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ABSTRACT
In recent years, multi-player multi-armed bandits (MP-MAB) have

been extensively studied due to their wide applications in cogni-

tive radio networks and Internet of Things systems. Most existing

works focus on synchronized settings, whereas real-world systems

are often decentralized and asynchronous, with players entering

and leaving arbitrarily and no shared global clock. This introduces

two major challenges: avoiding collisions without time coordina-

tion, and estimating the number of active players in every step. In

this paper, we propose an algorithm to address these challenges.

During exploration, players uniformly explore the arms that are

not currently exploited by others, which reduces the probability

of collisions and solves the first challenge. Meanwhile, players oc-

casionally pull the arms that are currently exploited by others,

enabling them to detect other players’ departures and addressing

the second challenge. We prove that our algorithm achieves a regret

of O(
√︁
𝑇 log𝑇 + log𝑇 /Δ2), where Δ is the minimum expected re-

ward gap between any two arms. To the best of our knowledge, this

is the first efficient algorithm in the asynchronous and decentralized

environment.
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1 INTRODUCTION
Multi-armed bandit (MAB) is a well-established model with broad

applications in online advertising and recommendation systems

[1]. However, classical bandit models consider only a single player,
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whereas many practical systems, such as cognitive radio networks

and Internet-of-Things environments [10], involve multiple players

competing for limited resources. This naturally gives rise to the

multi-player multi-armed bandit (MP-MAB) problem. In this set-

ting,𝑀 players simultaneously select arms from [𝐾], and collisions
occur when multiple players choose the same arm, resulting in

zero rewards. Compared with the single-player setting, MP-MAB

introduces additional challenges, as players need to coordinate with

others while still dealing with uncertainty in reward distributions.

For example, many existing approaches in decentralized MP-MAB

deliberately introduce collisions as an implicit communicationmech-

anism to approximate the performance of the centralized setting

[3, 4, 9]. These methods typically assume a synchronous environ-

ment, where all players enter the system simultaneously and remain

active throughout. In contrast, real-world applications often involve

inherently asynchronous systems [5].

In this paper, we consider a decentralized asynchronous setting

in which players are unaware of the global clock and may join

or leave the system at arbitrary times. The unpredictable access

patterns in the decentralized environment introduce two major
challenges: (i) The absence of a global clock makes implicit com-

munication through collisions unreliable, as new players may join

at arbitrary times and unintentionally collide with existing players,

leading to frequent and uncontrolled collisions. (ii) The dynamic

nature of player participation makes it important to detect the num-

ber of current active players. If the number is overestimated, then

the player may exploit an arm that is not good enough, leading to

unacceptable regret.

To address the above challenges, we propose a novel algorithm

called Adaptive Change between Exploration and Exploita-
tion (ACE). ACE enables each player 𝑗 to maintain an estimated

arm set, which contains the arms believed to be currently exploited

by other players. By dynamically updating the arm set based on

observed collisions, players reduce competition and move to better

arms when they become available. Our analysis shows that ACE

achieves a regret upper bound of O(
√︁
𝑇 log𝑇 + log𝑇 /Δ2).

2 METHOD
2.1 Preliminaries
We consider a 𝑇 -step decentralized asynchronous multi-player

multi-armed bandit problem with 𝐾 arms and 𝑀 players. Each

player 𝑗 ∈ [𝑀] joins the system at time step 𝑇
𝑗
start

and leaves at
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time step 𝑇
𝑗

end
. Players can not observe 𝑇

𝑗
start

, 𝑇
𝑗

end
and the actual

time step 𝑡 . At each discrete time step 𝑇
𝑗
start

≤ 𝑡 ≤ 𝑇
𝑗

end
, player 𝑗

selects an arm 𝜋 𝑗 (𝑡) ∈ [𝐾] to pull (for 𝑡 < 𝑇
𝑗
start

or 𝑡 > 𝑇
𝑗

end
, we let

𝜋 𝑗 (𝑡) = 0). If more than one players choose arm 𝑘 at 𝑡 , then there

is a collision, and 𝜂𝑘 (𝑡) := 1[
∑
𝑗≤𝑀 1[𝜋 𝑗 (𝑡) = 𝑘] > 1] denotes the

collision indicator. For player 𝑗 , her observation at step 𝑡 contains

two values, 𝜂 𝑗 (𝑡) = 𝜂𝜋 𝑗 (𝑡 ) (𝑡) tells her whether there is a collision,
and 𝑟 𝑗 (𝑡) := (1−𝜂𝜋 𝑗 (𝑡 ) (𝑡))𝑋𝜋 𝑗 (𝑡 ) (𝑡) is her reward in this step. Here

𝑋𝜋 𝑗 (𝑡 ) (𝑡) is assumed to be a 1-subgaussian random variable with

expectation 𝜇𝜋 𝑗 (𝑡 ) ∈ [0, 1]. Without loss of generality, we assume

that 𝜇1 > 𝜇2 > · · · > 𝜇𝐾 [6, 7, 9].

The goal of the players is to minimize the regret defined as

𝑅(𝑇 ) :=
𝑇∑︁
𝑡=1

∑︁
𝑘≤𝑚𝑡

𝜇𝑘 − E


𝑇∑︁
𝑡=1

∑︁
𝑗 :𝑇

𝑗
start

≤𝑡≤𝑇 𝑗

end

𝑟 𝑗 (𝑡)
 ,

where𝑚𝑡 denotes the number of active players at time 𝑡 . We assume

that there exists a constant𝑚 such that𝑚𝑡 ≤𝑚 ≤ 𝐾/2,∀𝑡 ≤ 𝑇 .

2.2 Algorithm
In this section, we propose our Adaptive Change between Ex-
ploration and Exploitation (ACE) algorithm. Let A 𝑗

denote

the set of arms believed by player 𝑗 to be currently exploited by

other players, and let 𝜀 denote the probability of maintaining ex-

ploration within A 𝑗
. We maintain two queues P 𝑗

𝑘
and Q 𝑗

𝑘
of fixed

lengths 𝐿𝑝 = ⌈866 ln𝑇 ⌉ and 𝐿𝑞 = ⌈570 ln𝑇 ⌉ for each player 𝑗 and

arm 𝑘 . Also define 𝜇
𝑗

𝑘
(𝑡) := ∑𝑡

𝑡 ′=1 𝑟
𝑗

𝑘
(𝑡 ′) 1{𝜂𝑘 (𝑡 ′) = 0}/𝑁 𝑗

𝑘
(𝑡) and

𝑁
𝑗

𝑘
(𝑡) :=∑𝑡

𝑡 ′=1 1{𝜋 𝑗 (𝑡 ′) = 𝑘, 𝜂𝑘 (𝑡 ′) = 0}.
In the exploration phase, player 𝑗 randomly explores arms in

[𝐾] \ A 𝑗
with probability 1 − 𝜀. At the same time, she adds the

collision indicators into P 𝑗

𝑘
. If there exists an arm 𝑘 ∈ [𝐾] \ A 𝑗

such that

∑
𝑖∈P 𝑗

𝑘

𝑖 ≥ ⌈0.85𝐿𝑝⌉, player 𝑗 adds 𝑘 intoA 𝑗
and thus will

not explore it in future exploration. Players update the upper and

lower confidence bounds as

UCB
𝑗

𝑘
(𝑡) := 𝜇 𝑗

𝑘
(𝑡) +

√︄
6 log𝑇

𝑁
𝑗

𝑘
(𝑡)

, LCB
𝑗

𝑘
(𝑡) := 𝜇 𝑗

𝑘
(𝑡) −

√︄
6 log𝑇

𝑁
𝑗

𝑘
(𝑡)

.

When detecting an arm 𝑘 [∈ 𝐾] \A 𝑗
such that LCB

𝑗

𝑘
(𝑡) ≥ UCB

𝑗

ℓ
(𝑡),

player 𝑗 starts an exploitation phase, where she pulls the selected

arm with probability 1 − 𝜀. On the other hand, player 𝑗 constantly

pulls arms in A 𝑗
with probability 𝜀, and adds collision indicators

into Q 𝑗

𝑘
. When there is an arm 𝑘 such that

∑
𝑖∈Q 𝑗

𝑘

𝑖 ≥ ⌈0.142𝐿𝑞⌉, she
removes the arm from A 𝑗

. Note that if player 𝑗 finds that an arm is

removed during the exploitation phase, she will switch back to the

exploration phase. In this way, player 𝑗 can detect other players’

departures and update their exploitation choices accordingly with

limited cost.

3 THEORETICAL ANALYSIS
Lemma 3.1 guarantees the correctness of adding and removing arms

fromA 𝑗
, while providing an expected upper bound on a single add

(remove) operation.

Lemma 3.1. With probability at least 1 − 4𝑀𝐾/𝑇 , for any player
𝑗 and arm 𝑘 ,

(i) if arm 𝑘 is occupied and remains occupied thereafter, player 𝑗
will add 𝑘 to A 𝑗 (𝑡) within O(𝐾 ln𝑇 ) steps in expectation; If arm 𝑘

is not occupied and remains not occupied thereafter, player 𝑗 will not
add 𝑘 to A 𝑗 (𝑡);

(ii) if arm 𝑘 is released and never occupied again, then player 𝑗
will remove 𝑘 from A 𝑗 (𝑡) within O(𝑚 ln𝑇 /𝜀) steps; If arm 𝑘 is not
released and remains not released thereafter, player 𝑗 will not remove
𝑘 from A 𝑗 (𝑡).

The following theorem presents the regret upper bound of ACE.

Theorem 3.2. Let 𝜀 = min{
√︃

1141𝑚3
ln(𝑇 )

2𝑇
, 1

𝐾
, 1

10
}. Then, given 𝐾

arms and𝑀 players, the regret of ACE is upper bounded by

𝑅(𝑇 ) ≤ O
(
𝑒𝑚𝐾𝑀 log(𝑇 )

Δ2
+𝑚3/2𝑀

√︁
𝑇 ln(𝑇 ) +𝑚2𝐾𝑀 ln(𝑇 )

)
,

where Δ :=min𝑘≤𝑚 (𝜇𝑘 − 𝜇𝑘+1).

The first O(log𝑇 /Δ2) term arises from Challenge (i) presented

in Section 1, due to the unavoidable collisions caused by uniform

exploration, resulting in a dependence on 1/Δ2
rather than the

standard 1/Δ. The O(
√︁
𝑇 log𝑇 ) term corresponds to Challenge (ii),

as players must maintain exploration in A 𝑗
with probability 𝜀 to

detect changes in availability.

4 EXPERIMENTS
We conduct experiments with 20 arms and 10 players in a random

asynchronous setting. The reward of each arm 𝑘 follows a Gaussian

distribution N(𝜇𝑘 , 0.52), where the smallest mean 𝜇𝐾 is 0.1 and

the gap between adjacent arms is fixed at 0.05. UCB(c) denotes the

UCB algorithm with different parameters in the logarithmic term

[2]. RD-UCB(c) adds random noise to the index [8]. In Figure 1, the

regret of UCB and RD-UCB begins to increase rapidly once a certain

point is reached. This behavior arises because UCB indices become

relatively stable after players do many explorations. When some

players depart and the optimal arms change, these indices adapt

slowly, causing players to continue selecting previously favored

arms while neglecting newly released optimal ones. In contrast,

ACE allows players to update A 𝑗
dynamically and detect released

arms quickly, leading to convergence after a brief growth phase.

0 400k 800k 1200k 1600k 2000k
t

0

60k

120k

180k

240k

300k

R(
t)

UCB (1.0)
RD-UCB (1.0)
UCB (2.0)
RD-UCB (2.0)
UCB (3.0)
RD-UCB (3.0)
UCB (4.0)
RD-UCB (4.0)
ACE

Figure 1: Comparison of cumulative regret.
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