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ABSTRACT
In the context of multi-agent multi-armed bandits (MA-MAB), fair-
ness is often reduced to outcomes: maximizing welfare, reducing
inequality, or balancing utilities. However, evidence in psychology,
economics, and Rawlsian theory suggests that fairness is also about
process and who gets a say in the decisions being made. We intro-
duce a new fairness objective, procedural fairness, which provides
equal decision-making power for all agents, lies in the core, and pro-
vides for proportionality in outcomes. Empirical results confirm that
fairness notions based on optimizing for outcomes sacrifice equal
voice and representation, while the sacrifice in outcome-based fair-
ness objectives (like equality and utilitarianism) is minimal under
procedurally fair policies. This paper argues that procedural legiti-
macy deserves greater focus as a fairness objective, and provides a
framework for putting procedural fairness into practice.
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1 INTRODUCTION
In the multi-agent systems we build today, fairness is almost al-
ways reduced to optimizing for a specific outcome [4–6]: the sum
of utilities, the balancing of welfare, or the smoothing of inequality.
However, evidence in psychology and economics shows that people
consistently value fair process–even if that means a less-than-ideal
outcome[1, 7, 10]. As a result, this paper begins from a new convic-
tion: that fairness in multi-agent systems must be grounded not in
optimal outcomes, but in the principle of equal voice.

What is missing in the literature is a framework that gives agents
themselves an equal share of decision-making power. Inspired by
Rawls’ notion of pure procedural justice [8], we formalize procedural
fairness in MA-MABs, a framework where each action (pulling an
arm) produces potentially different rewards for each agent, sampled
from potentially different distributions. This framework naturally
captures both the allocation of benefits and the distribution of
decision-making power in a simple and easy-to-understand way.
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To situate procedural fairness, we compare it, both theoretically
and empirically, with two other notions of fairness in multi-agent
systems: equality fairness, where outcomes are distributed so that
agents receive as equal outcomes as possible, and utilitarian fairness:
decisions maximize aggregate welfare, prioritizing total benefit.

Our central claim is that procedural fairness deserves recognition
alongside traditional notions of fairness, not as an alternative, but
as a principle of legitimacy. We now outline our main contributions:

• We define procedural fairness formally in MA-MABs, and
compare it to utilitarian, equality fairness, and Nash welfare.

• We prove impossibility results: fairness notions are funda-
mentally incompatible, showing that fairness requires nor-
mative choices.

• We design algorithms for learning fair policies with sublinear
regret guarantees.

• We show that procedurally fair policies lie in the core, en-
suring stability against coalitional deviation.

• We empirically evaluate our methods across a variety of set-
tings, and show that procedural fairness balances efficiency
and equality while preserving legitimacy.

2 FAIRNESS IN MULTI-AGENT MULTI-ARMED
BANDITS

Let 𝑁 be the number of agents, 𝐾 be the number of arms, and 𝜇∗ be
the set of true reward means for each arm and agent, where 𝜇∗

𝑖,𝑘
is

the true reward mean for agent 𝑖 when arm 𝑘 is pulled. We formally
define our three notions of fairness, namely, procedural, utilitarian,
and equality fairness.

Definition 1 (Procedural Fairness). Let 𝑃 = (𝑝1, 𝑝2, .., 𝑝𝑘 )
be a policy and let 𝑝𝑖 =

∑
𝑘 𝑝𝑖,𝑘 be the probability mass allocated

by agent 𝑖 across all of the arms. A policy 𝑃 is procedurally fair if it
satisfies the following conditions:

1. Equal decision-making power. Each agent 𝑖 ∈ {1, . . . , 𝑁 } is
allocated an equal share of the total probability mass,

∑𝐾
𝑘=1 𝑝𝑖,𝑘 =

1
𝑁
,∀𝑖 ∈ {1, . . . , 𝑁 }, where 𝑝𝑖,𝑘 represents the probability mass that

agent 𝑖 contributes to selecting arm 𝑘 .
2. Preference-based allocation. Each agent assigns their prob-
ability mass to their most preferred arm(s), defined as the set of
arms with the highest mean reward for that agent: 𝐹𝑖 = { 𝑗 ∈ K |
𝜇∗𝑖, 𝑗 =max𝑘∈K 𝜇∗𝑖,𝑘 }. If multiple arms achieve the same maximum
expected reward, an agent may distribute their probability mass
arbitrarily among them.

To score a given policy 𝑃 ’s procedural fairness, 𝑃𝐹 (𝜇∗, 𝑃), we
formulate an optimization problem. The intuition is: given some
probability distribution, can we allocate 1

𝑁
of probability on behalf

of each agent on their favourite arms, subject to the given policy?
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The extent to which we can allocate these decision shares is the
procedural fairness score.

Definition 2 (Eqality Fairness). A policy 𝑃 = (𝑝1, . . . , 𝑝𝑘 )
is equally fair if it minimizes inequality in expected rewards among
agents. Formally, the policy 𝑃 is given by:

𝑃 = argmin𝑝′∈P 2
𝑁 (𝑁−1)

∑
𝑖> 𝑗

(∑𝐾
𝑘=1 𝑝

′
𝑘
𝜇∗
𝑖,𝑘

−∑𝐾
𝑘=1 𝑝

′
𝑘
𝜇∗
𝑗,𝑘

)2
The equality score, 𝐸𝐹 (𝜇∗, 𝑃) for some policy 𝑃 , is simply the

distance of its normalized sum of squared differences from the
optimal value.

Definition 3 (Utilitarian Fairness). A policy 𝑃 = (𝑝1, . . . , 𝑝𝑘 )
is utilitarian if it maximizes the expected utility among all agents.
Formally, the policy 𝑃 is given by: 𝑃 = argmax𝑝′∈P

∑𝑁
𝑖=1

∑𝐾
𝑘=1 𝑝

′
𝑘
𝜇∗
𝑖,𝑘

The utilitarian score, 𝑈𝐹 (𝜇∗, 𝑃) for policy 𝑃 , is simply the sum
of expected utilities across all agents divided by the optimal value.

3 ALGORITHMS
We present learning algorithms for the MA-MAB setting, each
optimizing for a specific fairness objective, and also prove regret
bounds for each fairness objective. We define regret for procedural
fairness as the number of mismatches between estimated and true
favourite-arm sets.

To learn a procedurally fair policy, we formulate a constrained
optimization problem that ensures each agent allocates an equal
decision share to their most preferred arms. When agents have
multiple favourite arms, procedural fairness permits many valid
allocations. To resolve this ambiguity, we break ties by maximizing
decision-share-based Nash welfare, or the product of the sums of
the probabilities on each of the agents’ favourite arms.

We estimate each agent’s favourite-arm set using UCB-style
confidence intervals: an arm remains a candidate favourite if its
Upper Confidence Bound (UCB) overlaps the Lower Confidence
Bound (LCB) of the empirically best arm. To guarantee convergence,
we must ensure that these intervals shrink over time, as we need
the intervals to converge to 0 to recover the true favourite set with
certainty. To solve this problem, we select an arm at random at time
𝑡 with probability 𝑡−(1−𝛾 ) , where 𝛾 ∈ (0, 1) is a decay parameter.
This guarantees that every arm is pulled sufficiently often so that
the confidence radius vanishes as 𝑡 → ∞.

Theorem 1. With high probability, the regret bound for the Proce-

dural Fairness algorithm, 𝑅𝑃𝐹 (𝑇 ), is 𝑂 (𝑇𝛾 + [ (1+𝛼 )
2𝛾𝐾 ln (𝑁𝐾𝑇 )
Δ2
𝑚𝑖𝑛

]
1
𝛾 ),

where Δmin := min𝑖∈[𝑁 ] min𝑗∈𝐹𝑖 min𝑘∉𝐹𝑖
(
𝜇∗𝑖, 𝑗 − 𝜇∗𝑖,𝑘

)
> 0, 𝐹𝑖 is

the set of agent 𝑖’s favourite arms based on the true means, and 𝛼 is
an exploration parameter.

4 THEORETICAL RESULTS
4.1 Procedural Fairness and the Core
The core is a stability notion originating in cooperative game the-
ory [9]. To put it simply in the context of public decision-making [3],
it represents a distribution over alternatives (arms) such that no
coalition of agents has an incentive to deviate from. In addition to
the traditional definition of the core, we introduce a new definition
of the core using agents’ decision shares (procedural core).

Definition 4 (Procedural Core). Recall that 𝜇 is the reward
matrix. Let 𝐹𝑖 = {𝑘 ∈ K|𝜇∗

𝑖,𝑘
= max𝑗∈K 𝜇∗𝑖, 𝑗 } denote agent 𝑖’s

favourite arms. Define a binary vector 𝑋𝑖 ∈ {0, 1}𝐾 for each agent
𝑖 , where 𝑋𝑖 [𝑘] is 1 if 𝑘 ∈ 𝐹𝑖 and 0 otherwise. Thus, given a policy,
𝑃 , the decision share of agent 𝑖 is defined as 𝛽𝑖 (𝑃) =

∑𝐾
𝑘=1 𝑋𝑖 [𝑘]𝑝𝑘 .

Same as the outcome core, a policy 𝑃 is in the core if there is no coali-
tion of agents 𝐴 ⊆ {1, 2, ..., 𝑁 } and distribution 𝑃 ′ ∈ Δ𝑘 such that
|𝐴 |
𝑁
𝛽𝑖 (𝑃 ′) ≥ 𝛽𝑖 (𝑃) ∀𝑖 ∈ 𝐴 with at least one strict inequality.

We now present our main theoretical results:
Theorem 2. A utility-based Nash Welfare-maximizing distribu-

tion [4] need not lie in the procedural core.

Theorem 3. With decision-share-based Nash-welfare maximizing
tie-breaking, the procedural fairness policy is in the procedural core.

Theorem 4. Procedural core implies procedural fairness.

5 EXPERIMENTS
To understand how our methods work in practice, we conduct ex-
periments on different scenarios and evaluate their performance.
We conduct a full factorial sweep across a variety of parameters,
resulting in 7,776 different experiment settings. We consider the
following notions of fairness: procedural fairness (PF), equality
fairness (EF), and utilitarian fairness (UF), as well as the following
algorithms: PF, EF, UF policies optimize the fairness notions defined
above, NashUCB [4] and an algorithm that optimizes the General-
ized Gini Index (GGI) [2]. Table 1 shows the numerical results of
the different algorithms in our experiment.

PF Score EF Score UF Score

PF Policy 1.00 ± 0.00 0.98 ± 0.02 0.97 ± 0.05
EF Policy 0.66 ± 0.31 1.00 ± 0.00 0.84 ± 0.13
UF Policy 0.78 ± 0.27 0.96 ± 0.05 1.00 ± 0.00
NSW Policy 0.82 ± 0.23 0.97 ± 0.03 1.00 ± 0.01
GG Policy 0.70 ± 0.28 1.00 ± 0.00 0.87 ± 0.11

Table 1: Performance metrics for each algorithm. Reported
as mean ± one standard deviation. Rows denote algorithms’
optimal policy, columns denote fairness scores.

6 DISCUSSION & CONCLUSIONS
Fairness in multi-agent learning is typically thought of as a problem
of distributing outcomes, like welfare maximization or inequality
minimization. However, this overlooks an important dimension of
fairness: whether agents have equal influence over the decision-
making process itself. In this paper, we argue that procedural fair-
ness deserves recognition alongside other notions of fairness as a
principle of legitimacy. Our results formalize procedural fairness
in MA-MABs, prove that its policies lie in the procedural core,
and show through experiments that it achieves near-optimal per-
formance on common outcome-based fairness objectives. More
broadly, this work highlights that fairness objectives are fundamen-
tally incompatible and are, ultimately, normative design choices.
Procedural fairness can serve as a principled baseline for settings
where perceived legitimacy matters more than any one outcome,
and may extend naturally to other decision-making problems.
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