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Abstract

Applying Reinforcement Learning (RL) to Restless Multi-Arm
Bandits (RMABs) offers a promising avenue for addressing
allocation problems with resource constraints and temporal
dynamics. However, classic RMAB models largely overlook
the challenges of (systematic) data errors, a common occur-
rence in real-world scenarios due to factors like varying data
collection protocols and intentional noise for differential pri-
vacy. We demonstrate that conventional RL algorithms used
to train RMABs can struggle to perform well in such settings.
To solve this problem, we propose the first communication
learning approach in RMABs, where we study which arms,
when involved in communication, are most effective in mitigat-
ing the influence of such systematic data errors. In our setup,
the arms receive Q-function parameters from similar arms as
messages to guide behavioral policies, steering Q-function up-
dates. We learn communication strategies by considering the
joint utility of messages across all pairs of arms and using a
Q-network architecture that decomposes the joint utility. Both
theoretical and empirical evidence validate the effectiveness
of our method in significantly improving RMAB performance
across diverse problems.

1 Introduction
Restless Multi-Arm Bandits (RMABs) have been success-
fully applied to a range of multi-agent constrained resource al-
location problems, such as healthcare, online advertising, and
anti-poaching (Ruiz-Hernández, Pinar-Pérez, and Delgado-
Gómez 2020; Lee, Lavieri, and Volk 2019; Hodge and Glaze-
brook 2015; Mate et al. 2022; Modi, Mary, and Moy 2019;
Zhao, Krishnamachari, and Liu 2008; Bagheri and Scaglione
2015; Tripathi and Modiano 2019). In classical RMABs,
there are a fixed number of arms, each may be described as an
MDP with two actions (active and passive). At each timestep,
constrained by the global budget, the RMAB strategically
selects a subset of arms to play the active action with the
objective of maximizing long-term accumulated rewards. Al-
though finding an exact RMAB solution is PSPACE-hard (Pa-
padimitriou and Tsitsiklis 1999), the whittle index solution is
known to be near optimal (Whittle 1988; Weber and Weiss
1990) in this situation. Beyond classical RMABs, important
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applications of RMABs involve more complex systems with
multiple actions, continuous state spaces, and arms opting in
and out of the system. Recent studies have explored a variety
of methods to address these challenges (Hawkins 2003; Kil-
lian, Perrault, and Tambe 2021; Verloop 2016; Zayas-Caban,
Jasin, and Wang 2019; Ghosh et al. 2023), with deep Rein-
forcement Learning (RL) emerging as a particularly effective
approach, achieving state-of-the-art results across various
RMAB settings (Zhao et al. 2023; Xiong and Li 2023; Wang
et al. 2023; Killian et al. 2022).

Unfortunately, these previous studies consider RMAB
models where the reward data can be collected from every
arm reliably. In real-world scenarios modeled via RMABs,
such as maternal healthcare (Biswas et al. 2021; Verma et al.
2024; Behari et al. 2024) and SIS epidemic model concerning
COVID intervention (Yaesoubi and Cohen 2011), each arm
represents a different entity, which could be a beneficiary or
a geographical region, where data collection protocols are
potentially different. Different arms may be affected by noise
caused by systematic errors that arise due to the following
practical reasons. (1) Variability in data collection and han-
dling protocols. There may be differences in data collection
in different arms (entities), e.g., differences in the frequency
and quality of data collected, in worker awareness or stan-
dards for data preprocessing, cleaning, and digitization. This
variability represents sampling bias (Paulus et al. 2023) and
may cause systematic errors (Dubrow 2022) in some arms.
For example, in maternal care, specific data collection ap-
proaches may cause systematic overestimation of expected
delivery dates (Fulcher et al. 2020). (2) Data integrity and
privacy. For example, when data is gathered through surveys,
topical or political bias (Paulus et al. 2023) can introduce
systematic errors in some arms due to influence of authorities
or impacted populations (e.g., keeping the number of COVID
cases low (Paulus et al. 2023)). Additionally, driven by the
principle of differential privacy, noise might be intentionally
added to the data (Dwork, Roth et al. 2014).

Motivated by these scenarios, in this paper we study the
RMAB model where some arms are affected by noise in
their observed rewards at some states, with these noisy arms
and rewards not known a priori. The challenge of applying
existing RL methods to this setting is that systematic errors
might create false optima, preventing the exploration of states
with true high rewards and leading to suboptimal actions
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selected by the RMAB. For example, the aforementioned
systematic overestimation errors of women’s delivery dates
can lead to suboptimal resource allocation, thereby reducing
the number of deliveries in healthcare facilities (Fulcher et al.
2020).

We propose the first communication learning approach in
RMABs to deal with systematic reward errors, enabling arms
to learn to communicate useful information to improve local
Q-learning. We formally model the communication learning
problem as a Multi-Agent MDP (Boutilier 1996), which is
in addition to and distinct from per-arm MDP without con-
sidering communication. In this framework, each arm has
a binary communication action. Choosing to communicate
allows an arm to receive the local Q function parameters
from a similar arm. Using these parameters, the receiving
arm establishes a behavior policy to collect experience sam-
ples for updating its local Q function. This behavior policy
may enable exploration and help escape false optima. In this
way, the communication reward can be calculated as the dif-
ference in RMAB return with and without communication.
We then adopt Q-learning for communication learning. Since
RMABs optimize a centralized objective involving return
from all the arms, the communication reward captures the
joint influence of communication of all arms. To solve this
problem and learn the individual communication strategy
of each arm, we propose to use a decomposed Q-network
architecture for communication learning that factorizes the
joint communication Q function into local communication Q
function.

To demonstrate the effectiveness our method, we rigor-
ously compare the sample complexity required to learn a
near-optimal per-arm Q function when learning with and
without communication. We show theoretically that there ex-
ists RMABs where communication from non-noisy to noisy
arms can reduce the Q estimation errors exponentially with
respect to the number of states. Interestingly, further studies
reveal that communication from noisy to non-noisy arms can
also be beneficial, provided that the behavior policy, on the
receiver arms’ MDP, achieves reasonable coverage over the
state-action space and does not decorrelate too slowly from
the initial states.

Empirically, we validate our method on synthetic prob-
lems, as well as the ARMMAN maternal healthcare (Verma
et al. 2024) and the SIS epidemic intervention problem (Yae-
soubi and Cohen 2011) built upon real-world data. Results
show that our method significantly outperforms both the
non-communicative learning approach and the approach with
fixed communication strategies, achieving performance lev-
els comparable to those learning in noise-free environments.
Results are robust across problems, resources budgets, and
noise levels. Furthermore, visualization of the learned com-
munication strategies supports our theoretical findings that
communication from noisy arms to non-noisy arms, and vice
versa, can be helpful.

Related works. To the best of our knowledge, this is the
first work that introduces communication into RMABs. This
is perhaps surprising given that communication is an impor-
tant topic that has been extensively studied in other multi-
agent problems. In Dec-POMDPs (Oliehoek, Amato et al.

2016; Kwak et al. 2010; Nair et al. 2004), previous works ex-
plore decentralized communication learning (Sukhbaatar, Fer-
gus et al. 2016; Hoshen 2017; Jiang and Lu 2018; Singh, Jain,
and Sukhbaatar 2019; Wang et al. 2019b), the emergence of
natural language (Foerster et al. 2016; Das et al. 2017; Lazari-
dou, Peysakhovich, and Baroni 2017; Mordatch and Abbeel
2018; Zhao et al. 2024b; Kang, Wang, and de Melo 2020),
and implicit communication by coordination graphs (Böhmer,
Kurin, and Whiteson 2020; Wang et al. 2021; Kang et al.
2022; Yang et al. 2022), influence on each other (Jaques et al.
2019; Wang et al. 2019a), and attention mechanisms (Huang,
Mordatch, and Pathak 2020; Kurin et al. 2020; Dong et al.
2022, 2023). Different from these works, we consider com-
munication under noisy returns and in the RMAB setting
where the central planner policy constrained by resource
budgets determines the influence of communication.

In the literature of cooperative multi-agent reinforcement
learning (Yu et al. 2022; Wen et al. 2022; Kuba et al. 2021;
Wang et al. 2020a; Christianos, Schäfer, and Albrecht 2020;
Peng et al. 2021; Wang et al. 2020c; Jiang et al. 2019; Wang
et al. 2020b; Nagaraj et al. 2023), value decomposition meth-
ods (Sunehag et al. 2018; Rashid et al. 2018; Son et al. 2019;
Li et al. 2021) have recently witnessed great success in ad-
dressing challenges such as partial observability and learning
scalability. These methods decompose the joint Q-value con-
ditioned on true states and joint actions into per agent local Q
functions based on local action-observation history and local
actions. In this work, we adopt a linear value decomposition
framework (Sunehag et al. 2018) for the communication Q
network to solve the unique problems of learning with the
presence of noisy arms.

2 Preliminaries
2.1 RMABs with Noisy Arms
We study multi-action Restless Multi-Arm Bandits (RMABs)
with N arms. Each arm i ∈ [N ] is associated with a Markov
Decision Process Mi = (Si,Ai, Ci, Ti, Ri, β, zi). Here, Si

is the state space that can be either discrete or continuous.
The reward at a state is given by a function Ri : Si → R, and
β ∈ [0, 1) is a discount factor for future rewards. We assume
that there is a set of noisy arms Nϵ ⊂ [N ], and the rewards
of a noisy arm i ∈ Nϵ are unreliable and affected by noise
ϵi(si) at some states si ∈ Sϵ,i ⊂ Si. We consider systematic
errors: R̃i(si) = Ri(si) + ϵi(si), where ϵi(si) is sampled
from a distribution Ei and fixed during training and testing.
The identity of noisy arms Nϵ, the affected states Sϵ,i, the
reward noise ϵi, and its distribution Ei are not known a priori.

Ai is a finite set of discrete actions. Each action a ∈ Ai

has a cost Ci(a). Following the standard bandit assumption
that an arm can be ”not pulled” at no cost, we set Ci(0) = 0.
The probability of transitioning from one state to another
given an action is specified by the function Ti : Si ×Ai ×
Si → [0, 1]. In line with previous work (Zhao et al. 2023;
Elmachtoub, Gupta, and Zhao 2023; Elmachtoub et al. 2023;
Zhao et al. 2022) we assume that Si,Ai, and Ci are the same
for all arms i ∈ [N ] and omit the subscript i for simplicity.
Each arm has a feature vector zi ∈ Rm that provides useful
information about the transition dynamics of arm i. We define
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the arm with the most similar features with arm i as νi =
argminj ∥zj − zi∥2.

We consider a constrained global resource setting where, at
every timestep t ∈ [H], where H is the horizon, the total cost
of actions taken is no greater than a given budget B. Under
this constraint, the central planner selects one action for each
of the N arms at each timestep. Formally, the central planner
has a policy π to maximize its expected discounted return
G(π) = Eπ[

∑H
t=1 β

t
∑

i∈[N ] Ri(s
t
i)], where sti is the state

of arm i at time step t. π is typically computed by solving
the constrained Bellman equation (Hawkins 2003; Killian,
Perrault, and Tambe 2021; Killian et al. 2022):

J(s) =
N∑
i=1

Ri (si) + β max
a

Es′ [J (s′) | s,a]

s.t.
N∑
i=1

C(ai) ≤ B. (1)

2.2 Reinforcement Learning in RMABs
Deep reinforcement learning has been proven to be efficient
in solving the RMAB problem (Avrachenkov and Borkar
2022; Killian et al. 2022; Zhao et al. 2024a). To learn arm
policies, we take the Lagrangian relaxation of the budget
constraint (Hawkins 2003), defining

J(s, λ) =
λB

1− β
+

N∑
i=1

max
j∈[A]

{Qi(si, j)} , (2)

where Qi is arm i’s Q function estimating its expected dis-
count return of an action at a state. We use deep Q-learning
and parameterize the action-value function Qi(si, ai; θi) of
each arm i with θi, which is updated by the TD-loss (Sutton
and Barto 2018; Killian, Perrault, and Tambe 2021):

LTD(θi) =E(si,ai,s′i)∼D

[(
Ri(si)− λC(ai)

+ βmax
a

Qi(s
′
i, a; θi)−Qi(si, ai; θ̃i)

)2]
, (3)

where Qi(·; θ̃i) is a target network whose parameters are
periodically copied from Qi. The expectation means that the
samples come from a replay buffer D.

To infer a central planner policy that adheres to the budget
constraint, previous research (Killian et al. 2022) constructs
a knapsack problem using Qi(si, ai) as values and C(ai) as
weights, within the constraints defined in the optimization
problem 1. The solution to this knapsack problem identifies
the joint action that maximizes the sum of the learned Qi

values while conforming to the budget constraint. In this
case, we denote the planner policy by π(θ) to highlight its
dependency on the joint parameters of individual Q-functions
θ = (θ1, · · · , θN ).

3 RMAB Learning with Communication
In this section, we introduce our method of learning com-
munication to share useful knowledge among arms. We
first define the communication problem as a Multi-Agent

MDP (Boutilier 1996) and address the following problems:
(1) What are the messages? (Sec. 3.1) How do they affect lo-
cal Q learning? (Sec. 3.2) (2) How to generate reward signals
that measure the influence of communication? (Sec. 3.3) (3)
How to use the communication reward to learn communica-
tion strategies? (Sec. 3.4) (4) Why and under what conditions
can communication help learning? (Sec. 3.2 and 4)

3.1 Define the Communication Learning Problem
Akin to traditional deep RMAB learning algorithms (Fu et al.
2019; Biswas et al. 2021; Killian et al. 2022; Avrachenkov
and Borkar 2022), our approach involves each arm learning
its local Q networks Qi(si, ai; θi) to predict the expected
return of taking action ai in state si. The central planner then
selects centralized actions based on the local Q values.

When the data source is noisy, the local Q functions may
be inaccurate, leading to the central planner choosing sub-
optimal actions. Figure 3 in Appendix C.3 shows such an
example. To address this issue, we introduce a mechanism
that allows each arm to learn a communication policy that
diminishes the impact of noisy data and enhances the overall
effectiveness of the central planner.

We define the communication learning problem within the
framework of a Multi-Agent MDP (Boutilier 1996).

Definition 1 (The Communication MDP). The communica-
tion MDP in the RMAB setting is modelled by a multi-agent
MDP Mc = (Sc, I,Ac, T c, rc). I is the set of players,
which in our case is the set of arms. Sc = Θ is the state
space, where Θ is the joint parameter space of Q networks.
θ = (θ1, · · · , θN ) ∈ Sc corresponds to joint Q function
parameters. Ac = {0, 1}I is the action space. aci = 1 means
arm i decides to ask Q network parameters from the arm with
the most similar features, νi, as the message. If aci = 0, arm
i will not receive a message. The joint communication action
ac leads to a transition in θ (Eq.6) and a reward rc (Eq. 7).

The definition of this Communication MDP is associated
with the underlying RMAB in the sense that the Communica-
tion MDP solution affects the action selection of the central
planner. After every K learning epochs of Qi in the MDP
Mi, parameters of arms’ Q functions are used as the state for
this Communication MDP Mc. We assume that each arm i in
the system has the chance to communicate with the arm with
the most similar features, denoted by arm νi. This results in
N possible communication channels (i.e. arm i will receive
a message if aci = 1). In this way, the set of players in Mc

is the set of arms [N ]. In addition to selecting actions in the
arm MDP Mi, each arm also selects actions in this Commu-
nication MDP Mc. These communication actions determine
the communication channel activation pattern, which remains
frozen for the next K learning epochs. We will discuss the
details in the following subsections.

An alternative design option is to adopt a denser com-
munication scheme, i.e., an arm can receive messages from
multiple other arms. As formally detailed in Proposition 4 in
Sec. 4, under certain assumptions regarding concentratabil-
ity (Munos 2003; Chen and Jiang 2019), our sparse commu-
nication scheme is shown to effectively learn near-optimal
value functions with the same errors as the dense scheme.
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Therefore, we favor the sparse scheme due to its lower de-
mands on communication bandwidth.

3.2 Communication Actions and Transition
Dynamics

We now describe how the communication action ac induces
a state transition in the space Sc. Specifically, when aci is 1,
arm i receives a message from arm νi, which is the parameters
of the local Q network of arm νi, θνi

. Using this message,
arm i formulates a behavior policy πνi

as follows:

πνi
(·|si) = SoftMax (Qνi

(si, ·)) . (4)

Using behavior policy πνi , arm i navigates in its arm MDP
Mi, collecting transition samples in a replay buffer Dπνi

.
This buffer is then used to update the local Q-network. There-
fore, the TD-loss for arm i with the communication channel
i activated is given by:

Lc
TD(θi|aci =1) =E(si,ai,s′i)∼Dπνi

[(
Ri(si)− λcai

+ βmax
a

Qi(s
′
i, a; θi)−Qi(si, ai; θ̃i)

)2]
.

Alternatively, if arm i opts not to receive communication,
it engages in the ϵ-greedy strategy to explore the MDP Mi

and generate the replay buffer. Therefore,

Lc
TD(θi|aci =0) = LTD(θi). (5)

As such, the updates to local Q parameters are dependent on
the communication action:

θ′i(a
c
i ) = θi − α∇θiLc

TD(θi|aci ), (6)

where α is the learning rate. Eq. 6 specifies the state transition
dynamics of the Communication MDP.

3.3 Communication Reward
Lemma 5 and 6 in Sec. 4 reveal that some seemingly reason-
able fixed communication patterns, like those from a non-
noisy arm to a noisy arm, can lead to an exponential higher
sample complexity for learning a near-optimal Q function in
the noisy arm. In fact, as shown in Proposition 2 of Sec. 4, the
influence of communication is determined by the state-action
space coverage and the mixing time of the behavior policy
πνi on the receiver arms.

These findings highlight the intricate and dynamic nature
of the communication learning problem in RMAB. In prac-
tice, to adaptively decide the optimal communication action,
we propose that each arm learns a communication Q function
Qc

i . This approach encounters obstacles in the RMAB setting,
where clear, separate reward signals for each Qc

i are absent.
The central planner policy instead bases action decisions on
the updated Q-functions of all arms and the budget. The col-
laborative contribution of the joint communication action ac

to the learning objective is:

rc(θ,ac) = GT (π(θ′(ac)))−GT (π(θ′(0))) . (7)

Here, GT (π) = 1
T

∑T
k=1[

∑H
t=1 β

t
∑

i∈[N ] Ri(s
k,t
i )] is the

empirical return under policy π averaged over T episodes,

where sk,ti is arm i state at timestep t of episode k. π(θ′(ac))
and π(θ′(0)) are the planner policies with the arm Q-
functions updated with and without messages, respectively.
The communication reward is defined as the difference in the
planner’s return in these two cases.

3.4 Decomposed Communication Q Function
With the definition of the communication reward (Eq. 7),
the simplest strategy of communication learning is to esti-
mate a joint communication action-value function Qc(θ,ac).
However, the question is that there are N communication
channels, and even though our communication action is bi-
nary, there are O(2N ) possible joint actions ac. With this
exponential number of actions, it is challenging to conduct
deep Q-learning, which requires a maximization operation
over the whole action space.

We propose to solve this problem by value decomposi-
tion (Sunehag et al. 2018). Specifically, we represent the
global communication Q-function as a summation of the
channel-level, individual communication Q-functions:

Qc(θ,ac; ξ) =
∑

i∈[N ]
Qc

i (θ, a
c
i ; ξi). (8)

Here, ξi is the parameters of the channel-level communica-
tion Q-function, and ξ is the joint parameter consisting of all
ξi. Such a decomposition satisfies an important property:

argmax
ac

Qc =

(
argmax

ac1
Qc

1, · · · , argmax
acN

Qc
N

)
, (9)

which is because Eq. 8 allows ∂Qc/∂Qc
i ≥ 0. This means

that the joint action that maximizes the Qc can be obtained
by independently selecting the local communication action
that maximize Qi. As a whole, network Qc(·; ξ) is a standard
Q-network conditioned on states θ and actions ac, allowing
it to be trained using joint rewards rc (Eq. 7). On a finer level,
it has a decomposable structure simplifying the argmax cal-
culation. Therefore, Qc(·; ξ) can be trained by the following
TD-loss:

Ld
TD(ξ) = E(θ,ac,θ′)∼D

[(
rc(θ,ac)

+ β
∑

i∈[N ]
max

a
Qc

i (θ
′, a; ξ̃i)−

∑
i∈[N ]

Qc
i (θ, a

c
i ; ξi)

)2]
.

Qc
i (·; ξ̃i) is a target network with parameters periodically

copied from Qc
i , and D is a replay buffer. In this way, we

implicitly achieve credit assignment, because we use a joint
reward rc for training but get a set of Q functions for individ-
ual arms, which can recover the best joint action locally.

4 Theoretical Analysis
We begin by investigating the influence of communication
and establishing the specific conditions under which commu-
nication can reduce the sample complexity for the receiver
arm in learning a near-optimal Q function. We define the
minimum state-action occupancy probability,

µmin := min
s,a

µπνi
(s, a), (10)
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as the lowest probability of any state-action pair under the sta-
tionary distribution µπνi

induced by the behavior policy πνi

on the receiver MDP, where νi is the arm with the most simi-
lar feature to arm i. We further define the mixing time (Hsu,
Kontorovich, and Szepesvári 2015; Li et al. 2020) tmix :=

min

{
t|max

s0,a0

sup
s,a

|P t(s, a|s0, a0)− µπνi
(s, a)| ≤ 1

4

}
,

(11)

where P t is the state-action distribution at timestep t given
the initial state and action. The mixing time tmix captures
how fast the behavior policy decorrelates from the initial state.
We now show the condition under which communication can
be helpful.
Proposition 2 (Useful Communication). For the Q-learning
of arm i, when

µmin >
2(1− β)2

|S||A|
, and tmix ≤ 1

ϵ2e(1− β)4
, (12)

with a probability at least (1 − δ)2 for any 0 < δ < 1,
compared to learning without communication, choosing to
receive communication and using behavior policy πνi leads
to better sample complexity in the worst case for learning
ϵe-optimal Q function such that ∥Qi(s, a) − Q∗

i (s, a)∥ <
ϵe, ∀(s, a).

The Proof is detailed in Appendix C.2 Proposition 2 shows
that communication can accelerate arm i’s Q-learning as long
as πνi visits every state-action pair with a small probability
and is not too slowly disentangling from the initial state. This
finding is solely dependent upon the characteristics of the
behavior policy in the receiver MDP Mi and does not require
the sender or the receiver to be non-noisy or noisy.

We then analyze the effectiveness of a sparse communi-
cation strategy. Specifically, we compare our setup where
each arm i receives messages from an arm νi against a dense
communication scheme where arm i receives messages from
d other arms. In the dense communication scheme, the be-
havior policy πν̄i is the average of policies from all senders.
Specifically, we collect the same number of samples using
each sender’s policy and amalgamate them into a unified
experience replay buffer.

The following assumption on concentratability asserts that
both πνi

and πν̄i
provide a reasonable coverage over the

state-action space.
Assumption 3 (Concentratability Coefficient). There exists
Cνi < ∞, Cν̄i < ∞ s.t.

v(s, a)

µν̄i
(s, a)

≤ Cν̄i and
v(s, a)

µνi
(s, a)

≤ Cνi , for ∀(s, a) ∈ (S,A),

for any admissible distribution v that can be generated by
following some policy for some timesteps in the MDP Mi.
Here µνi and µν̄i are the stationary distribution of πνi and
πν̄i on Mi, respectively.

Under this assumption, we can prove that the sparse com-
munication scheme can also learn a near-optimal Q function
as under the dense scheme. The key observation that under-
pins the proof is 1

dµνi
(s, a) ≤ µν̄i

(s, a), where d < N is the

maximum number of other arms that can send messages to
arm i. The convergence of the communication learning under
the dense scheme implies that Cν̄i

is finite, which further
indicates the finiteness of Cνi

and thus the convergence of
the communication learning of the sparse scheme.

Proposition 4 (Sparse Communication). For a dense com-
munication strategy, there exists a sparse communication
strategy which approximates the optimization step in Equa-
tion (6) faithfully. Additionally, both these two strategies can
learn near-optimal value functions, and the sparse communi-
cation scheme requires at most O(d) times more samples to
achieve this.

Detailed proof is deferred to Appendix C.1. We next show
that a communication channel from a non-noisy arm to a
noisy arm can be either helpful (Lemma 5) or detrimental
(Lemma 6), depending on the specific structures of the sender
and receiver MDPs.

Lemma 5. There exists a family of RMABs where, without
communication from non-noisy arms to noisy arms, the er-
ror in Q values of a noisy arm could be maxs,a |Q∗

i (s, a)−
Qi(s, a)| = O

(
( 1β )

|S|
)

even after O
(
( 1ϵ )

|S|) epochs. ϵ ∈
(0, 1) is the exploration rate in ϵ-greedy exploration scheme.
By contrast, this Q error can be reduced to 0 with communi-
cation from non-noisy arms to noisy arms.

Lemma 6. There exists a family of RMABs where, with com-
munication from a non-noisy arm to a noisy arm, we need
O
(
( 1ϵ )

|S|) times more samples to learn a near-optimal Q
function in the noisy arm than without communication.

The proofs of Lemma 5 and 6 can be found in Appendix
C.3. The observation that the errors in the Q function and
the sample complexity of Q learning can increase exponen-
tially with the number of states in the worst case scenarios
highlights the need to move away from predefined communi-
cation channels. Instead, communication Q-learning provides
a more adaptable and effective approach.

5 Experiments
We present experimental evaluations and ablation studies to
investigate: (1) The learning performance of our communica-
tion method compared to baselines; (2) The characteristics
of learnt communication strategies; (3) The robustness of our
method in terms of resource budgets, the number of arms,
noise types and levels. We discuss additional experimental
details and hyperparameters in Appendix B.

We evaluate our methods on the following domains. In all
domains, 80% of the arms are noisy, and noisy arms observe
reward drawn from a perturbed reward function R̃(s) =
R(s)+ϵ(s), where ϵ ∼ N (0, 1). In ablation studies (Tables 2
and 3), we test various numbers of noisy arms and noise type.

Synthetic: We consider a synthetic RMAB with con-
tinuous states. For state si ∈ [0, 1] and action a ∈
{0, 1} of arm i, the next state s′i is determined by: s′i =
clip (si +N (µia, σia), 0, 1). Here transition parameters are
sampled uniformly, specifically µi1 = −µi0 ∈ [−0.2, 0.2],
σi1 = σi0 ∈ [0.1, 0.2].
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Figure 1: Performance (interquartile mean (Agarwal et al. 2021) and standard error of return over 200 random seeds) of our
method, baselines, and ablations in three environments with different numbers of arms N and resource budgets B. Communication
learning starts at epoch 200. We present results on two additional baseline in Tables 1 and 2 (see Appendix B for more ablations).

SIS Epidemic Model (Yaesoubi and Cohen 2011; Killian
et al. 2022; Zhao et al. 2024a): Each arm p represents a sub-
population in a geographic region, with the number of unin-
fected individuals being the state sp. We implement a budget-
constrained intervention framework with three actions: a0
represents no intervention, a1 requires weekly COVID test-
ing, and a2 involves distributing face masks. Actions change
the disease transmission parameters in a targeted manner,
reflecting their real-world public-health impacts. The reward
noise is due to variability in data collection, which may be
caused by poor COVID testing equipment (Embrett et al.
2022; Schmitt-Grohé, Teoh, and Uribe 2020) and influence
of authorities or impacted populations (keeping the COVID
numbers low) (Paulus et al. 2023).

ARMMAN: The dataset is collected by ARMMAN (AR-
MMAN 2019), an NGO in India aimed at improving health
awareness for a million expectant and new mothers via auto-
mated voice messaging programs. Each arm represents a clus-
ter of mothers in a geographical location. Actions are sending
a health worker to visit mothers in a location to improve en-
gagement. States, continuous valued in [0,1], represent the
average engagement of mothers in a location (Danassis et al.
2023). The transition dynamics is established empirically
from the data (data usage and consent are in Appendix A.2).
Systematic reward errors are present due to difference in in-
frastructure such as cellular network and electricity (Kumar
et al. 2022) (e.g. a geographic location may have poor cel-
lular signals or frequent power outage, causing a systematic
underestimation of mothers’ engagement).

Learning Performance. Figure 1 shows the experimen-

tal results in Synthetic, SIS, and ARMMAN where we com-
pare our method Comm (Ours) against various baselines and
ablations. No Comm is an ablation where the RMAB with
noisy arms is trained without communication. Fixed Comm
involves a preset, fixed communication pattern where at each
timestep, each noisy arm receives information from a sim-
ilar (ℓ2 distance of features), noise-free arm. Fixed Comm
uses oracle information about which arms are noisy, which is
not known by other methods. Nearest Neighbor Comm is a
baseline strategy where an arm always receives communica-
tion from the nearest neighbor in feature space, regardless of
whether the sender/receiver is a noisy arm. We include two
additional baselines in Tables 1 and 2.

Our method significantly outperforms No Comm,
Fixed Comm, and Nearest neighbor Comm. Notably,
the Fixed Comm strategy, despite the oracle information,
often performs worse than No Comm. This observation aligns
with our theoretical analysis in Proposition 2 showing
that communication channels from non-noisy to noisy
arms are not always helpful. Our method consistently
outperforms across various number of arms, budgets,
and domains. For instance, in the Synthetic environment
with N=21 and B=15, our method achieves a return of
approximately 10 at epoch 600, compared to about 8 for the
no communication (No Comm) baseline, representing an 20
percentage point improvement. Similarly, in the ARMMAN
environment with N=48 and B=20, our method reaches
a return of 15, outperforming the No Comm baseline’s
return of approximately 12.5, which is a 20 percentage point
increase. These results demonstrate the effectiveness of our
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Synthetic (N=21, b=15) SIS (N=32, B=16) ARMMAN (N=48, B=20)
Method 100% 110% 120% 100% 110% 120% 100% 110% 120%

No Noise 100% 100% 100% 100% 100% 100% 100% 100% 100%
Comm 75% 53% 38% 63% 55% 51% 77% 72% 68%
No Comm 62% 39% 24% 55% 45% 42% 63% 59% 52%
Fixed/Comm 21% 6% 12% 56% 42% 46% 24% 15% 27%
Nearest Neighbor Comm 44% 20% 3% 32% 22% 23% 46% 43% 31%
Random Comm -24% -45% -58% 22% 13% 9% -22% -26% -35%

Table 1: Average returns (100 seeds) with increased noise, normalized with respect to No Noise and Comm (ours) before
communication (see Remark 7 in Appendix B). We test Gaussian Noise N (0, σ). x% noise level means σ = x/100.

Synthetic (N=21, B=15) SIS (N=32, B=16) ARMMAN (N=48, B=20)
Method 15 16 17 22 24 26 34 36 38

No Noise 100% 100% 100% 100% 100% 100% 100% 100% 100%
Comm 78% 78% 75% 69% 71% 63% 82% 80% 77%
No Comm 67% 66% 62% 61% 61% 55% 68% 59% 63%
Fixed/Comm 63% 45% 21% 65% 62% 56% 43% 49% 24%
Nearest Neighbor Comm 42% 47% 44% 11% 29% 32% 47% 37% 46%
Random Comm -46% -32% -24% -8% 17% 22% -60% -30% -22%

Table 2: Performance (return averaged across 100 random seeds) with numbers of noisy arms, normalized with respect to
No Noise and Comm (ours) before communication starts (see Remark 7 in Appendix B).

communication algorithm in handling systematic errors and
enhancing learning in noisy RMAB environments.
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Figure 2: The change in the proportion of noise-free senders
and receiver within all activated channels during the learning
process. Results are for Synthetic (N=21, B=15), SIS (N=32,
B=16), and ARMMAN (N=48, B=16).

Communication Pattern. Figure 2 illustrates how our
learnt communication strategy evolves. We make several ob-
servations. First, as the number of learning epochs increase,
we observe more information are sent from non-noisy arms
to noisy arms. During the early stages of learning, when arms
are primarily exploring, communication from noisy arms
to non-noisy arms can be beneficial, as shown in Proposi-
tion 2. As the learning progresses, the information from noisy
sources may become less helpful as the arms have explored
sufficiently. As a result, the proportion of communication
from non-noisy arms increases. This observation is consis-
tent across the three experimental environments.

Second, notice the percentage of noise-free receivers do
not drop to zero and noise-free senders are not at 100% even
at the end of training, indicating value of communication
from noisy arms. Finally, the differing rates of noise-free
arms as senders and receivers across domains indicate that
our communication approach adapts to the domain.

Robustness. Tables 1 and 2 show the performance of
different methods under various settings (see Appendix B for
more ablations). In No Noise, all arms receive accurate, true
reward signals without any noise. Arms learn individually on
their own data without any communication. In Random Comm,
each arm receives communication from a randomly chosen
arm. The results demonstrate that our method is robust under
increasing noise levels, numbers of noisy arms, and different
noise distributions. In contrast, the performance of baselines
No Comm and Fixed Comm changes significantly when the
environment changes. In particular, on Synthetic, when the
number of noisy arms increases from 15 to 17 (Table 2),
our Comm method has only 3% drop in performance, while
Fixed Comm has 42 percentage points drop in performance,
despite that Fixed Comm uses ground truth information about
which arms are noisy that is not known to our Comm method.
Similar trends can be seen on SIS and ARMMAN. These
results demonstrate that, compared to a fixed communication
protocol with access to oracle information, our approach for
communication learning provides better robustness. Addi-
tionally, the performance of No Comm supports the argument
that conventional RL methods struggle in noisy RMABs.

6 Closing Remarks
The study of RMABs in environments with noisy and un-
reliable data sources underscores the need for innovative
solutions in RL methods. We introduce a novel communi-
cation learning algorithm to alleviate the influence of noisy
data so that the central planner can make better coordination
decisions. Theoretically, we prove that communication can
help reduce errors in value function approximation if the be-
havioral policy’s state-action occupancy probability is lower
bounded by a suitable constant. Empirically, we show that
our approach significantly improves RMAB performance.

23410



Acknowledgments
The work is supported by Harvard HDSI funding

References
Agarwal, R.; Schwarzer, M.; Castro, P. S.; Courville, A. C.;
and Bellemare, M. 2021. Deep reinforcement learning at
the edge of the statistical precipice. Advances in neural
information processing systems, 34: 29304–29320.
ARMMAN. 2019. Assessing the Impact of Mobile-based
Intervention on Health Literacy among Pregnant Women in
Urban India. https://armman.org/wp-content/uploads/2019/
09/Sion-Study-Abstract.pdf. Accessed: 2022-08-12.
Avrachenkov, K. E.; and Borkar, V. S. 2022. Whittle index
based Q-learning for restless bandits with average reward.
Automatica, 139: 110186.
Bagheri, S.; and Scaglione, A. 2015. The restless multi-
armed bandit formulation of the cognitive compressive sens-
ing problem. IEEE Transactions on Signal Processing, 63(5):
1183–1198.
Behari, N.; Zhang, E.; Zhao, Y.; Taneja, A.; Nagaraj, D.;
and Tambe, M. 2024. A Decision-Language Model (DLM)
for Dynamic Restless Multi-Armed Bandit Tasks in Public
Health. arXiv preprint arXiv:2402.14807.
Biswas, A.; Aggarwal, G.; Varakantham, P.; and Tambe, M.
2021. Learn to intervene: An adaptive learning policy for
restless bandits in application to preventive healthcare. arXiv
preprint arXiv:2105.07965.
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