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Abstract

We examine a novel multiplayer extension of the latent multi-armed bandit problem as
formulated in Maillard & Mannor (2014), with broad applications such as recommendation
systems and cognitive radio. Following Chang et al. (2022), we examine three information
asymmetric scenarios: Problem A, in which players receive identical rewards but cannot
observe each other’s actions; Problem B, players receive private i.i.d rewards but can observe
others’ actions; and Problem C, players receive private i.i.d rewards and cannot observe
others’ actions. For problems A and B, we provide nearly optimal gap-independent regret
bounds. When reduced to the single agent setting, our results improve on Maillard & Mannor
(2014) by allowing for adversarial nature’s actions. For Problem C, we use the knowledge of
the reward means to improve on the results in Chang et al. (2022).

1 Introduction

The single-player multi-armed bandit problem is a general reinforcement learning problem where a single
player has access to multiple arms. Each arm is associated with an unknown reward distribution, varying
potentially in rewards, and the agent attempts to maximize cumulative reward by observing the empirical
rewards, which converge to the true mean of each arm. Maillard & Mannor (2014) proposes the latent
multi-armed bandit problem. This has applications in recommendation systems (Li et al. (2010)), where the
agent selects an advertisement to show each arriving user, using a context vector that captures information
such as the user’s browsing behavior or geographic location. In cognitive radio (Avner et al. (2012)), the
agent must choose a communication channel based on its current location and network status, while avoiding
interference with other sources like radar or WiFi. However, relying solely on observable context may not
be enough to achieve optimal solutions. In recommendation systems, key details like a user’s gender or
income are often unavailable due to privacy concerns. Similarly, in cognitive radio settings, it is unclear
whether other sources or users are nearby or distant. In both scenarios, crucial aspects of the reward structure
remain unobserved, but the latent structures can be inferred. In this paper, we extend latent bandits to the
multiplayer setting.

Multi-agent reinforcement learning (MARL) has been applied to various domains such as autonomous driving
Shalev-Shwartz et al. (2016), strategic board games like Go Silver et al. (2016), real-time strategy games,
robotic control Kober et al. (2013), and card games Brown et al. (2017); Brown & Sandholm (2019). These
successes are often enabled by deep neural networks and frequently involve multiple agents, highlighting the
importance of studying MARL—where autonomous agents interact within a shared environment to maximize
long-term rewards Busoniu et al. (2008). Beyond gaming, MARL is increasingly relevant in domains like
cyber-physical systems Wang et al. (2016), finance Lee et al. (2007), sensor networks Choi et al. (2009), and
social sciences Leibo et al. (2017).

The main drawback in previous multi-agent works is that they usually allow for communication or do not
consider joint actions. In the case of games where both of these assumptions are not necessary, they do not
seek to find a global optimal action for the players but rather some type of equilibrium. Therefore we consider
the line of work that addresses partial or no observability of other players’ actions, rewards or both. To
address the complexity of multi-agent systems, Chang et al. (2022); Chang & Lu (2023) proposes algorithms
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where players face information asymmetry in rewards, actions or both; Chang & Lu (2025) and Chang &
Karthik (2025) extend this framework to contextual and metric bandits, achieving sub-linear upper bounds
on regret. We address the limited-communication setting by leveraging players’ ability to coordinate before
online learning begins; we also account for the fact that one player’s actions may influence another’s rewards
through the analysis of joint actions.

We also examine three cases of information asymmetry, in which players do not observe others’ rewards or
actions but must coordinate to minimize their regret without utilizing an explicit communication channel. We
investigate three types of information asymmetry: In Problem A, we are faced with the problem of asymmetry
in actions, where the players cannot see each other’s actions but receive identical rewards. Problem B is the
opposite, as players can see each other’s actions but receive private i.i.d rewards. Finally, in Problem C,
players are unable to see others’ actions and receive private i.i.d rewards.

Our contribution First, we utilize the framework proposed in Chang et al. (2022) to extend the multiple-
cluster arrival problem in Maillard & Mannor (2014) to a novel multi-agent setting, accounting for limited
communication and information asymmetry between agents. Second, we show that our results improve on
the work of Maillard & Mannor (2014) in the single-agent case by allowing for adversarial, rather than
stochastic, nature’s actions. Finally, we provide a gap-independent regret bound which also holds for the
single-agent case, improving on Maillard & Mannor (2014). In section 3, we show that the cumulative
regret of Multiple-K-Intervals-A under problem A satisfies RT ≤ O(

√
T log TBC). In section 3.2, we

propose Multiple-K-Intervals-B for problem B, which also satisfies RT ≤ O(
√

T log TBC). In section 3.3,
we propose Multiple-K-mDSEE for problem C, with RT ≤ O(BKM log(T )/(mina,b ∆a,b)2).

Related Works Past works have explored multi-armed bandits with latent clusters (MAB-LC) within
various settings. Agrawal et al. (1989) provides an early formulation of the MAB problem in which reward
distributions are parametrized by an unknown parameter from a known parameter space, achieving asymptotic
efficiency while providing a lower bound significantly differing from the standard bound for multi-armed
bandits.

We focus on latent bandits as introduced in Maillard & Mannor (2014), where nature’s actions belong to
clusters with known reward distributions (both spaces being discrete and finite). Maillard & Mannor (2014)
considers the setting in which all states belong to a single cluster and propose Single-K-UCB, which improves
on Agrawal et al. (1989). The authors also consider a setting in which nature’s actions can belong to any
of several known clusters (the multiple-cluster arrival case), achieving gap-dependent sublinear regret with
Multiple-K-UCB; this is the problem we examine below.

Motivated by problems in which abundant data allows patterns to be learned offline, there exists a large body
of work on regret minimization for latent bandits, such as Pal et al. (2023b), Pal et al. (2023a) and Hong
et al. (2020a). Kinyanjui et al. (2023) addresses fixed-confidence pure-exploration for latent bandits. Another
line of work (Hong et al. (2020b), Gentile et al. (2014), Zhou & Brunskill (2016), Bresler et al. (2014)) applies
the latent bandit problem to recommendation systems, using a combination of offline learning to infer latent
structures and online learning to provide personalized recommendations.

Kausik et al. (2024) and Gupta et al. (2020) investigate more structured variants of the MAB-LC problem;
in particular, Gupta et al. (2020) assumes rewards are functions of a common latent variable and identifies
competitive arms in O(1).

In cooperative multiplayer bandit problems, players aim to collectively identify the best arm from a shared
set. Communication between players is often modeled by a graph structure, a framework initially proposed
by Awerbuch & Kleinberg (2008). Over time, various strategies have been developed, including ϵ-greedy
methods Szorenyi et al. (2013), gossip-based UCB variants Landgren et al. (2016); Martínez-Rubio et al.
(2019), and leader-based coordination Wang et al. (2020). In adversarial contexts, Bar-On & Mansour
(2019) proposed a setup where non-leader players follow the EXP3 algorithm. Other studies allow players to
observe neighbors’ rewards according to the graph topology Cesa-Bianchi et al. (2016), and some consider
asynchronous environments where only certain players are active in each round Bonnefoi et al. (2017);
Cesa-Bianchi et al. (2020). In collision models—where players receive no reward if they select the same
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arm—joint actions are not considered. An extension to Lipschitz bandits was explored in Proutiere & Wang
(2019), which introduced the DPE algorithm to reduce communication while maximizing collective rewards.

The competing bandits model, introduced by Liu et al. (2020), builds on collision settings by introducing
player preferences: when multiple players choose the same arm, only the top-ranked one gains the reward.
A centralized algorithm (CUB) was proposed for this setup, with players reporting their UCB indices to a
central authority. Later work Cen & Shah (2022) showed that optimal logarithmic regret is attainable when
the platform handles transfers between players and arms. Jagadeesan et al. (2021) further enhanced this with
stronger equilibrium concepts involving negotiated transfers. An Explore-Then-Commit (ETC) algorithm
from Liu et al. (2020) achieves similar regret bounds without requiring transfers, assuming known reward
gaps. This assumption was later removed by Sankararaman et al. (2021). Additionally, Liu et al. (2021a)
proposed a decentralized UCB method with built-in collision avoidance.

Competitive MARL, often modeled as zero-sum Markov games Littman (1994), captures adversarial dynamics
where one agent’s gain is another’s loss—supporting robust policy development under uncertainty Zhang
et al. (2020). General-sum games lie between these extremes, featuring agents with differing or conflicting
objectives. In such settings, equilibrium concepts like Nash equilibrium guide the learning process Basar &
Olsder (1999); Bistritz & Leshem (2018). Recent work by Ding et al. (2023) tackles the problem of last-iterate
convergence in constrained Markov decision processes (MDPs), a setting previously dominated by approaches
using average-policy or two-timescale updates. In contrast to earlier efforts Moskovitz et al. (2023); Liu et al.
(2021b); Li et al. (2024), they provide the first global non-asymptotic guarantees for single-timescale methods
in constrained RL.

2 Preliminary

2.1 Single-player latent bandits

First, we present the single-player latent bandit problem, following some notation from Maillard & Mannor
(2014). For each round t from 1 to the horizon T, nature selects an action b from the set of all possible
states B, where |B| = B, which is visible to the player. The player then takes an action a from A (with
|A | = K) and receives a real-valued reward sampled from the distribution νa,b. We assume that each νa,b is
1-sub-Gaussian and E[νa,b] = µa,b. The set B is further partitioned into C clusters {Bc}c=1,...,C , where the
reward distributions νa,b for a given action a are identical for all b in a cluster Bc.

2.2 Multiplayer latent bandits

We now extend this to the multiplayer problem as examined in Chang et al. (2022), Chang & Lu (2023).
Suppose there are M players. The players take a joint action a, where we express a as a tuple of individual
player actions at time t, at = (a1, a2, . . . , aM ). Each player then receives a real-valued reward sampled from
νa,b.

We examine the scenario from Maillard & Mannor (2014) where {νa,c}a∈A ,c∈C is known to the players, i.e. b
can come from any of several clusters with known reward distributions. Players are not given the true cluster
of each state b; however, they are given ⋆c = arg maxa µa,c, the optimal arm within each cluster. Thus the
problem reduces to identifying the true cluster each state belongs to. Let ⋆b = arg maxa µa,b, the optimal
joint action for each state b. Then maximizing reward is equivalent to minimizing the regret, which we define
as

RT =
T∑

t=1

(
EXt∼ν⋆bt

,bt
[X⋆bt

,bt ]− EXt∼νat,bt
[Xat,bt ]

)

or equivalently, RT =
∑T

t=1

(
µ⋆cbt

,cbt
− µat,cbt

)
, where cbt

is the cluster bt belongs to.

Additionally, denote the number of observations for the pair (a, b) at time t by Na,b(t) =
∑t

n=1 I{an = a, bn =
b} and let the empirical mean built from the same observations be µ̂a,b(t). Define Nb(t) =

∑
a∈A Na,b(t).
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To estimate a confidence interval for each µa,b and identify the corresponding cluster for b, we construct a
confidence interval based on µ̂a,b(t) (following Maillard & Mannor (2014)). Let Sa,b(t) = (Ua,b(t), La,b(t)),
where

Ua,b(t) = µ̂a,b(t) +
√

4 log(T )/Na,b(t)

and

La,b(t) = µ̂a,b(t)−
√

4 log(T )/Na,b(t).

Note that µa,b ∈ Sa,b(t) is true with high probability (see Lemma A). Additionally, if µa,c ∈ Sa,b(t) for all a
then we consider c to be an admissible cluster for nature’s action b.

We assume players cannot explicitly communicate with each other during the learning period, but can
coordinate on a strategy beforehand. During this strategy meeting, they know the number of actions each
player has access to, as well as the horizon T . We seek to minimize the cumulative regret across T rounds.

We consider several information asymmetric scenarios as in Chang et al. (2022); Chang & Lu (2023), as
follows:

Problem A: Information Asymmetry in Actions. In Problem A, we assume that all players receive
identical rewards but cannot explicitly observe the actions of other players. We propose a round-robin scheme
that allows players to inductively infer each other’s actions by maintaining identical admissible sets, enabling
consistent updates and avoiding suboptimal joint actions.

Problem B: Information Asymmetry in Rewards. In Problem B, we assume that players receive
independent and identically distributed (i.i.d.) rewards that are unknown to other players, but can observe
the actions of others. We build on the algorithm presented for Problem A with the addition of sabotage,
which allows players to implicitly signal belief changes regarding the admissibility of clusters.

Problem C: Asymmetry in Rewards and Actions. In Problem C, we consider the most information-
constrained setting: players receive independent and identically distributed rewards, and observe neither the
rewards nor the actions of other players. We propose an explore-then-commit-style scheme run in parallel for
each nature’s action b, where players follow a synchronized exploration schedule based on prior coordination
and then independently commit to their estimated optimal arm once sufficient confidence is achieved.

3 Main Results

3.1 Problem A: Information Asymmetry in Actions

In Problem A, players receive identical rewards but cannot observe others’ actions. Therefore, players may
become miscoordinated in case of ties between arms. Consider a scenario where there are two players and
two optimal actions. Player 1 intends to take (1, 2) whereas Player 2 intends to take (2, 1); since each player
controls only their respective entry in the tuple, the resulting joint action taken is (1, 1). Thus players must
agree on an ordering scheme for arms and clusters before the start of learning to ensure that ties are broken
consistently across all players. Any order for arms suffices if all players agree—one option is the lexicographical
ordering proposed in Chang et al. (2021). Similarly, players should agree on an ordering for clusters.

As rewards from chosen actions are observed and empirical reward means change, the ranking of arms may
change. However, the original ordering remains a constant reference point for resolving any new ties that
occur.

Intuition: We propose Algorithm 1, which enables players to gradually eliminate non-admissible clusters
utilizing confidence intervals Sa,b(t). Note that we take an optimistic approach, where at round t = 1, all
clusters are assumed to be admissible for all states. When multiple clusters are admissible for a nature’s

4



Under review as submission to TMLR

action, players "test" clusters according to a round-robin scheme as follows, where clusters are ordered as
above:

c1 → c2 → · · · → cC (1)

The confidence intervals will converge around the true means µa,b, allowing players to identify the true cluster
for each nature’s action. Because players receive identical rewards and maintain identical confidence intervals,
they also maintain identical admissible sets at all times. Thus players remain synchronized and can infer
other players’ actions, allowing them to update confidence intervals correctly.

We assume that the true mean µa,b is inside all players’ confidence intervals Sa,b(t) with high probability,
enabling a gap-independent regret analysis based on confidence interval width. Further, Algorithm 1 serves
as a baseline that can be modified for multiple types of information asymmetry, as in section 3.2.

Algorithm 1 The Multiple-K-Intervals-A Algorithm
1: Input: The cluster distributions {νa,c}
2: for all b ∈ B do
3: Cb ← C
4: end for
5: for t = 1, . . . , T do
6: Receive b ∈ B and suppose this action was chosen at rounds t1, . . . , tn = t
7: Players construct Sa,b(t) for all a
8: if Na,b(t) = 0 then
9: Sa,b(t)← (−∞,∞)

10: end if
11: Select the next cluster c(tn) following c(tn−1) in the ordered admissible set Cb

12: if µa,c(tn) /∈ Sa,b(t) for any a then
13: Cb ← Cb \ {c(tn)}
14: end if
15: Choose the next arm (break ties with ordering of arms)
16: at ← ⋆c(tn)
17: end for

The regret bound is as follows, with the proof deferred to the Appendix.

Theorem 1 The regret of Multiple-K-Intervals-A satisfies

RT ≤ 8
√

4T (log T )BC + 2BC (2)

Note a comparison with the regret bound of Multiple-K-UCB in Theorem 6 of Maillard
& Mannor (2014). Their gap dependent bound contains a ∆a,cb

(∆+
a,cb

)2 term, where ∆+
a,c =

infc′∈C
{

µa,c′ − µa,c : ⋆c′ = a ∩ µ⋆c′ ,c′ ⩾ µ⋆c,c

}
. Since ∆+

a,c ≥ ∆a,c, their regret bound is bounded by 1
∆+

a,cb

,

which essentially results in a gap-independent bound of the same order as the one presented above. However,
the proof technique we employ allows us to account for the adversarial nature’s actions. Furthermore, a
lower bound on the cumulative regret of any latent bandit algorithm, in the case C > KM , is 1

20

√
TKM C, as

shown in Maillard & Mannor (2014). Our bound is nearly optimal up to factor of logs.

3.1.1 Example

We now consider a setting to illustrate Multiple-K-Intervals-A in the case where there are three nature’s
actions and two clusters. Let nature’s actions be denoted by b1, b2, b3, with b1, b3 ∈ B1 (i.e., belonging
to Cluster 1) and b2 ∈ B2. Each cluster defines a reward distribution following Gaussian distributions
N (µa,c, 0.22) over joint actions a = (a1, a2) ∈ {1, 2} × {1, 2}.

5



Under review as submission to TMLR

Define µa,c and hence the cluster distributions as:

[ 1 2

1 0.2 0.6
2 0.8 0.5

]
︸ ︷︷ ︸

Cluster 1

,

[ 1 2

1 0.8 0.1
2 0.7 0.3

]
︸ ︷︷ ︸

Cluster 2

The rows represent Player 1’s actions while the columns represent Player 2’s actions.

Suppose the players agreed prior to learning to let the ordering of clusters be (1, 2), and the order of joint
arms be:

(1, 1)→ (1, 2)→ (2, 1)→ (2, 2) (3)

Note that any order will suffice as long as the players use the same ordering. Initially, all clusters are
admissible for all players under each state; as time progresses, players update their empirical means and
confidence intervals for each joint arm under each state.

Suppose at round t = 30, the following occurs:

• Nature draws state b1 ∈ B1 (true cluster is Cluster 1).

• The algorithm is currently testing Cluster 2 for b1. Both players believe both clusters are admissible
for b1.

• For the optimal joint arm under Cluster 2, (1, 1), the true mean under Cluster 2 is 0.8.

• Both players have pulled (1, 1) many times under b1 and observe (note that rewards are identical):

Player 1: µ̂
(1)
(1,1),b1

= 0.3, S(1) = [0.1, 0.5]

Player 2: µ̂
(2)
(1,1),b1

= 0.3, S(2) = [0.1, 0.5]

Since µ(1,1),2 = 0.8 /∈ S(1) and µ(1,1),2 /∈ S(2), both players simultaneously identify Cluster 2 as inadmissible
under b1. Both players update: Cb1 ← Cb1 \ {2}. If nature selects b1 in the future, both players will aim
for action (2, 1), the optimal arm of the only admissible cluster for b1. Later, nature selects b3, which also
belongs to B1. If both clusters are currently admissible for b3, then players may still test Cluster 2 by pulling
its optimal arm. Suppose nature selects b3 again; then players will test the next admissible cluster, which is
Cluster 1.

3.2 Problem B: Information Asymmetry in Rewards

The approach used in Problem A relies on all players observing identical rewards, allowing them to construct
identical confidence intervals. This enables players to remain synchronized without needing to observe
others’ actions. In Problem B, however, players receive different rewards and maintain different confidence
intervals. Consequently, players may disagree on which clusters are admissible, creating the potential for
miscoordination.

We address this by building on Algorithm 1 and introducing sabotage, in which individual players use
observability of actions to signal that a cluster is no longer admissible based on their confidence intervals.
The pseudocode is given in Algorithm 2, with the sabotage step in step 13.

Intuition: Multiple-K-Intervals-B builds on Multiple-K-Intervals-A, with one key difference to ac-
count for private rewards. Since players no longer maintain the same confidence intervals and admissible
sets, they must implicitly communicate any belief changes. In Multiple-K-Intervals-B, agents sabotage by
purposely deviating from the agreed-upon order when they observe that the cluster currently being tested,
c(tn), is no longer admissible. This signals to other players that they should also remove that cluster from
their admissible set for the current nature’s action b.

The regret bound is as follows; the proof is deferred to the Appendix.
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Theorem 2 The regret of Multiple-K-Intervals-B satisfies

RT ≤ 8
√

4T (log T )BC + 2BC + Ns, (4)

where Ns is the number of rounds in which any player selects a suboptimal action to sabotage.

Algorithm 2 The Multiple-K-Intervals-B Algorithm
1: Input: The cluster distributions {νa,c}
2: for all b ∈ B do
3: Cb ← C
4: end for
5: for t = 1, . . . , T do
6: Receive b ∈ B, and suppose this action was chosen at rounds t1, . . . , tn = t
7: Players construct Si

a,b(t) for all a
8: if Na,b(t) = 0 then
9: Si

a,b(t)← (−∞,∞)
10: end if
11: Select the next cluster c(tn) following c(tn−1) in the ordered admissible set Cb

12: if player i observes µa,c(tn) /∈ Si
a,b(t) for some a then

13: Player i pulls a non-optimal arm to indicate to other players that c(tn) is no longer admissible for
state b

14: Each player observes the action and updates Cb ← Cb \ {c(tn)}
15: end if
16: Choose the next arm:
17: at ← ⋆c(tn)
18: end for

3.2.1 Example

We now consider a setting to illustrate Multiple-K-Intervals-B, using the same setup as the example in
section 3.1.1. Now suppose b3 ∈ B1 and b1, b2 ∈ B2.

Define the cluster distributions as:

[ 1 2

1 0.2 0.6
2 0.8 0.5

]
︸ ︷︷ ︸

Cluster 1

,

[ 1 2

1 0.8 0.1
2 0.7 0.3

]
︸ ︷︷ ︸

Cluster 2

The rows represent Player 1’s actions while the columns represent Player 2’s actions. Again let the ordering
of clusters be (1, 2), and the order of joint arms be the same as above.

Suppose at round t = 30, the following occurs:

• Nature draws state b1 ∈ B1 (true cluster is Cluster 1).

• The algorithm is currently testing Cluster 1 for b1. Both players believe both clusters are admissible
for b1.

• For the joint arm (2, 1), the true mean under Cluster 1 is 0.8.

• Both players have pulled (2, 1) several times under b1 and observe:

Player 1: µ̂
(1)
(2,1),b1

= 0.75, S(1) = [0.68, 0.82]

Player 2: µ̂
(2)
(2,1),b1

= 0.72, S(2) = [0.65, 0.79]

7



Under review as submission to TMLR

Since µ(2,1),1 = 0.8 /∈ S(2), Player 2 identifies Cluster 1 as inadmissible under b1, while the interval for Player
1 still suggests both clusters are admissible. Player 2 deviates from the optimal arm of Cluster 1 to signal
that it should be eliminated.

Player 1 observes this deviation, and both players update:

Cb1 ← Cb1 \ {1}

Later, suppose nature selects state b2, which also belongs to B2. Since Cb2 has not yet been updated, players
begin testing Cluster 1 again. Assume Player 1 observes Cluster 1 is no longer admissible according to their
own confidence interval, but Player 2 does not. In that round: Player 1 deviates from the expected arm (the
optimal arm of Cluster 1) to indicate Cluster 1 is inadmissible. Player 2 observes the deviation, and both
players update Cb3 ← Cb3 \ {1}.

3.3 Problem C: Information Asymmetry in Both Rewards and Actions

In problem C, players can observe neither other players’ rewards nor their actions, necessitating a different
approach. Players maintain different confidence intervals, but cannot communicate changing beliefs to other
players and may become miscoordinated.

To address this, we propose an explore-then-commit style algorithm, Multiple-K-mDSEE. In the basic mDSEE
algorithm (Chang et al. (2022)), players alternate between exploration and commitment phases, spaced
at increasing powers of 2. Players individually pick an action to commit to based on the empirical means
observed during exploration phases. As the empirical means converge to the true means, commitment phases
also increase in length; intuitively, this allows players to commit for longer periods once they are more
confident and agree on the same optimal arm for each b.

Intuition: In our multiplayer latent bandit setting, we run mDSEE separately for each nature’s action b,
alternating between exploration and exploitation at predetermined intervals (with exploitation intervals
increasing in length). We set a fixed exploration parameter E based on gaps within clusters to ensure sufficient
concentration of the empirical means. This allows us to improve on the results of Chang et al. (2022) in
several ways: First, the fact that K depends on the phase λ in Chang et al. (2022) is no longer necessary
because we know the reward distributions. In this setting, we improve the order of regret in T by utilizing
knowledge of the reward gaps. In addition, we allow for non-unique optimal joint actions.

Note that players do not update their empirical means based on rewards observed during commitment phases;
this is because players may commit to different arms during these phases but cannot observe the actions
taken by other players, and thus do not know what joint action is taken.

The regret bound is as follows.

Theorem 3 The regret of Multiple-K-mDSEE satisfies

RT ≤ O

(
BKM log(T )
mina,b ∆2

a,b

+ BKM M
π2

3

)
. (5)

We are able to show that the regret grows logarithmically with respect to a fixed set of reward gaps. The
proof is deferred to the Appendix.

4 Experiments

We empirically evaluate the three algorithms in the multi-agent multi-armed bandit setting with nature’s
actions. The algorithms differ in how players handle uncertainty in state-cluster mappings and how they
coordinate under information asymmetry.

Setup: We ran each algorithm 10 times and computed the average and standard deviation of regret. Each
nature’s action b ∈ {0, 1, . . . , B − 1} is deterministically assigned to a cluster cb ∈ {0, 1, . . . , C − 1} using the
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Algorithm 3 Multiple-K-mDSEE Algorithm

1: Input: The cluster distributions {νa,c}, exploration parameter E = 4( 1
2 mina,b ∆a,b

)2 .

2: Initialize: λ← 1.
3: for t = 1, . . . , T do
4: Receive b = bt ∼ Υ.
5: if ∃a such that arm a has been pulled fewer than E times in state b for the λth phase then
6: Pull arm a in state b.
7: Each player i observes their own reward and updates µ̂i

a,b.
8: else
9: Each player pulls their optimal arm at ← arg maxa µ̂i

a,b(t).
10: Do not update µ̂i

a,b.
11: if t + 1 = 2n for some n ≥ λ then
12: λ← λ + 1.
13: end if
14: end if
15: end for

rule:
cb = min

(⌊
b

⌊B/C⌋

⌋
, C − 1

)
The reward for each arm-state pair is sampled from a Gaussian distribution N (µa,c, 0.22), where the cluster
reward tables {µa,c}a∈[K]M , c∈[C] are initialized randomly from a uniform distribution at the start of each
trial. Each table µ(c) corresponds to a specific cluster c and defines the mean reward for every joint arm
a = (a1, . . . , aM ) played by the M players.

Results: Figure 1 shows the cumulative regret averaged over 10 trials for each of the three algorithms
evaluated. The red curve, Multiple-K-UCB from Maillard & Mannor (2014) adapted for the multiplayer
joint-action problem, achieves sublinear regret performance across the horizon as expected.

The yellow curve represents a naive UCB approach, in which UCB is run "in parallel" for each nature’s action
b (where µ̂(t) and N(t) are tracked separately for each b.) Note also that this naive approach is only possible
for Problem A, in which players can stay synchronized because they receive identical rewards and can infer
each others’ actions; this algorithm cannot be applied directly to Problem B or C. The naive UCB algorithm
takes a notably longer time to find optimal arms, incurring higher regret across the horizon. This is because
without cluster information, it is required to learn all the environments on its own for each choice of nature’s
actions. When nature has a large action space and feeds it to the learner adversarially, this results in a slower
convergence in the regret plot as well as a higher variance.

The blue curve, our proposed algorithm Multiple-K-Intervals-B, demonstrates performance of a similar
order to Multiple-K-UCB without requiring observability of both actions and rewards.

The green curve incurs significantly higher cumulative regret. The "staircase" pattern is a result of periodic
resets in the explore-then-commit cycles of Multiple-K-mDSEE: players re-enter exploration phases upon
reaching the next power of 2. Each jump corresponds to a phase shift, and the wide confidence band indicates
high sensitivity to early misclassifications. Nevertheless, the curve eventually flattens, indicating eventual
commitment to the right clusters, albeit at a much slower rate compared to the other two methods; this is to
be expected due to the information-constrained nature of Problem C.

5 Conclusion

In this paper, we extended the latent multi-armed bandit framework to the novel multiplayer setting
with information asymmetry and limited communication. We introduced three algorithms tailored to
distinct asymmetry scenarios: Multiple-K-Intervals-A for shared rewards with unobservable actions,

9
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Figure 1: Cumulative regret over T = 106 rounds with M = 3 players, K = 3 arms, C = 4 clusters, the
exploration parameter E = 30, and B = 50 nature’s actions. Shaded regions indicate standard deviations
between trials (scaled for visibility).

Multiple-K-Intervals-B for observable actions but private i.i.d. rewards, and Multiple-K-mDSEE for the
case where neither rewards nor actions are shared. We verify our results through numerical experiments. Our
results show that for Problems A and B, we achieve gap-independent regret bounds of order O(

√
T log TBC)

while still allowing for nature’s actions to be adversarial, improving on the original single-agent analysis in
Maillard & Mannor (2014). For Problem C, we utilize knowledge of cluster structures to design an explore-
then-commit strategy that results in a regret bound of order O(BKM log(T )/(mina,b ∆a,b)2), improving on
the results in Chang et al. (2022).

However, several directions for future work remain. The regret bound for problem C scales on the minimum
gap within clusters, possibly leading to poor performance in certain cases. Future work could explore gap-free
strategies for a tighter bound on regret. In addition, our algorithms rely on known reward distributions for
each cluster, which may not be realistic in all applications. Investigating multiplayer algorithms for unknown
cluster distributions (the agnostic case from Maillard & Mannor (2014)) remains an open challenge.
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A Important Lemmas

Lemma 4 (corollary 5.5 of Lattimore & Szepesvári (2020)) Assume that Xi − µ are independent,
σ-subgaussian random variables. Then for any ε ≥ 0,

P(µ̂ ≥ µ + ε) ≤ exp
(
−nε2

2σ2

)
and P(µ̂ ≤ µ− ε) ≤ exp

(
−nε2

2σ2

)
,

where µ̂ = 1
n

∑n
t=1 Xt.

Lemma 5 With the good event defined in equation (9), we have the following upper bound

P (Gc) ≤ 2BC

T
(6)

Proof: By DeMorgan’s rule, taking the complement of the good event we have

Gc =
T⋃

t=1

⋃
b

⋃
c

{µ⋆c,b ≤ L⋆c,b(t) or µ⋆c,b ≥ U⋆c,b(t)}

=
T⋃

t=1

⋃
b

⋃
c

{µ⋆c,b ≤ L⋆c,b(t)} ∪ {µ⋆c,b ≥ U⋆c,b(t)}

By the probability union bound, we have

P (Gc) ≤
T∑

t=1

∑
b

∑
c

P (µ⋆c,b ≤ L⋆c,b(t)) + P (µ⋆c,b ≥ Ua,b(t)) (7)

By Lemma 4, we upper bound

P (µ⋆c,b ≤ L⋆c,b(t)) = P

(
µ̂a,b ≤ µa,b −

√
4 log(T )
N⋆c,b(t)

)

≤ e−
Na,b(t)

(√
4 log(T )

N⋆c,b(t)

)2

2

= e−2 log(T )

= 1
T 2

Now we plug this into our upper bound for P (Gc)

P (Gc) ≤
T∑

t=1

∑
b

∑
c

2
T 2 = 2BC

T
(8)

□
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B Regret bound of Multiple-K-Intervals-A

We present the proof of Theorem 1, the regret bound of Multiple-K-Intervals-A for Problem A, information
asymmetry in actions.

Proof: Consider the good event

G =
T⋂

t=1

⋂
b

⋂
c

⋂
i

Gi
⋆c,b(t), Gi

a,b(t) = {µa,b ∈ Si
a,b(t)} (9)

where Si
a,b(t) is the confidence interval of player i at time t. Recall the definition of regret

RT =
T∑

t=1
E[X⋆bt

,bt
−Xat,bt

] (10)

=
T∑

t=1
E[X⋆bt

,bt −Xat,bt |G]P (G) + E[X⋆bt
,bt −Xat,bt |Gc]P (Gc) (11)

≤
T∑

t=1
E[X⋆bt

,bt
−Xat,bt

|G] + TP (Gc) (12)

Denote

δa,b(t) = Ua,b(t)− La,b(t) = 2
√

4 log T

Na,b(t) .

We aim to show that

RT ≤
T∑

t=1
(δ⋆ct ,bt

(t) + δat,bt
(t)).

Suppose that at time t, nature selects an action bt belonging to cluster ct. At each round, the players select
the best arm for a cluster that is admissible. More explicitly, at = ⋆c′ , where c′ is admissible. Since c′ is
admissible, µ⋆ct ,c′ ∈ S⋆ct ,bt

(t). We also assume that the true cluster ct is admissible under the good event,
thus µ⋆ct ,ct

∈ S⋆ct ,bt
(t), and thus

µ⋆ct ,ct
− µ⋆ct ,c′ ≤ δ⋆ct ,bt

(t).

Similarly, since µ⋆c′ ,c′ ∈ S⋆c′ ,bt
(t), we have

µ⋆c′ ,c′ − µ⋆c′ ,ct ≤ δ⋆c′ ,bt(t).

15



Under review as submission to TMLR

Further, µ⋆c′ ,c′ ≥ µ⋆ct ,c′ by definition. Thus
T∑

t=1
E[X⋆bt ,bt

−Xat,bt
|G] =

T∑
t=1

(µ⋆ct ,ct
− µ⋆c′ ,ct

) (13)

=
T∑

t=1

(
(µ⋆ct ,ct − µ⋆ct ,c′) + (µ⋆ct ,c′ − µ⋆c′ ,c′) + (µ⋆c′ ,c′ − µ⋆c′ ,ct)

)
(14)

≤
T∑

t=1

(
δ⋆ct ,bt

(t) + δ⋆c′ ,bt
(t)
)

(15)

=
T∑

t=1

(
δ⋆ct ,bt(t) + δat,bt(t)

)
(16)

= 2
T∑

t=1

(√
4 log T

N⋆ct ,b(t) +
√

4 log T

Nat,b(t)

)
(17)

≤ 2
∑

b

∑
c

Na,b(T )∑
s=1

2
√

4 log T

s
(18)

≤ 4
√

4 log T
∑

b

∑
c

T∑
s=1

1√
s

(19)

≤ 4
√

4 log T
∑

b

∑
c

∫ T

0

1√
s

ds (20)

= 8
√

4 log T
∑

b

∑
c

√
T (21)

= 8
√

4 log TBC
√

T (22)

Note that in equation (18) we take a summation across the clusters rather than the set of all arms, because
for each nature’s action b we try at most C arms (the optimal arms in each cluster). □

C Regret bound of Multiple-K-Intervals-B

We present the proof of Theorem 2, the regret bound of Multiple-K-Intervals-B for Problem B, information
asymmetry in rewards.

Proof: The only deviation from Algorithm 1 is the addition of sabotage. The cumulative regret incurred by
sabotage across all rounds is at most Ns ≤ BC. Thus RT ≤ 8

√
4T (log T )BC + 2BC + Ns. □

D Regret bound of Multiple-K-mDSEE

We present the proof of Theorem 3, the regret bound of Multiple-K-mDSEE for Problem C, information
asymmetry in actions and rewards.

Proof: Decompose RT = RT,E + RT,C , where RT,E is the regret incurred from the exploration phases spaced
at powers of 2, and RT,C is the regret incurred from all commitment phases.

Thus, the regret incurred during exploration is at most:

RT,E ≤
∑

b

∑
a

E⌈log2(T )⌉∆a,b (23)

where ∆a,b = µ⋆b,b − µa,b is the suboptimality gap for arm a under state b and E = 4( 1
2 mina,b ∆a,b

)2 .
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We now analyze the commitment phase regret RT,C .

Let ϵ = 1
2 mina,b ∆a,b.

In the latent multi-armed bandit setting with multiple-cluster arrivals, the sub-optimality gaps within clusters
are known due to the known reward structure. This allows us to choose a fixed exploration constant E large
enough to ensure sufficient concentration of the empirical means. If each arm is pulled E times during the
previous exploration phases, then we have the following inequality when t is in the committing phase,

Na,b(t) ≥ E log2(t) (24)

Define the good event for an individual player i:

Gi
a,b(t) =

{∣∣µ̂i
a,b(t)− µa,b

∣∣ < ϵ
}

(25)

When
⋂

b

⋂
a

⋂
i Gi

a,b(t) occurs, the optimal arm is selected at round t, and regret is 0. Thus,

RT,C ≤
∑
b∈B

∑
t:bt=b

E

[
I

[(⋂
a

⋂
i

Gi
a,b(t)

)c]]
(26)

=
∑
b∈B

∑
t:bt=b

P

[(⋂
a

⋂
i

Gi
a,b(t)

)c]
(27)

≤
∑
b∈B

nb(T )∑
t=1

∑
a

M∑
i=1

P
[
Gi

a,b(t)c
]

(28)

=
∑
b∈B

nb(T )∑
t=1

∑
a

M∑
i=1

P
[∣∣µ̂i

a,b(t)− µa,b

∣∣ > ϵ
]

(29)

≤
∑
b∈B

nb(T )∑
t=1

∑
a

M∑
i=1

2e−
na,b(t)ϵ2

2 (30)

≤
∑
b∈B

∑
a

nb(T )∑
t=1

M · 2e− E log2(t)ϵ2
2 (31)

≤
∑
b∈B

∑
a

nb(T )∑
t=1

M · 2t−2 (32)

≤ BKM M
π2

3 (33)

where in the second inequality we use the probability union bound and in the third inequality we use the fact
that the rewards are i.i.d., so the probability of the complement of the good event has the same upper bound
for each player. Note that unlike in Chang et al. (2022), we can define ϵ explicitly, leveraging knowledge of
the gaps, rather than fixing an exploration schedule to guarantee theoretical convergence.

Thus our total regret RT satisfies O(BKM log(T )/(mina,b ∆a,b)2 + BKM M π2

3 ).

□

17


	Introduction
	Preliminary
	Single-player latent bandits
	Multiplayer latent bandits

	Main Results
	Problem A: Information Asymmetry in Actions
	Example

	Problem B: Information Asymmetry in Rewards
	Example

	Problem C: Information Asymmetry in Both Rewards and Actions

	Experiments
	Conclusion
	Important Lemmas
	Regret bound of Multiple-K-Intervals-A
	Regret bound of Multiple-K-Intervals-B
	Regret bound of Multiple-K-mDSEE

