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Abstract—This paper considers convex optimization problems
where nodes of a network have access to summands of a global
objective function. Each of these local objectives is further assumed
to be an average of a finite set of functions. The motivation for
this setup is to solve large scale machine learning problems where
elements of the training set are distributed to multiple computational
elements. The decentralized double stochastic averaging gradient
(DSA) algorithm is proposed as a solution alternative that relies on:
(i) The use of local stochastic averaging gradients instead of local
full gradients. (ii) Determination of descent steps as differences of
consecutive stochastic averaging gradients. The algorithm is shown
to approach the optimal argument at a linear rate. This is in contrast
to all other available methods for distributed stochastic optimization
that converge at sublinear rates. Numerical experiments verify linear
convergence of DSA and illustrate its advantages relative to these
other alternatives.

I. INTRODUCTION

Consider a variable x € RP and a connected network of size
N where each node n has access to a local objective function
fn : R? — R. The local objective function f,(x) is defined as the
average of ¢,, functions f,, ;(x) that can be individually evaluated
at node n. Agents cooperate to solve the global optimization

N N qn
1
X* := argmin E fn(x) = argmin E . E fri(x). (1)
* n=1 * n=1 1" j=1

The formulation in (I) models large scale machine learning
problems where elements of the training set are distributed to
multiple computational elements and xX* represents an optimal
classifier [[1]], [2]. Analogous formulations are also of interest in
decentralized control [3]], [4] and sensor networks [S5]]-[7].

Our interest here is in solving with a method that is dis-
tributed — nodes operate on their local functions and communicate
with neighbors — and stochastic — nodes utilize only one out of
the ¢,, functions f,, ; to determine a descent direction. Distributed
methods germane to this paper are decentralized gradient descent
(DGD) and its variants [8]-[11]], as well as the exact first order
algorithm (EXTRA) [12]. An issue with the former that is solved
by the latter is the lack of linear convergence rate guarantees that
EXTRA achieves by using iterations that rely on information of
two consecutive steps. Stochastic optimization methods related to
the proposal in this paper are stochastic gradient descent [13]]—
[16] and stochastic averaging gradient methods [[17]], [18]]. As in
the case of distributed optimization, the former have sublinear
convergence rates but the latter have linear convergence rates.
They achieve these linear rates by using incremental gradients
to reduce the stochastic gradient noise. This reduction follows
from a memory trade that permits maintaining an average of past
gradients in which only one term is updated per iteration.

The contribution of this paper is to develop the decentralized
double stochastic averaging gradient (DSA) method, a novel
decentralized stochastic algorithm for solving (I). The method
exploits a new interpretation of EXTRA as a saddle point method

(Section and uses stochastic averaging gradients in lieu of
gradients (Section [[II). The proposed method converges linearly
to the optimal argument in expectation (Section [[V). This is in
contrast to all other distributed stochastic methods to solve (IJ)
that converge at sublinear rates. Numerical results verify that
DSA is the only stochastic decentralized algorithm with linear
convergence rate (Section [V)). Proofs of results in this paper are
available in [[19].

II. DECENTRALIZED DOUBLE GRADIENT DESCENT

Consider a connected network that contains N nodes such that
each node n can only communicate with nodes in its neighborhood
N,. Define x,, € RP as a local copy of the variable x that
is kept at node n. In decentralized optimization, nodes try to
minimize their local functions f,(x,) while ensuring that their
local variables x,, coincide with the variables x,,, of all neighbors
m € N,, — which, given that the network is connected, ensures that
the variables x,, of all nodes are the same and renders the problem
equivalent to (I). DGD is a well known method for decentralized
optimization that relies on the introduction of nonnegative weights
w;; > 0 that are not null if and only if m = n or if m € N,.
Letting t € N be a discrete time index and « a given stepsize,
DGD is defined by the recursion

N
G =3 wxt, —aVi(xl),  n=1,....N. (@
m=1

Since wy,,, = 0 when m # n and m ¢ N, it follows from (2)) that
node n updates x,, by performing an average over the variables
x! of its neighbors m € N,, and its own x?,, followed by descent
through the negative local gradient —V f,(x!). If a constant
stepsize is used, DGD iterates x!, approach a neighborhood of
the optimal argument X* of (I) but don’t converge exactly. To
achieve exact convergence diminishing stepsizes are used but the
resulting convergence rate is sublinear [8]].

EXTRA resolves either of these issues by mixing two consec-
utive DGD iterations with different weight matrices and opposite
signs. To be precise, introduce a second set of weights Wy,
with the same properties as the weights w,,,, and define EXTRA
through the recursion

N N

1t t ~ t—1

X, =X, + E WrmXy, — E WrmXyy 3)
m=1 m=1

—a [Via(xh) = Viax, )],

Observe that (@) is well defined for ¢ > 0. For ¢ = 0 we utilize the
regular DGD iteration in (). In the nomenclature of this paper
we say that EXTRA performs a decentralized double gradient
descent step because it operates in decentralized manner while
utilizing a difference of two gradients as descent direction. Minor
modification as it is, the use of this gradient difference in lieu of

n=1,...,N.



simple gradients endows extra with exact linear convergence to
the optimal argument x* [[12].

To understand the rationality behind the EXTRA update, we
define matrices and vectors to rewrite updates in (3)) for different
nodes as a single equation. To do so, define the vector x :=
[x1;...;xn] € RYP which concatenates the local iterates, and
the aggregate function f : RV? — R as

N
)= fulxn)- )

Moreover, Consider the matrices W € RV*N and W e RV*N
formed by components [wy,,,] and [10,,,,], respectively. Define the
matrices Z := W @ I € RVPXNP and Z := W @ I € RVNP*Np
as the Kronecker products of the weight matrices W € RV*N
and W € RV*N by the identity matrix I € RP*?, respectively.
Considering these definitions, we can rewrite the EXTRA’s update
for t > 0 in (3)) as

fx) = fx1,-xn

xt = (14 Z)x! — Zx'™! — o[Vf(x') = V(Y] 65)
and the initial step as
x! = Zx" — aVf(x°). (6)

By summing up the updates in (3)) and (6) from step O to ¢ and
using the telescopic cancellation we obtain that

t

)= (Z (7)

s=0

= Zx' — aVf(x

We introduce a primal-dual 1nterpretat10n of the update in (7) by
defining the sequence of vectors v = 3" _ (Z — Z)'/?x* as the
accumulation of variables dissimilarities in different nodes over
time. Note that if components of the vector x° are equal to each
other, i.e., x{ = --- = X}, the corresponding term of the sum
in the definition of vector v is null, ie. (Z — Z)'/2x* = 0.
Considering the definition of v! we can rewrite as

S NN Q[Vf(xt) i é(l*Z)Xt + 1(22)1/2vt} . (8

o
Further, based on the definition of sequence v! = Zi:o(z —
Z)'/?x* we can write v'*! as

vitl =vt 4 a {1(2 - Z)l/zxt“} . )

o
Consider x as the primal variable and v as the dual variable.
Then, the EXTRA update is equivalent to a saddle point method
with stepsize o for solving the Lagrangian

fx) +

where the the actual Lagrangian is augmented by the quadratic
term (1/2a)x? (I — Z)x. Observe that the optimization problem
with the augmented Lagrangian in (I0) is

m)in f(x)

Observing that null((Z—Z)"/?) = null(Z — Z) = span{1y®1,},
the constraint in (I is equivalent to x; = --- = x. Moreover,
the definition of function f(x) in @) shows that the objectives
of problems and are also identical. Hence, EXTRA is
a saddle point method that solves which is equivalent to
(I). Considering the exact and linear convergence of saddle point
methods, the convergence properties of EXTRA are justified.

L(x,v) = ~vI(Z-7)"*x + iXT(I —Z)x, (10)

1 -
s.t. a(Z—Z)Wx:o. (11)

III. DECENTRALIZED DOUBLE STOCHASTIC AVERAGING
GRADIENT

Recall the definitions of the local functions f,(x,) and the
instantaneous local functions f,, ;(x,,) available at node n. To im-
plement EXTRA as in (3) each node computes the full gradient of
its local objective function V f(xn) = (1/gn) Yimy V fri(%n)
which is computationally expensive when the number of instan-
taneous functions g, is extremely large. To resolve this issue the
local objective gradients can be substituted by their stochastic ap-
proximations. The simplest approach for approximating the local
objective functions gradient V f,,(x,,) = (1/gn) Y12y V fni(%n)
is choosing an instantaneous function fm(xn) randomly and us-
ing its gradient V f,, ;(x,) as an unbiased estimate of the gradient
Vfn(xn) = (1/qn) Y02, V fn,i(%5). To be more precise, define

vector 6 = [0 :... QN] e {1l,....,q1.} x - x{1,...,qn}
as a random vector where each component 0, € {1,...,¢,}
determines the associated instantaneous function f, ¢, (x,) that

node n uses for gradient approximation. To be more precise,
node n in lieu of computing the local function gradient V f,,(x)
for updating the variable x,,, approximates it by Vf, g, (x5).
However, stochastic gradients lead to an algorithm with lower
computation complexity, the noise of gradient approximation
avoids exact convergence with constant stepsize as shown for
stochastic gradient descent in centralized optimization. We study
this observation in Section [V]

To overcome the noise of gradient approximation we use the
idea of unbiased stochastic averaging gradient as introduced in
[18]]. We introduce the auxiliary vectors ¢,, ; € R corresponding
to ¢-th instantaneous function of node n which keeps track of the
iterate x,, for the last step that i-th instantaneous function f, ; is
chosen at node n. To be more precise, if the index identifier at
time ¢ for node n is 0!, =i then the corresponding auxiliary vector
@' . is updated as d)tﬂ = x!, and its corresponding instantaneous
functlon gradient V f,, z(qbn ;) which is stored in a memory is
replaced by Vf, :(x!). All the other auxiliary vectors d) or
j # i and their correspondmg instantaneous gradients remaln
unchanged, i.e. ¢t+1 = ¢nj and Vf,L7](¢>t+1) V fu.i (qﬁmj)
By storing the auxﬂlary variables gradients V fnvl((bt )» we can

define an unbiased estimate of the local gradient V f,, (X;) as

Adn

&l 1=V o (X)) =V frot (D1, 0 )+ Zme br,.). (12)
an i=1

Notice that the stochastic approximation g! is an unbiased esti-
mate of the local gradient V f,,(x%), i.e., E [g! | F'] = V f,(x}).

The proposed stochastic averaging grad1ent in (I12) vanishes
the noise of gradient approximation. To be more precise, as
time progresses the auxiliary variables d)fm- approach to a neigh-
borhood of the optimal variable x*, since they all get updated
over time with a high probability. Therefore, roughly speaking
we can write (;bm ~ x! ~ x*. This property implies that
the stochastlc gradlent in (I2) can be approximated by g =
(1/gn) L Vfni(#),4) = V f(x!,). Therefore, the advantage
of using stochastlc approx1mat10n in (I2) is the fact that the noise
of stochastic gradients is diminishing when the sequence is close
to convergence, while for the naive approximation V f, g (x},)
the noise of stochastic approximation never vanishes.

We introduce Decentralized Double stochastic averaging gradi-
ent (DSA) as a stochastic version of EXTRA that approximates
the local gradients by their stochastic averaging approximations



Algorithm 1 DSA algorithm at node n

Requn'e Vector x and stored gradients V f,, ; (¢°
: fort=0,1,2,... do

) with ¢> %0,

2. Exchange Varlable x!, with neighboring nodes m € N,,.

3:  Choose 6% uniformly random from the set {1,...,qn}.

4:  Compute and store  stochastic averaglng gradient
gi :an,GfL( n) vfn (43 (¢n .0, +*Zv‘fnz nz)

5:  Set qbffelt = x! and store gradient V fn ot (qﬁifel%) in the

table replacmg V fn.0t (q&n n ). Other vectors of the table remain
unchanged, i.e. an](qﬁt'H) V fni (P}, ;) for j # 6y,

6:  Update primal variable x%, as
7. ift=0 the}r\ll

8: xh = Z WomXxit — agh.
9: else
N
10: xiH =xt 4 Z WnmXh — Z Wpmxly ' — [gz - gi;l} .
11:  end if
12: end for

as introduced in @]) The DSA update for t > 0 is given by

X xS s zwnmxt ]
m=1
13)
and the initial step is defined as
N
X, = Z wnmxgn —a gg. (14)
m=1

To write the DSA update for all the nodes in one equation, define
the vector g! := [gl;...; g% ] € RVP which contains all the local
stochastic averaging gradients at step t. Considering this definition
the updates for steps ¢ > 0 in (I3)) can be simplified as

xT = I+2Z)x' - Zx""'—alg' —g"'], 15
and the initial updates in (14)) are equivalent to
x! =7Zx° — ago. (16)

Comparing the DSA updates in (I3) and (I6) with EXTRA steps
in () and (6) shows that DSA is different from EXTRA in using
stochastic averaging gradients g’ in lieu of full gradients V f(x?).
Recall that EXTRA is a saddle point method for solving (TT).
Therefore, DSA is a stochastic saddle point method that solves
problem (T1) where the primal variable x* is updated as

x =xt —ag! — (I- Z)xt — (Z — Z)l/QVt7 17)
and the dual variable v* is updated as
vitl = vl 4 (Z — Z)Y/ %!+ (18)

Notice that the initial primal variable x° € RV? is an arbitrary
vector, while according to the definition v* = S (Z—Z)'/?x*
the initial dual vector is set as v0 = (Z — Z)'/2x°. To implement
DSA we use the update in (T3) instead of using the primal-dual
updates in and (TI8). The latter requires exchange of the
both primal x!, and dual v variables while for the former only
exchange of the primal variables x!, is required.

The DSA algorithm is summanzed in Algorithm |1} The update
of DSA for £ = 0 and ¢ > O are implemented in Steps 8 and 10,
respectively. Steps 8 and 10 require access to the local iterates x¢,

of the neighboring nodes m € N,, which are collected in Step
2. Further, implementation of the DSA update requires stochastic
gradients g!~! and g! which are computed in Step 5 of iterations
t—1 and t, respectively. In Step 3 the index 6, is chosen randomly
to distinguish the instantaneous function f, ot that we use its
gradients at points x! and (bn ot for computing the stochastic
averaging gradient in Step 4. The table of auxiliary variables
gradients is updated in Step 5 by replacing V fn,gfl(dm gf) by
V fn,0t (x},), while the other vectors remain unchanged.

IV. CONVERGENCE ANALYSIS

Our goal here is to show that as time progresses the sequence
of iterates x* approaches the optimal argument x*. In proving this
result for the DSA algorithm we make the following assumptions.

Assumption 1. The wight matrices W and W’ satisfy

(@) If m #n and m ¢ N, then wyy, = Wpm = 0.

(b) W=W7T and W = W7

(¢) null{W — W} = span{1} and null{I — W} D span{1}.
(d) 0<Wand W<W =< (I+W)/2.

Assumption 2. The instantaneous local functions f, ;(x,) are
differentiable and strongly convex with parameter (.

Assumption 3. The instantaneous local functions gradients V f,, ;
are Lipschitz continuous with parameter L,

IV fn,i(a) = 19)

Vi) <L |a—b|| abeRP.

The conditions imposed by Assumption on the entries of
the weight matrices W and w imply that nodes only have access
to the local and neighboring information. Further, we assume
the assigned weights are symmetric for both weight matrices W
and W as mentioned in Assumption [lj[b). Conditions on the
spectral properties of matrices W and W in Assumptions |1
and [1|[d) imply that null{I — W} = span{1} - see Proposmon
2.1 [12]. Assumption 2| implies that the local functions f,,(xy,)
and the global cost function f(x) = 25:1 fn(xy) are strongly
convex with parameter y. Likewise, the Lipschitz continuity of
the local instantaneous gradients V f,, ;(x,) enforces Lipschitz
continuity of the local functions gradients Vf,(x,) and the
aggregate function gradients V f(x).

Define 0 < v and I' < oo as the smallest and largest
eigenvalues of Z, respectively. Likewise, define 7 as the smallest
non-zero eigenvalue of the matrix Z -7 and T as the largest
eigenvalue of Z — Z. Further, define vectors u*,u’ € R>V? and
matrix G € R2VPX2NP a4

* t 7
. |x e |x 12 0
u._M, u._M7 G—[O 1]

The vector u* € R2NP concatenates the optimal primal and
dual variables and the vector u* € R2N? contains primal and
dual iterates at step t. Further, G € R2NPX2NP js a block
diagonal positive definite matrix. We study the convergence prop-
erties of the weighted norm |[u’ — u*||% which is equivalent to
(ut — u*)TG(u! — u*). Our goal is to show that the sequence
[ut —u*||4 converges linearly to null. To do this we show linear
convergence of a Lyapunov function of the sequence |[u’ —u*||%.

(20)



The Lyapunov function is defined as ||u’ — u*||% + cp® where

N dn
pt = Z l:l Z fn,z'(qst,i) _fn(i*)
n=1

In =

qTL

1 o\ (ot <
- — Y V&) (¢ %), @D

n =
and ¢ > 0 is a positive constant. Notice that based on the strong
convexity of the local instantaneous functions f, ;, each term

t < - t oy s .
Fui(@'2) = Fai(®) = Va7 (L, — %) is positive and
as a result the sequence p' defined in (Z1)) is always positive.

To prove linear convergence of the sequence |u’ — u*||% +
cpt we first show an upper bound for the expected error
E [[[u'™ —u*||% | F!] in terms of ||u’ — u*||% and some pa-
rameters that capture the optimality gap.

Lemma 1. Consider the DSA algorithm as defined in (12))-(T8).
Further; recall the definitions of p* in @]) and ut, u*, and G in
(20). 1f Assumptions [I}3] hold true, then for any positive constants
n,p > 0 we can write

E [J[Ju™ — v | F] < Ju’ —u|l& (22)
—E {Hxﬂrl 7Xt||22_a(/,7+p)1 |f_-t} —_9E [”Xt+1 —x* “§+Z_22 |]:t}

B (v = v | ] + 2 oG [ -

where Co = (2u2 /L) — (L/n) — (2(L? — 12))/p.

Likewise, we provide an upper bound for the other part of the
Lyapunov function at time ¢ + 1 which is p’*! in terms of p’
and some parameters that capture optimality gap. This bound is
studied in the following lemma.

Lemma 2. Consider the DSA algorithm as defined in (12)-(I8)
and the definition of p' in @ Further, define qumin and Qmax
as the smallest and largest values for the size of instantaneous
functions at a node, respectively. If Assumptions hold true,
then for all t > 0

1 )pt+L||xt_x*
Gmax 2l]min

Combining the results in Lemmata [T]and 2] we can show that the
expected Lyapunov function E [[lu™ — u*||& + ¢ p'** | F'] is
strictly smaller than its previous value |[u’ — u*||% + ¢ p’.

Theorem 1. Consider the DSA algorithm as defined in (12)-
(T8). Further, recall the definitions of p* in 1) and u', u*, and
G in @20). Moreover, consider the results in and @Q3). If
Assumptions hold true and the stepsize o and the parameter
¢ are chosen properly then there exits 0 < § < 1 such that

< (1=0) (Ju' —u*|[g +cp') .
(24)

1?3

lE[pt“'qu(l_

E [ — (g +ep™ | F']

The conditions on a and ¢, and the explicit expression of
0 are provided in [19]. The inequality in shows that the
expected value of the sequence |[u'™ —u*[|% +cp!™! given the
observations until step ¢ is strictly smaller than the previous iterate
[uf —u*||% +cp’. By taking the expected value with respect to the
initial field E [. | 7°] = E[.] and applying the implied inequality
recursively we obtain that

E[[lu’ —ug +cp] < (1 =08)" (Ju —u’|[g +cp°) . 25

According to (23)), the sequence ||u’ — u*||% + ¢ p' converges
linearly to null in expectation. Notice that the norm [[u’ — u*||%
is equal to [|x" —x*[|Z 4 [[v* —v*||*. Hence, the inequality ||x" —
x*[|2 < [lu’ — u*||& holds. Moreover, the sequence p* is always
non-negative. Considering these two observations the inequality
[x! = x*[|2 < [Ju® — u*[|g; + ¢ p’ holds true. Considering this
inequality and the expression in (23), and observing that the term
[[x* —x*||2 is lower bounded by 7[x" — x*[|*, we can write the
following corollary.

Corollary 1. Consider the DSA algorithm as defined in (T2)-(T8).
Recall the definitions of p’ in (ZI) and u’, u*, and G in (20).
Further, recall v as the smallest eigenvalue of Z.1f Assumptions
hold true, then there exits a constant 0 < § < 1 such that

¢ (lu” — & +cp?) .
ol

Corollary (1| states that E [||x’ — x*||?] linearly converges to
null. Note that the sequence E [[|x’ — x*||?] is not necessarily
decreasing as the sequence E [|[u’ — u*||% + cp'] is.

E [|Ix" —x*[*] < (1-6) (26)

V. NUMERICAL ANALYSIS

We numerically study the performance of the DSA algorithm
for solving a logistic regression problem. Consider ¢ = Zﬁle Gn
training points where each node n has access to g, of them.
The training points at node n are denoted by s,; € RP for

i=1,...,q, with the associated labels l,,; € {—1,1}. The goal
is to solve the logistic regression problem
A N qn
X* = argerﬂrglin §||x||2 + Z Z log {1 + exp(—lmsfix)}, 27
xERP n=1i=1

where the regularization term (\/2)||x||? is added to avoid over-

fitting the training model. The problem in can be written in

the form of (T) by defining the local objective functions f,, as
an

A 2 T
falx) = S| +-§g;log[1-+exp<—unsn¢x>], (28)
and the instantaneous local functions f, ; as

A
fni(x) = 2—N||X||2 + qn log (1 + exp (flm-sgix)) , (29)

for alle =1,...,q,. In our experiments we use a synthetic dataset
where components of the feature vectors s,,; with label [,,; = 1 are
generated from a normal distribution with mean p and standard
deviation o, while the distribution of the sample points with label
ln; = —1is normal with mean —y and standard deviation o_. The
edges between nodes are generated randomly with probability p..
The weight matrix W is generated using the Laplacian matrix L
of the network as W =1 —L/7, where 7 > (1/2)A\pax(L). The
convergence error is defined and computed as e! = ||x* — x*||%.
We set the total number of sample points ¢ = 500, feature vectors
dimension p = 2, regularization parameter A = 10~4, probability
of existence of an edge p. = 0.3, and 7 = (2/3)Amax(L). To
make the dataset not linearly separable we set the mean value as
1 = 2 and the standard deviations as 0y = o0_ = 2.

We provide a comparison of DSA with respect to DGD, EX-
TRA, stochastic EXTRA, and decentralized SAGA. The stochas-
tic EXTRA is a stochastic version of EXTRA that uses naive
stochastic gradients instead of gradients. DSA is different form
stochastic EXTRA since it uses stochastic averaging gradients.
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Fig. 1. Convergence paths of DSA, EXTRA, DGD, Stochastic EXTRA, and
Decentralized SAGA with constant stepsizes. Relative distance to optimality
et = ||x¢+ — x*||? is shown with respect to the number iterations t. DSA and
EXTRA converge linearly to the optimum, while DGD, Stochastic EXTRA, and
Decentralized SAGA converge to a neighborhood of the optimal solution. Smaller
choice of stepsize leads to more accurate convergence for these algorithms.

The decentralized SAGA method is a stochastic version of DGD
algorithm that uses stochastic averaging gradients instead of
gradients which is a naive approach for developing a decentralized
version of the SAGA algorithm. In our experiments we use
W = (I + W)/2 for EXTRA, stochastic EXTRA, and DSA.

Fig. [T] illustrates the convergence paths of DSA, EXTRA,
DGD, Stochastic EXTRA, and Decentralized SAGA with constant
step sizes for N = 20 nodes. For EXTRA and DSA different
stepsize are chosen and the best performance for EXTRA and
DSA are achieved by o = 5 x 1072 and o = 5 x 1073,
respectively. As shown in Fig. [I] DSA is the only stochastic
algorithm that achieves linear convergence. Decentralized SAGA
after couple of iterations achieves the performance of DGD and
they both can not achieve exact convergence. By choosing smaller
stepsize o = 1073 they reach more accurate convergence relative
to stepsize o = 1072, however, the speed of convergence is
slower for the smaller stepsize. Stochastic EXTRA also suffers
from inexact convergence, but for a different reason. DGD and
decentralized SAGA have inexact convergence since they solve
a penalty version of (I), while stochastic EXTRA can not reach
the optimal solution since the noise of stochastic gradient is not
vanishing. DSA resolves both issues by combining the idea of
stochastic averaging gradients to control the noise of stochastic
gradients and using the double decentralized descent idea to
solve the correct optimization problem. The convergence rate of
EXTRA is faster than the one for DSA in terms of number of
iterations, however, the complexity of EXTRA is higher than
DSA. Hence, we also compare performances of these algorithms
in terms of number of processed feature vectors. For instance,
DSA requires 400 iterations or equivalently 400 feature vectors
to achieve error et = 10~7, while to achieve the same accuracy
EXTRA requires 60 iterations which is equivalent to processing
60 x 25 = 1440 feature vectors. The difference can be more
significant by increasing the number of instantaneous functions.

We also study the performance of DSA in different network
topologies. We keep the parameters in Fig. [I] except we change
the size of network to N = 100 which implies each node has
¢; = 5 sample points. The linear convergence of DSA for random
networks, complete graph, cycle, line and star are shown in Fig.[2]
As we expect for the topologies that the graph is more connected
and the diameter is smaller DSA converges faster.

i RERE R T T T
i —e— Random net. p, = 0.2
—— Random net. p. = 0.3
—6— Complete net.
= Cycle

Line

Star

error ¢!

6| L h D L -~ L L L L 1
0 100 200 300 400 500 600 700 800 900 1000
Number of iterations

Fig. 2. Convergence paths of DSA for different network topologies. Relative
distance to optimality e? = ||x¢ — x*||2 is shown with respect to the number
iterations ¢. DSA converges faster as the network connectivity increases.
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