.3 Escape from Saddle-Points

The deviation bounds (6.35)—(6.39)) establish that, for the first O(1/u) iterations following
a first-order stationary points w.;, the trajectories of the true recursion (6.32) the short-
term model ([6.34]) will remain close. As a consequence, we are able to guarantee descent of

J(we- 1) by studying J(wy;.;). Note from (6.7) that
’ ’ T ’ 0 ’ 2
J(we i) < J(wc,i*—l—i) +VJ (wc,i*+i) (’wc,i*+i - wc,i*—i—i) + §H’wc,z’*+i - wc,i*—l—iH (6.40)
Taking conditional expectation yields:

E{J(weyi)| wex € H} < B {‘](wlc,i*+i)| Wi+ € H}
+E {V‘] (w/c,z‘*+z')T (weinri — w/c,i*+i) | weir € H}
E

° {ch,i“ri - w/c,i*+iH2’ We i+ € ’H} (6.41)

T3

The two terms appearing on the right-hand side can be bounded as:

ke {VJ (wlcvi“ri)T (wcvi“ri - w/c,z‘*+z‘> | W+ € H}
(a)

< \/E {”VJ (w/c,i*+i)||2|wc’i* < H}

B {0t el w0 € )

7-‘-7;*
3/2
—0 ( 3/2) 4 (p 7{>
(b) 10 3/2
<0 (1) + (:H ) (6.42)
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where (a) follows from Cauchy-Schwarz, (b) follows from +/m}f > wlf since 7}f < 1 so that:

E {J(wc,i*—i-i)’ We i+ € H}

O(p*)

it

< E{J(wl )| wee € HY +0 (17?) +

C

(6.43)

We conclude that the function value at w,;«y; after ¢ iterations is upper-bounded by the

function evaluated at the short-term model w’

ci*4; With an additional approximation error

that is bounded. We conclude that it is sufficient to study the dynamics of the short-term
model, which is more tractable. Specifically, in light of the bound ((6.23)) following from the

Lipschitz-Hessian Assumption |6.5 we have:

J('w/c,i*-i-i) < J(wegr) — Vj(wc,i*)THJ;i*
1
2

2
V2J(w, i+

3
+

~ | i* p ~ /%
| w; )+ EHwi (6.44)
In order to establish escape from saddle-points, we need to carefully bound each term ap-
pearing on the right-hand side of (6.44)), and to this end, we will need study the effect to
the gradient noise term over several iterations. For this purpose, we introduce the following

smoothness condition on the gradient noise covariance [1]:

Assumption 6.6 (Lipschitz covariances). The gradient noise process has a Lipschitz

covariance matriz, i.e.,

Rop(wyi 1) 2 E {Sk,i(wk,i—l)sk,i(wk,i—l)T|-7:i—1} (6.45)

satisfies
[Rs(2) — Rok (W) < Brllz —yl” (6.46)
for some Br and 0 < v < 4. O

Definition 6.3. We define the aggregate gradient noise covariance as:

Rei(wis1) =E{s;s] |Fi_1} (6.47)
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where s; & Z]kvzl Pk Ski (Wyi—1) denotes the aggregate gradient noise term introduced earlier

in (6.27). O

Note that in light of this definition and the assumption that the gradient noise process is

conditionally uncorrelated over space as in ((6.13]), we have:
R&i (Wi—l) =F {Si S;r ’.7:'_1}

N N T
=kK (Zpk Sk,i (wk11>> (Z Dk Sk.i (wk,i1)> "7'-1'71
k=1 k=1

N
E {Zpi Sk (Whim1) S (W) m_l}

k=1

Il
WE

pi E {Sk,i (wk,@;l) Sk.i (’wk,i—l)T |-'Fi71}

e
Il

1

PrRok (Wi io1) (6.48)

|
WE

T

1

so that the aggregate gradient noise covariance is a weighted combination of the individual
gradient noise covariances, albeit evaluated at different iterates. In light of the smoothness
assumption [6.6] we are nevertheless able to approximate the aggregate noise covariance by

one that is evaluated at the centroid.

Lemma 6.1 (Noise covariance at centroid). Under assumptions and for suffi-

ciently small step-sizes j, we have for all i and w € RM:

||Rs,i (]l ® wc,i—l) - Rs,i (]l ® ’lU)H S pmaX/BR ||wc7i—1 _w“’y (649)
Rsi Weiz1) — Rsi (Wiz1)|| < PmaxBr [|Weim1 — Wi ||’ (6.50)
Proof. Appendix [6.A] O]

Note that from the bound on the aggregate gradient noise variance (6.14)), we can upper
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bound the gradient noise covariance:

[Ros W)l = [Es: 87| E s; 87| = E lsi]* = o2 (6.51)

where (a) follows from Jensen’s inequality. In order to ensure escape from saddle-points, we

introduce a similar, lower-bound condition.

Assumption 6.7 (Gradient noise in strict saddle-points). Suppose w is an approxi-
mate strict-saddle points, i.e., w € H and denote the eigendecomposition of the Hessian as

V2J(w) = VAVT. We introduce the decomposition:

AZ0

V= [ P20 <o ] L A= e (6.52)

where A=° >0 and A<° < 0. Then, we assume that:
Aumin ((V<°)TRS (1®w) V<0> > o2 (6.53)
for some o7 >0 and all w € H. O

Assumption [6.7]is similar to the condition in [134], where alternating step-sizes are employed,
and essentially states than for every strict-saddle point in the set H, there is gradient noise
present along some descent direction, spanned by the eigenvectors corresponding to the

negative eigenvalues of the Hessian V2J(-).

Theorem 6.1 (Descent through strict saddle-points). Suppose Pr{w.; € H} # 0, i.e.,
w.+ 15 approzimately stationary with significant negative eigenvalue. Then, iterating for °

iterations after 1* with

log <2M;—§ + 1) 1
= . <0O|— 6.54
' log(1+42p7) — (MT) (654
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guarantees

E{J(weirvis) | weis € H}

< E{J(weir)| wesr € My = EMo® +o(u) + 0755) (6.55)
Proof. Appendix [6.B] O

This result establishes that, even if w, ;« is an O(u)-square-stationary point and Theorem
can no longer guarantee sufficient descent, the expected function value at the network cen-
troid will continue to decrease, as long as the Hessian matrix has a sufficiently negative

eigenvalue.

6.4 Main Result

In Theorem [5.2] we established a descent condition for points with large gradient norm
w.; € G, while Theorem guarantees descent in ¢° iterations for strict-saddle points
w.; € H. Together, they establish descent whenever w.; € G UH = M. Hence, we
conclude that, as long as the cost is bounded from below, the algorithm must necessarily
reach a point in M after a finite amount of iterations. This intuition is formalized in the

following theorem.

Theorem 6.2. For sufficiently small step-sizes i, we have with probability 1 —7, that w0 €
M, ie., |[VI(weio)|]? < O(u) and Apin (VI (Wei0)) > —7 in at most i° iterations, where

i° < U(“;;#z (6.56)
27T

and i* denotes the escape time from Theorem (6.1, i.e.,

log (22 +1) .
= L. <0(— 6.57
' log(1+42p7) — (MT) (657)

Proof. Appendix [6.C] O
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This final result states that with probability 1 — 7, where we are free to choose the de-
sired confidence level, the diffusion strategy (6.2a)—(6.2b|) will have visited an approximately

second-order stationary point after at most ¢ iterations.

6.5 Simulation Results

In this section, we consider an example that will allow us to visualize the ability of the
diffusion strategy to escape saddle-points. Given a binary class label v € {0, 1} and feature
vector h € RM, we consider a neural network with a single, linear hidden layer and a logistic

activation function leading into the output layer:

O

L (6.58)

with weights w, € R*, Wy € RY*M of appropriate dimensions. A popular risk function for

training is the cross-entropy loss:

Q(wy, Wa; v, h) & —ylog(¥) — (1 — ) log(1 —7) (6.59)

Note that, the first term is non-zero, while the second term is zero if, and only if, v = 1, in

which case we have:

—log(¥) = log (1 n e*wT%h) (6.60)
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Similarly, the second term is non-zero while the first term is zero if, and only if, v = 0, which

implies:

AN + ewiW2h
— log (1 + ewTW2h> (6.61)
Letting 4" € {—1, 1} such that:
-1, ify=0
v = (6.62)
1, ify=1

we can hence simplify to an equivalent logistic loss:
Qwr, Wi, h) = log (14 ¢~71"2h) (6.63)
The regularized learning problem can then be formulated as:
J(w1, Wa) = EQ(uwr, Wai ', h) + | + L)1 Wa 1} (6.64)

which fits into the framework (6.1 treated in this chapter. In order to be able to visualize
and enumerate all stationary points of (6.64)), we assume in the sequel that M = L =1 so

that all involved quantities are scalar variables. We can then find:

pwy — ylh
VJ(wy, Ws) =E W?Wf (6.65)
pW2 - e‘?’/wul]‘l/VQ h

The cost surface is depicted in Fig.[6.2] It can be observed from the figure, and analytically

verified, that J(-) has two local minima in the positive and negative quadrants, respectively,
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Figure 6.2: Cost surface of a simple neural network with p = 0.1.

and a single saddle-point at w; = W5 = 0. The Hessian matrix of J(-) at w; = Wy = 0
evaluates to:

'h
p —EIF

V2J(0,0) = (6.66)

—]E7—2h p

For this example, we let Pr{y' = -1} = Pr{y' =1} = ] and h ~ N (v/,1). Then, we
obtain E4"h = 1. We also let p = 0.1, so that:

, 0.1 —05
v2J(0,0) = o (6.67)

which has an eigenvalue at —0.4 with corresponding eigenvector col {1,1}. This implies that

wy = Wy = 0 is a strict saddle-point with local descent direction col {1,1}. It turns out,
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however, that the gradient noise induced by the immediate stochastic gradient approximation
ﬁ() = VQ(;v',h) does not have a gradient noise component in the descent direction
col {1,1} at the strict saddle-point w; = Wy = 0. Indeed, note that with probability one
we have VQ(0,0;4',h) = col{0,0} = V.J(0,0) so that the gradient noise vanishes at w;, =
W5 = 0. Hence, initializing all agents at w; = W5 = 0 and iterating — would
cause them to remain there with probability 1. This suggests that assumption is not
merely a technical condition but indeed necessary. To satisfy the assumption we construct

the stochastic gradient approximation as:
VJ (w1, Ws) £ VQ(wy, Was ¥, h) + v - col {1, 1} (6.68)

where v ~ N(0,1) acts only in the direction col{1,1} and ensures that gradient noise is
present in the descent direction around the strict saddle-point at w; = Wy = 0. Two

realizations of the evolution are shown in Figures 6.4]

6.A Proof of Lemma [6.1]

Recall that

N
S; £ Zpk Sk,i (wk,z’fl) (669)
k=1
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Figure 6.3: Agents are initialized at different points in space, but nevertheless quickly cluster.
They then jointly travel away from the strict saddle-point and towards one of the local
minimizers.

and hence ([6.48)) holds. Using the smoothness assumption on the gradient noise term (6.46]),

we can write:

E {Si S;r |fi_1}

N
= ZpiRs,k (wp,i—1)

piRs,k (wc,i—l )

Il
M1

=~
Il

1

N N
+ (Z PiBo (Wii1) = > piRas (wc,i—1)> (6.70)
k=1 k=1
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Figure 6.4: Agents are initialized together precisely in the strict saddle-point. The presence
of the gradient perturbation allows them to jointly escape the saddle-point.

so that:

IRs (1 ® weim1) — Rs (1 @ w)|

N N
= Zpi s,k wci 1) - szRs,k (U))
k=1 k=1

l

MZHM

wcz 1) — Ry (w))

—

a)

S Hpk wc i— 1) Rs,k (’LU)) H
k=1
S Pmax Zpk ||Rs,k (wc,i—l) - Rs,k ('LU)H
k=1
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(b)
S pmaxﬁR ch,ifl _wH’Y (671)

where (a) follows from Jensen’s inequality and (b) follows from the Lipschitz condition on

the gradient noise covariance ([6.46|) and fo:l pr = 1. Similarly:

[1Bs (Wi1) = Rs (Weia)l

N
= szRs,k (Wri-1) — ZP%Rs,k (wei-1)
k=1

nateo|

=

N
= sz (Rsp (Wim1) — Rs g (Wei-1))
k=1

N
< Zpk [P (Rt (Wii—1) — R (wei—1))]]
k=1
N
< PmaxBr Zpk |lwgi—1 — wei—1]]”
k=1

(a) N
< PmaxBr Zpk Wizt —weiaal”
k=1

= PmaxOr [ Wic1 = Weia|” (6.72)

where (a) follows from the fact that 27 is monotonically increasing in v for z,v > 0 and:

N
HWifl - W(:,zelH2 = Z Hwk,ifl - wc,zelH2
k=1

Z ||’U)g i—1 — wc,i—1||2 s Ve (673)
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6.B Proof of Theorem [6.1]

We shall carefully bound each of the terms appearing on the right-hand side of (6.44]), which

we repeat here again for reference:
J(W o)) < J(wepe) = VI (wee) @y

2
V2J(w, i+

3

| ST Pl ~ri*
T O 671

We begin by establishing a bound on the linear term in (6.74)). Iterating the recursive relation
for the short-term model (6.34) and taking expectations conditioned on F;«; yields:

E {ﬂ/::fl—ﬂfi*—&-i} = (I — MVZJ(wC,i*)) W'

+ uV I (Weir) + pE{Siyiv [Fiegi}
= (I — pV2J(wei)) @+ pVJI(we) (6.75)

where the gradient-noise term disappeared in light of
E{siyiv1|Fiyi} =0 (6.76)

by Assumption . Note that F;«y; denotes the information captured in wy; up to time

1* 4+ 7, while F;+ denotes the information available up to time i*. Hence:
fi*+i = f’i* U ﬁltration {wkﬂ‘*+1, Ce ,w;“-*ﬂ-} (677)

Hence, taking expectation of (6.75)) conditioned on F;« removes the elements not contained

in F;« and yields:

E{w, | |Fi} = (I —pV?J(we)) E{@"|Fp} + uVJ(we) (6.78)
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Since w'd" = 0, iterating starting at i = 0 yields:

i

E{@w?|Fp} =p (Z = uv%(ww))’“—l) VJ(wes) (6.79)

k=1

This allows us to bound the linear term appearing in ((6.74) as:

“E {w(ww)%;“ Iﬂ}

- _ Vj(wm-*)—r E {IA[J;Z*|.7:“}

B3 vrwe)T (Z (I~ uv2J<wc,i*>)’“‘1) VJ(we,)

k=1

—_— — Sk 2 . _
- ILLHV‘](’U)C:Z )szzl (Ifﬂvgj(wc,i*))k 1 (680)

We now examine the quadratic term in (6.74]). To this end, we introduce the eigenvalue

decomposition of the Hessian around the iterate at time i*:
Vi (wep) 2 VA V5 (6.81)

Note that both V;» and A;« inherit their randomness from w, ;«. As such, they are random
but become deterministic when conditioning on F,«. This fact will be exploited further
below. To begin with, note that:

2
VA V],

~ /3*

2
‘vw(wcw = } Wi

NIZ*
[keptm
= [Viwe: —Viwi il
= i*wc,l* i*wc7i*+i+1 A

i*

- Hmli—i—l

I (6.82)

where we introduced:

i*

wlﬁ-l 2 Vz‘T*ﬂ’/z'_H (6.83)
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Under this transformation, recursion (|6.34) is also diagonalized, yielding:

mll +1 = VT ~/§+1
=V5L(I-pVI(weq)) Vi V5w
+ ,UV VJ(we) + Mvz* Si*+i+1

= (I — /JAp) E’ﬁ* + ,U/VJ(’LUC,Z‘*) + /flgi*—i-z'—&—l (684)

with VJ('wc,i*) £ VZ-T*VJ(wm-*) and Sjxqiq = ViT* Si«1ir1- The presence of the gradient
term, which is deterministic conditioned on F;~ complicates the analysis of the evolution.
It can be removed by (conditionally) centering the random variable. Specifically, apply-
ing the same transformation to the conditional mean recursion , and subtracting the

transformed conditional mean on both sides of ((6.84]), we find:
wi, —E{wi,|Fr} = —pA) (@) —E{W! |Fi}) + (8 tina (6.85)

which allows us to cancel the driving term involving the gradient. For brevity, define the

(conditionally) centered random variable:

', =w',, —B{w,|F:} (6.86)
so that:

- 1*

Wy, = (I — pAi) ' o fB (6.87)

Before proceeding, note that we can express:

B{ o

a1 Fir b= B{@? —E{w?|F Y, Fe ]

—p{wr L E) e ESL 6
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Hence, we have:

E{||a/;:

. w, ) ’-’Fl*} = { }_'i
_ E{

In order to make claims about {‘ w't

VIZ

‘-7'—1*

7
b {17

(6.89)

i*}:we

2 . ]
VQJ(wC,i*)‘]:i*} by studying & { W'

need to establish a bound on ||E {w'!"|F ;. } ﬁ* We have:

7

|E{w'} |F-}

[
= [ {via |7},

e vr (Z (1- WQJ(wc,i*))’“‘l VJ(wesr)

k=1

A

3

=’ (Z (I - qu-*)k_1> VI (we-)

k=1

Ajx

(3

= 1V T (we) (Z (I — MAZ-*)’“_1> A ( (I — MAZ-*)'“_1> VJ(we ) (6.90)
k=1 k=1
We shall order the eigenvalues of V2J(w, ), such that its eigendecomposition has a block

structure:

>0
Vi = [ V20 y<o ] A= |0 (6.91)
KA ,L'* i* ) T O A<O .

with 67 > AZ" > 0 and A:° < 0. Note that since V2.J(w, ) is random, the decomposition
itself is random as well. Nevertheless, it exists with probability one. We also decompose the

transformed gradient vector with appropriate dimensions:

VJ(we) = col {W<wc,i*)20, VJ(wc,i*)d)} (6.92)

We can then decompose :

1B {w';

z‘*

A
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k=1
ST [« k—1
= i3V (we) ™) (M (1 — pAZ") ) AZ
X (Z (1- pA%O)k_1> VI (we )20
k=1
(V) ™) ( (1= uAs)* ) A
k=1
X (Z (I- uAf*O)k1> VJ(we )"
k=1
( 7
< 12 (VJ('wm )>°)T (Z (I —pAz%)" 1) AZ°
k=1
X <Z (I— uAiZ*O)k_1> VJ(we)=°
k=1
® > .
< 12 (VI (we)™") (Z (1= pAz")" ) Az
k=1
X (Z (1 - uA?)’“*) VI (W)=
k=1
.

= (Vo)) (Z (1 - MATO)’H> VI (w2
< n(Twe ) (Z (- MA?O)k_I) T (wesr)?*

156



2

= ILLHVJ(’LUCJ*) 22:1 (I_NAi*)k71 (693)
where (a) follows from A3 < 0, (b) follows from:
k 00

> (I- pAZ0)" <> (I-pAZ (6.94)
k=1 k=1

for 11 < 3. Step (c) follows from the formula for the geometric matrix series, and (d) follows

from:

k=1

u(VJ(wc,i*)x’)T (Z (1 — pAZ")"" ) Vi (we:)2° >0 (6.95)

Comparing (6.93)) to , we find that we can bound:

“E {Vj(wcyi*)Tﬂzf* yﬂ} +||E {w't

(6.96)
To recap, we can simplify (6.74)) as:

VI’L

E{J cz*-H |‘7: }<JwCZ)+;]E{

" }+§E{Hfu;“ 3

} (6.97)

We proceed with the now simplified quadratic term. Motivated by a technique employed
for the analysis of adaptive filters and stochastic gradient algorithms in convexr environ-
ments [1,|149], we square both sides of (6.87) under an arbitrary diagonal weighting matrix

3, deterministic conditioned on w,;« and w4, to obtain:

VIZ

—H[ ,LLAz*)w +M31*+1+1H2

= [|(1 = pAs) w

s, T 1218 inalls, + 2pa'] "I~ pA) SSisin (6.98)
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Note that upon conditioning on F;«;, all elements of the cross-term, aside from S« 1,

become deterministic, and as such the term disappears when taking expectations. We obtain:

B { ol 5, s} = 0 = ke ' Fo)
2

S 2 Sy 2 A DA T W (Ve SiVLR, (Wir )

2 2 T
s —opn,s, T oI (VX VIR, (Weir))

2 _ 2
s, T p*E {Hsi*HJrl’ =

< 3 *
7

i

}v/z‘*

+ ,U2TI' (VZ*EZV;E (RS (Wi*—‘,-i) — Rs (Wc,i*)))

ki

2
A SiA (6.99)

We proceed to bound the last two terms. First, we have:

Tr (Vi SV (Re Wis i) — Rs (Weir)))

(a)
< | VeZiVE IR Wirss) — R (Weir) |
< VS VEIR Wirsi) = Ry Weieri) + Ry Weieri) — Re (Wer) |

< |vemVi

[Rs (Wirti) — Rs (We,is14) |

+ ”Vi*EiV;I; [Rs (Weirti) — Rs (Wer) ||

(b)
< p (%) BrPmax (ch,i*-‘ri — We,i» H7 + ”Wc,i*—&-i — Wi*—i—iHW)

— (%) Brpm (|| @7

¥
+ ([ Weicti — Wz‘*+z’H7> (6.100)

where (a) follows from Cauchy-Schwarz, since Tr(A"B) is an inner product over the space

of symmetric matrices, and hence, |Tr(ATB)| < ||A|||| B]|, and (b) follows from Lemma (6.1)).

For the second term, we have:

2
Ap A

"/Z'* V/,L'* 2
w; w;

2
%

(6.101)
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We conclude that

. i* 2
E{ W |zi‘~7:i*}
B 2 '
- E{ W zi—zuAﬁzi’}-’*}

+ 1> Tr (VZ-*EiVZ-T*Rs (Wc,i*)) + wp (2 E {qi*-&-i‘]:i*}

where

~ % - e (|12
w, w'"

N
+ ([ Weivgi — Wi*+i‘|’y> + 62

qi*+i é ﬁRpmax (
For brevity, we define

D2 —2uA;

Y £ V;ERS (Wcﬂ‘*) Vl'*

With these substitutions we obtain:

W
w
- 1i*

At i = 0, we have:

};J}V*}
2

o, Fir | BT (B0Y) + 42 (80) B {qie il Fr}

,lb/é*:m/é*_]E wlzo*|‘7:z*}:0—020

Letting 3; = Ai*Di, we can iterate to obtain:

E{ 1o}

= /L2 ZTI‘ (Al*DnY) + ,U/Q Zp (Az*Dn) - {qz‘*—l—n"’F’i*}

n=0 n=0

= 1*Tr (Ai* (Z D”) Y) + 1 Z/) (AxD") - E {qi*—&-nlfl'*
n=0

n=0

- 17*

w1

——
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since W, . ;. = W+ at @ = 0. Our objective is to show that the first term on the
right-hand side yields sufficient descent (i.e., will be sufficiently negative), while the second
term is small enough to be negligible. To this end, we again make use of the structured

eigendecomposition (6.91)). We have:

(Aﬂ ( l D") VLR, (w“*)VZ-*>
on(s (-2

(V2R <wcﬁ>v;°)

+ 1*Tr <A§° <Z (1 - 2,uAZ§0)">
n=0
x (V) "R, (Weir) V;°>

) (2 Tr (A;O (Z (1 - 2,LLAZ->*0)n>

n=0

=

(

x (VE) Ry (Wee) V;())

e (-4 (L - iy

n=0

x (V") 'R, (Wes) V¢<*0>

(SC),uQTr (Aiz*o <Z (I = QMA?*O)n))

n=0

X Amax ((V%O)TRs (We,ir) V‘20>

7 7

— 12 Tr (—Af*o) (i (I — 2,LLA§O)”>>

n=0



— 1’ Tr <(-A§°) (Z (I- QMAf*O)")> o7 (6.109)

n=0

where in (a) we decomposed the trace since Ay (Z;:O D”) is a diagonal matrix, (b) applies
— (=A5") = A% Step (b) follows from Tr(A)Apin(B) < Tr(AB) < Tr(A)Amax(B) which
holds for A = AT, B = BT > 0, and (c) follows from the bounded covariance property
and Assumption [6.7] For the positive term, we have:

pTr (A%O (Z (I - 2MA§0)n>> o’
n=0
(%) p*Tr (A%O (Z (1 - QMAZZ*O)“>> o’

n=0
(b) _ (¢)
< u’Tr (A?O (2uA;") 1) o? < gMO'Q (6.110)

where (a) follows since I — 2uAz° is elementwise non-negative for y < 2, (b) follows from

S A" = (I — A)~" and (c) follows since V2J(w, ;) is of dimension M.

For the negative term, we have under expectation conditioned on w,;« € H:

oo (100 (S50 )
n=0
W ;* S H}

(@) :
> E<T ( (1+ 2#7)”) op

7 1+1
(b) 2\ 2@ 1—(1+2ur)"
7'< (14 2uT) )ae T Tt 2u7) 0}

=5 ((1 T 1) o? (6.111)

Step (a) makes use of the fact that (—Ay°) (Z;ZO (I - 2,uAi<*O)n> is a diagonal matrix,

where all elements are non-negative. Hence, its trace can be bounded by any of its diagonal
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elements:

() (-2 )

n=0
i

= (Z (1+ z/n)”> (6.112)

n=0

In (b) we dropped the expectation since the expression is no longer random, and (c) is the

result of a geometric series. We return to the full expression (6.109) and find:

2B {Tr (A (Z D")
n=0
X VL Rs (Weir) V) |w, - € 7—[}

. (a)
< gMUQ - g ((1 + o)t — 1) o2 < —%Maz (6.113)

where (a) holds if, and only if,

g2 - £ ((1 + 2u7) T — 1) o} < Hare?
2 2 2
o +1
—=2M— +1< (14 2p1)
Ty
2

= log <2M"—2 + 1) < (i +1)log (1 + 2u7)
0y

log <2Mf7%2 + 1)
4

<i+1
log (1+2ur) — '
log (2MZ +1)
= - <i+1 (6.114)

O(ur)

where the last line follows from lim,_,o1/xlog(1 4+ z) = 1. We conclude that there exists a

bounded % such that:

12 E {Tr (A (Z D”) VIR, (Weir) V) } < —gMUZ (6.115)
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Applying this relation to (6.108) and taking expectations over w,; € H, we obtain:

SN2

2
w iSJrlHAi* | we,in € H}

By

;S

<2 E{(Tr(AisD")-E{qp ,|Fi}) [we € H} - gM02

n=0

We now bound the perturbation term:

p ZE {(p (AiD") - E {qi*+n|-7'-i*}) | we i+ € 7'[}
n=0

<Y E{(p(OI(1 +2u01)") - B{ gy | Fir }) | wesr € H}
n=0

=12 (6(1+2p0)" - B {qyuy,| wesr € HY)
n=0

37 81+ 28" (ﬁRpmax(E {||@
n=0

Y
|wc,i* € H}

+ E {[[Weis4i — Wirgi | | we i € ”H})

W' ||| we,e € 7"})

O(,‘::) 4 O(M2)>

T

+ 0B {

;S

<p?) S(142u8)" (O(m) +

n=0

<o (Z (1+ 2@)”) (O(MM) + O(ﬁﬂ))

n=0
O 1+~ 0
Oy 4+ U o) 4 2

—
S
~

IN

where (a) follows from Lemma |70, Lemma 3]. We conclude:

B

. )
Ib'ﬁsHHiich,w € H} < —gMU2 +o(p) +
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Returning to (6.97)), we find:

E{J CZ*JFZ)l’LUCZ* EH}

< E{J(we)| wesr € H} + = E{ o' [y | weis € M}
+ PE{||@ || wer € H )
S E{J('wm*)] W, ;* € H} - gJ\JU2 + O(N) + 071(_5[) (6119)

6.C Proof of Theorem [6.2]

The proof follows by constructing a particular telescoping sum and subsequently applying |70,

Theorem 2] and [6.1} In a manner similar to [59], we define the stochastic process:

p

t(k)+1, if wewy €0,

t(k+1) = t(k)+1, if weem € M, (6.120)

t(k) +is, if Wek) € H.

\

where t(0) = 0. We then have:

E {J(wc,t(k)) - J(wc,t(k+1))| wc,t(k) S g}

= E{J(wesr) — J(We)+1)| Werw) € G}

3
> u26_2 _ O(/L?’) _ O(:u )
m

7Tz'g (6.121)
and
E {J(wc,t(k ) J(wct k+1) )| We (k) € H}
_E{J wct(k) J(wct(k:—l—z)
> P 6? — o) — O(i) (6.122)
2 ]
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Finally, we have:

E{ J(wetn) — J (Weper1))| ey € M}

= E{J(werm) — J(Wet)+1)| wern) € M}

o)

M
;

> —pfer = O(u’) —

(6.123)

where (a) follows since t(k+1) —t(k) = 1 when w, ) € M. We can combine these relations

to obtain:

E{J(werp) — EJ(wettn)) }
= E{J(wes) — EJ(We i) werw) € G} - th(k)
+E{J(weer) = EJ(wesnrn)| weery € HY - T

+E {J(wc,t(k)) —E J(wc,t(k+1)>’ Wet(k) € ./\/l} . Wi\(/,lg)

"
- (Eao? — o) — QW)
oI H T Tt (k)

3

— pi?ey - ﬂ{\(}ﬁ) —o(1?) (6.124)
Suppose W,f‘(/,‘c) <1 — 7 for all i. Then 7Ttg(k) + 71'2&,) > m for all ¢, and

E{J(wesm) — EJ(wegprn)

C2 M
> p?; . (7T — WZ’fk)) + <§M02 — 0(u)> . Wka)

~ ey (1= ) — o)
K C2
= pPcom + <—Ma2 - MZ; - o(u)) WZ'(tk) —o(p?)

2
(@)
> jiPcom — o(p?) (6.125)
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where (a) holds whenever £Mo? — p* — o(u) > 0, which holds whenever p is sufficiently

small. We hence have by telescoping:

J(weo) — J°
> B J(wer0) — B J(wepr)
= B J(Wer(o)) — B J(we (1))
+ E J(wega)) — EJ(we2))
4o
+EJ(wegee) — EJ(wegm)
- (6.126)
Rearranging yields:

J(wqo) - J°

k<
[2com

(6.127)

We conclude by definition of the stochastic process ty:

(o) = I°) .

= t(k) <k-i* <
i=tk) <k-i° < oy

(6.128)
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CHAPTER 7

Centralized Non-Convex Optimization

Recent years have seen increased interest in performance guarantees of gradient descent al-
gorithms for non-convex optimization. A number of works have uncovered that gradient
noise plays a critical role in the ability of gradient descent recursions to efficiently escape
saddle-points and reach second-order stationary points. Most available works limit the gra-
dient noise component to be bounded with probability one or sub-Gaussian and leverage
concentration inequalities to arrive at high-probability results. We present an alternate ap-
proach, relying primarily on mean-square arguments and show that a more relaxed relative
bound on the gradient noise variance is sufficient to ensure efficient escape from saddle-points
without the need to inject additional noise, employ alternating step-sizes or rely on a global
dispersive noise assumption, as long as a gradient noise component is present in a descent

direction for every saddle-point. The material in this chapter are based on [72].

In this chapter, we consider optimization problems of the form:

w°® £ arg min J(w) (7.1)

weRM

where J(w) is a risk function defined as the expectation of a loss function, i.e.,
J(w) 2 By Q(u; @) (7.2

where the expectation is over the distribution of the data variable . We wish to study

first-order methods for pursuing solutions of ([7.1)), i.e., recursions of the form:

w; = w;_1 —puVJ (w;_1) (7.3)
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where V.J (w;_1) denotes some suitable update direction. When the gradient of J(-) can be
evaluated, which in general requires the distribution of @ to be known, then one popular and

effective construction is to employ the actual gradient vector:
—QG A

When the distribution of x is unknown, we can instead rely on the stochastic gradient
approximation [§]:

VI (wi1) 2 VO (wiy, @) (7.5)

where VQ (w;_1, x;) denotes an instantaneous approximation of V.J (w;_;) based on the real-
ization x; observed at time i. For strongly convez cost functions J(+), both gradient and
stochastic gradient implementations of are very well behaved and well studied in
the literature — see, e.g., [22,84] and the references therein. One particular conclusion is that,
under suitable conditions on the loss function and data distribution, descent along the true
gradient V.J (w;_1) results in linear convergence to the minimizer w®, while stochastic “de-
scent” along the instantaneous gradient approximation results in a small performance

degradation in steady-state for small step-sizes, i.e., limsup, ,. E |w® — w;|* < O(p) [1].

One surprising fact that arises when considering non-convex cost functions is that em-
ploying stochastic or perturbed gradient directions is generally beneficial and can in fact
improve the ability of an algorithm to escape saddle-points. For example, recursion ([7.3))
with true gradients can take exponentially long to escape from saddle-points [148].
However, by simply perturbing the gradient by adding i.i.d. noise will allow the algorithm
to escape strict saddle-points in polynomial time [59]. More formally, perturbed gradient

descent takes the form [59]:
——PG A
VJ (’U)i_1> =VJ (wi_l) + v; (76)

where v; is some i.i.d. perturbation term with positive definite covariance matrix. When

the true gradient V.J (w;_1) is unavailable, the perturbation can be added instead to the
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instantaneous gradient approximation |139]:

ﬁPSG (wi,l) = VQ (wi,l, .’Bz) + v; (77)

In this chapter, we will study a generic update direction vJ (w;_1) and examine the dynamics
of ([7.3) in non-convex environments under conditions that are more relaxed than typically

assumed in the recent literature. To this end, we introduce the gradient noise process:

si(wi_1) 2 VJ(wiy) — VJ (w;_1) (7.8)
and write ((7.3]) as:
w; = Ww;q —,uVJ('wz_l) — U si(wi_l) (79)

Any particular choice for the gradient estimate vJ (w;_1) will induce a different gradient
noise process ([7.8]) with varying properties. For example, while employing construction ([7.6))
results in i.i.d. gradient noise, a general construction of the form ([7.5)) will generally result

in a gradient noise process that is no longer i.i.d.

7.1 Related Works

The results and proof techniques presented in this chapter are related to Chapters [5] and [6]
which considered instead distributed optimization problems under an absolute variance bound
on the gradient noise. The contribution of this current work in relation to these earlier
studies is two-fold. First, we focus here solely on the case of single-agent optimization, i.e.,
on centralized as opposed to decentralized implementations. Second, and more importantly,
by limiting our analysis to the single-agent setting, we are able to relax the absolute variance
condition employed in [70}/71] to a mixed variance bound consisting of a mixture of relative
and absolute components, thus leading to new performance guarantees in the centralized

case.

There have of course been several other useful works on non-convex optimization using
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first-order methods in the literature. The primary focus in these earlier works has been
establishing convergence to first-order stationary points, i.e., points where the gradient van-
ishes so that VJ (w;—1) = 0 as ¢ — oo [142,]150H152]. First-order stationarity by itself
however, is generally not a sufficient guarantee of a desirable solution since the set of first-
order stationary points includes saddle-points and even local maxima. For this reason, in
more recent years, there has been growing interest in convergence guarantees that exclude
such undesirable first-order stationary points. To do so, one also examines second-order
conditions. In particular, recall that second-order stationary points are those where not
only the gradient vector is zero, but there are also restrictions on the smallest eigenvalue
of the Hessian matrix at their locations [141]. These restrictions, when chosen to exclude
local maxima and strict saddle-points can help ensure convergence towards local minima.
Actually, under such restrictions, the stationary points can be shown to always correspond

to local minima for some functions of interest [59,62,153-155].

One approach for ensuring convergence to these desirable second-order stationary points
is by incorporating second-order information via the Hessian matrix into the update rela-
tion [144}/156]. Such a construction helps ensure that a descent direction can be identified
even when the gradient vanishes and no longer carries directional information. For many,
especially large-scale problems, evaluating the Hessian matrix at every iteration can be pro-
hibitively costly. This fact has spawned a number of works that continue to employ first-order
schemes for identifying a descent direction around saddle-points for both deterministic and

stochastic optimization [135-137].

A second class of methods for the escape from saddle-points exploits the fact that strict
saddle-points (defined later) are unstable, in the sense that small perturbations, either in-
duced during initialization [61}/133] or added to the true gradient direction [59,(60,{157], will
cause iterates to approach second-order stationary points almost surely. These algorithms
require knowledge of the true gradient V.J(w;_1), which generally requires information about
the distribution of . Strategies for stochastic optimization, where instantaneous approxi-
mations VQ (w;_1,x;) are employed in place of the true gradient V.J(w;_1) have also been
studied recently. The works [132,/140] and [139] consider perturbed stochastic gradients
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with diminishing and constant step-sizes, respectively, while [134] employs by interlac-
ing small and large step-sizes and the works [70}71,|138| descend along with constant
step-sizes. This chapter is most related to these latter references — we shall make a detailed
distinction when discussing the modeling conditions below. We also note that a number of
recent works consider variance reduced strategies for the setting where J(-) corresponds to
an empirical risk based on a finite number of samples [137,/142,|143|. In contrast, our focus
is on the streaming data setting, where the sample size tends to infinity and traditional

variance reduction techniques are inapplicable.

7.2 Modeling Conditions

7.2.1 Smoothness Conditions

We employ the following smoothness assumptions.

Assumption 7.1 (Lipschitz gradients). The gradient V.J(-) is Lipschitz, namely, there

exists 0 > 0 such that for any x,y:

IVJ(z) = VJ(y)ll <oz -yl (7.10)

]

Assumption 7.2 (Lipschitz Hessians). The cost J(-) is twice-differentiable and there
exists p > 0 such that:

V27 () = V()] < pllz - yll (7.11)

]

Assumption is common in the study of gradient algorithms, even for the minimization

of convex function [1] and first-order stationarity in non-convex environments [150}/151]. It
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implies a quadratic upper bound on the cost:
T 0 2
J(y) = J(@) + VJ(2) (y —2) + 5llz —yll (7.12)
and uniform lower and upper bounds on the Hessian matrix:
— 61 <V (x) <61 (7.13)

The stronger Assumption is not necessary to establish convergence to first-order station-
ary points [150]. Tt is frequently employed to characterize more granularly the dynamics of
(stochastic) gradient algorithms around first-order stationary points, both to establish the
ability of various gradient algorithms to escape saddle-points [59,/133}/137,|139] or to study
the mean-square deviation of stochastic gradient implementations from minimizers in the

strongly-convex setting [1]. It implies a tighter upper bound than ((7.12]) [144]:
T 1 T2 P 3
J(y) < J(2) + VI(@) (y =) + 5y —2) VI (@)(y —2) + ¢y — 2| (7.14)

7.2.2 Gradient Noise Conditions

We shall employ the following conditions on the gradient noise process ([7.8)).

Definition 7.1 (Filtration). We denote by F; the filtration generated by the random pro-
cesses w; for all j <i:

Tié{wo,wl,...,wi} (715)

Informally, F; captures all information that is available about the stochastic processes w;

up to time 1. [
Assumption 7.3 (Gradient noise process). The gradient noise process (7.8)) satisfies:

E {si(wi_1)|.’Fi_1} =0 (716)

E{|lsi(wit)||!|Fim1} < B4V I (wia)|* + o* (7.17)
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for some non-negative constants 3%, o*. ]

The fourth-order condition ([7.17) also implies a bound on the second-order moment via

Jensen’s inequality:

E {|| si(w; 1) [?|Fia} < \/54\|Vj(wi71)\|4 + ot

(a)
< BV I (wid)|I* + o (7.18)

where (a) follows from the sub-additivity of the square root. Condition is the same
as the one employed in [151] to study first-order stationarity under a diminishing step-size
rule and corresponds to a mixture of the absolute and relative noise components appearing
in [84]. It is weaker than the condition assumed in works on second-order stationarity. For
example, the works [59.|138] require the gradient noise process to be uniformly bounded for
all w; with probability one. This condition is relaxed in [139] by requiring the difference
VJ(w;—1)—VQ (w;_1,x;) to be sub-Gaussian and further in [70,{71] by allowing for a uniform
bound on the fourth-order moment. Works that employ bounded or sub-Gaussian gradient
perturbation generally rely on concentration relations, which explicitly exploit the bounded

or sub-Gaussian nature of the gradient noise process [139).

In this chapter, we take a different approach by anchoring our analysis around mean-
square arguments. This allows us to track the evolution of the iterates w; in the mean-square
sense, rather than with high probability and avoid the need for restrictive probability bounds
on the gradient noise process. Observe that condition ([7.17)) is weaker than a uniform bound
on the fourth moment of the gradient noise process, since we allow for a relative component
in the form of 4%|VJ(w;_;)||*. This condition allows for the gradient noise variance to
grow away from first-order stationary points and in particular does not enforce a uniform
bound on the gradient noise variance as seen from . In place of stronger bounds
on the gradient noise variance, we employ a smoothness condition on the gradient noise
covariance, previously employed for characterizing the mean-square deviation of stochastic

gradient algorithms around the minimizer in strongly convex optimization [1].

173



Assumption 7.4 (Lipschitz covariances). The gradient noise process has a Lipschitz

covartance matrix, i.e.,

Rs(wi,l) = E {Si(wi,1)8i<wi,1)1—‘.¢i71} (719)

satisfies
[Rs(x) = Rs ()]l < Brllz —yl” (7.20)
for some Br and 0 < v < 4. 0

This condition essentially ensures that the second-order moment of the gradient noise process
is approximately invariant so long as the iterates w;_; remain sufficiently close. From the
bound on the aggregate gradient noise variance ([7.18), we can upper bound the gradient

noise covariance as follows:

HRS (wl*1>H
< E{Hsi(wz‘—l)si(wi—l)TH |7}
= E{Hsi(wi—l)HQ ’-7:1'}

(7.18) 9 9 9
< BVI(wi)|" +o (7.21)

Before introducing the final assumption, we formally define first and second-order stationary
points, similar to prior works on second-order stationary guarantees [59,(70,/71,/144]. We

decompose the space w € RM into four sets.

Definition 7.2 (Sets). To simplify the notation in the sequel, we introduce following sets:

G 2L {w VI (w)]|? > “Z_j (1 + %)} (7.22)
ge & {w VI (w)]]? < Mz—j 1+ %)} (7.23)
HE{w:we G Amin (V2 (w)) < -7} (7.24)
ME{w:we GY A (VI (w)) > —7} (7.25)
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where T 18 a small positive parameter, c; and cy are constants:

L1 - Mg (1+5%) =0(1) (7.26)
cy = §02 = 0(1) (7.27)

C1

and 0 < m < 1 is a parameter to be chosen. Note that G = H U M. We also define the
probabilities 77 = Pr{w; € G}, 7}* £ Pr{w,; € H} and 7™ 2 Pr{w; € M}. Then, for all

i, we have 7 + 7}t + M = 1. O

As explained in [70,71], the above definition first decomposes the space R into the set G,
where the squared norm of the gradient is larger than O(u) and its complement G¢. Since the
squared norm of the gradient in G is not precisely equal to zero, but nevertheless small for
small step-sizes pu, we refer to these points as approximately first-order stationary. The set of
approximate first-order stationary points is further decomposed into those where the Hessian
matrix has a strictly negative eigenvalue H, and those who do not M. The set of points
‘H correspond to approximate strict saddle-points, and are points where a descent direction
could be identified from the Hessian matrix. Points in M are referred to as approximately
second-order stationary, since they are indistinguishable from minima based on first and

second-order information.

Assumption 7.5 (Gradient noise in strict saddle-points). Suppose w is an approximate

strict-saddle point, i.e., w € H. Introduce the eigendecomposition of the Hessian matriz as

V2J(w) = VAVT and let the decomposition:

AZ0 0
V = [ V20 <0 ] . A= (7.28)
0 A<0
where A=° >0 and A<° < 0. Then, we assume that:
Aumin ((V<°)TRS (w) v<0> > o2 (7.29)
for some a7 >0 and all w € H. O
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As explained in [704/71], assumption [7.5|is similar to the condition in [134], where alternating
step-sizes are employed, and ensures that at every strict saddle-point there is a gradient
noise component in a descent direction with non-zero probability. It will be leveraged to
establish the ability of recursion to escape strict saddle-points. Note that, in contrast
to the global dispersive noise assumption |138], condition is only required to hold
locally in the vicinity of strict saddle-points. When there is no prior information, condi-
tion ([7.29) can always be guaranteed by choosing the update direction to be the perturbed
stochastic gradient direction ([7.7) with v; ~ N(0,02I), as is done in [139]. Under this con-
struction, the additional perturbation v; plays a similar role to ridge regularization, which
is frequently added to convex optimization problems to ensure strong convexity and hence
improved convergence behavior in the absence of a priori strong convexity guarantees. An
alternative construction is to add perturbations selectively, when a saddle-point is detected

by calculating the gradient norm, resulting in an algorithm similar to [60)].

Remark #1: In order to make the notation more compact, and whenever it is clear from
context, we shall omit the argument w; ; from the gradient noise term and write instead
s; & s;(w;_1) with the understanding that the gradient noise at time 7 is a function of the

iterate w;_; at time ¢ — 1 in addition to the data x; at time <.

Remark #2: The proof technique used to establish the main theorems in the next
section are motivated by the arguments used in the works [70,71] for distributed optimization
in non-convex environments. The main difference is that the arguments need to be adjusted

to accommodate the more relaxed relative variance bound (7.17)) in the single-agent case.

7.3 Performance Analysis

7.3.1 Preliminary Lemmas

Before proceeding with the analysis, we list some preliminary lemmas, which will be used

repeatedly throughout.

Lemma 7.1 (Conditioning [70]). Suppose w € RM is a random variable measurable by
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F. In other words, w is deterministic conditioned on F and E{w |F} = w. Then,
]E{]E{a:|.7—'}]w68}:E{w|weS} (7.30)

for any deterministic set S C RM and random = € RM. O

Lemma 7.2 (A limiting result). For T, 1,0 > 0 and k € Z with pu < 5, we have:

lim <(1 i) +£1(”2)> " ¢ TOTRTE — (1) (7.31)
n=0 (1= po)

Proof. This lemma is a minor variation of the result in [70]. The adjusted proof is listed in
Appendix [T.A] O
7.3.2 Large-Gradient Regime

Theorem 7.1. For sufficiently small step-sizes:

2

p= S0+ (7.32)

and when the gradient at w; is sufficiently large, i.e., w; € G, the stochastic gradient recur-

sion ([7.3)) yields descent in expectation in one iteration, namely,
c
E{J(wi)|w; € G} < B {J(w;)|w; € G} — p* (7.33)

On the other hand, when w; € M, we can bound the expected ascent:

Proof. Appendix [7.B] O

Theorem ensures that, whenever w; € G, i.e., whenever the gradient is sufficiently large,

one can expect descent in one iteration. This descent relation is similar to those used to es-
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tablish convergence to first-order stationary points [151]. In fact, repeatedly applying
would allow us to conclude that w; must eventually reach G¢ with high probability, as long
as J(-) is bounded from below. In contrast to strongly convex optimization however, where
a small gradient norm always implies vicinity to the global minimizer, first-order stationary
points can be arbitrarily far from a local minimum in non-convex surfaces. For this reason,

we will proceed to study the behavior around strict-saddle points in the sequel.

7.3.3 Escape from Saddle-Points

Beginning at a strict saddle-point w; € H and for any j > 0, we have from (|7.3)):
Wit = Wir; —pV I (Witj) — pSipjr1(Wirg) (7.35)
Subtracting this relation from w;, we find:
Wi — Wiy j1 = Wi — Wi VI (wiy) + psigj(wiiy) (7.36)

We shall study the evolution of the deviation w; — w; ;41 over several iterations j > 0. For

brevity, we define:

17’;‘+1 2 Wi — Wiy (7.37)
so that ([7.36) becomes:
W),y = W+ pV I (Wirj) + 1 8ig i (wig) (7.38)

From the mean-value theorem we find [1]:

@37 ~
VI (wiyy) — VI (w) = Hyp (wiy, —w;) 2 —H,, ! (7.39)
where
1
0
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so that ([7.38) can be reformulated to:

Wy, = (I — pHiy,) W)+ pNVJ(w;) + 0 8i 1 (wiy ) (7.41)
In a manner similar to [1,25,59], we replace the random and time-varying matrix H,; ; by
the Hessian matrix V?J(w;) evaluated at the starting point . This substitution obviously
leads to an approximate recursion in place of ; we shall denote its state vector by iIJ;-Ll
instead of ﬂ;;H, as seen below in (7.42)). The point is that while the Hessian V2J(w;) is
random and depends on the time instance i, it becomes deterministic and constant when
conditioning on F; and iterating over 5 > 0. We thus arrive at the following recursion, which

we shall refer to as the short-term model:
177/§+1 = (I — uV2J(w;)) {[,';1 + puVJ(w;) + pSije(wis;) (7.42)

where

~ 1/ FAY /
W = Wi =W, (7.43)

The fact that the driving matrix I — puV?2J(w;) is constant for all j > 0 ensures that
is a more tractable recursion than . In order for this model to be useful, however, we
need to ensure that the function J(w;, ;) evaluated at the iterate of the short-term model
carries sufficient information about the actual recursion of interest, i.e., J(w;;;). We begin
by establishing a set of deviation bounds over a finite time horizon. These ensure that the
iterates w;, ; and w;,; remain close for a bounded number of iterations, which will allow us

to relate J(wj, ;) and J(w;y;) further below.
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Lemma 7.3 (Deviation bounds). The following quantities are conditionally bounded:

E{Hﬂ;? | w; € 7{} < O(n) (7.44)
E{|@)] |wZeH}<O 3/2) (7.45)

B {|) " ws € H} < O(u (7.46)

B {[|@; — @' wi € 1} < O(u (7.47)
B { |3 wi € 1} < O(u (7.48)

for 7 < %, where T' denotes an arbitrary constant that is independent of the step-size .
Proof. Appendix [7.C]| O

These deviation bounds, along with the smoothness conditions on J(-) allow us to establish

the following corollary.

Corollary 7.1 (Short-term model accuracy). Beginning at w; € H, the short term

model is accurate over a finite horizon j < %, i.€.,
E {J(w)|w, € H) < B {J(w),,)|w; € H} +O0(u"?) (7.49)

for j < %, where T' denotes an arbitrary constant that is independent of the step-size .
Proof. Appendix [7.D] O

We conclude that J(-) evaluated at the true iterate w;,; is upper bounded by J(-) evaluated
at the short-term model w}, ; (up to an approximation error O(1*/?) that will turn out to
be negligible for small step-sizes), so long as both recursions are initialized at strict-saddle

points w; € H.

Theorem 7.2 (Descent through strict saddle-points). Beginning at a strict saddle-
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point w; € H and iterating for i® iterations after i with

log <2M§—§ +1+ O(,u)) 1
i’ = - <O|— (7.50)
log(1 4 2u7) UT
guarantees
< E{J(w)|w; € H} — gz\w + o) (7.51)
Proof. Appendix [7.E] O]

We conclude that when w; reaches an approximately strict-saddle points in H, where the
gradient norm alone is no longer sufficient to guarantee descent in a single iteration, we can
nevertheless guarantee descent after O(1/u) iterations. Recall that Theorem [7.1| guarantees
descent for points in G. As such, Theorems andtogether guarantee (expected) descent
whenever w; ¢ M and, as long as J(-) is bounded from below, they ensure that w; must

eventually reach a point in M. This argument is formalized in the final theorem.

Theorem 7.3. Suppose J(w) > J°. Then, for sufficiently small step-sizes p, we have with
probability 1 — w, that w;e € M, i.e., |[VJ(wio)|]? < O(u) and Apin (V2J (wi0)) > —7 in at

most 1° iterations, where

(J(wo) — Jo)is

© < 7.52
s en (7.52)
and i* denotes the escape time from Theorem 7.3
Proof. Appendix O

7.4 Simulation Results

In this section, we consider a simple example, arising from a single-hidden-layer neural

network with a linear hidden layer and a logistic activation function leading into the output
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H o o J(un, Wa)

; SGD with (5), g = 1072
SGD with (55), p = 1072
SGD with (55), p = 1073
SGD with (55), p = 10~

wy

Figure 7.1: Cost surface of a simple neural network with p = 0.1 and sample trajectories.
The symmetric nature of the loss and initialization result in an equal probability of escaping
towards the local minimum in the positive or negative quadrant.

layer. The cross-entropy loss for such a structure can be simplified to an equivalent logistic

loss [71]:
Q(w1, Wa; v, h) = log (1 + 677w}w2h> (7.53)

The regularized learning problem can then be formulated as:
J(wr, Wa) = EQ(un, Wai v, h) + £ Jun | + £ Wal [} (7.54)

The cost surface is depicted in Fig. [7.1l The cost J(-) has two local minima in the positive
and negative quadrants, respectively, and a single strict saddle-point at w; = Wy = 0. We
initialize wy = col {—0.5,0.5} and compare the direct stochastic gradient descent implemen-

tation ([7.5)) with:
VJ(wy, W) 2 VQ(wy, Wa; v, h) + s - col {1,1} (7.55)

where s ~ N (0,1) and the direction col{1,1} corresponds to the local descent direction at

the strict saddle-point w; = W5 = 0. The particular choice of the direction is informed by the
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Figure 7.2: Evolution of the function value.

analysis and Assumption and will allow us to verify whether condition is indeed
necessary. A realization of the learning curve is depicted in Fig. [7.2] It can be observed
that the stochastic gradient recursion is outperformed by , since Assumption is
not satisfied for . Furthermore, it is evident that the escape time increases at a rate of
O(1/p) as p decreases, suggesting the tightness of the escape time .

7.A Proof of Lemma [7.2

The proof techniques in these appendices are generally similar to the ones used in our
works albeit after some necessary adjustments to account for the relative variance
bound ([7.17) and the adjusted relations in Definition

To begin with, for the natural logarithm of the expression, we have:

log ((1 + )" +kC_)1(u2)) ’
(1 — pd)

= % (1og ((1 + pd)* + O(uQ)) — (k—1)log (1 — ué)) (7.56)
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Since the logarithm is continuous over R, , we have:

k 2 %
log | lim (1+ ) +,£1('u )
n=0 (1 — pd)

-y (1207 00

p—0 (1— ,ué)k_l
- }}L%% <10g <(1 + /M)k + O(M2)> — (k—1)log (1 — H5)>

— }%% <log ((1 + ué)’“) —(k—=1)log(1 - ué))

— lim 2 (klog (1 + p6)) — (k — 1)log (1 — 6))

r—=0 U
| 1 | 1—
T lim 28D ey gy, 108 (L= 19) (757)
n—0 ol n—0 ol

We examine the fraction inside the limit more closely. Since both the numerator and de-

nominator of the fraction approach zero as p — 0, we apply L'Hopital’s rule:

log (1 &+ +
lim 2 (LE10) o EO s (7.58)
=0 ] p—0 1+ pd
Hence, we find:
. T
lim (14 pd)" +0(u) \ " — KTSH(k=1)T5 _ ,~T6+2kT6 (7.59)
AN ) '

7.B Proof of Lemma [T.1]

Since J(-) has ¢-Lipschitz gradients:

)
J(’I.Ui+1) S J('wl) + VJ(’lUl)T ('le — ’U)z) + §H’LUZ‘+1 — ’1.01”2 (760)
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From ([7.3)), we find:

J(wit1)

< J(w;) + VJ(w)" (—ﬁ(wi)) + g”—uﬁ(wi)

2

< J(w;) — pV I (w;) 'V (w;) = VI (wi) " 8541 (w;)

)
+ /~02§HVJ(’U%‘) + sip1(wy)||? (7.61)
Under conditional expectation, we have:

E{J (i) Fi}

< J(w;) = u| VI (w))||* = pV I (wi) " E {5511 (w;)| Fi}
S BV w,) + s (w17

= gtw) (1= 13 ) 197w

)
+ 125 B {|lsisa (w) |17}

) 0
< J(w;) —p (1 — Ky (1+ 52)) IV J (w;)||” + M2§02
& J(w,) — per|[ VI (w)) P + e (7.62)

where (a) follows from ((7.26])—(7.27)). Taking expectations conditioned on w; € G, we find:

E{J(wi1)|w; € G}

< E{J(w;)|w; € G} — per E{||VJ(w,)||*| wi € G} + ey
< E{J(w;)|w; € G} — pey - M% (1 + %) + pPey
1

= E{J(w;)|w; € G} — ,ﬁ% (7.63)
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On the other hand, starting from (7.62)) and taking expectations conditioned on w,; € M,

we have:

E{J(wi1)|w; € M}

< E{J(wz)| w; € M} — MClE {HVJ(’lUZ)HQ‘ w; € M} ‘|—,u202

(a)
< E{J(w)|w; € M} + pi*cy (7.64)

where (a) follows since ¢; = 1 — p (1 + 3%) > 0 whenever p < m.
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7.C Proof of Lemma [7.3l

We refer to (7.41]). Suppose j < %, where T is an arbitrary constant independent of . We

then have for j > 0:

B {172 )

(7.41)

. 2
= E{H(I—MHz‘+j)ﬂ’;+MVJ(wi)+MSi+j+1 |-7:z'+j}

—
S
N

DN = pHipy) @+ pV T (wy)]

+ P E {8’ Firy }

—~
S
=

1 »
= 1——M5H([ — pHy ) w)|| + %HVJ(W)H2

+ 1P B {Isi g1 P F iy }
(¢ 2
) (1+ o)
R )

+ M2 I {Hsi+j+1H2‘j:i+j}
d 2
@ (1 + pd)
R 1)

+ 2BV T (wig )| + pPo

(1 + N5)2 ~in2 , M 2
=1 Il + v (ws)

2BV (w;) + Vi (wiy) — VI (w,)]* + 120
(e) 2
< (14 pd)

1 — pué

+ 27 3|V (wiyy) — VI (w))|* + po”
01+ 16)? + (1 — pd)2u 5262
- 1—po

1

b (54208 ) [V P + g
@) (14 po)” + O(s?)
- 1 — pd

@3 + S 197 (wi)

@3 + S 197 (wi)

~i2
@5 ]° + K1V ()| + 21°6% VT (w)) |

i 112
~.1
3]

|@]° + OV I (w)| + p*0? (7.65)
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where (a) follows from the conditional zero-mean property of the gradient noise term in

Assumption [7.3] (b) follows from Jensen’s inequality

1 1
blI> < =lal|* + ———||b||? 7.66
|a+ 0] _&HaH +1_aH | (7.66)

with @ = pd < 1 and (c¢) follows from the sub-multiplicative property of norms along with
—301 < V2J(w;) < 01, which follows from the Lipschitz gradient condition in Assumption [7.1]

We can now take expectations over w; € H to obtain:

B { o} € 9}

_ (14 pd)* +0(?)
- 1 — pd

+ O E{||VJ(w:)|*| w; € H} +O(1?)

@ (1+ p)* + O(s*)
- 1—pd

B {]|@) wi e #}

E{}@j“2|wie7{}+0(u2) (7.67)
where (a) follows from the definition of the set H (7.24]). Note that, at time i = 0, we have:

Wh = w; —w; o =0 (7.68)

188



and hence the initial deviation is zero, by definition. Iterating, starting at j = 0 yields:

B { |5 " w: € #

1+ pd)? +0(2) ) )
(Z( ) Jown

0

<1+ui ué > o

N (14+u8)2+0(u2)
1—pd

j
l—Hﬂi ué 1) (1 _ ,u5)

2
1+2u5+u252—1+u6 o)

(
( 1+“‘i X 1) (1 — po)
B

30 + m? Oln)
1+lﬂi /u5 _ 1) (1 _ M&)
30 + 102 Oln)
=O0(u) (7.69)

where the last line follows from Lemma [7.2] after noting that:

T
((—(H”?I(;O(” ) — 1) (1 — po)
30 + po?
T
((—(H“?Z(;O(” ) - 1) (1 — pd)
<
= 36
T
<(1+u5)2+60(u2)>;
1—
< - (7.70)

30

This establishes ([7.44]). We proceed to establish a bound on the fourth-order moment. Using

the inequality [1]:

lla + 01" < [lal* + 3[[6]1* + 8llal*[[b]]* + 4[lall* (a’d) (7.71)
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we have:

E{ @ ]"17e)
<||(I = pH isy) @+ pV I (w,)
+ 30 B || sipjll* | Firs }
+ 8% ||(1 — pH i g) Wy + “V‘](w")uz
X E{llsirj1l” |Firs }
+4p || (I = pH ) @) + pV T (w;)||
x (I — pHiy) W' + VI (w;))"
X (E{siyji1|Fis1})
NI = pH 1) @+ pV I (w,)][
+ 3 E {8 |l |1 Fivi }
+ 80(|(1 — pHg) @) + p VT (w)|
< B {||sisj1l” | Fizs }
(2 (I = pH ) @' + v J (w;)]|
+ 3t (IV I (wiry) I + o)
+ 84%||(I — pH i) W+ p¥ I (w)||

< (IVJ(wi)|I* +0°)

(7.72)

where in step (a) we dropped cross-terms due to the conditional zero-mean property of the

gradient noise in Assumption , step (b) follows from the fourth-order conditions on the

gradient noise in Assumption We shall bound each term one by one. From Jensen’s

inequality, we find for 0 < a < 1:

1

1 4
a+b)t=—a|'+ —=
ool = 5 lel* + 1

olI*

190

(7.73)



and hence for the first term on the right-hand side of (7.72)) with o =1—pdé and 0 < p < %:

(1 - quﬂ)w +/NJ('wz)H
< (L +pd)

< S )+ L s
(1—|—,u5)4 Q4 1
= s ]+ 0w )

After taking expectations conditioned on w; € H, we find:

]E{H(I — uH ) @+ VT (w;)|| ' w; € H}

(1+ po)* i
+ O E{IVJ(w,)|*|w; € H}

D (1+ pd)’

- mE{|@;H4|wz EH}+O(M3)

For the second term we have, again from ([7.73) with a = %:

3t (|V I (wiry)||* + o)

7.73

(
3ut (|[VJ(wy) + VI (wiy) — VI (w,)|[* + o)
(

I/\E AVE

3u? <8HVJ w,)|* +854||'ij —1—0)

= OV (wy)||* + O ||@h]| " + O

191

3t (8]|V I (wi) || + 8[| VI (wiss) — VI (w)||* + o)

(7.74)

(7.75)

(7.76)



After taking expectations over w; € H we have:

E {3u* (|]VJ(wi+j)H4 + o) |w, € 1}
< O(u") E{[IVJ(w)]"|w; € H}
+0(u) B {||@} | w: € 1} + O

gowﬂmﬂ@ﬁﬁuneﬁ}+owﬁ (7.77)
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For the last term, we have:

812(|(1 — wH i) @+ pV T (wy) || (19 (wi )| + o)
= 8421 — pH ) W+ VT (w)) |||V T (wi )]
+ 812 ||(I = pH ) @ + pV I (w,)|| o
@D ((1+u5

1 HNJH +—||VJ(’UJ,)|| > ij(wH—j)HZ

(L4 pd)"j~ip2 M
et (T a4 B o

(L+pd)* 2 p 2
s (O
X |V J(w;) + VJ(wiy;) — VJ(w,)|

L8 (““5 & +—uw<wz>u>

1

(7-66) 1 5)
812 (( 1+u

H3H+4waMw)

X 2V (wi)|* + 2]V I (wisy) = VI (wy)]]%)
T8y (““‘5 &) +—uw<wz>u>

1

(7:66) 14 u6)?, -
8u2<(1 ) | +—HVJ<wz)H>

x (20V 7)) +20% )
+ 82 (““‘5 @} || +—HW(wz)H>

1

—og)|[@][* + 0|V (w))]*
O™V (w)|*[[a||” + O a5 |
O(1®) [V (wy) || (7.78)
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After taking conditional expectations:

I

{8021 = H12) @} + 1 S0
< (9w + %) s < 3}

<o) E{||@)|wi e 1}
+ O B { ||V (wy)|| w; € H}
+0(u) B {1V (w)) |||} || wi € 1 }
+0(u) B { ||} wi € 1|
+O(*) E{||VJ (w))|*| w; € H}

< 0(u®) B {||@i]|"|wi € H} + O) - O(u?)
+0(u®) E{ OG0 | @) wi € 1} +O) - O(w)

+0(’) - O(p)
gOW%E“MﬂﬁuHEH}+Om% (7.79)

Returning to (7.72)), after taking expectations over w; € H on both sides and grouping terms

we find:

B { @), wi € %}
_ A+ p)' +ope
- (- po)

Vi (]l w, € 1) + 0() (7.80)
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Recall again that 17]6 = 0 and therefore iterating yields:

B {15 | wi € %}

() + o\ s
S(Z< (1= ) ))O(‘”

n=0
1— ((1+M5)4+0(u2))J
. (1—pd) O( 3)
T Gt W
(1—ps)?

4 2y\J
(g5 1) 0y

= O 3
1+ o) + 00 — 1=y )
((1+u5)4+03(u2)>] 1
(1—pd) 0013
=05 )+ 0) — (1= oy )
((1+u5)4+03(u2))j
< 1 L) 3O(N3>
(1 +po)" + O(?) = (1 = po)
@ <%)j 3
=Tomw W
_(an) +0udY
( (1— o) ) )
a4 u) 100\ ",
= ( (1— ,u6)3 ) (1”)
<O(?) (7.81)
where in (a) we expanded:
(1+ o) +O(u) — (1 — o)’
=1+4+4ud +O0(u?) — 1+ 3ud — O(p?) = O(p) (7.82)
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and the last step follows from Lemma [7.2] This establishes (7.46). Eq. (7.45) then follows

from Jensen’s inequality via:

E{H@]Hf‘"wl c ”H} < <E{||17’JH4\U% . H})3/4

< (0())"" = 0(u*"?) (7.83)

We now study the difference between the short-term model (7.42) and the true recur-
sion ([7.41)). We have:

Witj+1 — ’w§+j+1
= —wi, + Wy,
= — (I — pH,; ;) W) — pVJ (w;) — psigjn
+ (I = pV2J(wy)) W' + pV I (w;) + pSivjn
= — (I — pH )W} + (I — pV?J (w;)) w's
= (I = pV2J(wy)) (wiy; — w;-i-j)

+p (Hiy — Vi (w))) @) (7.84)

Before proceeding, note that the difference between the Hessians in the driving term can be

bounded as:

V2T (w;) — Hyvi|

1

_ ‘/01 (V2 (w;) — V2T (1 — t) wiy; +tw;)) dtH
g /l 192 (w;) — V2T (1= £) wi; +taw,)|| di
<o [ 10 = Dwi—( = 0wl d

=ol@ll [ a-nae= 5] (7.85)
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where (a) follows Jensen’s inequality and (b) follows form the Lipschitz Hessian assump-

tion [7.2] Returning to (7.84) and taking norms yields:

I Wityjt1 — w;+j+1 ”2
:WP#NUWWHWﬂ—WH)

+u( i+j — VJ(wl))

(a)
= /~L5H(I_'uv2<]('wi)) (wz’+j—w;+j)H2
s B

+ g (s = 927 (w) @)
(b) /
1o o (1 = 1V T (w)) (wis; — i) |

(o~ o) )

(1 + 5)? , ~¢
1) i — wi |+ S8 (7.86)

where (a) again follows from Jensen’s inequality ([7.66|) with a = 1 — pé and (b) follows from

the same inequality with a = % Taking expectations over w; € H yields:

2
B { | Wi 1= w0 | i € 7

1+ pd)? )
< wE{Hij—wiHHﬂwi c 7‘[}

S
wp ~ 4
+ LEB{ @) Jwi e 1]
(1+ po)? 2
< 1——/M5E||Iw‘+j_w;+j|| +O(u3) (7.87)
Since both the true and the short-term model are initialized at w;, we have w;;o — wij,, = 0.
Iterating and applying the same argument as above leads to:
2
E || wisjr —win | < O (7.88)

which is ((7.47)).
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7.D Proof of Lemma [T.1]
Recall that J(-) has §-Lipschitz gradients, which implies:
T , 0 ;o2
J(wiyg) < J(wiy ;) + VI (wiy) (wi —wiy;) + §||wi+3' —wiy (7.89)

In the vicinity of saddle-points, we can refine the upper bound ([7.89)) by taking expectations

conditioned on w; € H:

E{J(wi;)|w; € H}

IN

E{Jwﬂ ]wZE"H}
{VJ z+] ’LUH_J' —’LU/Z-Jrj) |’U)z S H}
+ D) {HwH'] H—JH |w’ € H}

< E{J(w);)|w; € H}

B {19 () Pl e )
. \/E{wa [l € )

+§E{le+] —wQHHQI w; € H}

< E{J(wl;)|w; € H}

+\/ {2197 (wi) |+ 282 @' w0, € 1)

. @{wa [l € )

+ é]E{Hij |l e )

INE

E{J(w},;)|w; € 1}
+0 (u'7?) \/E{Hwiﬂ —w§+jH2|’w,~ € 7-[}

)
+ §E{sz—|—] —w§+jH2| w; € H}

INZ

E{J(w],)|w; € H} +O(u*?) (7.90)
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where (a) follows from:

HVJ (w;H)HZ
= [V (w) + VI (wly;) ~ VI (w)|
<2V (wy)|” + 2| VI (wl,) — V7 ()

< 2|V J (w)|* + 20%||wi; —w|” (7.91)

Step (b) follows from Cauchy-Schwarz inequality and (c¢) is a result of the definition of H as
approximately strict-saddle points ((7.24]) and ([7.48]) and (c) is a result of ((7.47)).

7.E Proof of Theorem [7.2|

The argument generally mirrors the proof to |71, Theorem 1] after accounting for the rela-
tive variance bound ([7.17]) by noting that, around first-order stationary points, the relative
I

component 34|V J(w;)||* will necessarily be small.

From Corollary [7.1] we have:

E{J(w;;)|w; e H} < E {J(w2+j)| w; € H} + O(1*'?) (7.92)

so long as j < % We can hence proceed by studying E {J(w)] +j)\?-[} and will add the

approximation error O(u/?) to the end result. From (7.14)) we find:

. 1, _,.
J(W ) < J(ws) = VI (wi) &) + 5|53

+ £’ (7.93)

J

We will bound each term appearing on the right-hand side. From ([7.42) we find after
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conditioning on F; ;:

£ ~/;+1|}-i+j}
- (I - :U’VQJ(w)) w' + :U“v‘](wz) + NE {SH-J—H |'7:z+]}
D (1 w2 (w)) @' + pV I (w;) (7.94)

Note that F,; denotes the information captured in wy, ; up to time ¢+ j, while F; denotes

the information available up to time ¢. Hence:
j:i—l—j = .7:1 U filtration {wk7i+1, PN ,wk’iﬂ} (795)

Hence, taking expectation of (7.94]) conditioned on JF; removes the elements not contained

in F; and yields:

E{w" |F;} = (I — pVJ(w;)) E{@"|F;}

+ V. J (w;) (7.96)

Since w'{ = 0, iterating starting at j = 0 yields:

j
~ti k-1
E{w"|F:} =pn <Z (I - pV2J(w;)) > VJ(w;) (7.97)
k=1
This allows us to bound the linear term appearing in ((7.93)) as:

_E {W(wi)%';im}

= — VJ(w)" E{@'|F;}

J

D 9wy (Z (1- uv%(wi))kl) v

k=1

= _NHVJ<wZ)Hzﬂ (I—pV2J(w;))"~ (7.98)

To study the quadratic term in ([7.93]), we introduce the eigenvalue decomposition of the
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Hessian around the iterate at time i:
V3 (w;) & V,AV] (7.99)

which motivates the transformation:

Hﬂ),j'FlHZV?J(wi) - ||17’/}+1‘

2
VA V]

_ T T, .1 2
= ||Vz w; =V, wi+]’+1HAi
2

A;

(7.100)
where we introduced:
wl, 2Viw, (7.101)

Under this transformation, recursion ([7.42)) is also diagonalized, yielding:

w'

2vViw,,

VT i) vV
+pVIVI(wi) + pV7 sivji

with VJ(w;) £ VVJ(w;) and ;.1 = V] 8i1j11. Applying the same transformation to
the conditional mean recursion (7.96]), and subtracting the transformed conditional mean on

both sides of ((7.102)), we find:

Elé’ﬂ - B {w/§'+1|}_%’}

= (I — phy) (W' — E{w"|F;}) + piSitjn (7.103)

which allows us to cancel the driving term involving the gradient. For brevity, define the
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(conditionally) centered random variable:

11;’;“ :mlé'ﬂ B _/3+1‘:Fi}
so that:

W'y = (I — pA) W' + 18141

Before proceeding, note that we can express:

“{1v71,7)

= B {|[w; - B w7 7

= B{ @ |17}~ [|B {wl 7},

Hence, we have:

B { | @415 1 }
= e{[@]} 1%}
E

(Il 17: b+ B {73,

(7.104)

(7.105)

(7.106)

(7.107)

In order to make claims about E { H@/H|2v2.](w,-)|‘7:i} by studying |E { Hﬂ’/;HiJ"F%}’ we need
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to establish a bound on ||E {w"}|F;} Hi We have:

& {w'5| 73,

= {vIi@sIF ],

, 2
J
2D 2llyT (Z (I - MVQJ(w,-))k_l) VJ(w;)
k=1 A;
; 2
=’ (Z (- MAz‘)k_1> VJ(w;)
k=1 A;
=’V J(w;) (Z (I - ,UAi)k_l> A;
k=1
j —_—
X (Z (I — um)’“) VJ (w;) (7.108)
k=1
We shall order the eigenvalues of V2J(w;), such that its eigendecomposition has a block
structure:
A7 0
V, = [ V20 <o ] A = ‘ (7.109)
(2 1 O AZ<O

with 67 > AZ° > 0 and A7° < 0. Note that since V2J(w;) is random, the decomposition
itself is random as well. Nevertheless, it exists with probability one. We also decompose the

transformed gradient vector with appropriate dimensions:
V.J(w;) = col {W(wi)zo,vj(wi)“} (7.110)
We can then decompose (|7.108)):

e {57y,

J

= ,U2vj<’wz’)T (Z (- ,UAi)k_1> A;

k=1



x (; (1 - uAZ%)" 1) V. (w;) >
+ (VJ( z><°)T (ki; (I — pAs0)" 1) A
X <§ (I - pAS)" 1) ¥ J (w;)<°
O
X <ZJ: (1 - uArZ)" 1) ¥ J (w;)2°
(o) (S
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where (a) follows from A;° < 0, (b) follows from:

J )
d (- pAZ0)"" <> (I- pAZ0)* (7.112)
k=1 k=1

for pn < 3. Step (c) follows from the formula for the geometric matrix series, and (d) follows

from:

uﬁ”@@”f(EIU—mﬁ%“j?ﬂwfﬁzo (7.113)

k=1

Comparing ((7.111)) to (7.98), we find that we can bound:
—]E{VJ(w,) ~”L|.7-'}+ |E {735 <0 (7.114)
To recap, we can simplify (7.93) as:

E {J(w w )| Fi}

< J(w;) + 5 Eﬁymm_ i+ EE{]@s) 17 (7.115)

We proceed with the now simplified quadratic term. Motivated by a technique employed for
the analysis of adaptive filters and stochastic gradient algorithms in convez environments |1}
149|, we square both sides of (7.105) under an arbitrary diagonal weighting matrix X;,

deterministic conditioned on w; and w;;, to obtain:

a5l
=||(1 - ,uAi) ’[U’j- + M§i+j+1H;i
= ||(1—MAi>U"

J’H&

Note that upon conditioning on F,;, all elements of the cross-term, aside from 84,41,

205



become deterministic, and as such the term disappears when taking expectations. We obtain:

E{ V/3+1||z: |"Fi+j}

=17 = sy @', + 2 B {5l 1 Fovs

2

o ~ 1
—||’wj

i—2nA P2 A A
+ 1°Tr (Vi V] R, (i)

_”v/i 2
- J

+ 1°Tr (V5 V] R, (w;))

=203
+ 12T (VB V] (R, (wiyg) — R (w))))

i 12

+ || W' (7.117)
We proceed to bound the last two terms. First, we have:
(a)
< [|[ViZ V]| R (wir;) — R (wi)]
(0) .
< p (%) Br||wS|” (7.118)

where (a) follows from Cauchy-Schwarz, since Tr(AT B) is an inner product over the space of
symmetric matrices, and hence, |Tr(ATB)| < ||A||||B]|, and (b) follows from Assumption [7.4]

For the second term, we have:

fa/” < p(AZA) ||a']”
< 0%p (%) ||w ”H (7.119)
We conclude that
E{[ja's.a I3, 1}
= ]E{ i /i. 2 . z’]:l} + IUZTI' (VlEZV;FRS (wl))
+ 12 (B0) E{ g1 Fi} (7.120)
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where

sy & B+

v/'L”

For brevity, we define

D27 —2uA;

Y 2 VR, (w;) V;

With these substitutions we obtain:

i
B

At j =0, we have w'} = 0. Letting 3; = A;D’, we can iterate to obtain:

B { ol 17}

J

=p?) Tr(A;D"Y)

i e E

o', HDz “7:1} + T (YY) + p () B {qi+j|-7:i}

+ 12y p(AD") E{q;,,|Fi}

(7.121)

(7.122)

(7.123)

(7.124)

(7.125)

since w, +jr1 = w; at j = 0. Our objective is to show that the first term on the right-hand

side yields sufficient descent (i.e., will be sufficiently negative), while the second term is small

enough to be negligible. To this end, we again make use of the structured eigendecomposi-
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tion (7.109). We have:

— 1 Tr ((—Afo) (i (1 - 2MAZ.<°)”>> o} (7.126)

where in (a) we decomposed the trace since A; ( i:o D") is a diagonal matrix, (b) applies
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— (=A%) = A7, where in (a) we decomposed the trace since A; < i:o D”) is a diagonal
matrix and applied — (—A; ") = A", Step (b) follows from Tr(A)Apin(B) < Tr(AB) <
Tr(A)Amax(B) which holds for A = AT, B = BT > 0, and (c) follows from the bounded

covariance property (7.21)) and Assumption .For the positive term, we have:

n=0

< <A;0 <Z (1- z,m?%")) (821V (wy)” + o)

n=0

p*Tr (A?O (Z (I - 2MA?O)")> (B2IV T (w))||* + o)

(0) -
< w0 Tr (A2 (2uA7) ) (P90 +0%)

(é) gM (B|V T (w,)||* + o?) (7.127)

where (a) follows since I — 2uA7" is elementwise non-negative for p < 2, (b) follows from

Yo AT = (I — A)7" and (¢) follows since V2J(w;) is of dimension M. Hence, under

el ()

X (BQHVJ(wi)H2 +0%) |w; € H}

expectation:

< 5M (P E{IVI ()| wi € H} + 0?)
gM (B%-O(p) + 0°) = gM(ﬁ +O(11?) (7.128)
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For the negative term, we have under expectation conditioned on w; € H:

E {Tr ((—Afo) <i (1- ZMAfO)”>> op|w; € 'H}
(g) E{T ( ] (1 +2/N)"> o} w; € 7-[}

i+1
L)
1—(1+2ur) °

=
\]
VR
Il <
o
—~
—_
+
()
=
' S
=
~_—
Q
~ho
=

(7.129)

Step (a) makes use of the fact that (—A; ") ( I oI - 2,uAi<D)n) is a diagonal matrix,

where all elements are non-negative. Hence, its trace can be bounded by any of its diagonal

elements:

T (i: (1+ 2/17')”) (7.130)

n=0

In (b) we dropped the expectation since the expression is no longer random, and (c) is the

result of a geometric series. We return to the full expression ([7.126)) and find:

< g]WU2 +O(p?) — g ((1 + 2ur)’ T — 1) o7
(a)
< - gMch (7.131)
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where (a) holds if, and only if|

2

0‘ .
= 2M—+ 0+ 1< (1+ o)t
¢

gl\fa2 +O0(p?) — g ((1 +2ur)t — 1) o] < —g]\/[a2
<

2

<= log (QM% +1+ O(u)) < (j 4 Dlog (1 + 2ur)
¢

log (2Mg—§ +1+ O(,u))
= £

<j+1
log (1 +2uT) =Jt
log (2M§ +1+ O(u)> o B
= <j+ .
O(pr)

where the last line follows from lim, .o 1/zlog(1 + x) = 1. We conclude that there exists a

bounded 7° such that:
1B {Tr (Ai (Z D") VIR, (w;) VZ-) }
n=0

< - EMO'Q (7.133)

Applying this relation to ((7.125)) and taking expectations over w; € H, we obtain:

E {

n=0

_ g Mo2 (7.134)

~ 17

2
wz’SHHAJwi € H}
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We now bound the perturbation term:
uQiE{(P (AiD") - E{q;,|Fi}) lwi € H}
< p? ZE{ (OI(I +2u81)") - E{ gy, Fi}) | wi € H}
=12 Z (1+2p6)"  E{g 0| wi € H})
=0
12 iau +2u0)" - <6R]E {||@31H”| w; € 7—[}
n=0
+ﬁEﬁm@aneH}>

£ 0(u*) = of) (7.135)
where (a) follows from Lemma [7.2l We conclude:
B{[Jai [}, Jw € H} < —E00% + o() (7.136)

Returning to ([7.115)), we find:

E{J(w;,;)|w; € 1}
< E{J(w;)|wi € H)} + —]E [t 12 oo € )
P ~/z
+ 2B {||w Hhme%}

< E{J(w;)|w; € H} — §M<72 +o(p) (7.137)

and with (7.92)) we prove the result.
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7.F Proof of Theorem [7.3

In a manner similar to [59], we define the stochastic process:

;

t(k‘) +1, if Wy(k) € g.

tk+1)=Stk)+1, if we e M, (7.138)

t(k‘) +1g, if Wy(k) € H.

\

where t(0) = 0. From Theorem [7.1], we have:

E { J(wer) — J(Wegetn))| we) € G}
=E {J<wt(k)) - J(wt(k)+1)| W) € Q}

> 22 (7.139)

-
and
E {J(wt(k)) — J(wt(k+1)>’ Wi(k) € M}

=E {J(wt(k)) — J(wy)+1) | wew) € M}
> 2 (7.140)

while Theorem [7.2] ensures:

E {J(wt(k)) — J(wt(k+1))| Wy (k) € 7‘[}
=E {J(wt(k)) — J(wt(k)+is)| We(k) € H}

> gMﬁ — o(p) (7.141)
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Together, they yield:

E{J(ww) = B J (W) }
= E{J(wiw) — B J (W) we) € G} -7,
+ E {J(wyry) — B J(wegesn)| wey € H} - mily,
+E{J(wew) — B J(weesn)| wewy € M} - i,
Ca

W
> M2; Moy T <§M"2 - O(M)> My — 12 T (7.142)

Suppose W{‘(/}g) <1 —m for all .. Then 7Ttg(k) + W,Z'(lk) > 7w and

E {J(wep) — E J(wegern) }
C
> 22 (= wlfo) + (50 = o) -l

3 2
— ez (1 =)
H C2
= pPeom + <§M02 - /f; — 0(u)> ﬂka)
@
> prcom (7.143)

where (a) holds whenever £Mo?® — p*2 — o(u) > 0, which holds whenever y is sufficiently

small. We hence have by telescoping:

J(wo) — J° > E J(wg0)) — E J(wey)
= E J(w)) — E J(wyq))
+ E J(wyr)) — B J(wy()
+..
+ E J(wik-1)) — E J (W)

> piPeymk (7.144)

Rearranging yields:
J (w()) - J°

14
e (7.145)

k<
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We conclude by definition of the stochastic process t(k):

i=t(k) <k-i* < (‘](wg)—_‘])z (7.146)
picom
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CHAPTER 8

Graph Learning from Streaming Data

Graphs provide a powerful framework to represent high-dimensional but structured data,
and to make inferences about relationships between subsets of the data. In this chapter we
consider graph signals that evolve dynamically according to a heat diffusion process and are
subject to persistent perturbations. We develop an online algorithm that is able to learn
the underlying graph structure from observations of the signal evolution. The algorithm is
adaptive in nature and in particular able to respond to changes in the graph structure and

the perturbation statistics. The material in this chapter appeared in [67].

8.1 Related Works

The earliest works related to graph learning are based on sparse estimation of precision
matrices, i.e., inverse covariance matrices [158,/159]. The work in [160] introduced structural
constraints to ensure that the learned (regularized Laplacian) matrix describes a valid graph.
A string of subsequent works [161-163] leverage the concept of a “smooth signal over a
graph”. The drawback of these approaches is that the smoothness assumption may not
be satisfied in some important applications, particularly if the graph signal is dynamic or

perturbed by events on the graph.

The interpretation of graph-shifts as a generalization of the traditional shift operation in
digital signal processing has motivated a number of generalizations of DSP concepts to the
graph domain. Autoregressive graph filters in terms of polynomials of the adjacency matrix
are used in [164] to model the signal evolution over the graph and infer the adjacency matrix.

The heat diffusion model is considered in [66], where an algorithm is proposed to leverage a

216



collection of independent samples which are modeled as the superposition of a small number

of perturbations that diffuse over the graph.

Both of these recent works allow for dynamic signals that evolve according to some graph
topology that is subsequently learned. This is achieved by collecting all available samples
and solving an optimization problem based on a batch of data. As such, even though the
model allows for dynamic signals, the algorithms themselves are not dynamic; the underlying
assumption is that the model parameters are fixed. In contrast, in this work, we develop a
truly adaptive solution that responds to streaming data and has the potential to track drifts
in both the graph and data statistics under the heat diffusion model. Dynamic algorithms
for the estimation of edge probabilities in social interactions are developed in [165}/166] and

for autoregressive graph processes in |167].

8.2 Framework

8.2.1 Graph Model

We consider weighted, undirected graphs without self-loops. Every pair of vertices ¢ and j
is assigned a weight a;; = aj;, which quantifies their relative influence, in a manner made
precise in the signal model further below. We collect these weights into an adjacency matrix

A = [a;;] that satisfies the following properties:

Symmetry: A = AT (8.1)
Non-negativity: a;; >0, V i,j (8.2)
No self-loops: a; =0, Vi (8.3)

A common and useful matrix to describe and study graphs is the Laplacian matrix, defined

as:

L = diag (A1) — A (8.4)
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Under conditions ({8.1))—(8.3) on the adjacency matrix, the graph Laplacian L satisfies the
following properties |168]:

Symmetry: L = LT (8.5)
Non-positive off-diagonal elements: ¢;; <0, Vi # j (8.6)
Positive definite: L > 0 (8.7)
Nullspace: Li]l =0 (8.8)

VN
8.2.2 Signal Model

We shall assume that we observe discrete samples of a continuous time graph process s(t) €

RY, which evolves according to the differential equation [64]:
§'(t) = —L*s(t) + p(t) (8.9)

where L* € RV*Y denotes the Laplacian matrix of the underlying graph linking the entries
of s(t), and p(t) € RN describes a process that drives the signal dynamics. The variable
p(t) can either be viewed as an outside force, which influences the evolution of the signal, or

some internal events that subsequently diffuse over the graph.

The homogeneous solution to
sy (t) = —L*sp(t) (8.10)

is given by

sn(t) = e 5(0) (8.11)

sp(t) = /Ot e~ I p(u)du (8.12)
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The solution to the differential equation has the form:

s(t) = e 5(0) + /Ot e~ O p(w)du (8.13)

Example 8.1 (Heat Diffusion with a Single Event). Assume that the system is initially at
rest (s(0) =0) and p(t) = p1d(t — t1). Then fort > t;:

t
s(t) = / e I p g (u— ty)du = e, (8.14)
0

Example 8.2 (Heat Diffusion with Multiple Events). Assume that the system is initially at
rest (5(0) = 0) and p(t) = Sor_, prd(t — t). Then for t > maxy t;:

K
= ey, (8.15)
k=1

studied in [66].

We have access to the evolution of the graph signal beginning at some time t; and subse-

quently at times t; = to + ¢1,7 > 0, where ¢ € IN denotes the i-th sample and T" € Ry

denotes the sampling period. We observe a recursive relationship between adjacent samples,

that is critical for this work, namely the fact that:
* ti *
s(t;) = e T s(tiy) —i—/ e~ I p(w)du (8.16)
-7

Note that the relationship between s(¢;) and s(¢;_1) only depends on L* and on the pertur-
bations p(t) between t; and t;_;. We move into the discrete domain by letting s; = s(to +iT)
and p; = ft - WL p(u)du so that (8.16]) becomes:

TL*

S, =e Si—1 + p; (817)

Since we are generally not provided with the perturbations that drive the system, we shall
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model the driving term p; as a stochastic random variable, so that:

S; = €7TL* Si—1 +pz (818)

where we are using boldface notation to refer to random variables.

The objective of this work is to develop a solution that allows for the estimation of L*
from streaming realizations s;. These types of algorithms generally operate by evaluating
the prediction error of the current estimate on the incoming observation and adjusting the
estimate based on this error. Under the non-linear model , every such iteration requires
the evaluation of a matrix exponential and is computationally expensive. This is particularly

critical in scenarios where the graph size is large.

8.2.3 An Equivalent Linear Model

On the face of it, it is straightforward to define
W* & T (8.19)

so that the relation becomes

S; = W Si—1 +pz (820)

However, it is important to remember that L* is a Laplacian matrix and hence required
to satisfy properties (8.5)—(8.8)). It turns out that an equivalent set of properties can be
imposed on W* to ensure that L* = %1 In (W*) describes a valid Laplacian matrix and hence

a valid graph. To begin with, we introduce the eigendecomposition of the Laplacian matrix:

L*=VAL VT (8.21)
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Expanding the matrix exponential as an infinite sum and recalling that VVT = I, we obtain:

W* = o TL" — Z ﬂ([/*)k _ Z (=T) (VL*AT)k

k! k!
k=0 k=0
_ - (_T)k k T _ —TAY,T
=V Z—kl AR VT =ve TAY (8.22)
k=0 ’

()Y since A is diagonal. This means that the matrix exponen-

where e”"* = diag {e
tial preserves the set of eigenvectors of L* and there is a simple relationship between the
eigenvalues of W* and L*. This relation also provides a method for calculating the ma-
trix logarithm. Given the eigendecomposition W* = VAy VT, the logarithm is given by
In(W*) = Vin(Aw) VT, where In (Ay) = diag {In (\x (W*))}. This allows us to establish

the following conditions on W* to ensure that L* describes a valid graph.

Lemma 8.1 (Conditions on W*). Let W € R"*Y and L = = In(W). Then, L is a valid

Graph Laplacian if, and only if, W satisfies the following properties:

Symmetry: W = W7 (8.23)
Non-negative elements: w;; > 0, Vi, j (8.24)
Spectral bound: I = W = 0 (8.25)
Stochastic: W1 =1 (8.26)
Proof. Appendix [8.A] O

8.2.4 Graph Signal Evolution

Observe that since p(W*) = 1, the recursion described by is not mean-square stable.
This means that, while the recursion will converge in the mean as long as £ p, = 0, the same
does not hold for covariance matrix of s;. It turn out, however, that the centered signal
across the graph is mean-square stable as long as the graph is connected. We make this
statement precise in the following.

Assumption 8.1 (Connected graph). The graph described by A and L is connected. In
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other words, there is a path of non-zero weights from any vertex to any other vertex in the

graph. [

It then follows that the eigenvalue at zero has multiplicity one with unique (normalized)
eigenvector \/LN]I [168]. A direct consequence of this property is that the graph Laplacian

has a particular eigenstructure L* = VA, VT where:

0 0
V:[L]l V}, AL = - (8.27)
VN 0 AL
and critically Ay, is strictly positive definite:
AL =0 (8.28)

The driving matrix W* inherits a similar structure from L* via (8.22)). In particular, we
have W* = VA VT, where:

1 0
vl L1 V], aw=| _ (8.29)
VN 0 Aw
and Ay = e T2 which due to (8.28) implies that
0<Aw <1 (8.30)

so that p (KW) < 1. The mean across the graph of the signal at time ¢ is given by s.; =

1 T . . . . — .
~ 1" 8;. Subtracting this mean yields the centered graph signal s;:

1

58 5 50— (I - NM) s (8:31)

It is important to recognize that the mean contains no information about the graph. This
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is because for any doubly stochastic W
w S, = %74 (gz +1 X Scﬂ') = ng +1 X Sci (832)

In other words, the mean is passed through independently of W. For the evolution of the

centered signal, we can now write:
5 =WS_.+Dp (8.33)

where we defined:

. 1 1
W AW*— —11", p.2(I—-—=11"|p, 8.34
N Y p’L ( N p’L ( )

The eigendecomposition of W = VAwVT is related to the decomposition of W* via

— 1 I/ .
V=l L1 V]| Ay- (8.35)
so that the only change is the replacement of the eigenvalue at 1 by 0 and critically now

p (W) < 1. We can examine in detail the evolution of the first and second-order statistics

of EZ

Assumption 8.2 (Statistics of the Perturbation Terms). The statistics of the centered per-

turbations p;, = (I — %]I]IT) p, satisfy the following two conditions for all i:

Ep; =0 (8.36)
Ep;p; = Rp < (8.37)
Furthermore, the perturbation p; at time © is independent of p,_,. for k > 0. [

Lemma 8.2 (Signal evolution). Suppose the network is initially at rest, i.e., s = 0 and

denote Ep;p; = Rp. Then, the first and second-order statistics of the graph process described
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by (8.18]) evolve according to:

Furthermore, the second-order moment converges and we have:

lim Rs, £ Reo

1—»00
where Ry s the solution to the discrete Lyapunov equation:
Ry = Roo — W R W~

Proof. Appendix 8.B]

(8.38)

(8.39)

(8.40)

(8.41)

]

To strengthen our intuition of this result, let us briefly consider the simplified case where

Ry = Jf)]. Then

he=a 3 (W) =az(1- (7))

If we consider the trace of the covariance matrix as notion of variation, we have

N 0_2 N 0_2
2 p 2 p
) TR
N 0_2
_ 2 p
=0p+ ; 1 — o—2Th (L")

(8.42)

(8.43)

Recall that T is the sampling clock of the system and note that that Tr (R, ) decreases

to Noo = Tr(Rp) as TA, (L*) — oo V k. This means that the variation in the system in
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steady-state is determined by the product of the sampling clock and the eigenvalues of the
Laplacian matrix. The non-zero eigenvalues of the Laplacian are a measure for how fast
the graph mixes. In other words, to preserve variation in steady-state, a quickly mixing
graph requires a small sampling period, while slowly mixing graphs allow for less frequent

sampling.

8.3 Graph Learning

We now formulate the following optimization problem for learning W'

=% 1 — _
W =argmin - E|5; — VVEZ-_1||2 £ argminE J; (W) (8.44)
wee 2 wec

where C is a constraint-set. The cost J;(-) depends on i because the statistics of s;_1 evolve
as described in the previous lemma. A natural construction is to choose C to be the set
of matrices that result in a valid Laplacian matrix. It turns out, however, that this is not

necessary since J;(W) is strongly-convex.

Lemma 8.3 (Properties of the cost). The cost specified in (8.44) is Lipschitz continuous

and strongly-convex. Specifically, for all W € RN*N | we have:

— e — 1
W) 2 S|[W =W + 5T (Rp) (8.45)
S P |
W) < SIW =T + 5 Tr (Rp) (8.46)
where
51' - /\max (REi_l) y Vi = /\min (R§i_1) (847)

Moreover, W~ defined in (8.34) is the unique minimizer of Ji(W) for all .

Proof. Appendix [8.C] O]

It follows from this property that the enforcement of properties of W is in fact not necessary

when designing algorithms for the solution of (8.44]), since any algorithm that converges to
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a minimizer of will converge to its unique minimizer, W*, which by definition already
satisfies all properties that lead to a valid graph Laplacian. Of course, it is reasonable to
believe that the addition of constraints and regularization may lead to an increased rate of
convergence and/or improved performance in steady-state at the cost of increased computa-

tional cost per iteration.

To begin with, we shall pursue the minimizer of (8.44]) in the absence of constraints by

means of a stochastic gradient descent algorithm.

Algorithm 8.1 Laplacian LMS Strategy

W, =W, 1 +pu (gi -Wi, Ei—l) 5 (8.48)

It is essentially a matrix valued variation of the least-mean squares (LMS) algorithm. To
derive approximate expressions for its performance, we shall adopt an assumption on the

step-size u, which is common in the literature [149].

Assumption 8.3 (Small step-size and independence). Assume the step-size p is sufficiently
small, so that in the limit, |W" —W;||? reaches a steady-state distribution and W' — W is

independent of s;.

Theorem 8.1 (Performance for small step-sizes). Under Assumption the mean-square

deviation of the estimate from the true minimizer W s given by:

2 NTr (RT))

lim E HW* - W[~ (8.49)

1—>00

Proof. The proof is essentially the same as the one for the traditional LMS algorithm [149).
O

Performance of the algorithm can be improved by including projections in the update rela-

tion. Recall that W is obtained from W via W = W + %]I]IT. This means that a necessary
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condition for the properties from Lemma [8.1] to be satisfied is:

Wi € Cele ) Csym U Cnull U Cspec

—|_ 1 — ] —
Cele £ {W W5 2 _N} Csym = {W‘W =W

Coutt 2 {W‘W]l - 0}

Projections onto each of these sets can be evaluated in closed form:

R Wij, if Wy > —x
[Proje,, (W)Lj -
—%, otherwise
, — 1 /— T
Proje, . (W) = 5 (W + W )
1 —

9
g

[[>
——
5
o

I A
S
I A
~

(8.50)

(8.51)

(8.52)
(8.53)

(8.54)

where the last projection is given in terms of the eigendecomposition of the argument W =

VAVT by thresholding the eigenvalues:

;

1

, otherwise
\

(8.55)

We can now interlace these projections with the stochastic gradient update to obtain two

algorithms, which explicitly incorporate the structural constraints. Note that the first three

projections (8.51)—(8.53)) are simple in the sense that they require O(N?) operations where

N is the size of the graph, whereas (8.54) requires a full eigenvalue decomposition. Hence,

we can formulate two projected variants of the algorithm. The Type I implementation only

enforces simple projections, while Type II enforces all properties.
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Algorithm 8.2 Projected Laplacian LMS Strategy I and II

W; = Wi,1 +u (gz — Wi,1 gifl) 52—_1 (856)
W;’ - PrOJCsym <PrOanull (Pro‘jcele (W;>>> (857)
W;/, for Type I

= . ! (8.58)

Proje, .. (WZ> , for Type II.

Whenever an estimate of the graph Laplacian is required, it is obtained via:
i="ln (W) (8.59)
T

8.4 Simulation Results

We illustrate the performance of the algorithm in recovering W as well as the graph structure
on a network with N = 30 nodes. The perturbation terms are modeled as following a normal
distribution with p;, ~ A (0,I) and the sampling period is T'= 1. The observations s; are
generated according to (8.18]) and processed according to the algorithms developed in this
work. The true graphs is generated using the Barabasi-Albert model [169], upon which
random weights between 0.1 and 1.0 are attached to each non-zero edge. After 500,000
iterations, there is a sudden change in the network topology, to illustrate the ability of the
algorithm to adapt. The second graph and its adjacency matrix are depicted in Fig.
.2l In the graph representation, small weights are depicted as thin and light lines, while
strong weights are dark and thick. Bright colors in the adjacency matrix correspond to large

weights.

The recovered graph and adjacency matrix at the final iteration using Algorithm 2 Type
I are depicted in Fig. [8.3H8.4] Color and weight maps are the same as in the representation
of the true graph. Key connections along with their weights and the general structure of
the graph are accurately recovered. Note that no weights are truly set to zero, resulting

in a number of low-weight connections. This is due to the fact that no sparsity prior was
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Figure 8.1: True graph.

imposed on the weight matrix. If desired, they can be removed during post-processing via

simple thresholding.

The mean-square deviation of W, from W" s depicted in Fig. All methods con-
verge in the mean-square sense to a region around the true minimizer. The theoretical
expression accurately predicts the performance of the projection-free algorithm, while
adding projections improves performance. Observe that notably, in this scenario, the addi-
tion of the spectral constraint to the simple constraints yields a negligible improvement, as

both learning curves overlap.
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Figure 8.2: True adjacency matrix.

8.A Proof of Lemma 8.1

Equivalence between the symmetry relations (8.5)) and (8.23)) follows immediately from (8.22]).
The same goes for the spectral bounds (8.7) and (8.25)), after noting that

ML) >0e= 1> ™0 50 Vi (8.60)

Equivalence between the nullspace condition (8.8)) and stochasticity (8.26) follows again
from (8.22)). Specifically, we know from (8.22)) that the matrix exponential preserves the

eigenvectors and maps the eigenvalues according to:

A (W) = e TAD) (8.61)
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Figure 8.3: Graph recovered using the Projected Laplacian LMS Strategy I.

The nullspace condition (8.8]) states that \/Lﬁ]l is an eigenvector for L with eigenvalue 0, which

is equivalent to the statement that \/Lﬁ]l is an eigenvector for W with eigenvalue e=770 = 1.

To establish the equivalence between the non-positivity constraint and the non-
negativity constraint , note that condition ensures that L has non-positive off-
diagonal elements, which implies that —7T'L has non-negative off-diagonal elements. Such
matrices, known as “Metzler” matrices, and the corresponding matrix exponentials appear
frequently in the study of positive linear systems . In particular, it has been shown that
e”=1) has positive elements, if and only if (—L) is a Metzler matrix , Example 1.4.b],

which is our desired equivalence.
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Figure 8.4: Adjacency matrix recovered using the Projected Laplacian LMS Strategy 1.

8.B Proof of Lemma [8.2

Iterating (8.33)), we have
N\ Nk
si=(T)5%+Y (7) 5 (8.62)
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—o— Laplacian LMS

—#— Projected Laplacian LMS I
—&— Projected Laplacian LMS II
MSD prediction (Theorem 1)

MSD in dB

Iteration x10°

Figure 8.5: Mean-Square Deviation.

Taking expectation and noting that sp = 0 and Ep, = 0, we obtain the zero-mean relation.

The second-order relation follows from:

W)kRp<W )k (8.63)
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This sum appears frequently in control theory. It converges if p (W*> < 1, in which case [172]

(W*)kR,,(W*)k 2R, (8.64)

lim E SiSiT =

[e's)
1—00

k

where R, is the solution to the Lyapunov equation

=% o TIrK

W' RW" = Ro — Ry (8.65)

8.C Proof of Lemma [8.3

We first establish that W is in fact a minimizer of J; (W) Its gradient relative to W is
given by:
V(W) =~E (3 ~Wsi-1) 51" (8.66)

Evaluated at Wk, we have:

=0 (8.67)

so that T is indeed a minimizer of J;(W) for all .

234



Now, we can write:

1
JZ(W> = 5 E H S; 4 Si—1 H2

1
= 5 E ||W* Si—1 +pz W Si—1 ||2
1

. 1

= LB = W)si P+ LB p R
1 R 1

= BT (sZT_l WTW sH) + 5T (R,)
1 1

~ BT (W siasly) + ST (Ry)

= §TI‘ (WRSJ‘,lW ) + §T1" (Rp)
= ST (WV;ASV; W ) + 5T (R,)

<W A W) + %Tr (R))

PR
1 — T— 1
> e (Bo) Tr (W) 4 ST (Ry)
1 — 1
= S huin (Ra, ) W||* + ST (R)
1
- 5)\ Rsi,1 (Rp)

(8.68)

The upper bound yielding the Lipschitz constant follows analogously.
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CHAPTER 9
Interpretative Learning via the BRAIN strategy

The material in this chapter appeared in [73].

9.1 Introduction

Given feature vectors h € R and binary class labels v € {£1}, the broad objective of

learning solutions is to seek classifiers ¢(h) from the set C that solve [1,86,173,174]:

" (h) = arg Imin, P{c(h) # v} (9.1)

The exact solution of is generally intractable, mainly because it requires knowledge
of the joint probability distribution of the feature and class variables. It is customary to
replace the cost function by some regularized convex risk function and to seek instead the
classifier, ¢°(h), that minimizes:

¢*(h) = arg min EQ(c(); h,y) + R(c()) (9:2)

In this formulation, the term R(c) denotes a regularizer intended to endow ¢°(h) with useful
properties (such as sparsity), and @(-) is a loss function. Under the assumption that the
stochastic process generating realizations {hn,y(n)}N,()l is ergodic, the mean in (9.2) can
be approximated by its sample average, resulting in an empirical risk minimization problem

directly in terms of the training data:

N—

&(h) = arg | mm % Z Q(c(-); hn,¥(n)) + R(c(:)) (9.3)
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Various machine learning algorithms are derived from this perspective. Examples include
logistic regression [86], support-vector machines [175,/176], as well as neural networks [177,
178] and deep neural networks [179,{180]. When the number of available samples N is much
larger than the dimension of the feature space M and the VC dimension of the classifier set C,
it follows from the Vapnik-Chervonenkis theory [175] that the solution of will result in a
classifier with good generalization ability. This property refers to the fact that, although the
classifier has been trained on a finite number of training data, it will still perform reasonably

well on unseen data.

On the other hand, it is well known that when the number of samples N available for
training is limited, appropriate prevention of overfitting becomes necessary. This scenario
is common in cases where data collection is expensive, for example in biomedical applica-
tions, or when there is lack of information about the nature of the features, resulting in the
collection of high dimensional feature data. Among the most commonly used remedies for
overfitting are dimensionality reduction, feature selection, and regularization, all of which
effectively reduce the complexity of the classifier set. However, several useful methods for
dimensionality reduction, such as principal component analysis [173}/181] or Fisher discrim-

inant analysis [182,/183], can still suffer from overfitting for small sample sizes.

In this work, we propose a framework for classification that involves an adaptive “soft”
feature selection mechanism involving a graph topology that is also learned and tuned online
during the same training process. The proposed framework is motivated by the observation
that many feature spaces in practice include an implicit structure that may be learned
and exploited for enhanced classification performance. The graph topology is used for this
purpose; its role is to learn and track correlations among feature subspaces over time, and this
information is fed into the learning algorithm in real-time. By doing so, the resulting learning
mechanism reduces the complexity of the classifier and combats overfitting. Once trained,
one prominent feature of the proposed solution is that it provides an “x-ray” view into the
correlation structure of the feature space, offering an opportunity for iterative refinement of
the features.

Figure provides a high level overview of the proposed architecture; it includes elements
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that are meant to mimic processing in the brain. The block with dictionary learning agents
plays the role of a local memory that learns and stores foundational atoms (or basis) for the
representation of feature subspaces. The block with the graph topology plays the role of
interconnections that are also learned from correlations among the feature subspaces. Thus,
while traditional learning algorithms focus on learning a mapping from the feature space to
the class label, the proposed learning strategy slices the feature space into subspaces and
incorporates learned memory and correlation graphs. We refer to the architecture in the
figure as the BRAIN strategy, where the acronym stands for Block-Reduced Adaptation
and Inference from Networked subspaces. Due to space limitations, in this article, however,
we do not study the BRAIN structure in its generality. As a proof of concept, we shall ignore
the dictionary blocks (i.e., we let the basis be the feature vectors themselves) and illustrate

the enhancement that already results from exploiting the graphical correlation information

/ subspace dictionaries \
- ~ Lo
classification

o |
[ ]
features . . —
classification -
U proposed learning
L strategy with memory
| © | and cognitive modules
features learned This
correlation K
network WoOr
traditional approach /\ proposed learning paradigm J

Figure 9.1: (left) Traditional learning paradigm. (right) The BRAIN strategy with dictionary
and correlation networks.

alone.

black-box
learning

|..:£..|

/
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9.1.1 Relation to other works

Graphs have been used before as a useful tool to encode dependency among random variables,
as happens, for example, in Bayesian and Markov networks [184}/185]. These structures are
appropriate when there is a fundamental understanding of how the variables relate to each
other. For the case when this information is not available, algorithms with latent variables,
such as expectation-maximization algorithms |173}/186], restricted Boltzmann machines [187],
or deep belief networks [188| are generally employed. One drawback of such architectures is
that, while powerful when trained with sufficient amounts of training data, the populated
hidden layers are not always interpretable. In contrast, given only the structure of the
feature space and no information about correlation, our solution attaches a single correlation
layer to the shallow learner. Unlike deep strategies, this layer does not play a role in the
actual classification decision, but rather learns and tracks low-variability representations
of the feature space. Moreover, this layer does not operate directly on the feature data
but rather on scalar score variables defined in (9.7). These steps enable the algorithm to
more accurately learn the subset of informative features and after convergence provides an
insight into the correlation structure that resides in the feature space with respect to the

classification decision.

9.2 Algorithm Formulation

Consider a large feature vector h € R™, which can be divided into a collection of sub-
vectors h, € RMr k = 1,... K, so that h = col{hy,hs,... hg}. These collections are
application specific and can, for example, correspond to different bands in a densely sampled
spectrogram, different performance metrics for a sector of the economy, or different regions

of the human genome. In this work, we consider linear classifiers of the form:

c(h) £ sign(w" h) (9.4)
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which can be decomposed under the assumed structure for the feature space into

c(h) = sign (Z wy hk> (9.5)

where w;, € RM* is the sub-vector of the linear classifier associated with hy, i.e.,
wécol{wl,wg,...,wK}, héCOI{hl,hQ,...,hK} (96)

Traditional methods for dimensionality reduction operate directly on b € RM. They include
projections techniques, such as PCA [173,|181] or FDA [182,|183] and selection techniques
based on various measures of information — see for example [189,190]. These methods rely
on the computation of statistics of the feature vectors; accurate estimation of these statistics
is challenging in high-dimensional spaces. Furthermore, projection based transformations
are agnostic to the underlying structure of h = col{hy, hs, ..., hx}. The resulting classifier,
based on a scrambled feature vector, can become difficult to interpret. In contrast, we

propose to operate on the classifier soft sub-scores, defined as:
sy = col{w hy,w] hy, ..., wy hg} € RY, (9.7)

This vector is of dimension K < M. Working with this reduced dimension has several
advantages. First, overfitting is less likely to occur, as the dimension under consideration
is significantly smaller than the underlying dimension of the feature space for appropriately
chosen sub-vectors hy. Second, the structure of the feature space is preserved, allowing for
more interpretable results. Third, we exploit the information gathered from statistics of s,
in real-time by feeding it back into the computation of w. This additional information results
in more accurate estimate of w, which in turn stabilizes the statistics of s,, by reducing the
weight of noisy features. This closed loop results in more accurate identification of relevant

features.

To motivate the mechanism proposed in the sequel, recall that the general objective of

feature selection in the context of classification is the identification of subsets of the feature
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vector h, that are highly correlated with the class label v. Here we propose to obtain a
measure of this correlation by analyzing the statistics of {w] hy} directly. To this end, we
recall the definition of the Pearson correlation coefficient of two scalar random variables x, y

with means fig, 1ty and standard deviations o4, 0y:

pay — E[(® —pa)(y —piy)] ©8)

Ox0y

We collect the absolute values of the pairwise correlation coefficients for the individual pre-
dictions, PuwT hy,w] by 100 @ symmetric matrix A€o, 1]KXK, so that the element in the /-th

row and k-th column is defined as:
AR £ gy £ |Pw} hg,wghk| (9.9)

This matrix is a measure of the linear correlations among predictions based on subsets of
feature vector h. A value ag close to zero indicates that it is difficult to linearly predict the
classification score based on the k-th sub-vector from the /-th sub-vector and vice-versa. This
implies that at least one of the sub-vectors contributes little information to the classification
decision. Motivated by this observation, we proceed to interpret the A matrix as an adjacency
matrix to a K-node graph, where each node k represents a sub-vector hj of the feature
vector h. This is illustrated in Fig. [9.2] which corresponds to one particular realization of
the BRAIN structure; in future works we will examine more elaborate structures, involving,

in addition, local memory and dictionaries evolving over time.

The strength of the link between nodes k and /¢ is given by the absolute value of the
Pearson correlation coefficient PuT by T hy- Nodes with strong connections have a tendency
to agree in their predictions of the class variable. These predictions are in turn based on the
vectors hy and hy, respectively. In the sequel, we will show how to incorporate the learned
correlation information into the online update of the learning algorithm. The objective is to
devise an algorithm, where opinions of nodes in a strongly connected cluster are reinforced.
This behavior mimics the fact that specific neural connections in the brain are reinforced as

a result of learning [191].
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Figure 9.2: Ilustration of a correlation layer placed on top of an online learning algorithm.

9.3 Correlation-Aware Online Update

We associate with each node k a scalar weight ay, which is obtained from the adjacency

matrix A of the graph according to

K K
A = Zagk = Zakg (910)
(=1 (=1

These weights can be interpreted as a measure of trust placed in node k by its neighbors.
This trust, loosely speaking, is the result of agreeing on classification decisions during past
realizations of the feature vectors. We use this measure to scale incoming sub-vectors of

N-1

the feature vector. The full algorithm, applied to a dataset of observations, {h,,v(n)},_,,

generated form random variables {h,~}, is summarized below where the notation 9Q(-)
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refers to the gradient vector of (-) when it is differentiable or to a sub-gradient vector when

it is non-differentiable. Likewise, for OR(-).

Algorithm 9.1 Online BRAIN strategy
Parameters: v, N
Initialize: wg, mg, 2o
Run:
for : < N do
Statistics:
Si_q = (wli,1h1,i, Wy 1ho, ... ,w[T(’i_lhK,i)T
m; = (1 —v)m;_1 +vs;1
Si= (1= V)i + v (sii1 — mg) (sio1 —my) |
Weights:

. E(Zk)
ap(i) = \/W7
(i) = 0y an(i), ¥ k

Learning:
hi = COl{OZl(Z')hLi, Olg(l.)hg,_i, Ce ,O./K(Z.)h[(,i}
w; = wi—y — - OQ(wj—1; hi, (i) — p - OR(w;-1)
end for
Return: wy, Xy, Ay

Vi k

Observe that the above algorithm is fully online, which is particularly useful when the feature
vector is high-dimensional. The statistics information of wy ;. is estimated adaptively,
where the parameter v controls the trade-off between accuracy of estimation and speed of
convergence. The update of the weight vector w; for classification is performed through a

stochastic gradient step. For example, for online logistic regression, where

O(w) = In (1+e—v’“w>, R(w) = &||wl?, (9.11)
the algorithm would take the form
w; = (1 — pb)ws_1 — pry(i)h (1 v e”(")’“)l. (9.12)

For support vector machines with /5 regularization, where

Q(w) =max (1 —yh"w,0), R(w)=d|wl|? (9.13)
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the algorithm becomes

w; = (1 — pd)w;—q — py(i)h; - ]I[fy(i)ﬁ;rwi,l < 1] (9.14)

where p is the step size. The notation I]-] represents the 0-1 indicator function, which is

equal to 1 when the statement is true and 0 when it is false.

9.4 Simulation Results

9.4.1 Artificial Data

We begin by illustrating performance on synthetic data. The dataset is generated using the
make_classification functionE] from the sklearn.datasets Python module [192], which
is adapted from one of the datasets in the 2003 NIPS feature selection challenge [193].
The method allows for the specification of the number of informative and non-informative
features. We generate N = 3000 feature vectors of dimension M = 400, where only the first

40 indices contain class information. The remaining 360 indices contain noise.

To begin with, we confirm that the statistics of classifier scores indeed allow the classifier
to learn the subset of informative features. In Fig.[9.3]we show the evolution of the correlation
network, which controls the weighting of the incoming feature blocks. We represent the
weight aj of node k through the size of its dot, and the correlation between a pair of
sub-vectors of h through the thickness of the connecting link. The correlation matrix > is
initialized as the identity matrix, resulting in a set of K unconnected nodes and oy = %,
depicted in the leftmost plot. The second plot depicts the state of the correlation network
after convergence, resulting in a fully connected network, albeit with two dominant nodes,
namely nodes 1 and 2, which correspond to the first 40 elements of the feature vector, which

is the informative subset. This dominance becomes more clear in the rightmost plot, where

weak links were removed by simple thresholding. It is evident that there is a strong link

1http ://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_classification.html
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between nodes 1 and 2. This means that decisions formed from the first 20 elements and
those formed from the second set of 20 features have a strong tendency to agree. These
are in fact the informative subset, as constructed. In contrast, none of the decisions formed

based on the remaining 18 subsets show any meaningful correlation.
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Figure 9.3: Evolution of correlation network of classifier sub-scores.

Figure shows the evolution of the classification accuracy for ordinary online logistic
regression compared to BRAIN online logistic regression. For this particular example, we
observe fastest convergence and highest performance for a damping factor v = 0.01 and
K = 20 equally spaced divisions of the feature vector. We show two additional accuracy

evolutions to assess the sensitivity of the algorithm performance for varying design choices.

9.4.2 pd53 Mutants Dataset

Here, we test the performance of the algorithm on real data, compiled in the University
of California, Irvine (UCI) Machine Learning Repositoryf] discussed in [194]. The dataset
contains biophysical features pertaining to the p53 protein, which is also known as a tumor
suppressor protein. When active, pb3 guards the genome against cancer. The objective is to
predict the state of p53 (active or inactive) from M = 5408 features. One challenge in this
dataset is that the classes are highly unbalanced, with a majority of p53 realizations being

active (healthy). Of the 16772 available instances, only 286 are inactive. To remedy this

thtp ://archive.ics.uci.edu/ml/datasets/p53+Mutants
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Figure 9.4: Learning curves for logistic regression with and without the correlation layer on
synthetic data.
imbalance, we randomly select 286 active instances. After leaving 72 samples for testing, we
are left with a training set of size N = 500.

Here we endow a support vector machine with the correlation layer and compare perfor-
mance against ordinary SVM in Fig. Since we have no prior information on the structure
of the feature space, we divide the feature vector into K = 50 divisions of equal size. To

allow the algorithms to converge, we run multiple passes over the small training set.

We show the learned correlation network in Fig. [0.6] We observe that the nodes in the
bottom left form a cluster (nodes 25-43) and contribute most strongly to the classification

decision.
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Figure 9.5: Learning curves for Support-Vector-Machine with and without correlation layer
on gene data, u = 0.01, v = 0.01, and p = 0.01.
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Figure 9.6: Correlation network evolution on p53 mutants.
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CHAPTER 10

Conclusions and Future Issues

In this dissertation, we developed distributed strategies for continuous adaptation and learn-
ing in the presence of non-smooth regularizers. For the case when regularizers are chosen
small, we studied the performance of the proximal diffusion recursion and showed that de-
spite the lack of smoothness and persistent gradient noise, the algorithm is able to converge
to the minimizer of the aggregate cost within O(y) in the mean-square sense, assuming that
the step-size and regularization parameter are appropriately coupled (Theorem . We
proceeded to extend the strategy to allow for arbitrary convex regularizers by construct-
ing a smooth approximation based on conjugate smoothing. We examined the relationship
between the step-size, smoothing-parameter and stability-conditions and determined an ex-
pression for the coupling between step-size and smoothing parameter, which ensures that the
limiting point of the algorithm converges to the minimizer of the original problem as p — 0
(Theorem . We illustrated the algorithms through applications in machine learning and
image reconstruction. Avenues for future research are the examination of the effect of the
proximity function in the construction of the smooth approximation on the algorithm as well

as perturbations caused by persistent errors in the evaluation of the proximal operators.

A second contribution of this dissertation is the establishment of second-order guarantees
for the diffusion strategy in smooth, but non-convex environments. In particular, we estab-
lished a descent relation for the network centroid around strict saddle-points under the condi-
tion that a noise component is present in at least one descent direction (Theorem . This
relation, along with the more commonly established descent in the large-gradient regime, al-
lowed us to provide a second-order stationarity guarantee in polynomial time (Theorem 6.2)).

Open questions for future consideration include the examination of second-order guarantees
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in the presence of non-smooth terms and an analysis of the various randomization schemes

employed in practice, such as for example dropout [195], under the gradient noise framework.

In the second part of the dissertation, focusing on learning from data exhibiting an in-
ternal network structure, we proposed the Laplacian LMS Strategy and variants involving
projections for learning the graph characterizing a heat diffusion model. The resulting al-
gorithm takes the form of an adaptive filter, and is able to learn the true, underlying graph
with arbitrarily high accuracy for sufficiently small step-sizes (Theorem . Detailed explo-
ration of the tracking performance of the adaptive algorithm as a function of the observed

graph and its evolution is left for future research.

We also proposed a BRAIN strategy to enhance the performance of online classifiers for
high-dimensional feature spaces. We illustrated results and performance on both artificially
generated and real data examples and observed experimentally that (a) the correlation layer
is able to identify the subset of informative features; (b) this information seeps into the final
weight vector, and (c) this results in improved performance when compared to regular ver-
sions of the respective online learners. This work opens avenues for further research. Recall
that one of the key features of the correlation layer is that it weights features based on classi-
fier sub-scores. These can be interpreted as single-dimensional projections of the sub-feature
vectors with reduced variance. More elaborate and possibly higher-dimensional, albeit still
variance-reduced, representations can be considered by means of dictionaries, which are up-
dated in an online manner, similar to [196]. A second opportunity for improvement is the
automatic and iterative refinement of feature vector divisions in the absence of exact prior
knowledge. In this work, we were able to show performance improvement with evenly spaced
divisions, but do not make a claim of optimality. On the other hand, correlation networks
after convergence contain information on the amount of information contained in a given
feature subset. This information can be used to inform a restructuring of the feature vector
subsets, before running the algorithm again with the previous weight vector as a starting
point. In this manner, the information provided by the correlation graph can be more fully

exploited. Finally, distributed implementations can be pursued, along the lines of [1,22].
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