2186

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 68, 2020

Distributed Dual Gradient Tracking for Resource
Allocation in Unbalanced Networks

Jiaqi Zhang ¥, Keyou You

Abstract—This paper proposes a distributed dual gradient
tracking algorithm (DDGT) to solve resource allocation problems
over an unbalanced network, where each node in the network
holds a private cost function and computes the optimal resource
by interacting only with its neighboring nodes. Our key idea is the
novel use of the distributed push-pull gradient algorithm (PPG)
to solve the dual problem of the resource allocation problem. To
study the convergence of the DDGT, we first establish the sublin-
ear convergence rate of PPG for non-convex objective functions,
which advances the existing results on PPG as they require the
strong-convexity of objective functions. Then we show that the
DDGT converges linearly for strongly convex and Lipschitz smooth
cost functions, and sublinearly without the Lipschitz smoothness.
Finally, experimental results suggest that DDGT outperforms ex-
isting algorithms.

Index Terms—Distributed resource allocation, unbalanced
graphs, dual problem, distributed optimization, push-pull
gradient.

I. INTRODUCTION

ISTRIBUTED resource allocation problems (DRAPs) are
D concerned with optimally allocating resources to multiple
nodes that are connected via a directed peer-to-peer network.
Each node is associated with a local private objective function to
measure the cost of its allocated resource, and the global goal is
to jointly minimize the total cost. The key feature of the DRAPs
is that each node computes its optimal amount of resources by
interacting only with its neighboring nodes in the network. A
typical application is the economic dispatch problem, where the
local cost function is often quadratic [1]. See [2]-[5] for other
applications.

A. Literature Review

Existing works on DRAPs can be categorized depending on
whether the underlying network is balanced or not. A balanced
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network means that the “amount” of information fo any node is
equal to that from this node, which is crucial to the algorithm
design. Most of early works on DRAPs focus on balanced
networks and the recent interest is shifted to the unbalanced
case.

The central-free algorithm (CFA) in [2] is the first documented
result on DRAPs for balanced networks, where at each iteration
every node updates its decision variables using the weighted
error between the gradient of its local objective function and
those of its neighbors, and it can be accelerated by designing
an optimal weighting matrix [3]. It is proved that the CFA
achieves a linear convergence rate for strongly convex and
Lipschitz smooth cost functions. For time-varying networks,
the CFA is shown to converge sublinearly in the absence of
strong convexity [4]. This rate is further improved in [6] by
optimizing its dependence on the number of nodes. In addition,
there are also several ADMM-based methods that only work for
balanced networks [7]-[9]. By exploiting the mirror relationship
between the distributed optimization and distributed resource
allocation, several accelerated distributed algorithms are pro-
posed in [10], [11]. Moreover, [12] and [13] study continuous-
time algorithms for DRAPs by using the machinery of control
theory.

For unbalanced networks, the algorithm design for DRAPs is
much more complicated, which has been widely acknowledged
in the distributed optimization literature [14], [15]. In this case,
a consensus based algorithm that adopts the celebrated surplus
idea[15]is proposedin [1] and [16]. However, their convergence
results are only for quadratic cost functions where the analyses
rely on the linear system theory. The extension to general convex
functions is performed in [17] by adopting the nonnegative
surplus method, at the expense of a slower convergence rate. The
ADMM-based algorithms are developed in [18], [19], and algo-
rithms that aim to handle communication delay in time-varying
networks and perform event-triggered updates are respectively
studied in [20] and [21]. We note that all the above-mentioned
works [1], [16]-[21] do not provide explicit convergence rates
for their algorithms. In contrast, the algorithm proposed in this
work is proved to achieve a linear convergence rate for strongly
convex and Lipschitz smooth cost functions, and has a sublinear
convergence rate without the Lipschitz smoothness.

There are several recent works with convergence rate analyses
for their algorithms over unbalanced networks. Most of them
leverage the dual relationship between DRAPs and distributed
optimization problems. For example, the algorithms in [22]
and [23] use stochastic gradients and diminishing stepsize to
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solve the dual problem of DRAPs, and thus their convergence
rates are limited to an order of O(In(k)/v/k) for Lipschitz
smooth cost functions. [23] also shows a rate of O(In(k)/k)
if the cost function is strongly convex. An algorithm with linear
convergence rate is recently proposed in [24] for strongly convex
and Lipschitz smooth cost functions. However, its convergence
rate is unclear if either the strongly convexity or the Lipschitz
smoothness is removed. In [9], a push-sum-based algorithm
is proposed by incorporating the alternating direction method
of multipliers (ADMM). Although it can handle time-varying
networks, the convergence rate is O(1/k) even for strongly
convex and Lipschitz smooth functions.

B. Our Contributions

In this work, we propose a distributed dual gradient tracking
algorithm (DDGT) to solve DRAPs over unbalanced networks.
The DDGT exploits the duality of DRAPs and distributed
optimization problems, and takes advantage of the distributed
push-pull gradient algorithm (PPG) [25], which is also called
AB algorithm in [26]. If the cost function is strongly convex
and Lipschitz smooth, we show that the DDGT converges at a
linear rate O(\¥), A € (0, 1). If the Lipschitz smoothness is not
satisfied, we show the convergence of the DDGT and establish
an convergence rate O(1/k). To our best knowledge, these
convergence results are only reported for undirected or balanced
networks in [10]. Although a distributed algorithm for directed
networks is also proposed in [10], there is no convergence
analysis. The advantages of the DDGT over existing algorithms
are also validated by numerical experiments.

To characterize the sublinear convergence of the DDGT, we
first show that PPG converges sublinearly to a stationary point
even for non-convex objective functions. Clearly, this advances
existing works [25]-[27] as their convergence results are only
for strongly-convex objective functions. In fact, the convergence
proofs for PPG in [25]-[27] require constructing a complicated
3-dimensional matrix and then derive the linear convergence rate
O(X\F) where \ € (0, 1) is the spectral radius of this matrix. This
approach is no longer applicable since a linear convergence rate
is usually not attainable for general non-convex functions [28]
and hence the spectral radius of such a matrix cannot be strictly
less than one.

C. Paper Organization and Notations

The rest of this paper is organized as follows. In Section II, we
formulate the constrained DRAPs with some standard assump-
tions. Section III firstly derives the dual problem of DRAPs
which is amenable to distributed optimization, and then in-
troduces the PPG. The DDGT is then obtained by applying
PPG to the dual problem and improving the initialization. In
Section IV, the convergence result of the DDGT is derived by
establishing the convergence of PPG for non-convex objective
functions. Section V performs numerical experiments to validate
the effectiveness of the DDGT. Finally, we draw conclusive
remarks in Section VL.
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We use a lowercase z, bold letter x and uppercase X to
denote a scalar, vector, and matrix, respectively. x" denotes the
transpose of the vector x. [X|;; denotes the element in the i-th
row and j-th column of the matrix X. For vectors we use || - ||
to denote the lo-norm. For matrices we use || - || and || - || 7 to
denote respectively the spectral norm and the Frobenius norm.
| X'| denotes the cardinality of set X. R™ denotes the set of n-
dimensional real vectors. 1 denotes the vector with all ones, the
dimension of which depends on the context. V f(x) denotes the
gradient of a differentiable function f at x. We say a nonnegative
matrix X is row-stochastic if X1 = 1, and column-stochastic if
XT is row-stochastic. O(+) denotes the big-O notation.

II. PROBLEM FORMULATION

Consider the distributed resource allocation problems
(DRAPs) with n nodes, where each node ¢ has a local private
cost function F; : R™ — R. The goal is to solve the following
optimization problem in a distributed manner:

n
nininise, 2 Fw)

subject to w; €W;, Zwl = Zdl (1)
i=1 i=1

where w; € R™ is the local decision vector of node i, repre-
senting the resources allocated to z. WW; is a local convex and
closed constraint set. d; denotes the resource demand of node
1. Both W; and d; are only known to node ¢. Let d £ Z?:l d;,
then > ; w; = d represents the constraint on total available
resources, showing the coupling among nodes.

Remark 1: Problem (1) covers many forms of DRAPs con-
sidered in the literature. For example, the standard local con-
straint W; = [w;,, w;] for some constants w; and w; is a one-
dimensional special case of (1), seee.g. [1], [16], [17], [20], [24].
Moreover, the coupling constraint can be given in a weighted
form Y " ; A;w; = d, which can be transformed into (1) by
defining a new variable w;, = A,w; and a local constraint set
Wi = {A;w;|w; € W;}.Inaddition, many works only consider
quadratic cost functions [1], [16].

Solving (1) in a distributed manner means that each node
can only communicate and exchange information with a sub-
set of nodes via a communication network, which is modeled
by a directed graph G = (V,£). Here V = {1,...,n} denotes
the set of nodes, £ CV x V denotes the set of edges, and
(4,7) € € if node ¢ can send information to node j. Note that
(i,7) € € does not necessarily imply that (j,i) € £. Define
NI'= {j](.) € €} U {i} and NP = {j|(i, ) € €} U {i} as
the set of in-neighbors and out-neighbors of node i, respec-
tively. That is, node ¢ can only receive messages from its in-
neighbors and send messages to its out-neighbors. Let a;; > 0
be the weight associated to edge (j,i) € €. G is balanced if
D jenn Gij = Y jepom aj; forall i € V. Note that balancedness
isa reiatively strong ‘condition, since it can be difficult or even
impossible to find weights satisfying it for a general directed
graph [29].
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The following assumptions are made throughout the paper.

Assumption 1 (Strong convexity and Slater’s condition):

1) The local cost function F; is p-strongly convex for all
i€V, ie., forany w,w' € R™and 0 € [0, 1],

Fi(0w + (1 — 0)w')

< OF,(w) + (1 - 0)F;(w') — %9(1 —0)||w — w'||.
2) The constraint Y ;" ; w; = d is satisfied for some point in
the relative interior of the Cartesian product WW := W, x

- X W,.

Assumption 2 (Strongly connected network): G is strongly
connected, i.e., there exists a directed path from any node i to
any node j.

Assumption 1 is common in the literature. Note that we do
not assume the differentiability of F;. Under Assumption 1,
the optimal point of (1) is unique. Let F™* and w,¢ € V denote
respectively its optimal value and optimal point, i.e., F* =
Sor , Fy(w}). Assumption 2 is also common and necessary for
the information mixing over a network.

III. THE DISTRIBUTED DUAL GRADIENT
TRACKING ALGORITHM

This section introduces our distributed dual gradient tracking
algorithm (DDGT) to solve (1) over an unbalanced network.
We start with the dual problem of (1) and transform it into a
form for distributed optimization. Then, the DDGT is obtained
by using the push-pull gradient method (PPG [25], [26]) on
the dual problem, which is an efficient distributed optimization
algorithm over unbalanced networks.

A. The Dual Problem of (1) and PPG

Define the Lagrange function of (1) as

L(W,x):zn:F w T(Zn:wid> )
i=1 =1

where W = [wq, ..., w,] € R™*™ and x is the Lagrange mul-
tiplier. Then, the dual problem of (1) is given by
maximize inf L(W,x). 3)
xeRm  Wew

Under Assumption 1, the strong duality holds [30], [31,
Exercise 5.2.2]. The objective function in (3) is written as

n

inf L(W,x) = inf (Fi(w;) + XTWi) —x'd
wew Wwew P
= f {F( —x'
;wué Z{ wz)—i—x wl} x'd
= Z —Ff(—x)—x'd
=1
where
Fi(x) £ sup {W;-I—X — F; (wl)} %)
w; EW;
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is the convex conjugate function corresponding to the pair
(F3, W) [31, Section 5.4]. Thus, the dual problem (3) can be
rewritten as a convex optimization problem

e 092 3719, £ 2 FL () 574,65
or equivalently,

miimize 325

subjectto x; = - = Xj. (6)

Recall that strong duality holds, and therefore problem (6) is
equivalent to problem (1) in the sense that the optimal value of
(6)is f* = —F™ and the optimal point x] = --- = X}, = X* of
(6) satisfies F;(w?) + F(—x*) = —(w})Tx*. Hence, we can
simply focus on solving the dual problem (6).

The strong convexity of F; implies that F;" is differentiable
with Lipschitz continuous gradients [30], and the supremum in
(4) is attainable. By Danskin’s theorem [31], the gradient of F}'
is given by VF}(x) = argmax,cyy, {x'w — F;(w)}. Thus, it
follows from (5) that

Vfi(x) = —~VF/(—x) + d;

= —argmin{x'w + F;(w)} + d;. (7
wew;

The dual form (6) allows us to take advantage of recent
advances in distributed optimization to solve DRAPs over un-
balanced networks. For example, distributed algorithms are
proposed in [32, gradient-push], [33, Push-DIGing], [34, Ex-
traPush], [35, DEXTRA], [36] to solve (6) over general di-
rected and unbalanced graphs. Asynchronous algorithms are
also studied in [37]-[40]. In particular, [25] and [26] propose
PPG algorithm (or called AB in [26]) by using the idea of
gradient tracking, which achieves a linear convergence rate if the
objective function f; is strongly convex and Lipschitz smooth
for all <. Moreover, PPG has an empirically faster convergence
speed than its competitors (e.g. [33]), and its linear update rule
is an advantage for implementation. The compact form of PPG
is given as

A= 3 e (<~ o)

jens
vidi= 2 by + V5 () - VA (7)) ®
JeN

where a;; > 0 for any j € N" and > jenn aij = 1,b; > 0 for
any i € N Mand .. N bij =1, aisa positive stepsize, and

x{" 0 = VfixY),viev.

aims to asymptotically track the

global gradient V f(X},) and the update for x,(c) enforces it to

converge to X; while performing an inexact gradient descent

step, where xj, = 1 Zz 1 x,g) is the mean of nodes’ states. We

refer interested readers to [25], [26] for more discussions on
PPG.

and y;’ are initialized such that y

Intultlvely, the update for y,, ()
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Algorithm 1: The Distributed Dual Gradient Tracking
Algorithm (DDGT) — From the View of Node .

()

* Initialization: Let W~ = 0, w(()i) =0, s(()i) =d;“
eFork=0,1,... K, repeat
1: Receive Vv](c/) = wg) + ozs](j) and §](€”) = b,;js,(j) from

its in-neighbor j.
2: Compute W,(gl, w,(;J)rl and sg}rl as (9).

3: Broadcast w,(vj_l and's sk 1 to each of out-neighbors.

* Return wg()

“If only the total resource demand d is known to all nodes, then we can

simply set séi) = %d, which can be done in a distributed manner [17].

B. The DDGT Algorithm

We are ready to present the DDGT algorithm. Plugging the
gradlent (7) into (8) and noticing that the d; term is cancelled in

Vfl(ka) Vfl(xk ), we have
ngl = Z aij ( ) —i—as(])) (9a)
JENT
W](gl = argger;lvip {F, (w) — WTW,(;L} , (9b)
Sk+1 Z bljs ( o F1 7 Wl(cl)) : %)
Jjenin

where notations have been changed to keep consistency with the
primal problem (1), i.e., x,(j) = (l) and y,(C) (1).
The DDGT is summarized in Algorlthm 1 and we now elab-

orate on it. After initialization, each node i iteratively updates

three vectors w,i ), w,g " and s](j). In particular, at each iteration

(J) (J) (4) (ﬂ)

=w;’ +as; and s Sy b”s,(j) from

each of its in- nelghbors J, and updates w,(gll accordmg to (9a),

where a;; is positive for any j € NI such that Y je Nm a/ij =1

as with (8), and « is a positive stepsize. The update of s )in (9¢)
is similar, where b;; > 0 for any ¢ € N"“‘ and ZlEqu bi; = 1.

This process repeats until terminated. We set a;; = b;; = 0 for
any (7,¢) ¢ & for convenience. Define two matrices [A];; = a;;
and [B];; = b;j, then A is a row-stochastic matrix and B is a
column-stochastic matrix. Clearly, the directed network associ-
ated with A and B can be unbalanced.

Remark 2: In practice, one can simply set a;; = |[N;"|~* and
bij = N7, and then all conditions are satisfied. Note that
this setting requires each node to know the number of its in-
neighbors and out-neighbors, which is common in the literature
of distributed optimization over directed networks [32]-[35].

Notably, the initialization for DDGT exploits the structure of

the DRAPs and improves that of PPG. By PPG, w(z) and s(z)

should be exactly set as w(() = w and s(()z) =d; — w}, where

W = argmin,,, F;(w) is a local minimizer. In DDGT, the
computation of W} is actually not necessary since the update

in w((f) and s(()i)

node i receives W

without w7 and the update with it become
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equivalent after the first iteration due to the special form of
V fi(x). Clearly, the former is simpler and is adopted in DDGT.
The update of wl(;) in (9b) requires finding an optimal point of
an auxiliary local optimization problem, which can be obtained
by standard algorithms, e.g., projected (sub)gradient method or
Newton’s method, and can even be given in an explicit form for
some special cases. Note that solving sub-problems per itera-
tion is common in many duality-based optimization algorithms,
including the dual ascent method and proximal method [41].

Remark 3: Consider two special cases. The first one is that
the local constraint set VV; = R™ and F; is differentiable as
in [4]. Then, (9b) becomes

w — v iR )

k41 k1 (Ob)

where V~!F; denotes the inverse function of VF, ie.,
V- 1F(VF;(x)) = x forany x € R™.

The second case is that the decision variable is a scalar, WV, is
an interval [w;, W;], and F; is differentiable as in [1], [17], [20].
Then, (9b) becomes

w;, if v'Rw!),) >,
w,(fll w;, if V'1F(w ())<w
VIR ),

(96"

otherwise

which is in fact adopted in [1], [17], [20]. Hence, (9b) can be
seen as an extension of their methods. |

An interesting feature of DDGT lies in the way to
handle the coupling constraint ), ; w,(f) d. Notice that
DDGT is simply initialized such that Wo) =0,V2 €V and
Dy sé’) d. By summing (9¢) over i = 1,...,n, we obtain
thaty ;" 1(wk) + s(z)) =3 1(Wé) (Z)) = d. Thus, ifs,(;)
converges to 0, the constraint is satisfied asymptotically, which
is essential to the convergence proof of the DDGT.

By strong duality, the convergence of DDGT can be estab-
lished by showing the convergence of PPG. However, existing
results, e.g., [25]-[27], [42] for the convergence of PPG are
established only if f; is strongly convex and Lipschitz smooth.
Note that f; in (6) is often not strongly convex due to the
introduction of convex conjugate function F}", though F; in (1)
is strongly convex [30]. This is indeed the case if F; includes ex-
ponential term [43] or logarithmic term [44]. Without Lipschitz
smoothness for F;, we can only obtain that f; is differentiable
and i-Lipschitz smooth [45, Theorem 4.2.1], i.e

V() = VAW < k=l VieVixyeR".

(10)
Thus, we still need to prove the convergence of PPG for non-
strongly convex objective functions f;. Particularly, a crucial
step in the convergence proof of PPG in [25], [26] uses a compli-
cated 3-dimensional matrix whose spectral radius is strictly less
than one for a sufficiently small stepsize. Then, PPG converges
at a linear rate. This does not work here since the spectral radius
of such a matrix cannot be strictly less than one if f; is not
strongly convex. In fact, we cannot expect a linear convergence

rate for the non-strongly convex case [28].
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Next, we shall prove that PPG converges to a stationary point
at a rate of O(1/k) even for non-convex objective functions,
based on which we show the convergence and evaluate the
convergence rate of DDGT.

IV. CONVERGENCE ANALYSIS

In this section, we first establish the convergence result of
PPG in (8) for non-convex f;, which is of independent interest
as the existing results on PPG only apply to the strongly convex
case. Then, we show the convergence of the DDGT and evaluate
the convergence rate for a special case.

A. Convergence Analysis of PPG Without Convexity

Consider PPG given in (8). With a slight abuse of notation,
let f; be a general differentiable function in the rest of this
subsection. Denote

Xk = x,gl), .. x,(:')} e R™™
T
Yy = YS%.U7Y$W € R™™

Vi, = (1)

:Vfl(xl(cl))7 .,V (Xl(cn)ﬂT o prm

and

s
Ai'z 17
Al {Q

Note that A is row-stochastic and B is column-stochastic. The
starting points of all nodes are set to the same point xy for
simplicity.

Then, (8) can be written in the following compact form

if (j,1) € €

otherwise,

whz{mﬁﬁumeg

0, otherwise.

Xk+1 = A(Xk — aYk)

= BYk + ka;+1 -

(12a)

Y1 \% ¢ (12b)

The convergence result of PPG for non-strongly convex or
even non-convex functions are given in the following theorem.

Theorem 1 (Convergence of PPG Without Convexity): Sup-
pose Assumption 2 holdsand f;,7 € Vin (6)is differentiable and
L-Lipschitz smooth (c.f. (10)). If the stepsue « 1is sufficiently
small, i.e., « satisfies (28) and (43), then {xk },i € V generated

by (8) satisfies that

3La?(L2cE + c3)
~(1—-0)k

k
f(x0) = f*
g ViEIP < =7

?’r\'—‘

o (viLeg +e2) (1+ 512, V(%))

+ ~v(1 —0)k

13)

where X, = Z? 1 WX)XS), 74 1s the normalized left Perron

vector of A, and 0, cg, co, 7, ko are positive constants given in
(27), (31), (44), (45) of Appendix, respectively.

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 68, 2020

Moreover, it holds that
Z X —1%{[|F < =0k

and if f is convex, f(Xy) converges to f*.

The proof of Theorem 1 is deferred to the Appendix.
Theorem 1 shows that PPG converges to a stationary point
of f at a rate of O(1/k) for non-convex functions. The order
of convergence rate is consistent with the centralized gradient
descent algorithm [41]. Generally, the network size n affects the
convergence rate in a complicated way since it closely relates to
the network topology and the two weighting matrices A and B. If
oA, 0B, 0aF and dgg in Lemmas 2 and 3 of Appendix do not vary
with n, which holds, e.g., by setting A = B in some undirected
graphs such as complete graphs and star graphs, then it follows
from (27), (28), (31) and (44) that § = O(1), a = O(1//n),
¢o = O(y/n) and v = O(«). Then, (13) ensures a convergence
rate O(n/k), which is reasonable since the Lipschitz constant L
is defined in terms of local objective functions, and the global
Lipschitz constant generally increases linearly with n, implying
a convergence rate O(n/k) even for the centralized gradient
descent method [41, Section 6.1].

202
200 1

k
Wf DlI?

(14)

B. Convergence of the DDGT

We now establish the convergence and quantify the conver-
gence rate of the DDGT.

Theorem 2 (Convergence of the DDGT): Suppose Assump-
tions 1 and 2 hold. If the stepsize o > 0 is smaller than an
upper bound given in (28) and (43) with L replaced by 1/, then
{W,(;)},i € V in Algorithm 1 converges to an optimal point of
(1), i, limy oo w') = w,Vi € V.

Proof: Under Assumption 1, the strong duality holds be-
tween the original problem (1) and its dual problem (6). Recall
the relation between the DDGT (9) and PPG (8). We obtain
that f(Xy) converges to f* by the convexity of the dual problem
and Theorem 1, and f* = —F* = —L(W*,x) forany x € R™.

Moreover,
= L(W*a)_(k:) - L(Wk,)_(k)
> O L(Wie, )T (W* = W) + S| Wi = W3

> SIwi = w3 (1s)
where L(W,x) is the Lagrange function in (2), W* =
(wi,...,wi] and Wy, = [w'”, ..., w\"]. The first inequality
follows from the strong convexity of F' by Assumption 1 and
the second inequality uses the first-order necessary condition for
a constrained minimization problem. The convergence of w,(j)
is obtained immediately from (15).

The stepsize condition follows from Theorem 1 and the Lip-
schitz smoothness of the dual function (c.f. (10)). |

Remark 4: We note that it is possible to extend the DDGT to

time-varying networks [17], since the convergence of the DDGT
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essentially depends on that of PPG, and a recent work [27] shows
the feasibility of PPG over time-varying networks for strongly
convex functions.

C. Convergence Rate of the DDGT

As in [4] and [10], this subsection focuses on the special
case that YW; = R™ and F; is differentiable for all 7 € V for
the convergence rate characterization, since the constrained
case involves more complicated concepts and notations such
as subdifferential.

Under Assumption 1, it follows from [30] that the Karush-
Kuhn-Tucker (KKT) condition of (1)

VE (W]) = = VF,(wy), (16a)
> wi=d (16b)
=1

is a necessary and sufficient condition for optimality. The con-
vergence rate of the DDGT is in terms of (16).

Theorem 3 (Convergence Rate of the DDGT): Suppose that
W; = R™, F; is differentiable for all 7, and the conditions in
Theorem 2 are satisfied. Let VFj, = 1 >0 | VF, (W](;)), then

{wk )} generated by the DDGT satlsﬁes that
d||2>

;2_: (Z IVEy(w

~VE|* +| Zwt

i=1

2(f(x0) — f*)  6La?(L?c3 +c3)  4ncd(p® +1)
N () 2(1—0)k
a(ViiLeo+ea) (14 X0, IVF &) I2) /1
* F(T= o)k o (kr)

where all the constants are defined in Theorem 1.

Moreover, if F;,i €) has Lipschitz continuous gra-
dients, then > I ; ||w,(€i) —wZ||* converges linearly, i.e.,
S W — w2 < O(AF) for some A € (0,1).

Proof: Since W; = R™, it follows from (9b) that x|} | =
~VF;(w{),). Thus,

3~ (wi?) - 77

IR O & WO Lot x|
S o = | (1)

1 2
<ol (I—1%) Xi|% + 2H (m} - n11T) XkHF

2
= 2| X — 1%L ||% + 2” ( 17 - ]_ﬂ'A) (X5, — 1x]) H
F

< 2n|| X, — 1] % (17)

where X, is defined in (11), X3 and 74 are defined in
Theorem 1. The first inequality uses the relation ||a + b||? <
2||al|? 2, and the last inequality follows from ||211T —
1rh]2 <n— 1.
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On the other hand, it follows from (7) and (9b) that
Sl = -3 vs ()
i=1 i=1
- <Vf(>‘<k) +> (Vhilx

i=1

¢ - Vfi@-ck)))

Taking the norm on both sides yields that

n .
Z W](;) —-d
i=1

2

W2 +20 > |VED) - ok

i=1
2 Z”X

—ZHXk —1x]
"

< 2|V f(xk Vfi(x

< 2||VF O +

— Xl

=2||V f (X L% (18)

)Z +
where we use ||a+ b||? < 2[|al|? + 2||b||* again and the
Cauchy-Schwarz inequality to obtain the first inequality, and
the second inequality follows from (10). Combining (17) and
(18) implies that

2

5o (s) -+ |
<olf ol + ) k)

The desired result then follows from Theorem 1.

The linear convergence rate in the presence of Lipschitz
smoothness can be similarly obtained by following the linear
convergence of PPG for strongly convex and Lipschitz smooth
objective functions ([26, Theorem 1] or [25, Theorem 1]), which
is omitted to save space. |

Theorem 3 shows that the DDGT converges at a sublinear rate
O(1/k) for strongly convex objective functions, and achieves
a linear convergence rate if Lipschitz smoothness is further
satisfied. In view of Theorem 1, the explicit form of the term
corresponding to O(1/k?) in Theorem 3 can be obtained after
tedious computations.

V. NUMERICAL EXPERIMENTS

This section validates our theoretical results and compares
the DDGT with existing algorithms via simulation. More pre-
cisely, we compare the DDGT with the algorithms in [17],
[24] and [10, Mirror-Push-DIGing]. Note that [10] does not
provide convergence guarantee for Mirror-Push-DIGing, [17]
has no convergence rate results, and [24] only shows the con-
vergence rate for strongly convex and Lipschitz smooth cost
functions. Moreover, the algorithm in [24] involves solving a
subproblem similar to (9b) per iteration and [17] adopts the
update in (9b”) which is a special case of (9b), and hence the
computational complexities of the two algorithms are similar
to DDGT per iteration. In contrast, Mirror-Push-DIGing [10]
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The communication network in [46] and [47].

DDGT

= = = - Algorithm in [24]
Algorithm in [17]

--------- Mirror-Push-DIGing [10]

1 L, L L L L 1 1
150 200 250 300 350 400 450 500
Number of iterates

Fig.2. Convergence rate w.r.t the number of iterations of different algorithms
with quadratic cost function F; (w;) = a;(w; — b;)2.

requires computing a proximal operator, which may have higher
computational costs.

We test these algorithms over 126 nodes connected via a
directed network, which is a real Email network [46], [47].
Each node i is associated with a local quadratic cost function
Fz(wz) = ai(wi — b,)Q where a; ~ Z/{(O, 1) and bi ~ N(O,4)
are randomly sampled. Note that the quadratic cost function
is commonly used in the literature [10], [17], [24]. The global
constraint is 3,29 w; = 50.

We first test the case without local constraints by setting W; =
R™. The stepsize used for each algorithm is tuned via a grid
search,' and all initial conditions are randomly set. Fig. 2 depicts
the decay of distance between w,(;) and the optimal solution
with respect to the number of iterations. It clearly shows that the
DDGT has a linear convergence rate and converges faster than
algorithms in [17], [24] and [10].

To validate the theoretical result for strongly convex cost func-
tions without Lipschitz smoothness, we test the algorithms with
a quartic local cost function F(w;) = a;(w; — b;)? + ¢;(w; —
d;)*, where ¢; ~ U(0,10) and d; ~ N(0,4) are randomly sam-
pled. Clearly, this function is strongly convex but not Lipschitz
smooth. All other settings remain the same and the result is plot-
ted in Fig. 3, where the Mirror-Push-DIGing [10] is not included
because its proximal operator is very time-consuming, and an
approximate solution for the proximal operator often leads to a
poor performance of the algorithm. The dotted line in Fig. 3 is
the sequence {100/k} with &k the number of iterations. We can
observe that the convergence rates of all algorithms are slower

IThe grid search scheme works as follows. For each algorithm, we select a
“good” stepsize by inspection, and then gradually increase and decrease stepsizes
around the selected one with an equal grid size, respectively. Then, we find the
fastest one among all the tried stepsizes.
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DDGT

= = =+ Algorithm in [24]
) Algorithm in [17]

100 150 200 250 300 350 400 450 500
Number of iterates k

0 50

Fig. 3. Convergence rate w.r.t the number of iterations of different algorithms
with quartic cost function F; (w;) = a;(w; — b;)? + ¢; (w; — d;)2.

DDGT
= = = - Algorithm in [24]
= Algorithm in [17]

100 150 200 250 300 350 400 450 500
Number of iterates k

0 50

Fig. 4. Convergence rate w.r.t the number of iterations of different algorithms
with quartic cost function Fj(w;) = a;(w; — b;)? + ¢;(w; — d;)* and local
constraint —2 < w; < 2, Vi.

than that in Fig. 2, but the DDGT still outperforms the other
two algorithms. Moreover, it is interesting to observe that the
DDGT and the algorithm in [24] have near-linear convergence
rates, though the theoretical convergence rate for the DDGT is
O(1/k).

Finally, we study the effect of local constraints on the conver-
gence rate. To this end, we assign each node a local constraint
—2 < w; < 2, and test all algorithms with the setting of Fig. 3.
The resultis depicted in Fig. 4, which shows that the convergence
of the DDGT is essentially not affected, while the algorithm
in [24] is heavily slowed compared with that in Fig. 3.

VI. CONCLUSION

We proposed the DDGT for distributed resource allocation
problems (DRAPs) over directed unbalanced networks. Con-
vergence results are provided by exploiting the strong duality
of DRAPs and distributed optimization problems, and taking
advantage of the PPG algorithm. We studied the convergence
and convergence rate of PPG for non-convex problems and
obtained that the DDGT converges linearly for strongly con-
vex and Lipschitz smooth objective functions, and sub-linearly
without the Lipschitz smoothness. Future works are to provide
tighter bounds for the convergence rate, design asynchronous
versions [37], [38], study quantized communication [48], and
design accelerated algorithms [49]. In particular, an interesting
idea to accelerate the DDGT is to add a vanishing strongly
convex regularization term to the dual problems of DRAPs,
which may allow a larger stepsize in the early stage and hence
possibly lead to faster convergence.
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APPENDIX
A. Preliminary Results on Stochastic Matrices

We first introduce three lemmas from [25], [26].

Lemma 1 ([26], [42]): Suppose Assumption 2 holds. The
matrix A has a unique unit nonnegative left eigenvector w4
w.r.t. eigenvalue 1, i.e., 7y A =71 and 7/,1 = 1. The matrix
B has a unique unit right eigenvector wp w.r.t. eigenvalue 1,
ie,Brp=mpand 75l = 1.

The proof of Lemma 1 follows from the Perron-Frobenius
theorem and can be found in [25], [26].

Lemma 2 ([50], [25], [26]): Suppose Assumption 2 holds.
There exist matrix norms || - ||a and || - ||g such that o = || A —
17l ||a < landog £ ||B — 717 ||g < 1.Moreover, oa and og
can be arbitrarily close to the second largest absolute value of
the eigenvalues of A and B, respectively.

A method to construct such matrix norms can be found in the
proof of Lemma 5.6.10 in [50].

Lemma 3 ([25], [26]): There exist constants Jga, aF, OFB
and dgf such that for any X € R™*", we have

1 XIl7 < orall XTla, X1 < dra] Xl
[ XA < oarll Xlle, 1 X8 < derl| X |~

Lemma 3 is a direct result of the norm equivalence theorem. If
A and B are symmetric, which means the network is undirected,
then Sar = dgr = 1 and d0pp = OFg = \/ﬁ
Note that the norm || - || defined in Lemma 2 is only for
matrices in R™*". To facilitate presentation, we slightly abuse
the notation and define a vector norm ||x|[a = ||ﬁx1T|| a for
any x € R™, where the norm in the right-hand-side is the matrix
norm defined in Lemma 2. Then, we have
[ Mx||a =

=M < 107 | 2= | = 1l

l—=
\/>
where the first equality is by definition and the inequality follows

from the sub-multiplicativity of matrix norms. Moreover, for
any matrix X = [x1,...,X;,] € R, define the matrix norm

| X|la=+/>i [|x:]|Z. Recall that m is the dimension of x

and hence the definition is distinguished from that in Lemma 2.
We have

IMX [ = My, Ml = /S M

< /30 I el = 1A X

Therefore, for any M € R™*™, X € R™™, and x € R", the
following relation holds

[MX||a < [[M]|al|XT|a, [[Mx[la < [[M]|allx]a- (19)

Similarly, we can obtain such a relation based on the matrix
norm || - ||g defined in Lemma 2.
Next, we define three important auxiliary variables:

(120)

e 2 Xima, v 2V ma, v 21 ST VEL (20
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where X, is a weighted average of x,(j) that is identical to the
one defined in Theorem 1, y, is a weighted average of y,(:), and
Y is the sum of y,(f).

Finally, for any X =

VE(X) =

[X(l), . ,x(")}T € R™m et
VDY), .V fa(xM)T € R,

and let p(X ) denote the spectral radius of matrix X.

B. Proof of Theorem 1
Step 1: Bound || X}, — 1x]||a and |V}, — 75¥ 1|8
It follows from (9) that
[ Xkr1 — 1%] 41l
= ||[AX} — 15(-,2 -« (A — 17r£) Yilla
= [[(A—17) [(Xk = 1%5) — o (Vi = 7531) — o75Yi] ||
< oAl Xx — 1%[|la + aoal|Y — 75Yilla + aoal T Llla

< oal| Xk — 1%L [|a + aoadardes| Ve — 7Y Ll8

1
+ a0A5AF||51T(Vf(Xk) — Vf (1x]) + VE(1x]))||

QUA§AF

IV )

< aoadardrs||Yr — mBY LB + ———
OzO'A(SAFL

+ (UA + Tn ) [ X% — 1>_<£||A

where we use Lemma 2 and (19) to obtain the first inequality,
the second inequality is from Lemma 3 and (20), and the last
inequality follows from the L-Lipschitz smoothness.

Now we bound ||V}, — 75y} ||s. From (12) we have

2D

1Yis1 — 75954 ll8

= | BYy = 753}, + (Vi1 — Vi) = (7741 — 78918
= (B =mp1")(Ys = 7597) + (I — 7317 (Vi1 — V)8
< o8|V — m5Yills+Losr ||/ —7p1T |8 ]| Xkt1 — Xkl r

< 0|V — 7Y} + Lose| X1 — Xillr- (22)

where the last inequality follows from || I — 731T||g = 1, which
can be readily obtained from the construction of the norm || - ||g
[50, Lemma 5.6.10]. Moreover, it follows from (12a) that

[Xkt+1 — XillF = [|[AXy — Xk — aAY[|p
= (A= D)(X), — 1x]) — aAYi |
< A= I[[| Xk — 1%L 7 + | A(Ye — 755 + 750 || F
< 2v/n| Xk — 1] || r + al| Al (Ve — 753l 7 + 1759 LIF)
< 2v/ndeal| X — 1x1||a + av/n(desl|Yi — 75y ills + ¥4I
< 2v/ndeal| Xk — 1%L ||a + avndes||Yi — 75358

+ a\/ﬁ(SFBH%lT(Vf(Xk) -

< (adrsL + 2v/ndea)l| Xy, — 1%L
adrB

N IV )

VE(1x]) + VE(x)))|

+ a/néors||Yie — mYk|B +
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where we used || A|| < /n. The above relation combined with
(22) yields

Vi1 — 7891 e1lle
< (o8 + Lay/néeedes) ||V — 75318
+ (2L\/E5BF5FA + LQOZ(SBF(;FB)HXIC — IXZHA
Ladrgipr
vn
Combing (21) and (23) implies the following linear matrix
inequality

IVf(x0)]l- (23)

||Xk+1 — 1)_(;+1||A Pll P12 HXk - 1)_{-};”'6‘
||Yk+1 —71'35’-]5_‘_1||B Py Pao HYk —WB}A’ZHB
2 g 2p 2 7
o ondar ||V f(xk)]| (24)
n L(sBF(sFB\/ﬁ”Vf(Xk)”

A
= U
where < denotes the element-wise less than or equal sign and
LO(OA(SAF
vnol
Pyy = Logr(adrsL + 2v/ndra), Paa = 0B + Lay/ndsrors
Note that p(P) < 1 for sufficiently small «, since

Py =oa+ P13 = aopdardrs

lim P =

a—0

OA 0
2L\/ndproFa 0B

has spectral radius smaller than 1.
The linear matrix inequality (24) implies that

k—1
zi < PFlzi 4> P lug (25)
t=1

Let 67 and 05 be the two eigenvalues of P such that |02] > [601],
and @ £ p(P) = |f,], then P can be diagonalized as

0, O

0 O]
Let U = \/(Pu — P29)? + 4 P15 P> Note that the analysis so
far holds if o is replaced by any value in (oa, 1) (similar for og),
and hence we assume without loss of generality that oa # op
to simplify presentation. In that case, ¥ is lower bounded by

some positive value that is independent of «, say W. With some
tedious calculations, we have

P=TAT' A= (26)

Py + Py — ¥
= ————
2
P, P v
=0y — 11 + 22 +
2
1 L 1)
== <UA+UB+CM:+L04\/E5BF§FB+\I’). 27
2 Vn
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By letting § = 0 < 1, we obtain that « should satisfy

- (1—on)(1—o08)
Lorgosr(20a0aFdrs + (20a0AF0FA + 1)y/n)

Moreover, T and 7! in (26) can be expressed in an explicit
form

(%

(28)

P11 —Por—W Py —Py+W¥ _ Py P11 — PtV

T — 2P21 2P21 T*l — 'z 2W
1 1 ’ Psy Py — P11+

v 2W

It then follows from (26) that

0= Pk =1AFT1

_ 9?‘5%9 + (P11*P222\I)j(9§*91f) %(9129 _ Qlf)
%(95 L 9'1”595’ + (P11*P222\I)j(9f*9§’)
. 1 1/¥
(2L+/négedea + L)/ T 1

where we used [Py — Pao| < ¥, U > ¥, and the bound (28) to
obtain the inequality.
Combining (24), (25) and (29) yields that
k-1
1Xe = 1511+ < 06" + 10 3 07V F (R

t=1
k-1
Vi = 79 tllr < 26" 4+ csa > 0" M|V F(xe0)l| (30)

t=1

where cg, c1, co and c3 are constants given as follows

n 1/2
) 5
co = ||Yo — m590|ls/¥ < % (Z ||Vfi(x0)||2>
i=1

o opdaF  LOBroFs
1 - NG
n 1/2
c2 = ||Yo — 75¥5ls < der (Z ||Vfi(xo)||2>
i—1
2L L L
oy = /NOBFIOFA + n 5BF5FB. 31)

n¥ vn

Step 2: Bound ||y ||

From (12) and the L-Lipschitz smoothness, we have

F0) < F(0) — o FT50+ L gl ()
Note that
Vi =Yoma = (Y — 7By} +7BYL) A
= (Y — WBSI;;)TWA + Y,JlWEWA
= (Vi — maY}) 7w + (VE(Xy) — VEAX])) 17 LA

+ mpmAV f(X) (33)
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where we used the relation Y1 = Vf(X;)"1
VE(1%])"1 = V f(X;). Then, we have

— V (%) Yk
= V() (VE(Xy) — VEAX]) 1nLh7a
— V&) (Y = wpYE) 7 — mpmal|Vf (%)
< —mpmal V&R + Lvn| V(&) || X — 1% ]|
+HIV &Y = mBilr (34)

where we used ||mal| <1, and the Lipschitz smoothness
VE(Xx) — VE(1x])||F < L|| X% — 1%} ||+ to obtain the last
inequality.

Moreover, it follows from (33) and the relation ||a + b +
|> < 3lalf? + 3[[b|]2 + 3| that

761 < 3 (Ye — 7m53%) Tmall® + 3| mpmaV f (%) ||
+ 3||(VE(Xy) — VE(Ix])) 1 pmal?
< 3||Yi — mayill? + 3(mpma)’ |V f (%)
+3 L?n|| X, — 1x,||%

and

(35)

Step 3: Bound >V  ||Vf(x

k
i1 1 Xe — 1x{ 1%
We first bound the summation of the terms ||V f(X;)|||| X —

I X — 1x]|| and

1x]||F and |V f(x)|||Y: — 7BY] || 7 in (34) overt = 1,. .., k.
It follows from (30) that
IV £ (&0) 11 X5 — 1%
k-1
< ot VR |+ cral VA0V (Ri) |
t=1
(36)
Then, define
9y = [002,02,...,0,1,0,...,0]" € R
T
Y9, = 10,...,0,1,0,...,0| eRF
——
t—1
vk = [IVF&), - IV &) € R
01 0 gF—2
N o 1 ... @1
ék = Zﬁt’l’g;r == :
=t 0o 1
0

where 6 is defined in (27). Note that Vf(X;) = vj0; and
0|V f(Xk_+)|| = vi9:, which combined with the relation
IV F(x0)ll < 1+ [9£ ()] and (36) yields

Z IV &) 1X: — 1% || o
k
<0029t M4 V&P + e Y IV F ()19 v
t=1 t=1

Authorized licensed use limited to: NORTHWESTERN POLYTECHNICAL UNIVERSITY.

2195
S7- 6‘ (xt)||2+cla;vkﬂt Top
. k
< 1 _09 (%0)|1% + crovf Oy 37)
=1
The last term v} © vy, in (37) can be bounded by
O, + 67 1 - . ol
of6uvn = o 2Oy < 5@ 4+ O]l < 1L

where the last inequality follows from p(© + O) < ||Oy, +
Orllt < [|Okl1 + Okl < 125- Thus, we have from (37) that

k

Yo IVIE)INIX: — 1x]||r

t=1

%) + %)

€o
=72 A

(38)

Similarly, we can bound Zle IV f(x
follows,

DIIIY: = 7557 || r as

k
S IVIEIINY: — 7537 e
=1

x)|* +

%)%

C2
~1-90 ~

Next, we bound Zle | X: —1x]||% and Zf 1Y —
78]\ %. We first consider 5, || X; — 1%]||%. Forany k € N,
define

Ve = [co, 10| VXD, - .., 10|V (Re1)|]T € RF

by = 10171002, ...,0,1,0,...,0]" € RF

k
O = puo; € RFH

t=1

where the elements are defined in (27) and (31). Clearly, Oy is
nonnegative and positive semi-definite. We have from (30) that
| X: — 1%/ || r < v] ¢+, and hence

k
S OIXe =157 < viOw < Okl (39)

[©k]i; be the element in the i-th row and
j-th column of . For any 0 < ¢ < j < k, we have

[Okli;
k k
= Z gt—itlgt—i+1 _ Z g2t—i—j+2
t=j—1 t=j-1
027-2(1 — p2(k—i+2) g gi-i(1 — g2(k-3+2))
B 1— 62 B 1 - 62

Downloaded on January 14,2021 at 01:11:07 UTC from IEEE Xplore. Restrictions apply.



2196

Since Oy, is symmetric, ||Oy || equals to its spectral radius. By
invoking the Gershgorin circle theorem, we have

k j k
O]l < maXZ [Ok)ij = max [ > [Ok]i; + > Okl
i=1 J i=1 i=j+1
I J
:mjaX Z@kaF Z ®k
’L 1 i=j+1
[ J "—z 2(k—j+2)
67 -0 )
= mjax Zzzl 1_ 02
k
gi—Ji 1 _ 92(k 1+2))
+ > 4
i=j+1
— 09 (] — 92(k—3+2)
R (1—-607)(1-190 )
J (1-0)(1-102)
O(1 — k=7 4 92(F=7+2) (1 — gi—Fk)
i - o)1 - ) }
—k (14+62)(1—0%) < 2
1-0 —1-6
It then follows from (39) that
k 9 k-1
doIX —1x]|% < T3 g+ ca® Y |V ||2]
t=1
k-1

C2 + 03062 Z ||Vf

IIZ]

(40)

d 2
Z 1Y — 71'B$’t||%“ < 1-90
t=1 N

Step 4: Bound 35 | ||V /(%))
Combining (32), (34) and (35) implies that

f(Xk41)
i T Loa?
< f&) = oV () 5i + =[5l

3La7TB7rA )

< F(%8) — anlma (1 - IV 7 )l

3La?
+ alVFE)IIYe = 735l F + 7||Yk — 1Y illE

3L32
+

(41)

Summing both sides of (41) over 1,. .., k, we have

) S5
k

t=1
< fx0) = f(Rr) +a > _IVAE)NY: = 763/ |IF

t=1

1 3Larkma

arhma (1- 27 I
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k
Z ||Yt - 7TBYt||F + L2||Xt - 1Xt HF)
t=1

k
+ ZLQ\/ﬁHVf(it)HHXt —1x{ | r
t=1

3La?(L2ct + c3)
1-6

a(y/nLey + c2)

*
I 1-6

< f(x0) —

3Lat (1232 + 2) & )
% S IV

t=1

MZ”VJC

)|

+ |17

E

a(VnLeo +ea) Y 07|V f(x)|?

t=1

(42)

where the last inequality follows from (38) and (40).

We can move the terms related to Ele |V f(x)]|? in
the right-hand-side of (42) to the left-hand-side to bound
Zle |V £(%:)||?. To this end, the stepsize o should satisfy

o< <3L7r;7r,4
2

2+3 L3+ Lyn(co+c1) +ca+cs
(1—0)rhma

3 L3¢
+ ) (43)
which is followed by

3LQWEWA
2

a3 L3¢ +3 Le3 + Ly/n(co + ¢1) + ca + ¢3)
(1—0)rhma

v £ 0477%77,4 (1 —

) >0

(44)

k a
If 6 S 16’ 1.€.,

In(c) — In(1 — )

k>ky=
= RO 111(9) )

(45)
then it follows from (42) that

- La2(L2c2 2
VYV < flxo) = f* + ?W

t=1

a(y/nLcy + 02)

+ a(vnLeg + c2) ZHVf )|I?

1-0)
Thus, we have
Z IV £(xe)|2 < f(xo) — f* N 3La(L2c2 + c2)
' vk V(1= 0)k
(\FLco—&-cQ)(l-yz IV FGIP)
(1 —0)k

which is (13) in Theorem 1. The inequality (14) follows from
(40) immediately.
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Now we look back at (41). Jointly with (13), (38), (40) and
(41), it follows from the supermartingale convergence theo-
rem [41, Proposition A.4.4] that f(Xj) converges. If f is further

convex, it follows from the convergence of Zle IV f(x¢)

[

that f(Xj) converges to f*.
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