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Abstract—This article considers distributed nonconvex opti-
mization for minimizing the sum of local cost functions by using
local information exchange. In order to avoid continuous com-
munication among agents and reduce communication overheads,
we develop a distributed algorithm with a dynamic exponentially
decaying event-triggered scheme. We show that the proposed al-
gorithm is free of Zeno behavior (i.e., finite humber of triggers
in any finite time interval) by contradiction and asymptotically
converges to a stationary point if the local cost functions are
smooth. Moreover, we show that the proposed algorithm exponen-
tially converges to the global optimal point if, in addition, the global
cost function satisfies the Polyak-tojasiewicz condition, which
is weaker than the standard strong convexity condition, and the
global minimizer is not necessarily unique. The theoretical results
are illustrated by a numerical simulation example.

Index Terms—Distributed nonconvex algorithm, event-triggered
communication, exponential convergence, Polyak—tojasiewicz (P-
t) condition, Zeno behavior.

|. INTRODUCTION

Distributed optimization can be traced back to [1] and [2]. Recent
years have witnessed an increasing interest in distributed optimization,
due to their applications in power systems, sensor networks, and ma-
chine learning. Much attention has been devoted to developing discrete-
time distributed optimization algorithms, e.g., survey papers [3], [4]
and references therein. Since many practical systems, such as robots
and unmanned vehicles, operate in continuous time [5], [6], various
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continuous-time distributed optimization algorithms have also been
proposed. For example, Wang and Elia [7] developed a distributed algo-
rithm based on the proportional—integral (PI) control strategy and estab-
lished its asymptotic convergence for undirected graphs. The extension
to directed weight-balanced graphs was considered in [8]. Kia et al. [9]
proposed an alternative distributed PI algorithm with less communica-
tion and showed that the proposed algorithm exponentially converges to
aneighborhood of the global minimizer. Varagnolo et al. [10] proposed
a distributed zero-gradient-sum (ZGS) algorithm and established its
exponential convergence if local cost functions are strongly convex
and have locally Lipschitz Hessians. Distributed Newton—Raphson
algorithms were developed in [11] and [12]. All the aforementioned
studies focused on the case where the local cost functions are strongly
convex. The extension to the nonstrongly convex case was considered
in [13] and [14]. In many applications, however, such as traffic flow
management problems, wind farm planning problems, and resource
allocation problems, the cost functions are usually nonconvex; hence,
the nonconvex case was studied in [15], [16], and [17].

However, distributed algorithms proposed in these studies require
continuous information exchange among agents, which may be im-
practical in physical applications. In order to avoid continuous com-
munication and reduce communication overheads, by using the idea of
event-triggered communication and control [18], [19], [20], [21], [22],
various distributed event-triggered optimization algorithms have been
developed. A key challenge for developing distributed event-triggered
algorithms is to design triggering laws to ensure that the algorithms
are free of Zeno behavior, i.e., infinite number of triggers in a finite
time interval [23]. For example, Kia et al. [9] proposed a distributed PI
algorithm with an event-triggered mechanism. The distributed ZGS
algorithm proposed in [10] was equipped with static and dynamic
event-triggered mechanisms in [24] and [25], respectively. Liu et al. [26]
proposed a distributed algorithm with event-triggered quantized com-
munications.

Note that most of the existing distributed event-triggered algorithms
focused on the convex optimization. George and Gurram [27] pro-
posed a discrete-time distributed event-triggered algorithm for ad-
dressing nonconvex optimization challenges commonly encountered
in distributed deep learning. Considering that most of the practical
systems operate in continuous time, this motivates us to propose a
continuous-time distributed event-triggered algorithm for solving non-
convex optimization problems. The contributions of this article are as
follows.

1) We propose a distributed event-triggered algorithm for solving
nonconvex optimization over undirected connected graphs. For
smooth local cost functions, we show that the proposed algorithm
does not have Zeno behavior and asymptotically converges to a
stationary point.

2) If, in addition, the global cost function satisfies the Polyak—
Lojasiewicz (P-L) condition, which is weaker than the strong
convexity condition, and the global minimizer is not necessarily
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unique, we show that the proposed algorithm exponentially con-
verges to a global optimal point.

To the best of our knowledge, this is among the first continuous-time
distributed event-triggered algorithms to solve the distributed noncon-
vex optimization problem. It should be highlighted that compared with
convex optimization, nonconvex optimization is more challenging since
the useful properties of the convex condition, for example, the set of
optimal points of a convex function is convex, and the (sub)gradient
of a convex function is a monotonic mapping, cannot be used. The
innovation in this article’s algorithm analysis is the design of a suitable
Lyapunov function to prove the convergence of the proposed distributed
nonconvex optimization algorithm with event-triggered communica-
tion.

Compared with [7], [8], [10], and [13], which proposed distributed
convex optimization algorithms with continuous communications, this
article not only considers the more general nonconvex optimization but
also proposes an event-triggered mechanism to reduce communication
burden. More specifically, algorithms proposed in [7], [8], and [10]
require the global cost function to be strongly convex, and the algorithm
in [13] requires the global cost function to satisfy the restricted secant
inequality condition, while the global cost function in our work can be
nonconvex. Compared with [9] and [24], which proposed distributed
event-triggered convex optimization algorithms for the strongly convex
case, this article establishes exponential convergence under weaker
conditions, i.e., the global cost function satisfies the P-t. condition,
which does not require the cost function to be convex. In contrast
to [27], where both the local cost function and its gradient were required
to be Lipschitz continuous, this article necessitates only the Lipschitz
continuity of the gradients of local cost functions. In addition, we
also consider the case where the global cost function satisfies the P—L
condition.

The rest of this article is organized as follows. Section II presents
the problem formulation and motivation. Section III proposes a dis-
tributed event-triggered algorithm and analyzes its convergence results.
Section IV presents a numerical simulation example. Finally, Section V
concludes this article. To improve the readability, all the proofs are given

in the Appendixes.
Notation: Let 1,, (or 0,,) be the n x 1 vector with all ones (or zeros),
and I,, be the n-dimensional identity matrix. || - || is the Euclidean

vector norm or spectral matrix norm, and null(-) refers to the null space.
For any positive-semidefinite matrix C, with appropriate dimensions
vectors  and v, we define Q¢ (z) = 27 Cx, (z,v)¢ = 7 Cv, and p(C)
and p(C) are the spectral radius and the minimum positive eigenvalue of
matrix C, respectively. Let diaglay, ..., a,] denote a diagonal matrix
with the ith diagonal element being a,. For a differentiable function
f, Vf and V2f refer to the gradient and Hessian of f, respectively.
A ® B represents the Kronecker product of matrices A and B.

Il. PROBLEM FORMULATION AND MOTIVATION

Consider a group of n agents distributed on fixed undirected
graph G = (V, €, A), where V = {1,2,...,n} is the agent set and
€ CV xV is the edge set. (v;,v;) € £ indicates that the agents v;
and v; can communicate with each other. A = [a;;] € R™*™ is the
adjacency matrix, where a;; > 0 if (v;,v;) € &; otherwise, a;; = 0.
LetN; = {v; € V:a;; >0}andd; = Z?:I a;; denote the neighbor
set and weighted degree of agent ¢, respectively. The degree matrix
is defined as D = diag|[dy, ..., d,], and the graph Laplacian matrix
is L =D — A. A path from agents i; to i, is a sequence of agents
i1,...,0psuchthat (i;,7;41) € Eforj =1,..., k — 1. Anundirected
graph is said to be connected if there exists a path between any pair of
distinct agents.

Assume that each agent has a private local cost function f; : R? —
R, the optimal set X* = argmin, p, f(x) is nonempty, and f* =
min,cre f(x) > —oc. The objective is to find an optimizer z* to
minimize the average of all local cost functions, i.e.,

ey

) 1 n
min f(z) =~ ; fil@).
Various continuous-time distributed optimization algorithms have been
developed [7], [8], [9], [10], [11], [12], [13], [14]. Noting that commu-
nication resources are limited, distributed event-triggered algorithms
have been proposed to avoid continuous communication and reduce
the communication burden [9], [24], [25], [26], [28]. However, these
algorithms require the local cost functions to be convex. In many
applications, the cost functions are usually nonconvex. This motivates
us to develop a distributed event-triggered algorithm for the nonconvex
case.

Throughout this article, we make the following assumptions.

Assumption 1: The undirected graph G is connected.

Assumption 2: Each local cost function f;(x) is twice continuously
differentiable and smooth with constant L > 0, i.e.,

IVfi(z) =V i)l < Lyllz —yll Yo,y € RP. @

Remark 1: Assumptions 1 and 2 are common in the literature (see,
e.g., [3] and [4]). Note that the convexity of the local cost functions
is not assumed. Moreover, it follows from [29, Lemma 1.2.2] that
Assumption 2 implies

IV2fi(@)]| < Lyand [V*f(2)]| < Ly Yz €RP. 3

IIl. MAIN RESULTS

In this section, we first propose a distributed event-triggered algo-
rithm to solve the distributed nonconvex optimization problem (1). We
then analyze its convergence properties.

Our proposed algorithm is as follows:

B0 = —a 3 Liysy (8 ) - Bu®) - V@) @

> wi(0)=0,, icV (4b)
j=1

where @ > 0and 8 > 0 are gain parameters, and the sequence {¢7 }3°_,,
Vj €V is the triggering times for agent j to be determined later
and tij = max{t] : tJ < t}. Without loss of generality, we assume
t{ = 0Vj € V. The algorithm is motivated by the PI control strategy.
More specifically, in (4a), the term —V f; (z; (¢) ) ensures that each agent
follows its local gradient descent, and the term ", Lijxj(tf;j( )
ensures that consensus is achieved among agents. However, if the
dynamics just contains these two terms, the agents’ states would not
converge since the local gradients are not the same in general. Thus,
to correct the error, the additional integral feedback term v, (t) whose
dynamics is governed by (4b) is introduced.

We present the following convergence result.

Theorem 1: Let Assumptions 1 and 2 hold. If each agent ¢ € V
runs the distributed event-triggered algorithm (4) and determines its
triggering time sequence by

thor = maXpsyi {2 i(t) — 2] < age™ "},
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k=1,2,... )

where a; > 0 and b; > 0 are designed parameters, then: 1) there is
no Zeno behavior and 2) if o € [38 + k1, k2], B > max{ "1z K3},

Ko —
then the algorithm asymptotically converges to a stationary point, i.e.,

t—o0

lim <711 Z ll: () — 2@ + IIVf(x(t))|> =0 (6)

where Z(t) = £ 3" | ;(t) and

1 1
k1= | — (4L% +1 +4L2—|—1}—
1 {Hs( f ) f B(L)
1 oS
Ko = ——— K3 — K
2 B(L) 3 3

2 2
1 2
— |1 1 6+ —— 4L2
K3 > max 5 + +< +p(L)> ALy

Proof: The proof is given in Appendix B. |

Next, we consider the case when the following additional assumption
is satisfied.

Assumption 3: The global cost function f(z) satisfies the P-L
condition with constant v > 0, i.e.,

V@I > v(f@) ~ 1) Ve e R?. @

Remark 2: Note that in [7], [8], and [10], the global cost function is
required to be strongly convex. In [13], the global cost function needs to
satisfy the restricted secant inequality condition, and the global optimal
set needs to be a singleton. In this work, we assume that the global cost
function satisfies the Pt condition, and the global minimizer is not
necessarily unique. Note that the Pt condition does not imply the
convexity of the global cost function; however, it implies invexity [30],
i.e., all stationary points are global optimal points. Therefore, the global
minimizer may be nonunique. It has been shown that the P-£. condition
is satisfied in some useful applications. For example, Li and Li [31]
demonstrated that the loss functions in some applications in deep
learning satisfy the P-L condition in the region near a local minimum,
and Fazel et al. [32] demonstrated that the linear—quadratic regulator
problem in reinforcement learning is nonconvex and satisfies the P—£.
condition.

Before presenting the convergence result when the additional
Assumption 3 is satisfied, we need the following lemma.

Lemma 1 (see [33, Th. 2]): Suppose that the function f satisfies the
P-L condition. Let Px+ () be the projection x onto the set X*, i.e.,
Px+(x) = argminyex+ ||z — y||*. Suppose that Px« () Vx € R” is
well defined. Then

f(z) — f* > 2v||Px+(z) — 2| Vo € RP. 8)

From [29, Th. 2.2.11], we know that Px« () is well defined if X*
is closed and convex.

We are now ready to present the convergence result.

Theorem 2: Let Assumptions 1-3 hold. If each agent ¢ € V runs
the distributed event-triggered algorithm (4) with the same « and (3 as
chosen in Theorem 1 and determines its triggering time sequence by
(5), then

=3 ) - 2O+ @) - < e ©)
i=1

Fig. 1.

Random connected network of 100 agents.

where €; > 0, €2 > 0, and ¢; > 0 are constants given in Appendix A.
Moreover, if the projection operator Px« (-) is well defined, then

S laat) — P GO < (1+ %) qe 3 Q0)
=1

Proof: The proof is given in Appendix C. |

Remark 3: Compared with [9] and [24], this article establishes
exponential convergence under weaker conditions. More specifically,
the authors of [9] and [24] proposed distributed event-triggered algo-
rithms and established exponential convergence for the strongly convex
case, while our proposed algorithm exponentially converges to a global
optimal point if the global cost function satisfies the P-L condition,
which does not require the cost function to be convex.

IV. SIMULATION

In this section, we demonstrate the effectiveness of the proposed
distributed event-triggered nonconvex optimization algorithm. Con-
sider an undirected network consisting of 100 agents, and the graph
is randomly generated, as shown in Fig. 1. The local cost functions
associated with agents are given as

fi(z) =0.2y/z* +3+0.7cos’ x

f10+j(13) = 2sinx — 01(21)2 + 2)%

0.322
fa0+5(z) = Nl
f30+]‘($) = —0.1\/ 1‘4 +3—sinz
—0.222
(2) = ———— + 2sin’z
f4O+J( ) m
0.122
i(x) = 012 +3 — ———
f5O+J( ) \/m
feorj(xz) = —sinz —1

fro4i(®) = 22 + 0.3 cos’ z
feorj(z) =2sin®z +0.2(2* + 2)31”

foorj(x) = —0.1(z* + 2)%

where j =1,...,10. It is easy to check that Assumptions 1 and 2

are satisfied. Moreover, it can be found that the global cost func-
tion is 15 (2 + 3sin”(z)), which is nonconvex but satisfies the P-E

condition, as shown in [33]. Consider the proposed event-triggered
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Fig. 4.

Evolution of the function " | fi(xi(t)).

algorithm (4). We randomly choose the initial values z;(0) and v;(0)
for all 2 € V, such that (4b) is satisfied. Also, we randomly choose
the design parameters a; and b; in the triggering law (5). The state
evolutions of z;(t) for i € {1,22,44, 66,88} are plotted in Fig. 2.
It is clear to see that all the states converge to the global minimizer
2* = 0. In order to better demonstrate that the proposed algorithm (4)
can effectively avoid continuous communication, we select the time
period [0,10], and the triggering times of these agents are given in Fig. 3,
which shows that the proposed event-triggered algorithm is free of Zeno
behavior. Fig. 4 shows that the function >, f;(z;(t)) converges to
the global optimum f* = 0.

V. CONCLUSION

In this article, we studied distributed nonconvex optimization over
an undirected connected network. In order to avoid continuous commu-
nication, we developed a distributed event-triggered algorithm. For the
case where local cost functions are smooth, we showed that the proposed
algorithm is free of Zeno behavior and asymptotically converges to
a stationary point. Moreover, if the global cost function satisfies the
P-L condition, we showed that the proposed algorithm exponentially
converges to a global optimal point. One future direction is to consider
the directed graph and the self-triggered mechanism.

APPENDIX
A. Proof Preparation

1) In this part, we introduce some useful constants, which are used to
simplify the proof.
Denote

. 1 1
€1 = min{es, 26, €7, 1}, €= max 5(03 +1), 3

! .
minq 7, o0, €4 = min{es, €g, €7}

€3 =

1 1 1 3 1
oL 2p B 1 e
T2 g T T2 2 28

1 W (0) 1 a

= — L = - —

€8 2(0( )(a+5)+5)7cl nes ; C2 ,O(L)+ﬂ

! +2 = max{ +, b= min{b b}
CJ_B(L) ﬂ7a_ X1Q1y -+ -5Any, 0 =11 1y-++5Yn

where W (0) is given in (23).
From o >38+kK1, B> ks, k1= [%3(4L‘} + 1) +4L7 +

1
2\ 7
1] and K3 > 3 1+<1+(6+ﬁ)) },wehave

1
p(L)

frooyv oL fopa 1Y 3,2 1
€5 > 5 p(L) p, <2Lf+ 2) 2Lf 3 > 0. (11)
From 8 > k3 and k3 > 4L2, we have

€ > 0. (12)

From o < kyf3, B > K3, we have

2
1
(,)(L) + 1@2> =0. (13)

From (11)—(13), we know that ¢; > 0 and €4 > O.

In this part, we introduce some useful properties of the Laplacian
matrix L.

Note that L and K,, =1,, — %lnlf are positive semidefinite,
null(L) = null(K,,) = {1, }, L < p(L)I,. Moreover, K, L =
LK, = L, and

0 < p(L)K, <L < p(L)K,.

K3 1 1

255

2

~

14)

For the Laplacian matrix L, there exists an orthogonal matrix

[r R} € R™™ with r = -1, and R € R such that
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RA'RTL = LRA{'RT = K,,, and Given the triggering law (5), we know that
%K" < RART < ﬁf% (15) leg ()] = llz:(t) — z: ()] < aze™ . (20)
r £ It then follows from (19) that one sufficient condition to ensure
where A; = diag(Aa,...,A,) With 0 < Ay <--- < A, are the (20) is

eigenvalues of the Laplacian matrix L.

In this part, we introduce some useful notations and results.

Denote L=L®I1, K=K,®I, H=2(1,1791L,),
T

3

~

Qn :RAilRT’ Q Qn®1p’ w(t) = [m?(t)77x3(t)] ’
v(t) = [vf (¢),... wn( Nt wt) =1, @z01), ;)=

z;(th, y)> 2) = [E7 (1), ..., 25 (O], eF(t) = 2;(t) — z; (1),
e"(t) = [(et()",.... (e (t))T]T fl@) =30, filw),
g(t) = Vf( (t)), 7() Hg(t), g°(t)=V/f(z(t), and

t)
Hg(t) = 1,, ® Vf(Z(t)). Then, the algorithm (4) can

g9°(t) =

be rewritten in a compact form
@(t) = —aL&(t) - fo(t) — VF(=(t)) (16a)
o(t) = BLE(t), Yx(0) € R™, (1,,)Tv(0) = 0,,. (16b)

Noting that p(H') = 1 and V f is Lipschitz continuous with con-
stant Ly > 0 as assumed in Assumption 2, we have

g = H(g"(t) — g)|
< llp(H)(g"(t) —g(t)]* = lg°(t) —
Ll (t) — x(t)]|* = L7 Qx ((t)).

)

(t
Denote 9(t) = 1 (17 @ L,)v(t). From (16b) and Y7, Li; =
>y Lij =0, it is known that ©(t) =0, Then, from
321 95(0) = 0, we know that () = 0,,. Then, from (16a) and
Doiei Lij = 2221 L;; =0, we have

. 1 &
t)=-— >V fiwa(t)
i=1
In this part, we show that the algorithm parameters « and 3 are well

2\ 3
1+<1+(6+ﬁ)> , we have
1
———— + /K% — k3 > 3.
p(L) "V

Bra. Thus, a is well defined.

lg°(t) — g
g(®)|®
(17

(18)

4

~

defined. From k3 > %

Ko =

B. Proof of Theorem 1
1

~

In this part, we show that there is no Zeno behavior by contradiction.
Suppose that Zeno behavior exists. Then, there exists an agent
i € V,suchthatlimy_, t§ = Tp, where Ty, > 0 is a constant. Note
that x; () and v, (¢) are continuous. Therefore, there exist constants
p1 > 0and ps > 0, such that ||z;(t)]] < p1, ||vi(¢)] < p2 for all
1€ Vand forall t € [0,Tp].

From Assumption 2, we know that f(z) is continuously differen-
tiable. Also noting that ||z;(t)|| < p1, Vi € V, Vt € [0, Tp), there
exists a constant pg > 0 such that |V f ()| < ps, V¢ € [0, Tp].
Let Co = 2amax;cy{L;; }p1 + Bp2 + ps. It then follows from
algorithm (4) that

l[4: @) < HaZLzﬂ?g S+ 118w @I+ [V fi(z: ()]

<Cy VieV Vtel0,Ty. (19)

Co(t —ti,) < age ™', te[th,th 1) 21

where ag = min{ay,...,a,} and by = max{by,...,b,}.
Denote ¢ = “OZZ)DTO . It then follows from the property of limits
0

that there exists a positive integer N (€) such that

ti € [Ty —¢,Ty] Vk > Ne). (22)

Suppose that we have determined the N (€)th triggering time of
agent 7, which is denoted by t%; N(e)- Let tN(E)+1 and tN(e)+1 denote
the next triggering time determined by the triggering law (5) and
the inequality (21), respectively. Then

4 > fi by aoebetN( )+t
N(e)+1 = “N(e)+1 — “N(e) CO
aoe‘boTo

2 t§\7<5) + TO - t?\f(e) + 26

where the first two inequalities hold due to £ <t

To. Thus

<

N(e+1 SN

tN ()41 ~ (o) = 2€

which contradicts (22). Hence, the event-triggered algorithm (4) is
free of Zeno behavior.

2) In this part, we use the Lyapunov stability analysis to show that
every z;(t) asymptotically converges to a stationary point.

1) In this part, we show the following function is nonincreasing and,
thus, can be used as the Lyapunov candidate

CLEg

W(t) = F(t) I2(®)]? (23)
where F(t) =Y1 | Fi(t), Fi(t) = 10x(z(t)), F(t)=
QQW ( () + 39°®). Fo(t) = (@(t). v(t) + 3g° (D),

Fy(t) = n(f(z(t)) — f*),and 2(t) = [e ", ...,
For F (t), we have that

—bt]T c R™.

(24)

where the first equality holds due to (16a); the last inequality holds
due to the Cauchy—Schwarz inequality and (2).
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For F(t), we have
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+ Do <)>+%K( <>+%g°(t)) (25)

where the first equality holds due to (16b) and (18); the first inequal-
ity holds due to the Cauchy—Schwarz inequality; the second in-

equality holds due to (3) and p (Q + %K) <p(@Q)+p (%K),

p(K) = 1; the last inequality holds due to the Cauchy—Schwarz
inequality and (17).
For F3(t), we have

1 0 1 0
:fa<v<t>+gg <t>,m<t>>L—ﬁQK (v<t>+Bg <t>)
4 v(t)+%g°<t>,g°<t>—g<t>>K+ﬁQL( (1))

<—a{v+56"(0).2(0) )50k (v()+ 35"

o) L2
450 (004 50°0)) + 5 Quelalt) +50x (2(0)

5 @) + @)
3 5

1 0 T B
- (vl0)+ 50", 0Le" () +50u(a(0)
+ 200 ) 26)

where the first equality holds due to algorithm (16); the inequality
holds due to (2), the Cauchy—Schwarz inequality, p (Q + 5K ) <

p(Q)+p (%K)v p(K) =1, and (17).
For F,(t), we have

F4( t) =n(Vf( 3_7 <_vaz zi(t )

n

=~ (VFEON D (Vi) - Vhi(a(0)
+ V()
-5 (Z Vfi@(t))) (Z Vfi@(t)))

+ (Vf(z(t TZ Vfi(z(t)) — Vfi(zi(t)))

MO

A

< — 5l + 1V 5@ HEHVﬁ (st

= Vfilz: ()] - EIIVf(i"(t))II2
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1 Then, from the fact that W (¢) is nonincreasing and (32), we have
< = 18O + LIV @) Z I#(t) — w:(0)]
0<W(t) <W(0). (33)
- gHVf(i“(t)) 12 Similar to the way to get (24), we have
< - l” 0|2 <dllm(t) - @(t)I)Q _ ((w(t) — ()" (&) - ﬂ'c(t))>2
-2 di z(t) — z(t)|
2 -
n _ < |z@®)||% = || — aL&(t) — po(t) — V(z@)|?
+ DI SO + (le s > (@)l = | (1) = Bu(t) = V()%
= a’Qpa(a(t)) + 2a%(x(t), e () L2 + @’ Qr2(e”(t))
n
— 2V F(z(E)]? 1 1 1
V@O +25 (0(0) + 59°0) + 39(0) - 3°(0aLa))
2 2 K
_ Loy B _ 1 1 1
Rl O+ 5, Z () = o (¢ +28 <v<t> + 5970+ 59(0) - Bg°<t>,aLez<t>>
K
Lo_o/\2 L?‘ s 2 2 I 1 L g
< —5lg" @O + = > lE) — =) +B°Qk | v(t) + 79 )+ Eg(t) ~ 59 (t)
i=1
1 L2 l 0 x 2
~ g+ Zowteny on <o)+ ox (v0+ 300) +eOIP)
where the first equality holds due to (18); the first, second, and (34
last inequalities hold due to the Cauchy—Schwarz inequality; the where ¢, = max{4(a?p?(L) + L?), 4(%}; the last inequality
second inequality holds due to (3); and the last equality holds due holds due to the Cauchy—Schwarz inequality, (14), (17), and
to 37y Z(t) — z:(1)|1? = [2(t) — =(1)]> = Qi (2(1)). p(K) =1.
Then, based on (24)—(27), we have Similarly, we have
PO <794 asorn-[4 (ot e4) +31544] =) (dug (t )H) _ ((g%))T@O(t))Q
dt 1g° (@)l
-Q . v(t) + lgo(t) 20412 2 =N\ A (]2
(5-4-53%)K-52Q B <llg”I" = nlV=f(z(t)2@)]
T AN < nL3z@®))* = L3 |g®)|I* = Lillg(t) — g°(t) + g°()|1?
— 5 — 7 ” ( )” + Q(e"(t))%[(a+B)L+ﬁK] < 2L?p||g(t) o gO(t)HQ + 2L2 HgO(t)H2
< —e5Qk (z(t) — €6|g° ()2 < 2L5 Qk (x(t)) + 2L5]1g° (1) |? (35)
1 5 w112 where the second, third, and the last inequalities hold due to (3),
— ek (U(t) + Bg (t)> +eslle @)l (28) (17), and (18), respectively.
. From (31) and (33), we know that Qg (x(t))+
< —e4(Qr(x(t)) + QK (v(t) + Ego(t)) +18°@®1* Ok (v(t) + %go(t)) +|g°(t)||*> is integrable. Then, from
s (34) and (35), we know that d||z(t) — Z(t)||/dt and d||g° (¢)|| /dt
+eslle” (t)]l 29) are square integrable. Finally, from the Barbdlat’s lemma, we have
where the second inequality holds due to (14) and (15). lim (||z(t) — 2(t)|| + H?]O(t) =0
Then, from (20), it can be obtained that t—00
He;c (t)HQ < naQe_th. (30) ie., (6) holds.
It then follows from (29) and (30) that C. Proof of Theorem 2
W (t) = F(t) — 2a°es|| 2 ()| 1) From (7) and (28), we have
< e (Qncle(®) + e (o10) + 59°0)) + 18" O F(t) < ~esQuc(a(0)) — 2eovn(F(2(1) ~ )
1
— a%s]|=(0)]1”. G1) — 10K (v(t) + ﬂg%)) +easller @I (36)
Thus, from (31) and ¢4 > 0, we know that W (¢) is nonincreasing. From (36), it can be obtained that
2) In this part, we use the Barbdlat’s lemma [34, Th. 5] to prove (6). ) )
From the Cauchy—Schwarz inequality, we have W(t) = F(t) - 2a”es]|z (1)
1 1
WD) > c(Qncle(t) + Qe (o00) + 59°0) ) < ~a1(Qula(t) + Oxc (v(0) + 36°(0))
+n(f(z) - f*) +a’es|z®)|*) > 0. (32) +n(f(z(t) — f*) + a®es||z(®)[°)- (37

Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on October 24,2025 at 14:03:37 UTC from |IEEE Xplore. Restrictions apply.



2752

IEEE TRANSACTIONS ON AUTOMATIC CONTROL, VOL. 69, NO. 4, APRIL 2024

2

~

(1]

[2]
(3]
(4]
[3]

(6]

(71

(8]

(9]

[10]

[11]

[12]

From the Cauchy—Schwarz inequality, we have

W(t) < ca(Que ((t)) + Orc (v(t) n %g%))

+n(f(Z(t) — f*) + a’es|z(t)]?). (3%)
Then, from (37) and (38), we have
W) < -2 w ). (39)
2
Finally, from (32) and (39), we have
1 — W (t e
2 2l 2O+ 1)~ 57 < T <ene

Thus, (9) is obtained.
If the projection operator Px« (-) is well defined, then from the
Cauchy—Schwarz inequality and (8), we know

|2(t) — 1, ® Pxs (Z(1))||?

< (14 55 ) le(® =21 + 0+ 2)nl(t) - P @O)IP

n

(f@) — 1)

< (1 + %) la(t) - @) + (1 +20)

(14 35 ) (@utal) +n(s@®) - 1)
Finally, (9) and (40) yield (10).

REFERENCES

J. Tsitsiklis, D. Bertsekas, and M. Athans, “Distributed asynchronous de-
terministic and stochastic gradient optimization algorithms,” IEEE Trans.
Autom. Control, vol. AC-31, no. 9, pp. 803-812, Sep. 1986.

D. P. Bertsekas and J. N. Tsitsiklis, Parallel and Distributed Computation:
Numerical Methods. Englewood Cliffs, NJ, USA: Prentice-Hall, 1989.
A. Nedi¢ and J. Liu, “Distributed optimization for control,” Annu. Rev.
Control, Robot., Auton. Syst., vol. 1, pp. 77-103, 2018.

T. Yang et al., “A survey of distributed optimization,” Annu. Rev. Control,
vol. 47, pp. 278-305, 2019.

J.R. Marden, S. D. Ruben, and L. Y. Pao, “A model-free approach to wind
farm control using game theoretic methods,” IEEE Trans. Control Syst.
Technol., vol. 21, no. 4, pp. 1207-1214, Jul. 2013.

B. Charrow, N. Michael, and V. Kumar, “Cooperative multi-robot estima-
tion and control for radio source localization,” Int. J. Robot. Res., vol. 33,
no. 4, pp. 569-580, 2014.

J. Wang and N. Elia, “Control approach to distributed optimization,” in
Proc. Annu. Allerton Conf. Commun., Control, Comput., 2010, pp. 557—
561.

B. Gharesifard and J. Cortés, “Distributed continuous-time convex op-
timization on weight-balanced digraphs,” IEEE Trans. Autom. Control,
vol. 59, no. 3, pp. 781-786, Mar. 2014.

S. S. Kia, J. Cortés, and S. Martinez, “Distributed convex optimization via
continuous-time coordination algorithms with discrete-time communica-
tion,” Automatica, vol. 55, pp. 254-264, 2015.

J.Luand C. Y. Tang, “Zero-gradient-sum algorithms for distributed convex
optimization: The continuous-time case,” IEEE Trans. Autom. Control,
vol. 57, no. 9, pp. 2348-2354, Sep. 2012.

D. Varagnolo, F. Zanella, A. Cenedese, G. Pillonetto, and L. Schenato,
“Newton-Raphson consensus for distributed convex optimization,” /[EEE
Trans. Autom. Control, vol. 61, no. 4, pp. 994-1009, Apr. 2016.

H. Moradian and S. S. Kia, “A distributed continuous-time modified
Newton—Raphson algorithm,” Automatica, vol. 136,2021, Art. no. 109886.

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

X.Yi, S. Zhang, T. Yang, T. Chai, and K. Johansson, “Exponential conver-
gence for distributed optimization under the restricted secant inequality
condition,” in Proc. IFAC World Congr., 2020, pp. 12—-17.

L. Shu, L. Wang, and G. Yin, “Exponential convergence of distributed
primal-dual convex optimization algorithm without strong convexity,”
Automatica, vol. 105, pp. 298-306, 2019.

X. Yi, S. Zhang, T. Yang, T. Chai, and K. H. Johansson, “Linear con-
vergence of first- and zeroth-order primal—-dual algorithms for distributed
nonconvex optimization,” IEEE Trans. Autom. Control, vol. 67, no. 8,
pp. 4194-4201, Aug. 2022.

Y. Tang, J. Zhang, and N. Li, “Distributed zero-order algorithms for
nonconvex multi-agent optimization,” IEEE Trans. Control Netw. Syst.,
vol. 8, no. 1, pp. 269-281, Mar. 2021.

C. Zhang and Y. Wang, “Sensor network event localization via
nonconvex nonsmooth ADMM and augmented lagrangian methods,”
IEEE Trans. Control Netw. Syst., vol. 6, no. 4, pp.1473-1485,
Dec. 2019.

K. J. Astrom and B. M. Bernhardsson, “Comparison of Riemann and
Lebesgue sampling for first order stochastic systems,” in Proc. IEEE Conf.
Decis. Control, 2002, pp. 2011-2016.

P. Tabuada, “Event-triggered real-time scheduling of stabilizing control
tasks,” IEEE Trans. Autom. Control, vol. 52, no. 9, pp. 1680-1685,
Sep. 2007.

D. V. Dimarogonas, E. Frazzoli, and K. H. Johansson, “Distributed event-
triggered control for multi-agent systems,” /IEEE Trans. Autom. Control,
vol. 57, no. 5, pp. 1291-1297, May 2012.

X.Yi, K. Liu, D. V. Dimarogonas, and K. H. Johansson, “Dynamic event-
triggered and self-triggered control for multi-agent systems,” IEEE Trans.
Autom. Control, vol. 64, no. 8, pp. 3300-3307, Aug. 2019.

W. Heemels, K. H. Johansson, and P. Tabuada, “An introduction to event-
triggered and self-triggered control,” in Proc. IEEE Conf. Decis. Control,
2012, pp. 3270-3285.

K. H. Johansson, M. Egerstedt, J. Lygeros, and S. Sastry, “On the reg-
ularization of Zeno hybrid automata,” Syst. Control Lett., vol. 38, no. 3,
pp. 141-150, 1999.

W. Chen and W. Ren, “Event-triggered zero-gradient-sum distributed
consensus optimization over directed networks,” Automatica, vol. 65,
pp. 90-97, 2016.

W. Du, X. Yi, J. George, K. H. Johansson, and T. Yang, “Distributed
optimization with dynamic event-triggered mechanisms,” in Proc. IEEE
Conf. Decis. Control, 2018, pp. 969-974.

S. Liu, L. Xie, and D. E. Quevedo, “Event-triggered quantized
communication-based distributed convex optimization,” IEEE Trans. Con-
trol Netw. Syst., vol. 5, no. 1, pp. 167-178, Mar. 2018.

J. George and P. Gurram, “Distributed stochastic gradient descent with
event-triggered communication,” in Proc. AAAI Conf. Artif. Intell., vol. 34,
no. 5, 2020, pp. 7169-7178.

X. Yi, L. Yao, T. Yang, J. George, and K. H. Johansson, “Distributed
optimization for second-order multi-agent systems with dynamic event-
triggered communication,” in Proc. IEEE Conf. Decis. Control, 2018,
pp. 3397-3402.

Y. Nesterov, Lectures on Convex Optimization, 2nd ed. New York, NY,
USA: Springer, 2018.

F. Dinuzzo, S. O. Cheng, P. V. Gehler, and G. Pillonetto, “Learning output
kernels with block coordinate descent,” in Proc. Int. Conf. Mach. Learn.,
2011, pp. 49-56.

Z. Li and J. Li, “A simple proximal stochastic gradient method for
nonsmooth nonconvex optimization,” in Proc. Annu. Conf. Neural Inf.
Process. Syst., 2018, pp. 5569-5579.

M. Fazel, R. Ge, S. Kakade, and M. Mesbahi, “Global convergence of
policy gradient methods for the linear quadratic regulator,” in Proc. Int.
Conf. Mach. Learn., 2018, pp. 1467-1476.

H. Karimi, J. Nutini, and M. Schmidt, “Linear convergence of gradient
and proximal-gradient methods under the Polyak—}t.ojasiewicz condition,”
in Proc. Joint Eur. Conf. Mach. Learn. Knowl. Discov. Databases, 2016,
pp. 795-811.

B. Farkas and S.-A. Wegner, “Variations on Barbdlat’s lemma,” Amer.
Math. Monthly, vol. 123, no. 8, pp. 825-830, 2016.

Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on October 24,2025 at 14:03:37 UTC from |IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


