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Abstract— This paper considers distributed online noncon-
vex optimization with time-varying inequality constraints over
a network of agents. For time-varying graphs, we pro-
pose a distributed online primal–dual algorithm with com-
pressed communication to efficiently utilize communication
resources. We show that the proposed algorithm establishes an
O(Tmax{1−θ1,θ1}) network regret bound and an O(T 1−θ1/2)
network cumulative constraint violation bound, where T is
the number of iterations and θ1 ∈ (0, 1) is a user-defined
trade-off parameter. When Slater’s condition holds, the network
cumulative constraint violation bound is reduced to O(T 1−θ1).
These bounds are comparable to the state-of-the-art results
established by existing distributed online algorithms with per-
fect communication for distributed online convex optimization
with (time-varying) inequality constraints. Finally, a simulation
example is presented to validate the theoretical results.

I. INTRODUCTION

Distributed online convex optimization offers a promising
framework for modeling a variety of problems in dynamic,
uncertain, and adversarial environments, with wide-ranging
applications such as real-time routing in data networks and
online advertisement placement in web search [1]. Various
projection-based distributed online algorithms with sublinear
regret have been proposed to solve the distributed online
convex optimization problem, see, e.g., [2]–[10], and recent
survey paper [11]. For example, for the fixed communi-
cation topology, the authors of [2] propose a projection-
based distributed online subgradient descent algorithm, and
establish an O(

√
T ) regret bound for general convex local

loss functions. For strongly convex local loss functions, the
authors of [3], [4] establish an O

(
log(T )

)
regret bound.

For time-varying communication topology, the authors of
[5] propose a projection-based distributed online weighted
dual averaging algorithm, and establish an O(

√
T ) regret

bound for general convex local loss functions. By utilizing
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proportional-integral distributed feedback on the disagree-
ment among neighboring agents, the authors of [6] propose
a projection-based distributed online proportional-integral
subgradient descent algorithm, and establish an O

(
log(T )

)
regret bound for strongly convex local loss functions.

The aforementioned distributed online algorithms rely on
agents exchanging their local data with perfect commu-
nication. Consequently, these algorithms encounter signif-
icant limitations arising from communication bottlenecks.
To overcome the limitations, distributed online algorithms
with compressed communication are studied for the fixed
communication topology in the literature, see [12]–[14], and
recent survey paper [15]. For example, the authors of [12]
propose a decentralized online gradient descent algorithm
with compressed communication by introducing an auxiliary
variable to estimate the neighbors’ decisions at each iteration.
They establish an O(

√
T ) network regret bound for general

convex local loss functions. Unlike the compression strategy
employed in [12], the authors of [13], [14] introduce two
auxiliary variables: the first serves the same purpose as
the auxiliary variable in [12], while the second ensures
that the first variable does not need to be exchanged. The
compression strategy is effective when the communication
topology is fixed. However, it becomes ineffective for a time-
varying communication topology.

Note that inequality constraints are common in practical
applications. However, performing projection operations onto
such constraints can result in substantial computational and
storage burdens. To deal with this challenge, the authors
of [16] consider the idea of long term constraints proposed
in [17], where inequality constraints are allowed to be
violated temporarily, with the requirement that they are
ultimately satisfied over the long term. This violation is
measured by a performance metric named constraint vio-
lation where the projection onto the non-negative orthant is
performed after summing the constraint functions over time.
Accordingly, they propose a distributed online primal–dual
algorithm and establish an O(T 1/2+c) regret bound and an
O(T 1−c/2) constraint violation bound for general convex lo-
cal loss and constraint functions, where c ∈ (0, 1/2) is a user-
defined parameter. The regret bound is further reduced to
O(T c) for strongly convex local loss functions. The authors
of [18] use performance metric named cumulative constraint
violation where the projection onto the non-negative orthant
is performed before summing the constraint functions over
time, which is proposed in [19]. Moreover, they establish an
O
(
Tmax{c,1−c}) regret bound and an O(T 1−c/2) cumulative

constraint violation bound with c ∈ (0, 1) for quadratic
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local loss functions and linear constraint functions. However,
[16], [18] only consider static inequality constraints. The
authors of [20] extend distributed online convex optimization
with long-term constraints into the time-varying constraints
setting. Moreover, the same network regret and cumulative
constraint violation bounds as in [18] are established. How-
ever, the distributed online algorithms proposed in [18], [20]
are unable to achieve reduced network cumulative constraint
violation under Slater’s condition. Slater’s condition is a
sufficient condition for strong duality to hold in convex
optimization problems [21], and can be leveraged to achieve
reduced constraint violation, e.g., [22], [23]. Recently, the
authors of [24] propose a novel distributed online primal–
dual algorithm, and establish reduced network cumulative
constraint violation bounds under Slater’s condition.

Unlike the aforementioned studies that focus on distributed
online convex optimization, the authors of [25] investigate
distributed online nonconvex optimization where local loss
functions are nonconvex. To evaluate algorithm performance,
they propose a novel regret metric based on the first-order
optimality condition associated with the variational inequal-
ity. For this metric, the offline benchmark seeks a stationary
point of the cumulative global loss functions across all
iterations. Moreover, they establish an O(

√
T ) regret bound

for general nonconvex local loss functions. However, [25]
does not account for inequality constraints and uses perfect
communication among agents.

Motivated by the above observations, this paper considers
the distributed online nonconvex optimization problem with
time-varying constraints. For time-varying communication
topologies, we propose a distributed online primal–dual
algorithm with compressed communication to efficiently uti-
lize communication resources. Furthermore, base on several
classes of appropriately chosen parameter sequences, we
analyze how compressed communication influences network
regret and cumulative constraint violation. The contributions
are as follows.
• To the best of our knowledge, this paper is among the

first to consider (time-varying) inequality constraints for
distributed online nonconvex optimization. Compared to
[2]–[10], [12]–[14], [16], [18], [20], [24] which focus
on convex problems, we consider nonconvex problems
where the absence of the convexity assumption on local
loss functions makes the analysis more challenging.
Compared to [25] which investigates distributed online
nonconvex optimization, we additionally consider time-
varying inequality constraints, which complicate both
algorithm design and performance analysis. Moreover,
similar to [12]–[14], we use compressed communication
instead of perfect communication used in [25]. Different
from [12]–[14] which consider a fixed communication
topology, we consider a time-varying communication
topology.

• We show in Theorem 1 that the proposed algorithm
establishes an O(Tmax{1−θ1,1+θ1−θ2}) network regret
bound under θ1 < θ2 < 1 and an O(Tmax{1−θ1,θ1})
network regret bound under θ2 ≥ 1, and establishes

an O(T 1−θ1/2) network cumulative constraint viola-
tion bound. These bounds are the same as the re-
sults established in [20], [24] where the local loss
functions are convex and perfect communication is
used. When Slater’s condition holds, we further show
in Theorem 1 that the proposed algorithm establishes
an reduced O(T 1−θ1) network cumulative constraint
violation bound. This bound is the same as the results
established in [24].

• Under a different setting on the algorithm param-
eters, we show in Theorem 2 that the proposed
algorithm establishes an O(

√
T ) network regret bound

and an O(T 3/4) network cumulative constraint violation
bound. These bounds are the same as the results estab-
lished in Theorem 1 when θ1 = 1/2 and θ2 ≥ 1. More-
over, the network regret bound is the same as the results
established in [25] where compressed communication
and inequality constraints are not considered, as well
as the results established in [12], [13] where inequality
constraints and nonconvex local loss functions are not
considered. When Slater’s condition holds, we further
show that in Theorem 2 that the proposed algorithm
establishes an reduced O(

√
T ) network cumulative con-

straint violation bound. This bound is the same as the
results established in Theorem 1 when θ1 = 1/2.

The remainder of this paper is organised as follows.
Section II presents the problem formulation. Section III
proposes the distributed online primal–dual algorithm with
compressed communication, and analyzes its network regret
and cumulative constraint violation bounds without and
with Slater’s condition, respectively. Section IV provides a
simulation example to verify the theoretical results. Finally,
Section V concludes this paper. Due to the space limitations,
we omit all proofs, which can be found in the arXiv version
[26].

Notations: All inequalities and equalities throughout this
paper are understood componentwise. N+, R, Rp and Rp

+

denote the sets of all positive integers, real numbers, p-
dimensional and nonnegative vectors, respectively. Given m
and n ∈ N+, [m] denotes the set {1, · · ·,m}, and [m,n]
denotes the set {m, · · ·, n} for m < n. Given vectors
x and y, xT denotes the transpose of the vector x, and
⟨x, y⟩ denotes the standard inner. 0p and 1p denote the
p-dimensional column vector whose components are all 0
and 1, respectively. col(q1, · · ·, qn) denotes the concatenated
column vector of qi ∈ Rmi for i ∈ [n]. For a set K ∈ Rp

and a vector x ∈ Rp, PK(x) denotes the projection of the
vector x onto the set K, i.e., PK(x) = argminy∈K∥x− y∥2,
and [x]+ denotes PRp

+
(x). For a function f and a vector x,

∇f(x) denotes the subgradient of f at x.

II. PROBLEM FORMULATION

Consider the distributed online nonconvex optimization
problem with time-varying constraints. At iteration t, a net-
work of n agents is modeled by a time-varying directed graph
Gt = (V, Et) with the agent set V = [n] and the edge set
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Et ⊆ V ×V . (j, i) ∈ Et indicates that agent i can receive in-
formation from agent j. The sets of in- and out-neighbors of
agent i are N in

i (Gt) = {j ∈ [n]|(j, i) ∈ Et} and N out
i (Gt) =

{j ∈ [n]|(i, j) ∈ Et}, respectively. Let {fi,t : X → R} and
{gi,t : X → Rmi} be the sequences of nonconvex local loss
and convex local constraint functions, respectively, where
X ⊆ Rp is a known set, p and mi are positive integers and
gi,t ≤ 0mi is the local constraint. Each agent i selects a local
decisions xi,t ∈ X without prior access to {fi,t} and {gi,t}.
Upon selection, the nonconvex local loss function {fi,t} and
convex local constraint function {gi,t} are privately revealed
to the agent. The goal of the agent is to choose the decision
sequence {xi,t} for i ∈ [n] and t ∈ [T ] such that both
network regret

Net-Reg(T ) :=
1

n

n∑
i=1

( T∑
t=1

⟨∇ft(xi,t), xi,t⟩

− inf
x∈XT

〈 T∑
t=1

∇ft(xi,t), x
〉)

, (1)

and network cumulative constraint violation

Net-CCV(T ) :=
1

n

n∑
i=1

T∑
t=1

∥[gt(xi,t)]+∥, (2)

increase sublinearly, where ft(x) = 1
n

∑n
j=1 fj,t(x) is the

global loss function of the network at iteration t, XT =
{x : x ∈ X, gt(x) ≤ 0m,∀t ∈ [T ]} is the feasible set, and
gt(x) = col

(
g1,t(x), · · ·, gn,t(x)

)
∈ Rm with m =

∑n
i=1 mi

is the global constraint function of the network at iteration t.
In addition, we consider the scenario where the communi-
cation between agents is compressed to efficiently utilize
communication resources. Similar to existing literature on
distributed online convex optimization with time-varying
constraints, e.g., [20], [24], we assume that the feasible set
XT is nonempty for all T ∈ N+, ensuring the existence of
the offline feasible static decision.

Note that the authors of [25] propose an individual regret
metric Net-Reg(T ) = max

x∈X

(∑T
t=1 ⟨∇fi,t(xi,t), xi,t − x⟩

)
for distributed online nonconvex optimization by utilizing
the first-order optimality condition associated with the vari-
ational inequality. In this paper, we consider time-varying
inequality constraints, which cause the feasible set to become
XT instead of X. Furthermore, the objective is to optimize
the network-wide accumulated loss over all iterations, rather
than the local one as considered in [25]. Therefore, we made
a slight modification to the form of the regret metric in [25],
transforming it into the form presented in (1).

The following commonly used assumptions are made
throughout this paper.

Assumption 1. The set X is convex and closed. Moreover,
it is bounded by R(X), i.e., for any x ∈ X

∥x∥ ≤ R(X). (3)

Assumption 2. For all i ∈ [n], t ∈ N+, the subgradients
∇fi,t(x) and ∇gi,t(x) exist. Moreover, there exist constants

G1 and G2 such that

∥∇fi,t(x)∥ ≤ G1, (4a)
∥∇gi,t(x)∥ ≤ G2, x ∈ X. (4b)

Due to the convexity of the local constraint function gi,t,
from Assumption 2 and Lemma 2.6 in [27], for all i ∈ [n],
t ∈ N+, we have

∥gi,t(x)− gi,t(y)∥ ≤ G2∥x− y∥, x, y ∈ X. (5)

Assumption 3. For all i ∈ [n], t ∈ N+, there exists a
constant L such that

∥∇fi,t(x)−∇fi,t(y)∥ ≤ L∥x− y∥, x, y ∈ X. (6)

Assumption 4. For t ∈ N+, the time-varying directed graph
Gt satisfies that
(i) There exists a constant w ∈ (0, 1) such that [Wt]ij ≥ w
if (j, i) ∈ Et or i = j, and [Wt]ij = 0 otherwise.
(ii) The mixing matrix Wt is doubly stochastic, i.e.,∑n

i=1 [Wt]ij =
∑n

j=1 [Wt]ij = 1, ∀i, j ∈ [n].
(iii) There exists an integer B > 0 such that the time-varying
directed graph (V,∪B−1

l=0 Et+l) is strongly connected.

Assumption 5. The compressor C : Rp → Rp satisfies

EC [∥C(x)− x∥2d] ≤ C, ∀x ∈ Rp, (7)

for some real norm parameter d ≥ 1 and constant C ≥ 0.
Here EC denotes the expectation over the internal random-
ness of the stochastic compression operator C.

Assumption 6. There exists a point xs ∈ X and a positive
constant ςs such that

gt(xs) ≤ −ςs1m, t ∈ N+. (8)

III. DISTRIBUTED ONLINE PRIMAL–DUAL ALGORITHM
WITH COMPRESSED COMMUNICATION

A. Algorithm Description

To achieve reduced network cumulative constraint viola-
tion, the authors of [24] propose a distributed online primal–
dual algorithm for distributed online convex optimization
with time-varying constraints. Here, we first give a subgra-
dient descent variant of this algorithm in the following:

xi,t =

n∑
j=1

[Wt]ijzj,t, (9a)

vi,t+1 = γt[gi,t(xi,t)]+, (9b)
zi,t+1 = PX(xi,t − αtωi,t+1), (9c)

ωi,t+1 = ∇fi,t(xi,t) +
(
∇gi,t(xi,t)

)T
vi,t+1, (9d)

where γt is the regularization parameter, and αt is the step-
size. To improve communication efficiency of the algorithm
(9), the distributed online primal–dual algorithm with com-
pressed communication is proposed by using the class of
compressors satisfying Assumption 5, which is presented in
pseudo-code as Algorithm 1.
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Algorithm 1 Distributed Online Primal–Dual Algorithm
with Compressed Communication

Input: non-increasing stepsize sequence {αt} ⊆ (0,+∞),
non-increasing scaling parameter sequence {st} ⊆
(0,+∞), and non-decreasing regularization parameter se-
quence {γt} ⊆ (0,+∞).

Initialize: ẑj,0 = 0p for j ∈ [n], and zi,1 ∈ X, ∀i ∈ [n].
for t = 1, · · · do

for i = 1, · · ·, n in parallel do
Broadcast C

(
(zi,t − ẑi,t−1)/st

)
to N out

i (Gt) and re-
ceive C

(
(zj,t − ẑj,t−1)/st

)
from j ∈ N in

i (Gt).
Update

ẑj,t = PX
(
ẑj,t−1 + stC((zj,t − ẑj,t−1)/st)

)
, (10)

where j ∈
{
N in

i (Gt) ∪ {i}
}
.

Select

xi,t =

n∑
j=1

[Wt]ij ẑj,t. (11)

Observe ∇fi,t(xi,t), ∇gi,t(xi,t), and gi,t(xi,t).
Update

vi,t+1 = γt[gi,t(xi,t)]+, (12a)

ωi,t+1 = ∇fi,t(xi,t) +
(
∇gi,t(xi,t)

)T
vi,t+1, (12b)

zi,t+1 = PX(xi,t − αtωi,t+1). (12c)

end for
end for

Output: {xi,t}.

B. Performance Analysis

In this section, we establish network regret and cumulative
constraint violation bounds for Algorithm 1 in the following
lemma and theorems without and with Slater’s condition,
respectively.

Lemma 1. Suppose Assumptions 1–5 hold. For all i ∈ [n],
let {xi,t} be the sequences generated by Algorithm 1 with
γt = γ0/αt, where γ0 ∈ (0, 1/(4G2

2)] is a constant. Then,
for any T ∈ N+, and any y ∈ XT , it holds that

1

n

n∑
i=1

T∑
t=1

EC [⟨∇ft(xi,t), xi,t − y⟩]

≤ ϑ̂+ ϑ2

T∑
t=1

αt + p̃
√
Cϑ̃1

T∑
t=1

st + 2p̃
√
CR(X)

T∑
t=1

st
αt

+
1

n

n∑
i=1

T∑
t=1

EC [∆i,t(y)], (13a)

1

n

n∑
i=1

T∑
t=1

EC [∥[gt(xi,t)]+∥]

≤

√√√√ϑ3T + ϑ4T Λ̃T (y) + 4np̃2CG2
2ϑ̃4T

T∑
t=1

s2t , (13b)

1

n

n∑
i=1

T∑
t=1

EC [∥[gt(xi,t)]+∥]

≤ nG2ϑ1 + ϑ5

T∑
t=1

αt + ϑ6

n∑
i=1

T∑
t=1

EC [∥[gi,t(xi,t)]+∥]

+ np̃
√
CG2ϑ̃2

T∑
t=1

st, (13c)

where

ϑ1 =
2τ

λ(1− λ)

n∑
i=1

∥ẑi,1∥, ϑ̂ = 2R(X)Lϑ1 +G1ϑ1,

ϑ̃2 =
4− 4λ+ 2nτ

1− λ
, ϑ̃1 = 2R(X)Lϑ̃2 +G1ϑ̃2,

ϑ2 = 2G2
1 + ϑ̃2

1, ϑ̃3 =
16nτ2

λ2(1− λ2)

( n∑
i=1

∥ẑi,1∥
)2

,

ϑ3 = 2G2
2ϑ̃3, ϑ̃4 =

16n2τ2

(1− λ)
2 + 32, ϑ4 =

4max{1, 2G2
2ϑ̃4}

min{1, 1
2γ0

}
,

ϑ5 = nG1G2ϑ̃2, ϑ6 = 1 +G2
2γ0ϑ̃2.

Lemma 1 provides network regret and cumulative con-
straint violation bounds for Algorithm 1 under arbitrary
parameter sequences. To obtain sublinear network regret
and cumulative constraint violation bounds, we specifically
design the parameter sequences for Algorithm 1.

Firstly, we choose the scaling parameter sequence {st}
produced by {1/tθ2} in the following theorem.

Theorem 1. Suppose Assumptions 1–5 hold. For all i ∈ [n],
let {xi,t} be the sequences generated by Algorithm 1 with

αt =
α0

tθ1
, γt =

γ0
αt

, st =
s0
tθ2

, (14)

where θ1 ∈ (0, 1), α0 > 0, γ0 ∈ (0, 1/(4G2
2)], s0 > 0, and

θ2 > θ1 are constants. Then, for any T ∈ N+,

EC [Net-Reg(T )]

=

{
O(Tmax{1−θ1,1+θ1−θ2}), if θ1 < θ2 < 1,
O(Tmax{1−θ1,θ1}), if θ2 ≥ 1,

(15)

EC [Net-CCV(T )] = O(T 1−θ1/2). (16)

Moreover, if Assumption 6 also holds, then

EC [Net-CCV(T )] = O(T 1−θ1). (17)

Remark 1. We show in Theorem 1 that Algorithm 1 es-
tablishes sublinear network regret and cumulative constraint
violation bounds as in (15)–(16). These bounds characterize
the impact of compressed communication on the network
regret and cumulative constraint violation bounds, which is
captured by θ2. When θ2 ≥ 1, they are the same as the
state-of-the-art results established by the distributed online
algorithms without compressed communication in [20], [24].
When θ1 < θ2 < 1, compressed communication may
enable the network regret bound to become larger due to
1 − θ2 > 0. In addition, when Slater’s condition holds,
the network cumulative constraint violation bound is further
reduced as in (17). The bound remains the same as the results
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established by the distributed online algorithm with perfect
communication in [24].

We then choose the scaling parameter sequence {st}
produced by {µt}, which is also adopted by the distributed
algorithms in [14], [28].

Theorem 2. Suppose Assumptions 1–5 hold. For all i ∈ [n],
let {xi,t} be the sequences generated by Algorithm 1 with

αt = α0

√
Ψt

t
, γt =

γ0
αt

, st = s0µ
t, (18)

where Ψt =
∑t

k=1 µ
k, α0 > 0, γ0 ∈ (0, 1/(4G2

2)], s0 > 0,
and µ ∈ (0, 1) are constants. Then, for any T ∈ N+,

EC [Net-Reg(T )] = O(
√
T ), (19)

EC [Net-CCV(T )] = O(T 3/4). (20)

Moreover, if Assumption 6 also holds, then

EC [Net-CCV(T )] = O(
√
T ). (21)

Remark 2. We show in Theorem 2 that Algorithm 1 es-
tablishes an O(

√
T ) network regret bound as in (19) and

an O(T 3/4) cumulative constraint violation bound as in
(20). These bounds are the same as the results established
in (15)–(16) with θ1 = 1/2 and θ2 ≥ 1. Moreover, the
network regret bound is the same as the results established
in [25] where compressed communication and inequality
constraints are not considered, and the results established in
[12], [13] where inequality constraints and nonconvex local
loss functions are not considered. In addition, when Slater’s
condition holds, the network cumulative constraint violation
bound is further reduced as in (21), which is the same as
the results established in (17) with θ1 = 1/2.

IV. SIMULATION EXAMPLE

To evaluate the performance of Algorithm 1, we consider
a distributed online localization problem with long-term
constraints over a network of 100 sensors as follows:

min
x

T∑
t=1

n∑
i=1

1

4

∣∣∥Si − x∥2 −Di,t

∣∣2, (22a)

s.t. x ∈ X, Bi,tx− bi,t ≤ 0mi
,∀i ∈ [n],∀t ∈ [T ], (22b)

where Si ∈ Rp denotes the position of sensor i, Di,t =
∥Si −X0,t∥2 + τi,t denotes the distance between the po-
sitions of the target and sensor i, X0,t ∈ Rp and τi,t ∈
R denote the position of the target and the measurement
noise at iteration t, respectively, and Bi,t ∈ Rmi×p and
bi,t ∈ Rmi denote thecoefficientmatrixandcoefficientvecto-
rofthelocallinearconstraints,respectively. The communication
topology is modeled by a time-varying undirected graph.
Specifically, at each iteration t, the graph is first randomly
generated where the probability of any two sensors being
connected is ρ. Then, to make sure that Assumption 4
is satisfied, we add edges (i, i+ 1) for i ∈ [24] when
t ∈ {4c+ 1}, edges (i, i+ 1) for i ∈ [25, 49] when
t ∈ {4c+ 2}, edges (i, i+ 1) for i ∈ [50, 74] when t ∈

{4c+ 3}, edges (i, i+ 1) for i ∈ [75, 99] when t ∈ {4c+ 4}
for c = {0, 1, · · ·}. Moreover, let [Wt]ij = 1

n if (j, i) ∈ Et
and [Wt]ii = 1−

∑n
j=1 [Wt]ij .

In this paper, we show in Theorem 1 that, both without
and with Slater’s condition, Algorithm 1 establishes the
same network regret and cumulative constraint violation
bounds as the state-of-the-art results on distributed online
convex optimization with long-term constraints, established
by the distributed online algorithms with perfect communi-
cation in [24]. To verify the theoretical results, we compare
Algorithm 1 with the algorithm in [24]. We set ρ = 0.1,
X = [−5, 5]p, p = 2, mi = 2, and randomly choose each
component of Si from the uniform distribution in the interval
[−10, 10]. We assume that the position of the target evolves
by

X0,t+1 = X0,t +

[
(−1)Qt sin(t/50)

10t
−Qt cos(t/70)

40t

]
,

where Qt is randomly generated from Bernoulli distribution
with a success probability of 0.5, and X0,0 = [0.8, 0.95]T .
Moreover, τi,t is randomly generated from the uniform
distribution from in the interval [0, 0.001]. Furthermore, each
component of Bi,t is randomly generated from the uniform
distribution in the interval [0, 2], and each component of
bi,t is randomly generated from the uniform distribution
in the interval [b, b+ 1] with b > 0. Note that b > 0
guarantees Slater’s condition holds. Here we choose b =
0.01. In addition, we select the following compressor for
Algorithm 1:

C(x) = ∆
⌊ x

∆
+

1p

2

⌋
,

where ∆ is a positive integer. This compressor satisfies
Assumption 5 with d = ∞ and C = ∆2/4, which is also
used in [14], [28]–[30]. Transmitting C(x) requires pq bits
if each integer is encoded using q bits. Here we set ∆ = 1
and q = 8.
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Fig. 1: Evolutions of network regret.

Figs. 1 and 2 illustrate the evolutions of network regret
and cumulative constraint violation, respectively. As shown
in Fig.1, our Algorithm 1 exhibits almost the same network
regret as that of the algorithm in [24]. Similarly, Fig. 2
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Fig. 2: Evolutions of network cumulative constraint
violation.

demonstrates that our Algorithm 1 also has almost the
same network cumulative constraint violation as that of the
algorithm in [24]. However, due to compressed communica-
tion, our Algorithm 1 requires significantly fewer bits than
those required by the algorithm in [24]. These simulation
results are consistent with the results in Theorem 1.

V. CONCLUSIONS

This paper studied the distributed online nonconvex op-
timization problem with time-varying constraints. To better
utilize communication resources, we proposed a distributed
online primal–dual algorithm with compressed communica-
tion. More importantly, the algorithm was able to handle
time-varying communication topologies. We showed that the
algorithm established sublinear network regret and cumu-
lative constraint violation bounds. Moreover, the network
cumulative constraint violation bounds were further reduced
when Slater’s condition held. In the future, we plan to inves-
tigate distributed bandit nonconvex optimization with time-
varying constraints since gradient information is unavailable
in many real-world applications.
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