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Abstract—In this paper, we study a distributed optimization
problem, where decision variables of agents need to satisfy
different local constraints and the consensus constraint to
minimize the sum of local cost functions. We propose a novel
method to remove all these constraints by employing the exact
penalty so that the derived equivalent unconstrained problem
can be directly solved by subgradient descent type differential
inclusions. The algorithm achieves (’)(%) rate of convergence
when the cost functions are convex. Moreover, it achieves
exponential convergence when the cost functions are strongly
convex. Our method needs no dual variable to deal with the
constraints so that computation and communication resources
are saved in comparison with primal-dual methods. In addition,
the method overcomes a divergence problem arising from an
existing exponentially convergent distributed algorithm based
on the exact penalty when the local constraints are different.

I. INTRODUCTION

In recent years, distributed optimization has been widely
studied and applied in many fields such as machine learning
[1], localization problems [2], resource allocation [3] and
sensor networks [4]. Most works have focused on distributed
consensus optimization problems, where multiple agents
only have access to their own information to minimize
the cost function subject to the consensus constraint by
exchanging information through a network. To solve such
problems, many algorithms have been proposed, including
subgradient dynamics [5]-[7] and projected algorithms [8]-
[11].

Constrained distributed optimization problems are widely
used in modeling practical problems, where agents have
partial information. For example, in a power system, plants
usually have different local generation capacities, acting as
different local constraints. To solve distributed optimization
problems with different local constraints, some distributed
algorithms have been proposed in [7], [8], [12]. However,
[7], [8] provide no explicit convergence rate, and [12] is only
for equality constraints. Moreover, a counterexample given
in [13] showed that even if local decision variables were
initialized at some optimum, the dual averaging algorithm
could not converge to the optimal solution. Also, another

This research was supported in part by the National Key Research and
Development Program of China under grant 2022YFA 1004700, and in part
by the Natural Science Foundation of China under grant 72171171, and in
part by Shanghai Municipal Science and Technology Major Project under
grant 2021SHZDZX0100.

S. Liu, S. Liang, and Y. Hong are with the Department of Control
Science and Engineering, Tongji University, Shanghai, 201804, China,
and are also with Shanghai Research Institute for Intelligent Autonomous
Systems, Shanghai, 201210, China shuyuliu@tongji.edu.cn
(S. Liu), sliang@tongji.edu.cn (S. Liang),
yghong@iss.ac.cn (Y. Hong)

979-8-3503-0123-6/23/$31.00 ©2023 IEEE

counterexample given in [14] showed that many algorithms
fail to converge exponentially for strongly convex objectives
and different local nonsmooth terms.

Exponential convergence is important for algorithm eval-
uation, since such algorithms can reach the equilibrium fast.
Some exponential convergence results have been obtained
in the distributed optimization works [15], [16] in the ab-
sence of local constraints. Moreover, distributed algorithms
designed in [10], [17] have achieved exponential convergence
for local equality constraints. Local constraints can be sat-
isfied by local projection, whereas exponential convergence
cannot be guaranteed with the projection terms. A recent
work [11] has achieved exponential convergence by using
projected dynamics in the presence of local constraints for
strongly convex optimization. A drawback of [11] is that
agents have to know the global constraint set for the local
projections and cannot be adapted to account for different
local constraint sets. A counterexample can be given to show
that the algorithm given in [11] diverges if projections with
respect to different constraints are used.

In this paper, we consider a distributed consensus opti-
mization problem and focus on different local constraints.
We design a distributed algorithm to solve this problem and
achieve exponential convergence when the cost functions are
strongly convex. The main contributions are listed as follows.

1) We overcome the difficulties caused by different local
constraints and provide a distributed algorithm that
achieves exponential convergence. The idea is to re-
move all local constraints and the consensus constraint
by using the exact penalty method and then solve the
equivalently transformed unconstrained optimization
problem so as to remove the projection term. In [7],
[10], [12], [17] on similar problems, exponential con-
vergence is achieved only under equality constraints.

2) We design a distributed method for calculating pa-
rameters in multiple exact penalty terms. In [7], [18],
such parameters are not obtained so they introduce
additional adaptive dynamics for the estimation. Also,
the method proposed in [5], [11] cannot be directly
extended for inequality constraints. As a result, in
comparisons with [5], [7], [11], [18], our method not
only calculates the penalty parameters but also avoids
the introduction of auxiliary variables.

The rest is organized as follows. Section II introduces
the necessary definitions and concepts, and Section III for-
mulates our problem. Section IV presents the main results,
including the application of the exact penalty method, al-
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gorithm design, and algorithm analysis. Then Section V
gives two numerical simulation examples. Finally, Section
VI concludes this work.

II. PRELIMINARIES

In this section, we introduce some useful notations, defi-
nitions and results.

Let R, R™, and R™®*™ be sets of real numbers, n dimen-
sional real column vectors, and n X m matrices, respectively.
Let 0 be a vector with all zero entries. For a vector a € R™,
a < 0 (or a < 0) means that each component of a is less
than or equal to zero (or less than zero). Let (-)T be the
transpose of a vector. Let | - | and || - || be the I;-norm and
lo-norm, respectively. Let col(x1, x2, - - - , z,) be the column
vector stacked with x1, 2o, -+ , .

A function f : R™ — R is convex if for all x1,z5 € R™
and 0 < 0 <1, f(Ox1+(1—0)xs) < Of(x1)+(1—0)f(x2).
Moreover, it is a-strongly convex for some constant o >
0 if for all 1,290 € R® and 0 < 6 < 1, f(Oz; + (1 —
0)a2) < 0f(z1) + (1 — 0) f(w2) — 20522 |lzy — 5. The
subdifferential of a convex function f at yg is denoted by
Of(yo). For any z € Of(yo), there holds f(y) > f(yo) +
(z,y — yo), Vy € R™. Also, if f is a-strongly convex, then

(@ —y.9¢(@) —gr () = allw —y|*, Yo,y eR™. (1)

where g¢(x) € 0f(x) and g¢(y) € 0f(y).
A set-valued map F' : R™ == R”™ associates with any

x € R™ a subset F(z) C R™ F is said to be upper
semicontinuous if for any x € R™ and any open set ()
satisfying F'(z) C @, there exists a neighborhood O of
2 such that F(O) C Q. In particular, for any continuous
convex function f : R™ — R, the subdifferential map Of is
upper semicontinuous.

The following lemmas will be used in our analysis.

Lemma 2.1 ([19]): Let 2 C R”™ be an open subset
containing a point o € R™. Also, let F' : 2 == R" be an
upper semicontinuous map with nonempty convex compact
values. Then there exists an absolutely continuous function
x(+) defined on [0,7] for some T" > 0 such that it is a
solution to the differential inclusion #(t) € F'(z(t)) with
z(0) = xo.

Lemma 2.2 (Barbalat’s lemma, [20]): Let 0 : R>¢ —

R be a uniformly continuous function. If lim;_, fof o(s)ds
exists and is finite, then lim;_, ., o(t) = 0.

III. PROBLEM FORMULATION

Consider a multi-agent network with n agents inter-
acting over an undirected network graph G = {V, &},
where V = {1,---,n} is the node set and £ C V x
V is the edge set. Each agent has a local cost function
fi(z) : R™ — R and a local constraint g;(z) < 0 with
gi(x) = col(gin(x), gia(x), -+ g, (x)) : R™ — R~
Denote [ = Y., l;. The overall cost function of the system
is ),y fi(x). This optimization problem is formulated as

Zin > fil@),

i€V 2)
st gi(z) <0,ieV.

For i € V, the ith agent can only access f;(z),g;(z) and
communicate with its neighbors, whose index set is denoted
by N; = {j € V|(i,5) € &E}. Also, let S;, S C R™ be
the sets of local and overall constraints as S; 2 {z €
R™ | g;(z) < 0}, and S £ NM;ey.S;. Denote S = U,cyS;. The
following assumptions are given to ensure the well-posedness
of problem (2).

Assumption 1: For i € V, f;(z) and the components of
gi(x) are convex, not necessarily smooth.

Assumption 2: For i € V, fi(z) is ¢;-Lipschitz continu-
ous on S for some constant ¢; > 0, ie., |f;(z) — fi(y)| <
cillz—yl, Y&,y € S. Also, g;(x) is s;-Lipschitz continuous
on S’ for some constant s; > 0.

Assumption 3: The undirected graph G is connected.

Assumption 4: The constraint set S is internally
nonempty and bounded.

Assumption 5: For ¢ € V, f; is a-strongly convex.

In Assumption 1, the convexity is to ensure the solvability
of the problem (2). The local Lipschitz continuity in Assump-
tion 2 has a necessary role in reformulating (2) by the exact
penalty method. The setting of the communication topology
in Assumption 3 is widely used to ensure that all agents can
reach a consensus by communicating with their neighbors.
Assumption 4 is for the existence of a Slater’s point, i.e., a
point & € R™ satisfying ¢;(%) < 0, Vi € V.

Remark 1: The problem (2) is a distributed consensus
optimization with different local constraints. Similar prob-
lems have been studied in [7], [8], [11], [21]. In particular,
[7], [8], [21] solve their problems without guaranteeing the
exponential convergence. Although [11] achieves exponential
convergence, it requires that the overall constraint set S is
available to all agents.

IV. MAIN RESULTS
In this section, we present the problem transformation,
design a distributed algorithm, and analyze its convergence.
A. Problem Transformation

In this part, we aim to transform (2) into an equivalent
unconstrained problem, which is easy to solve.
By introducing the consensus constraint, (2) is rewritten
as
min Z fi (l’i),
i€V
st gi(z;) <0,1€V,
Ty = Ty, xS V,j EM.

3)

Define the consensus constraint set as S 2 {x : z; = Zj,1 €
V,7 € N;} and the Lagrangian function £ as L£(x,\) =

F) 4+ ATg(x) = Sy filws) + Xiey Soiss Aiwgin (),

where x = col(x1, T2, ,xn), [(X) = >y filzs), \i =
col(Ni1, Aiz, -+ s Nigy)s A = col (A1, Aa, -+, Ay), and g(x) =
COl(gl(xl)mg?(mQ)a e agn(xn))~

Then the dual problem of (3) is
maxg()), ¢(\) £ min L(x, \). 4)
A20 xes
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We present two lemmas for the value of exact penalty
parameters and dual optimal solutions that are used in the
subsequent analysis.

Lemma 4.1 ([22]): The dual optimal solution A* to (4)
lies in a compact set D C R, given by

D2 {xer < =T},

where X is a Slater’s point of (3), ¢ = mianS
is a dual function value for an arbitrary A > 0, and §

MAaX;=1 . k=1, 1; {gik(X) }-

Lemma 4.2 ([23]): Consider a convex function P : Rf —
R with P(u) = 0, for Yu < 0, P(u) > 0, if u; > 0 for

£(x,A)

some j = 1,--- 1, where u = col(uy,us, - ,u;) and the
following penalized problem
min Z filzi) + P(g(x)),
icV (5)

st. x=ux;,1€V,j €N,

In order for the penalized problem (5) and the constrained
problem (3) to have the same set of optimal solutions, it is
sufficient that there exists a dual optimal solution A\* such
that u™A\* < P(u), Yu with u; > 0 for some j.

The following theorem gives an equivalent and uncon-
strained optimization model for the original problem.

Theorem 4.1: Under Assumptions 1—4, the constrained
optimization problem (3) shares the same optimal solutions
with the following unconstrained optimization problem:

li
Zfz xz +Klzzmax(0792k(xl))

min h(x)
i€V i€V k=1
+E Y Y |yl (6)
i€V jeN;

where K; > f(’_ii)g_a and Ko > %5 are constants. Here,
& = max;cy &, where &; is the local Lipschitz constant of
filx) + K1 22:1 max (0, g;x(z)) on S;. The definitions of

X, ¢ and ¢ are the same as given in Lemma 4.1.

Proof: At first, to deal with different local con-
straints in (3), we introduce the penalty function P(g(x)) =
Ki) ey Zﬁ;zl max(0, gix(x;)) with the penalty parameter
K7 > 0. Then (3) can be transformed into

l;
min Z filxs) + Ky Z Z max (0, gir(z;)),

i€V i€V k=1
stz =5, 1€V, jEN,.

(7

To make (3) and (7) equivalent, we need to analyze
the value range of K;. By Lemma 4.2 and the form of
the penalty function P(g(x)), if the dual optimal solution
A to (3) satisfies uTA* < Ky Y- 1max(0 u;) for all
u with some u; > 0, which 1mp11es K; > |\*|, then
(3) and (7) have the same optimal solution set. It follows
from Lemma 4.1 that the upper bound of ||A\*]| is f(’fi);q,
L(x,\)

where X is a Slater’s point of (3), ¢ = minxeg

is a dual function value for arbitrary By > 0 and g =
MaxX;=1,... n k=1, 1;19ik(Z)}. By Assumption 4, there ex-
ists a Slater’s point X = col(Z, T, - ,Z) of (3) satisfying
g:(Z) < 0,Vi € V. Thus, the optimal solution set of (3) is the
same as the optimal solution set of (7) when K; > £&)=¢,

To remove the consensus constraint in (7), we consider
the unconstrained optimization problem (6) with the penalty
parameters K; > f(ii);q and Ko > 0. To make (6)
and (7) equivalent, we need to analyze the value range
of Ky. Let x* = col(z},z5,---,x}) be the solution
to (6), z8 = 3.2} and X* = 1, ® T*. By cal-
) = h&) = Yoy (£ED) - £i) +
Ky Yoy max(0, gi (7)) — Ky oy max(0, gix(2%)) +
K2 Zje/\a ‘.Ir — $;| .

Denote M;(z) = f;i(z) + K Eif:l max(0, g;x(x)), for
it € V. By Assumption 2, M;(x) is locally Lipschitz
continuous on S and its local Lipschitz constant is ;. It
follows that M;(z}) — M;(Z*) + &l|lzf —z*|| > 0. Let £ =
max;ey &;. Since ] — 25| > [|2] — 2}, h(x*) — h(x*) >
_521'61} ||$f _i‘*” + K> Ziev Z]GN Hx* m*H

It follows fr0£n Tt = LN ey that 3,0y, Hx -z <
ey Donet w By Assumption 3, there must be a
path P, C £ connecting agent ¢ and k for any i,k € V.

culation, h(x

Thus,
D ey -z H<*ZZ >l =2
i€V 1€V K€V (r,2)EPik

IO DIDMEEE]

zEVk:EV i€V JEN;
<53 llai -5l
i€V jEN;

which implies

h(x*) = h(x") =

Kz—* Yo ll= ==l
i€V jeEN;

By Ky > "5 , h(x ) h(x*) > 0 and the equality holds if
and only 1f x; = *. Therefore, if x* is a solution to (6),
then it is also a solution to (7). Conversely, it can be shown
that a solution to (7) is also a solution to (6).

Consequently, when K; > £*-% and K, > %5 3)
can be equivalently transformed into (6), and their optimal
solution sets are the same. This completes the proof. [ ]

By Theorem 4.1, when the penalty parameters /; and Ky
are selected within the given range, we can obtain an optimal
solution to (3) by solving the unconstrained problem (6).
B. Algorithm Design

For (6), we design a distributed differential inclusion
algorithm as follows. For each i € V,

l;

xl(t) S —8fl(l‘l(t)) — Ki Z 6max(0, gik(xi(t)))
k=1

— Kz ) Ola(t) —a;(t)]

JEN;

®)
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where K; > f(fi)g_a and Ky > % are constants.

In (8), —0f;(x;(t)) provides a possibly descending di-
rection of f;, and —K; Zijzl dmax(0, g;(z:(t))) and
—K33) e n, Olzi(t) — x;(t)| are subdifferentials of exact
penalty terms with penalty parameters K; and K, to deal
with the consensus constraint and different local constraints.
Clearly, (8) is distributed since the ¢th agent uses only the
local data and requires only neighbors’ decision variables.

The values of K; and K> can be derived in a distributed
manner, provided that the values of the selected Z and A are
known to each agent. Here we give a distributed process to
obtain K.

1) Each agent calculates its own f;(Z) and ¢;x(%), k =

1,2, ,1;.

2) Then f(x) and § can be calculated by summing and
maximizing operations, respectively. Since the network
topology graph G is connected, agents ¢ can commu-
nicate with their neighbors on the values of f;(Z) and
gjk(g_g)’ k= 1,2,-- 7li’ J GM'

3) We can use the algorithm in [24] to calculate ¢, which
is the optimal value of an unconstrained optimization
problem.

Then we can obtain K. Note that the Lipschitz constant &;
of M, can be obtained since the local Lipschitz constants of
fi and g; are available. We can refer to the method in [11]
to calculate £ and K> in a distributed manner.

Remark 2: Compared with [7], [8], the dual and auxiliary
variables in their algorithms are not needed in our algorithm,
since our method is based on the exact penalty to remove
the constraints. As a result, the cost of computation and
communication with respect to those variables is reduced
in our algorithm.

C. Existence and Convergence Analysis

The compact form of (8) can be written as

x(t) € H(x(t)), ©)

where H(x(t)) = —0h(x(t)) and h is defined in (6). The
existence of a trajectory solution to (9) is presented as
follows.

Theorem 4.2: Under Assumptions 1—4, for any initial
value x(0) € R™™, a solution x(t) to (9) exists globally and
is bounded.

Proof: By Assumption 1 and Lemma 2.1, the right-hand
side of (9) is an upper semicontinuous set-valued map with
nonempty convex compact values, and (9) has at least one
solution on [0,7] with T > 0 for any initial value x(0) €
R™™. Let x* = col(z},x5,--- ,x}) be an optimal solution
to (6). By the first-order optimality condition, for each ¢ € V,

0cifi(z})+K Zamax 0, gir(z;))+ K> Z Oz} —x; ]
k=1 JEN;
(10
Define 1
ey * (|2
DL EAORS A (11)

%

The set-valued Lie derivative of V' (¢) with respect to (9) is

LV (t) = {a(t) eR:a(t) = Z <xl(t) —z, —n;

i€V
l;
K Z%’k( — Ky Z Gij(t > ni(t) € 0fi(wi(t)),
k=1 JEN;
Yik(t) € Omax(0, gir(i(t))), Gi(t) € Iai(t) — z; (f)|}

(12)

Let W(t) = h(x(t)) — h(x*) > 0. It follows from the basic
property of the subdifferential that
(t) <Y (filwp) = filwi(1)))
eV
1
+Klz Zmax (0, gir(x Z max (0, gir(z(t))))
eV k=1 k=1
R (Y faf —fl = Y faa(t) = 2;(0))
i€V jEN; JEN;
< h(x*) — h(x(t)) = =W (t) <0.

13)

Therefore, V' (t) is monotonically decreasing and V (t) <
V(0), Vt € [0,T]. Thus, x(t) is bounded on [0, T]. By the
extension theorem given in [19], x(¢) exists globally and
remains bounded. This completes the proof. [ ]

Theorem 4.2 proves the boundedness and global existence
of a solution x(t) to (9). Next, we present the convergence
analysis as follows.

Theorem 4.3: Under Assumptions 1—4, the trajectory
x(t) converges to an equilibrium point x*, which is also
an optimal solution to (3) and (6).

Proof: Let x* = col(x¥, x5, - , ) be an equilibrium
point of (9). By (10), x* is also the optimal solution to (6).
Consider the Lyapunov function (11). By (13), for any
a(t) € LyV, a(t) < 0. Recall that W(t) = h(x(t)) —
h(x*) > 0. Since h(-) is locally Lipschitz continuous and
x(t) is absolutely continuous, W (t) is uniformly continuous
with respect to ¢t. Therefore, W( ) is Riemann integrable. It
follows from (13) that [ W(x(7))dr < V(0) < oco. By
Lemma 2.2, lim;_, W(x(t)) = 0, i.e., x(t) converges to
the set ® = {x € R"™ | W (x) = 0}.

Next, we prove that x(¢) converges to one point in
®. By the convergence of x(t), there exists a strictly
increasing sequence {t;} with limy_,tx = o0 such
that limy_ o x(¢x) = x X* € ®. Consider a new
Lyapunov function V(t) = 23, |l2;(t) — &;|*. Then
liminf; [7(t) = 0. Also, by similar analysis about V'
in (11), K(t) is also monotonically decreasing. As a result,
lim; o V(t) = 0, which implies lim; ., x(t) = x*.

Since X* € @, it is an optimal solution to (6). When K;
and K> satisfy the value range given in Theorem 4.1, X* is
also an optimal solution to (3). This completes the proof. ®

Remark 3: The convergence of (9) is proved under As-
sumptions 1—4 without Assumption 5, which is different
from the strict convexity required in [5].
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Further we analyze the convergence rate in the following.
Theorem 4.4: Under Assumptions 1—4, (9) converges to
its equilibrium point with O(1) rate as

0 < h(x(t)) — h(x") < %V(OL Wt >0

where x(t) 2 L [*x(7)dr.

Proof: Let x* be an equilibrium point of (9). Moreover,
x* is also the minimum point of h(x). Then h(x(t)) —
h(x*) > 0. It follows from (13) that

a < h(x*) — h(x(t)).

*

(14)

Integrating both sides of (14) over the interval [0,¢) yields

VO VO -VO) <5 [ (6) = hx(r)ar
0

~t ~t
Since h(x) is convex with respect to x, using the Jensen’s
inequality yields h(x(t)) < 1 f(f h(x(7))dr. Therefore,
h(x(t)) < 1V (0) + L [T h(x*)dr, ie., h(X(t)) — h(x*) <
1V(0). This completes the proof. [ |

In Theorem 4.4, we prove that when the cost functions are
convex, (9) achieves O( %) rate of convergence. This result
has also been obtained in [5], whereas their cost functions are
required to be strictly convex. Moroever, our method can also
guarantee the exponential convergence with strongly convex
functions, as shown in the next theorem.

Theorem 4.5: Under Assumptions 1—5, (9) converges
exponentially to its equilibrium point with

V(t) <V(0)e 2, ¥t >0
where the rate « is the strong convexity parameter.

Proof: By Assumption 5, (6) has only one optimal
solution, and the equilibrium of (9) is also unique, denoted by
x* = col(x}, x5, - ,z}). Consider the Lyapunov function
(11). 1t follows from (12) that for any a € LgV,

l;

a:Z<xi—x;‘,—m—K1Z%k—K2 Z Cij>a

S% k=1 JEN;

ni € Ofi(xi), ik € 0max(0, gix(x:)), Cij € 0|z — 5.
(15)

Moreover, x* is the optimal solution to (6) if and only if

l;
<xi —ap ol + K1Y v+ K2 Yy ij> >0,Vz; € R™,

k=1 JEN;

(16)

where 0 € Ofi(z}),~; € Omax(0,gi(z})),(;; € Olzy —
x|. Substituting (16) into (15) yields

l;

l;
a§_2<xi—xf,ni—77;‘+Klzryik_}(lz,ﬁk

icV k=1 k=1
+ K> Z Gij — Ko Z Gi)
JEN; JEN;
< S oot -,
=Y

By Assumption 5, a < — Y, .\, allz; —a}||* = —2aV. Then
V(t) < V(0)e~22t, which completes the proof. |

Remark 4: The exponential convergence under the strong
convexity condition has also been considered in [11], [15],
[16] without local constraints or with global constraints.
In addition, it has been achieved in [10] for optimiza-
tion problems with local linear equality constraints, but
the exponential convergence cannot be guaranteed in the
presence of inequality constraints. In contrast, our algorithm
achieves exponential convergence for optimization problems
with different local inequality constraints.

V. NUMERICAL SIMULATION

In this section, we give two numerical simulation examples
to verify the effectiveness of (9).

Example 1: Consider two agents which can communicate
with each other for the optimization problem (2). Their cost
functions are fi1(x) = 2% 4+ 23, fo(x) = 27 + (22 —
0.19)2, where x € R? is the decision variable. The local
constraints g1(x) : R? — R%, go(x) : R? — RS are
g91(x) = col(—x1 — 2,21, —x3 — 2,23), g2(x) = col(—x1 —
2, L1, —T2 — 001, To — 019, 011‘1 — T2 + 019)

We make a simulation comparison between our algorithm
and the one in [11] as shown in Figures 1 and 2. Our
algorithm makes the agents reach a consensus and converge
to the optimal solution, whereas the algorithm in [11] fails
to find the correct solution.

S o — agent 1 in our algorithm
~ o — agent 2 in our algorithm
15 S~ -oagent 1 in [11]
~ -..agent 2 in [11]
~ o .
1 —-—— initial point
o~ optimum
o the solution to our algorithm
0.5 the solution to [11]
0
-0.5
-2.5 -2 -1.5 -1 -0.5 0

Fig. 1. The comparison of our algorithm and the algorithm in [11].

—our algorithm
0.1/ —the algorithm in [11]

x-x" |

0 0.2 0.4 0.6 0.8 1 1.2 14 1.6
Time

Fig. 2. The error comparison of our algorithm and the algorithm in [11].

Example 2: We discuss the case of strongly convex cost
functions to verify the exponential convergence. Consider
the optimization problem (2) with a multi-agent network
consisting of 30 agents connected by a cyclic graph. For ¢ =
1,2,--+,30, fi(x) = 3xT Pix+q] x+r;|x/|, where x € R0
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is the decision variable, P; € R'*10 is a positive definite
matrix, and ¢; € R'%, r; € R are randomly generated
known coefficients. The local constraints are g;(x) < 0,
i=1,2,---,30, where g;(x) : R — R? and g;(x) =

col(wy + -+ +af +-- + 10— 9—14,0), i =1,--,10,

col(xy + 2o+ -+ 210+ 6—14,0), i =11,---,20,
col(xi—o0 + 16 — i, —x;_90 + 16 —4), i =21,--- ,30.

The simulation results are shown in Figures 3 and 4, where
V is given in (11). As can be seen from Figure 3, our
algorithm achieves exponential convergence. Also, Figure 4
shows that both our algorithm and the adaptive one in [7]
converge to the optimal value, while our algorithm converges
fast.

0 0.1 0.2 03 0.4 0.5 0.6 0.7
Time

Fig. 3. Exponential convergence of the algorithm.

5000 T T T T T T T
— our algorithm

4000 — adaptive algorithm| |

3000 ]

7 2000 1

1000 |- b

-1000 L L L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Time

Fig. 4. Comparison of our algorithm and the adaptive algorithm.

VI. CONCLUSION

In this paper, a distributed continuous-time differential
inclusion algorithm has been designed to solve a distributed
optimization problem with different local constraints. A
novel method by removing both the consensus constraint
and different local constraints based on the exact penalty
have been proposed. Moreover, the feasibility and conver-
gence of the algorithm have been proved theoretically. The
convergence rate of O(%) has been achieved when the cost
functions are convex, and the exponential convergence rate
has been achieved when the cost functions are strongly
convex. Finally, the convergence and effectiveness of the
algorithm have been verified by two numerical examples.
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