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Abstract

This paper investigates distributed online optimization in a networked multiagent sys-
tem, where each agent has its own private objective and constraint functions that vary
over time. In many real-world scenarios, computing the gradient of the cost function can
be challenging, especially when agents have limited computational capabilities. Moreover,
communication delays are common in practical networked systems due to vatious fac-
tors. This paper considers a unified framework for distributed online optimization that can
handle bandit feedback and communication delays feedback simultaneously. A distributed
primal-dual algorithm is proposed that utilizes bandit feedback, in which the agents esti-
mate the gradients of their objective and constraint functions by sampling the function
values. An enlarged network model that incorporates the delayed information exchanged
among the agents is introduced. Through theoretical analysis, it is shown that the proposed
algorithm achieves sublinear upper bounds on both the dynamic regret and the constraint

1 | INTRODUCTION

Distributed optimization has gained significant attention in
recent years as a framework for controlling and optimiz-
ing large-scale networked systems [1]. The agents’ goal is to
collectively find a solution that optimizes the overall system pet-
formance rather than just optimizing their individual objectives.
One of the most widely studied approaches is consensus-based
optimization [2]. In this approach, agents iteratively share infor-
mation with their neighbours in the communication network to
reach a consensus on the decision variables that optimize the
global objective function.

While much research has been done on developing dis-
tributed algorithms for off-line optimization, where a local
cost function does not change over time, practical situa-
tions often involve dynamic environments with a time-varying
local cost function. Online optimization is a framewotk that
addresses such dynamic settings, aiming to minimize a perfor-
mance metric called a regret [3]. Many research articles have
explored various directions to tackle the challenges of dis-
tributed online optimization. One line of research focuses on
developing distributed methods that can handle directed com-

violation despite communication delays.

munication networks [4, 5]. The influence of noisy gradient
information has also been studied [6, 7], where a high-
probability bound on the regret was analysed. Several research
articles have investigated distributed approaches that incorpo-
rate shared constraints such as primal-dual methods [8] and
augmented Lagrangian frameworks [9, 10]. Furthermore, in
real-world networks, communication bandwidth can impact the
performance of distributed algorithms. Researchers have con-
sidered distributed approaches that consider communication
constraints such as quantization of exchanged information [11]
and event-triggered communication schemes [12, 13].

In distributed online optimization, many algorithms assume
that the gradient of the cost function can be easily computed.
However, this assumption may not always be practical, par-
ticularly when agents have limited computational resources.
To address scenarios with limited gradient information, one
approach is the use of bandit feedback algorithms, also known
as zeroth-order algorithms. Bandit feedback is crucial in dis-
tributed optimization for several reasons. First, it enables the
optimization of black-box functions. This is particularly impor-
tant in real-world applications, where the exact form of the
objective function may not be known or may be too complex
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to model explicitly. Second, bandit feedback optimization can
be more computationally efficient than methods requiring exact
gradient computations, as it relies only on the values of the cost
and constraint functions at each iteration. This makes it well-
suited for resource-constrained environments, such as wireless
sensor networks or mobile devices. One class of these algo-
rithms approximates gradients using a single function evaluation
[14], while multi-point bandit feedback algorithms estimate gra-
dients through multiple function evaluations [15, 16]. The latter
approach allows for more accurate gradient estimates compared
to single-point methods.

Communication delays ate another significant challenge in
distributed optimization. In real-world networked systems, the
exchange of information is often subject to delays arising
from wvarious factors. Nedi¢ and Ozdaglar analysed the con-
vergence properties of these algorithms in the presence of
delays [17]. The authors have shown that delays can slow down
the convergence rate and require additional assumptions and
modifications to the algorithms to ensure convergence. Recent
studies have made significant progress in consensus control
with delayed feedback. Lin and Ren proposed a consensus algo-
rithm in multiagent systems with communication delays [18].
Zhang et al. studied continuous-time multiagent systems with
both communication noise and delays [19]. Wei et al. consid-
ered a model predictive control approach under the conditions
of input constraints and bounded time-varying communica-
tion delays [20]. The distributed optimization problem with
communication delays have also been studied in [21-24]. How-
ever, most existing methods assume that agents have access
to full gradient information, which may not always hold in
practical applications.

To address these challenges, we propose a distributed online
optimization algorithm incorporating bandit feedback and com-
munication delays. The proposed algorithm is based on a
distributed primal-dual approach and utilizes two-point ban-
dit feedback to estimate gradients without perfect information.
Through theoretical analysis, we prove that the proposed algo-
rithm achieves sublinear dynamic regret and constraint violation
despite uncertainties from bandit feedback and communica-
tion delays. Previous research on distributed bandit feedback
algorithms has studied scenarios where gradient information is
unavailable [4, 25, 26]. However, the impact of communication
delays is not considered in these research articles. While the dis-
tributed online optimization methods with the delayed gradient
information have been investigated [27], these approaches do
not consider delays in communication between agents. Several
research articles have addressed the effects of communication
delays on the convergence of online distributed algorithms
[28, 29]. However, these methods assume petrfect gradient
information and cannot be applied in the bandit settings.

Compared to the existing methods, the proposed method
offers several advantages.

* The proposed method can address both the bandit feed-
back and the communication delay feedback in a distributed
multiagent system. The bandit feedback is particularly advan-

tageous in scenarios where the cost and constraint functions
are complex or their gradients are difficult to compute. Com-
munication delays are also a critical issue in many real-world
networks, often arising from factors such as network con-
gestion, limited bandwidth, and physical distance between
agents. While existing methods usually tackle these issues sep-
arately, the proposed algorithm integrates them into a unified
framework.

* The proposed algorithm incorporates a distributed primal-
dual method with two-point bandit feedback. This approach
enables cach agent to appropriately estimate gradients with-
out relying on exact gradient information. To address com-
munication delays, we consider an enlarged graph approach,
where virtual agents are introduced to the original graph to
handle the delayed information. These virtual agents store
and forward the delayed information to the appropriate
agents. By incorporating these virtual agents, the proposed
method can deal with the situation where each agent receives
the information with communication delays.

The paper is organized as follows. Section 2 introduces
the problem formulation of the online optimization and the
bandit feedback. Section 3 proposes a distributed online primal-
dual algorithm in the presence of communication delays.
Section 4 shows the analysis of the regret bound of the pro-
posed algorithm. Section 5 illustrates the numerical examples
of the proposed algorithm. Finally, Section 6 gives concluding
remarks.

2 | PROBLEM FORMULATION

2.1 | Notations

The sets of #-dimensional real vectors and real vectors with
non-negative components are represented by R” and R,
respectively. The set of non-negative integers is represented
by N. The symbols 0 and 1 stand for vectors of appropriate
dimensions with all elements equal to 0 and 1, respectively. We
use /, to represent the # X # identity matrix. Vector inequali-
ties are interpreted componentwise. The Euclidean norm and
the ¢;-norm of a vector ate represented by || - || and | - ||,

respectively. For a matrix A4, [A],; represents its (, /)th ele-

;
ment. Similarly, for a vector x, [x]/[ represents its 7th element.
For functions 4y : R = Rand 4, : R - R, /) = O () if
|51 ()] £ Cihy(x) for some positive constant C; and sufficiently
large x € R. Similarly, 5 = O(h,) means that by (x) < Cyhy(x)
for some positive constant C; and sufficiently large x € R.
The n-dimensional closed unit ball and the unit sphere atre
represented by B” = {x € R” | ||x]| £ 1} and $" = {x € R” |
[[|l = 1}, respectively. For a closed convex set & C R”, the
projection of a vector x € R” onto § is defined as IIg(x) =
argmin,eg [|x —y||. As a property of the projection operator,
we have

ITs(x) =g Wl < Nl =yll,  Vax,p € R )
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We use [g]4 to represent the componentwise projection of a
vector ¢ € R” onto the non-negative orthant R, . Finally, E ,[-]
represents the expected value with respect to the random vari-
able #. However, we omit the random variable # if it is clear from
the context.

2.2 | Multiagent system

We consider a multiagent system with /NV agents whose net-
work is represented by a time-varying directed graph G, =
(F,6.), where . F ={1,2,..., N} is the set of the agents, €,
is the set of edges at iteration £ € X, and ¥ ={1,2,..., T}
An edge (/,7) € €, represents that agent ; transmits informa-
tion to agent / at iteration £. If any agent can be reached by
a directed path from any other agent in the graph, the graph
is said to be strongly connected. A sequence of communica-
tion graphs Gy, Gy, ...
exists a positive integer B such that Ez(s) = Uf:(;—l)BH €y

is uniformly strongly connected if there

is strongly connected for every s € N \ {0}. The weight matrix
oW = [q@] € RV consists of the edge weights q§f> that has

i
a positive value if (/,7) € %y, and ¢ =0 for (j,1) & %;. In
this paper, the following assumption about the connectivity of

the communication graph is made:

Assumption 1. The sequence of the communication graphs
{G i} e is uniformly strongly connected. Moreover, the weight
matrix QU@ corresponding to G is column stochastic for

all £€ K such that qff) > p for all (j,/) €6, and k€ K,

and qff) > pforall /i €.F and £ € K, where p is a positive
constant.

This assumption ensures that information can propagate
through the network over time, which is crucial for convergence
in distributed optimization [2].

Each agent /7 in the system has an associated local cost func-
tion f;, : L; = Rand alocal constraint function g;, : XL, —
R” at iteration £, whete L; C R is the feasible region of the
decision variable for agent 7.

Assumption 2. Forany/ € J and £ € X, f; , and g; ; are con-
vex. Moreover, the local constraint set X; is bounded, closed,
and convex.

Assumption 2 on the convexity of the cost and constraint
functions, and the boundedness of the constraint sets is a funda-
mental assumption in convex optimization literature [8]. From
Assumption 2, several important properties can be derived.
First, due to the boundedness of the local constraint set, ||x;|| <
B, holds for all x; € X, and 7 € F, where B, is a positive con-
stant. Moreover, we have [|g; . ()|l < B, and ||Dg/ Ll ¢
forall x; € X,, i € F, and £ € K, where B, and C, are pos-
itive constants, and D, (x;) € R">" is the Jacobian of g, at
X S % i

2.3 | Constrained online optimization

We consider the global cost function F7(x) = Zzej Jie()

and the global constraint function Gp(x) = Z;‘e g &k (),

where x; € X, is the decision vatriable of agent 7, x =

[x;r,x;r, ,XIT]T e X, X c R” is the concatenation of the

local constraint sets of N agents, and.n = z;‘e] ;. .
The multiagent system collaboratively solves the following

online optimization problem with inequality constraints at each

iteration:
minimize Y F(x) (2a)
x€XL
kK
subjectto ). Gi(x) < 0. @2b)
rEFK

The optimization problem (2) is a general formulation that
covers a wide range of constrained distributed online optimiza-
tion problems. For example, the optimization problem (2) can
be applied to resource allocation problems as discussed in [8],
where the objective is to optimally allocate limited resources
among multiple agents in a dynamic environment. Other exam-
ples include online linear regression [30] and online model
predictive control problems [31].

The Lagrangian function for the optimization problem (2) is
defined as ), res Hi(x, p), where p € R is a dual variable,

Hy(,p) = ) Hig(,0) = F(x) + 0T Ge(x), )
ey

and H 4(x;, ) = fi,4(x;) + P g:4(%;). Then, the dual problem
of Equation (2) is given by

max Y 7.(0), “

m
pERY kEX

where 7, (0) = min, g9y, Hp(x, p)and Y, = {x € L | Gi(x) <
0}.
We consider the following Slater’s condition:

Assumption 3. For any £ € K, there exists X in the relative
intetior of I such that G (x) < 0.

Assumption 3 is a classical assumption in constrained
optimization that guarantees strong duality [32].

2.4 | Bandit feedback

In the bandit setting, the true gradient values of the cost and
constraint functions are unavailable. Instead, each agent /7 can
only observe the cost function value and constraint function
value. Specifically, each agent samples the cost and constraint
functions at two points close to its current decision to approx-
imate the local gradient. To this end, we utilize a smoothing
approximation and two-point bandit feedback.
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We here consider a function ¢ : K = R”, where K C R”.
We consider the following assumption:

Assumption 4.

1. There exist positive constants {n;; and ¢, such that
gmin[EBﬂ cKc gmaxBﬂ'

2. @ is convex and Lipschitz continuous on K.

3. Forany x € K, there exists B, > 0 such that [|p(x)[| < By.

Assumption 4 regarding the convexity and Lipschitz con-
tinuity of the smoothed functions ensures that the gradient
estimates obtained through bandit feedback are well-behaved,
which is critical for the convergence analysis of zeroth-order
optimization algorithms [14].

In this paper, we consider a smoothed function ¢ of a
function @ as follows:

P(x) = Eremr[p(x + 3p0)], ®)

where &, € (O, {minf] is a smoothing parameter and § € (0, 1)
is a shrink rate. The expectation in the smoothed function (5) is
taken with respect to a random vector » uniformly distributed
over the unit ball B” in R”. The random term &, introduces
a small perturbation around the point x, allowing us to explore
the local behaviour of the function ¢. By averaging over these
random perturbations, we obtain a smoothed approximation
that captures the essential features of the original function. The
shrink rate & controls the size of the neighbourhood. A smaller
value of § results in a tighter approximation to the original func-
tion, while a larger value leads to a smoother approximation with
a larger neighbourhood of exploration.

Under Assumption 4, we have the following results of con-
vexity and Lipschitz continuity for the smoothed function @
(Lemma 2 in [25]).

Lemma 1. Under Assumption 4, we have the followings:

1. @ is convexc on (1 — &)K.

2. @ is Lipschirz continuons, that is, for all x,y € K, there exists a
positive constant Ly, such that ||B(x) — )| < Lollx = yll-

3. For any x € (1 — OK, we have @(x) < @(x) and ||(x) —
P < 8p L.

We consider the two-point approximation of the gradient of
@ defined as follows:

dy(x) = ﬁ(co(x +8,,) — Plx = Bpup)tg,  (6)

where #, € S” is a unit vector. The intuition behind this
approximation is to estimate the gradient by evaluating the func-
tion at two points that are slightly perturbed from the original
point x.

The properties of ZZ¢ are summarized in the following lemma
(Lemma 2 in [25]):

Lemma 2. Under Assumption 4, we have the followings:

1. The expected value of ;20 () Zs given by the smoothed gradient, that s,
E esildp()] = VO(), Vxe(d-HK. (7

2. There exists a positive constant Ly, such that

nL
IVeE) = VEOI < 5=l =yl Vaey € (1 = D)K.
®

®
3. The norm of 3@ () 75 bounded as

dp ()| < nly, Vx € (1=EK. )

The properties in Lemma 2 are fundamental for the analysis
of the proposed algorithm because they address the behaviour
of the gradient estimates and its smoothed function. These
properties are used in the convergence analysis in Section 4 to
bound the error terms.

3 | DISTRIBUTED BANDIT FEEDBACK
OPTIMIZATION WITH
COMMUNICATION DELAYS

In this section, we propose a distributed online algorithm with
bandit feedback in the presence of communication delays. Let

ORI CNEPON @\
X =0 ) 5 (5.) sees (¥y ) 1 bean optimal strategy at

iteration £ such that xi@ € argmin,eq/, f7(x). Bach agent /
has the estimations xl@ € X; and pl(./e) € R corresponding to
*)

the optimal dynamic strategy x;,” and the dual optimal solution

Ps € RY for the dual problem ?(4).
Let 1%

ct Kz'/
the directed edge (/,7) € €, at iteration £ We introduce the
following assumption [17]:

€ N be the time-varying communication delay for

Assumption 5. The communication delays are characterized
by the following conditions:

* The self-delay is zero, that is, Kff) =0foral;€ . and £ €
x.

* If (j,7) € €, and agent 7 does not receive the estimate from
agent / at iteration £+ 1, then Kff) = 0.

* There exists a constant & € N'\ {0} such that 0 < Kff) <u-
1foralls,j € Fand kE K.

Assumption 5 is used for analysing and ensuring the conver-
gence of the distributed optimization algorithm. By bounding
the delays, the algorithm can be effectively designed to manage
delays within a specific range. This assumption is reasonable in
many practical systems where communication delays are limited
due to physical constraints or the properties of the network [17].

Algorithm 1 shows the proposed distributed online algo-
rithm with bandit feedback. The algorithm utilizes the step-sizes
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ALGORITHM 1 Distributed online primal-dual push-sum algorithm with
Bandit feedback.

Require: For cach agent 7 € F and for each itcrarjon
T e (1)~ -2,
to 0. Moreover, for all / € .7, the variables Xi N pi R and»)é]) are initialized as

M € .Er,,pf =0, and}< ) —g,,k(xz.a)).

., 0}, the Varlab]es x ,p and»yfz) are initialized

1: fork € H do

2: Update the estimations by
Q)
(k+1) (®), &K
v =Y (13)
Jjes
(%)
0 k) (k=x;7)
§9=Y a0 7 )
ey
(%)
& k) (b0 -
=X, (1)
jes
®
(k+1) g(@ (%) { pRE (*) 17
P *a W" I an
4 +
(k+1 £ & -1
A =60 4 =g ), ()
3: Setto £ i=k+1.
4. end for

4% > 0and 4% > 0, and the gradient-related vector defined as
follows:

34D
7

*)

T &

— 7 (%) 7 (%) i
- dff,/c (G )+ Dy, () (k+1)°

i

(10)

where Zl fir (x;k)) and Dgf, . (x/@) are the two-point approxima-
tions defined as follows:

25,5 = 55— 5/ 55— Vi + 850 = o = 8 g g
(11)

( )_ 5 (gk(‘x +6"1k”uk) g/kz( 5"1/« "%k ) gik”
(12)

The gradient estimates are obtained using smoothing param-
eters 6, >0 and §,, > 0, and unit vectors #; € S" and
Uy, € S” that are umformly chosen from the unit sphere.

In the proposed algorithm, each agent 7/ € .F initializes the

variables x , p and}l@ to zero for T € {—(u —1),—(u —

2), ..., 0}. Moreover, xl.a)

set X;, ,O@

is set to an initial point in the feasible

is set to zero, and J/< ' is initialized with the value of

())

the constraint function g z (x;

) E+1) (#)

At each iteration £, agent 7 updates the variables " 7, §,

and ¢ ® by combining the information received from neigh-
(#)

bouring agents considering the communication delay X in

Equations (13)—(15). In Algorithm 1, the vatiable ' is intro-
duced in Equation (13) to address the imbalance of information
that arises due to the directed nature of the communication
among agents [8].

(e+1)

The primal variable x; is updated using a projected gra-

dient descent step in Equation (16). The dual variable p( s
updated using a dual ascent step, followed by a projection onto

the non-negative orthant in Equation (17). Finally, the variable

yﬁkﬂ) is updated by incorporating the change in the constraint

function values between consecutive iterations in Equation (18).

The variable J/f/ﬁl) provides a running total of how far the cur-

. ) . .
rent estimates x; ~ are from satisfying the constraints up to the

current iteration £. By maintaining this historical information,

£ . . e s
]5 ) enables agent 7 to adapt the estimate towards feasibility in
subsequent iterations.

4 | CONVERGENCE ANALYSIS

Since the gradient information Zf;,/c(xl.(é)) and Dgf,/c (xl.('é> ) in
Equation (10) is estimated based on sampled function values
rather than being directly observed, the gradient descent step
(16) involves randomness in the decision-making at each itet-
ation. As a result, the regret and constraint violation are not
deterministic but involve random variables [25, 26]. In this sec-
tion, we analyse the convergence of the proposed algorithm
using the expected dynamic regret and the expected constraint
violation as follows:

=Y 3 ()

kER i€T kEX i€T
~— C /A
Ree =E||[| Y Y 2 <xf >) . (20)
kEF €T +

To analyse the impact of communication delays on the conver-
gence of the distributed optimization algorithm, we introduce
an enlarged graph G, = (F ,%/6). In the enlarged graph Gy,
the vertex set .F consists of uN nodes. The first N nodes
in .7, labelled as 1,2, ..., N, correspond to the original agents
in G;. In addition to the original agents, the enlarged graph
introduces (4 — 1)/V new nodes, referred to as delayed agents.
These delayed agents are labelled as NV + 1,V +2,..., ulN.
Each delayed agent handles a copy of an original agent’s
state from a previous iteration. By including these delayed
agents in the enlarged graph, the outdated information can be
propetly tracked.

The connectivity between the original agents in G, remains
unchanged in the enlarged graph .. However, when an original

agent i in .J sends its estimate x;
step communication delay, the estimate is sent to the delayed

to another agent 7 with a 7-

agent labelled as j + 7/V in the enlarged graph. To capture the
communication patterns and delays in the enlarged graph, an
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< (%)

enlarged weight matrix 0% = (7,1 € RAVXEN s introduced.

The elements of this matrix é}f) are defined as follows:

* Ifagent j receives an estimate from agent / with a T-step com-
munication delay, thatis, T = K( ) , then égé) = q;f), where b =
J + TN. This means that the Welght assigned to the delayed
agent / receiving the estimate from agent 7 is the same as the
weight assigned to the original agent ; receiving the estimate

from agent / in the original graph.

* If h=7— N, then q(@ = 1. This condition ensures that each
delayed agent retains its own information from the previous
iteration.

* In all other cases, ége) =0, indicating that there is no

communication link between the irrelevant agents.

Agent 7’ state in the enlarged graph Ck is represented by

9 e R, For a]l k£ € H, the state of the original agent 7 is

set as x( ) Whlle the state of the delayed agent/ € Sy =
{IN+1,N+2,. 2D = “(/@) .. The delayed
agent’s cost and constraint values are set as f,/@ (x;/e)) =0 and
gx&y=0foralli €. and £ € K.

The proposed algorithm for agent 7 on the enlarged graph ¢ P

.» 4N} is given by X;

can be expressed as follows:

P N o)1)
1101 = 2 95/ 110/' ’ 21)
JETF
LB _ N o8 58
EV=Xa'8" (22)
/'6:7
20 _ N 5B
¢ = ZqUJ ; (23)
ey
2 = Hg[( % _ <k>}fk+”>, 24)

k+ £ 5< > £
v( n_ f< ) 2% ‘ £ E"( ) 25
l,bl.

C(k+1 3 o (=1
G =80 4 (59) =g (57), 9

v (0) L (0 - «(0) _
where " =1, p>—0 2 =g, ),
«(0) v(/<+1) « (&) (&) (%) ('%‘H)
Gi(x; "), and 3 A )+D L YTED 14,
The initial states are set as x( ) = x( ) for /€ F and x V<O> =0
fori € Jg.

From Assumption 1, the enlarged weight matrix 0% is also
column stochastic. From the column stochasticity of O, we
can make use of the exponential decay property as follows [17]:

Lemma 3. Under Assumptions 1-3, and 5, for every pair of
indices i, ] € F and for any k > 5 > 0, the following inequality holds:
DGk, 9);; - ¢?§>| < CoF, where € > 0,0 < 0 < 1, Dk, ) =
QP OFY oo OO s the product sequence of the weight matrices, and
@) is a stochastic vector in R*Y .

Here, we summarize several preliminary lemmas that play
important roles in the analysis of the regret.

Lemma 4. Under Assumptions 1-5, we have

|
IA

i S(4) 2C .. _ o
— || S I+ Yo llen Y

||1) ,

r=inf ey

=22 ),

3 k
; < (%) 2C o _
P T(Uknp%zw
A =1

I
IA

O
(minies QU ON), 5 = A/@N) TerT, B =
/W) Ty 8, e = (€T €T €T,

k k1 k=1) ;% (k k1
d P = [gl( ) 4 k- 1)(@«5 )/¢l§) _ k- 1)§i( )L_

where g (x) =

P/
£(k—1)
£ )

i

Lemma 5. Under Assumptions 15, for any i € F and k € K, we
have r < 1,55@ < uN am{”j(/ﬁ)” < Bg, where 0 < r < 1.

Lemma 6. Under Assumptions 1-5, for all i € F and k € K,
B}, such that |[)7§k) || < B), and ||§3,<k)|| <
B,. Moreover, we have ||§“4>|| < Z,E(kH)B /(b(/@rZ) and ||,52<k>|| <
W“UB [ Or2p) foralli € F and k € K.

there exists a positive constant

Lemmas 4-6 provide upper-bounds for norms of the inter-
mediate variables in the enlarged system, which helps in
ensuring that these variables do not grow unboundedly.

Lemma 7. Under Assumptions 1—5, we have

0 2, 71
4C N) B,
£ Y Y iﬂ 5o | < XHED RS,
= r(l-o0) =0
. (0
Z Z _sol| < 2CuN 1,
S5 ) r(l-0)

2C(uN)?\fmnL,C, TZ‘ “

r(1—0) =0

2CWUNYA\/mnL C.B, 'S 4%

L) a
1 —-o0) gt, ol

where L = maXpegy jeg Ly, and L, = maxiey ey Ly, -

Lemma 7 provides an upper bound for the cumulative
deviations of the scaled vector over the entire iterations.

The proofs for Lemmas 4—7 follow the similar arguments in
Lemmas 2-5 of the reference [29] and are not included in this
paper for brevity.
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Next, we present a lemma that evaluates the error introduced
by estimating the Lagrangian function. This lemma plays a cru-
cial role in analysing the convergence properties of the proposed
algorithm.
Lemma 8.

Under ~ Assumptions  1-5,  for any X =

[x;r, ;—, ,%;\,]T and B € R, we have
I (3R 5E) 1, (4) < 1 MO 2 (k) o 2
E[77,%, %) - I, (%, )]_% - )X,- —X,‘ —|><, —%,‘
i€,

A L ez 1 LB\’
t— e

0]
+28, Y,

i z *) (%)
g PN Ly 4O L,
ey i

@27

~ - N3 I~ M‘T\’T =103 o Z (k- o
E[H,G, p) = HLG, B9)] < S (18 = BI = 1% = AIIY)

B,
(upn o ) '
=84

. 2(UNY B2 (r + 2) W, BN

£(%)
i—l) -
S
¥,

pe Pt — a1
2uNB, gv
+ <B,c+ 72 J)Z M) -,
e || ¥
(28)
where %, € L;, xO = [(u(/€> (v</€> - (v%)) 1", 5(/6)

(%)
Zzef 5/ o and 8, Z/efy 541,/6'

The proof of Lemma 8 is given in Appendix A. Lemma 8
provides bounds on the error between the Lagrangian function
values at the estimated and optimal solutions. This lemma estab-
lishes that each agent can manage the errors effectively, ensuring
that the deviation remains within acceptable bounds.

Finally, we present a theorem that quantifies the perfor-
mance of the proposed distributed online algorithm under the
constraints of bandit feedback and communication delays.

Theorem 1. Suppose that the step-sizes a*) and b are defined as
a® = 1/\/2 and VO = 1)k with ¢ € (0,1/4), where a¥) =1
and b = 1. Suppose also that the smoothing parameters are set as
5;2 = by /k and 552 = by, [ & with positive constants b and b,,.
Under Assumptions 1-5, we have

1

Reg= O+<Tz”‘> + 0, (1), (29)

1

¢ _L - 1=
Reg = ()(T1 z) + O(VTZT 2 > 30)

A+1 k
where Vo = Z/«e%ﬂ/‘l( ) Z;ej [l ( ) _ Z(*)H

The proof of Theorem 1 is given in Appendix B.

Theotem 1 shows that the proposed distributed online opti-
mization algorithm achieves sublinear dynamic regret (19) and
constraint violation (20) under the constraints of bandit feed-
back and communication delays. The bounds in Equations (29)
and (30) consist of two terms each. The first term in both
bounds depends on the time horizon 7" and the choice of
the parameter ¢ of the step-size 4%). By setting ¢ € (0,1/4),
these terms grow sublinearly with respect to 7". The second
term in both bounds depends on the accumulated variation
of the optimal strategies [. This term captures the impact
of the time-varying nature of the problem on the algorithm’s
performance. When the variation of the optimal strategies is
sufficiently small, that is, when 1 grows slowly with time, the
overall regret and constraint violation remain sublinear. This
implies that the estimation of each agent approaches the optimal
strategy over time.

5 | NUMERICAL EXAMPLE

First, the performance of the proposed algorithm is evalu-
ated through a resource allocation problem in a large-scale
power network system that consists of 1000 generator agents
(IN = 1000). The problem objective is to minimize the total
quadratic cost of power generation while satisfying time-varying
constraints on the total power output as follows [33]:

2
T ® ( _® & &, *®
m1216r5r%1ze E E ( ¢ (xl. ) +o) 5 F o, ) (31a)

kEX i€T
“ p(/e)
. 2, max
subject to Z Z X CTTN <0, (31b)
rEFK €T
(®)
>y (—xf‘”’ + %) <o, (31¢)
kEX i€T

whete x; € L; CR is agent 75 output power, pmﬂ and
pffi)n are the upper-bound and the lower-bound of power
demands at iteration £, respectively. The constraint set is
given by I; =[50,80]. The bounds of the demand are
setas poax € [290NV +0.1,290N + 20.1] and pffi)n € [290N —
20.1,290N — 0.1]. The time-varying coefficients of the cost

€ 0.025,0.03], ' €
25, 30]. The step-sizes are given b a(/c) =
p g y

function are randomly generated as f(
[15,20], and 631»
1/ \/2 and b® = 1/£"2, and the smoothing parameters are set
as8') =0.1/kand 8 = 0.1/k.

ik

Flgure 1 illustrates the evolution of the time-averaged
dynamic regret and the time-averaged constraint violation for
different algorithms. The blue line represents the performance
of the bandit feedback algorithm without communication
delay [25]. The orange line shows the result of the proposed
method for the bandit feedback setting with communication
delays. The green line corresponds to the gradient feedback
algorithm without communication delays [8]. Lastly, the red line
depicts the performance of the gradient feedback algorithm
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(a) Dynamic Regret. (b) Constraint Violation.
FIGURE 1 Evolution of the time-averaged dynamic regret and the time-averaged constraint violation for resource allocation.

with communication delays [29]. The communication delays are
randomly generated between 0 to 10 iteration steps.

These results show that the proposed algorithm achieves
sublinear growth in both the dynamic regret and constraint
violation even in the presence of bandit feedback and commu-
nication delays. Although the performance is slightly degraded
compared to using true gradients, the results show the effec-
tiveness of the bandit gradient estimation in approximating
the true gradients. Moreover, the results show that the algo-
rithm is robust to communication delays as the performance
remains relatively unaffected. However, we note that it is cru-
cial to avoid constraint violations by configuring with stricter
parameters in power control. Furthermore, the algorithm’s out-
put should be used with robust control mechanisms or safety
constraints to ensure compliance with critical operational limits.
Therefore, while the sublinear constraint violation indicates that
constraint violations become less frequent, practical implemen-
tations would need to incorporate additional safeguards to meet
the strict reliability standards required in power systems.

Next, we present a numerical experiment on intersection con-
trol with connected automated vehicles (CAVs) [29, 34]. We
consider a scenario where 8 vehicles enter an intersection from
4 different directions as illustrated in Figure 2. The intersection
control problem is formulated as follows:

r N

minimize » ¥ /¥

k=1 i=1

. ® 4,0 ®
sub]ect to Xz',/é+j+1 = A;‘Xi,/g+j' + Bi”z‘,/e+/’

CAV 8

60
CfV 4

40

20

- -
CAV2 CAV6

CAV5 CAV1

=20

—40 CAV |3

L iteration: 0
CAV|7

%060 —a0 —20 0 20 40 60

FIGURE 2 Initial positions of 8 CAVs.

where 4; € R?? and B, € R>! are the system matrix and
input matrix of CAV 7, respectively. X; C R? and Z, C R are
the state and input constraint sets of CAV 7. p,e € Ry is

the minimum safe distance between any two CAVs. y

*® *®
i 2 Vi

ikt T

T 2 - ” (
]' € R* is the state (position bt

and velocity

Vied, Vje{01,..,K—1}

k . .

X €X, Vi€I V€01, K1}
3 . .

uf’;‘/ezi, Vie ¥,V;ef{0,1,..,K -1}

(%) (%)
Pl—f,:é+j +pf,i,,é+/ 2 Psafes

Vie I,V € F,V;€{0,1,..,K -1},
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FIGURE 3 Evolution of the time-averaged dynamic regret and the time-averaged constraint violation for intersection control.

S

i,/e+/) of CAV 7 at time step £+ / based on the information

(%)
oy

step £+ /. F is the set of CAVs that may potentially collide
with CAV 7. K € N is the prediction horizon. The cost function
is given by

®w_ '\ ® \ ® ® \ o ®
Ji = 2 {(”r - ”z',/é+j> (”f - ”i,x%+j> + <”z,/;+j> Si%; s

J=0

:
(®) (%) *) ®)
+ (”z,k+ T ”z',/é+j—1> i (”i,k-k ;T ikt j—1 ) }

-
(%) (%)
+ (”r - ”;‘,/<+k) (”r B ”;',/<+1<)’

where 2, is the reference velocity, and §; € R?? and Q; € R>*?
are the weight matrices.

The goal is to control the CAVs so that they can pass through
the intersection safely with the reference velocity #, (50 [km/h]).
For this example, the parameters of the intersection control

available at time step 4. € R is the input of CAV 7 at time

are set as the same as in the reference [29]. The step-sizes are
given by a® =1/ \/Z and 4% = 1/£"2, and the smoothing
parameters ate set as 5%2 =0.1/&and 5{22 =0.1/4

Figure 3 shows the evolution of the time-averaged dynamic
regret and the time-averaged constraint violation for the inter-
section control problem. As in the case of the resource
allocation problem, we compare the performance of four
different algorithms: the bandit feedback algorithm without
communication delays [25] (blue line), the proposed method for
the bandit feedback setting with communication delays (orange
line), the gradient feedback algorithm without communication
delays [8] (gteen line), and the gradient feedback algorithm
with communication delays [29] (red line). In this example, the
communication delays are randomly generated between 0 to 5
iteration steps.

These results demonstrate that the proposed bandit feedback
algorithm with communication delays (orange line) achieves
sublinear dynamic regret and constraint violation despite the
presence of communication delays and limited feedback infor-
mation. This indicates that the proposed algorithm is able to
effectively control the CAVs and optimize their trajectories
while satisfying the constraints. Despite the slight increase in
dynamic regret and constraint violation due to communica-
tion delays, the proposed method (orange line) demonstrates
its resilience. The sublinear growth of both metrics indicates
that the algorithm can still converge to the optimal strategy
and maintain safety over time. In this example, the gradi-
ent feedback algorithms, both without (green line) and with
communication delays (red line), achieve lower dynamic regret
compared to the bandit feedback algorithms. On the other
hand, the gradient feedback algorithms result in higher con-
straint violations. The gradient feedback algorithms have access
to more informative updates as they utilize the gradient of
the objective function and constraints. However, the gradient
information may not always accurately capture the feasibility
of the solutions especially in the presence of complex and
time-varying constraints. As a result, the gradient feedback
algorithms may violate the constraints more frequently to min-
imize the objective function in the settings of this numerical
example.

Figures 4 and 5 show the velocities and the inputs of CAVs
using the bandit feedback algorithm, comparing scenarios with
no communication delays [25] and with 5-step communication
delays (proposed algorithm). In the numerical example, the hot-
izontal axis in Figure 4 is labelled by the iteration 4 to maintain
consistency with the horizontal axis in Figure 3. In this example,
the sampling period is given by 0.01 s. Therefore, the time # can
be directly related to the iteration by # = 0.014. These results
indicate that the velocities of all CAVs converge to the refer-
ence velocity #, in both cases. However, communication delays
lead to more fluctuation in the CAVSs’ velocities compared to the
delay-free scenario. This fluctuation is likely due to the delayed
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FIGURE 4 Velocities of 8 CAVs in the bandit feedback algorithm.
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FIGURE 5

Inputs of 8 CAVs in the bandit feedback algorithm.

feedback, which causes less timely adjustments. Since the cut-
rent model does not explicitly account for jerk constraints, the
control input exhibits significant variations as shown in Figure 5,
leading to relatively large velocity fluctuations in Figure 4. To
reduce these fluctuations, the optimization problem needs to
be reformulated to include jerk constraints [35]. While reduc-
ing jerk would enhance ride comfort for passengers, it could also
extend driving time and potentially cause congestion at intersec-
tions. Therefore, in practical applications, it is crucial to strike
a balance between passenger comfort and minimizing driving
time. For future work, we aim to extend the model to include
jerk explicitly in the constraint of the optimization problem to
provide a more practical control framework.

6 | CONCLUSION

This paper studied the problem of distributed online opti-
mization with bandit feedback and communication delays. We
developed a distributed primal-dual algorithm that enables
agents to cooperatively optimize a global time-varying objec-
tive function while satisfying dynamic constraints using only
local bandit feedback and delayed information exchange. The
algorithm combines a primal-dual approach with a two-point

iteration k

(b) With 5-step communication delays.

zeroth-order gradient estimation to handle constrained opti-
mization under bandit feedback. The theoretical analysis was
provided to prove the sublinear dynamic regret and constraint
violation of the proposed algorithm, demonstrating its tracking
petformance even with delayed information. The results of this
paper open up several interesting directions for future research.
One direction is to investigate distributed online optimization
with more complex constraint structures.
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APPENDIX A: PROOF OF LEMMA 8
We show Equation (27). From Equations (1) and (24), for X; €

X

, we have
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From Equation (10), the last term of the right-hand side of o) wL,B, 2
Equation (A1) is given as follows: + > <n, L+ C ré )
[ @( /e+1>) ( )] “</<)
+ 28| —s = PO 40, Ly + 0, L, (A3)
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where H; (x,p) = f/((x) +0'7 % #(x). Then, from Lemma 1, +28, Z S PO + 5‘/- Ly+6, Ly
we have €5 ¥i
- Equation (28) can be shown in the same way.
i, ( (8 ﬁ(/e)) (x ,0( )) q (28) V. O
@ APPENDIX B: PROOF OF THEOREM 1
2 Jik ( ) + ()T &ik ( > First, we show Equation (29). From Lemma 8, we have
o £ z o x®) B) — % 5%
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Furthermore, from Lemmas 2 and 6, we have
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where  the follows
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Here, we define E(0) as follows:
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