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ABSTRACT
We investigate the problem of maximizing social welfare while
ensuring fairness in a multi-agent multi-armed bandit (MA-MAB)
setting. In this problem, a centralized decision-maker takes actions
over time, generating random rewards for various agents. Our goal
is to maximize the sum of expected cumulative rewards, a.k.a. social
welfare, while ensuring that each agent receives an expected reward
that is at least a constant fraction of the maximum possible expected
reward.

Our proposed algorithm, RewardFairUCB, leverages the Upper
Confidence Bound (UCB) technique to achieve sublinear regret
bounds for both fairness and social welfare. The fairness regret
measures the positive difference between the minimum reward
guarantee and the expected reward of a given policy, whereas the
social welfare regret measures the difference between the social
welfare of the optimal fair policy and that of the given policy.

We show that RewardFairUCB algorithm achieves instance-
independent social welfare regret guarantees of �̃� (𝑇 1/2) and a
fairness regret upper bound of �̃� (𝑇 3/4). We also give the lower
bound of Ω(

√
𝑇 ) for both social welfare and fairness regret. We

evaluate RewardFairUCB’s performance against various baseline
and heuristic algorithms using simulated data and real world data,
highlighting trade-offs between fairness and social welfare regrets.
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1 INTRODUCTION
In a classical stochastic Multi-armed Bandit (MAB) problem, a cen-
tral decision maker takes an action or, equivalently, selects an arm
from a fixed set of arms at each of𝑇 time steps. Each arm pull yields
a random reward from an unknown distribution. The objective is
to develop a strategy for selecting arms that minimizes the regret;
difference between the cumulative rewards of the best possible arm-
pulling strategy in hindsight and the cumulative expected rewards
achieved by the algorithm’s policy.

We study an interesting variant of stochastic MAB problem, first
proposed by Hossain et al. [9] and known as Multi-agent Multi
Armed Bandits (MA-MAB). In the MA-MAB setting an arm pull
generates a vector-valued reward whose each entry is indepen-
dently sampled from a fixed but unknown distribution denoting
reward obtained by corresponding agent. When there is a single
agent, this setting reduces to a classical stochastic MAB setting.

The MA-MAB setting captures several interesting real-world
applications. Consider, for instance, the problem of distributing
a fixed monthly/yearly budget, say one unit, among 𝑘 different
projects. There are 𝑛 beneficiaries (or agents) who each experience
varying levels of benefit from the different projects. Each agent
𝑖 ∈ [𝑛] receives a reward sampled independently from distribution
D(𝜇𝑖, 𝑗 ) when the algorithm pulls an arm 𝑗 (or equivalently, selects
project 𝑗 ) where 𝜇𝑖, 𝑗 denotes the mean reward for agent 𝑖 from
arm 𝑗 . The randomness in the reward received by agents may arise
from uncertainty in the assessment of the value of the project by
individual agents and randomness in the aggregation/reporting
step. Given a distribution 𝜋 ∈ Δ𝑚 over the set [𝑚] of arms, the
total expected reward to agent 𝑖 is given by

∑
𝑗∈[𝑚] 𝜇𝑖, 𝑗𝜋 𝑗 .

Consider another example where a networked TV channel must
decide which movie/program to telecast on a given time slot. The
different movie/program genres are the arms, whereas the popula-
tion group (based on age group, demographics, etc.) are the agents.
The reward represents the preferences of the corresponding agent,
a.k.a. age group. The decision-maker’s problem here is to telecast
the most liked program that, at the same time, caters to the pref-
erences of a diverse population. We will return to this example in
Section 7.

It is easy to see that when the goal is to maximize social welfare
1, the resulting arm pull strategy/allocation strategy might become
skewed. For example, consider a MA-MAB instance with 𝑛 agents
1Defined as the sum of cumulative expected reward.
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and𝑚 = 2 arms with reward distributions such that 𝜇1,1 = 1 and
𝜇1,2 = 0, and 𝜇𝑖,1 = 0 and 𝜇𝑖,2 = 1/𝑛 for 𝑖 > 1. In this case, a
social welfare maximizing policy would allocate the entire budget
to the first project. Similarly, select the movie genre most preferred
by the entire population in the second example. However, this
policy benefits only the first agent, leaving the vast majority of
𝑛 − 1 agents without any reward. Such winner-takes-all allocations
can be considered unfair in many applications and can lead to
undesirable long-term dynamics leading to mistrust towards the
algorithm [9]. The MA-MAB framework with fairness constraints
facilitates the simultaneous optimization of both individual rewards
and overall societal welfare.

Consider a thought experiment where a single agent dictates the
arm-pulling policy. 2 This dictatorial agent would choose to pull
her most rewarding arm at every time step. However, this policy
completely disregards the preferences of other agents and thus
fails to ensure any minimum reward for them. In this paper, we
address the problem of ensuring a minimum reward guarantee for
each agent as an explicit constraint. Specifically, each agent 𝑖 is
guaranteed at least a certain fraction 𝐶𝑖 ∈ [0, 1] of the maximum
possible reward they could receive.

1.1 Related Work
The stochastic multi-armed bandits (MAB) problem has been exten-
sively studied with the goal of designing algorithms that optimally
trade-off exploration and exploitation for maximizing the expected
cumulative reward [5, 13, 20]. The multi-agent multi-armed bandits
(MA-MAB) variant [14] involves multiple agents simultaneously
solving a given instance of the MAB problem. Such a setting often
demands providing reward fairness guarantees to each agent, be-
sides maximizing the sum of expected cumulative rewards obtained
by the agents. Several works have emerged focusing on fairness for
the MAB problem [3, 12, 15–19, 21]. However, these approaches do
not generalize to provide reward guarantees for different agents in-
volved in the MA-MAB setup. Moreover, these formulations either
focus on guaranteeing a certain fraction of arm pulls [16, 18, 19],
constrain the deviation of the policy to a specific closed-form opti-
mal policy [3, 21] or focus onmeritocratic criteria in online resource
allocation setting [15, 17].

The closest work to ours is by Hossain et al. [9] who proposed
learning a policy over the𝑚-arms that maximizes the Nash Social
Welfare (NSW) involving the 𝑛 agents. Jones et al. [10] proposed
a more efficient algorithm for the NSW-based MA-MAB problem
and recently Zhang et al. [22] tried improving the corresponding
regret bounds. While NSW objective is known to satisfy desirable
fairness and welfare properties (see [6, 11] for details), the fairness
guarantees in NSW are implicit and cannot be specified externally.
This may not always be desired. Consider a case with 2 agents with
𝜇1,1 = 𝜇2,2 = 1 and 𝜇1,2 = 𝜇2,1 = 0 where the agents demand at
least one-third and two-thirds of their maximum possible reward.
Maximizing the NSW results in the policy (1/2, 1/2) which does
not satisfy the specified reward requirement for the second agent.
In contrast, our proposed MA-MAB formulation finds a policy that
respects the reward allocations demanded by each agent, whenever
it is possible to do so.

2Alternatively, consider a scenario where there is only one agent, i.e., 𝑛 = 1.

1.2 Main Results and Organization of the Paper
We propose a novel formulation for the multi-agent multi-armed
bandits (MA-MAB) problem to maximize social welfare obtained
from the rewards while also guaranteeing each agent a specified
fraction of theirmaximumpossible reward. In Section 2, we formally
define the problem and provide sufficient conditions under which
a fair MA-MAB instance is guaranteed to have a feasible solution.
Then, in Section 3, we consider an MA-MAB instance with 2 arms
and 𝑛 > 1 agents and show that a simple Explore-First algorithm
achieves a simultaneous regret bound of �̃� (𝑇 2/3) for both fairness
and social welfare.

In Section 4, we propose the main algorithm of this paper, Re-
wardFairUCB , and show that it achieves the regret guarantee of
�̃� (

√
𝑇 ) for the social welfare regret and �̃� (𝑇 3/4) for the fairness

regret. In Section 5, we prove lower bounds of Ω(
√
𝑇 ) for both

social welfare regret and fairness regret. These lower bounds hold
independently for the regret notions. We then provide a dual for-
mulation based heuristic algorithm in Section 6 that achieves a
better regret performance on the simulated data and real-world
datasets (Section 7). The main results of the paper are summarized
in Table 1.

2 SETTING AND PRELIMINARIES
Wewrite [𝑛] to denote the set {1, 2, · · · , 𝑛}. Further, we will assume
that the set of agents ([𝑛]) and the set of arms ([𝑚]) are both finite
sets. Let D(𝜇𝑖, 𝑗 ) denote a probability distribution with finite mean
𝜇𝑖, 𝑗 . Further, let the random variable 𝑋𝑖, 𝑗 denote a random reward
obtained by agent 𝑖 from arm 𝑗 , that is 𝑋𝑖, 𝑗 ∼ D(𝜇𝑖, 𝑗 ). Finally, we
𝑋𝑖 to denote a vector of size𝑚 with 𝑖th entry 𝑋𝑖, 𝑗 .

A fair Multi-Agent Multi-Armed Bandit (MA-MAB) instance I
is denoted by a tuple ⟨𝐴,𝐶,𝑇 ⟩ where,

• 𝐴 denotes an 𝑛 ×𝑚 non-negative matrix with each entry
𝐴𝑖, 𝑗 := 𝜇𝑖, 𝑗 . Note that 𝐴 is fixed but unknown to the algo-
rithm.Wewill assume, without loss of generality 3 that𝐴𝑖, 𝑗 ∈
[0, 1] for all 𝑖 ∈ [𝑛] and 𝑗 ∈ [𝑚]. Further, define A★ to be a
matrix in [0, 1]𝑛 whose 𝑖th entry represents the maximum
possible expected reward to agent 𝑖 . A★

𝑖
= max𝑗∈[𝑚] 𝐴𝑖, 𝑗 .

• 𝐶 denotes 𝑛 × 𝑛 non-negative diagonal matrix. The entry
𝐶𝑖 := 𝐶𝑖,𝑖 ∈ [0, 1] specifies the fraction of maximum possible
rewards to be guaranteed to agent 𝑖 . Note that 𝐶 is a pre-
defined constant and does not change with time.

• 𝑇 denotes the stopping time of the algorithm. We assume
that 𝑇 is known a priori. However, all our results can be
extended to unknown time horizon setting using a doubling
trick (see [4]) with an additional constant multiple factor
increase in the regret.

We now formally define the notion of minimum-reward guaran-
tee fairness regret for a given MA-MAB instance I. We begin by
first defining the notion of minimum-reward guarantee.

Definition 1 (Minimum Reward Fairness Guarantee). Let I =

⟨𝐴,𝐶,𝑇 ⟩ be a MA-MAB instance and letA★ be the vector of maximum
values from the corresponding row of𝐴. We say that a policy 𝜋 satisfies

3It is easy to see that if all the entries are divided by the largest row entry, the optimal
strategy does not change.
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Social Welfare Regret Fairness Regret Remark
Lower Bound (Sec 5) Ω(

√
𝑇 ) Ω(

√
𝑇 ) The lower bounds hold individually for social welfare

regret and fairness regret.

Explore-First (Sec 3) �̃� (𝑇 2/3) �̃� (𝑇 2/3) For two arms, 𝐶𝑖 = 𝑐 ≤ 0.5 ∀𝑖 ∈ [𝑛].

RewardFairUCB (Sec 4) �̃� (
√
𝑇 ) �̃� (𝑇 3/4) For any finite number of arms. Optimal (up to logarithmic

factor) social welfare regret.
Table 1: Key findings of the paper.

minimum reward fairness guarantee for I, if
𝐴𝜋 ≥ 𝐶A★. (1)

Throughout the paper, we will call a policy 𝜋 fair if it satisfies
minimum fairness guarantees for any fair MA-MAB instance I.

We observe that there may not always exist a fair policy. Con-
sider, an example with 2 agents and 2 arms with𝐴1,1 = 𝐴2,2 = 1 and
𝐴1,2 = 𝐴2,2 = 0 and𝐶1 = 𝐶2 = 𝑐 ∈ [0, 1]. It is straightforward to see
that no policy 𝜋 satisfies the minimum reward fairness guarantee
for instances with 𝑐 > 0.5. However, a fair policy always exists for
𝑐 ≤ 0.5. In particular, 𝜋 = [0.5, 0.5] is one such fair policy.

In our first result of the paper, we provide sufficient conditions
that guarantee the existence of fair policy for a given instance I

Theorem 1. A fair MA-MAB instance I admits a fair policy if at
least one of the below conditions is satisfied

(1)
∑
𝑖∈[𝑛] 𝐶𝑖 ≤ 1,

(2) 𝐶max := max𝑖∈[𝑛] 𝐶𝑖 ≤ 1
min(𝑛,𝑚) .

For the first condition, observe that the policy 𝜋 𝑗 =
∑𝑛

𝑖=1 1( 𝑗=𝑗𝑖 )𝐶𝑖∑𝑛
𝑖=1𝐶𝑖

where 𝑗𝑖 being the arm with largest reward to agent 𝑖 is a fair
policy 4. Under the second condition, uniform arm pull policy i.e.,
𝜋 𝑗 = [1/𝑚, · · · , 1/𝑚] is feasible. A formal proof of Theorem 1 is
given in the Appendix.

Under a learning setting where the algorithm is not privy to
𝐴, the algorithm must learn the policy (𝜋𝑡 ) from the history of
past pulls and observed rewards, denoted by H𝑡 . More specifically,
for a given time instance 𝑡 , an arm pull strategy 𝜋𝑡 is a mapping,
𝜋𝑡 : H𝑡 → Δ𝑚 . The minimum-reward fairness regret of the policy
𝜋 := (𝜋𝑡 )𝑡≥1 is defined the cumulative positive difference between
promised expected reward and the expected reward under the policy
𝜋𝑡 .

Definition 2 (Minimum-reward Fairness Regret). Given a MA-
MAB instance I and a policy 𝜋 , the minimum-reward fairness regret
of 𝜋 on instance I over 𝑇 time instances is given as

R𝜋
fr (𝑇 ) =

𝑇∑︁
𝑡=1

𝑛∑︁
𝑖=1

|𝐶𝑖A★
𝑖︸︷︷︸

I

−E𝜋𝑡 [𝑋 𝑡
𝑖 ]︸    ︷︷    ︸

II

|+ , (2)

where | · |+ ≡ max{·, 0}.

The term labelled I indicates the minimum rewards as a fraction
of the maximum possible expected reward that agent 𝑖 is guaran-
teed, while the term labelled II represents the expected reward that
4If

∑
𝑖 𝐶𝑖 = 0, then every policy 𝜋 ∈ Δ𝑚 is feasible.

agent 𝑖 receives under the policy 𝜋𝑡 at time 𝑡 . The use of the ex-
pression | · |+ allows us to capture the scenario where, if the reward
received by the agent exceeds the minimum required to satisfy the
fairness constraints, the fairness regret incurred is zero. Therefore,
the total fairness regret is accumulated across all agents up to time
𝑇 , reflecting the extent to which the agents’ reward under policy
𝜋𝑡 deviates from their minimum guarantees.

2.1 Social Welfare Maximization with
Minimum-reward Fairness Guarantee

Let SW𝜋 (𝑇 ) :=
∑𝑇
𝑡=1

∑
𝑖∈[𝑛] ⟨𝐴𝑖 , 𝜋

𝑡 ⟩ represent the total expected
social welfare achieved by the policy 𝜋 = (𝜋𝑡 )𝑡≥1 over the time
horizon, 𝑇 .

P1

Maximize𝜋=(𝜋1,𝜋2,· · · ,𝜋𝑇 ) SW𝜋 (𝑇 ) (3)
subject to 𝐴𝜋𝑡 ≥ 𝐶 · A★ ∀𝑡 ∈ [𝑇 ]

It is easy to see that the optimal fair policy 𝜋∗ pulls each arm
with the same probability in each round, i.e., 𝜋∗

𝑖
= 𝜋𝑡

𝑖
for all 𝑡 since

matrices 𝐴 and 𝐶 are fixed.
We further assume that the conditions in Theorem 1 are satisfied,

i.e.,𝜋∗ is well defined. The reward regret is defined as the cumulative
loss in social welfare by not following the policy 𝜋∗ at each time
instant.

Connection with Nash Social Welfare: The Nash Social Welfare
(NSW) objective is known to satisfy fairness guarantees in resource
allocation scenarios (see [6, 9] and references therein). However, it
falls short in accommodating user-defined fairness requirements.
Additionally, the primary aim of NSW is not to maximize social
welfare, which is the central objective of our work. Interestingly,
our proposed formulation reveals an equivalence with the Nash
product. Specifically,

𝑃1 ≡ argmax
𝜋∈Δ𝑚

Π𝑛
𝑖=1

(
𝑒 ⟨𝐴𝑖 ,𝜋 ⟩

)
︸            ︷︷            ︸

Nash product for rewards

Π𝑛
𝑖=1

(
1⟨𝐴𝑖 ,𝜋 ⟩−𝐶𝑖A★

𝑖
≥0

)
︸                        ︷︷                        ︸
Nash product for fairness︸                                                      ︷︷                                                      ︸

Nash product for rewards and fairness

.

In this formulation, the Nash product for fairness reaches its
maximum value of one only when the fairness guarantees are met
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for all agents. Provided that a feasible policy exists, the Nash prod-
uct for rewards in our formulation can be interpreted as an NSW
configuration, where the agents’ rewards are exponentiated.

Next, we define the social welfare regret as the additional loss
incurred by the algorithm as compared to the optimal fair policy in
hindsight.
Definition 3 (Social Welfare Regret). Let 𝜋∗ be an optimal policy
(solution of problem P1) for a given MA-MAB instance I. Further, let
𝜋 = (𝜋𝑡 )𝑡≥1 be an arm pull strategy. The social welfare regret of 𝜋
on instance I over time horizon 𝑇 is defined as

R𝜋
SW (𝑇 ) = 𝑇 · SW(𝜋∗) −

𝑇∑︁
𝑡=1

SW(𝜋𝑡 ) (4)

We drop the superscript in the notation of fairness regret and
social welfare regret whenever the arm-pull strategy 𝜋 is clear from
the context. Note that the expected cumulative SW regret could
well be negative, in which case the policy 𝜋 generates more social
welfare than an optimal fair policy at the cost of fairness regret.

Throughout the paper, wewill consider that the reward functions
𝑋𝑖, 𝑗 ’s are sub-gaussian random variables with finite and positive
mean.
Definition 4 (Sub-gaussian Rewards). We call 𝑋 a sub-gaussian
random variable if there is a positive constant 𝜎 such that for every
𝜆 ∈ R, we have

E [exp (𝜆(𝑋 − E[𝑋 ]))] ≤ exp(𝜆2𝜎2/2) . (5)
Sub-gaussian random variables encompass a diverse range of

distributions, including Bernoulli random variables. More generally,
any random variable bounded in [𝑎, 𝑏] is 𝜎-sub-gaussian with 𝜎 =
(𝑏−𝑎)

2 . The sub-gaussian property ensures that the probability of
extreme reward values is minimized, which contributes to better
reward guarantees. This characteristic is particularly advantageous
for designing and analyzing learning algorithms, allowing us to
consider a more general class of reward distributions.

3 WARMUP: TWO ARMS CASE
In this section, we consider a simple MA-MAB setup with 2 arms
and 𝑛 agents. This setup allows us to write the optimal fair policy
in tractable mathematical form. We also provide our first algorithm,
Explore-First.

Consider the MA-MAB instance with 2 arms and 𝑛 agents. Index
the agents such that the first 𝑛1 agents prefer arm 1 and the next
𝑛−𝑛1 agents prefer arm 2. Note that when 𝑛1 = 𝑛 (when 𝑛1 = 0), we
have that all the agents prefer arm 1 (arm 2) and the optimal fair pol-
icy, in this case, is straightforward: pull arm 1 (or arm 2 respectively)
with probability 1. Hence, without loss of generality, let 0 < 𝑛1 < 𝑛.
That is, A★

𝑖
= 𝐴𝑖,1 (≥ 𝐴𝑖,2) for all 𝑖 ∈ [𝑛1], A★

𝑖
= 𝐴𝑖,2 (> 𝐴𝑖,1) for all

𝑖 ∉ [𝑛1]. Further assume without loss of generality that arm 1 is
an optimal arm i.e.

∑
𝑖∈[𝑛] 𝐴𝑖,1 ≥ ∑

𝑖∈[𝑛] 𝐴𝑖,2 and let [𝑥∗, 1 − 𝑥∗]
be the optimal arm pulling policy.

To characterize the optimal arm pulling strategy in the two-
arms case, first observe the following property of the optimal fair
policy. An optimal fair policy pulls a sub-optimal arm (arm 2) with a
nonzero probability i.e. 1− 𝑥∗ > 0 only when the minimum reward
fairness guarantee is violated for some agent. With this intuitive
understanding, we now characterize the optimal policy [𝑥∗, 1−𝑥∗].

Let Δ :=
∑𝑛
𝑖=1 (𝐴𝑖,1 −𝐴𝑖,2) > 0. The regret of the policy 𝜋 can be

written in terms of Δ as follows

RSW (𝑇 ) =
𝑇∑︁
𝑡=1

[𝑥∗ − 𝑥𝑡 ]Δ. (6)

Here, 𝑥𝑡 is the probability of pulling arm 1 at time 𝑡 .
Lemma 1. The optimal feasible policy of a fair MA-MAB instance
I with two arms is given by

𝑥∗ = min
(
1, min
𝑖∈[𝑛]\[𝑛1 ]

1 −𝐶𝑖

1 − 𝐴𝑖,1
𝐴𝑖,2

)
. (7)

The proof of Lemma 1 is given in the Appendix. We are now
ready to present our first algorithm that achieves a sublinear regret
guarantee.

Algorithm 1 Explore-First
1: Require: 𝑇,𝐶 .
2: for 𝑡 = 1, 2, · · · , ⌊𝑇𝛼 ⌋ do
3: Pull arm 𝑖 = 𝑡 mod (2) + 1.
4: end for
5: Compute the estimated reward matrix 𝐴 of the rewards ob-

served so far.

6: Compute 𝑥 ′ = min
(
1,min

𝑖:𝐴𝑖,2>𝐴𝑖,1
1−𝐶𝑖

1− 𝐴𝑖,1
𝐴𝑖,2

)
.

7: for 𝑡 = ⌊𝑇𝛼 ⌋ + 1, ⌊𝑇𝛼 ⌋ + 2, · · · ,𝑇 do
8: Pull arm 1 with probability 𝑥 ′ and arm 2 with probability

1 − 𝑥 ′.
9: end for

3.1 Regret Analysis of Explore-First Algorithm
The Explore-First algorithm addresses the exploration-exploitation
tradeoff effectively by delineating the exploration phase from the
exploitation phase. During the exploration phase, the algorithm
employs a round-robin strategy to pull each arm for ⌊𝑇𝛼 ⌋ rounds.
This approach ensures that each arm is sampled sufficiently, yield-
ing more accurate estimates of each arm’s reward. However, this
phase does not prioritize the arm with the highest reward and does
not guarantee immediate rewards for the agents.

In the subsequent exploitation phase, the algorithm utilizes these
reward estimates to solve an optimization problem P1. For the
specific case of two arms, a closed-form solution is given in Line 6.
The optimal fair policy derived from this solution is then used to
determine the arm pulls for the remaining rounds.

It is important to note that the regrets associated with both social
welfare and fairness are influenced by the choice of the parameter
𝛼 . Specifically, the regret incurred during the exploration phase is
proportional to 𝑇𝛼 in both cases. Thus, a larger value of 𝛼 results
in higher regret due to the increased duration of the exploration
phase. Conversely, if 𝛼 is too small, the estimates of the arm rewards
may not be sufficiently accurate, leading to suboptimal decisions
in the exploitation phase and, consequently, higher regret. This
tradeoff highlights the importance of carefully choosing 𝛼 to obtain
a balance between accurate reward estimation and minimizing
regret.

Research Paper Track  AAMAS 2025, May 19 – 23, 2025, Detroit, Michigan, USA 

1439



Theorem 2. [Informal] The Explore-First algorithm achieves,

(1) expected social welfare regret of 𝑂
(

𝑛
𝑎min

𝑇 2/3√︁log(𝑇 )
)
, and

(2) expected fairness regret of 𝑂
(

𝑛
𝑎min

𝑇 2/3√︁log(𝑇 )
)
,

where 𝑎min = min𝑖, 𝑗 𝐴𝑖, 𝑗 > 0.
Detailed proof of Theorem 2 is given in the Appendix. It is easy

to see that the Explore-First algorithm is inadequate for both
fairness and social welfare. Firstly, observe that the algorithm fails
to collect information gathered during the exploit phase and, thus,
ceases learning after the exploration phase. This impacts both social
welfare and fairness regret guarantees, as inaccurate estimates can
result in suboptimal policies. Next, we propose a UCB-based policy
that provides a better tradeoff in terms of social welfare regret and
fairness regret.

4 THE PROPOSED ALGORITHM AND
ANALYSIS

At each time step 𝑡 , our proposed algorithm RewardFairUCB (refer
to Algorithm 2) keeps an Upper Confidence Bound (UCB) estimate
and a Lower Confidence Bound (LCB) for every arm-agent pair
(𝑖, 𝑗). During the initial 𝑡 ′ rounds (Lines 2-7), the RewardFairUCB
performs exploration, i.e. pulls the arms in a round-robin manner.
In the following exploitation phase (i.e., 𝑡 ≥ 𝑡 ′), the algorithm keeps
UCB and LCB estimates for each arm-agent combination. The UCB
index is utilized to provide an optimistic estimate of social welfare,
while both UCB and LCB indices are used to assess the fairness
requirements to determine the arm-pulling strategy as given in
problem P2 below.

P2

Maximize𝜋∈Δ𝑚

𝑛∑︁
𝑖=1

⟨𝐴𝑖 , 𝜋⟩ (8)

subject to 𝐴𝜋 ≥ 𝐶 · A★

While using the UCB index to estimate rewards is common in
literature and used in virtually all UCB-based algorithms, the use
of LCB to estimate fairness constraints is not common. We employ
the LCB estimate to ease the fairness constraints in P2, ensuring
that the below two properties hold with high probability,

(1) the social welfare guarantees remain intact, and
(2) the fairness constraints are met.

Our proof crucially uses the above two properties of the solution
obtained by solving the linear program P2. In particular, we show
the optimal solutions of P2 exhibit similar social welfare with a
small loss in fairness guarantee in comparison with the solution of
P1.

We begin our analysis with a standard result in probability theory.

Lemma 2 (Hoeffding’s inequality for sub-Gaussian random vari-
ables). Let 𝑍1, 𝑍2, . . . , 𝑍𝑘 be independent sub-Gaussian random vari-
ables, each with sub-Gaussian parameter 𝜎 and let 𝑆𝑘 = 1

𝑘

∑𝑘
𝑠=1 𝑍𝑠 .

Then for all 𝜀 > 0, we have

𝑃 ( |𝑆𝑘 − E[𝑆𝑘 ] | > 𝜀) ≤ 2 exp
(
− 𝑘𝜀2

2𝜎2

)
.

Alternatively, for any 𝛿 ∈ (0, 1], with probability at least 1 − 𝛿 ,

|𝑆𝑘 − E[𝑆𝑘 ] | ≤ 𝜎

√√
2 log

(
2
𝛿

)
𝑘

.

We now prove an important technical lemma.

Lemma 3. Let 𝜋∗ be an optimal feasible solution of P1 and for any
𝑡 ≥ 𝑡 ′, 𝜋𝑡 be an optimal solution of P2 with 𝐴 := 𝐴

𝑡
. Then with

probability at-least 1 − 1/
√
𝑇 , we have

𝑆𝑊𝜋𝑡 (𝐴) ≥ 𝑆𝑊𝜋∗ (𝐴).

Proof. Let 𝜀𝑡
𝑖, 𝑗

= 𝜎

√︂
2 log(4𝑚𝑛

√
𝑇 )

𝑁 𝑡
𝑗

(See Line 9 of RewardFairUCB

algorithm) and define 𝛿 ′
𝑖, 𝑗

:= exp
(
−𝑁 𝑡

𝑗
𝜀2

2𝜎2

)
= 1

4𝑚𝑛
√
𝑇
. Further, let

𝛿 = 1/
√
𝑇 . Note that 𝛿 ′

𝑖, 𝑗
is the probability that 𝐴𝑡

𝑖, 𝑗 = 𝐴𝑡
𝑖, 𝑗

+ 𝜀𝑡
𝑖, 𝑗

≤
𝐴𝑖, 𝑗 at some time 𝑡 ≥ 𝑡 ′.

By symmetry of tail bounds around the mean value given by
Hoeffding’s inequality (Lemma 2) we have that 𝛿 ′

𝑖, 𝑗
is also the prob-

ability that 𝐴𝑖, 𝑗 ≥ 𝐴𝑡
𝑖, 𝑗
.

Note that arms are pulled in a round-robin fashion in the explo-
ration phase of the RewardFairUCB algorithm. This implies that
each arm is pulled for the same number of rounds, i.e., 𝑁 𝑡 ′

𝑗
is the

same for all 𝑗 ∈ [𝑚]. Hence, we have that 𝛿 ′ := 𝛿 ′
𝑖, 𝑗

= 1
4𝑚𝑛

√
𝑇
.

We prove the stated claim by showing that with probability at
least 1 − 1√

𝑇
, every feasible policy 𝜋 of P1 is also a feasible policy

of P2.
Fix 𝑖 ∈ [𝑛]. Let𝑘 ∈ argmax𝑗∈[𝑚] 𝐴𝑖, 𝑗 and𝑘𝑡 ∈ argmax𝑗∈[𝑚] 𝐴

𝑡
𝑖, 𝑗

be the least indexed arms with maximum value in the 𝑖th row of
matrices 𝐴 and 𝐴 respectively.

We have

⟨𝐴𝑖 , 𝜋⟩ ≥︸︷︷︸
𝑤.𝑝.≥1−𝑚𝛿 ′

⟨𝐴𝑖 , 𝜋⟩ ≥ 𝐶𝑖 · 𝐴𝑖,𝑘 ≥ 𝐶𝑖 · 𝐴𝑖,𝑘𝑡

≥︸︷︷︸
𝑤.𝑝.≥1−𝑚𝛿 ′

𝐶𝑖 · (𝐴𝑖,𝑘𝑡 − 𝜀𝑡
𝑘𝑡
) = 𝐶𝑖 · 𝐴𝑖,𝑘𝑡 . (9)

The first inequality (from left) in Equation 9 above follows from
Hoeffding’s inequality (Lemma 2), the second inequality follows
from the feasibility of 𝜋 for P1, the third inequality follows from the
definition of 𝑘𝑡 and the last inequality again follows from Hoeffd-
ing’s inequality (Lemma 2). The first and last inequalities each hold
with probability at least (1 −𝑚𝛿 ′). Hence we have with probability
at-least 1 − 2𝑚𝛿 ′ that ⟨𝐴𝑖 , 𝜋⟩ ≥ 𝐶𝑖 · 𝐴𝑖,𝑘𝑡 .

Using union bound, we have with probability at-least 1 − 2𝑛𝑚𝛿 ′

that ⟨𝐴𝑖 , 𝜋⟩ ≥ 𝐶𝑖 ·𝐴𝑖,𝑘𝑡 for all 𝑖 ∈ [𝑛]; i.e. every feasible solution 𝜋

of P1 is also a feasible solution of P2. In particular, 𝜋∗ is a feasible
solution of P2 with probability at least 1− 𝛿/2. This, along with the
definition of 𝜋𝑡 gives

𝑆𝑊𝜋𝑡 (𝐴) ≥︸︷︷︸
𝑤.𝑝.≥1−𝛿/2

𝑆𝑊𝜋∗ (𝐴) ≥︸︷︷︸
𝑤.𝑝.≥1−𝛿/2

𝑆𝑊𝜋∗ (𝐴)

This proved the stated claim. □
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Algorithm 2 RewardFairUCB

1: Require: 𝑇, 𝑛,𝑚,𝐶, 𝑁 𝑡
𝑗
= 0 ∀𝑗 ∈ [𝑚] .

2: 𝑡 ′ =𝑚⌈
√
𝑇 ⌉, 𝑡 = 1, 𝐴 = 0𝑚×𝑛 .

3: for 𝑡 ≤ 𝑡 ′ do
4: Pull arm 𝑗 ′ = 𝑡 mod𝑚 + 1.
5: ∀𝑖 ∈ [𝑛], observe reward 𝑋 𝑡

𝑖, 𝑗 ′ ∼ D(𝜇𝑖, 𝑗 ′ ).

6: ∀𝑖 ∈ [𝑛],∀𝑗 ∈ [𝑚], 𝐴𝑖, 𝑗 =


𝐴𝑖, 𝑗 if 𝑗 ≠ 𝑗 ′

(𝑁 𝑡−1
𝑗

)𝐴𝑖,𝑗+𝑋 𝑡
𝑖,𝑗

𝑁 𝑡
𝑗

if 𝑗 = 𝑗 ′ .

7: 𝑁 𝑡
𝑗 ′ = 𝑁 𝑡−1

𝑗 ′ + 1.
8: end for
9: Compute the confidence matrix E with entries

𝜀𝑡𝑖, 𝑗 = 𝜎

√︄
2 log (8𝑚𝑛𝑇 )

𝑁 𝑡
𝑗

∀𝑖 ∈ [𝑛], 𝑗 ∈ [𝑚] .

10: for 𝑡 ≤ 𝑇 do
11: Compute 𝐴 = 𝐴 + E and 𝐴 = 𝐴 − E.
12: ∀𝑖 ∈ [𝑛], compute A★

𝑖 = max𝑗∈[𝑚] 𝐴𝑖, 𝑗 (break ties arbitrar-
ily).

13: Solve P2 and let 𝜋 ′ be the solution of this LP.
14: Sample 𝑗 ′ ∼ 𝜋 ′.
15: ∀𝑖 ∈ [𝑛], observe reward 𝑋 𝑡

𝑖, 𝑗 ′ ∼ D(𝜇𝑖, 𝑗 ′ ).
16: 𝑁 𝑡

𝑗 ′ = 𝑁 𝑡−1
𝑗 ′ + 1.

17: ∀𝑖 ∈ [𝑛],∀𝑗 ∈ [𝑚], 𝐴𝑖, 𝑗 =


𝐴𝑖, 𝑗 if 𝑗 ≠ 𝑗 ′

(𝑁 𝑡−1
𝑗

)𝐴𝑖,𝑗+𝑋 𝑡
𝑖,𝑗

𝑁 𝑡
𝑗

if 𝑗 = 𝑗 ′ .

18: Update entries of E.
19: end for

Lemma 3 implies that by easing the fairness constraints, it is
possible to increase social welfare.
Theorem 3. For any feasible MA-MAB instance I with𝑇 ≥ 32𝑛2𝜎2,
expected social welfare regret of RewardFairUCB is upper-bounded
by

4𝑛
√
2𝑇

(
𝜎 log (2𝑚2𝑇 ) +𝑚 + 𝜎

)
.

The detailed proof of Theorem 3 is provided in the Appendix.
We provide a high-level overview of the proof here. First, we break
down the regret into two components: R1 and R2, representing
the regret from the exploration phase and exploitation phase, re-
spectively. The component R1 encompasses the regret over the
initial exploration phase of𝑚⌈

√
𝑇 ⌉ rounds. Following this, using

Lemma 3 we argue that the social welfare obtained by solving P2
is at-least that of the original problem with high probability. By
applying Hoeffding’s inequality and the union bound to the aggre-
gated expected values, we show that R2 is capped by �̃� (𝑇 1/2). We
emphasize here that the social welfare regret of RewardFairUCB
is asymptotically optimal (refer to Section 5 for the lower bound).

We now give the fairness regret guarantee of RewardFairUCB
algorithm.
Theorem 4. For any feasible MA-MAB instance I with𝑇 ≥ 32𝑛2𝜎2,
expected fairness regret of RewardFairUCB is upper-bounded by

6𝑛(max𝑖∈[𝑛] 𝐶𝑖 )𝜎𝑇 3/4 log (2𝑚2𝑇 ) +𝑚𝑛𝑂 (
√
𝑇 ) .

It is worth noting that while the social welfare regret guarantee
of RewardFairUCB is much stronger, this comes at the cost of
higher fairness regret. We demonstrate this trade-off in Section 7
with simulations. Next, we show the lower bound on fairness and
social welfare regret guarantees of MA-MAB problems,

5 REGRET LOWER BOUNDS
In this section, we prove that every algorithmmust suffer an instance-
independent regret 5 of Ω(

√
𝑇 ) in both fairness and social welfare.

Theorem 5. An instance-independent social welfare and fairness
regrets of MA-MAB problem is lower bounded by (Ω(

√
𝑇 ),Ω(

√
𝑇 )).

Proof Outline. The proof of Theorem 5 is given in the Appen-
dix. We provide an intuition here. To show the lower bound on
social welfare, consider a class of instances where each row is a
non-negative multiple of the first row i.e.𝐴𝑖 = 𝛽𝑖𝐴1 for some 𝛽𝑖 ≥ 0
and 𝐶 as a zero matrix. As every agent has the same preferences
over arms, the problem of maximizing social welfare now is reduced
to the problem of identifying an arm 𝑗 with the highest

∑
𝑖∈[𝑛] 𝐴𝑖, 𝑗 .

This is equivalent to finding an arm 𝑗 with largest
(
1+∑

𝑖≠1 𝛽𝑖
)
·𝐴1, 𝑗 .

This problem is the same as the classical stochastic MAB problem
with𝑚 arms and reward distributions with the mean reward of arm
𝑗 as

(
1 + ∑

𝑖≠1 𝛽𝑖
)
· 𝐴1, 𝑗 . We use the Ω(

√
𝑇 ) instance-independent

regret lower bound [1, Theorem 5.1] for classical stochastic bandits
to lower bound the social welfare regret.

To lower-bound the fairness regret, we construct a MA-MAB
instance with𝑚 = 2 arms and𝑛 = 2 agents with𝐴 being the Identity
matrix. For any values of 𝐶1 > 0 and 𝐶2 = 1 − 𝐶1 satisfying the
conditions in Theorem 1, the fairness criteria is satisfied if and only
if 𝑥∗ = 𝐶1. Since 𝐴1,1 −𝐴1,2 = −(𝐴2,1 −𝐴2,2) = 1 we have that the
fairness regret can be written (using Eq. 6) as

RFR (𝑇 ) =
𝑇∑︁
𝑡=1

|𝐶1 − 𝑥𝑡 |+ ≥ |
𝑇∑︁
𝑡=1

𝐶1 −
𝑇∑︁
𝑡=1

𝑥𝑡 |+ ≥
𝑇∑︁
𝑡=1

𝐶1 −
𝑇∑︁
𝑡=1

𝑥𝑡 .

Now consider a stochastic MAB setup with two arms and rewards
1 and 0 respectively. We again use a lower bound of Ω(

√
𝑇 ) for the

stochastic MAB setting with this instance to obtain a lower bound
on the fairness regret for the MA-MAB setting. □

It is worth noting that the lower bounds presented in Theorem 5
invoke different stochastic MAB instances and, therefore, may not
hold simultaneously. The RewardFairUCB algorithm proposed
in this paper is asymptotically optimal up to a logarithmic factor;
however, the same is not true for the fairness regret.

In the next section, we present a heuristic algorithm that provides
better empirical performance for fairness. However, the empirical
performance for the social welfare of this heuristic algorithm is
worse than that of RewardFairUCB.

5A regret guarantee is called instance independent if it holds for every feasible MA-
MAB instance I. That is, for all values of fairness constraints matrix𝐶 , time horizon
𝑇 , and mean rewards matrix𝐴 provided that I admits a feasible policy.
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6 DUAL-BASED ALGORITHM
We now present a heuristic dual-based algorithm inspired by the
dual formulation of our optimization problem P1 (Eq. 3). This al-
gorithm pulls each arm in round-robin fashion for the first 𝑂 (

√
𝑇 )

rounds and solves the problem using a Lagrangian dual formulation
with the appropriate estimates of 𝐴 using pulls from the first phase.

We start with formulating the dual of our Problem P1.

Primal: − min
𝜋∈Δ𝑚

𝑛∑︁
𝑖=1

−⟨𝐴𝑖 , 𝜋⟩

s.t. − (⟨𝐴𝑖 , 𝜋⟩ −𝐶𝑖A★
𝑖 ) ≤ 0 ∀𝑖 ∈ [𝑛] . (10)

We derive the Lagrangian dual with Lagrange parameters 𝜆𝑖 |𝑛𝑖=1
corresponding to the fairness constraints.

Dual: − max
𝜆∈R𝑛≥0

min
𝜋∈Δ𝑚

𝑛∑︁
𝑖=1

−⟨𝐴𝑖 , 𝜋⟩ −
𝑛∑︁
𝑖=1

𝜆𝑖 (⟨𝐴𝑖 , 𝜋⟩ −𝐶𝑖A★
𝑖 )

= − max
𝜆∈R𝑛≥0

min
𝜋∈Δ𝑚

−
〈

𝑛∑︁
𝑖=1

(1 + 𝜆𝑖 )𝐴𝑖 , 𝜋

〉
+

𝑛∑︁
𝑖=1

𝜆𝑖𝐶𝑖A★
𝑖

= − max
𝜆∈R𝑛≥0

− max
𝑗∈[𝑚]

(
𝑛∑︁
𝑖=1

(1 + 𝜆𝑖 )𝐴𝑖

)
𝑗

+𝐶𝑖 ⟨𝜆,A★⟩

= − max
𝜆∈R𝑛≥0

−∥ (Diag(1 + 𝜆)𝐴)⊤ 1𝑛 ∥∞ +𝐶𝑖 ⟨𝜆,A★⟩ (11)

where Diag(·) denotes the diagonal matrix formed by the entries
(1 + 𝜆𝑖 ). Motivated by the simplification we obtain in the last step,
our dual algorithm is designed to pick the arms based on the UCB es-
timate of ∥ (Diag(1 + 𝜆)𝐴)⊤ 1𝑛 ∥∞ with 𝜆 as the solution of Eq. (11).

Algorithm 3 Dual-Inspired Algorithm.

1: Require: 𝑇, 𝑛,𝑚,𝐶, 𝑁 0
𝑗
= 0 ∀𝑗 ∈ [𝑚].

2: 𝑡 ′ =𝑚⌈
√
𝑇 ⌉, 𝑡 = 1, 𝐴 = 0𝑚×𝑛 .

3: for 𝑡 ≤ 𝑡 ′ do
4: Pull arm 𝑗 ′ = 𝑡 mod𝑚 + 1.
5: ∀𝑖 ∈ [𝑛], observe reward 𝑋 𝑡

𝑖, 𝑗 ′ ∼ D(𝜇𝑖, 𝑗 ′ ).

6: ∀𝑖 ∈ [𝑛],∀𝑗 ∈ [𝑚], 𝐴𝑖, 𝑗 =


𝐴𝑖, 𝑗 if 𝑗 ≠ 𝑗 ′

(𝑁 𝑡−1
𝑗

)𝐴𝑖,𝑗+𝑋 𝑡
𝑖,𝑗

𝑁 𝑡
𝑗

if 𝑗 = 𝑗 ′ .

7: 𝑁 𝑡
𝑗 ′ = 𝑁 𝑡−1

𝑗 ′ + 1.
8: end for

9: Compute E with entries 𝜀𝑡
𝑖, 𝑗

= 𝜎

√︂
2 log (8𝑚𝑛𝑇 )

𝑁 𝑡
𝑗

.

10: Compute 𝜆 by solving the convex program in Eq. (11) with 𝐴.
11: for 𝑡 ≤ 𝑇 do

12: 𝑗 ′ ∈ argmax
((
Diag(1 + 𝜆)𝐴

)⊤
1𝑛 + E

)
.

13: ∀𝑖 ∈ [𝑛], observe reward 𝑋 𝑡
𝑖, 𝑗 ′ ∼ D(𝜇𝑖, 𝑗 ′ ).

14: 𝑁 𝑡
𝑗 ′ = 𝑁 𝑡−1

𝑗 ′ + 1.

15: ∀𝑖 ∈ [𝑛],∀𝑗 ∈ [𝑚], 𝐴𝑖, 𝑗 =


𝐴𝑖, 𝑗 if 𝑗 ≠ 𝑗 ′

(𝑁 𝑡−1
𝑗

)𝐴𝑖,𝑗+𝑋 𝑡
𝑖,𝑗

𝑁 𝑡
𝑗

if 𝑗 = 𝑗 ′ .

16:
17: Update entries of E.
18: end for

7 EXPERIMENTAL EVALUATION
We now empirically validate the sublinear regret guarantees of the
proposed algorithms and the efficacy of RewardFairUCB.

7.1 Common Experimental Setup
The distribution D(𝜇𝑖, 𝑗 ) is taken Ber(𝜇𝑖, 𝑗 ) i.e. when an arm 𝑗 ′ ∈
[𝑚] is sampled, agent 𝑖 ∈ [𝑛] obtains a reward drawn fromBernoulli
with parameter 𝜇𝑖, 𝑗 . We plot the average regrets after simulating
with 100 runs for different realizations of randomly sampled re-
wards. Complementing our analysis for Explore-First in the 2-arm
case, we empirically find that the same regret guarantees for𝑚 > 2
hold with same optimal exploration parameter valued, i.e., 𝛼 =
0.67. For this, we replace Step (6) of Explore-First algorithm with
the solution of the linear program P1 obtained with empirical re-
ward estimates 𝐴. The CVXPY [7] library is used to solve the linear
programs wherever required in our algorithms. More results with
different 𝐴 matrices are presented in the Appendix.

7.2 Experiments on Simulated Data
Figure 1 shows results with a mean reward matrix𝐴 of size (4, 3), i.e.
𝑛 = 4, 𝑚 = 3. The stopping time 𝑇 = 105 and 𝐶𝑖 = 𝑐 = 0.3 ∀𝑖 ∈ [𝑛].
We first empirically show the trade-off between exploration and
exploitation by plotting the social welfare regret and fairness regret
of Explore-First algorithm on varying the exploration parameter
𝛼 . Figure 1a shows the plots comparing the social welfare regret
and the fairness regret on varying the exploration parameter 𝛼 from
{0.1, 0.2, · · · , 1.0, 0.67}, marked in the legend. The plotted regret
values are after normalizing by 𝑇 . The empirically observed best
choice for obtaining low regrets for both social welfare and fairness
is 𝛼 = 0.67 which closely matches the theoretically optimal value
of 𝛼 = 2/3 derived for the 2-arm case in Sec 3.

Figures 1b and 1c respectively compare the social welfare regrets
and the fairness regrets of RewardFairUCB with the Explore-
First baseline (with 𝛼 = 0.67) and the dual heuristic (Sec 6). Fig-
ure 1b shows that RewardFairUCB not only obtains a sub-linear
regret but also outperforms the baselines and heuristics.We can also
see sublinear regrets obtained by Explore-First, supporting our
theoretical claim derived for the 2-arm case. Figure 1c demonstrates
sublinear fairness regret of RewardFairUCB. While the Explore-
First baseline and the dual-based heuristic obtain a lower fairness
regret, they incur an excess social welfare regret. RewardFairUCB
achieves optimal social welfare performance while maintaining a
sublinear fairness regret.

7.3 Experiments on Real-World Data
Figure 2 shows the performance of our algorithm on real-world
data, MovieLens 1M [8]. MovieLens comprises ratings given by
users to different movies. We obtain a user-genre matrix with the
average rating that users assign to each movie genre. This matrix
is normalized to have each entry in [0, 1] and serves as the mean
reward matrix 𝐴. For the movies associated with multiple genres,
their contribution to each genre was divided equally.

The 𝐴 matrix for this experiment is of size (6039, 18), i.e. 𝑛 =

6039, 𝑚 = 18. The stopping time𝑇 = 105 and𝐶𝑖 = 𝑐 = 1/𝑚 ∀𝑖 ∈ [𝑛].
We first empirically show the trade-off between social welfare regret
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(a) Explore-Exploit tradeoff with Explore-First. (b) Social welfare regrets vs timesteps. (c) Fairness regrets vs timesteps.

Figure 1: Experimental results on simulated data (𝑛 = 4,𝑚 = 3). 𝐶𝑖 is 0.3 ∀𝑖 ∈ [𝑛].

(a) Explore-Exploit tradeoff with Explore-First. (b) Social welfare regrets vs timesteps. (c) Fairness regrets vs timesteps.

Figure 2: Experimental results on MovieLens real-world data (𝑛 = 6039,𝑚 = 18). 𝐶𝑖 is 1/𝑚 ∀𝑖 ∈ [𝑛].

and fairness regret of Explore-First algorithm on varying the
exploration parameter 𝛼 .

We begin by empirically illustrating the effect of exploration and
exploitation trade-off, controlled by the exploration parameter 𝛼 , on
the social welfare regret and fairness regret of the Explore-First.
Figure 2a shows the two regrets (normalized by 𝑇 ) with 𝛼 values
ranging from {0.1, 0.2, · · · , 1.0, 0.67} as marked in the legend. The
empirically determined optimal that minimizes both social welfare
regret and the fairness regret is 𝛼 = 0.67 which closely matches the
theoretically optimal 𝛼 = 2/3 derived for the 2-arm case in Sec 3.
Figures 2b and 2c compare the social welfare and fairness regrets of
RewardFairUCB with the baseline algorithm Explore-First and
the dual-heuristic. Figures 2b and 2c empirically demonstrate that
RewardFairUCB obtains a sublinear regret for both social welfare
and fairness. Although the Explore-First baseline and the dual-
based heuristic achieve lower fairness regret, they lead to a higher
social welfare regret. RewardFairUCB performs optimally in terms
of social welfare and still obtains a sublinear fairness regret. The
empirical results with Explore-First also support our theoretically
sublinear regret claim that was derived for the 2-arm case.

8 DISCUSSION AND FUTUREWORK
Our paper formulates a fair MA-MAB problem where the search
is over reward-based social welfare maximizing policy that also

ensures fairness to each agent. Our notion of fairness guarantees
a pre-specified fraction of the corresponding maximum possible
rewards to each agent. We derive the lower bound of �̃� (

√
𝑇 ) that

holds individually for both social welfare and fairness regret. Our
proposed algorithm RewardFairUCB obtains an optimal (up to
logarithmic constants) social welfare regret and a sub-linear fair-
ness regret. We also propose baseline algorithms/heuristics for the
problem, present the exploration-exploitation trade-off and em-
pirically validate the efficacy of the proposed RewardFairUCB
algorithm on both simulated and real-world data. Our algorithms
can be easily made time-horizon unaware with a doubling trick [4,
Theorem 4]. Improving the fairness regret upper bound of �̃� (𝑇 3/4)
to match the lower bound of Ω(

√
𝑇 ) would be an interesting fu-

ture work which would also include theoretically analysing the
proposed dual-based heuristics. Another future work could be to
extend the lower bounds for the regrets derived individually to hold
simultaneously. It will also be interesting to extend our theoretical
analysis for Explore-First algorithm (Algo 1) for𝑚 > 2.
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