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ABSTRACT

Fairness as equity and compromise across multiple viewpoints is a
necessary consideration in any kind of decision that is evaluated
from several possibly conflicting perspectives. It is also a property
that artificial decision-making agents should uphold to be deploy-
able to real-world problems. However, existing work in sequential
decision-making ensures fairness among agents or objectives but
struggles with real-world problems that are both multi-agent and
multi-objective. Furthermore, research integrating fairness into
Multi-Objective Reinforcement Learning (MORL) is focused on
optimizing the Scalarized Expected Return (SER) criterion while
mostly ignoring the Expected Scalarized Return criterion (ESR). We
argue that fairness in MORL should also be investigated under ESR
since sometimes it is more suitable when solving problems where
fairness matters. In this paper, we study objective-wise fairness
in cooperative multi-agent multi-objective decision-making under
ESR. We propose the first algorithm that learns efficient decen-
tralized policies while enforcing fairness across objectives under
ESR. We identify a key challenge in this setting related to policy
conditioning on accumulated returns which hinders decentralized
learning and execution, and we present an approach to address it
based on inter-agent communication. Experiments on discrete and
continuous control tasks demonstrate that our method outperforms
existing baselines.
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1 INTRODUCTION

Real-world sequential decision-making often requires coordinating
multiple agents while balancing conflicting objectives. For instance,
in ride-sharing, naive scalar rewards can lead to discriminatory
outcomes, such as disadvantaging passengers with reduced mobility,
whereas multi-objective rewards enable fairer treatment across
passenger types [1].

In many applications, performance must also be reliable at each
execution rather than only on average. Consider a group of power
plants supplying different city districts: daily coordination must
ensure that all districts are adequately served each day, not merely
in expectation, to maintain social acceptance. In such settings, fair
and efficient policies should satisfy each objective to the same pro-
portion at every execution while maximizing overall performance.

In this paper, we address the problem of computing fair and
efficient policies in settings involving multiple agents and multiple
objectives. More Specifically, the problems tackled by our approach
fall into the team-reward team-utility problems proposed in [23].
Existing reinforcement learning approaches typically simplify the
problem, focusing either on a single agent or a single objective. How-
ever, such simplifications fail to handle the full complexity of the
multi-objective, multi-agent scenario. On one side, single-objective
multi-agent algorithms mainly aim to ensure fairness among agents
but are not designed to handle multiple objectives. On the other side,
single-agent multi-objective methods rarely account for fairness
under the Expected Scalarized Return (ESR) criterion, which means
they only ensure fairness on average across many policy execu-
tions. To date, methods that explicitly address both the multi-agent
and multi-objective aspects simultaneously do not yet incorporate
fairness considerations.

Contribution:This paper provides an argument as to why ESR can
be more suitable for solving multi-objective sequential decision-
making problems while ensuring fairness. We benchmark decen-
tralized extensions of MORL algorithms and introduce Dec-EUPG,
a first algorithm that solves MOMARL problems under ESR. We
point out that this algorithm often rely on unavailable global in-
formation even in a decentralized execution context. Thus, we
propose Local-Return-Dec-EUPG, which uses local accumulated
returns and inter-agent communication to approximate global re-
turns, achieving fair and efficient policies. Evaluations show that
Dec-EUPG balances efficiency and fairness per execution, outper-
forming baselines, with Local-Return-Dec-EUPG achieving results



approaching those obtained by Dec-EUPG without relying on any
global information during execution.

2 BACKGROUND AND NOTATIONS

This section introduces the background our approach builds upon
and the notations used throughout the remainder of the paper.

2.1 Multi-Objective Decentralized Partially
Observable Markov Decision Processes

The Multi-Objective Decentralized Partially Observable Markov
Decision Processes (MO-DEC-POMDPs) framework is used to solve

multi-objective cooperative multiagent reinforcement learning prob-
lems. A MO-DEC-POMDP is a special case of the more general
Multi-Objective Partially Observable Stochastic Game (MO-POSG)
framework [23], and a multi-objective extension of the DEC-POMDP
model [17]. It is defined by the tuple {(d, S, {A’}, T, i1, R, {O'}, Q, ),
where d represents the number of objectives to optimize, S denotes

the state space, and A’ is the action space of agent i, with the joint

action space A = x;A’ (assuming all agents have identical action
spaces). The transition function T : S X A x S — [0, 1] maps (s, a,s’)

to the probability of transitioning from state s € S to s’ € S under
joint action a € A, satisfying Vs € S,a € A, Y s T(s,as") =

1. The initial state distribution p : S — [0,1] over S satisfies

Y es #(s) = 1. The vector-valued reward function R: S x A — R?

maps (s,a) to a reward vector r € R?, reflecting multiple objec-
tives, not multiple agents, and unless stated otherwise, a shared
reward structure is assumed where all cooperative agents receive

the same reward vector at each timestep. The observation space O’

represents the set of observations agent i may receive (assuming

identical observation spaces for all agents), and the observation
function Q' : A x S x O' — [0, 1] maps (a, s, 0*) to the probability
of agent i observing o’ € O upon transitioning to state s’ € S after
joint action a € A, satisfying Va € A, s’ € S, Y, icoi Q'(a,s,0") = 1.
Finally, y € [0, 1)d is a vector of discount factors, one for each ob-
jective. If the reward function is agent-specific, the model becomes

a MO-POSG [23]. When the model includes only a single agent, it

reduces to an MO-POMDP [25]; if this agent has full observability
over the state, it corresponds to an MO-MDP [8].

2.2 Fair Aggregation Functions

In multi-objective reinforcement learning, the reward function
R(s, a) returns a d-dimensional vector indicating the value of an
action in a given state with respect to each of the d objectives. To
derive a total ordering over policies most approaches use a scalar-
ization function mapping vectorial returns into scalars. Several
scalarization functions aim to balance fairness and efficiency [6].
Following the findings of [13], we use the Nash Social Welfare
(NSW) function. NSW is defined as: NSW (r) = H?:l r;.

2.3 Optimization Criteria in Multi-Objective
Reinforcement Learning

In the multi-objective setting, once a scalarization function is de-
fined, the designer must choose between two optimization criteria
[22]:

o Scalarized Expected Return (SER): The scalarization func-
tion is applied after computing the expected return. The value of a
policy 7 under this criterion is: V7 = u (E Y20 y're | 7, 50]) -

¢ Expected Scalarized Return (ESR): The scalarization func-
tion is applied to the return of each trajectory before taking the
expectation: VI =E [u (32, v'r) | m.50] -

When the scalarization function is linear, both criteria yield the
same optimal policies. However, with nonlinear scalarization, the
resulting policies can differ significantly [8, 22, 23]. Section 4.1
discusses these differences and illustrates them using toy examples.

3 RELATED WORK

Our approach addresses Multi-Agent Multi-Objective Reinforce-
ment Learning (MOMARL) using a utility-based framework. This
section reviews selected works in single-agent multi-objective RL
and single-objective multi-agent RL, with emphasis on methods
that explicitly aim for fair and efficient policies.

3.1 Multi-objective Reinforcement Learning

Roijers et al. [21] introduced Expected Utility Policy Gradient (EUPG),
which optimizes policies under the ESR criterion with a known
non-linear utility function by extending policy gradients to condi-
tion on both the state and accumulated returns. Reymond et al. [20]
proposed an actor—critic extension that learns a multivariate return
distribution, enabling bootstrapping and intra-episode updates. Sim-
ilarly, Non-Linear Utility MCTS (NLU-MCTS) and Distributional
MCTS (D-MCTS) [7] adapt MCTS to compute ESR-optimal poli-
cies with known utilities. Several works study fairness in MORL.
Cimpean et al. [2] model fairness as additional objectives, while
Mandal et al. [13] define axioms for fair scalarization in SER and
show that the Nash Social Welfare (NSW) function uniquely satis-
fies them. Siddique et al. [24] propose GGI-based deep RL methods
to enforce fairness under SER in single-agent settings. [15] suggest
the use of Lorenz dominance to learn fair policies for problems
with many objectives. In contrast, [3] optimizes NSW under ESR.
Broader surveys of MORL are provided in [8, 22].

3.2 Multi-agent Reinforcement Learning

We focus on agents learning decentralized policies in a partially
observable environment with a shared vectorial reward structure,
without a centralized controller. Peshkin et al. [18] extended the
REINFORCE algorithm for cooperative single-objective multi-agent
settings. Foerster et al. [5] introduced independent-A2C as a base-
line for their counterfactual actor-critic algorithm, using value func-
tions and bootstrapping. Fully independent algorithms assume no
centralized information, but recent MARL trends show policy-based
[5, 12] and value-based [19, 26-28] algorithms leverage centralized
information during training for improved policies.

Jiang et al. [10] address fair competitive MARL with Fair Efficient
Networks (FEN), a decentralized hierarchical approach using a fair-
efficient reward function. Ju et al. [11] tackle the same problem
and propose the first algorithm achieving sub-linear regret for a-
fairness. [30] introduce a policy gradient method for fairness in
cooperative multi-agent systems, similar to our setting, but focused
on SER rather than ESR and limited to cases where each user’s
utility depends on a single agent’s policy.



3.3 Multi-agent multi-objective reinforcement
learning

In a multi-agent and multi-objective context, Mannion et al. [14]
present a theoretical analysis of the difference reward when applied
in a multi-objective multi-agent setting and prove that using a dif-
ference reward instead of a global reward doesn’t alter the relative
ordering of rewards. This property allows the usage of the difference
reward as a reward-shaping mechanism. [9] introduces the first
multipolicy algorithm that can solve cooperative multi-objective
multi-agent reinforcement learning problems. They propose a Cen-
tralized Training Decentralized Execution approach (CTDE), where
each agent, conditioned by the preferences over the objectives,
learns to estimate its vectorial state-action value function while a
mixing network is used to estimate the global state-action value
function. To provide a unified benchmark for both cooperative and
competitive MOMARL algorithms, [4] presents MOMALand, the
first suite of environments which includes 10 environments that
can be used to train and evaluate agents across several MOMARL
tasks. Radulescu et al. [23] propose a utility-based taxonomy of
multi-agent multi-objective problems. A review of the algorithms
and their applications is also presented along with several open
research questions.

3.4 Open questions

This section reviewed representative approaches to fairness in multi-
objective and multi-agent reinforcement learning. Despite its im-
portance in both MARL and MORL, existing work faces several
limitations:

(1) Single-objective MARL solutions like [10] are concerned
with fairness between agents, which makes them irrelevant
in the common reward setting, while [30] considers fairness
under SER and only handles the multi-objective aspect of
the problem under specific cases.

(2) MOMARL being a new research field, solutions from that
sphere like [9] are general and have not yet tackled fairness
issues.

(3) Existing MOMARL solutions have not proposed algorithms
for cooperative tasks with known utility functions, and the
existing solutions are only applicable to the SER criterion.

(4) MORL solutions that try to learn fair policies regarding the
objectives are only applicable for SER and overlook ESR.

(5) Existing MORL algorithms for ESR optimization cannot cur-
rently solve multi-agent problems.

In this paper, we address limitations 3, 4, and 5. We argue that
fairness should be considered under both SER and ESR criteria. We
extend EUPG and MOCAC to the MOMARL setting thus propos-
ing decentralized algorithm for the known utility and common
reward setting is proposed. We then point-out a flaw making the
proposed algorithms rely on global information that violate the
decentralization assumption and suggest a solution based on inter-
agent communication. The proposed algorithms are evaluated on a
novel MOMARL environment consisting of a multi-agent resource
distribution task and on the MO-Multi-Walker Stability problem.
Our novel algorithm achieves better performance on the evaluation
metrics when compared to the considered baselines.
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Figure 1: MO-MDP considered in the example

4 FAIRNESS WITH EXPECTED SCALARIZED
RETURN

In single-objective RL, a policy’s value is its expected return, which
in multi-objective RL extends to the Scalarized Expected Return
(SER). However, when policy value depends on the utility of individ-
ual trajectories, SER-based algorithms can fail, requiring Expected
Scalarized Return (ESR) optimization. This section shows how ap-
plying SER methods for fairness can produce seemingly unfair
policies and how ESR addresses this issue, highlighting the need to
distinguish between fairness under SER and ESR optimization.

4.1 ESR vs. SER for ensuring fairness

Example: Consider the MO-MDP shown in Figure 1, with an ini-
tial state sy, three actions ag, a; and a,, one non-terminal state
s; and terminal states s,, s3 and s4. The transition function is sto-
chastic with T(so, ap,s1) = T(s1,a1,84) = 1 and T(sy,az,52) =
T(s1,az,83) = % The reward function is a 2-dimensional function
of the state given by the curvy arrows going out of a state with
aeRi,eeRj and o > €.

We compare the deterministic policies 7; and 7, defined as
m1(so) = ma(so) = ao, m1(s1) = a; and 7m(s;) = ap. Under SER the
values of these policies are given by the following:

Visw = NSW((a,a)) = o

Vit = NSW (3[(0,20) + (2a,€)]) = o (a + £)
Under SER, Ve > 0: z > ;. Thus, under SER the policy 7, would
be selected rather than ;.

Under ESR, 7;’s value remains the same as the one found under

SER. However, the value of 7, changes, and it is given by:

Visw = 3[NSW((0,2a)) + NSW((2a,€))] = ae

Under ESR, since & > ¢, we can see that the preference over policies
is switched (; > 7).

In both cases, we assert that policy ; exhibits superior fairness
relatively to the alternative policy ;. Indeed, 7; achieves fairer
returns during a single execution (since it has a greater value under
ESR) and allows for remaining fair on average of multiple execu-
tions, meanwhile policy 7, only achieves fairness when the average
of its returns over multiple executions is considered. Indeed, the
example highlights two aspects that are undesirable in a fair policy
learned by optimizing SER:

e Policies preferred under SER can produce high-variance (and
thus unfair) outcomes, depending on the realization. Indeed, the
policy preferred by SER achieves stochastic returns which can lead
to unfair policies in case the agent finds itself in state s; (leading to
a return of (0, 2a)). Meanwhile, the policy dictated by ESR ensures



that the returns are always as fairly distributed as possible among
the objectives.

e Even if it is conditioned by the reward accumulated by the
agent until decision time, SER cannot guarantee fairness. Indeed,
when the agent finds itself in s; with an accumulated reward of
(0, r) SER still dictates to perform a; over a; (since m; > 71) even
though the fairest action in that situation appears to be a;.

4.2 ESR vs. SER for ensuring fairness in a
multi-agent setting

We now turn to a multi-agent setting and illustrate that consider-
ations related to fairness under ESR and SER still hold. Consider
the common reward multi-objective matrix game shown in Table 1.
The agents receive the same 2-dimensional reward. We thus only
mention this 2-d reward perceived by each agent in each cell of the
table. We compare the values of the deterministic joint policy m;
that always selects the joint action (b, b) and the stochastic policy
7, that selects uniformly joint actions (a, b) and (b, a). The values

a b

a| (1,1) | (0,11)
b | (11,0) | (55)
Table 1: MO matrix game considered in the multi-agent ex-
ample

of these policies under SER are the following:

Visw = NSW((5,5)) = 25

Vit = NSW (3[(11,0) + (0,11)]) = 30.25
Therefore, under SER mp > ;.
If we instead consider the values of these policies under ESR

now, only the value of 7, changes, and we obtain:

Visw = $INSW((11,0)) + NSW((0,11))] =0
Consequently, 7y > 7, where 7, ensures that the fairest option is
selected at each policy execution.

Notice that even though the matrix game considered is determin-
istic, the stochastic nature of policy , induces a difference in the
value of the policy depending on the optimization criterion consid-
ered. We thus argue that, in a multi-objective environment whether
stochastic or deterministic, the distinction between ESR and SER
is necessary if the agents’ policies are stochastic and the common
scalarisation function is non-linear (ESR and SER are equivalent
when the scalarisation function is linear [8]).

5 FAIR MULTI-OBJECTIVE MULTI-AGENT
REINFORCEMENT LEARNING UNDER ESR

The previous section explained the distinction thoroughly between
ESR and SER. It presents arguments for why fairness should be
studied under both criteria. It illustrates why it can be misleading
to learn an objective-wise fair policy under SER for both the single
and multi-agent cases. Motivated by these arguments, this section
presents an extension of state-of-the-art MORL algorithms under
ESR to the multi-agent case. In particular, the proposed algorithm is
designed to address problems that fall under the team-reward, team-
utility category of the taxonomy proposed in [23]. In the first part

of this section, we propose an algorithm that learns decentralized
policies for the agents that not only maximize the return on each
objective but prioritize objectives which are less satisfied, leading to
efficient policies minimizing disparities between objectives. In the
latter part, we show that the proposed solution can produce policies
that depend on information unavailable at execution time, as they
are conditioned on global accumulated vector returns. We therefore
introduce an extension of the algorithm applicable when agents
have access to both local and aggregated global vector rewards,
placing this setting within a sub-scenario of the team-reward team-
utility taxonomy in [23]. Such settings naturally arise in real-world
applications, including multi-objective vehicle-fleet and wind-farm
optimization.

5.1 Decentralized Multi-Objective
Reinforcement Learning Algorithms

We propose two decentralized multi-agent algorithms that extend
the Expected Utility Policy Gradient (EUPG) [21] and Multi-Objective
Categorical Actor-Critic (MOCAC) [20] frameworks to settings
where agents learn independently. We opt to extend both these
algorithms for the following reasons. On the one hand, EUPG is the
natural extension of REINFORCE to the expected utility use-case,
it is a fairly simple algorithm to implement and deploy and has a
smaller number of learnable parameters compared to other existing
algorithms specialized in ESR optimization. MOCAC, on the other
hand, was shown to be more sample efficient than EUPG on single
agent tasks and through its distributional critic. We argue that these
two approaches are complementary in the context of decentralized
learning where one favors model simplicity at the cost of sample
efficiency (EUPG) and the other ensures more sample efficiency
by using more complex models during the training of the policy
(MOCAC). The pseudocode of the proposed algorithms is provided
in the appendix. The following provides an detailed description of
these algorithms.

The first algorithm, Decentralized EUPG (Dec-EUPG), enables
each agent to optimize its local policy using scalarized policy gra-
dients based on locally collected trajectories (cf. Appendix C Al-
gorithm 2). At each timestep ¢, an agent observes its local state
and computes the accumulated return before choosing its action.
Specifically, we define the past global return as G, = Zi;; YR

and the future global return as Gt+ = Zz;tl Y*Ry,where Ry, repre-

sents the global reward received by the agents at timestep k, G,
represents the global return accumulated from the beginning of the
episode up to ¢, and Gf is the expected global return from ¢ to the
end of the episode. The agent selects an action ai ~ 7'(hl, G, ),
conditioning its policy not only on its local history A, but also on
the accumulated global return so far. After observing the outcome,
the agent updates its policy using the scalarized utility of the total
return u(G, + G;").

Building on the MOCAC framework, we further propose Decen-
tralized Multi-Objective Categorical Actor-Critic (Dec-MOCAC),
an extension of the MOCAC algorithm that incorporates distri-
butional critics in a decentralized setting (cf. Appendix C Algo-
rithm 3). In this algorithm, each agent maintains a distributional
value function over multi-objective returns and a policy optimized



with respect to a scalarized expected utility. The value distribu-

tion is represented using a discrete set of atoms {z](cj ) }QI=1 for each

objective j, spaced linearly in a fixed range [Ux(njil’ UI(,QX]. At each
training step, the agent collects local trajectories, projects the tar-
get return distribution using the distributional Bellman operator,
and updates its critic by minimizing the cross-entropy between
predicted and target distributions. The scalarized expected value
Ol =S u(z) - pg; (zk | s, al) is then used to update the policy
via a gradient ascent step.

Together, these algorithms—Dec-EUPG and Dec-MOCAC —offer
decentralized and scalable solutions for MOMARL by applying
utility-based decision-making and distributional value estimation
at the individual agent level. The scalarization function used is the
one presented in Section 2.2.

5.2 Lifting the global return conditioning
constraint

In multi-objective reinforcement learning (MORL), agents have
to condition their policies on the accumulated returns [20, 21].
Extending this to multi-agent settings requires conditioning on
the global return, the total accumulated rewards across all agents.
While accessible during centralized training, global returns are
unavailable during decentralized execution, where agents see only
local observations. For instance, in a resource-gathering task, an
agent may track its own collected resources but remain unaware of
others’ contributions, making it impossible to compute the global
return without additional mechanisms.

Conditioning policies solely on local returns or removing con-
ditioning altogether can alleviate the need for global information
but often falls short in achieving optimal policies. Local return con-
ditioning provides agents with incomplete utility signals, which
may misalign individual behaviors and hinder effective coordina-
tion, leading to suboptimal collective outcomes. Similarly, policies
without any return conditioning are proven to be suboptimal in the
single agent-case [21].

To address this, we position ourselves in a context where multi-
agent communication is allowed during both training and execu-
tion of the policy and communication is limited to the observation
range of each agent. We assume that each agent is characterized
by an observation radius and an agent can only communicate with
the agents that are within its radius. We propose Local-Return-
Dist-EUPG (Algorithm 1). This algorithm is similar to Dec-EUPG
however, during training, agents not only have access to the global
reward which is used as reward signal (R;) to optimize the agents’
policies, they also can keep track of their own vectorial accumulated
return(acc_r'). Agents also track the vectorial accumulated returns
of their teammates (8B’). At decision time, each agent conditions
its policy only by its observation history and a proxy of the global
accumulated return (Global_acc_R!). This proxy is build by each
agent through the combination of its local accumulated returns
and its beliefs on the accumulated returns of its teammates. After
each step, each agent updates its beliefs about the accumulated
returns of its neighbors and updates its own accumulated return
tracker. At the end of the episode each agent updates its policy
using the trajectory they gathered during that episode. Tracking
other agents accumulated return is crucial to ensure decentralized

Algorithm 1: Local-Return-Dec EUPG with Communica-
tion

Data:

tr_timesteps > 0 // Number of training timesteps

u: Rd — R // Scalarisation function

Y E (0, 1] // Discount factor
1 Initialize policy parameters and hidden states for each agent;
2 steps < 0;
3 while steps < tr_timesteps do

4 Reset environment and observe initial state Sy;
5 for each agent i do
6 accumulated returns acc_r' < 0y;
7 neighbor local return B’ «— {Od}ﬁ\igf"ts_l;
8 trajectory 7 « [];
9 end
10 while episode not done and steps < tr_timesteps do
1 for each agent i do
12 Update global accumulated return proxy
Global_acc_ Rl « acc_r' + 3] et J
13 Select action a, using policy, considering state
action history and Globalﬁacchi;
14 end
15 Execute joint action A; in environment, observe
local rewards r; and global reward R; and next
state S;41;
16 for each agent i do
17 Communicate local return to each visible agent;
18 Update neighbors’ accumulated return with
communicated rewards;
19 Update own accumulated return with ri;
20 Store transition (SI, Global_acc_R!, AL R, Sfﬂ)
in7%
21 end
22 Increment steps;
23 end
24 for each agent i do
25 Update policy parameters using trajectory

scalarization function u;
// the global accumulated return proxy (Global_acc_R%)
is used to condition the policy while the global R,

is used as reward signal
26 end

27 end

execution making inter-agent communication a necessity for the
algorithm. This communication facilitates an approximation of the
global return, enabling decentralized policies to incorporate near-
global conditioning without relying on a central entity. Moreover,
we conjecture that in MO-Dec-POMDPs where the reward function
is stochastic multi-agent communication is necessary in order to
learn the optimal policy. In our solution, agents communicate the
total return they accumulated whenever communication is pos-
sible (whenever two agents are in range of communication they



exchange messages)!, minimzing the number of messages sent and
learning better communication policies is left as future work. Con-
tinuing on the resource-gathering example, during training, agents
condition their policy on the amount of resources they collected
and the shared information from other agents about their collected
resources, thereby constructing a more accurate estimate of the
global return to guide their decision-making. This approach allows
agents to learn a policy that not only favors fair and efficient col-
lection of objectives but also leverages communication to enhance
coordination and optimize collective outcomes.

6 EXPERIMENTAL RESULTS

This section presents the evaluation scenarios that the algorithms
are evaluated on, the baselines considered for comparison with our
algorithm, the evaluation metrics used to assess the performances
of the agents, and the results obtained. This section concludes with
a thorough discussion of the results.

6.1 Evaluation scenarios

We evaluate our approach on a partially observable delivery task
where multi-agent coordination is needed to achieve optimal scores
on the evaluation criteria. These environments will be referred to
as RG:dO-nA where d represents the number of objectives and n
the number of agents present in the environment.

The first evaluation settings are simple ones where the household
positions are fixed on a 10*10 grid world. Two tasks are considered:
a 2-agent bi-objective task and 3-agent tri-objective task. In the first
task, each agent can deliver resources to two types of households,
the number of households of each type present in the environment
is 3, whereas each agent carries enough resources to accommodate
up to 2 houses. In the second task, each agent can deliver resources
to 3 households.? The environment is described in Appendix A.

We use this setting to validate our approach and prove that
decentralized policies can indeed be learned by the agents using
our algorithms. Hence, weshowcase the superiority of the proposed
algorithms compared to existing Single Objective MARL baselines.

To evaluate the scaling abilities of our approach, we propose a
more complex setting where the position of the households change
after each episode. We consider two scenarios under this setting.
The first one is similar to the first scenario of the previous setting
where two agents have to fairly distribute the resources at their
disposal on two types of households, however, each agent now can
accommodate up to 3 households among the 6 households of each
type that are in the environment. The second scenario involve 4
agents and 4 objectives, each agent can only accommodate two
households on grid of size 20*20.

Moreover, to evaluate the abilities of Local-Return-EUPG, we
propose a 2-agents 3-objectives resource gathering task. In this
task we consider a 1010 grid world environment with a stochastic
reward function. A more detailed description of the environment is
given in appendix A.

1A simple way of reducing the amount of messages sent between agents would be for
each agent to keep track of what they sent to each teamate and only send a message
when that information becomes obsolete

The code used to generate the results in available at
https://gitlab.com/chouakifares/fairness-in-cooperative-multi-objective-multi-
agent-reinforcement-learning-using-expected-utility

Finally, we also show how our proposed algorithm can be used
to solve complex continuous control tasks using the MO-Multi-
Walker Stability Task. MO-Multi-Walker Stability (referred to as
MO-MWS in Section 6.3) has been proposed in MOMALand [4]3. In
this problem agents have to coordinate their movements to jointly
carry a package placed on top of their heads while balancing it. At
each step, the agents receive a common global bi-objective reward
consisting of the distance traveled towards the end of the level
during that step and a penalty based on the change of angle in the
package. Thus, learning a fair policy in this case leads the agents to
maximize the distance traveled while minimizing eventual damage
that the package can incur during transportation.

6.2 Baselines

Since fairness in MOMARL algorithms under the ESR criterion is
unexplored, no existing algorithm effectively addresses the evalua-
tion scenarios. MORL algorithms like MOMIX [9] and multi-agent
extensions [24] cannot ensure fairness over a single execution. Sim-
ilarly, fairness-focused MARL algorithms prioritize fairness across
multiple executions and struggle with MOMARL’s multi-objective
nature. For example, [30] is unable to handle cases where the value
of an objective depends on the policy of several agents, and FEN
[10] cannot handle multiple objectives or cooperative settings. For
this reason, we propose to compare our solution to a centralized
single-agent solution and adaptation of single-objective decentral-
ized RL algorithms to the multi-objective case like [20, 21]. We also
adapt the approach proposed in [10] to the task of ensuring fairness
across objectives in two ways.

Centralized single-agent baseline: This baseline assumes that
there exists a centralized agent controlling all the agents at once. At
each step of an episode, the controller receives the joint observation
of the agents, the global vectorial reward received by the agents,
and performs a joint action in the environment. This baseline can
alleviate problems related to the partial observability of the envi-
ronment and multi-agent credit assignment. However, it may suffer
from exploration issues due to a larger action space.

Single-objective decentralized baseline: This baseline applies
the A2C [16] algorithm on each agent independently. To ensure
that the learned policy optimizes the expected utility, the reward
function of the MO-decPOMDP is transformed such that as long as
the episode is not over, the agent receives at each step t a reward
of r; = 0 while the actual reward vector r; is accumulated in a
backup variable R = >'7_ y'r;. At the end of an episode all the
agents receive the scalarized accumulated reward rr = NSW(R).

FEN-agents baseline: In this approach, each agent is assigned
a single objective to optimize throughout the episode, following the
Fair-Efficient Network (FEN) approach as described in [10]. Each
agent learns a policy tailored to maximize its designated objective,
leveraging the FEN framework to ensure fairness across agents
while optimizing their respective objectives.

FEN-objectives baseline: This approach extends the FEN frame-
work by training each agent to learn nopjectives policies, where each

3 Among all the proposed environments in MOMALand, only MO-MWS was tested
because most of them do not model cooperative MOMARL tasks while the rest are
very similar to the resource distribution and resource gathering tasks considered in
the rest of the experiments
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policy maximizes one of the objectives. The agent-specific meta-
policy is then employed to select which objective an agent should
prioritize at each step or episode. This meta-policy dynamically
chooses the objective to optimize based on the current state and
accumulated global return, aiming to balance fairness and efficiency
across all objectives.

To ensure a fair comparison between our approach and these
baselines, we use the EUPG and MOCAC algorithms for the cen-
tralized baseline and the policy gradient, the A2C algorithm for the
single-objective RL baseline and PPO for the FEN baselines.

6.3 Results

This section compares the results* obtained by each approach con-
sidered on both evaluation tasks presented in Section 6.1. Essentially
this section aims to answer the following questions:

e Can current state-of-the-art MORL algorithms made for ESR
optimization be used to learn decentralized policies?

o Are the policies learned by the proposed algorithms able to
ensure fairness between the objectives?

o Are MORL algorithms more interesting than their Single Ob-
jective RL counter-parts when it comes to solving MOMARL
tasks?

e During the execution stage of the learned policies, is it pos-
sible to replace the global accumulated reward used to con-
dition the policy by a proxy obtained through inter-agent
communication?

Appendix D explores the scaling abilities of our approach in terms
of agents, objectives and state-space.

Can current state-of-the-art MORL algorithms made for ESR opti-
mization be used to learn decentralized policies?
Figure 2 compares the results obtained by the decentralized algo-
rithms and the centralized baselines on the evaluation tasks. Figures
2a and 2b show that the centralized variant of MOCAC is the fastest
learning algorithm able to achieve efficient policies after 2.5 mil-
lion steps in the environment. The centralized and decentralized
EUPG algorithms can achieve comparable performance on the task
with 2 agents but require more interactions with the environment.
Surprisingly the decentralized variant of the MOCAC algorithm is
not able to learn a policy better than its initial policy on the task
considered. The continuous control evaluation task shows the limi-
tation of centralized controllers which fail to solve the task, likely
due to the increased size of the action space for these algorithms
exacerbated by its continuous nature. The decentralized MOCAC
algorithm achieves only slightly better returns than these baselines.
Nonetheless, the decentralized EUPG algorithm is able to solve the
task and achieve better performances than the centralized baselines.

Are the policies learned by the proposed algorithms able to ensure
fairness between the objectives?
The results presented in Figures 2 illustrate the evolution of the
scalarized global returns achieved by each algorithm. In the resource
distribution task with two agents and two objectives, decentral-
ized EUPG learns an efficient and fair policy, achieving a mean

“4The results have been obtained using the NSW scalarisation but they remain valid for
the Ordered Weighted Average (OWA) [29] family of functions as long as the weights
are decreasing.

discounted return close to 4, a performance that is only attain-
able when agents coordinate to allocate resources to households of
distinct types.

This observation extends to the more challenging three-agent,
three-objective setting. In the RD:30-3A scenario, each agent can
accommodate three households, and efficiency requires serving all
nine available slots. Among these efficient policies, objective-wise
unbalanced allocations are provably suboptimal with regards to
the NSW scalarization function. Indeed, policies prioritizing one
or two household types yield return vectors such as (4,4,1) or
(4,3,2), whose scalarized returns are upper bounded by 16 and
24, respectively. In contrast, only the objective-wise fair allocation
(3,3, 3) achieves the maximal scalarized return of 27. Consequently,
achieving scalarized returns above 24 necessarily implies fairness
across objectives. Since Dec-EUPG reaches an average scalarized
(discounted) return of 25, the learned policies must correspond to
fair allocations.

Finally, Dec-EUPG also scales to more complex MOMARL tasks
with continuous action spaces (Figure 2c) and larger numbers of
agents and objectives (Figure 5).

Are MORL algorithms more efficient than their SORL counter-parts

when it comes to solving MOMARL tasks?
Figures 2a and 2b also give the performances of the single-objective
decentralized baselines. These results show that like the decentral-
ized MOCAC algorithm, applying the A2C algorithm in a decen-
tralized manner on the transformed Dec-POMDP does not yield
interesting policies proving the superiority of the decentralized
EUPG algorithm over decentralized single-objective RL algorithms.
Moreover, the adaptations of the FEN approach to our use-case do
not yield efficient policies , which can be explained by the difference
in optimization criterion considered by this approach. Finally, we
stress that our approach offers lower complexity and greater ease
of deployment in real-world applications.

During the execution stage of the learned policies, is it possible to
replace the global accumulated reward used to condition the policy
by a proxy obtained through inter-agent communication?

This scenario is important to consider as in real-life problems it is
easier for an agent to keep track of the reward it has accumulated
than the reward accumulated by all the agents. However agents
lacking knowledge of the reward accumulated by their teammates
may fail to properly coordinate, leading to suboptimal collective
behavior. Figure 3 compares the performances obtained by i) the
decentralized EUPG conditioned on the global accumulated return
of all agents, ii) a variant where agents’ policies are not conditioned
by the returns at all, iii) and the variant where agents are trained
using Local-Return-Dec-EUPG conditioned only on the own ac-
cumulated return and their beliefs on the accumulated return of
their teammates. These experiments were possible only on the re-
source distribution environment where it is possible to define such
local rewards. We observe that when using Local-Return-EUPG,
performances are somewhat hindered compared to when agents
condition their policy with the true value of accumulated returns
but it still outperforms the variant where agents do not condition
their policy by the accumulated return. This difference in perfor-
mance is explained by the nature of the task (cf Appendix A). The
agent that collects the ordinary chest needs to know which makes
conditioning on the global accumulated return important. However,
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this violates the decentralization assumption. Thus Local-Return-
Dec-EUPG constitutes a bridge between these two approaches and
provides a first solution to train and deploy decentralized agents
that solve MOMARL tasks efficiently while ensuring fairness at
each execution of the policy.

6.4 Discussion

This section analyzes and discusses the results obtained along with
the limitations of the proposed algorithms.

Decentralized MOCAC is not suited for decentralized learn-
ing: From the experimental results, we notice that the centralized
MOCAC algorithm works well. Although it suffers from early con-
vergence, it is able to learn efficient policies the fastest. On the
contrary, the decentralized MOCAC algorithm with local or global
reward conditioning performs the worse and is unable to learn effi-
cient policies. Given that the decentralized EUPG algorithm and the
centralized MOCAC algorithm both achieve good performances we
argue that the reason for the poor performances of the Decentral-
ized MOCAC algorithm is that the agent specific critics are unable
to learn correct state-value distributions since they only observe
the agent’s state and action whereas the state’s value is determined
by the joint action of all the agents.

Decentralized EUPG a first solution for achieving fairness
in MOMARL under ESR: The results presented in Section 6.3
show that the algorithms we propose can solve cooperative multi-
agent multi-objective sequential decision-making problems, with
both discrete and continuous action spaces, while ensuring fairness

towards the objectives. The local-reward variant can be as efficient
as the global-reward variant when such a transformation is pos-
sible. This makes our algorithms more practical and suitable for
deployment in real-world applications. We argue that the proposed
solutions are most suited for applications where fairness needs to
be guaranteed at each execution such as ethical multi-objective
reinforcement learning.

Limitations of the Decentralized EUPG algorithm: The
Decentralized EUPG algorithm can handle scenarios involving a
limited number of agents and objectives. Indeed, as an on-policy
algorithm, it struggles with sample efficiency.

The current version of the algorithm could be further enhanced
by centralized training. Moreover, the optimization of the com-
munication strategy used in the current implementation of Local-
Return-EUPG remains an open direction for future work. Finally, it
would be interesting to study whether a centralized training with
decentralized execution approach would improve the performances
of MOCAC.

7 CONCLUSION

This paper identifies a core limitation in current fair multi-objective
reinforcement learning algorithms: while they enforce fairness
across multiple executions of a policy, they fail to ensure fairness
among the objectives over a single execution. To address this issue,
we proposed two novel decentralized MOMARL algorithms. These
algorithms extend existing state-of-the-art MORL algorithms for
ESR [20, 21]. Experiments on multi-objective multi-agent discrete
and continuous control tasks showed that the decentralized EUPG
algorithm is a first solution to problems where fairness across ob-
jectives is important. We also show that the decentralized MOCAC
algorithm is not able to solve the evaluation tasks which motivates
future work on eventual Centralized Training with Decentralized
Execution (CTDE) algorithms for multi-objective problems under
ESR. Finally, experimental results on the resource distribution task
shows that leveraging local rewards for training and conditioning
agents’s policies yields performance comparable to that achieved
with a global reward making our solution directly applicable to
problems where such local rewards can be defined. As future work,
we plan on extending CTDE methods for the multi-objective case
and on potentially using these technics to propose outer-loop multi-
policy algorithms for MOMARL tasks under ESR.
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Fairness in Cooperative Multi-objective Multi-agent
Reinforcement Learning using Expected Utility — Supplementary
Material

A ENVIRONMENT DESCRIPTION

In this section, we describe the environments used to evaluate our agents.

A.1 Resource Distribution

This environment was inspired by the Pressureplate 3 environment and models cooperative multiobjective multiagent sequential decision-
making tasks. The agents have to solve the task of resource distribution to different types of households. The environment is modeled as a
2d grid world of custom size and is set to 10 x 10 by default. At each timestep, the agents can move north, south, east, and west on the grid or
stay still. A moving action is only successful if the cell the agent is trying to reach does not contain another agent on it. At each new episode,
agents and households are replaced at their initial positions as shown in Figure 4.The goal of the agents is to distribute resources among
households fairly. An agent can serve a resource to a household by moving toward the cell where the household is located. An agent’s
observations consist of its relative position in the grid, the total amount of resources it still has not served, and the amount of resources it
served for each type of household. Agents also use sensors to observe other agents and all the households that haven’t been accommodated
yet. The sensor radius can be customized and is set to 2 by default. Under the global reward setting, after each timestep, each agent receives
a vector reward of size d (with d representing the number of objectives in the environment), where the i-th component of that vector is the
number of households of type i that all the agents accommodated during that timestep. Under the local reward setting the difference is that
the i-th component of the vector represents the number of households of type i that were accommodated only by the agent during that
timestep. Note that the reward is normalized by the maximum reward achievable by the agent to stabilize training.

(a) Task with 2 agents and 2 objectives (b) Task with 3 agents and 3 objectives

Figure 4: Example of the resource distribution task the agents learn to solve

Fixed households scenarios: In these scenarios, the number of household of each type present in the environment is 4. In the bi-objective
case, each agent can serve at most 2 households per episode. In the scenario where three types of households exist in the environment, each
agent can accommodate up to 3 households. The episode ends when all agents exhaust all the resources they had available or after 500
timesteps of the environment.

Shttps://github.com/uoe-agents/pressureplate



Randomized households scenarios: In these scenarios, the number of household of each type present in the environment is 6. In
the bi-objective case, each agent can serve at most 3 households per episode. In the scenario where four types of households exist in the
environment, each agent can accommodate up to 2 households. The episode ends when all agents exhaust all the resources they had available
or after 200 timesteps of the environment.

A.2 Resource Gathering

In this task we consider a 10*10 grid world environment containing four chests, three ordinary chest and one enchanted chest. One agent
(a1) can only collect one ordinary chest while the other (a;) can collect two ordinary chest or the enchanted chest. Each ordinary chest
contains exactly one resource of each objective, while the enchanted chest contains two resources of two objectives. The agents can observe
which resource is contained in each ordinary chest but cannot observe the content of the enchanted chest. At each episode the objectives
contained in the enchanted chest are resampled. The optimal policy in this scenario is for (az) to collect the enchanted chest while the other
agent (a;) collect the chest containing the resource that was not in the enchanted chest, however this is only possible if a; knows what a,
has collected. The observations of the agents are similar to the ones in the resource distribution environment at the exeception that agents
now also observe the location of enchanted chest but cannot see their content before looting them.

B IMPLEMENTATION DETAILS

Experimental pipeline: We train the agents for 4 million timesteps in the resource distribution environment and 2 million timesteps in the
multi-walker environment. The joint policy of the agents is periodically evaluated after 25,000 timesteps. Since the joint policies learned are
usually stochastic each evaluation is conducted on 100 random environments. We log the median, first, and third quartile obtained from the
100 evaluations. To reduce the impact of random initialization on the neural network modelling the policy, the training is repeated on 5
random seeds.
Scalarization function for the multi-walker stability environment:A custom scalarization function is used instead of the standard
Nash product because of the specific characteristics of the reward components: the second component r; is always negative, while the first
component r; can be either positive or negative. In a traditional Nash product, one would compute the product r; - r,, which assumes that
both components are strictly positive or at least consistently signed in a way that makes the product meaningful for optimization (e.g.,
maximizing the product implies improving both components). However, since r, is always negative, a straightforward product would always
be negative and could lead to misleading gradients, especially when r; is positive (resulting in a more negative product). To address this, the
scalarization explicitly checks whether either component is negative—penalizing the scalarization value when that is the case—by using the
indicator (r; < 0) v (rz < 0), and then computing
—1- ry-ry

1000
The division by 1000 serves as a normalization factor to keep the scalarized reward in a manageable numerical range. This adjusted
scalarization function thus ensures more meaningful learning signals in environments where reward components have asymmetric signs.
Training hyperparmeters: Table 2 presents the key hyperparameters used in the implementation of the Decentralized MOCAC and
Decentralized EUPG algorithms. The rest of the aglorithms were trained using the hyperparameters suggested in their respective papers.

scalarized_reward =

Hyperparameter Decentralized MOCAC Decentralized EUPG

Number of atoms (Ratoms) 11 -
Value range minimum (omin) [0, 0, 0] -
Value range maximum (Umax) [1, 1, 1] -

Network width 64 64
Bootstrapping steps (fsteps) 5 -
Learning rate (c) 5x 1074 1x107*
Entropy coefficient (f) 1x1073 -

Table 2: Selected hyperparameters used in the decentralized MOCAC and EUPG algorithms. Dashes (-) indicate that the
parameter does not apply to the corresponding algorithm.

C ALGORITHMS

This section presents how the algorithms proposed by [20, 21] were adapted to the cooperative multi-agent case.



Algorithm 2: Decentralized EUPG

Data:
tr_timesteps > 0 // Num training timesteps
a > 0 // Learning rate of the algorithm
n_agents > 0 // Num. of agents
u: Rd — R // scalarisation function
1 Initialize the policy parameter ' for each agent i at random.;
2 steps < 0;
3 while steps < tr_timesteps do

4 Generate one episode by following the joint policy II: Sy, Ao, Ry, S1,
5 for each agent do

6 fort e [1,T] do

7 Estimate G:‘ and G, ;

8 Update the agent’s policy parameters ¢’ as

9 0" — 0" + ay'u(G; + G )Vpi Inmgi (al | BL, G;);

10 end
11 end
12 steps < steps + T;
13 end

e ST 1, A1, R7_1, 873

Algorithm 3: Decentralized Multi-Objective Categorical Actor-Critic

Data:
tr_timesteps > 0// Num. of training timesteps
oy > 0,ay >07//
// learning rates of actor and critic
n_agents > 0 // Number of agents
u:R? > R // scalarisation function
o) o)

min’ Z)max] // Value range for each objective

1 Initialize actor and critic parameters (6, ') for each agent i;

2 Define N atoms {z](cj ) }Jk\’:1 for each objective j using linear spacing in |
3 steps < 0;

4 while steps < tr_timesteps do

@0 ,0) I

vmin’ Umax |5

5 Each agent i collects a trajectory 7; = {(t, s, 1}, al, d., si +1)} by acting in the environment using its policy 7yi;
6 foreach transition (¢, sﬁ, ri, ai,di,s§+l) € r; do ~

7 Compute the projected target value distribution @7 Zy; (sh)

8 Update critic by minimizing the cross-entropy between predicted distribution Z; (si) and target

OT Zyi (s)) ¢« ¢' — VgiavH(®T Zyi(s}), Zyi (s1))

9 Scalarize predicted value distribution: Q1 = S~ u(z) “pyi(z | s}, ap)

10 Update actor with policy gradient: 6° «<— 0" + a,,y' QiV i log 7g: (al | si)

11 end

12 steps < steps + |z;| for all i;
13 end

D ADDITIONAL EXPERIMENTAL RESULTS
In this section we present the results obtained by our DEC-EUPG algorithm

be improved to achieve better returns.

on the randomized households setting of the resource distribution
task. Figure 5 presents the results of the DEC-EUPG algorithm on both the 2-agent 2-objective scenario and 4-agents 4-objectives scenario.
We can see that on both tasks the agents are able to learn efficient policies. In the 2-agents bi-objective tasks the agents manage to learn a
policy very close to the optimal policy getting a return of 8 when the optimal policy would get a an expected scalarized return of 9. In the 4
agents 4 objective task the policy learned is still interesting as it reaches a mean scalarized return of 8 but it shows that our method can still
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Figure 5: Results obtained by Dec-EUPG on the scaling experiments
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