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Abstract. In this paper, we consider a large network containing many regions
such that each region is equipped with a worker with some data processing and
communication capability. For such a network, some workers may become stragglers
due to the failure or heavy delay on computing or communicating. To resolve the
above straggling problem, a coded scheme that introduces certain redundancy for
every worker was recently proposed, and a gradient coding paradigm was developed
to solve convex optimization problems when the network has a centralized fusion
center. In this paper, we propose an iterative distributed algorithm, referred as
Code-Based Distributed Gradient Descent algorithm (CoDGraD), to solve convex
optimization problems over distributed networks. In each iteration of the proposed
algorithm, an active worker shares the coded local gradient and approximated
solution of the convex optimization problem with non-straggling workers at the
adjacent regions only. In this paper, we provide the consensus and convergence
analysis for the CoDGraD algorithm and we demonstrate its performance via
numerical simulations.

1. Introduction

Convex optimization on a network of large size has played a significant role for solving
various problems, such as big-data processing in machine learning, distributed parameter
estimation in wireless sensor networks, distributed sampling and signal reconstruction,
distributed design of filter banks, distributed spectrum sensing in cognitive radio
networks, source localization in cellular networks [7, 8, 10, 12, 18, 19, 23, 24]. The
objective functions f in such optimization problems,

fx) =) filx), x e RY, (1.1)
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are often the summation of some local objective functions f;,1 < [ < m, related to a
partition of the network. In this paper, we consider the scenario that each region of the
partition is equipped with a worker that has some data processing and communication
ability, while the whole network has a fusion center with limited computing capacity or
it does not have a fusion center at all.

The optimization problem

m
X = i 1.2
x argxrgﬂg}v;fz(X) (1.2)
associated with the objective function f = >7", f; has been well studied, see

[2, 3, 6, 10, 14, 23, 24, 25, 26, 30, 29, 32] and references therein for various algorithms
implementable in a strong fusion center or in local workers distributed over the network.
Denote the gradient of g on RN by Vg. For a network equipped with one data processing
unit only, a conventional approach to the optimization problem (1.2) is the gradient
descent algorithm,

x(k +1) = x(k) = == SV i(x(k)), k>0, (L3)
=1

where {a}72 is a positive sequence chosen appropriately [4, 11, 16, 20, 22, 28, 31, 33,
36]. Our illustrative examples of step sizes oy, k > 0, are

ar=(k+a)? k>0, (1.4)

for some 0 € (1/2,1] and a > 1.

Several distributed versions of the gradient descent algorithm (1.3) have been
proposed, including the Adapt-Then-Combine algorithm (ATC) and the Combine-Then-
Adapt algorithm (CTA) [6, 30], where implementation of the worker at agent [ is given
by

{ yi(k) = xi(k) — axV fi(xi(k)) (1.5)
xi(k+1) =3 cp, wij(k)y; (k) '
and
{ yi(k) =3 en, wij(k)x; (k) (1.6)
xi(k+1) = yi(k) — oV fi(yi(k)) ’

respectively, where A contains all adjacent agents of the agent [ for data sharing, and
(wij)1<i,j<m is a consensus matrix. The above ATC and CTA algorithms may reach
consensus over all nodes to the optimal solution X in (1.2). They are essentially the same
as the gradient descent algorithm (1.3) if the graph to describe topological structure of
the network is complete and the consensus weights w;; = 1/m,1 < [,j < m (in this
case, Nj = {1,...,m} and x;(k) in (1.5) and y;(k) in (1.6) for different agents [ are
the same for k > 1). However, comparing with the gradient descent algorithm (1.3), in
the implementation of the ATC and CTA algorithms, we circumvent the expansive
evaluation of gradient Vf of the global objective function by evaluating gradients
V1,1 <1 < m, oflocal objective functions at each worker node and then communicating

local gradients to the neighbors with nonzero consensus weights.

In applications such as distributed learning and optimization over the cloud, some
workers in the network may become inactive due to the failure or heavy delay on
computing or communicating [9, 17, 21]. To resolve the above problem, uncoded and
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coded local gradients have been proposed in [15, 27, 34] to recover the full gradient from
local gradients on active nodes A C {1,...,m}. Without loss of generality, we assume
that A C {1,...,n}, where n < m is the number of active nodes. In this paper, we
follow the coded scheme in [34] and consider the paradigm that for every active node 4,
the coded scheme for non-stragglers is given by

m
Z b(i , 1 <4 <n, (1.7)
I=1

and the global objective function can be recovered linearly from coded objective

functions g; on non-stragglers relative to node i, i.e.,

Za i,7)g;(x (1.8)
j=1

Denote the decoding and coding matrices of the above paradigm by
A = (a(i,j))i<ij<n and B = (b(i,]))1<i<n1<i<m-

Then the requirement in the paradigm to recover the global objective function at active
nodes can be reformulated in the following matrix form,

AB=1,ym, (1.9)

where 1,, %, is the n X m matrix with all entries taking value 1, since
n

> ali, j)g;(x ZZM] (G, D) fulx Zfz

j=1 =1 j=1
We note that the code matrix B must be constructed such that the m-dimensional vector
1,, with all one entries is in the column space of the transpose BT of the code matrix
B. This can be shown to be a necessary and sufficient condition for the existence of
a decoding matrix A that satisfies (1.9). We also see from (1.9) that the difference of
any two rows of the decoding matrix A belongs to the left null space of the code matrix
B, and therefore the decoding matrix A could be selected to have more zero entries
when the code matrix B has lower rank. We can see how sparse the decoding matrix
A is by looking at two extreme cases. In the first case, every active node gets a copy
of the global objective functions (and hence B has rank one) and the identity matrix
can be used as the decoding matrix (so each row has only one nonzero element). In the
second case, which is used in the decentralized descent algorithm, all nodes are active
and each node gets only the local objective function (B is the identity matrix in this
case), and then all entries of the decoding matrix take value one and are nonzero. The
sparsity of the decode matrix A will reduce the amount of data exchange among the
active nodes in the proposed iterative code-based distributed gradient descent algorithm
(CoDGraD). However, to meet the requirements in Assumption 2.1 for the convergence
of the iterative CoDGraD, the decode matrix A should not be too sparse and it should
be designed such that the normalized decoding matrix |A| given in (2.14) corresponds
to the weighted adjacent matrix of a strongly connected digraph, see Structures 2.4 and
2.6.

The coding and decoding scheme (1.7) and (1.8) has been used in [34] to solve the
global optimization problem (1.2), where the worker at each region evaluates the coded
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local gradients and sends them to the worker at the master node (the fusion center);
then the worker at the master node aggregates a weighted sum of coded local gradients
to form the gradient of the global objective function, and applies a centralized gradient
descent approach similar to (1.3) to update the approximation to the optimal solution
X in (1.2); and finally the worker at the master node sends the updated approximation
to all local workers on the network for the next iteration. In this paper, based on the
coding and decoding scheme (1.7) and (1.8), we propose a distributed algorithm to solve
the global convex optimization problem (1.2).

1.1. Objectives and contributions. Since the focus of distributed optimization is
overwhelmingly occupied with first-order methods, it is worth trying to enhance such
methods rather than employing methods of another type. Our initial aim of this paper is
to improve the performance of distributed gradient descent algorithm through utilizing
coding. In particular, we focus on the leveraging of coding on the performance of the
distributed optimization algorithm and how the convergence rate of these algorithms can
be better enhanced through using an appropriate coding scheme based on the network
topology. And how resilience to stragglers and information privacy is also established.

While distributed optimization is implementable through distributing the local
functions among the nodes to sum up to the global optimization function as in (1.1), we
follow here an alternative route. We decompose the global function among the nodes
in a coded manner and try to implement an algorithm which allows optimization under
such scheme (1.8). To this end, we adapt the stochastic form of the decoding matrix A
in our proposed algorithm, carry the negativity in some of its coefficients to the gradient
operation, and then utilize a gradient descent and a gradient ascent step, see (2.4) and
(2.5).

In this paper, we do not impose any algebraic structure of the coding matrix B
and the decoding matrix A, and thus our approach applies for a broader class of
coding/decoding matrices as long as the allowed number of stragglers is fulfilled, except
that the normalized decoding matrix [A| in (2.14) is assumed to have simple eigenvalue
one, see Assumption 2.1 and Proposition 2.3. Our work has the assumptions of strongly
convex global function f, Lipschitz continuous (coded) gradients Vg;, and uniformly
bounded (coded) gradients Vg;. We believe that if the coding/decoding matrices
have additional structure properties [35], our algorithm could converge under weak
requirements on the objective functions and coded gradients.

In this paper, we utilize exact gradient coding for fusion centralized networks and
investigate the implications of such coding used in a multi-agent setting. This serves
well to our initial aim of showing how enhancement to the convergence rate can be
accomplished, see the consensus and convergence conclusions in Sections 3 and 4 of our
proposed algorithm. The paradigm of approximate gradient coding is discussed in [13].
It could be an interesting problem to extend our convergence conclusions in the above
setting.

In this paper, we work on distributed optimization problem for multi-agent systems on
fixed static network topology. Thus, the active nodes are the non-straggler nodes which
are fixed throughout the proposed distributed algorithm and where coded local functions
are used according to the coding scheme (1.8) instead of the brute decomposition as in
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(1.1). We postpone the consideration of time-varying straggler networks to a later
endeavor.

The implementation of distributed algorithms on static/time-varying networks with
stragglers is of importance. We wish that this work may serve as a starting point for a
full-fledged investigation to distributed algorithms on static/time-varying networks with
stragglers, with applications to the engineering field, such as federated decentralized
learning and distributed machine learning.

1.2. Organization and notations. The remainder of the paper is organized as
follows. In Section 2, we formulate our code-based distributed gradient descent algorithm
(CoDGraD) to solve the optimization problem (1.2). In Sections 3 and 4, we consider the
consensus and convergence properties of the proposed CoDGraD algorithm. Afterwards,
we demonstrate the performance of CoDGraD through simulations in Section 5. We
conclude the paper in Section 6 and include proofs of some conclusions in the Appendix.

In what follows, we use bold capital letters, bold lower case letters and lower case
letters for matrices, vectors and scalar variables, respectively. Denote the positive part of
a real number ¢ by ¢4 = max(¢,0), the matrix of dimension n x m with all entries taking
value one by 1,,x,,, the unit matrix of size n x n by I,,, the column vector of size n with
all entries taking value 1 by 1,,, and the zero matrix of size n X m by 0,,x.,, respectively.
Denote the transpose of an matrix A by AT, and the transpose and standard fP-norm
of a vector x by x* and ||x||,,1 < p < oo, respectively.

2. A Code-based Distributed Gradient Descent Algorithm

Let the coded objective functions g;,1 < j < n, and the decoding matrix A =
(a(i,7))1<i j<n be as in the coding and decording scheme (1.7) and (1.8). Set decoding

weights
n -1 ~1
wi= (Y laG)l) = (D laGi)l) L 1<i<n, (2.1)
j=1 jET;
where
Iy ={j, a(i,j) # 0}. (2.2)

For the decoding matrix A in (1.8), we define its normalized decoding matrix Apqe =
(d(i,j))1<i7j<n of size n X n by

and its row stochastic decoding matrix Agge of size 2n x 2n by
A, A_
Ag = =T = 2.4
sde ( A+ A > ) ( )

where ~ ~
A-‘r = ((a(ivj))+)1§i’j§n and A_ = ((_&(i’j))"‘)lgi,jgn

are positive/negative parts of the matrix Anqe = (@(4,j))1<i j<n respectively. In this
section, we introduce a code-based distributed gradient descent algorithm (2.5) to
solve the optimization problem (1.2). For the consensus and convergence properties
of x;(k),k > 0, in the proposed CoDGraD algorithm (2.5), we make the following
assumptions on the row stochastic decoding matrix Agge, the global objective function
f and the (coded) local objective functions g;,1 < i < n.
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Assumption 2.1. (i) The row stochastic matrix Age in (2.4) has simple
eigenvalue one and all other eigenvalues contained in the open unit complex
disk centered at the origin.

(ii) The global objective function f is differentiable and strongly convex in the sense
that

(VI(x) — V() x—y)n > Alx - y|3

for all x,y € B(%,Cs), where (-,-)x is the inner product on RY, the constant
C5 is defined in Theorem 2, and B(X,Cs) is the ball with center x and radius
Cs.

(iii) The (coded) local objective functions g;,1 < ¢ < n, have bounded gradients,
i.e., there exists a positive constant M such that

Vgi(x)|ls < M, x € RV,

(iv) The (coded) local objective functions g;,1 < j < n are differentiable and have
L-smoothly continuous gradients, i.e.,

IVgi(z) = Vai(y)lla < Lz = ylla, 2,y € RV, 1 <i<m,
for some positive constant L.

The rest of this section is organized as follows. In Subsections 2.1 and 2.2, we
introduce the code-based distributed gradient descent algorithm (2.5) to solve the
optimization problem (1.2) and we propose its implementation on a distributed network
with all communicating and computing conducted only at active nodes, see Algorithm
2.2. Here active nodes are those workers over the network that don’t witness delay
or failure on computing or communicating. The eigenvalue assumption on the row
stochastic matrix Agge in (2.4) plays a crucial role to establish the consensus and
convergence properties of the proposed CoDGraD algorithm (2.5), see Theorems 3.1,
4.1 and 4.2. In Subsection 2.3, we discuss two structures on the decoding matrix A so
that the row stochastic matrix Agge meets the requirement (i) in Assumption 2.1, see
Propositions 2.5 and 2.7.

2.1. Code-based distributed gradient descent algorithm. To solve the
optimization problem (1.2), we propose an iterative distributed algorithm with the
implementation of the worker at the region ¢ given by

vi(k) = Vgi(xi(k)),

yi (k) = xi(k) — apvi(k),

yi (k) =x;(k) + apvi(k),

xi(k+1) = Y cp, wi{ (a(i, ) +y; (k) + (=a(i, ) ry; (k)}, k>0,

where initials x;(0) are chosen randomly or set zero initially, and step sizes ay,k > 0,
are so chosen that

(2.5)

Zak =o0 and Zai < 00 (2.6)
k=0 k=0

[3, 4, 28], and the weights w; and the sets T'; of active neighboring nodes are given in (2.1)
and (2.2) respectively. We call the above algorithm as a code-based distributed gradient
descent algorithm and use CoDGraD for abbreviation. Our illustrative examples of step
sizes are o, = (k+a)~? k >0, for some 0 € (1/2,1] and a > 1, see (1.4).
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Write Agde = (q(4,7))1<i,j<2n and for 1 <i < n, set
Zl(k}) = Zi+n(k) = Xi(k), k Z 0. (27)
Then the CoDGraD algorithm (2.5) can be rewritten as

2i(k+1) = > qli. j)(2;(k) — aphy(k)), 1 <i < 2m, (2.8)
where Vo (za(h)) .
hi(k) = { () ifntl<i<on (2.9)
Set

z(k) == (zi(k))1§i§2n and h(k) := (hi(k))lgign (2.10)
with vectors z;(k) and h;(k) € RV, 1 < i < 2n, as their i-th entries respectively. Then
the iterative algorithm (2.8) can be reformulated in a matrix form:

2(k + 1) = Aggez(k) — apAsgeh(k), k > 0. (2.11)

Let agqe be the stationary probability vector invariant under the row stochastic matrix
Agqge, i-e., the left eigenvector of Agqe associated with eigenvalue one that satisfies

ali Agge = aly, and al 1y, =1. (2.12)
Define
x(k) = aSTdez(k). (2.13)
In Theorem 3.1, we show that

lim x;(k) —%x(k)=0, 1<i<n
k— o0

and hence x;(k),k > 1, in the CoDGraD algorithm (2.5) has the consensus property.
By (2.11), the weighted average x(k) of x;(k),1 < i < n, satisfies

%(k+1) = x(k) — axali h(k), k> 0.

We observe that alj h(k) is an inexact estimate of the scaled global gradient V f(x(k)),
see Proposition 4.4. As a consequence, we show that x(k),k > 1 converges to the
solution x of the optimization problem (1.2), see Theorems 4.1 and 4.2.

2.2. Distributed implementation of the code-based distributed gradient
descent algorithm. For the distributed implementation of the CoDGraD (2.5), we
describe the network topology by an undirected graph G = (V, E), where the worker in
each region is represented by a vertex in V' and each edge (I,1') € E means that workers
in the regions [ and I’ € V have direct communication for data sharing. However, for
each node 4, any node j € N; = {j : (i,j) € E} U{i} may (however does not always)
contribute in the decoding process then any such node can be considered as a non-
straggling node of the active node i, with some abuse of meaning. Similarly, any node
j € V\N; is considered as a straggler of the active node i. Thus, only nodes from the
non-straggling set of nodes of an active node i can contribute in the decoding process
at 4. Therefore the topological matching property of the coded scheme (1.8) and (1.7)
is satisfied if the decoding weight a(i,j) takes zero value whenever there is no direct
communication between active workers in the region 7 and j, i.e.,

a(i,j) =0 if (i,5) € E.
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This means that any non-straggling node of any active node ¢ which is contributing in
the decoding process must be a neighbor of the active node 7 in the whole network, i.e.,

FiCMa

where T'; is given in (2.2). For the above scenario of the coded scheme (1.8) and (1.7),
the active worker at each region first evaluates the coded local gradient, then it updates
its estimate through gradient descent/ascent step, next it shares the updated estimate
approximations with neighboring active workers at the adjacent regions, henceforth it
updates the estimate towards the optimal solution x. Hence the CoDGradD algorithm is
implementable in the network that does not have a fusion center at all. As observed from
Algorithm 2.2 below, all communicating and computing in the CoDGradD algorithm
could be conducted only at active nodes.

Algorithm 2.2. (CoDGraD algorithm)

1. INPUT: Set tolerance value € for halting the algorithm and the number of
iteration k& = 0. Initialize an estimate x;(0) of the optimal solution X and
approximation error e;(0) = € at the worker .

2. ITERATION:

— WHILE e;(k) > ¢

Use (2.5) to update the estimate x;(k) at the worker i.

— Find error e;(k+ 1) = ||x;(k + 1) — x;(k)|| for all 1 <14 <n.

Let k=Fk+1

— ENDWHILE
3. OUTPUT: x,(k) and k.

2.3. Conditions on the network topology and (de)coding scheme. Denote the
normalized decoding matrix of the decoding matrix A by

|A| = (Ja(i, j))1<ij<n, (2.14)

where a(7,7),1 <4,j < n, are given in (2.3). By (2.3), the normalized decoding matrix
|A| has row stochastic property. To meet the first requirement in Assumption 2.1 for
the row stochastic matrix Agqe, we need an equivalence between the simple eigenvalue
properties for the row stochastic matrices Agqe and |A|

Proposition 2.3. The row stochastic decoding matrix Agge has simple eigenvalue one
and all other eigenvalues contained in the open unit complex disk centered at the origin
if and only if |A| has the same property for its eigenvalues.

The proof of the above proposition will be given in Appendix A.1.

As |A] is a row stochastic matrix, it follows from Perron-Frobenius theorem that |A|
has simple eigenvalue one if it is irreducible. In order for |A| to be irreducible, the
digraph with weighted adjacent matrix (|]a(¢,7)|)1<i,j<n should be strongly connected.
But since I'; = {j,a(i,j) # 0} = {j,]a(i,j)| # 0} and I'; C N; then a necessary
condition for this digraph to be strongly connected is that the network graph G is
strongly connected.

In the following, we consider two scenarios of network topology in which the first
requirement in Assumption 2.1 is met, see Structure 2.4 and 2.6. Denote the minimum
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degree of the network graph G by
0(G) = min deg(7)

1<i<n
where deg(7) is the degree of a node i, i.e., the number of edges connected with the node
i € G. Let s; = n — |[N;| be the number of nodes that are not connected to 7. Thus,
s = maxi<;<n 8;i = n — 6(G). In the first restrictive structure, the decoding matrix A
can be described as follows.

Structure 2.4. The decoding matrix A formed for an n-node network and computed
by Algorithm 1 of coding scheme in [34] which is robust to a maximum of s-stragglers
should be formed such that at least s + 1 entries are nonzero per each column and at
least s 4+ 1 non zero entries per each row.

For the above scenario, we have the following property for the corresponding row
stochastic matrix Agge, see Appendix A.2 for the proof.

Proposition 2.5. Let §(G) > n/2—1, and the decoding matrix A satisfy Structure 2.4.
Then the matrix Agge used in the CoDGraD algorithm (2.5) has simple eigenvalue one
and all other eigenvalues contained in the open unit complex disk centered at the origin.

Next we consider the scenario of full cyclic assignment of the active workers after
certain permutation, i.e., the decoding matrix A = (a(i,j))i<i j<n with the first row
having the n — s entries after the first assigned as non-zero, and as we move down the
rows, the positions of the n — s non-zero entries shifting one step to the right, and cycle
around until the last row.

Structure 2.6. The decoding matrix A formed for an n-node network and computed
by Algorithm 1 of coding scheme in [34] satisfies the following conditions:

ali, j) # 0 (2.15)
for all (4, 7) satisfying either ¢ +1 < j <min(i +n — s,n) or j + s <.

In this following proposition, we discuss the following eigenvalue property for the
corresponding row stochastic matrix Agqe, see Appendix A.3 for the proof.

Proposition 2.7. Let 1 < s < n — 1 and the decoding matrix A satisfy (2.15). Then
the matrix Agqe used in the CoDGraD algorithm (2.5) has simple eigenvalue one and
all other eigenvalues contained in the open unit complex disk centered at the origin.

3. Consensus property of the Code-based Distributed Gradient Descent
Algorithm

In this section, we establish the consensus property of x;(k), k > 1, in the CoDGraD
algorithm (2.5).

Theorem 3.1. Let x;(k), k > 1, be in the CoDGraD algorithm (2.5). If the row
stochastic matriz Agge in (2.4) has simple eigenvalue one and all other eigenvalues
contained in the open unit complex disk centered at the origin, the sequence {ou}72
satisfies Z?}:o ai < 00, and the local objective functions g;,1 < i < n, have bounded
gradients, i.e., there exists a positive constant M such that

IVgi(x)[l2 < M, x € RY, (3.1)
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then
T (x;(k) — %;(k)) = 0 (3.2)
and
Jim (F(xi(k)) — x5 (k) =0 (33)
foralll1 <i,j<n.
Define
z(k) = z(k) — Pz(k), k >0, (3.4)

where zy, k > 0 are defined by (2.10), the stationary probability vector asqe is given in
(2.12), and

P = 1y, (asu.)” - (3.5)
Then the consensus property (3.2) reduces to establishing
lim ||z(k)]|2,00 =0, (3.6)
k—o0

where ||z||2,00 = SUp;<; <oy, ||Zi||2 for a vector z = (z;)1<i<2, With entries z; € RV, 1 <
i < 2n. S

Let the row stochastic matrix Agge in (2.4) have simple eigenvalue one and
Am(Asde), 1 <m < 2n, be its eigenvalues listed in the order that

1= /\1(Asde) > |)\2(Asde)| 2 Z |>\2n(Asde)‘- (37)
For ||z(k)|/2,00, £ > 1, in (3.4), we have
Proposition 3.2. Let Agge, A2(Agde) and P be as in (2.4), (3.7) and (3.5) respectively.
Assume that the row stochastic matrix Agge has simple eigenvalue one, and that the

local objective functions g;, 1 < i < n, satisfy (3.1). Then there exists a positive constant
C1 such that

k—1
~ 1+ |)\2(Asdc)‘ k-1
IE(0)llaco < CLM 3 (=)

oy (FHR AN gy, (35

hold for all & > 1.

The detailed proof of Proposition 3.2 is given in Appendix A .4.
Let x(k) be as in (2.13). By (3.5), we can write

Pz(k) = x(k)1a,. (3.9)

Observe that
a8kl = i [xi(k) — x(B)llo, k> 1.

Then by Proposition 3.2 we obtain the following estimate about the consensus property
of x;(k) for different 1 < i < n:

max [|x;(k) —x(k)[l2 < Cl(w)k

1<i<n max ||x;(0) —x(0)]|2

1<i<n

k—1
1+ Mo (Agge) [\ b
+oM Yy (w) a, k>1.  (3.10)
=0
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Set v = (1 + |A2(Asae)])/2 € (1/2,1). Applying (3.10) to our illustrative example
(1.4) of step sizes, we can find a positive constant C' such that

k-1
) % k—l/g. 0 -0
ax [xi(k) = x(k)[l> < OlM;v (k=1+a)(k+a)
+Cy max [x;(0) = %(0) 27" < C(k +a)~* (3.11)

hold for all k > 0, where the first inequality follows from (3.10) and the observation that
a>land (I4+a)~? < (k+a)%Fk—1+4+a)? 0 <1<k, and the second estimate holds
by the boundness of the sequence v*(k + a)?, k > 0, and the convergence of the series
S o™ (m + a)?. Therefore we have the following consensus property.

Corollary 3.3. Let x;(k), k > 1, be in the CoDGraD algorithm (2.5) with a; =
(k+1)7% k >0 for some 1/2 < # < 1, and the row stochastic matrix Agqge in (2.4) and
the local objective functions g;,1 < i < n, be as in Theorem 3.1. There there exists a
positive constant C' such that

[xi(k) = x; (k)| < C(k +a)~° (3.12)
hold for all 1 < 4,5 <n and k > 0.

Remark 3.4. For the case that the step sizes have exponential decay, i.e., a, = 1%,k > 0
for some r € (0,1), (the first condition in (2.6) is not satisfied in this case), we
obtain from Proposition 3.2 that x;(k),k > 0 in the CoDGrad algorithm (2.5) have
the exponential consensus property, i.e., there exists a positive constant C' such that
14 [A2(A k
Ixi (k) — x; (k)| < C(max (r, M)) k>0,

However, we cannot obtain the convergence of x;(k),k > 0 to the solution X of the
optimization problem (1.2) from Proposition 4.6, c¢f. Theorem 4.2.

We finish this section with the proof of Theorem 3.1.
Proof of Theorem 3.1. By (3.7) and (3.8),

o0

(3 s bt —x0013) "
< o 3 (kzl (M)k—zal)g)m
k=0 (=0
+Cl(i (M)%)w max [|x;(0) = x(0)[2
k=0 <i<
< %(gai)w n 1_|A22651Am)| max [lxi(0) ~ x(0)f>.  (3.13)

Therefore the limit in (3.2) follows.
By (1.8) and (2.1), we have
IVFE)ll2 < W sup [ Vg;(x)ll2 < MW,
1<j<n
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where W = max;<;<, w;. This together with Proposition 3.2 implies that

[f(xi(k)) = fx(R))] < (VI (x(F)), xi(k) = x(k))|

<O kz_:l (1 + |>\2(Asdc)|>k_lal

2
1=0
_ 1 + |)\2(Asde)| k _
1 (0) —
FOMW () max [ (0) — %(0) 2
—0 ask — o0 (3.14)
for all 1 <4 < n. Then (3.3) follows. O

4. Convergence property of the Code-based Distributed Gradient Descent
Algorithm

In this section, we establish the convergence of x;(k), & > 1, in the CoDGraD
algorithm (2.5) to the solution X of the optimization problem (1.2). By (3.2), (3.9)
and (3.13), it suffices to show that x(k),k > 1, in (2.13) converges to X.

Theorem 4.1. Assume that the row stochastic matric Asqe in (2.4) has simple
eigenvalue one and all other eigenvalues contained in the open unit complex disk
centered at the origin, the sequence {ay}52 satisfies (2.6), the local objective functions
95,1 < j <mn, satisfy (3.1) and

IVgi(x) = Vgi(y)lla < Lllz — yll, =,y e RY,1<i<n, (4.1)
for some positive constant L, and the global objective function f is strongly convex in
the sense that

(VI(x) = V() x—y)n > Alx -y (4.2)

for all x,y € B(x,Cs), where (-,-)n is the inner product on RN, B(x,Cy) is the ball
with center X and radius Cy, and

e o] 02 2
Cy: = exp (Zoa?){( 8CiL max ||x;(0) _5((0)”%
=

T~ Pa(Awe))? 1520

M2(1 + 8012))2 (ia?) +1%(0) - =13
j=0

(1 - |)‘2(Asde)|

Then x(k),k > 1, in (2.13) converges to the solution X of the optimization problem

(1.2),
lim %(k) = . (4.3)

Combining Theorems 3.1 and 4.1, we have the following result on the convergence of
the proposed CoDGraD algorithm.

Theorem 4.2. Let the decoding matric Agqe and the objective function f satisfy
Assumption 2.1, and step size {ar}72, in the CoDGrad algorithm satisfy (2.6). Then
the sequences {x;(k)}32,,1 <1i <mn in the CoDGrad algorithm converge to the optimal
point X, i.e.,

lim x;(k) =%, 1<i<n. (4.4)

k—o0
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To prove Theorem 4.1, we need a technical lemma, which follows the probability
property for the vector agqe in (2.12). For the completeness of this paper, we include a
detailed proof in Appendix A.5.

Lemma 4.3. Let agqe and w;, 1 <i <n, be as in (2.12) and (2.1) respectively. Set

W = (W1, ..., W, w1, ..., wy)" (4.5)
and
W =al w. (4.6)
Then
0 < min w; <@ < max w;. (4.7
1<i<n 1<i<n

Let x(k),k > 0 be as in (2.13). By (2.11), the weighted average x(k),k > 0 can be
defined by the following iterative algorithm,

%(k+ 1) = x(k) — agal h(k), k > 0. (4.8)
For local objective functions g;, 1 < i < n, with Lipschitz gradients (4.1), we observe that

al) h(k) is an inexact estimate of the scaled global gradient @V f(X(k)), see Appendix
A.6 for a detailed proof.

Proposition 4.4. Let Agge, A2(Asde), P and w be as in (2.4), (3.7), (3.5) and (4.6)
respectively. Assume that the row stochastic matrix Agge has simple eigenvalue one,
and the local objective functions g;,1 < j < n, satisfy (4.1). Then

lasach(k) — @V f(&(k)l2 < Lllase|l12(k)]2,0- (4.9)

By Proposition 4.4, the iterative algorithm (4.8) can be considered as the gradient
descent algorithm (1.3) with inexact gradient update. Then following a standard
argument, we have the boundedness of x(k),k > 1, when the objective function f is
convex, see Appendix A.7 for a detailed proof.

Proposition 4.5. Let the matrix Agqe, the sequence {ak}zo:o and the local objective
functions g;,1 < j < n, be as in Theorem 4.1. If the global objective function f is
convex, then

|%(k) —x||2 < Cy for all k>0, (4.10)

where (5 is the constant in Theorem 4.1.

The estimate in (4.10) can be improved if the objective function f has the strongly
convex property (4.2), see Appendix A.8 for a detailed proof.

Proposition 4.6. Let the matrix Age, the sequence {ay}72,, the local objective
functions g;,1 < j < n, and the global objective function f be as in Theorem 4.1.
Then

Ix(k) ~xI3 < exp (- wAkfaj){nx(m %R+ T e (wAiaz)
=0 j=0 1=0
x(M2a2 + L? max |x(j) - x(7)I3) } (4.11)

1<i<n

hold for all k > 2.
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Set W = maxj<;<n w;. Observe that
V)2 < V(%) = V)2 < LW x = x]|s,

where the second inequality follows from (4.1) and the row stochastic property for the
matrix Agge. This together with Proposition 4.6 proves that

k—1
F(5) < F&R) < f0)+ LW exp (04 ay)
§=0

k—1
x{||5c(0) — %[5+ jz:;exp (’lI)A

)

x (8203 + L7 max [xi() - x()I3) } (412)

J
=0

hold for all &k > 2.

Applying (4.11) to the illustrative examples (1.4) of step sizes, we obtain the following
convergence result for the proposed CoDGraD algorithm, cf. the convergence rate
O(log k/v/k) for the uncoded incremental gradient methods [14, 24].

Corollary 4.7. Let x;(k), & > 1, be in the CoDGraD algorithm (2.5) with o =
(k+1)7% k > 0 for some 1/2 < § < 1, and the row stochastic matrix Agqe in (2.4),
the local objective functions ¢;,1 < ¢ < n and the global objective function f be as in
Theorem 4.1. Then there exists a positive constant C' such that

1%(k) = %2 < C(k +a)"%, k>0, (4.13)
where X is the solution of the optimization problem (1.2),

The detailed proof of Corollary 4.7 will be given in Appendix A.9.
We finish this section with the proof of Theorem 4.1 under the assumption that
Proposition 4.6 holds.

Proof of Theorem 4.1. By (2.6) and (3.13), we have

> Ml + L max [Ix;(j) — %(j)|5 < oo, (4.14)
=0 1<i<n
and
k
i exp (43 0) = "
Jim exp w ;aj 0 (4.15)
for all I > 0. Combining (4.11), (4.14) and (4.15) proves the desired limit in (4.3) by
the dominated convergence theorem. O

5. Numerical Simulations

In this section, we consider the following unconstrained convex optimization problem
on a network

in |Gx —yl|2, 5.1
arg min |Gx —yll (5.1)
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where the network contains n regions with each region of the partition equipped with a
worker, G is a random matrix of size ) x N whose entries are independent and identically
distributed standard normal random variables, and

y = Gx, € R¢ (5.2)

has entries of x, being identically independent random variables sampled from the
uniform bounded random distribution between —1 and 1. The solution X of the
above optimization problem is the least squares solution of the overdetermined system
y = GX,, %, € RY. In this section, we demonstrate the performance of the CoDGraD
algorithm (2.5) to solve the convex optimization problem (5.1) and also compare it with
the performance of the the conventional distributed gradient descent algorithm (DGD)
under the CTA prototype (1.6).

Assume that the network has n active nodes. Then we can repartition the network
into n regions around those n nodes, and accordingly, the random measurement matrix
G, the measurement data y, and the objective function f(x) := ||Gx —y||3 in (5.1) as
follows,

m n
Fe0) =" fix) =D [|Gix — yill5.
i=1 i=1
In our simulations, we assume that the repartitioned regions have the same size, i.e., the
number of rows in G; and lengths of vectors y;, for all ¢ where 1 < ¢ < n are all equal.

Shown in Figure 1 are two undirected graphs to describe data exchanging structure for
active nodes of a 3-node and 5-node network respectively.

FIGURE 1. Data exchanging structures with three/five-node network

In our simulations, we take (Q, N) = (225, 75) for Figures 2, 3 and (M, N) = (250, 50)
for Figures 4 and 5. We use absolute error

[1xi (k) = Xoll2

AE:=m
1<isn [|xolf2
and consensus error
OF = max WXi(k) = %(K)ll2
1<i<n 1%0|2

to measure the performance of the CoDGraD algorithm (2.5) and the DGD algorithm
(1.6), where n is the number of active nodes in the network.
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FIGURE 2. Performance comparison of the CoDGraD algorithm
(2.5) and the DGD algorithm (1.6) over a three active nodes
network with (Q,N) = (225,225) and step sizes o = (k +
300)7%7 k > 0.

In the first simulation where there are 3 nodes with its topology described on the left
of Figure 1, we take the coding matrix

1 -5/4 0
B = 0 1 4/9 (5.3)
18/10 0 1

and the decoding matrix

0 1 10/18
A= 1 9/4 0 . (5.4)
—4/5 0 1

The above coding/decoding matrix pair satisfies (1.9) and the corresponding row
stochastic matrix in (2.4) is

0 18/28 10/28 0
4/13 9/13 0 0
0 0  5/9 4/9
0 18/28 10/28 0
4/13 9/13 0 0
0 0  5/9 4/9

Asde =

SO OO OO
SO O O OO

In Figures 2 and 3, we consider three non-straggler network with the coding/decoding
matrices given in (5.3) and (5.4) respectively, and present the performance of the
CoDGraD algorithm (2.5) and the DGD algorithm (1.6) with absolute and consensus
metric being the average of the corresponding metrics over 100 trials, where random
measurement matrix G has independent and identically distributed standard normal
random variables as its entries, the original vector x, is identically independent random
variables uniform distributed in [~1,1], and step sizes are ay = (k + 300)7%7 and
(k 4+ 500)7985 &k > 0, respectively.
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T T T
CoDGraD consensus efror
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FI1GURE 3. Performance comparison of the CoDGraD algorithm
(2.5) and the DGD algorithm (1.6) over a three active nodes
network with (Q,N) = (225,225) and step sizes o = (k +
500)~985 k> 0.

In the second simulation, the network has 5 active nodes with data exchanging
structure described on the right of Figure 1. In that simulation, the coding/decoding
matrices are given by

1 2 1/2 0 0
0 -1 3 4 0

B = 0 0 -5/2 -3 1 (5.5)
1 0 0 1/5 13/5
2 1 0 0 4

and

1/2 1/4 0 0 1/4
1 1 1 0 0

A= 0 -1 -8/5 1 0 (5.6)

2 0 0 5 -3

respectively.  The above coding/decoding matrix pair satisfies (1.9) and the
corresponding row stochastic matrix in (2.4) is

40 0 2 00 0 0 0
%%%0000000
000 <& 0 0% & 0 0
(1)00(1)%00%1%2
100 312 000 0 0 &
Asde*ilo(%ioooolé)
§§§0000000
000 3% 00 % &% 0 0
000 0 &% 00 ¢ & O
£ 00 4+ 000 0 0 3
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FIGURE 4. Performance comparison of the CoDGraD algorithm
(2.5) and the DGD algorithm (1.6) over a five node network with
(Q, N) = (225,225) and step sizes ap = (k +800)7%9 k > 0.
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FiGURE 5. Performance comparison of the CoDGraD algorithm
(2.5) and the DGD algorithm (1.6) over a five node network with
(Q, N) = (225,225) and step sizes oy, = (k + 500)7%% k > 0.

Shown in Figures 4 and 5 are the performance of the CoDGraD algorithm (2.5) and the
DGD algorithm (1.6), where the absolute metric and consensus metric are the average
of the corresponding metrics over 100 trials with random measurement matrix G and
the original vector x, being selected as in the first simulation, and step sizes being
ar = (k+800)7%9 and (k + 500)~%9 k > 0, respectively.

From the above simulations, we observe that the CoDGraD algorithm (2.5) has much
better performance than the CTA algorithm (1.6) in reaching consensus. Even though
x(k) satisfies a gradient descent algorithm (4.8) with an inexact global gradient, see
Proposition 4.4, our simulations indicate that the CoDGraD algorithm (2.5) still has
comparable performance in the absolute error with the DGD algorithm under the CTA
prototype (1.6). Also we can conceive from the simulations that the CoDGraD algorithm
(2.5) has faster convergence for a smaller exponent 6 € (1/2,1], which confirms its
convergence rate estimate in (3.11) and (A.26). On the other hand, our simulations
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also indicate that decreasing the exponent § moves the CoDGraD algorithm (2.5) into
the instability phase, which could directly be related to the sparsity of the network
(i.e., graph degree §(G) and deg(i) distribution). It is worth mentioning that we can
adequately calibrate this instability by increasing the value of a in our illustrative
examples of step sizes (1.4) for a fixed exponent §. Thus we can anticipate in Figures
2 and 3 that the increase in the value to 6 = 0.85 degraded the convergence so that
the CoDGraD algorithm became closer in performance to the DGD algorithm. While
in Figures 4 and 5 we realize that the lower value of # = 0.75 is impermissible since the
CoGraD algorithm will considerably enter the instability region while a higher value of
6 = 0.9 favors a better convergence rate and the highest value of § = 0.95 degraded the
convergence again.

In these simulations, we have compared the performance of the CoDGraD algorithm
(2.5) and the DGD algorithm (1.6) over the described 3-node and 5-node networks
with subsystems on nodes being overdetermined. Therefore, a least squares solutions
on each node will correspond to the unique solution of a strongly convex function and
will consequently correspond to the least squared solution of the whole network, that
is, the unique solution of the strongly convex global function f. It is observed that the
errors decrease significantly in 2000 iterations where CoDGraD outperforms DGD in
reaching the unique minimizer (i.e., absolute error) and in reaching consensus. While
for both algorithms the consensus error decreases at a higher rate than the absolute error
meaning that the workers become closer in their estimates while they all drift towards
the unique solution. Our further simulations indicate that convergence behaviors of the
CoDGraD algorithm (2.5) and the DGD algorithm (1.6) depends directly on maximal
condition number of matrices G;,1 < i < n, cf. (3.14) and (4.12) where A is closely
related to the maximal condition number in the current setting.

6. Conclusions

In this paper, we propose the Code-Based Distributed Gradient Descent algorithm
(2.5) to solve a convex optimization problem over a network. The proposed algorithm
is a distributed version of gradient descent algorithm which employs coding to leverage
the convergence rate performance and allow resilience to stragglers in conjunction with
information privacy. To implement the proposed algorithm, we employ a centralized
coordinated coding strategy. This work can be considered as the first step for a future
investigation of exploiting distributed coding on time-varying networks under the effect
of computation and communication failures or delays.
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Appendix A

In the appendix, we provide the proofs of Lemma 4.3, Corollary 4.7, and Propositions
2.3,2.5,2.7,3.2,4.4, 4.5 and 4.6.



156 E. Atallah, N. Rahnavard and Q. Sun

A.1. Proof of Proposition 2.3. Observe that A, + A_ = |A|. Then, in order
to establish the equivalence in the proposition, it suffices to to prove that for any
positive integer k > 1 and nonzero complex number A # 0, the null space of

k
(( i g ) — /\12n> and the one of (A + B — AL,)*, to be denoted by Ny and

N, ,? respectively, have the same dimension, where A and B are two square matrices of
size n x n. In particular, we will show that

Néz{(ﬁ),ue./\/,f}. (A1)

Set C = A + B. By induction on j > 1, we can show that
A BY CIl 0pxn A B
(A B> = ( 0 ¢ ) A B ) (4.2)

Therefore any u € ./\f,?, ie., (C— A,)*u = 0,4, we have

() (R 8) (3) e (3)

- ()= (on)

where the second equality follows from (A.2). This proves that

NéD{(E),uEN,ﬁ}. (A.3)

On the other hand, for any u,w € C" satisfying

k
A B u _ Onx1
(& 5)-e) (0)-(a)
we obtain from (A.2) that
k J
BU Y R KN, \w—i( A B u
o (v)=-20)= (2 8)
Jj=1
B _z’“: B\ (_ayp-i ((© ! (AutBw)
- = j C'~!Y(Au+Bw) )’
This implies that w = u. Substituting the above equality back, we get
k ‘
Wk u _ k \\k—j Cju
() =2 () (S
j=1
which implies that (C — AL,)*u = 0,,x;. Hence

N,ic{(z),ue/\/,f}. (A.4)
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Combining (A.3) and (A.4) proves (A.1), and hence completes the proof.

A.2. Proof of Proposition 2.5. Set B = |A|, and write B = (b(i,7))1<i j<n and
B* = (bk(i,5))1<i,j<n, k > 1. Then B is a row stochastic matrix. By Perron-Frobenius
theorem and Proposition 2.3, it suffices to prove that B is primitive, i.e., for any
1 <14,5 < n, there exists k > 1 such that

(i, ) # 0. (A.5)
Set Cy = {l,b(i,1) # 0} and Cy = {I,b(l,j) # 0}. By the assumption on the decoding
matrix A, they contain at least §(G) > n/2 elements and hence there exists lo € C1NCy.

Hence
n

ba(i, §) = > b(i,1)b(l, 5) > b(i, lo)b(lo, 5) > 0.
1=1
This proves (A.5) with k£ = 2. But since B is row stochastic then eigenvalue one is the
unique eigenvalue on the unit circle centered at the origin and this completes the proof.

A.3. Proof of Proposition 2.7. As in the proof of Proposition 2.5, it suffices to prove
that B is primitive, i.e., for any 1 < 4,5 < n, there exists k > 1 such that

b (i, ) # 0. (A.6)
By the assumption on the decoding matrix A, we have
b(1,j) #0if i +1<j<i+n—sandif j+s<i. (A7)

Observe that for any 1 < 4,5 < n, we have

min(i+n—s,n)

M=

brer(ig) = Y b0 > > b Dbkl )
=1 l=i+1
+ 3 b(i,)bi(l, ), k> 1. (A.8)

!
By (A.7) and (A.8), we can prove by induction on k > 1 that

br(i,j) #0 (A.9)

for all (i, 7) satisfying either ¢ + 1 < j < min(i + k(n — s),n) or j + ks < 4. This proves
(A.6) for all & > n/s. But since B is row stochastic then eigenvalue one is the unique
eigenvalue on the unit circle centered at the origin and this completes the proof.

1

A.4. Proof of Proposition 3.2. By (2.12) and (3.5), we have

PAgje = AP =P and P2 =P. (A.10)
This together with (2.11) implies that
Z(k+1) = (Asge — P)Z(k) — aj(Asqe — P)h(k). (A.11)
Applying (A.11) repeatedly yields
k—1
Z2(k) = (Awe — P)*2(0) = Y oy(Agae — P)*'h(l), k> 1. (A.12)

l

Il
=]
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Denote the spectrum of a square matrix A by ¢(A). By the assumption on the matrix

Asde,
0(Asde) C {1} U{z, |2| <1},
and the eigenspace associated with eigenvalue one is given by
N(Agge — I) = span{ly,}.
Combining (3.5), (A.10), (A.13) and (A.14), we obtain
U(Asde -P)= (J(Asde)\{l}) U {0} - {Z7 ‘Z| < |>‘2(Asde)|}'
Therefore there exists a positive constant C; such that

1+ Q‘AQ(Ast)‘ k

|(Asie = Pl < O (——2==00) k> 1,

where [|A g = sup|x_ =1 [|AX]|co-
By (1.7), (2.9), (2.10) and (3.1), we have
[h(k)]l2,00 < sup sup [[Vgi(x)[l2 < M.

1<i<n xeRN
Then combining (A.12), (A.16) and (A.17) completes the proof.
A.5. Proof of Lemma 4.3. By (A.10), we have
(Agge —P)F = AL P k>1.

Therefore
Jim AL, =P

(A.13)

(A.14)

(A.15)

(A.16)

(A.17)

by (A.16). This, together with the observation that all entries of Ak, 'k > 1 are
nonnegative. Hence the required estimate implies that all entries of agge are nonnegative

and the desired estimate (4.7) follows.

A.6. Proof of Proposition 4.4. By (2.9), (3.9) and (4.1), we have
[hi (k) = Vgi(x(k))ll2 = [[Vgi(2i(F)) = Vgi(x(k))ll2
< Lljzi(k) = x(k)[l2 < L[z (F)[2,00
for 1 <i<mn, and
Ihi(k) + Vgin(X(k))ll2 < L]|2(k)
for n +1 <7 < 2n. Therefore
(k) = h(k)llz00 < LIZ(K)l2,00,

|2,oo

where

Vg1(x)

Vgn(x)
Therefore
lalh(k) — ali h(k)[l2 < [|asaell1h(k) — h(k)

where the second estimate follows from (A.18).
Observe from (1.9) that

2,00 < L|asaell1 ]|z (k)]

2,005

Asach(k) = Vf(x(K))w,

(A.18)

(A.19)
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which together with (2.12) implies that
ali h(k) = alj Aseh(k) = 0V f(x(k)). (A.20)
Combining (A.19) and (A.20) proves the desired estimate (4.9).

A.7. Proof of Proposition 4.5. Set
B = M?aj, + L?||a(k) 3,00 k> 0. (A.21)

By (2.9), (3.1), (4.8) and (4.9), we obtain

I%(k+1) — %3 = [|x(k) — %[5 + aillalsh(k) |3 — 2ax (alsh(k), x(k) — %) ¥
= [Ix(k) — %[5 + ofllali h(k)|3 — 20k (@l h(k), % (k) — %)n
—20x(aly h(k) — ali h(k), (k) — %) x
< [Ix(k) = %13 + M?||ase| o
+2L|asae |1k |2 (F) || 2,00 [ X (k) — X2
= |[x(k) — %3 + M?03 + 2Lag||z(k)||2,00 % (k) — X|2
< (14 o) [Ix(k) — %[5 + B, (A.22)

where we also use the positivity of @ in (4.7), ||asde|][1 = 1 and the convexity of the
objective function f,

(Vf(x),x—%)y >0, x € RV, (A.23)
Applying (A.22) repeatedly, we get

k k—1 k
Ix(k+1) -3 < [[0+ad)I%O) - xI3+8c+> 8 [] (1+a3)
=0 j—o i'=j+1
k
< e (D a?) (Ix0 —x||2+263)
§=0
< e (Y a?) (I —X||z+267) F>1 (A24)

7=0

This together with (2.6) and (3.13) proves the desired bound (4.10) for the sequence
x(k),k > 0.

A.8. Proof of Proposition 4.6. By (2.6), without a loss of generality, we assume
that

0<a, <wA forall k>0.

Then for k£ > 1, following the argument in (A.22) with the convexity (A.23) replaced by
the strong converxity (4.2), we obtain

1%(k) = %3 < (1 — @ Aap_1)|IX(k = 1) = X[|3 + Br-1, (A.25)
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cf. (A.22). Applying the above estimate repeatedly leads to

k-1 k=2 k-1
(k) = x[I3 < [T(1 = @A) %(0) =I5+ a1+ D> 8 [] (1-wdAay)
=0 iz0 =it
k— k-2 k-1
< exp( Z )Hx —XH%-F&&-FZexp(—u?A Z aj)ﬁj,
=0 =0 j=j+1

where 3;,j > 0, is given in (A.21). This proves the desired estimate (4.11).

A.9. Proof of Corollary 4.7. Applying (4.11) for the illustrative examples (1.4) of
step sizes, and using (3.11), we can find a positive constant C' such that

I%(k) = %13 < exp (= @AY (1+a)~){IIx(0) - %13

+(M? + L*C?) Z ( Azjjua )j—i—a) 2‘9}
exp (= 100 (k)7 — o)) [(0) — %3

+(M2+L2C'2)exp<—%(k+ a)'~ )

<.
Il
o

IA

xZeXp( S +1+a)'" )(j+a)’29§0(k:+a)’9 (A.26)

hold for all k£ > 1, where the first estimate holds by (4.11), the second one follows from
the observation

I+1 1-6 1-6
9>Z :(k—i—a) — (m+a)
(t+a) / d 1-96

for 0 < m < k — 1, and the third one is obtained from the boundness of the sequences
(k+a)? exp(fﬁ(lwra)1 9 and (k+a+1)'% —(k+a)'=% k > 0, and the intergrability
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of [% exp(— L21)(t + 1)?/1-9)4¢, and the following estimate

k-1 _

wA . _ . _
ZGXP (m(] +1+a) 9)(] +a)™
j=0

k -
A
< 329/ exp( “ (x+a+ 1)1_9)(Jc—|—a—|— 1)~ dx
< 329(1 _ 9)_1 /ak exp (E((k +a+ 1)1—0 _ t))
<((k+a+1)0 =)~ "0 g
DA
< 32(1—6) exp (%(lﬁ—a—i— 1)1_9)(I<;+a+1)_9
@k WA
_ WA 1)0/(1-0)
X A exp( 179t)(t+ ) dt
DA
< 3%(1— @)~ Lexp (%(k ta+ 1)1—9)(1<; ta)*

o wA
X exp ( — ——t)(t+ 1) =9qt,
/0 ( 1-9 )

where ap, = (k+1+a)' % —(a+1)'7% < (k+1+a)'=? — 1. Then the desired conclusion
(4.13) follows by taking square roots of both sides of the above estimate (A.26).
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