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Abstract

We consider a network of N agents playing the
same instance of a K-armed Multi-Armed Ban-
dit (MAB) problem. The goal is to minimize cu-
mulative regret averaged over the entire network.
We propose a decentralized Bayesian multi-
armed bandit framework that extends single-
agent Bayesian bandit algorithms to the decen-
tralized setting. Using this, we propose a de-
centralized Thompson Sampling algorithm and a
decentralized Bayes-UCB algorithm. We analyze
the decentralized Thompson Sampling algorithm
under Bernoulli rewards and establish a problem-
dependent upper bound on the cumulative regret.
We show that regret incurred scales logarithmi-
cally over the time horizon with constants that
match those of an optimal centralized agent.

Background and Motivation

Consider a multi-agent MAB problem withN agents
connected through an undirected graph G.
•Agent i sequentially chooses arms {A(i)

t }t≥1 from
a finite set of arms {1, . . . , K}.
•When arm k is played, agent receives a reward
Y

(i)
t ∼ pθ∗k with mean µk := E[Y (i)

t | A
(i)
t = k].

•True underlying reward parameters
θ∗ = [θ∗1, . . . , θ∗K] and expected values of rewards
are unknown to the agents.

We assume without loss of generality that µ1 ≥
µ2 ≥ . . . µK. Agents aim to minimize the per-agent
regret over the network

R(T ) := 1
N

N∑
i=1

Eθ∗
 T∑
t=1

(
Y

(i)
t,A1
− Y (i)

t,A
(i)
t

) ,
while exchanging at most poly(K) messages with
their neighbors per iteration.
Two extremes: If the agents do not interact at
all, then R(T ) ≤ O(K∆ log T ). If we assume per-
fect collaboration, then R(T ) ≤ O( K

N∆ logNT ) =
O( K

N∆ log T + logN
N∆ ). We aim to design a strategy

which incurs a per agent regret close to the one in-
curred by the optimal centralized algorithm.

Decentralized Bayesian Multi-agent MAB Algorithms

We assume that agents take a Bayesian approach.
Specifically, each agent i starts with a prior
distribution on θ∗k for each k and at every time t
maintains a posterior distribution q(i)

k,t(·) for each k.
Locally, agents are selects arms via Bayesian
single-agent algorithm: Bayes_MAB.

Algorithm 1: Decentralized Bayesian Multi-
agent MAB Algorithm
Input: initial prior q0, learning rate η > 0,

communication matrix W
Initialize: q(i)

k,1← q0 for all i ∈ [N ] and
k ∈ [K]
for t = 1, 2, . . . do
for i = 1, . . . , N do
Select arm A

(i)
t ← Bayes_MAB

(
q

(i)
1,t, . . . , q

(i)
K,t

)
Play A(i)

t and Observe Y (i)
t ∼ pθ∗

A
(i)
t

Update posterior distribution:

q̃
(i)
A

(i)
t ,t+1

(θ)←
q

(i)

A
(i)
t ,t

(θ)pηθ
(
Y

(i)
t

)
∫
φ∈Θ q

(i)

A
(i)
t ,t

(φ)pηφ
(
Y

(i)
t

)
dµ(φ)

, ∀θ ∈ Θ

Send messages {q̃(i)
k,t+1}k∈[K] to all j ∈ N (i)

for i = 1, . . . , N do
for k = 1, . . . , K do
Merge posteriors for all θ ∈ Θ:

q
(i)
k,t+1(θ)←

exp
(∑N

j=1Wij log q̃(j)
k,t+1(θ)

)
∫
φ∈Θ exp

(∑N
j=1Wij log q̃(j)

k,t+1(φ)
)
dµ(φ)

We obtain a decentralized Thompson Sampling
and a decentralized Bayes-UCB algorithm by
substituting Bayes_MAB in the decentralized
Bayesian MAB algorithm (Alg 1) with Thompson
Sampling (Alg 2) and Bayes-UCB (Alg 3)
respectively.
Algorithm 2: Thompson Sampling
Input: q(i)

k,t, ∀k ∈ {1, . . . , K}
for k = 1, . . . , K do
Sample θ(i)

k,t ∼ q
(i)
k,t

Select arm A
(i)
t ← arg maxk Eθ(i)

k,t
[Y (i)
t ]

return Arm A
(i)
t

Algorithm 3: Bayes-UCB
Input: q(i)

k,t, ∀k ∈ {1, . . . , K}, time horizon T ,
parameters of the quantile c

Definition: Denote {ρ(i)
k,t}k∈[K] as posterior

over means [µ1, . . . , µK]
Denote Quantile(κ, ρ) as quantile function
associated with distribution ρ such that
Pρ(X ≤ Quantile(κ, ρ)) = κ
for k = 1, . . . , K do
Compute:
C

(i)
k (t)← Quantile

(
1− 1

t(log T )c, ρ
(i)
k,t

)
Select arm A

(i)
t ← arg maxkC

(i)
k (t)

return Arm A
(i)
t

Regret Analysis for Decentralized Thompson Sampling

Theorem 1. Consider the decentralized multi-armed bandit problem with N agents, K arms and
Bernoulli rewards. Let W be a doubly stochastic communication matrix. For any ε > 0, choosing η = N ,
and prior as Beta(1, 1), i.e., uniform distribution, the per-agent cumulative regret incurred by decentralized
Thompson Sampling (dec-TS) after T rounds of play can be upper bounded as

R(T ) ≤
K∑
k=2

∆k(1 + ε)2 logNT
Nd(µk, µ1)

+
3
(
1 + 8

ε

)
logN

1− λ2(W )
K∑
k=2

∆k + O
( 1
εÑ

)
,

where d(a, b) = a log a
b + (1 − a) log 1−a

1−b denotes the KL-divergence between two Bernoulli distributions,
λ2(W ) denotes the second largest eigenvalue of matrix W in absolute value and Ñ = N logN

1−λ2(W ). Asymp-
totically, the per-agent regret incurred by dec-TS scales logarithmically with the time horizon T which
satisfies

lim
T→∞

R(T )
log T

≤
K∑
k=2

∆k

Nd(µk, µ1)
.

Empirical Results

We compare proposed algorithms with prior work:
coop-UCB algorithm [1], and DDUCB algorithm [2]
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Figure 1:Per-agent regret for a network of 100 agents with cycle
topology (left) and grid topology (right). Agents have 17 Gaus-
sian arms with means {0.5, 0.1, . . . , 0.1} and variance σ2 = 1.
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Figure 2:Per-agent regret for a network with cycle topology
with 20 agents with 20 arms (left) and 200 agents with 10
arms (right).
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Figure 3:Per-agent cumulative regret over time for 64 agents
with 17 Bernoulli arms with mean {0.5, 0.1, . . . , 0.1} for vary-
ing network topology.
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