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Abstract

Distributed optimization allows a set of agents to collectively solve a global minimization problem,
defined as the numerical average of each agent’s local objective function. In this thesis we examine
distributed optimization algorithms in the setting where the agents communicate via a network,
where each agent can only communicate with its immediate neighbors, and can not share its
objective function (and by extension its training data) directly. More specifically, we investigate
how these algorithms can be applied to the classical Machine Learning framework of training a
parametrized model to predict labels y from input data x. Typically, distributed optimization
algorithms over networks have two main steps: the pooling and then averaging of the parameters
of each agent’s neighbors via the consensus protocol, and a gradient descent step towards the
minimum of the local function of each agent. We also consider algorithms that build on this
scheme by incorporating correction terms, acceleration via momentum, dual ascent, and multiple
communication rounds per gradient computation. We experimentally evaluate the performance
of a number of distributed algorithms for functions of different classes, namely smooth, and
strongly convex functions, as well as objectives with constraints.



ITepiAndn

Ou alyopriuol xotaveunuévne BeATIoTONoINoNG EMTEETOLY GE €Val GET AMO TEUXTOPES VO AOGOLY
GUANOYIXG. Evar xodoAxO TEOBANUA ENOYICTOTOMOTS, OPLOUEVO WS TOV aELIUNTIXG YECO TNG TOTUXTG
oLVEETNONE XAVE TEAXTOPA. X AUTY| TN SITAWUATIXT epyacio eEeTALOVUE XATAVEUNUEVOUS ohyOpLY-
noug BeiticTonolnong 0To TAGIO OTOU OL TEEXTOPES EMXOWKOVOLY PEGW EVOS BXTLOV, 6ToL xdie
TEAXTOROG UTOEEL VoL ETUXOWVWVACEL UOVO [UE TOUC GUECOUS YELTOVES TOu, Xal BV UTopel Vol Jolpao Tel
TNV OVTIXEWEVIXT cuVdpTnaT (xou xot” enéxtoon ta dedoyéva exnoideuong) dueoa. Ilo ouyxexpr-
HEVAL, EPELVOUUE TS UTOL OL AAYOELIUOL UToEOVY Vol EQUPUOG TOUY GTO XAaoGixd TAaloto Mnyavixrg
Méinong g exnaideuomne evog TopaUeTEX0) HOVTENOL (OOTE VoL TEOPAETEL ETUETEC Y Amd BEBOUEVOL
€l0600u . Xuvdwg, ol xataveunuévol alyopriuol Bedtiotonoinong o dixTua amoteholvToL and
0Vo PrAuoTa: TN CUYXEVTEMON Xl UTOAOYIOUO TNG UECTC TUNAS TWV TOQUUETEMY TWV YELTOVGLY Xdde
TedxTopa, xou Eva B xord6dou Barduidos Teog 10 EAAYIGTO TNG TOTUXNG CUVAETNOTE XAUE TEAXTOPA.
Emmiéov, Yewpoiye alyopliuoug mou ytilouv méve o autd T0 OYEBLO UE TNV EVOWOULTWOT OpwY
0L6pwoNg, EMTAYVVOTNG UECK OPUNC, DITATC avdBaong, xot TOANATAGY YOpwY ETXOVLVIAS Yio xdde
unohoyloud Boduldag. AZLohoYOUUE TELOUATIXG TNV ATOBOGCT| OPIOUEVV XATAVEUNUEVLY ohyopld-
MWV YLOL CUVIRTHOELS OLUPORETIXY XAACEWY, CUYXEXQULEVO OUOAES, XL LOYUEA XUPTES CUVAPTHOELS,
%x0O¢ %o TEOBAAUATO UE TEQLOPLOUOUG.
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Chapter 1

Introduction

1.1 Problem

In this thesis, we focus on distributed optimization algorithms and, more specifically, on their
application for the training of machine learning (ML) models in a decentralized fashion.

In a typical (supervised) ML environment, one has access to a training dataset consisting of
pairs {(x;,v;)};_,, and tries to fit a model function that is parametrized by parameter 6. This
is typically done by minimizing the empirical average of the loss function, i.e. the difference
between the predicted output from the model, given a specific input, and the corresponding
desired output: ming L 3% | £(6;x;, ;).

Consider a system of N agents which communicate via a network described by a graph. Each
agent has access to its own data and, therefore, local cost function. The goal is to collaboratively
minimize the average of the IV local cost functions, without directly sharing data between agents.
Each agent’s model is parametrized, as before, by a parameter 8;. The goal then is for all agents
to agree on a common parameter 8. The global problem is formulated as follows:

N
. 1
mamire, & 2 509

subject to  ; = 05, V{i,j} € [N] x [N],

(1.1)

where f;(+) is the average of the losses for the data points of agent i.

A consensus mechanism can be used to align each agent’s estimate of the parameter, such that
they asymptotically agree on a common variable. Roughly, at each iteration, each agent broad-
casts its current estimate of the parameter, receives its neighbors’ estimates and finally updates
its own estimate by taking a weighted average of the estimates of its neighbors and its own.
Given enough iterations and under some assumptions on the underlying graph, the agents will
agree.

The combination of standard gradient descent methods with the consensus mechanism gives
rise to a plethora of algorithms that allow agents who are part of a communication graph to
collaboratively train an ML model.

Various such methods exist that tackle problems with different loss function properties (Lipschitz
continuity and/or strong convexity) as well as graph structures (directed or undirected). Ad-
ditionally, recent methods provide significant speedups by incorporating auxiliary information,
making use of momentum, and applying cumulative corrections to the updates.
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1.2 Importance

The volume of data each person produces has been growing rapidly, images and videos grow in
resolution (and, by extension, size), new text is constantly being written and Internet of Things
(IoT) devices are constantly downloading and uploading new data to cloud services.

This new regime of Big Data has given rise to multiple ways of training ML models in a distributed
fashion. Distributed training methods are of interest, since they are either faster than transferring
all local datasets to a single server, or individual users/organizations do not desire to share their
highly sensitive data with potentially untrusted parties, or both.

Furthermore, in recent years, there has been a shift to individuals being more aware of their
data (GDPR, cookies, personalized advertisements), as well as preferring decentralized ways to
perform certain tasks (file sharing via torrents, monetary transactions via blockchain).

Problems of the form (1.1) have appeared in multiple fields, including distributed learning and
estimation, multi-vehicle formation and coordination, sensor networks, power system control.
Distributed optimization algorithms are applicable when it is impractical to move all data to a
central server, or constant communication between a central server and all agents is not feasible,
or both.

1.3 Notation

We briefly lay out some of the notation used in the following text.
A bold lower case letter represents a column vector, say v € R"

U1
. T
v=(v1,...,05) = | ! :[vl,...,fun] .

Un

A vector’s elements, and all other reals, are in regular lower case, and []T represents the transpose
operator.

We denote the basis vectors of R" as ey, ..., e,, with e; being the column vector of n elements,
the i-th of which is one while the rest are zeros.

Further, 0 and 1 are vectors of all zeros and all ones, respectively.

Bold upper case letters are reserved for matrices, A € R™*™,



Chapter 2

Mathematical Preliminaries

2.1 Linear Algebra

Definition 2.1 (dot product). Let vectors x € R™ and y € R™. Their dot product is defined
as

n
xy)=x'y=y'x=) zy. (2.1)
=1

Definition 2.2 (norm). A norm || - || on a vector space V is a function || - ||: V — R which
satisfies the following:

1. (nonnegativity) ||x| >0, Vx € V and ||x|| = 0 if, and only if, x = 0.
2. (positive homogeneity) [ax| = || - ||x]|| for any x € V and o € R.

5. (triangle inequality) [x +y| < [x[[ + [[y[| for any x,y € V.

When R"” is endowed with the dot product, the Euclidean norm is the lo-norm

[1x[l2 = {x,%) =

The class of p-norms is defined for any p > 1, as

1xlp =

Z |z [P (2.3)
i=1

Definition 2.3 (matrix inner product). Let matrices X € R™*"™ and Y € R"™ ™. Their
matrix inner product is defined as

(X,Y) =tr(X'Y) =) X;;¥5; (2.4)

2.2 Real Analysis

Definition 2.4 (differentiability). A function f : R™ — R is said to be differentiable at x € R"
if there exists a vector g € R™ such that for all y € R™, the following holds:

fx+y)=[f(x)+ (g y) +oly) (2.5)
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The unique vector g which satisfies (2.5) is called the gradient of f at x, and is denoted by
Vf(x), ie.,

fx+y)=f(x)+(Vf(x),y) +o(y) (2.6)

More intuitively, a function f is differentiable at x if we can find a linear function g(y) =
f(x) +(Vf(x),y) such that f(x+y) —g(y) = o(y)-

Definition 2.5 (gradient). The gradient of a differentiable function f: R™ — R at a point
x € R" is equal to

9f(x)

oz

Vf(x):= : . (2.7)

9f(x)

Ozn,
Definition 2.6 (Hessian). Let f: R™ — R. If Vf is differentiable at x € R™, then f is doubly
differentiable at x. The second derivative of f is the deriwative of V f and is defined as

roff(x)  2f(x) . 9AF(x)7
Ox? Oxaz1 Oznxy
fx) Pfx) | 9f(x)
V3f(x) = | 02 0 Oumez | (2.8)
) 52 (x)
L Ox1xn Oxoxn e Ox2

n -

The n x n matriz V2 f(x) is called the Hessian of f at x.

2.3 Convex Functions

Definition 2.7 (convex set). A set C C R" is called convex if, for all pairs x,y € C and reals
0<60 <1, it holds that

0x+ (1 —0)y € C. (2.9)

Definition 2.8 (projection mapping). The projection of a point x € R™ onto a non-empty,
closed, and conver set C is defined as

Pe(x) := argmin ||y — x||z. (2.10)
yeC

Thus, the projection mapping returns the point that belongs to C and is closest to the original
point x.

Definition 2.9 (indicator function). The indicator function of a set C is defined as

de(x) = {20 z Z E (2.11)

Definition 2.10 (proximal mapping). For a function f: RP — (—o00, 00|, the proximal map-
ping of f is defined as

pros ) = arguin { 1) + 3y =13} (2.12)
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Definition 2.11 (Fenchel conjugate). Let f: R™ — R. The function f*: R™ — R, defined by

fH(y) = max {(y,x) — f(x)}, (2.13)

xeRn
is called the Fenchel conjugate of f.

Definition 2.12 (convex function). A function f: R™ — R is called convex if the set dom f
s convez, and if, for all pairs x,y € dom f and reals 0 < 0 < 1, it holds that

fOx+ (1—0)y) <0f(x)+(1-0)f(y) (2.14)

Theorem 2.13 (convexity condition of differentiable functions [BV04|). A differentiable
function f: R™ — R (its gradient exists at each point in dom f) is convezx if and only if dom f
s conver and Vx,y € R"

fy) = f(x) + V)" (y —x). (2.15)
Inequality (2.15) states that the first-order Taylor approximation of a convex function is a global
underestimator of the function at any point of its domain.

Definition 2.14 (strong convexity). A function f: R™ — R is called p-strongly convex, for
p >0, if the set dom f is convex, and for any x,y € dom f and X € [0, 1]:

FOS 4 (1= X)y) S M) + (1= V() = EAQ = Vx =yl (2.16)

Lemma 2.15. [Becl7| Let f: R" — R be a p-strongly convexr function, and g: R™ — R be
conver. Then f + g is p-strongly convex.

Theorem 2.16 (first-order inequality of strongly convex functions [Becl7]). Let f: R" —
R be p-strongly convex. Then, for any x € domdf, y € dom f, the following holds true:

F(9) > £60) + (VI (x),y = %)+ Sy — x| (2.17)

Definition 2.17 (L-smoothness). A function f: R"™ — R is called L-smooth, for L > 0, if it
1s differentiable and, for all x,y € dom f, satisfies:

IVf(x) = Vi)l < Lllx -yl (2.18)

Theorem 2.18 (first-order inequality of smooth functions [Becl7|). Let f: R — R be
L-smooth. Then, for any x € domdf, y € dom f, the following holds true:

Fy) < FO)+ (V700 y — ) + 2 llx— v (219)

One can notice an immediate parallel between Theorem 2.16 and 2.18. More specifically, a
p-strongly convex and L-smooth function is lower bounded by the RHS of (2.17) and upper
bounded by the RHS of (2.19).
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Chapter 3

Optimization

Mathematical (constrained) optimization tackles the problem of finding the minimum of a real
valued function, possibly under inequality and/or equality constraints, that must hold for the
solution to be feasible.

3.1 Optimization Problems

Definition 3.1 (optimization problem). An optimization problem is defined as

minimize  fy(x)
subject to fi(x) <0, i=1,...,m, (3.1)
h,‘(X):O, i:1,...,q,

where x € RP s the optimization variable, fo: RP — R the objective function, functions f;: RP —
R fori=1,...,m and h;: RP - R fori=1,...,q are the inequality and equality constraints,
respectively.

The set of points where the objective function and all constraint functions are defined, is given
by

m q
D = () domf; N (") domb;, (3.2)
=0 i=1

and is called the domain of the optimization problem (3.1).

Definition 3.2 (feasible point). A point x € D is called feasible if it satisfies all constraints.

The set of feasible points of an optimization problem,

X={xeD]| fi(x)<0,i=0,...,m, hi(x) =0, i=1,...,q} (3.3)
is called the feasible set of the problem.
Definition 3.3 (optimal value). The optimal value p* of problem (3.1) is

p* = inf{fo(x) | x € X}. (3.4)

*

Definition 3.4 (optimal point). A point x* € X is called an optimal point if fo(x*) = p*.
The set of all optimal points is the optimal set, defined as

X* = x| fi(%) S0, i=0,..om, hi(x) =0, i=1,....q, fo(x) =p"}.  (3.5)
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3.2 Convex Problems

Definition 3.5 (convex optimization problem). An optimization problem of the form

minimize  fp(x)

subject to  fi(x) <0, i=1,...,m (3.6)
aiTX:bi, i=1,...,q
1s said to be convex if the functions f;, fori=0,...,m, are convex.

The feasible set of a convex optimization problem with domain

m
D= mdomfi, (3.7)
=0
is
X:{xe]D)|fi(x)§0, i=0,...,m, a x = b, i:1,...,q}. (3.8)

Theorem 3.6 (convexity of the feasible set [BV04]). The feasible set of a convex optimization
problem is convex.

Theorem 3.7 (global optimality and convexity of minima [BV04|). For the convex opti-
mization problem (3.6), the set of points x € X which minimize fy is convex. Additionally, every
local minimum of fo is also a global minimum.

Theorem 3.8 (optimality criterion for differentiable objective [BV04|). For a convex
optimization problem (3.6) whose objective function fy is differentiable, such that, for all x,y €
dom o,

Jo(y) = fo(x) + Vfoly) " (y — ), (3.9)
let the feasible set be

X:{XE]D)]fi(x)gO, i=0,...,m, a/x =b, izl,...,q}. (3.10)

Then, a point x € X is optimal if, and only if,
Viox) (y —x) >0, ¥y € X. (3.11)

3.3 Unconstrained Optimization

Definition 3.9 (unconstrained convex optimization problem). An unconstrained convex
optimization problem is of the form

minimize f(x), (3.12)
where f: R™ — R is a (differentiable) convex function.

Theorem 3.10 (optimality criterion for unconstrained convex problems [BV04|). The
point x* € R™ is an optimal point for the unconstrained convex optimization problem (3.12) if,
and only if,

Vfix*)=0. (3.13)

Usually, equation (3.13) is non-linear and does not have a closed form solution. Thus, we must
use an iterative process for solving equation (3.13) and, by extension, problem (3.12). Such a
procedure is one which harnesses specific properties of the objective function f to generate a
sequence of points x! € R™, such that x! — x*, as t — oo.
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3.3.1 Gradient Descent
A general procedure for solving unconstrained convex optimization problems (3.12) is one where
the sequence x! is produced by the update rule

xT = xt 4 a,d’, (3.14)
where, d? is a vector in R" called the search direction, and a; € R is called the stepsize.

Definition 3.11 (descent methods). Iterative methods that solve problem (3.12) by producing
sequences xt € R™ for which

) < f(x) (3.15)
holds for all t, are called descent methods. Equality holds only when x! € X*.

Since f is convex and differentiable, we have from Theorem 2.13 that

Y > f(xh) + VDT (T - x")

3.16
= [T - f(x) 2 V) (erd). (210

We can see that if Vf(x) T (ayd?) > 0, then f(x!*T!) > f(x?). Therefore, we must have ayd’ < 0
and, since ay > 0, we need to choose a search direction d* which satisfies

VixhHTd <o. (3.17)

The most prevalent choice for the search direction is to use the negative gradient, that is,
d' = -Vf(xh) (3.18)
It is easy to see that, with this choice, (3.17) is satisfied, since
VixHTa = -VIETVf() = Vx5 <0, (3.19)
if Vf(x') #0.

We can iteratively apply (3.14) until V f(x!) is sufficiently close to 0. The above, result in the
method described in Algorithm 1.

Algorithm 1 Gradient Descent

initialization: choose x* € domf
for t = 0 — max_ iters do
xt o xt — o, VF(xt)
if |[Vf(x")]]2 < € then
break
end if
end for

An important parameter of the gradient descent algorithm is the stepsize a; at each iteration
t. Choosing a stepsize that is too large or too small, can make the algorithm either diverge or
converge so slowly that it becomes impractical.

One method for choosing the stepsize is line-search, where we practically try to find a stepsize
that results in sufficiently high decrease of f when (3.14) is applied.



3.3. Unconstrained Optimization 14

An obvious method for the computation of the step size is exact line-search, that is,

a = argmin f(x + sd). (3.20)
s>0
In cases where (3.20) is difficult to solve, we turn to backtracking line-search, an inexact line-
search method, where our aim is to find a stepsize that provides a sufficient decrease to f, as
before, when compared to its first-order Taylor approximation.

Algorithm 2 Backtracking Line-Search [BV04]
given: descent direction d of f at x € domf, v € (0,0.5), 5 € (0,1)
initialization: o =1
while f(x +ad) > f(x) +yaVf(x)'d do
o+ fa
end while

Both line-search methods mentioned above require additional function and/or gradient compu-
tations, increasing the runtime of the algorithm. If, however, the objective function f possesses
some desirable properties, a constant stepsize can be used.

Theorem 3.12 (step size conditions of gradient descent [Pol87]|). Let f(x) be differentiable
on R™, let the gradient of the f(x) satisfy a Lipschitz condition:

IVF(x) = Vi)l < Lix =y, (3.21)
let f(x) be bounded below:
f(x) =2 f* > —oo, (3.22)
and let oy satisfy the condition
0<ay<2/L. (3.23)

Then, in Algorithm 1, the gradient tends to zero

lim Vf(x") =0, (3.24)

t—o0

and the function f(x) monotonically decreases: f(x!T1) < f(x!).

Now, if f is additionally strongly convex, then the following theorem gives us the convergence
rate of Algorithm 1.

Theorem 3.13 (convergence of gradient descent [Pol87|). Let f be a differentiable and
strongly convex function with constant p on R™. Additionally, let its gradient satisfy a Lipschitz
condition with constant L. Then, for 0 < ay < 2/L, Algorithm 1 converges to a unique global
minimum point X* with the rate of geometric progression:

[x! —x*|| <ecqt, 0<g<1. (3.25)

3.3.2 Accelerated Methods

For convex problems that are in addition smooth and/or strongly convex, accelerated versions of
Gradient Descent employ various forms of momentum to speed up convergence. Algorithm 3 is
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Algorithm 3 Nesterov Accelerated Gradient Descent
assertion: f is L-smooth and p-strongly convex
initialization: choose x°,y" € domf
for t = 0 — max_ iters do

X eyt — IV f(yY)

yt+1 PR ﬁ\:-ﬁ\/ﬁ(xt+1 . Xt)
if ||V f(xk)||2 < € then
break
end if
end for

suitable for smooth and strongly convex problems, while Algorithm 4 is suitable only for smooth
ones.

Algorithm 4 Nesterov Accelerated Gradient Descent NSC
assertion: f is L-smooth
initialization: choose x°,y" € domf
for t = 0 — max_ iters do
Xty = IV

. 1—aq
B MR Oé?"rOét—Q—l

yt+1 — Xt+1 + B(XtJrl _ Xt)

if |V f(xg)||2 < e then
break

end if

end for

The sequence produced by a; in Algorithm 4 is the solution to
2 _ 2
a1 = (1 — o)y (3.26)
and can, at each time step, be computed by

—a? ++/aj + 4a?
2 b

Aty = (327)

with ag = 0.5.

3.4 Constrained Optimization

Thus far, the method (Algorithm 1) we have presented can be used to solve unconstrained convex
optimization problems of the form (3.12).

A simple extension of this method, which allows us to solve constrained convex optimization
problems (3.1), is the projected gradient descent method. It makes use of the projection operator
(2.10), which maps a point onto the set of constraints C. The method first performs a standard
gradient step, using the previous value of the optimization variable and, then, projects the result
onto the constraint set. Note that the magnitude of the gradient cannot be used as a stopping
criterion here, since it will not, in general, approach 0 inside the feasible set.
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Algorithm 5 Projected Gradient Descent

initialization: choose x° € C
for t = 0 — max_ iters do
xt e Po (x! — a,Vf(x!))
if ||x!*! — x|z < ¢ then
break
end if
end for

3.5 Composite Problems

Composite problems are optimization problems whose objective can be split into two functions,
f and g.

mi}r{lei%)ize F(x) = f(x) + g(x). (3.28)

Generally, f will be a smooth function, while g will be non-smooth, both being defined on RP.
Some common examples are:

e Unconstrained problems, with g = 0.

e Constrained problems, with g = d¢(x).

e [; regularized problems, with g = A||x||;.

Problems of the form (3.28) can be solved via a generalized form of the Projected Gradient
Descent (Algorithm 5). The update step

x!Tl = P (x' =V f(x)), (3.29)

can be expressed as

1 = angmin { ) + (9 0)x = x) 5 x = x5 (3.30)
xeC 2at

An interpretation of this update is the point in C that achieves the minimum value of a lineariza-
tion of f at x! plus a proximal term.

Applying equation (3.30) to problem (3.28) we get

1
x'* = argmin {f(xt) +(Vf(x"),x—x") 4+ g(x) + —|x — xtHg} : (3.31)
XERP 20
which is equal to [Becl7|:
1
xT! = argmin { apg(x) + —|[|x — (x"' — . VF(x)) 53¢ (3.32)
x€ERP 20

By the definition of the prozimal mapping (2.12), equation (3.32) can be rewritten as

Xt+l

= prox,,, (x — arV(x)) (3:33)

The above leads to an algorithm which at each iteration performs a gradient step of f, followed
by a proximal mapping to g.
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Algorithm 6 Proximal Gradient Method [Becl7|

initialization: choose x° € dom f
for t = 0 — max_ iters do
xtH proxi (x! — 1V F(x!))
if |[x"*! — x!||2 < € then
break
end if
end for

3.6 Machine Learning

Definition 3.14 (machine learning model). The standard supervised machine learning model
1s that of minimizing the numerical average of the losses over all data points:

D]
minimize |D| Zﬁ (0; %, yk), (3.34)

OcRr

where the set D contains pairs {(x;,y;)}i—, of data features x and their corresponding labels y,
and £: RP — R is the loss function.

Given that the loss function ¢ is convex, the objective function in (3.34) is a normalized sum of
convex functions, which is a convex function. Therefore, the standard ML model with convex
loss function can be seen as an unconstrained optimization problem (3.12).

Therefore, (3.34) can be readily solved via gradient descent (or its accelerated versions), where
the gradient at each iteration of Algorithm 1 is the average of the gradients of ¢ for every data
pair. Thus, the parameter 8 will be updated by

D)
o't — gt — ’D’ Zw (0 %1, yi). (3.35)
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Chapter 4

Consensus

The consensus protocol [Deg74| allows a set of agents, communicating via a network, to agree
upon the value of a parameter. Each agent has its own estimate for the value of the parameter.
Using an iterative process, whereby each agent incorporates the estimates of its neighbors to
update its own, a consensus can be reached.

4.1 Definition

For a network of N agents, let x; € RP, be the estimate of parameter x, for agent ¢. The objective
is for the agents to agree upon a common value for the parameter x, via communication with
their immediate neighbors.

To facilitate this, each agent 4 assigns a weight, w;; > 0 Vj € [IN], to the «opinion» of the
other agents. Naturally, these weights are nonnegative, zero for non-neighboring agents (since
information cannot be exchanged between them), and sum to 1, akin to a probability distribution.

4.2 Graph structure

The network over which the agents communicate can be represented by an undirected graph G =
(V,&). The set of vertices contains a vertex for every one of the agents V = [N] := {1,...,N},
and the set of edges £ contains all the communication links, with {i,j} € £ denoting that
agents/vertices ¢ and j are connected.

We denote the N x N matrix of weights by W, where w;; is the weight agent ¢ assigns to
agent j’s estimate. This weight matrix is compatible with the graph G, since the ij-th entry is
positive only when an edge connects agents ¢ and j, much like the adjacency matrix (Figure 4.1)
associated with the graph. Moreover, it is a row stochastic matrix [Law06|, since its entries are
nonnegative, and its rows sum to 1.

@ A-
()

Figure 4.1: Connected graph with 4 vertices and its adjacency matrix.

—_— O = =
e
O = = O
—_ O =
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4.3 Algorithm

At each step of the iterative algorithm, each agent updates its current estimate by simply pooling
the estimates of its neighbors. Then, it computes a weighted average of these values, which results
in a convex combination [Roc97] of x; for i = 1,..., N. More formally, agent ¢ revises its estimate

as
xith = Z wijX}. (4.1)
JEN;U{i}
Since the weight w;; will be zero if {3, j} ¢ £, (4.1) can be written as

N
xit = Z wijxé-. (4.2)
j=1
Moreover, if we consider the matrix
x|
L
X = Xf e RV*P, (4.3)
<%

whose rows are comprised of each agent’s estimate of x, we can write the global update as
X = WX, (4.4)

Even though the agents do not have direct knowledge of the global estimates, that information
is gradually diffused throughout the network. This process continues until the estimates of all
agents become equal, i.e.,

x; = Xj, V{i,j} € [N] x [N]. (4.5)

It is, however, more practical to halt the iterative process when the estimates stop changing
significantly.

The above result in the following algorithm.

Algorithm 7 Consensus

assertion: Network of N agents, forming a communication graph G = {[N],£} that is con-
nected, weight matrix W satisfying (4.8)
initialization: arbitrarily choose x? fori=1,...,N
for t = 0 — max_ iters do
for each agent ¢ do
Transmit x! and receive X;-, to and from agents j € N;
X = Y jenu wiX)
end for
if |xt —x!7'|| <e, Vi=1,...,N then
break
end if
end for
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4.4 Convergence

We say a consensus is reached if and only if there exists a value x* such that

lim x! =x*, Vi=1,...,N. (4.6)

t—o00

Additionally, this implies that x* = Wx*, i.e., another round of communication and information
exchange between the agents will not alter the estimate. The common estimate reached is given
by a convex combination of the initial estimates of each agent

N
X" = Z XY, (4.7)
i=1
where 7 = (71,...,mn) " is the eigenvector of matrix W corresponding to an eigenvalue of 1,

such that #W = & is satisfied.

The necessary conditions for convergence [Deg74| are that graph G be connected and that the
N x N weight matrix W be compatible with the graph and satisfy the following:

Wij >0 and w; >0,

N
Z wij =1, (4.8)
j=1
wij:0 <= j¢MU{Z},
with NV; being the set of neighboring vertices to agent .

If the weight matrix W is additionally doubly stochastic, that is, both its rows and columns sum
to 1, then x* is the average of the agents’ starting estimates.
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Chapter 5

Distributed Optimization

Distributed optimization allows a set of agents to collectively solve the global minimization
problem, defined as the sum of each agent’s local objective function. Even though the agents do
not all communicate with each other directly, they are able to solve the global problem via the
consensus mechanism, while at the same time aligning their local minimization variables.

5.1 Unconstrained Distributed Optimization

Definition 5.1 (distributed optimization problem). The minimization of the average of N
objective functions while simultaneously aligning the N minimization variables is a distributed
optimization problem, defined as

N
o 1
aipimigey 1) = 55 2 ) 6.
subject to x; =X9=---=xx

The N agents, which are connected by a communication network represented by a graph G =
{[N],E}, have their own objective functions f;: R™ — R and minimization variable x; € R",
fori=1,...,N. The global function f is a function of the matriz X € RN*P whose rows are
comprised of each agent’s estimate.

If we consider a dataset D split up amongst the agents, each having access to a privately owned
subset D; C D, the agents can collectively solve (5.1) to train an ML model of the form (3.34) with
information from the whole dataset D without ever sharing data points directly. The objective
function of each agent is the average of the losses of its data points, that is,

fi(xs) = 1i‘

D Z Uxi;2,y). (5.2)

(z,9)€D;

One way to solve distributed optimization problems amounts to combining two iterative methods,
namely the consensus protocol (Algorithm 7), in order to align the N decision variables x;,
and the gradient descent method (Algorithm 1), for the minimization of each agent’s objective
function.

For most algorithms, at each time step, each agent pools the values of the optimization variables
from its neighbors, and computes a weighted average, just as in the consensus protocol. Using
this average it computes the gradient of its own objective function and updates its optimization
variable. More advanced algorithms have been introduced that allow for faster and more precise
convergence, by using auxiliary variables, gradient tracking, cumulative correction terms, and
other techniques.
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5.1.1 Assumptions

We state the assumptions for the algorithms that we will study, starting with one that is assumed
to hold for all the algorithms to follow.

Assumption 1 (graph and mixing matrix). The underlying communication graph G =
{[N],E} linking the N agents is undirected, connected, and does not change over time. The
mizing matric W is symmetric and doubly stochastic.

Assumption 2 (smooth objectives). The objective function of agent i is L;-smooth, for some
L; > 0.

Assumption 3 (strongly convex objectives). The objective function of agent i is p;-strongly
convex, for some p; > 0.

Many algorithms make the assumption that all objective functions f; share the same Lipschitz
and /or strong convexity parameter. These parameters often appear as terms in the stepsize, the
convergence rate results, or both. However, it is natural to assume that the different objective
functions will have different constants L; and p;, even if only slightly. In these cases, it is
sufficient to use the greatest Lipschitz constant as an upper bound for the smoothness of the
global function, i.e., Ly £ max;c(n) Li > Ly. Similarly, we can use the smallest strong convexity

parameter, p, = min;e(nj i < fif, as a lower bound.

5.1.2 Distributed Gradient Descent

One of the first and, arguably, simpler algorithms is distributed gradient descent (DGD), described
in Algorithm 8. The algorithm was introduced in [NOQ9| and, as mentioned before, a weighted
average of the neighbors’ optimization variables is used to take a single gradient descent step.

Algorithm 8 Distributed Gradient Descent [NO09|
assertion: Assumption 1 holds
initialization: arbitrarily choose X? eRPfori=1,...,N
for t = 0 — max_iters do
for each agent 7 do

t+1 N ot
Vi D WX > consensus
XEH — VEH - othfi(Vf-“) > gradient descent
end for
end for

Here, the consensus step comes first, followed by the gradient descent step. This scheme is aptly
called combine-then-adapt (CTA). Exchanging the order of these operations gives rise to the
adapt-then-combine (ATC) scheme. These two schemes, however, function exactly the same in
the limit and which of the two should be used is entirely preferential [Ned20].

Algorithm 8 was first studied [NOO09| for general convex and non-smooth objectives, making use
of subgradients for the gradient descent step. It was later shown that, for a class of stepsizes
satisfying the standard conditions

Zat = 00, Za% < 0, (5.3)
t=1 t=1
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the algorithm converges at a rate of O (ng;) [Chel2].

If we assume that the individual objective functions of the agents are smooth, i.e. Assumption
2 holds, a constant stepsize can be used. For

the algorithm converges at a rate of O (é) =0 (%), until reaching an O(&)—neighborhood of

the solution, where 5 = \y(W) is the second-largest eigenvalue modulus of the mixing matrix
[YLY16].

If, in addition, each f; is strongly convex, i.e. Assumption 3 holds, then with stepsize

Cf14ay(W) 1 } ( | )
= 5 = O h— 5 5.5
e = { Ly, Lf + g Ly, ( )

we have geometric convergence O (ct) until, once again, reaching an O(1< 5)-neighborhood of the
solution [YLY16]. The constant c is defined as

c:,/1—%e(0,1), (5.6)

e (5.7)
1253 + L f

It is, thus, evident that there is a tradeoff between convergence speed and optimality, since both

the convergence rate and the neighborhood size are proportional to the constant stepsize.

where

€o

A simple way to see why neither exact convergence nor consensus is achieved is to consider what
the gradient update will be as ¢ goes to infinity [Shi+15b|. Using matrix notation, much akin to
(4.4), if we assume that the sequence X' is convergent to X*°, then

X> = WX® — aVf(X>). (5.8)

If we assume consensus at infinity, we have X*° = WX®>. Then, in order for (5.8) to hold,
we need V f(X*) to be 0, i.e., the same optimization variable x*° to simultaneously minimize
each agent’s objective function f;. This does not hold, in general, preventing X! from being
consensual at the limit, since we cannot drive the gradient to 0 for all agents at once. However,
alternative methods, although more complex, alleviate this shortcoming.

5.1.3 Exact First-Order Algorithm

The first algorithm to provide exact convergence with a constant stepsize, in linear time, is
EXTRA [Shi+15b], described in Algorithm 9. It does so while using only first-order information
and requiring a single round of communication and local gradient computation, per iteration.

Note that, for simplicity, matrix notation is used for the update rule. The gradient of the global
function f at X is defined, with some abuse of notation, as

Vi(x)"
V(X)) = : ; (5.9)

Vinxn)"
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Algorithm 9 EXTRA [Shi+15b|

assertion: Assumptions 1 and 2 hold, W = %
initialization: arbitrarily choose X? eRPfori=1,...,N
X!+ WXO — aVf(XY)
for t = 0 — max_ iters do

Xi+2 — (I + W) Xt+l _ Wxt PN (vf(Xt+1) o vf(Xt>)
end for

i.e., the matrix whose rows are the gradients of each agent’s function f; at x;.

The algorithm, however, remains fully decentralized. This can be easily seen if one considers the
rows of matrix X?, where at each update step only local information is required for agent i to
perform the following update:

N N
X§+2 = Xl; + Z win§»+1 - Z IDZ']'XE» -« (sz(xf+1) - Vfl(Xt)) . (510)
J=0 J

The global update step can be derived by considering two DGD updates one time step apart

X2 = WX — oV (X, (5.11)
X = WX — aVf(X), (5.12)
where Wi I
W = ; : (5.13)
and taking their difference:
X2 - X = WX - WX — o (VX - V(X)) (5.14)

The algorithm needs to satisfy two conditions in order to solve problem (5.1). If there exists a
limit point of the generated sequence of update (5.14), that is,

X* = lim X, (5.15)
then X* should

1. be in consensus, i.e., X* = WX*

2. be an optimal point such that 1TV f(X*) = 0.

Letting t — oo we have:

X* — X* = WX* - WX* — a(Vf(X*) - V(X))

~ W-1
:>(W—W)X*:O:>< 5 )X*:O
= WX* = X*.

Thus, the first condition is satisfied.
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For the optimality condition, we sum up k updates:

k k k k
th-i-Q _ Xt+1 _ wat-‘rl _ ZVNVXt o az (Vf(Xt+1) _ Vf(Xt))
t=0 t=0 t=0 t=0
k k
— xk2 _x! = ZWXtH _ wat —a (Vf(Xk+l) _ Vf(X0)>
t=0 t=0
k
— X2 =3 (W - W)X+ WXM - WX+ WX — oV (XM
t=1
k
— XM =3 (W - W)X + WX — v f(XFH),
t=0

where we applied telescopic summation and substituted X! with WX% — aV f(X%). Taking

k — oo, we get:
[e.9]

X* =) (W-W)X" + WX* — aVf(X*)
t=0

— i(w ~ W)X! = aVf(X*).
t=0

Left multiplying by 1T, we have:
> 1T(W - W)X = al TV f(X*).
t=0

Thus, 1TV f(X*) = 0 is satisfied if 1T(W — W) = 0, which holds since W, and by extension
W, are doubly stochastic.

As was shown, equation (5.14) can be rewritten as

t
Xt+2 _ Wxt+1 o avf(Xt+1) + Z(W o W)Xt . (516)
t=0

DGD update

correction term

Thus, the update of EXTRA is simply the update of DGD with a cumulative correction term.
This correction term is what alleviates the problem that pure DGD had, preventing it from
asymptotically reaching consensus.

The optimal step size for smooth objective functions is
a=— (5.17)

which, importantly, does not depend on the properties of the network or the mixing matrix.
Albeit using a constant step size, exact convergence is achieved at a rate of O(1/t) [Shi+15b].

For strongly convex objective functions, i.e. Assumption 3 holds, when using a stepsize that
satisfies

240 Amin (W
< Wiw, (5.18)
Ly

the algorithm converges with rate O((1 + 8)~") for some 6 > 0 [Shi+15b|.
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5.1.4 Accelerated Dual Algorithm

The distributed optimization problem (5.1) can be rewritten as

X RN xp
subject to VWX =0,

1 N
minimize  f(X) = N Z Jfi(xq) (5.19)
i=1

where only the consensus constraint differs. More specifically, we take W to be a mixing matrix
which satisfies ker(W) = span(1), with its square root is defined as vW = VT2V, where
W = VXV is the singular value decomposition of W. Consensus is achieved when this matrix
and the estimates X satisfy VWX = 0. Then, the columns of X will be constant, where column
j contains the j-th element of each agent’s estimate.

This convex problem is equivalent to its dual formulation:

imize - F{(VTTA).
maximize —f*(VWA) (5.20)

where f* is the Fenchel conjugate of f.

To see why these problems are equivalent we begin by splitting the objective and constraints to
separate functions of different variables we have

minimize f(X) + g(Z
iy (X) +9(2) (5.21)
subject to VWX —Z =0,
where g is the indicator function of 0, do(+).

Consider the Largrangian of the above problem, with dual variable A,

L(X,Z; A) = f(X) + 9(Z) — (A, VWX - Z)

- (5.22)
=fX)+9(Z) - (VW A, X)+ (A, Z).
To obtain the dual function, we minimize the Lagrangian w.r.t. X and Z:
min L(X, Z; A) = min{f(X) - (VW A, X)} + min{g(Z) - (~A,Z)}
X2z o z (5.23)
= F(VW A) +g°(-A).
Thus, the dual problem is the maximization of (5.23) w.r.t. A:
max/ixmize —f*(\/WTA) —g*"(—A). (5.24)

Since g is the indicator function of 0, and the conjugate of the indicator function is its support
function [Becl7|, we have for the support function of 0 that:

oo(x) = max(x,y) =0, (5.25)

thus ¢* = 0, and (5.24) is equal to (5.20).
Dual problems can be solved via dual ascent. As such, the update step for problem (5.20) is

AL = Al — VW -V (VWAD). (5.26)
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Introducing the change of variable Y! = vWA! and multiplying both sides of (5.26) by v'W,
the update can be written as

Y =Y — oW - V(Y. (5.27)

One interpretation of equation (5.27) is that the agents gossip the gradients of their local con-
jugate functions Vff(y!). Combining this update with Nesterov acceleration, gives rise to the
single-step Dual Accelerated (SSDA) method proposed in [Sca+17].

Algorithm 10 Single-Step Dual Accelerated (SSDA) [Sca+17]

assertion: Assumptions 2 and 3 hold, W symmetric, positive semi-definite, and ker(W) =
span(1)
initialization: set X? =0, y? =0fori=1,...,N
for t = 0 — max_iters do
Xt Vfr(yl), fori=1,...,N
Ot Yt — aWX!
Yitl (1 + ﬂ)®t+1 _ ﬁGt
end for

Algorithm 10 uses stepsize

(5.28)

and momentum

g= VR—VT (5.29)

where the constants are described in Theorem 5.2 below.

The mixing matrix W is required to be positive semi-definite, symmetric and have ker(W) =
span(1). An easy choice is the Laplacian matrix, L = D — A, where D is the degree matrix and
A the adjacency matrix of graph G, that is,

deg(v;), ifi=j,

0, otherwise.

It is easy to see that the rows (and columns) of L sum to 0, and that the matrix is symmetric.
It is known that the Laplacian matrix can be rewritten as L = BTB, where B is the oriented
incidence matrix whose elements are:

—1, if edge e; leaves vertex v;
bij = ¢ 1, if edge e; enters vertex v; (5.31)

0, otherwise.

Thus, we have that L is positive semi-definite, since x'Lx = x' B'"Bx = (Bx)'(Bx) =
IBx|3 > 0.

Moreover, for any vector v = ¢- 1, we have that the i-th element of Lv is equal to

N N
Z lijvj =C- Z lij == O, (532)
=1 i=1

satisfying the null-space condition.
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The gradient of the conjugate function is computed as [Becl7|
Vi (y) = argmax {{y, x) — f(x)}. (5.33)

Therefore, each of the update steps for each agent in the SSDA algorithm is itself a maximization
problem. Given the demanding update step, this algorithm is suitable in settings where the
communication is slower, such that there is enough time between sharing the estimates and
calculating them.

In some simple but important cases, like, for example, Linear Regression via Least Squares, the
solution of the maximization problem in (5.33) can be computed in closed form, significantly
reducing the computational cost at each iteration of the algorithm.

In spite of the high computational load of the SSDA algorithm, it enjoys an almost optimal
convergence rate compared to the lower bound for decentralized algorithms, provided in [Sca+17].

Theorem 5.2 (convergence lower bound for decentralized methods). For the minimiza-
tion of the sum of a set of strongly convex and smooth functions f;, i = 1,..., N, and for any
decentralized black-box procedure using mizing matriz W, the time needed to reach precision € > 0

1s lower bounded by
T 1
Q 1+—)In(—-)|. 5.34
(0 5)m ) 634

The mixzing matriz has eigengap v, the relative communication time is T, and the local condition
number is defined as k; = I;fl’l‘ziz, where L; and u; are the smoothness and strong convexity
constants of f;.

This theorem states that any decentralized optimization algorithm will require at least /k; ln(%)
gradient computations, and % In (%) communications each taking time 7. Indeed, the number

of gradient computations required are the same as any optimal centralized algorithm. The
communication rounds scale inversely with the eigengap of the mixing matrix, which on simple
networks is known to be closely related to the diameter of the network (A = \%) [Sca+17].

The time needed for Algorithm 10 to achieve precision e is

0 <(1 +7) %m (1)) , (5.35)

where the constants are as in Theorem 5.2.

An algorithm that provides performance closer to the optimal bound of Theorem 5.2 is the
Multi-Step Dual Accelerated method (Algorithm 11). It is virtually the same as SSDA, however,
multiple consensus communication rounds are performed for every local computation of the
gradient. Thus, it is only applicable when the gradient computation takes much more time than
one communication round (7 < 1).

Chebyshev acceleration is applied to iteratively produce an alternative mixing matrix Py (W) in
K steps, that has a larger eigengap and is thus faster to reach consensus. Here, Px (W) is itself
a mixing matrix, a polynomial of degree at most K, produced via the iterative procedure:

_ TK(CQ(l - a;))
Ti(c2)

The Chebyshev polynomials with Tp(x) = 1 and 7' (z) = z, are defined as

Pr(z) =1 (5.36)

Tit1(z) = 22T (x) — Th—1(2). (5.37)
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Algorithm 11 Multi-Step Dual Accelerated (MSDA) [Sca+17]
assertion: Assumptions 2 and 3 hold, W symmetric, positive semi-definite, and ker(W) =
span(1)
initialization: set x? =0, y? =0fori=1,...,N
for t = 0 — max_ iters do

xt Vfr(yl), fori=1,...,N
O « Y* — a- ACCELERATEDGOsSIP(X, W, K)
Yit+l (1 +B)®t+1 _ 5@7&
end for
procedure ACCELERATEDGOSSIP(X, W, K)
apg 1, a1 < co
X9 ¢ X, X! ¢ (T — c3sW)XO
for k=1— K do
Afy1 ¢ 202a) — agp—
Xkt 262(1 — CgW)Xk — Xk
end for
return X° — X*/ax
end procedure

The values of the common parameters of MSDA differ from SSDA, the latter requiring some
additional parameters for the accelerated gossip sub-routine.

(max; ;) (1 + 2¢25) (1+cf)y/r—1+cl 11—~

_ ) o

B NS B M EaVC
1- 2 1

© iy s <)

The time needed for Algorithm 11 to achieve precision ¢ is
0<,ﬁ<1+ : >1 <1>> (5.39)
Kl — |JIn{-)). .
Vi) e

5.2 Distributed Constrained Optimization

For problems of the form (5.1) that additionally have some constraints on the optimization
variables, we turn to constrained optimization. There are two kinds of distributed constrained
optimization problems, those with local, and those with global constraints.

For the case of local constraints, each agent ¢ requires that x; € C;, where C; is a closed and convex
set of constraints. After convergence, all local variables should, therefore, satisfy x; € ﬂfil C;.
With global constraints, however, each agent shares a common set of constraints C, such that
Cl' Z:C, VZ:L,N

Definition 5.3 (distributed constrained optimization problem). The minimization of the sum of
N objective functions while simultaneously aligning the N minimization variables to be equal and
belong to the intersection of the constraints, is a distributed constrained optimization problem,
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defined as
1 N
minimize X) = — (X
jminimize  f(X) = ;m i) 510
subject to x; = X9 =--- =Xy,

Xieﬂf’\ilci, Vi=1,...,N.

The N agents, connected by a communication network represented by a graph G = {[N],E},
each have their own objective function f;: R™ — R, constraint set C;, and minimization variable
x; € R™.

5.2.1 Distributed Projected Gradient Descent

Adapting the distributed gradient descent method (Algorithm 8) to facilitate constrained opti-
mization looks very similar to the centralized Projected Gradient Descent methods (Algorithm
5). After the gradient descent step, each agent i projects its optimization variable x; onto its
constraint set C;, via the orthogonal projection mapping (2.10).

Algorithm 12 Distributed Projected Gradient Descent

assertion: Assumption 1 holds, ﬂf\; 1 C; is non-empty, closed, and convex
initialization: arbitrarily choose X? ceRPfori=1,...,N
for t = 0 — max_iters do

for each agent ¢ do

vf“ « Z;.\Ll win§' > consensus
xt P, (VEJrl — oV fi(vf“)) > gradient descent & projection
end for
end for

5.2.2 PG-EXTRA

An exact algorithm for constrained optimization is PG-EXTRA, which is an adaptation of Al-
gorithm 9 that can handle composite problems (3.28). The algorithm first performs the same
update as regular EXTRA, involving the gradient and mixing step, followed by a proximal term
to the non-smooth function g.

Algorithm 13 PG-EXTRA [Shi+15a]

assertion: Assumptions 1 and 2 hold, W = %
initialization: arbitrarily choose x? eRPfori=1,...,N
for each agent i do

z] — Zjvzl wijxg —aVfi(x))

X; ¢ prox,, (z;)
end for
for t = 0 — max_ iters do

for each agent 7 do

2 = SO w2l = O g+ a (VT = Vi)

] (A
t+2 t+2
X i)

< prox,,(z
end for
end for
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The proximal mapping of an indicator function of a set, is equal to the orthogonal projection
onto that set:

. 1 .
prox;, (x) = argmin {5C(Y) +5lly - x|%} = argnin [ly x|} = o). (541)
y ye

This allows the use of PG-EXTRA for distributed constrained optimization (5.40), by simply
letting g; be dc,, for each agent i.
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Chapter 6

Distributed Optimization Problems

This chapter defines the optimization problems we will solve in a distributed fashion in the
experiments that follow.

convexity smoothness problem
C X LS fat + Iy
C v LS fat, LR
SC X LS tall 4+ I3, SVM
SC v LS tall (+ lg), LS fat + Iy, LR + I

Table 6.1: Distributed optimization problems of different function classes.

6.1 Linear Regression via Least Squares

A set of N agents, each one having access to its own regressors A; and target variables b;, aim
to estimate the value of the parameter vector x which best fits the following system of linear
equations

b; = A;x + €, (61)

where € is the measurements noise.

This Linear Regression problem can be solved via ordinary Least Squares. If the noise is normally
distributed, then the Maximum Likelihood estimate of x is computed via the ordinary Least
Squares.

We can express the above distributed problem in the form of (5.1) as

1 Y 1L
minimize Z; filxi) = Z; 5l A — b3 6.2)
subject to x; =X =--- =Xy,

where x; € RP, A; € R%*P b, ¢ R™,

Each subproblem, itself a Linear Regression problem and defined by the agent’s private objective
function f;, has some important properties:

e (quadratic form) The objective function can be re-written in the standard quadratic
form,

1
qi(x) = §XTPZ‘X + VZ—X + ¢, (6.3)
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as:
1 1
S llAx — bill3 = 5 (Aix — b;) ' (Aix — b;)
1 1
= §XT AJA;x —b] A;x + §||bl-||%.
s e g

(6.4)

e (gradient) Differentiating a quadratic function w.r.t. x amounts to:
l T T
Vx 5X Px+v,x+c¢ | =Pix+v, (6.5)

Thus, the gradient of f; at a point x can be computed as

Vix)=A]Ax—Ab;=A] (A;x —b,). (6.6)

e (convexity) By Example 5.19 [Becl7|, we have that quadratic functions are strongly con-
vex, with g = Apin(P). Therefore, if A; is a skinny/tall matrix, i.e. m > p, with linearly
independent columns, then f; is strongly convex with parameter

i = Amin (AT A (6.7)

Otherwise, the system of equations is underdetermined and the above quantity is 0, thus,
the objective function is not strongly convex.

e (smoothness) By Example 5.2 [Becl7|, we have that quadratic functions are smooth with
a Lipschitz constant of L = ||P||22 = omax(P). Hence, f; is smooth with

L; = O'max(AZTAi)‘ (68)

For each agent, we first generate the matrix of regressors, where each of the m rows is distributed
according to NV (0,I,). We additionally generate the true optimal value of x, ~ N(0,1I,), which
is to be estimated, and is necessarily common to all agents. Using these, we generate the target
variables as b; = A;x, + €, with € ~ N(0,0%L,,).

6.2 Logistic Regression

A set of N agents, each one having collected n; pairs of data pairs (x;,y;), where x; € RP and
y € {0,1}. We assume that there exists an optimal hyperplane

HW*,b* = {X* 6 Rp | WIX = b*} 9 (69)

such that

(6.10)

o 1, ifWIxj—b*>O,
Yi= 0, otherwise.

If the data are linearly separable, the optimal hyperplane can be used to correctly classify each
data sample to its class (0 or 1). In the case of non-separable data, the optimal hyperplane is
one which makes the least amount of misclassifications.

Our goal is to estimate the parameters of the optimal hyperplane, such that all samples from all
agents are correctly classified. To aid that goal, we re-parametrize the hyperplane by defining
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0 = (b, w), which additionally requires us to augment each data point x; by adding a —1 in its
first element. Using the logistic function, we define:

1

When 0"x > 0, then hg ~ 1, when ' x < 0, then hg ~ 0.
Thus, we can define the loss function of each agent i as:
1 &
fi(8) = —— > yjloghe(x;) + (1 — ;) log(1 — he(x;)), (6.12)
1 le
which can be re-written as
1 1 & -
[i0) =~ yX0 + - leog (0 xj> , (6.13)
=
where X = [x1,X2, -+ ,Xp,| € R"*P y = [y1,y2, -+ ,Yn,] € R™, for all agents i.
The distributed Logistic Regression problem is then
1
minimize Zl fi(6:) (6.14)
1=
subject to 61 =09 =--- =0y,
Each function f; satisfies some important properties:
e (gradient) The gradient of f; at a point 6 is given by
1
V/i(0) = —X(he(X") —y). (6.15)
7
e (Hessian) The Hessian of f; is
1 &
V2fi(0) = ~ > ho(x;)(1 — ho(x;))x,%; . (6.16)
(2 j:1
Note that 0 < hg(x;)(1 — hg(x;)) < %, therefore
1
0 < V2£i(0) < ZXXT. (6.17)

(convexity) Since V2f;(@) > 0, then f; is convex. If we further add, the common Io
regularizer, as

A
16z, (6.13)

then the function becomes A-strongly convex.

(smoothness) Since V2f;(0) < iXXT, then %jXXT is an upper bound on the Lipschitz
constant of f;. Thus, f; is L-smooth with L = ZXXT.

We generate the, common and hidden, optimal hyperplane parameters as w, ~ AN(0,I) and
by ~ N(0,1). Then, from a randomly selected point that lies on the generated hyperplane,
we translate each x; ~ N(0,01) by either +w, depending on its label y;. Since wy, is a vector
orthogonal to the hyperplane, points from one class will be on one side, and points from the other
class on the other side of the hyperplane. By changing o, we can control how much overlap, if
any, there is between points of the two classes, determining if they are lineary separable, or not.
The above scheme is repeated for all agents with the same generated hyperplane, for consistency.
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6.3 LASSO

The Least Absolute Shrinkage and Selection Operator is essentially a Least Squares Linear Re-
gression problem with an [y regularizer.

N N
.. 1 1 1
minimize N ;fz(xl) =N Zzl §||Aixl- — bZH% + Allxil)1 (6.19)
subject to x; =x9 = - = Xy.

Regularization in the form of A||x|[; is known to promote sparsity (few non-zero elements) on
the optimization parameter x. It is used in place of the [y pseudo-norm, which measures the
number of non-zero elements of x.

Assuming that the optimal value is also sparse, LASSO can be used to estimate x with much
fewer rows of data from the matrix A.

When the number of rows m (i.e. number of samples) is less than the dimension of x, the system
of equations is underdetermined and therefore the loss function is not strongly convex, but convex
nonetheless. In addition, the /1 norm is non-smooth, making the objective function as a whole,
non-smooth as well.

We generate the data for each agent exactly as in the Least Squares case, however the common
optimal value x, is generated with few non-zero elements.
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Chapter 7

Numerical Experiments

We investigate the performance of the algorithms presented in Chapter 6. To that end, we will,
in general, illustrate the convergence to the optimal point via two quantities over the duration
of the algorithm (in steps): (a) the iterate residual and (b) the objective residual. As we will
often compare these distributed algorithms to their centralized counterparts, different notions of
residuals are required.

We define the relative parameter residual at time t as the distance between the current iterate and
the optimal point, normalized by the magnitude of the optimal point. Thus, for the centralized
case, we have

rpr (7.1)
[[2*]2
As for the distributed case, we have
r_ IXE = XA||p
rprt = ————— (7.2)
1X*|r

which is, in addition, a metric of the disagreement between the agents’ estimates.

The objective function residual at time t is defined as the difference of the value of f at the
current estimate with the optimal value of f. For the centralized case we have

oft’ := f(x') — f*. (7.3)

For the distributed case, it is the empirical average of the values of each agent’s f; at its respective

X;, and is defined as
oft' := f(X') — f*, (7.4)

where the global function f is defined in (5.1).

Note, that when the optimal point x* is not known beforehand, we solve the problem via the
cvxpy library [DB16] and use its estimate instead.

7.1 Random Network Generation
For all experiments that will follow, we generate an undirected connected graph and a mixing
matrix that is doubly stochastic and symmetric (Assumption 1).

We generate random Erdés—Rényi graphs, with the probability of an edge existing between any
two vertices set to p = 0.2. We repeat until a connected graph is generated.

There are many ways of choosing the mixing matrix W in a decentralized fashion [Shi-+15b], each
with its own advantages and disadvantages. We chose the Metropolis-Hastings weights [XBKO07|
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for their ease of implementation:

Qmax%di,dlj}’ i 7& jv 7’7] € ga
0, iFji,jEE,

where d; is the degree of agent /vertex i, and N is the set of its neighbors. Importantly, this choice
of mixing matrix satisfies Assumption 1, as it is symmetric and each row (and each column) sums
to 1.
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7.2 Non-Smooth Problems

We solve the distributed non-smooth convex problem of LASSO (6.19), i.e., Linear Regression
via Least Squares with [; regularization. The optimal parameter vector x* is sparse, and the
system of equations is underdetermined, as is often assumed in the compressed sensing setting.

Note that problems with [; regularization belong to a subclass of non-smooth problems, and
are easier to solve than other non-smooth problems, mainly due to our ability to compute the
proximal mapping of the [; norm.

We compare the following algorithms for the solution of the non-smooth problem:

Centralized Subgradient Descent (Algorithm 1) with
1

RS R o
e ISTA (Algorithm 6).
e Distributed Subgradient Descent (Algorithm 8) with

s = L , (7.7)

T VEH T VD
e PG-EXTRA (Algorithm 13) with
2 min(W
a= i\naxi(Li)’ (7.8)

where Apin denotes the smallest eigenvalue, and L; is the smoothness parameter of f;.

For both ISTA and PG-EXTRA, we let g(x) = A||x!|;. ISTA (iterative shrinkage-thresholding

algorithm) [Bec17], is the name given to Proximal Gradient Descent for /; regularized problems.
The proximal mapping (2.12) of the /;-norm has a closed-form solution [Bec17]

proax)., (x) = [[[x[| = A+ - sgn(x). (7.9)

Note that, for both centralized and decentralized GD, the stepsizes satisfy Equations (5.3), and
the gradients are actually subgradients, due to the non-differentiability of the objectives.

The convergence of these algorithms is illustrated in Figure 7.1 for the LASSO problem with
N = 10 agents (network structure as in Section 7.1), parameter dimension of p = 100, and
n; = 5 data examples per agent (n = 50 total). Data generation is described in Section 6.3, more
specifically, we set 0. = 1073, and A = 10~? for all agents. Additionally, we set s, the number of
non-zero elements of x*, equal to 5% of its total size, and the total number of data points m is
given by m Z, 2slog(p) < p.

Both the centralized and decentralized versions of Gradient Descent struggle with this problem,
with convergence appearing to slow down to a halt. The proximal methods however, readily
solve the problem, due to the proximal mapping to the /1 norm. Although PG-EXTRA is slower
than its centralized counterpart, ISTA, it behaves very similarly, that is, being slow to converge
at the start, then making rapid progress to the exact solution.
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Figure 7.1: GD vs ISTA vs DGD vs PG-EXTRA for non-smooth objective (LASSO). N = 10,
p =100, n; =5 (n = 50), o = 1073, A = 1072
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7.3 Smooth Problems

We consider two types of distributed smooth convex problems:

e Linear Regression via Least Squares (6.2), without regularization, where the system of
equations is underdetermined (the global system is overdetermined however) and noisy.

e Logistic Regression (6.14) without regularization, for non-separable data.

Smooth convex problems facilitate the use of accelerated algorithms, as well as allowing the
stepsizes to be constant (inversely proportional to the smoothness parameter L). To that end,
we compare the following algorithms:

o Centralized Gradient Descent (Algorithm 1) with

o = % (7.10)
o Centralized Nesterov Accelerated Gradient Descent NSC (Algorithm 4)
e Distributed Gradient Descent (Algorithm 8) with
o = miL (7.11)
e EXTRA (Algorithm 9) with ,
= T (7.12)

The stepsizes of these distributed algorithms require the agents to compute max; L;, where L;
the smoothness parameter of agent ¢. Thus, a maximum consensus algorithm needs to be run,
whereby each agent updates their estimate of max; L; by taking the maximum of its neighbors’
estimates.

Accelerated optimization methods tend to exhibit greater performance gains, when compared
to their non-accelerated counterparts, for harder problems, i.e., problems with large condition
number (x = L/p). Since, however, these problems are not strongly convex (u = 0), we use the
number of available data points as a proxy to the condition number, where more data would
correspond to a smaller condition number.

In order to test the speedup for harder problems, we solve each of the two problems twice, where
the second we significantly decrease the amount of data points.

For Linear Regression we generate data as shown in Section 6.1 (0. = 1073), we have N = 10
agents (network structure as in Section 7.1), parameter dimension of p = 100. We use n; = 20
and n; = 11 data examples per agent (n = 200 and n = 110 total) for the experiments in Figure
7.2 and Figure 7.3 respectively.

For Logistic Regression we generate data as shown in Section 6.2, we have N = 10 agents (network
structure as in Section 7.1), parameter dimension of p = 10 (p = 11 via augmentation). We use
n; = 10 and n; = 5 data examples per agent (n = 100 and n = 50 total) for the experiments in
Figure 7.4 and Figure 7.5 respectively.



7.3. Smooth Problems 41

First, for the centralized algorithms, it is evident that NGD provides a speedup compared to
GD for the harder problems, as expected. DGDs performance plateaus early on, especially for
the harder problem of Logistic Regression. It reaches only a neighborhood of the solution, as
predicted by the theory. Lastly, EXTRA achieves exact convergence, albeit being slightly slower
than both of the centralized algorithms.
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Figure 7.2: GD vs NGD vs DGD vs EXTRA for smooth objective (Linear Regression) with
many data examples. N = 10, p = 100, n; = 20 (n = 200), 0. = 1073, A = 0.
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Figure 7.3: GD vs NGD vs DGD vs EXTRA for smooth objective (Linear Regression) with few
data examples. N = 10, p = 100, n; = 10 (n = 110), o, = 1073, A = 0.
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Figure 7.4: GD vs NGD vs DGD vs EXTRA for smooth objective (Logistic Regression) with
many data examples. N = 10, p = 10, n; = 10 (n = 100), A = 0.
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Figure 7.5: GD vs NGD vs DGD vs EXTRA for smooth objective (Logistic Regression) with
few data examples. N =10, p =10, n; =5 (n =50), A = 0.
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7.4 Strongly Convex and Smooth Problems

We consider two types of distributed strongly convex and smooth problems:

e Linear Regression via Least Squares (6.2), with Iy regularization, where the system of
equations is underdetermined (the global system is overdetermined however) and noisy.

e Logistic Regression (6.14) with lp regularization, for separable data. Some form of regu-
larization is required, for non-separable data, since the objective can be unbounded from
below without it.

To that end, we compare the following algorithms:

e Centralized Gradient Descent (Algorithm 1) with
2
== (7.13)

Centralized Nesterov Accelerated Gradient Descent (Algorithm 3)

e Distributed Gradient Descent (Algorithm 8) with
2
= . 7.14
at max; L; + min; p; ( )
e EXTRA (Algorithm 9) with
1
= 1
A max; L; (7.15)

SSDA (Algorithm 10).

SSDA uses the gradient of the conjugate function, which requires us to solve the maximization
problem (5.33). For Logistic Regression we solve this problem via the cvxpy library [DB16].
However, for Linear Regression we can find a closed for solution to the problem. Problem (5.33)
will achieve its maximum value when its gradient is 0, i.e.,

y—Vf(x)=0 = y— (AT(AX—b)—i—)\X) =0
— y+A'b—(ATA+ADx =0 (7.16)
= x=(ATA+ )Yy +ATb).

Therefore, we have
Viiy) = (ATA+ )1 (ATb +y). (7.17)

In contrast to the previous experiments of smooth problems, here we use the standard form
of NGD, a larger step of DGD, and the dual algorithm SSDA. These distributed algorithms
require a maximum,/minimum consensus algorithm (described in Section 7.3) to be run for the
computation of max; L; and min; u;, respectively.

We solve each of the two problems twice, the second time with a smaller regularization parameter
A. Since the strong convexity parameter is equal to the regularization parameter, smaller values
lead to a larger condition number (k = L/u), and thus a harder problem to solve.
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For Linear Regression we generate data as shown in Section 6.1 (0. = 1073), we have N = 10
agents (network structure as in Section 7.1), parameter dimension of p = 100, n; = 11 data
examples per agent (n = 110 total). We use A = 107! and A = 1073 for the experiments in
Figure 7.6 and Figure 7.7 respectively.

For Logistic Regression we generate data as shown in Section 6.2, we have N = 10 agents (network
structure as in Section 7.1), parameter dimension of p = 10 (p = 11 via augmentation), n; = 5
data examples per agent (n = 50 total). We use A = 10~! and A = 1073 for the experiments in
Figure 7.8 and Figure 7.9 respectively.

The results here are similar to the experiments for the smooth problems in Section 7.3. NGD
is generally much faster that the non-accelerated GD, especially for smaller A values in the
harder Logistic Regression problem. DGD converges to a neighborhood of the solution, and
then plateaus. Interestingly, for the harder problems EXTRA is closer to centralized GD, both,
however, being much slower than centralized NGD. Lastly, SSDA is able to either match or exceed
the performance of centralized GD (and by extension EXTRA), despite being fully decentralized.
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Figure 7.6: GD vs NGD vs DGD vs EXTRA vs SSDA for strongly convex & smooth objective
(Linear Regression). N = 10, p = 100, n; = 11 (n = 110), 0. = 1073, A = 101,
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Figure 7.7: GD vs NGD vs DGD vs EXTRA vs SSDA for strongly convex & smooth objective

(Linear Regression). N = 10, p = 100, n; = 11 (n = 110), o = 1073, A = 1073.
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Figure 7.8: GD vs NGD vs DGD vs EXTRA vs SSDA for strongly convex & smooth objective

(Logistic Regression). N =10, p = 10, n; =5 (n = 50), A = 107L.
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Figure 7.9: GD vs NGD vs DGD vs EXTRA vs SSDA for strongly convex & smooth objective
(Logistic Regression). N =10, p = 10, n; =5 (n = 50), A = 1073.



7.5. Communication vs Computation tradeoff for Dual Algorithms 52

7.5 Communication vs Computation tradeoff for Dual
Algorithms

We examine the performance of SSDA (Algorithm 10) and MSDA (Algorithm 11), comparing
their performance w.r.t. the number of gradient computations and the number of communication
rounds between the agents. The same problems as in Section 7.4 are solved. More specifically,
we employ the two dual algorithms to solve the hard version (smaller regularization parameter
A, larger condition number) of both Linear and Logistic Regression.

Figures 7.10 and 7.11 show the performance of the dual algorithms for the distributed Linear
Regression problem, and Figures 7.12 and 7.13 for the Logistic Regression problem. Both prob-
lems have their parameters as in Section 7.4, for the case of A = 1073, For reference, the amount
of additional communication rounds K was 4 for these experiments.

In terms of the number of gradient computations, MSDA is much faster to converge than SSDA.
Interestingly, when comparing the number of communication rounds, both algorithms seem to be
very similar. Thus, one can readily use MSDA instead of SSDA, provided that the communication
costs do not exceed the gradient computation costs.

rprt

ofr!

0 5000

10000 15000 20000

t (communications)

Figure 7.10: SSDA vs MSDA for Linear Regression, over the number of communications. N = 10,
p =100, n; = 11 (n = 110), 0. = 1073, A\ = 1073.
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Figure 7.11: SSDA vs MSDA for Linear Regression, over the number of gradient computations.
N =10, p =100, n; = 11 (n = 110), o = 1073, A = 1073.
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Figure 7.12: SSDA vs MSDA for Logistic Regression, over the number of communications. N =
10, p=10, n; =5 (n = 50), A = 1073.
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Figure 7.13: SSDA vs MSDA for Linear Regression, over the number of gradient computations.
N =10,p=10,n; =5 (n=50), A = 1073.
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7.6 Constrained Problems

We solve the distributed Least Squares problem (6.2) with additional affine constraints (5.40)
on the optimization variable, both local and global.

A set of affine constraints is one such that {x | Ax = b}, with A € R™*P and b € R™, where m
is the number of constraints. It is important to note that for an optimization variable in R? the
number of total affine constraints, m, can be at most equal to p. That is because the intersection
of the set of constraints represented by the rows of A, {x | a/x = b;}, would be empty, given
that all rows/constraints are distinct.

We generate the rows of the constraint matrix A as a; ~ N(0,I,). Then, using the optimal value
X, (common to all agents, and hidden), we set b = Ax™. Since the rows of A are independent,
the intersection of all constraints is non-empty with probability 1. In the case of local constraints,
we repeat this scheme for each agent separately.

We compare the centralized Projected Gradient Descent method (Algorithm 5), with the Dis-
tributed Projected Gradient Descent (Algorithm 12) and PG-EXTRA (Algorithm 13). All three
algorithms make use of the projection operator onto the affine set after taking the gradient
descent step. For affine sets the orthogonal projection can be calculated by [Becl7]:

Pra_py () =x — AT (AAT>_1 (Ax—b). (7.18)

We first run experiments for an increasing amount of global constraints. Then, we repeat the
experiments for local constraints, while keeping the rest unchanged.

Figure 7.14 illustrates experiments for Linear Regression with global affine constraints. We
generate data as shown in Section 6.1 (0. = 1073), we have N = 10 agents (network structure
as in Section 7.1), parameter dimension of p = 50, n; = 25 data examples per agent (n = 250
total), and m; = 10/30/50 constraints per agent (m = 10/30/50 total).

Figure 7.15 depicts experiments with the same parameters as before, except here the constraints
are local to each agent with m; = 1/3/5 constraints per agent (m = 10/30/50 total).

When the constraints are global DPGD, as expected does not achieve exact convergence, while
PG-EXTRA does so with ease. As the number of constraints grow the problem seems to only
be easier. Specifically, for the case when the number of constraints is equal to the dimension of
the parameter, all algorithms require only a single iteration to find the exact solution, as only
one exists.

For local constraints, the inverse seems to apply. DPGD, again does not converge, and PG-
EXTRA slows down considerably as the number of total constraints grow. In fact, when the
number of total constraints are equal to the dimension of x (m = n), PG-EXTRA reaches only
a neighborhood of the solution, although, with higher accuracy than DPGD.

It is much harder to achieve consensus, and thus convergence to the solution, when the agents
each have many private constraints.
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Figure 7.14: PGD vs DPGD vs PG-EXTRA for Linear Regression with global affine constraints.
N =10, p =50, n; = 25 (n = 250), 0. = 1073,
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Figure 7.15: PGD vs DPGD vs PG-EXTRA for Linear Regression with local affine constraints.
N =10, p = 50, n; = 25 (n = 250), 0. = 1073,
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Conclusions and Future Work

In this thesis, we initially focused on demonstrating how the combination of gradient descent
methods with the consensus algorithm leads to decentralized optimization algorithms, capable of
solving distributed optimization problems. The simple Decentralized Gradient Descent method
is not capable of finding the exact solution to the global problem, instead converging to a neigh-
borhood of the solution. Thus, we examined an exact first order method, which can alleviate
this shortcoming. We provided an intuitive explanation for how the method works and why it
is indeed capable of finding the exact solution to an optimization problem in a decentralized
manner.

Next, we took a look at dual algorithms for decentralized optimization. Although computation
of the dual gradient is expensive, especially since it is required at every step of the algorithm, the
single-step dual algorithm provides a near optimal rate of convergence. By performing multiple
consensus communication rounds in between each dual gradient computation, and employing
Chebysev Acceleration on the mixing matrix used by the consensus mechanism, the Multi-Step
Dual algorithm can achieve the optimal rates for any first order decentralized optimization algo-
rithm. Obviously, the communication cost is high, thus requiring the communication time to be
considerably shorter than the time needed for the computation of the dual gradient.

Finally, we shifted to distributed constrained optimization and composite optimization problems.
These problems can be solved via similar methods in both the centralized and decentralized case.
Thus, we examined two decentralized algorithms: Distributed Projected Gradient Descent, which
is the decentralized version of centralized Projected Gradient Descent, and PG-EXTRA, which
is an adaptation of the exact first-order method, EXTRA, for composite (and by extension
constrained) distributed problems.

We experimentally compared a handful of centralized algorithms to the distributed algorithms
mentioned previously. We performed separate experiments for functions of different classes,
namely non-smooth, smooth, and strongly convex functions, as for each class different opti-
mization algorithms are suitable. The claims of inexact convergence for the simple Distributed
Gradient Descent method were supported by multiple experiments, for all functions classes. The
algorithm’s convergence plateaued early on, reaching only a neighborhood of the solution, with
the size of that neighborhood being larger for harder problems, as expected.

The exact first order algorithm EXTRA on the other hand readily solves smooth convex problems.
The smoothness assumption allows the algorithm to use a large and constant stepsize inversely
proportional to the smoothness parameter of the global objective funciton, allowing for fast and
exact convergence to the optimum.

For smooth and strongly convex problems we tested the performance of the dual algorithm SSDA,
where its eficaccy was shown, especially in harder problems (i.e., problems with larger condition
number). For such problems, it surpassed not only the decentralized algorithm EXTRA but also
centralized Gradient Descent.
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Later, comparing the single-step dual algorithm to its multi-step version, we showed the possible
performance gains to be had if the computation of the gradients are expensive. Since with many
communication rounds in between each dual computation the multi-step algorithm surpasses its
single-step counterpart, requiring much fewer gradient computations.

Finally, we performed experiments for the solution of distributed constrained optimization prob-
lems, for both global and local constraints (i.e., private constraints per agents). The Distributed
Projected Gradient Descent method, once again, did not achieve exact convergence, except for
the trivial case where the number of constraints equaled the parameter’s dimension (there exists
only one solution that is easy to find via projection alone). The exact proximal method, PG-
EXTRA, although being able to solve problems with global constraints with ease, also started to
plateau for problems with many local constraints. This case of distributed problem is especially
hard since each agent performs a separate projection to its own constraints, making consensus
harder.

While this thesis focused on decentralized optimization algorithms for time-invariant networks,
a logical next step is to investigate algorithms that can solve distributed optimization problems
where the underlying network is time-varying. That is, not all agents are guaranteed to com-
municate at each time step, or the communications and computations happen asynchronously.
These assumptions are far more realistic, requiring different algorithms that can be applied with
greater ease, in practice.

Another promising direction for future work are accelerated decentralized methods that lessen
the amount of communications required, which can be a potential bottleneck as ML models grow
larger. Algorithms that do not perform multiple communication rounds per gradient computation
would potentially allow for much larger ML models to be trained over a network.

Similarly, methods that incorporate quantization during communication pose an interesting chal-
lenge of ensuring exact convergence while communications are lossy, albeit with some regularity.
Following the theme of large ML models, it is most common to use stochastic gradients to train
such models in the centralized case (or in master-slave environments, which are distributed bot
not decentralized). Decentralized Stochastic Gradient Descent methods are, as such, of great
interest. Combining stochastic methods, with quantized communications, acceleration via mo-
mentum, for time-varying networks, if possible could provide an algorithm that can be used to
train modern ML models in a realistic setting without the burden of expensive communications.

Lastly, all distributed optimization algorithms can, potentially, suffer from information leakage.
That is, some information about the private data that an agent uses to solve their local opti-
mization problem, can be gathered by another malicious agent in the system. Gradient inversion
attacks, their implications on the security of such systems, and more, are being investigated
by the field of Difference Privacy. As such, decentralized algorithms that can ensure that their
original goal, of training ML models without sharing data directly, is achieved securely, are of
great significance.
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