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Abstract

Many challenging tasks such as managing traffic systems, electricity grids, or supply chains
involve complex decision-making processes that must balance multiple conflicting objectives
and coordinate the actions of various independent decision-makers (DMs). One perspective
for formalising and addressing such tasks is multi-objective multi-agent reinforcement
learning (MOMARL). MOMARL broadens reinforcement learning (RL) to problems with
multiple agents each needing to consider multiple objectives in their learning process. In
reinforcement learning research, benchmarks are crucial in facilitating progress, evaluation,
and reproducibility. The significance of benchmarks is underscored by the existence of
numerous benchmark frameworks developed for various RL paradigms, including single-agent
RL (e.g., Gymnasium), multi-agent RL (e.g., PettingZoo), and single-agent multi-objective
RL (e.g., MO-Gymnasium). To support the advancement of the MOMARL field, we
introduce MOMALAND, the first collection of standardised environments for multi-objective
multi-agent reinforcement learning. MOMALAND addresses the need for comprehensive
benchmarking in this emerging field, offering over 10 diverse environments that vary in the
number of agents, state representations, reward structures, and utility considerations. To
provide strong baselines for future research, MOMALAND also includes algorithms capable
of learning policies in such settings.!

Keywords: reinforcement learning, multi-objective optimisation, multi-agent learning,
benchmarks, decision-making
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1 Introduction

Often, domains of critical social relevance such as smart electrical grids (Lu et al., 2022), traffic
systems (Houli et al., 2010), taxation policy design (Zheng et al., 2022), or infrastructure
management planning (Leroy et al., 2023) involve controlling multiple agents while making
compromises among several conflicting objectives. The multi-agent aspect of the above-
mentioned domains has been well studied, and there is a wealth of literature on multi-
agent approaches spanning several decades (Gronauer and Diepold, 2022). Separately, over
the last 20 years, there has been an increasing interest in the multi-objective aspect of
such domains (Hayes et al., 2022). However, the intersection of these two aspects, multi-
objective multi-agent decision making (MOMADM) (Radulescu, 2021), has not received much
attention. Indeed, problems are often simplified by hard-coding a trade-off among objectives
or centralising all decisions in a single agent. We argue that many, if not most, complex
problems of social relevance have both a multi-objective and a multi-agent dimension. This
is because such problems often affect multiple stakeholders, who may care about different
aspects of the outcome, and may have different preferences for them. As such, it is crucial
to advance the field of MOMADM to enable future progress in the application of artificial
intelligence (AI).

The development of standardised benchmarks is a key factor that has driven progress in
various areas of Al over the years. Without standardised, publicly available benchmarks,
researchers spend a lot of unnecessary time re-implementing test environments from published
papers, reproducibility is made much more difficult, and results published in different
papers are potentially incomparable (Patterson et al., 2023; Felten et al., 2023). Suites of
standardised benchmarks have helped to address these issues already in some fields of Al such
as reinforcement learning (RL). Such benchmarks are exemplified by the seminal Gymnasium
library (Towers et al., 2023) for single-objective single-agent RL, the PettingZoo library (Terry
et al., 2021) for multi-agent RL (MARL), and MO-Gymnasium (Alegre et al., 2022) for
multi-objective RL (MORL). Yet, there is no existing library dedicated to multi-objective
multi-agent reinforcement learning (MOMARL).
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wrapper wrapper
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FIGURE 1: Overview of the libraries related to MOMAland within the Farama Foundation.
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In this article, we introduce MOMALAND, the first publicly available set of MOMARL
benchmarks under standardised APIs. MOMALAND, incorporated within the Farama Foun-
dation ecosystem (see Figure 1), draws inspiration from analogous projects and currently
offers over 10 configurable environments encompassing diverse MOMARL research settings.
By embracing open-source principles and inviting contributions, we anticipate that MOMA-
LAND will evolve in tandem with research trends and host new environments in the future.
As we discuss further in Section 2, MOMALAND aims to contribute to the unification of
rather fractured evaluation practices, in order to provide researchers with clear and objective
data on how well their algorithms perform with respect to other methods.

Additionally, MOMALAND includes utilities and learning algorithms intended to establish
baselines for future research in MOMARL. Notably, it offers utilities enabling the utilisation of
existing MORL and MARL solving methods through centralisation or scalarisation strategies.
Importantly, while the provided baselines can find solutions for certain MOMARL settings,
MOMALAND also features challenges with no known solution concept. Addressing these
challenges requires tackling open research questions before deriving appropriate solving
methods. Having set this framework, we strongly encourage contributing new work in
MOMARL to the MOMALAND baselines.

The remainder of this paper is organised as follows: Section 2 describes previous work in
this area, Section 3 clarifies background information on the field of MOMARL, Section 4
illustrates the APIs exposed and utilities provided in MOMALAND, Section 5 lists the
environments currently included in our library, Section 6 presents algorithms designed to
address the introduced environments along with baseline results, Section 7 discusses future
challenges in this new field of research, and finally, Section 8 concludes our work.

2 Related Work

Unlike traditional machine learning settings that often rely on fixed data sets, RL problems
typically do not, making replication of experimental results challenging (Felten et al., 2023;
Patterson et al., 2023). Indeed, although the Markov Decision Process (MDP) definitions
are typically well-specified in research papers, their actual instantiation can be influenced by
implementation decisions. Notably, even minor discrepancies in environment specifications
can have a substantial impact on RL algorithms’ performance. Moreover, re-implementing
some of these environments, such as those based on the MuJoCo engine (Todorov et al.,
2012), from scratch would require a significant amount of effort for researchers.

To mitigate these issues and accelerate research in standard RL settings, Gymnasium (Tow-
ers et al., 2023)—formerly known as OpenAl Gym (Brockman et al., 2016)—introduced a
standard API and collection of versioned environments. With millions of downloads, this
library has become the standard for RL research. Gymnasium allows researchers to evaluate
the performance of their contributions on a varied collection of environments with few code
changes, and ensures that the environments used for comparison against state-of-the-art
algorithms are the same.

However, Gymnasium is tailored for single-agent, single-objective MDPs and does not
offer support for more complex domains involving multiple agents or objectives. Hence, it has
been extended in various ways, such as PettingZoo (Terry et al., 2021) or OpenSpiel (Lanctot
et al., 2020) for MARL and MO-Gymnasium (Alegre et al., 2022) for MORL. The Farama
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Foundation, a recently created nonprofit, takes care of maintaining most of these libraries up
to high standards.

Demonstrating the rising interest in settings involving multiple agents and objectives,
some initial MOMARL benchmarks were proposed by Ajridi et al. (2023) and Geng et al.
(2024). Additionally, Ropke (2022) introduced Ramo?, a framework offering a collection of
algorithms and utilities for solving multi-objective normal-form games which are a particular
model studied in MOMARL. However, there is currently no widely adopted library providing
reliable and maintained implementations of general MOMARL environments (Hu et al.,
2023), and this is precisely the gap targeted by MOMALAND.

Finally, over time, numerous RL learning libraries containing algorithms that adhere
to standardised APIs have been released. For example, Stable-Baselines3 (Raffin et al.,
2021) and cleanRL (Huang et al., 2022) offer a collection of high-quality implementations of
state-of-the-art algorithms. Libraries for MARL like EpyMARL (Papoudakis et al., 2021),
and for MORL such as MORL-Baselines (Felten et al., 2023) are also available. Nonetheless,
the recent development of MOMARL and the absence of standardised environments mean
that only a limited number of methods (e.g., MO-MIX from Hu et al., 2023) that can operate
in these conditions have been developed, with no dedicated libraries for MOMARL yet. To
address this, we also include utilities and baseline algorithms to provide initial solutions to
some of the introduced environments.

3 Multi-Objective Multi-Agent Reinforcement Learning

In this section, a formal definition and notations of the MOMARL problem are first provided in
Section 3.1. Then, solution concepts under different assumptions are discussed in Section 3.2.
Following this, metrics for evaluating and contrasting solving methods in this area are
presented in Section 3.3.

3.1 Formal Definition

The most general framework for modelling multi-objective multi-agent decision-making
settings is the multi-objective partially observable stochastic game (MOPOSG). MOPOSGs
extend Markov decision processes (Puterman, 1990) to both multiple agents and multiple
objectives, under the most general setting in which agents do not observe the full state of
the environment (Radulescu et al., 2020a).

Definition 1 (Multi-objective partially observable stochastic game) A multi-objective
partially observable stochastic game is a tuple M = (S, A, T, R,Q,O), with n > 2 agents and
d > 2 objectives, where:

e S is the state space;
o A=A x---x A, is the set of joint actions, A; is the action set of agent i;
o T: S8 x A— A(S) represents the probabilistic transition function;

¢ R= R x-- xR, are the reward functions, where R;: S x Ax S — R? is the vectorial
reward function of agent i for each of the d objectives;

’https://ramo.readthedocs.io/en/latest/
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FIGURE 2: Multi-objective multi-agent decision-making models characterised along three axes: (i)
observability; (ii) cooperativeness; (iii) statefulness (Radulescu et al., 2020a).

e =01 x---xQy, is the set of joint observations, €; is the observation set of agent i;

e 0: 8 xA— A(Q) is the observation function, which maps each state—joint action
pair to a probability distribution over the joint observation space.

After every timestep, each agent receives an observation according to the observation
function O, instead of directly observing the state. In this case, memory is required for agents
to successfully learn in the environment (Spaan, 2012). A particular form of this memory
occurs when agents consider the complete history of the current trajectory denoted as h € H
(Hauskrecht, 2000) (i.e., the complete trace of executed actions and received observations).

By making additional assumptions on the MOPOSG model, regarding observability, the
structure of the reward function, or whether the problem is sequential or not, we can derive
a subset of models such as the multi-objective stochastic game (MOSG), multi-objective
decentralised partially observable Markov decision process (MODec-POMDP), multi-objective
Bayesian game (MOBG), multi-objective cooperative Bayesian game (MOCBG), multi-
objective multi-agent Markov decision process (MOMMDP), multi-objective normal form
game (MONFGQG), or multi-objective multi-agent multi-armed bandit (MOMAMARB), as
illustrated in Figure 2 (Radulescu et al., 2020a).

In such settings, an agent behaves according to a policy 7; : H x A; — [0, 1], that provides
a probabilistic mapping between an agent’s history and its action set. In MOMARL, agents
usually aim to optimise their individual expected discounted return obtained from a joint
policy 7. Formally,

oo
of =E ) V' Ri(st,ar,5041) | (1)
=0
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where 7w = (71,...,m,) is the joint policy of the agents acting in the environment, + is the
discount factor and R;(s¢, at, S¢+1) is the vectorial reward obtained by agent 4 for the joint
action a; € A at state s; € S.

Note that since an agent only directly controls its own policy ;, this introduces sub-
tleties not present in single-agent settings, such as non-stationarity (stemming from agents
simultaneously learning in the environment) and additional credit assignment challenges (i.e.,
identifying the individual contribution of agents to the resulting reward signal). Moreover,
as a consequence of the fact that the value functions are vectors, v € R%, they only offer a
partial ordering over the policy space. Determining the optimal policy requires additional
information on how agents prioritise the objectives or what their preferences over the objec-
tives are. We can capture such a trade-off choice using a wutility function, u; : R* — R, that
maps the vector to a scalar value.

In the context of multi-objective multi-agent decision-making, Radulescu et al. (2020a)
propose a taxonomy along the reward and utility axes. Namely, they propose to characterise
settings in terms of individual or team rewards and individual, team or social choice utility.
We will use the same dimensions to characterise the solution concepts presented below, as
well as the environments introduced by MOMALAND.

3.2 Solution Concepts

The multi-objective decision-making literature (Roijers et al., 2013b; Hayes et al., 2022)
discusses two distinct perspectives for defining solutions in multi-objective settings. We
briefly discuss each perspective below, tailored to the multi-objective multi-agent setting.

3.2.1 AXIOMATIC APPROACH

The axiomatic approach designates the Pareto set (PS) as the optimal solution set, under
the minimal assumption that the utility function is a monotonically increasing function.
Informally, Pareto dominance introduces a partial ordering over vectors, where one vector is
preferred over another when it is at least equal on all objectives and strictly better on at
least one. We define this formally in the following definition.

Definition 2 (Pareto dominance) Let v,v' € RY. We say v Pareto dominates v', de-
noted v =p v', whenever

Vief{l,....d} vy > v ATje{l,... d} v > vl (2)

When only ensuring that
Vje{l,...,d}:ijU;-, (3)

we refer to this as weak Pareto dominance and denote this by v =p v'.

Team reward setting When all agents must cooperate, they often share a team reward,
ie. v =v] =... =v], denoted as v™. Given this shared reward, Pareto dominance can
be straightforwardly applied. We define this below.

Definition 3 (Pareto dominance for team reward) In a team-reward settzng, we Say
that a joint policy w Pareto dominates another joint policy w' whenever v™ =p v™
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We subsequently define the set of all joint policies which are not Pareto dominated as
the Pareto set.

Definition 4 (Pareto set for team reward) Let IT be a set of joint policies. The Pareto
set P(II) in a team reward setting contains all joint policies that are pairwise undominated,
1.e.

PI)={recll |An cll:v™ =pv™}, (4)

The Pareto front (PF), denoted as F(P),3 contains the value vectors corresponding to all
Pareto optimal policies w € P(IT).* It is usually presented to the decision-maker after the
learning process to let them choose the desired behaviour to deploy. For instance, Figure 3
illustrates the outcomes of running a MOMARL algorithm (Algorithm 1) in team reward
settings. This has been performed in one of our new environments where agents learn to
make a formation around a fixed target. In the depiction, the yellow sphere represents
the target, while the agents are depicted by the red spheres. This environment offers a
clear demonstration of the various behaviours achievable by making different compromises
among two objectives involving being close to the target and far from other agents. In this
environment, the agents converge to a final position determined by the desired trade-off
specified by the decision-maker. Opting for a tight formation around the target enhances the
surrounding objective, albeit at the expense of greater collision risks. See Appendix C for
further details on the environment.

Individual reward setting While the Pareto set and Pareto front are natural solutions in
cooperative settings, extending this to settings where each agent receives a different reward
vector is non-trivial. Observe that the value function for joint policies, V™ = [vT o] ... vT|T,
in multi-agent multi-objective agent settings, is a matrix where each row represents the payoff
vector of a particular agent. A well-known solution concept extending Pareto dominance to
this setting is the Pareto-Nash equilibrium (Lozovanu et al., 2005) in which each player’s

value vector should be in the Pareto front induced by keeping the opponents’ policies fixed.

Definition 5 (Pareto-Nash dominance) We say a joint policy 7 Pareto-Nash dominates
another joint policy 7', denoted as V™ =py V™, whenever

’

Vie{l,...,n}:vf =pof AJie{l,...,n}: v =poF. (5)

Note that this definition does not conflict with Definition 3 since in team reward settings
each row in the value matrix is equal. The set of all Pareto-Nash equilibria then contains all
joint policies which are not dominated.

Definition 6 (Pareto-Nash set) Let IT be a set of joint policies. The Pareto-Nash set
PN (II) contains all joint policies that are pairwise undominated, i.e.

PN(II)={rm el |#a cIl: V" =py V™} (6)

3For simplicity, we often use F to denote the PF, as the expected value vectors are inherently linked to
the policies.

“The concepts of PS and PF are often used interchangeably in the literature. We make a clear distinction
between the two for mathematical rigour.




FELTEN ET AL.

12000 4

10000 4

8000 -

6000 -

Far from others

4000 A

FIGURE 3: Pareto Front and corresponding final positions learned on a CrazyRL environment
(introduced below).

We note that there is little work so far on the individual reward setting with unknown
utility functions, so this more general setting remains an important open challenge in
MOMARL. Indeed, to the best of our knowledge, there is a limited number of methods
capable of identifying a Pareto-Nash set of policies. A notable example, but limited to games
with additional structure (e.g., symmetric games) is introduced in the work of Somasundaram
and Baras (2009). All other methods either assume a team reward setting, falling back to
a team Pareto set, or assume a known utility function, falling back to a Nash equilibrium,
which we discuss below.

3.2.2 UTILITY-BASED APPROACH

The utility-based approach advocates for exploiting any additional domain knowledge that
might be available regarding the user’s utility function. Such additional knowledge can lead
to smaller optimal sets (e.g., if the utility function is known to be linear), or less time spent
on exploring regions of the objective space that are not of interest to the user (e.g., when the
user requires some minimum value for a certain objective). When no additional knowledge
on the utility function is available, the utility-based approach falls back on the axiomatic
approach.

Roijers et al. (2013b) define two optimisation criteria in multi-objective decision-making
when applying the utility function to the vector-valued outcomes. One can compute the
expected value of the payoffs of a policy first and then apply the utility function, leading to
the scalarised expected returns (SER) optimisation criterion:



MOMALAND

Uy, = U (E > A Ri(st,ar, s141) | 7"]) (7)
=0

where vy is the scalarised return derived by agent i. Alternatively, under the ezpected
scalarised returns (ESR) optimisation criterion (Hayes et al., 2021; Reymond et al., 2023),
the utility function is applied before computing the expectation:

Uj (Z 'YtRi(StaataslHl)) |7T] (8)
t=0

Semantically, the two optimisation criteria distinguish between settings in which users are
interested in optimising the utility over multiple policy executions (SER), or over each policy
application (ESR).

The majority of work on multi-objective multi-agent decision-making so far has taken
a utility-based perspective, assuming that each agent has some known utility function u;,
dictating the preferred trade-off among the objectives (Radulescu et al., 2020b, 2021; Répke
et al., 2022), and has mostly focused on stateless settings (i.e., MONFGs).

For the scope of this work, we introduce below one of the solution concepts identified
for the individual utility setting, namely the Nash equilibrium (Nash, 1950). We define
w_; = (T1,...,Mi—1,Tit1,...,Tpn) to be a strategy profile without player’s i strategy. We
can thus write © = (m;, w_;).

v =E

Uj

Definition 7 (Nash equilibrium) A joint policy 7N is a Nash equilibrium if, for each
agent i € {1,...,n} and for any alternative policy m;, no agent can improve its scalarised
return by unilaterally changing its policy:

(nNE nNE)

(m;,wVE)
u; .

>

9)

For a detailed discussion on each of the MOMARL taxonomy settings and solution
concepts, we refer to Radulescu et al. (2020a).

Vuy;

3.3 Evaluation of MOMARL algorithms

Because of the additional complexity in MOMARL compared to single-agent, single-objective
RL, solution concepts vary, leading to different evaluation methods for MOMARL algorithms.
In this section, we present commonly used evaluation methods in both MORL and MARL
domains and examine their suitability for MOMARL settings. First, we outline performance
indicators for settings where the agents’ utilities are unknown, followed by a discussion on
settings where the utilities are known.

3.3.1 PERFORMANCE INDICATORS FOR UNKNOWN UTILITY

First, it is important to acknowledge that, due to the scarcity of research in general settings,
there are few, if any, established methods for evaluating the effectiveness of approaches that
identify a Pareto-Nash set. Nevertheless, as discussed above, when the agents’ utilities remain
unknown and under the team reward setting, the Pareto set and Pareto front (Definition 4)
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are usually designated as optimal solution sets. These solution concepts have been well
studied in multi-objective optimisation literature, as well as in MORL more recently.

Compared to single-objective RL, the assessment and comparison of PFs obtained by
different algorithms pose challenges due to the PFs being collections of points, i.e. there is no
existing ordering of PFs. Defining such an order is not straightforward for two main reasons.
Firstly, Pareto fronts discovered by various algorithms can be intertwined, meaning that one
algorithm may outperform another in a portion of the objective space while the opposite
may hold true in another portion. Secondly, PFs in high dimensions present difficulty in
visualisation. In practice, performance indicators become useful to transform a PF into a
scalar value. This establishes an order among PFs and enables comparisons. Various types of
performance indicators have been introduced in the MO literature for this purpose. However,
it is important to note that compressing a set of points into a single scalar value inevitably
introduces bias. Hence, multiple performance indicators (assessing different criteria) are often
used in practice when comparing PFs. These criteria include convergence, which assesses
how close to optimality the discovered policies are, and diversity, which evaluates the variety
of compromises the discovered policies offer to the user.

Similar to solution concepts, performance indicators can be categorised into two groups:
aziomatic indicators, which do not make any assumptions about the decision maker’s (DM’s)
utility, and wtility-based indicators, which assume specific restrictions on the DM’s utility
function, e.g. linearity. Several of these indicators, employed throughout this work, are given
below.

Cardinality. This metric is computed by considering the number of points within the
approximated PF found by the algorithm (]:' ). It offers insights into the diversity of F by
indicating the number of trade-offs identified.

C(F) = |F|.

Hypervolume. This is a hybrid metric quantifying both a PF’s convergence and diversity.
Given an approximate PF, F, and a pessimistic reference point, zef, the hypervolume
indicator represents the volume of the objective space starting from z..¢ that is weakly
dominated by F. Formally, the hypervolume metric (Zitzler, 1999) is defined as:

HV(ﬁ,Zref):A U Box(v™, zef) |,
vTeF
’Uﬂ-tpzref

where A(-) is the Lebesgue measure and Box(v™, zyef) = {p € R | v™ =p p =p 2t} denotes
the box delimited above by v™ & F and below by zpf. The reference point used in the
hypervolume computation is typically an estimate of the worst-possible value per objective.

Expected utility. In the case where the utility function of the DM, wu, is linear, it
becomes feasible to represent the expected utility over a distribution of reward weights, W,
using the expected utility (EU) metric (Zintgraf et al., 2015). The EU metric is then defined
as:

EU(F) = By [ma:g v - w} .
vTEF

10
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3.3.2 PERFORMANCE INDICATORS FOR KNOWN UTILITY

Another setting for evaluating MOMARL algorithms is when the utility of the agents is
known a priori. This allows falling back to single-objective MARL solution concepts and
using the indicators provided in this field. A few examples of how one can evaluate the
performance of agents in this case, depending on the nature of the task at hand include
learning curves depicting achieved individual or joint utility over the learning process;
analysing the cooperation or coordination capacity of the learned policies (Gorsane et al.,
2022); using game theoretic concepts such as convergence to social optimum (i.e., outcome
maximising population welfare, Nash equilibria (Ropke et al., 2022), correlated equilibria
(Radulescu et al., 2020b), or cyclic equilibria (Ropke et al., 2022)).

4 APIs and Utilities

MOMALAND extends both PettingZoo APIs by returning a vectorial reward, i.e., a NumPy
array (Harris et al., 2020), instead of a scalar for each agent.

1 from momaland.envs.multiwalker_stability import momultiwalker_stability_vO as

— _env
2
3 env = _env.parallel_env(render_mode="human")
4 observations, infos = env.reset(seed=42)
5 while env.unwrapped.agents:
6 actions = {agent: policies[agent] (observations[agent]) for agent in
< env.unwrapped.agents}
7
8 # vec_reward is a dict[str, numpy array]
9 observations, vec_rewards, terminations, truncations, infos =

— env.step(actions)
10
11 env.close()

LisTING 1: Parallel API usage.

The first API, referred to as parallel, enables all agents to act simultaneously, as demon-
strated in Listing 1. In this mode, signals such as observations, rewards, terminations,
truncations, and additional information are consolidated into dictionaries, mapping agent
IDs to their respective signals (line 9). Similarly, all actions are provided simultaneously to
the step function as a dictionary, mapping each agent’s ID to its corresponding action (line
6).

The second API, termed agent-environment cycle (AEC), is suitable for turn-based
scenarios, such as board games (Terry et al., 2021). A typical usage of this API is depicted in
Listing 2. In this setup, each loop provides information solely for the agent currently taking
its turn (line 7). For additional notes on the APIs, we refer to the documentation website:
https://momaland.farama.org/api/aec/.

11


https://momaland.farama.org/api/aec/

FELTEN ET AL.

1 from momaland.envs.multiwalker_stability import momultiwalker_stability_v0 as
< _env
env = _env.env(render_mode="human")
env.reset (seed=42)
for agent in env.agent_iter():
# vec_reward s a numpy array
observation, vec_reward, termination, truncation, info = env.last()
if termination or truncation:
action = None
else:
action = policies[agent] (observation)
env.step(action)
env.close()

© 0w N O s W N

e =
w N = O

LisTiNG 2: AEC API usage.

These APIs enable modelling all our benchmarking environments and offer the advantage
of aligning closely with PettingZoo’s conventions, thus facilitating comprehension for MARL
practitioners and reuse of existing utilities such as SuperSuit’s wrappers Terry et al. (2020).
Additionally, MOMALAND provides utilities to expose most environments through both
APIs (with the exception of some board games, where support for the parallel API is deemed
unnecessary ).

4.1 Utilities

In addition to environments and standard APIs, MOMALAND provides several utilities that
help algorithm designers in creating and evaluating algorithms in the proposed environments.

The library offers wrappers (Table 1) that allow modifying one aspect of the environment,
such as normalising observations. Importantly, MOMALAND environments are compatible
with PettingZoo and SuperSuit wrappers, as long as they do not alter the reward vectors.
This allows relying on stable implementations and avoiding code duplication. Nevertheless,

Resulting Obs. Act.
Wrapper Reward  Utility
setting space space
Centralisation wrapper Team
MORL Team c/d c/d
(CentraliseAgent) Any
Scalarisation wrapper Individual
MARL Any c/d c/d
(LineariseReward ) Linear
Normalisation wrapper
MOMARL Any - c/d c/d

(NormaliseReward,)

TABLE 1: Overview of wrappers implemented in MOMALAND.

12
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FIGURE 4: Visualization of some environments in MOMALAND. From left to right: MO-Connect4,
CrazyRL/Surround, MO-MultiWalker-Stability, MO-ItemGathering.

MOMALAND provides wrappers dedicated to handling the vectorial rewards, as this is the
main difference with PettingZoo:

e The CentraliseAgent wrapper compresses the multi-agent dimension into a single
centralised agent, providing direct conversion to the MO-Gymnasium API (Alegre
et al., 2022). This adaptation enables learning using multi-objective single-agent
algorithms, such as those featured in MORL-Baselines (Felten et al., 2023).

e The LineariseReward wrapper enables the transformation of agent reward vectors
into scalar values through a weighted sum of reward components, thereby converting
multi-objective environments into single-objective ones under the standard PettingZoo
API, see Figure 1. This adaptation allows for the utilisation of existing multi-agent RL
algorithms to learn for a designated trade-off.

e The NormaliseReward(idx, agent) wrapper facilitates the normalisation of the idxth
immediate reward component for a specified agent.

Additionally, MOMALAND includes a set of baseline algorithms showing example usage
of the API and previously discussed utilities. These baselines are discussed in more detail in
Section 6.

5 Environments

MOMALAND provides a variety of environments which offer a diverse range of challenges to
benchmark MOMARL algorithms. Table 2 shows an overview of all environments, according
to the criteria depicted in Figure 2, which describe all multi-objective multi-agent settings.
Our environments cover a spectrum of features, including discrete and continuous state and
action spaces, stateless and stateful environments, cooperative and competitive settings,
as well as fully and partially observable states. Notably, the current set of environments
provided within MOMALAND covers all configurations depicted in Figure 2, except MOBG
and MOCBG. Some environments are multi-objective extensions of PettingZoo domains,
others have been implemented from the current literature in MOMARL, and some are
introduced in this work, e.g. the CrazyRL variants. In the following, we briefly outline each
environment; see Appendix C for more details.

Multi-Objective Beach Problem Domain (MO-BPD) The Multi-Objective Beach
Problem Domain (MO-BPD) (Mannion et al., 2018) is a setting with two objectives, reflecting
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MO-BPD 2n 2 X* X v/ v v d d
MO-ItemGathering 2n  2-d V/ v X v v d d
MO-GemMining 2-n  2-d X* - - v X - d
MO-RouteChoice 2-n 2 X* - - X 4 - d
MO-PistonBall 2-n 2 X* X v 4 v c d/c
MO-MW-Stability 2-n 2 X v v v v c c
CrazyRL/Surround 2-n 2 X v X 4 v c c
CrazyRL/Escort 2-n 2 X v X 4 v c c
CrazyRL/Catch 2-n 2 v v X 4 v c c
MO-Breakthrough 2 14 X v X X v d d
MO-Connect4 2 2-20 X 4 X X v d d
MO-Ingenious 26 26 X v v v v d d
MO-SameGame -5 2-10 X* 4 X v v d d

TABLE 2: Overview of MOMALAND environments. State observability and discreteness are not

specified for MO-GemMining and MO-RouteChoice as these are stateless domains. Upper limits

specified as n or d signal that the environment in question does not enforce an upper limit on the

number of agents or objectives, respectively. (*) These environments can have randomised starting
states, but otherwise no stochastic transitions.

the enjoyment of tourists (agents) on their respective beach sections in terms of crowdedness
and diversity of attendees. Each beach section is characterised by a capacity and each agent
is characterised by a type. These properties, together with the location selected by the agents
on the beach sections, determine the vectorial reward received by agents. The number of

agents is configurable.
The MO-BPD domain has two reward modes: (i) individual reward, where each agent

receives the reward signal associated with its respective beach section; and (ii) team reward,
where the reward signal for each agent is an objective-wise sum over all the beach sections.
In terms of mathematical frameworks, under the individual reward setting, the MO-BDP is
a MOPOSG, while the team reward setting casts the problem as a MODec-POMDP. This
environment models a multi-objective resource selection congestion problem, where agents
face the challenge of (indirectly) coordinating their selected resource in order to achieve high

outcomes for each objective.
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MO-ItemGathering The Multi-Objective Item Gathering domain (Figure 4, rightmost
picture), adapted from Kallstrom and Heintz (2019), is a multi-agent grid world, containing
items of different colours. Each colour represents a different objective and the goal of the
agents is to collect as many objects as possible. The environment is fully configurable in
terms of grid size, number of agents, and number of objectives.

MO-ItemGathering is fully observable and has two reward modes: individual rewards
(MOSG), where agents are rewarded only for their own collected items, or team rewards
(MOMMDP), where agents receive a reward for any object collected by the group. The
environment can also accommodate stochasticity, in the form of a probabilistic realisation of
the item collection. This environment is a traditional RL grid setting, where agents need to
learn time-sensitive shortest path navigation, with the added challenge of discovering all the
potential trade-offs for picking the available items.

MO-GemMining In Multi-Objective Gem Mining, extending Gem Mining / Mining Day
(Bargiacchi et al., 2018; Roijers et al., 2015; Roijers, 2016) to multiple objectives, a number of
villages (agents) send workers to extract gems from different mines. Each gem type represents
a different objective. There are restrictions on which mines can be reached from each village.
Furthermore, workers influence each other in their productivity. The number of different
gem types, villages, and workers per village are configurable.

MO-GemMining is stateless; each action corresponds to one independent mining day. It
is fully cooperative and can be modelled as a multi-objective multi-agent multi-armed bandit
(MOMAMAB). The main challenge in MO-GemMining is the coordination problem between
possibly large numbers of agents. As the number of agents, as well as their interdependency
(or more specifically, the induced width of the underlying coordination graph), can be set by
the user, MO-GemMining can be used to test for scalability in the number of agents and the
complexity of the coordination problem.

MO-RouteChoice MO-RouteChoice is a multi-objective extension of the route choice
problem (Thomasini et al., 2023), where a number of self-interested drivers (agents) must
navigate a road network. Each driver chooses a route from a source to a destination while
minimising two objectives: travel time and monetary cost. Both objectives are affected by
the selected routes of the other agents, as the more agents travel on the same path, the higher
the associated travel time and monetary cost. The number of agents is configurable. The
environment contains various road networks from the original route choice problem (Ramos
et al., 2020b; Thomasini et al., 2023), including the Braess’s paradox (Braess, 1968) and
networks inspired by real-world cities.

MO-RouteChoice is a stateless environment, thus a MONFG, where each agent chooses
one of the possible routes from its source to its destination and receives an individual reward
based on the joint strategy of all agents. MO-RouteChoice is a congestion game, a setting
where the main challenge arises from the conflict between individual agent rationality and the
overall social optimum. It is particularly well-suited for studying how multi-objective learning
algorithms perform in large-scale, non-cooperative settings, especially in scenarios like the
Braess’s paradox where selfish, utility-maximizing behavior can lead to counter-intuitive,
system-wide inefficiencies.

MO-PistonBall MO-PistonBall is based on an environment published in PettingZoo (Terry
et al., 2021) where the goal is to move a ball to the edge of the window by operating several
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pistons (agents). This environment supports continuous observations and both discrete and
continuous actions. In the original environment, the reward function is individual per piston
and computed as a linear combination of two components. Concretely, the total reward
consists of a global reward proportional to the distance to the wall and a per-timestep penalty.
In the MOMALAND adaptation, the environment dynamics are kept unchanged, but now
each reward component is returned as an individual objective. The number of agents is
configurable.

This environment is a MOPOSG, where the only stochastic transition dynamics occur
when determining the initial state of the ball.

MO-MW-Stability Multi-Objective Multi Walker Stability (Figure 4, third picture from
the left) is another adaptation of a PettingZoo environment, originally published in Gupta
et al. (2017), to multi-objective settings. In this environment, multiple walker agents aim
to carry a package to the right side of the screen without falling. This environment also
supports continuous observations and actions. The multi-objective version of this environment
includes an additional objective to keep the package as steady as possible while moving
it. Naturally, achieving higher speed entails greater shaking of the package, resulting in
conflicting objectives. The number of agents is configurable.

This environment is cooperative and agents only have a partial view of the global state.
Hence, it is a MODec-POMDP. This environment requires a good amount of coordination
between the agents to avoid making the package fall, making them a natural fit for studying
team reward settings.

CrazyRL CrazyRL (Figure 4, second picture from the left) consists of 3 novel continuous
3D environments in which drones (agents) aim to surround a potentially moving target. The
two objectives of the drones are to minimise their distance to the target while maximising
the distance between each other. The 3 environments differ in the behaviour of the target,
which can be static, move linearly, or actively try to escape the agents.

These environments are cooperative, and agents can perceive the location of everyone
else. Hence, they are all MOMMDPs. These environments are notably useful as the tightness
of the drones’ formation can be explicitly controlled by choosing a different tradeoff; see
Fig. 3. They have also been shown to work for real-time control of drones in the real world
(CrazyFlies).?

The remaining environments are multi-objective adaptations of well-known board and puzzle
games played by humans. Games of this type have historically been a popular benchmark for
AT due to their challenges for learning, deep planning, and strategic interaction (Campbell
et al., 2002; Schrittwieser et al., 2020). The series of environments we propose here add
to these challenges with multiple rewards to be traded off against each other over longer
sequences of discrete decisions for one or multiple competing agents.

MO-Breakthrough MO-Breakthrough is a multi-objective variant of the two-player,
single-objective turn-based board game Breakthrough. In MO-Breakthrough there are still
two agents, but up to three objectives in addition to winning: a second objective that

Shttps://github.com/ffelten/CrazyRL
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incentivises faster wins, a third one for capturing opponent pieces, and a fourth one for
avoiding the capture of the agent’s own pieces. The board size is configurable as well.

As the game is competitive and fully observable, MO-Breakthrough falls into the category
of MOSGs. It allows for the study of highly complex competitive strategies in a scalable
discrete environment.

MO-Connect4d MO-Connect4 is a multi-objective variant of the two-player, single-objective
turn-based board game Connect 4 (Figure 4, leftmost picture). In addition to winning, MO-
Connect4 extends this game with a second objective that incentivises faster wins, and
optionally one additional objective for each column of the board that incentivises having
more tokens than the opponent in that column. As the board size is configurable, so is the
number of these objectives.

MO-Connect4 is competitive and fully observable and therefore a MOSG. The game
allows for the study of complex competitive strategies in a discrete environment that is
scalable in both size and number of objectives.

MO-Ingenious MO-Ingenious is a multi-objective adaptation of the zero-sum, turn-based
board game Ingenious. The game’s original rules support 2-4 players collecting scores in
multiple colours (objectives), with the goal of winning by maximising the minimum score
over all colours. In MO-Ingenious, we leave the utility wrapper up to the users and only
return the vector of scores in each colour objective. The number of agents, objectives, and
board size in MO-Ingenious are configurable.

MO-Ingenious has two reward modes: (i) individual reward, where each agent receives
scores only for their own actions; and (ii) team reward, where all collected scores are shared
by all agents. Furthermore, it can be played with (i) partial observability as the original game,
or in a (ii) fully observable mode. In terms of mathematical frameworks, this environment is
therefore a MOPOSG, which can be configured to become a MODec-POMDP when playing
in team reward mode, a MOSG when playing in fully observable mode, or a MOMMDP when
using both. In addition to the challenges inherent in the other discrete games, MO-Ingenious
offers the most flexibility with regard to choosing reward structure and observability.

MO-SameGame MO-SameGame is a multi-objective, multi-agent variant of the single-
player, single-objective turn-based puzzle game called SameGame. All legal moves in the
game remove a group of tokens of the same colour from the board. The original game rewards
the player for each action with a number of points that is quadratic in the size of the removed
group. MO-SameGame extends this to a configurable number of agents, acting alternatingly,
and a configurable number of different types of colours (objectives) to be collected.

MO-SameGame has two reward modes: (i) individual reward, where each agent receives
points only for their own actions; and (ii) team reward, where all collected points are shared
by all agents. It is fully observable and can therefore be modelled as a MOSG in individual
reward mode, or a MOMMDP when using team rewards. Among the discrete games, this
environment offers the most flexibility with regard to the number of agents.

6 Baselines

After introducing our collection of challenging environments and utilities, this section demon-
strates typical learning results derived from the solution concepts and metrics presented
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Single or Obs.  Act.
Algorithm Reward Utility
multi compromises space space
Team
MOMAPPO Multi Team c/d c/d
Linear
Scalarized 1QL Individual
Single Individual d d
(Mannion et al., 2018) Linear

TABLE 3: Baseline algorithms implemented in MOMALAND.

earlier. We provide baselines that allow learning under different settings. These baselines are
listed in Table 3. The second column describes whether the algorithm aims at learning one
or multiple policies associated with different trade-offs within the multi-objective dimension.
The third and fourth columns refer to the classification made in the work of Radulescu et al.
(2020a) and discussed in Section 3.2. It is worth noting that these algorithms do not aim for
maximum efficiency, but provide a solid foundation for future work.

Next to these baselines, we also demonstrate the use of the CentraliseAgent wrapper for
ensuring compatibility of MOMALAND with MORL methods. The pipeline for achieving
this is thus by reducing the setting to a multi-objective single-agent problem. As MORL
methods, we use GPI-LS (Alegre et al., 2023) and PCN (Reymond et al., 2022), which are
among the current state of the art in MORL. Our baselines are intended to be accessible to
both MORL and MARL practitioners, while also introducing them to the specific challenges
of MOMARL. The rest of this section illustrates results obtained by using the algorithms on
some of the proposed environments.

6.1 Team Reward with Unknown Team Utility

As explained earlier, this setting aims at finding the same solution concepts as single-agent
multi-objective RL, i.e., a Pareto set of policies and its linked Pareto front.

6.1.1 SOLVING MOMARL PROBLEMS USING DECOMPOSITION

Algorithm 1 describes a simple extension of the MAPPO algorithm (Yu et al., 2022) to
return a Pareto set of multi-agent policies in cooperative problems. Similar to the works
of Felten et al. (2022, 2024), it employs the decomposition technique to divide the multi-
objective problem into a collection of single-objective problems which can then be solved
by a multi-agent RL algorithm. In this context, a scalarisation function, parameterised
by weight vectors, allows performing the decomposition and targeting various areas of the
objective space. The most common scalarisation function, weighted sum, is used in this
algorithm for its simplicity (through our LineariseReward wrapper, line 6). Notice that
the rewards of the environment are first normalised to mitigate the difference in scale of
each objective (line 5). The weight vectors can be generated using various techniques from
MORL and MO optimisation, e.g., optimistic linear support (OLS) (Roijers and Whiteson,
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Algorithm 1 MOMAPPO using Decomposition

Input: Number of weight vector candidates n, stopping criterion per weight stop, Environ-
ment MOMAenv.

Output: A Pareto set of joint policies P.

N
I
s=

forie{l,...,n} do
w = GenerateWeights(F)
NormEnv = NormalizeRewards(MOMAenv)
MAEnv = LinearizeRewards(NormEnv,w)
7 = MAPPO(MAEnuv, stop)
0™ = EvaluatePolicy(MOMAenv, )
9: Add 7 to P and 9™ to F if v™ non-dominated in F
10: end for
11: return P

MOMAPPO (uniform)
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FIGURE 5: Average and 95% confidence intervals of multi-objective performance indicators on
training results from MOMAPPO with 20 uniform weights on mo_ multiwalker stability v0. The
Pareto Front plot has been extracted from the run with the largest hypervolume.

2017), GPI-LS (Alegre et al., 2023), uniformly (Das and Dennis, 2000; Blank et al., 2021), or
randomly (line 4). After training a multi-agent policy for a given trade-off using MAPPO (Yu
et al., 2022), the policy is evaluated on the original environment, allowing to compute an
estimate of v™ (line 8) and add the policy to the Pareto set of policies if it is non-dominated
(line 9). Finally, the algorithm returns all non-dominated multi-agent policies (line 11).

MOMAPPO (uniform)
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FIGURE 6: Average and 95% confidence intervals of multi-objective performance indicators on
training results from MOMAPPO with 10 uniform weights on catch_v0. The Pareto Front plot has
been extracted from the run with the largest hypervolume.
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Figs. 5 and 6 illustrate the typical metrics results that can be obtained by running
MOMAPPO (Algorithm 1) on cooperative environments, mo_ multiwalker stability v0 and
catch_v0 in this case. For these runs, the algorithm generated uniformly distributed weight
vectors to explore the objective space, training sequentially for each one. Steeper MO learning
curves could be obtained by training for different weights in parallel, but complexify the
practical implementation. More details on experimental settings are available in Appendix B.
The performance indicators plotted have been averaged, and the 95% confidence interval is
represented by the shaded area. These reflect the general performance of the algorithm over
random seeds ranging from 0 and 9. Moreover, the PF plot gives an idea of the final result
for a given run. The reference point used for hypervolume calculation are [—300, —300] and
[—1000, —10].

The first thing to notice in the plots is that, on average, this algorithm is able to improve
its PF over the training process. Indeed, all indicators improve over the training course.
The PF plots reveals that 4 non-dominated policies out of 20 weight vectors have been
identified for multiwalker and 6 out of 10 for catch. It is worth noting that this algorithm is a
straightforward adaptation of MARL and MORL techniques. It can be improved by including
techniques coming from existing MORL works, such as cooperation between single-objective
subproblems, e.g., conditioned networks (Abels et al., 2019) or transfer (Natarajan and
Tadepalli, 2005), or more advanced weight vector generation method, such as OLS (Roijers
and Whiteson, 2017). A thorough review of such techniques in the context of single-agent
MORL is given in the work of Felten et al. (2024).

6.1.2 SOLVING MOMARL PROBLEMS USING CENTRALISATION

As mentioned in Section 4.1, MOMALAND also provides a CentraliseAgent wrapper that turns
a multi-agent multi-objective environment into a single-agent multi-objective environment
by providing a centralised observation as well as a single vectorial reward signal. The
composition method of the vectorial reward is determined by a parameter and can be either
a component-wise sum or average of the individual agent rewards. This allows the direct
application of methods featured in MORL-Baselines (Felten et al., 2023).

To illustrate the compatibility between MOMALAND environments using the Cen-
traliseAgent wrapper and MORL-Baselines, we select two approaches, that make different
assumptions regarding the environment or utility characteristics. Pareto Conditioned Net-
works (PCN) (Reymond et al., 2022) is a multi-policy approach designed for deterministic
environments. PCN will return an approximate Pareto front as a solution. On the other hand,
Generalised Policy Improvement Linear Support (GPI-LS) (Alegre et al., 2023) assumes the
utility function is linear and will thus return the convex hull as a solution Hayes et al. (2022).

We present in Figure 7 the results obtained by GPI-LS and PCN on the moitem_ gathering v0

environment. The experiments are run on the default map of the environment, namely an
8 x 8 grid, with 2 agents and 3 different object types (i.e., 3 objectives). The centralised
vectorial reward signal is obtained using a component-wise addition over all agents’ rewards.
The number of timesteps is set to 50 and the results are averaged over 5 runs (random seeds
ranging from 40 to 44), with the shaded area representing the 95% confidence interval. The
reference point for the hypervolume calculation is [0, 0, 0]. More experimental details are
available in Appendix B.
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FIGURE 7: Average and 95% confidence intervals of multi-objective performance indicators on training
results from GPI-LS and PCN on mo_ item_ gathering v0, using the centralised agent wrapper.
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FIGURE 8: Average and 95% confidence intervals of multi-objective performance indicators on
training results from GPI-LS and PCN on mo_ multiwalker _stability v0, using the centralised agent
wrapper.

We observe that for this instance of the MO-ItemGathering environment, both PCN and
GPI-LS show consistent learning behaviour over the runs, reaching similar performance in
terms of hypervolume and expected utility. In terms of cardinality (i.e., number of solutions
in the identified solution set), PCN manages to identify on average one additional solution,
in comparison to GPI-LS.

Figure 8 presents the results of GPI-LS and PCN on the mo_ multiwalker _stability v0
environment, with the default settings of 3 walkers and 2 objectives. The centralised
vectorial reward signal is obtained using a component-wise addition over all agents’ rewards.
The results are averaged over 5 runs (seeds ranging from 40 to 44), with the shaded area
representing the 95% confidence interval. The reference point for the hypervolume calculation
is [—300, —300]. In this environment, GPI-LS and PCN are struggling to sufficiently explore
and learn meaningful policies along the velocity objective (i.e., the walkers learn mostly to
stand still), in comparison to the results from Figure 5. This highlights a disadvantage of
centralisation, especially in terms of the increase in action space (i.e., a composition of each
walker’s action space—a vector of size 4, with values between -1 and 1).

We note that while MOMAPPO, PCN, and GPI-LS have all been evaluated on multi walker,
we do not present their results in a single unified plot, as they each use a different pipeline
for arriving at the solution set. Namely, MOMAPPO repeatedly transforms the setting into
a MARL problem using different linear scalarisation functions, and then applies MAPPO on
each instance, while for PCN and GPI-LS, we first translate the setting to a MORL problem
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via the CentraliseAgent wrapper. As a result, the approaches are also trained on different
observation/action spaces (i.e., MOMAPPO supports decentralized execution, whereas the
centralised single-agent MORL baselines do not), and for different number of iterations
(e.g., given the size of the observation and action spaces in the centralisation case, it was
computationally infeasible to train GPI-LS for the same amount of iterations as MOMAPPO
(see Appendix B.1 for compute times). Since these algorithms address fundamentally different
problem settings, we chose to present them separately.

6.2 Individual Reward and Known Utility Function

Here we consider the setting of independent learners, and known linear utility functions,
reducing the problem to independent multi-agent RL. To demonstrate this setup, we run ex-
periments on two MOMALAND environments, namely mobeach _v0 and moroute_ choice_ v0.
The considered learning approach is scalarised independent Q-learning (IQL) (Mannion et al.,
2018), since we investigate congestion domains that are fairly simple in terms of state and
actions spaces, but that involve a large number of agents (i.e., 50, 100 and 4200 agents).

MO-BPD For evaluating the Multi-Objective Beach Problem Domain, we aim to reproduce
the empirical studies performed by Mannion et al. (2018). We note that in comparison to
the original MO-BPD, evaluated under tabular approaches, MOMALAND augments the
agents’ individual observation with additional information®, potentially requiring function
approximation-based techniques. However, MOMALAND also includes an additional wrapper,
to make the environment equivalent to the original one introduced in Mannion et al. (2018).
For mobeach_v0, using the aforementioned wrapper, our setup is identical to the two empirical
studies of Mannion et al. (2018). First we consider 50 agents (35 type A, 15 type B), with 5
sections, each with capacity 3. The second setup includes 100 agents (70 type A, 30 type
B), 5 sections, all with capacity 5. In both cases, agents have homogeneous preferences over
the two objectives, with weights equal to [0.5,0.5]. We also use a fixed initial distribution of
agents over sections (half of the agents start in section 1 and half in section 3). Additional
experimental details are available in Appendix B.

Figure 9 presents the learning curves of scalarised IQL. The independent Q-learners are
studied under two different vectorial reward signals, namely individual reward (each agent
receives the reward corresponding to its local section) and team reward (agents receive the
same reward describing the entire beach, but still use an individual learning approach). Our
results match the ones presented in Mannion et al. (2018): the team reward represents a
more informative signal for the independent learning setup, leading to better performance.
We also notice that the initial exploration, at the start of the learning process, leads agents
to a higher averaged scalarised reward. However, the independent Q-learners are not able to
retain the configuration, signalling that additional coordination mechanisms are required for
this setting.

MO-RouteChoice For moroute choice_v0, we consider the Braess’s paradox (Braess,
1968) road network, depicted in Figure 10(a), with 4200 agents that can choose between
three routes (i.e, (1) s—v—1t, (2) s—w—1, (3) s —v—w —t), to travel from the starting
node s, to the destination node t. The reward for the travel time component is depicted on

Shttps://momaland.farama.org/environments/mobeach/
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FIGURE 9: Average and 95% confidence intervals of scalarised team reward on training results from
IQL on mobeach_ v0.

Braess Paradox

_n
t= 4200

Nash-Equilibrium Social Optimum

(b) Average Travel Time: 18 (C) Average Travel Time: 15

FI1GURE 10: Route network for moroute choice_ v0 and the corresponding reward for the time
component for each edge, together with the configuration of the Nash equilibrium and social optimum
for this setting.

each edge of the road network, while the cost component is calculated using the marginal
cost tolling scheme (more details on the reward function are presented in Appendix C).
Congestion problems exhibiting the Braess’s paradox, under the travel time reward
component, have already been studied in the literature Wolpert and Tumer (2002); Valiant and
Roughgarden (2006); Radulescu et al. (2017). This class of problems famously demonstrates
the effect of the tragedy of the commons, in which the selfish maximisation of resource use
at an individual level will lead to worse outcomes at a societal level. We illustrate this
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FIGURE 11: Average and 95% confidence intervals of travel time on training results from IQL on
moroute_ choice v0.

phenomenon in Figure 10(b) versus Figure 10(c): the Nash equilibrium leads all agents to
select route (3) s — v — w — t for an average travel time of 18, while the social optimum of
the system is for agents to ignore section v — w, and to equally split between the remaining
two routes, for an average travel time of 15.

In Figure 11 we analyse the behaviour of the independent Q-learners, under different
linear utility functions. For example IQL : [0.3,0.7] denotes the setting in which all agents
assign a weight of 0.3 for the travel time objective and 0.7 for the cost objective. When all
agents exclusively value the travel time objective (i.e., [1.0,0.0]), the population converges to
the Nash equilibrium (Figure 10b), with the worst outcome for the average travel time, 18.
This phenomenon is mitigated when even a small mass is shifted towards the cost objective
(e.g., [0.9,0.1]). We notice how agents converge to the social optimum in the cases in which
the weight for the cost objective is > 0.5, with an average travel time of 15. These results are
in line with the work of Ramos et al. (2020a), that demonstrated that marginal-cost tolling
leads agents to socially-desirable outcomes.

7 Open Challenges

In this section, we highlight some of the key challenges for future research on MOMARL.

7.1 Solution Concepts for MOMARL

In Section 3.2 we briefly outlined some possible solution concepts for MOMARL, focusing
on the two main approaches in the literature: the axiomatic approach and the utility-based
approach. To date, the utility-based approach has generally been the most common approach
for MOMARL problems, as it allows for prior knowledge about the agents’ preferences over
objectives to be incorporated to simplify the problem.

When following the utility-based approach, solution concepts from traditional single-
objective game theory can be extended to multi-objective settings by measuring agent
incentives with respect to individual utility (rather than with respect to individual rewards/-
payoffs in single-objective game theory). For example, Radulescu et al. (2020b) extended the
well-known Nash equilibrium and correlated equilibrium solution concepts to MOMA settings
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using the utility-based perspective. Much of the analysis to date on solution concepts has
focused on stateless single-shot settings (MONFGs), so further empirical studies are required
in sequential settings. Extending existing solution concepts to MOMA settings is not trivial
when following the utility-based approach, as one must consider the effect of the choice of
optimisation criterion, either SER or ESR, as outlined in Section 3.2. The choice of the
correct optimisation criterion is crucial when the utility functions are non-linear; selecting
SER in place of ESR (or vice versa) can drastically alter the collective behaviour of the
agents. For example, it has been demonstrated that it may not be possible for agents to
reach a stable outcome, e.g., Nash equilibria may not exist under SER (Réadulescu et al.,
2020a) or stable coalitions may not exist in coalition formation games (Igarashi and Roijers,
2017). It is also possible to have a mixture of optimisation criteria within the same system,
where some agents follow SER and others follow ESR (Ropke et al., 2022). Work on such
settings has been extremely limited to date and therefore further work is required to better
understand the implications of mixed optimisation criteria.

Research on the axiomatic approach to MOMA problems is even less mature than the
utility-based approach. The axiomatic approach may be a suitable fallback in settings where
no information is available about the agents’ utilities, although the space of joint policies
that could be optimal is potentially much larger when no information is available about
the utilities. As shown in Section 6.1, applying the axiomatic approach in team reward
settings, where all agents receive the same reward vectors, is relatively straightforward and
the problem is fully cooperative as all agent incentives are perfectly aligned. The Pareto
optimal set in team reward settings simply includes all joint policies where the return vector
is non-dominated. For individual reward settings (e.g., adversarial or mixed settings), Pareto
optimal sets could be defined individually for each agent, as a joint policy that is Pareto
optimal with respect to one agent’s reward function may not necessarily be Pareto optimal
for other agents. Such individual Pareto optimal sets would need to be conditioned on the
behaviour of other agents in the system, so would in effect be a set of non-dominated responses
to the other agents’ policies (Radulescu et al., 2020a). When policies are deterministic with
a finite number of discrete actions, the non-dominated response set for an agent would also
have a finite number of policies. In settings with probabilistic policies, the non-dominated
response set could potentially have an infinite number of policies.

Finally, the relationship between the axiomatic and utility-based approaches in MOMA
systems is currently not well understood and merits further study. Initial work by Mannion
and Radulescu (2023) in a team reward individual utility setting demonstrated that it is
possible to have settings where none of the Nash equilibria are Pareto optimal, depending on
the preferences of agents over objectives.

7.2 Utility Modelling and Preference Elicitation

In single-agent settings, it is possible to elicit and align preferences with respect to different
trade-offs between objectives by directly interacting with the users (Peschl et al., 2022;
Roijers et al., 2017). This is because it is beneficial for both the agent and the user to share
such preferences openly. In multi-agent team utility settings, this would still be the case.

However, once we find ourselves in the individual utility case, the process becomes
significantly harder. One may look at the problem from multiple perspectives: agents can
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interact and model the preferences of their users, however agents can now also potentially
model their opponents’ utility function, in order to gain an advantage in the strategic
interactions. To the best of our knowledge, interactive MOMARL, where agents have to
concurrently learn their associated user’s preferences, as well as how to optimally act in the
environment, has not yet been explored. Overcoming the difficulties posed by misalignment
of preferences, as well as the fact that it might no longer be in the agents’ best interest to
share their preferences openly (on the contrary, it might even be better to actively hide this
information) are still very much open challenges. Potential directions for approaching these
challenges include negotiation (Filipczuk et al., 2022; Baarslag, 2024), or social contracts
(Hédoin, 2021).

7.3 Algorithms and Environments for MOMARL

Because it is a relatively new area, limited research has been focused on MOMARL. Moreover,
although there is a wealth of problems documented in the literature that involve both multiple
agents and objectives (Wurman et al., 2022; Pepper and Thomas, 2024), they are often
simplified and not treated as MOMA. This prevents easy identification of contributions and
comparison to the current state of the art in the field.

Consequently, few solving methods addressing both dimensions of the problem exist.
Indeed, most works operate in the known utility setting, effectively relying on or adapting
MARL methods, e.g. Mannion et al. (2018); Radulescu et al. (2021). A notable exception to
this is MO-MIX (Hu et al., 2023), which is able to learn a Pareto set of multi-agent policies
in the team reward setting. As previously stated, additional research is required in general
settings to establish solution concepts and develop algorithms that can identify these.

Before MOMALAND, very few environments have been identified, modelled, and made
available as MOMA problems. Although we offer a preliminary set of intriguing challenges, we
think this collection can be expanded and invite external contributions of new and interesting
environments. For instance, the majority of the suggested environments lack a known
optimal Pareto front. Knowing the optimal Pareto front would enable algorithm developers
to confirm the optimality of their approaches. Another example would be contributing
MOBG or MOCBG environments to the library (Figure 2). We also invite collaborations and
proposals of domains based on industrial applications, especially involving environments with
stochastic dynamics. Finally, recent advances in frameworks like JAX (Bradbury et al., 2018)
offer significant potential for acceleration through hardware-efficient computation. Although
MOMALAND does not yet support JAX-based environments, we consider this a promising
direction for future development.

Hence, by making MOMALAND open-source and open to contributions, we hope to receive
external contributions of new algorithms and environments from the research community.

8 Conclusion

In this paper, we introduced MOMALAND, the first publicly available benchmark suite for
MOMARL problems. Our library includes a collection of over 10 environments under two
different APIs for turn-based or simultaneous actions. These environments offer a diverse set
of challenges, varying in the number of agents, state and action spaces, reward structures,
and utility considerations. Notably, some of these challenges have no known solution concept.
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We showed how to leverage existing literature from both multi-objective RL and multi-
agent RL to construct new MOMARL algorithms able to solve some of the presented
challenges. These baselines, along with useful utilities, are also made available to help
algorithm designers in their future research endeavours.

While the release of MOMALAND addresses one of the key challenges required to progress
the field of MOMARL, many open challenges remain, as highlighted in Section 7. We hope
this benchmark suite will be a valuable asset to the research community and that our work
will inspire and enable future progress in the field.

9 Broader Impact Statement

Many real-world applications are inherently multi-objective and multi-agent, yet current RL
methods fall short of addressing these challenges effectively. Developing methods within a
framework that explicitly encompasses these dimensions will allow for richer solution sets
that explore the trade-offs among objectives, and the dependencies between agents. We
believe that decision-support systems stemming from this foundation will enhance users’
agency, exhibit better alignment capabilities, and higher potential to support characteristics
such as explainability, fairness, or transparency, in contrast to current systems that take a
monolithic perspective and learn behaviors based on maximizing a single feedback signal. In
summary, we believe MOMARL represents a vital extension for successfully deploying RL in
real-world scenarios.

This article and MOMALAND mark a pivotal step in formalizing and advancing research
in this critical field. The introduced environments are designed to cover a diverse set of
challenges, in terms of number of agents, problem dimension, reward and utility structure.
Caution must be taken when developing MOMARL algorithms and ensure the evaluation is
carried out on a diverse set of environments, to avoid overfitting to certain problem, reward
or utility classes. Furthermore, the current benchmarks are limited to toy scenarios. While
this can stimulate and support initial progress in the field, as future work, we aspire to
include real-world scenarios that can further drive algorithmic development.

10 Affiliations

1'SnT, University of Luxembourg, Luxembourg

2 Farama Foundation, USA

3 ETH Zurich, Switzerland

4 Al lab, Vrije Universiteit Brussel, Belgium

® Centrum Wiskunde & Informatica, the Netherlands

6 Information Systems group, Eindhoven University of Technology, the Netherlands
7 School of Computer Science, University of Galway, Ireland

8 Innovation, DII, City of Amsterdam, the Netherlands

9 FSTM/DCS, University of Luxembourg, Luxembourg

10 CNRS/CRIStAL, University of Lille, France

1 Intelligent Systems group, Utrecht University, the Netherlands

27



FELTEN ET AL.

Acknowledgments and Disclosure of Funding

This work was supported by the Fonds National de la Recherche Luxembourg (FNR), CORE

program under the ADARS Project, ref. C20/IS/14762457, and by funding from the Flemish
Government under the “Onderzoeksprogramma Artificiéle Intelligentie (AI) Vlaanderen”
program, and by the FWO, grant number GO62819N. It has also received funding from the
project ALIGN4Energy (NWA.1389.20.251) of the research programme NWA ORC 2020
of the Dutch Research Council (NWO), and from the European Union’s Horizon Europe
Research and Innovation Programme under Grant Agreement number 101120406. The
paper reflects only the authors’ view and the EC is not responsible for any use that may
be made of the information it contains. Roxana R#&dulescu was partly supported by the
Research Foundation Flanders (FWO), grant number 1286223N. Willem Répke is supported
by the Research Foundation — Flanders (FWO), grant number 1197622N. Hicham Azmani is
supported by the Research Foundation — Flanders (FWO), grant number 1SA9826N. We
would also like to thank Lucas N. Alegre for his valuable inputs, and Manuel Goulao for
helping us with the website.

References

Axel Abels, Diederik Roijers, Tom Lenaerts, Ann Nowé, and Denis Steckelmacher. Dynamic
Weights in Multi-Objective Deep Reinforcement Learning. In Proceedings of the 36th
International Conference on Machine Learning, pages 11-20. PMLR, May 2019. URL
https://proceedings.mlr.press/v97/abels19a.html. ISSN: 2640-3498.

Sofyan Ajridi, Willem Ropke, Ann Nowé, and Roxana Radulescu. Deconstructing reinforce-
ment learning benchmarks: Revealing the objectives. In Proceedings of the Multi-Objective
Decision Making Workshop (MODeM) at ECAI 2023, 2023.

Lucas N. Alegre, Florian Felten, El-Ghazali Talbi, Grégoire Danoy, Ann Nowé, Ana LC
Bazzan, and Bruno C. da Silva. MO-Gym: A Library of Multi-Objective Reinforcement

Learning Environments. In Proceedings of the 34th Benelur Conference on Artificial
Intelligence BNAIC/Benelearn, 2022.

Lucas N Alegre, Ana L. C Bazzan, Diederik M Roijers, and Ann Nowé. Sample-Efficient
Multi-Objective Learning via Generalized Policy Improvement Prioritization. In Proc. of
the 22nd International Conference on Autonomous Agents and Multiagent Systems, 2023.

Tim Baarslag. Multi-deal negotiation. In Proceedings of the 23rd International Conference
on Autonomous Agents and Multiagent Systems, pages 26682673, 2024.

Hendrik Baier. Monte Carlo Tree Search Enhancements for One-Player and Two-Player
Domains. PhD thesis, Maastricht University, 2015.

Eugenio Bargiacchi, Timothy Verstraeten, Diederik Roijers, Ann Nowé, and Hado Hasselt.
Learning to coordinate with coordination graphs in repeated single-stage multi-agent
decision problems. In International conference on machine learning, pages 482-490. PMLR,
2018.

28


https://proceedings.mlr.press/v97/abels19a.html

MOMALAND

Eugenio Bargiacchi, Raphaél Avalos, Timothy Verstraeten, Pieter Libin, Ann Nowé, and
Diederik M Roijers. Multi-agent rmax for multi-agent multi-armed bandits. In Proc. of
the Adaptive and Learning Agents Workshop, pages 1-6, 2022.

Julian Blank, Kalyanmoy Deb, Yashesh Dhebar, Sunith Bandaru, and Haitham Seada.
Generating Well-Spaced Points on a Unit Simplex for Evolutionary Many-Objective
Optimization. IEEE Transactions on Evolutionary Computation, 25(1):48-60, February
2021. ISSN 1941-0026. doi: 10.1109/TEVC.2020.2992387. Conference Name: IEEE
Transactions on Evolutionary Computation.

BoardGameGeek. Ingenious. https://boardgamegeek.com/boardgame/9674/ingenious,
2004. Accessed: 2024-04-08.

James Bradbury, Roy Frostig, Peter Hawkins, Matthew James Johnson, Chris Leary, Dougal
Maclaurin, George Necula, Adam Paszke, Jake VanderPlas, Skye Wanderman-Milne, and
Qiao Zhang. JAX: composable transformations of Python+NumPy programs, 2018. URL
http://github.com/google/jax.

Dietrich Braess. Uber ein paradoxon aus der verkehrsplanung. Unternehmensforschung, 12:
258-268, 1968.

Greg Brockman, Vicki Cheung, Ludwig Pettersson, Jonas Schneider, John Schulman, Jie
Tang, and Wojciech Zaremba. OpenAl Gym, June 2016. URL http://arxiv.org/abs/
1606.01540. arXiv:1606.01540 [cs].

Murray Campbell, A. Joseph Hoane Jr., and Feng-Hsiung Hsu. Deep Blue. Artif. Intell., 134
(1-2):57-83, 2002.

Erwin Coumans and Yunfei Bai. PyBullet, a Python module for physics simulation for games,
robotics and machine learning, 2016. URL http://pybullet.org.

Indraneel Das and J. Dennis. Normal-Boundary Intersection: A New Method for Generating
the Pareto Surface in Nonlinear Multicriteria Optimization Problems. SIAM Journal on
Optimization, 8, July 2000. doi: 10.1137/S1052623496307510.

Sam Devlin, Logan Yliniemi, Daniel Kudenko, and Kagan Tumer. Potential-based difference
rewards for multiagent reinforcement learning. In Proceedings of the 2014 international
conference on Autonomous agents and multi-agent systems, pages 165-172, 2014.

Florian Felten. Multi-Objective Reinforcement Learning. PhD Thesis, Unilu - Université du
Luxembourg [FSTM|, Luxembourg, June 2024. URL https://hdl.handle.net/10993/
61488.

Florian Felten, El-Ghazali Talbi, and Grégoire Danoy. MORL/D: Multi-Objective Reinforce-
ment Learning based on Decomposition. In International Conference in Optimization and
Learning (OLA2022), 2022.

Florian Felten, Lucas Nunes Alegre, Ann Nowe, Ana L. C. Bazzan, El Ghazali Talbi, Grégoire
Danoy, and Bruno Castro da Silva. A Toolkit for Reliable Benchmarking and Research in

29


https://boardgamegeek.com/boardgame/9674/ingenious
http://github.com/google/jax
http://arxiv.org/abs/1606.01540
http://arxiv.org/abs/1606.01540
http://pybullet.org
https://hdl.handle.net/10993/61488
https://hdl.handle.net/10993/61488

FELTEN ET AL.

Multi-Objective Reinforcement Learning. In Proceedings of the 37th Conference on Neural
Information Processing Systems (NeurIPS), 2023.

Florian Felten, El-Ghazali Talbi, and Grégoire Danoy. Multi-Objective Reinforcement
Learning Based on Decomposition: A Taxonomy and Framework. Journal of Artificial
Intelligence Research, 79:679-723, February 2024. ISSN 1076-9757. doi: 10.1613/jair.1.
15702. URL https://www. jair.org/index.php/jair/article/view/15702.

Dorota Filipczuk, Tim Baarslag, Enrico H Gerding, and MC Schraefel. Automated privacy
negotiations with preference uncertainty. Autonomous Agents and Multi-Agent Systems,
36(2):49, 2022.

Minghong Geng, Shubham Pateria, Budhitama Subagdja, and Ah-Hwee Tan. Benchmarking
marl on long horizon sequential multi-objective tasks. In Proceedings of the 23rd Conference
on Autonomous Agents and MultiAgent Systems, AAMAS 2023. International Foundation
for Autonomous Agents and Multiagent Systems, 2024.

Wojciech Giernacki, Mateusz Skwierczynski, Wojciech Witwicki, Pawel Wroniski, and Piotr
Kozierski. Crazyflie 2.0 quadrotor as a platform for research and education in robotics
and control engineering. In 2017 22nd International Conference on Methods and Models
in Automation and Robotics (MMAR), pages 37-42, August 2017. doi: 10.1109/MMAR.
2017.8046794.

Rihab Gorsane, Omayma Mahjoub, Ruan John de Kock, Roland Dubb, Siddarth Singh, and
Arnu Pretorius. Towards a standardised performance evaluation protocol for cooperative
marl. Advances in Neural Information Processing Systems, 35:5510-5521, 2022.

Sven Gronauer and Klaus Diepold. Multi-agent deep reinforcement learning: a survey.
Artificial Intelligence Review, 55(2):895-943, February 2022. ISSN 0269-2821, 1573-
7462. doi: 10.1007/s10462-021-09996-w. URL https://link.springer.com/10.1007/
510462-021-09996-w.

Jayesh K Gupta, Maxim Egorov, and Mykel Kochenderfer. Cooperative multi-agent control
using deep reinforcement learning. In International Conference on Autonomous Agents
and Multiagent Systems, pages 66-83. Springer, 2017.

Charles R. Harris, K. Jarrod Millman, Stéfan J. van der Walt, Ralf Gommers, Pauli Virtanen,
David Cournapeau, Eric Wieser, Julian Taylor, Sebastian Berg, Nathaniel J. Smith,
Robert Kern, Matti Picus, Stephan Hoyer, Marten H. van Kerkwijk, Matthew Brett,
Allan Haldane, Jaime Fernandez del Rio, Mark Wiebe, Pearu Peterson, Pierre Gérard-
Marchant, Kevin Sheppard, Tyler Reddy, Warren Weckesser, Hameer Abbasi, Christoph
Gohlke, and Travis E. Oliphant. Array programming with NumPy. Nature, 585(7825):
357-362, September 2020. doi: 10.1038/s41586-020-2649-2. URL https://doi.org/10.
1038/s41586-020-2649-2. Publisher: Springer Science and Business Media LLC.

Milos Hauskrecht. Value-function approximations for partially observable markov decision
processes. J. Artif. Int. Res., 13(1):33-94, August 2000. ISSN 1076-9757.

30


https://www.jair.org/index.php/jair/article/view/15702
https://link.springer.com/10.1007/s10462-021-09996-w
https://link.springer.com/10.1007/s10462-021-09996-w
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2

MOMALAND

Conor Hayes, Roxana Radulescu, Eugenio Bargiacchi, Johan Kéllstrom, Matthew Macfarlane,
Mathieu Reymond, Timothy Verstraeten, Luisa Zintgraf, Richard Dazeley, Fredrik Heintz,
Enda Howley, Athirai Irissappane, Patrick Mannion, Ann Nowe, Gabriel Ramos, Marcello
Restelli, Peter Vamplew, and Diederik Roijers. A practical guide to multi-objective
reinforcement learning and planning. Autonomous Agents and Multi-Agent Systems, 36,
April 2022. doi: 10.1007/s10458-022-09552-y.

Conor F. Hayes, Mathieu Reymond, Diederik M Roijers, Enda Howley, and Patrick Mannion.
Distributional monte carlo tree search for risk-aware and multi-objective reinforcement
learning. In Proceedings of the 20th International Conference on Autonomous Agents and
MultiAgent Systems, pages 1530-1532, 2021.

Cyril Hédoin. Social contract, extended goodness, and moral disagreement. Erasmus Journal
for Philosophy and Economics, 14(2):25-52, 2021.

Duan Houli, Li Zhiheng, and Zhang Yi. Multiobjective Reinforcement Learning for Traffic
Signal Control Using Vehicular Ad Hoc Network. EURASIP Journal on Advances in
Signal Processing, 2010(1):1-7, December 2010. ISSN 1687-6180. doi: 10.1155/2010/
724035. URL https://asp-eurasipjournals.springeropen.com/articles/10.1155/
2010/724035. Number: 1 Publisher: SpringerOpen.

Tianmeng Hu, Biao Luo, Chunhua Yang, and Tingwen Huang. MO-MIX: Multi-Objective
Multi-Agent Cooperative Decision-Making With Deep Reinforcement Learning. [FEFE
Transactions on Pattern Analysis and Machine Intelligence, 45(10):12098-12112, October
2023. ISSN 1939-3539. doi: 10.1109/TPAMI.2023.3283537. Conference Name: IEEE
Transactions on Pattern Analysis and Machine Intelligence.

Shengyi Huang, Rousslan Fernand Julien Dossa, Chang Ye, Jeff Braga, Dipam Chakraborty,
Kinal Mehta, and Jodo G. M. Aratijo. CleanRL: High-quality Single-file Implementations
of Deep Reinforcement Learning Algorithms. Journal of Machine Learning Research, 23
(274):1-18, 2022. ISSN 1533-7928. URL http://jmlr.org/papers/v23/21-1342 . html.

Shengyi Huang, Quentin Gallouédec, Florian Felten, Antonin Raffin, Rousslan Fernand Julien
Dossa, Yanxiao Zhao, Ryan Sullivan, Viktor Makoviychuk, Denys Makoviichuk, Mo-
hamad H. Danesh, Cyril Roumégous, Jiayi Weng, Chufan Chen, Md Masudur Rahman,
Joao G. M. Aratjo, Guorui Quan, Daniel Tan, Timo Klein, Rujikorn Charakorn, Mark
Towers, Yann Berthelot, Kinal Mehta, Dipam Chakraborty, Arjun KG, Valentin Charraut,
Chang Ye, Zichen Liu, Lucas N. Alegre, Alexander Nikulin, Xiao Hu, Tianlin Liu, Jong-
wook Choi, and Brent Yi. Open RL Benchmark: Comprehensive Tracked Experiments
for Reinforcement Learning, February 2024. URL http://arxiv.org/abs/2402.03046.
arXiv:2402.03046 [cs].

Ayumi Igarashi and Diederik M Roijers. Multi-criteria coalition formation games. In
Algorithmic Decision Theory: 5th International Conference, ADT 2017, Luzemboury,
Luzembourg, October 25-27, 2017, Proceedings 5, pages 197-213. Springer, 2017.

Johan Kallstrém and Fredrik Heintz. Tunable dynamics in agent-based simulation using multi-
objective reinforcement learning. In Adaptive and Learning Agents Workshop (ALA-19) at
AAMAS, Montreal, Canada, May 13-14, 2019, pages 1-7, 2019.

31


https://asp-eurasipjournals.springeropen.com/articles/10.1155/2010/724035
https://asp-eurasipjournals.springeropen.com/articles/10.1155/2010/724035
http://jmlr.org/papers/v23/21-1342.html
http://arxiv.org/abs/2402.03046

FELTEN ET AL.

N. Koenig and A. Howard. Design and use paradigms for Gazebo, an open-source multi-robot
simulator. In 2004 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS) (IEEE Cat. No.04CHS37566), volume 3, pages 2149-2154 vol.3, September 2004.
doi: 10.1109/IR0OS.2004.1389727.

Marc Lanctot, Edward Lockhart, Jean-Baptiste Lespiau, Vinicius Zambaldi, Satyaki Upad-
hyay, Julien Pérolat, Sriram Srinivasan, Finbarr Timbers, Karl Tuyls, Shayegan Omidshafiei,
Daniel Hennes, Dustin Morrill, Paul Muller, Timo Ewalds, Ryan Faulkner, Janos Kramar,
Bart De Vylder, Brennan Saeta, James Bradbury, David Ding, Sebastian Borgeaud,
Matthew Lai, Julian Schrittwieser, Thomas Anthony, Edward Hughes, Ivo Danihelka,
and Jonah Ryan-Davis. OpenSpiel: A Framework for Reinforcement Learning in Games,
September 2020. URL http://arxiv.org/abs/1908.09453. arXiv:1908.09453 |cs].

Pascal Leroy, Pablo G. Morato, Jonathan Pisane, Athanasios Kolios, and Damien Ernst. IMP-
MARL: a Suite of Environments for Large-scale Infrastructure Management Planning via
MARL. In Thirty-seventh Conference on Neural Information Processing Systems Datasets
and Benchmarks Track, 2023. URL https://openreview.net/forum?id=q3FJk2Nvkk.

Dmitrii Lozovanu, Dumitru Solomon, and Alexander Zelikovsky. Multiobjective games and
determining Pareto-Nash equilibria. Buletinul Academiei de Stiinte a Moldovei. Matematica,

49(3):115-122, 2005.

Junlin Lu, Patrick Mannion, and Karl Mason. A multi-objective multi-agent
deep reinforcement learning approach to residential appliance scheduling. IET
Smart Grid, 5(4):260-280, 2022. ISSN 2515-2947. doi:  10.1049/stg2.12068.
URL https://onlinelibrary.wiley.com/doi/abs/10.1049/stg2.12068. __eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1049/stg2.12068.

Patrick Mannion and Roxana Radulescu. Comparing utility-based and pareto-based solution
sets in multi-objective normal form games. In 2nd Multi-Objective Decision Making
Workshop (MODeM 2023) @ ECAI 2023, September 2023. URL https://modem2023.vub.
ac.be/.

Patrick Mannion, Sam Devlin, Jim Duggan, and Enda Howley. Reward shaping for knowledge-
based multi-objective multi-agent reinforcement learning. The Knowledge Engineering
Review, 33:¢23, 2018. doi: 10.1017/S0269888918000292.

John Nash. Equilibrium points in n-person games. Proceedings of the National Academy of
Sciences, 36(1):48-49, 1950. ISSN 0027-8424.

Sriraam Natarajan and Prasad Tadepalli. Dynamic preferences in multi-criteria reinforcement
learning. Association for Computing Machinery, January 2005. doi: 10.1145/1102351.
1102427. Pages: 608.

Andrew Y. Ng, Daishi Harada, and Stuart Russell. Policy invariance under reward transfor-
mations: Theory and application to reward shaping. In Proceedings of the International
Conference on Machine Learning, volume 99, pages 278-287, 1999.

32


http://arxiv.org/abs/1908.09453
https://openreview.net/forum?id=q3FJk2Nvkk
https://onlinelibrary.wiley.com/doi/abs/10.1049/stg2.12068
https://modem2023.vub.ac.be/
https://modem2023.vub.ac.be/

MOMALAND

Georgios Papoudakis, Filippos Christianos, Lukas Schéfer, and Stefano V. Albrecht. Bench-
marking Multi-Agent Deep Reinforcement Learning Algorithms in Cooperative Tasks,
November 2021. URL http://arxiv.org/abs/2006.07869. arXiv:2006.07869 [cs, stat].

Andrew Patterson, Samuel Neumann, Martha White, and Adam White. Empirical De-
sign in Reinforcement Learning, April 2023. URL http://arxiv.org/abs/2304.01315.
arXiv:2304.01315 [cs].

Nick Pepper and Marc Thomas. Learning generative models for climbing aircraft from radar
data. Journal of Aerospace Information Systems, pages 1-8, 2024.

M Peschl, A Zgonnikov, FA Oliechoek, and LC Siebert. Moral: Aligning ai with human norms
through multi-objective reinforced active learning. In Proceedings of the International
Joint Conference on Autonomous Agents and Multiagent Systems, AAMAS, volume 2,
pages 1038-1046, 2022.

Martin L Puterman. Markov decision processes. Handbooks in operations research and
management science, 2:331-434, 1990.

Roxana Radulescu. Decision making in multi-objective multi-agent systems: A utility-based
perspective. PhD thesis, Vrije Universiteit Brussel, Belgium, 2021.

Roxana Réadulescu, Peter Vrancx, and Ann Nowé. Analysing congestion problems in multi-
agent reinforcement learning. In Proceedings of the 16th Conference on Autonomous Agents
and MultiAgent Systems, AAMAS ’17, page 1705-1707, Richland, SC, 2017. International
Foundation for Autonomous Agents and Multiagent Systems.

Roxana Réadulescu, Patrick Mannion, Diederik M Roijers, and Ann Nowé. Multi-objective
multi-agent decision making: a utility-based analysis and survey. Autonomous Agents and
Multi-Agent Systems, 34(1):1-52, 2020a.

Roxana R#dulescu, Patrick Mannion, Yijie Zhang, Diederik M Roijers, and Ann Nowé. A
utility-based analysis of equilibria in multi-objective normal-form games. The Knowledge
Engineering Review, 35:€32, 2020b.

Roxana Radulescu, Timothy Verstraeten, Yijie Zhang, Patrick Mannion, Diederik M Roijers,
and Ann Nowé. Opponent learning awareness and modelling in multi-objective normal
form games. Neural Computing and Applications, pages 1-23, 2021.

Antonin Raffin, Ashley Hill, Adam Gleave, Anssi Kanervisto, Maximilian Ernestus, and Noah
Dormann. Stable-Baselines3: Reliable Reinforcement Learning Implementations. Journal
of Machine Learning Research, 22(268):1-8, 2021. URL http://jmlr.org/papers/v22/
20-1364 .html.

Gabriel de O Ramos, Bruno C Da Silva, Roxana Radulescu, Ana LC Bazzan, and Ann Nowé.
Toll-based reinforcement learning for efficient equilibria in route choice. The Knowledge
Engineering Review, 35:e8, 2020a.

33


http://arxiv.org/abs/2006.07869
http://arxiv.org/abs/2304.01315
http://jmlr.org/papers/v22/20-1364.html
http://jmlr.org/papers/v22/20-1364.html

FELTEN ET AL.

Gabriel de O Ramos, Roxana Radulescu, Ann Nowé, and Anderson R Tavares. Toll-based
learning for minimising congestion under heterogeneous preferences. In Proceedings of
the 19th International Conference on Autonomous Agents and MultiAgent Systems, pages
1098-1106, 2020b.

Mathieu Reymond, Eugenio Bargiacchi, and Ann Nowe. Pareto Conditioned Networks. In The
21st International Conference on Autonomous Agents and Multiagent Systems, pages 1110—
1118. IFAAMAS, May 2022. URL https://aamas2022-conference.auckland.ac.nz.

Mathieu Reymond, Conor F. Hayes, Denis Steckelmacher, Diederik M. Roijers, and Ann
Nowé. Actor-critic multi-objective reinforcement learning for non-linear utility functions.
Autonomous Agents and Multi-Agent Systems, 37(2):23, April 2023. ISSN 1573-7454. doi:
10.1007/s10458-023-09604-x. URL https://doi.org/10.1007/s10458-023-09604-x.

Diederik Roijers, Shimon Whiteson, and Frans Oliehoek. Computing Convex Coverage Sets
for Faster Multi-objective Coordination. Journal of Artificial Intelligence Research, 52:
399-443, March 2015. doi: 10.1613/jair.4550.

Diederik M. Roijers and Shimon Whiteson. Multi-Objective Decision Making. Synthesis Lec-
tures on Artificial Intelligence and Machine Learning, 11(1):1-129, April 2017. ISSN 1939-
4608. doi: 10.2200/S00765ED1V01Y201704AIM034. URL https://www.morganclaypool.
com/doi/10.2200/S00765ED1V01Y201704AIM034. Publisher: Morgan & Claypool Publish-
ers.

Diederik M Roijers, Shimon Whiteson, and Frans A Oliehoek. Computing convex coverage
sets for multi-objective coordination graphs. In Algorithmic Decision Theory: Third Inter-
national Conference, ADT 2013, Bruxelles, Belgium, November 12-14, 2013, Proceedings
3, pages 309-323. Springer, 2013a.

Diederik M Roijers, Luisa M Zintgraf, and Ann Nowé. Interactive thompson sampling for
multi-objective multi-armed bandits. In Algorithmic Decision Theory: 5th International
Conference, ADT 2017, Luzembourg, Luxembourg, October 25-27, 2017, Proceedings 5,
pages 18-34. Springer, 2017.

Diederik Marijn Roijers. Multi-Objective Decision- Theoretic Planning. PhD thesis, University
of Amsterdam, 2016.

Diederik Marijn Roijers, Peter Vamplew, Shimon Whiteson, and Richard Dazeley. A
Survey of Multi-Objective Sequential Decision-Making. Journal of Artificial Intelligence
Research, 48:67-113, October 2013b. ISSN 1076-9757. doi: 10.1613/jair.3987. URL
http://arxiv.org/abs/1402.0590. arXiv: 1402.0590.

Willem Ropke, Diederik M. Roijers, Ann Nowé, and Roxana Radulescu. On nash equilibria in
normal-form games with vectorial payoffs. Autonomous Agents and Multi-Agent Systems,
36(2):53, October 2022. ISSN 1573-7454. doi: 10.1007/s10458-022-09582-6.

Willem Répke. Ramo: Rational agents with multiple objectives. https://github.com/
wilrop/mo-game-theory, 2022.

34


https://aamas2022-conference.auckland.ac.nz
https://doi.org/10.1007/s10458-023-09604-x
https://www.morganclaypool.com/doi/10.2200/S00765ED1V01Y201704AIM034
https://www.morganclaypool.com/doi/10.2200/S00765ED1V01Y201704AIM034
http://arxiv.org/abs/1402.0590
https://github.com/wilrop/mo-game-theory
https://github.com/wilrop/mo-game-theory

MOMALAND

Willem Ropke, Diederik Roijers, Ann Nowe, and Roxana R&dulescu. Preference Communica-
tion in Multi-Objective Normal-Form Games. Neural Computing and Applications, July
2022. doi: 10.1007/s00521-022-07533-6.

Julian Schrittwieser, Ioannis Antonoglou, Thomas Hubert, Karen Simonyan, Laurent Sifre,
Simon Schmitt, Arthur Guez, Edward Lockhart, Demis Hassabis, Thore Graepel, Timo-
thy P. Lillicrap, and David Silver. Mastering Atari, Go, chess and shogi by planning with
a learned model. Nat., 588(7839):604-609, 2020.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal
Policy Optimization Algorithms. CoRR, abs/1707.06347, 2017.

Kiran K. Somasundaram and John S. Baras. Achieving symmetric pareto nash equilibria using
biased replicator dynamics. In Proceedings of the 48h IEEE Conference on Decision and
Control (CDC) held jointly with 2009 28th Chinese Control Conference, pages 7000-7005,
2009. doi: 10.1109/CDC.2009.5400799.

Matthijs TJ Spaan. Partially observable markov decision processes. In Reinforcement
learning: State-of-the-art, pages 387-414. Springer, 2012.

Jun Jet Tai, Jim Wong, Mauro Innocente, Nadjim Horri, James Brusey, and Swee King
Phang. PyFlyt — UAV Simulation Environments for Reinforcement Learning Research,
April 2023. URL http://arxiv.org/abs/2304.01305. arXiv:2304.01305 [cs|.

J Terry, Benjamin Black, Nathaniel Grammel, Mario Jayakumar, Ananth Hari, Ryan
Sullivan, Luis S Santos, Clemens Dieffendahl, Caroline Horsch, Rodrigo Perez-Vicente,
et al. Pettingzoo: Gym for multi-agent reinforcement learning. Advances in Neural
Information Processing Systems, 34:15032-15043, 2021.

J. K. Terry, Benjamin Black, and Ananth Hari. SuperSuit: Simple Microwrappers for
Reinforcement Learning Environments, August 2020. URL http://arxiv.org/abs/2008.
08932. arXiv:2008.08932 |[cs|.

Luiz A Thomasini, Lucas N Alegre, Gabriel de O Ramos, and Ana LC Bazzan. Routechoiceenv:
a route choice library for multiagent reinforcement learning. In Adaptive and Learning
Agents Workshop (ALA 2023) at AAMAS, London, UK, 2023, 2023.

Emanuel Todorov, Tom Erez, and Yuval Tassa. MuJoCo: A physics engine for model-based
control. In 2012 IEEE/RSJ International Conference on Intelligent Robots and Systems,
pages 5026-5033, October 2012. doi: 10.1109/TR0OS.2012.6386109. ISSN: 2153-0866.

Mark Towers, Jordan K. Terry, Ariel Kwiatkowski, John U. Balis, Gianluca de Cola, Tristan
Deleu, Manuel Goulao, Andreas Kallinteris, Arjun KG, Markus Krimmel, Rodrigo Perez-
Vicente, Andrea Pierré, Sander Schulhoff, Jun Jet Tai, Andrew Tan Jin Shen, and Omar G.
Younis. Gymnasium, March 2023. URL https://zenodo.org/record/8127025.

Kagan Tumer and Scott Proper. Coordinating actions in congestion games: impact of top—
down and bottom—up utilities. Autonomous agents and multi-agent systems, 27:419-443,
2013.

35


http://arxiv.org/abs/2304.01305
http://arxiv.org/abs/2008.08932
http://arxiv.org/abs/2008.08932
https://zenodo.org/record/8127025

FELTEN ET AL.

Greg Valiant and Tim Roughgarden. Braess’s paradox in large random graphs. In Proceedings
of the Tth ACM conference on Electronic commerce, pages 296-305, 2006.

Sébastien Varrette, Pascal Bouvry, Hyacinthe Cartiaux, and Fotis Georgatos. Management
of an academic HPC cluster: The UL experience. In 2014 International Conference on
High Performance Computing & Simulation (HPCS), pages 959-967. IEEE, 2014.

Timothy Verstraeten, Eugenio Bargiacchi, Pieter JK Libin, Jan Helsen, Diederik M Roijers,
and Ann Nowé. Multi-agent thompson sampling for bandit applications with sparse
neighbourhood structures. Scientific reports, 10(1):6728, 2020.

Wikimedia. Mensa connections / ingenious / einfach genial boardgame. https://commons.
wikimedia.org/wiki/File:Mensa_Connections.JPG, 2007. Accessed: 2024-04-08.

David H Wolpert and Kagan Tumer. Collective intelligence, data routing and braess’ paradox.
Journal of Artificial Intelligence Research, 16:359-387, 2002.

Peter R Wurman, Samuel Barrett, Kenta Kawamoto, James MacGlashan, Kaushik Subra-
manian, Thomas J Walsh, Roberto Capobianco, Alisa Devlic, Franziska Eckert, Florian
Fuchs, et al. Outracing champion gran turismo drivers with deep reinforcement learning.
Nature, 602(7896):223-228, 2022.

Chao Yu, Akash Velu, Eugene Vinitsky, Jiaxuan Gao, Yu Wang, Alexandre Bayen, and Yi Wu.
The Surprising Effectiveness of PPO in Cooperative Multi-Agent Games. In Thirty-sizth
Conference on Neural Information Processing Systems Datasets and Benchmarks Track,
2022. URL https://openreview.net/forum?id=YVXaxB6L2P1.

Stephan Zheng, Alexander Trott, Sunil Srinivasa, David C. Parkes, and Richard
Socher. The AI Economist: Taxation policy design via two-level deep multiagent re-
inforcement learning. Science Advances, 8(18):eabk2607, 2022. doi: 10.1126/sciadv.
abk2607. URL https://www.science.org/doi/abs/10.1126/sciadv.abk2607. _eprint:
https://www.science.org/doi/pdf/10.1126 /sciadv.abk2607.

Luisa M Zintgraf, Timon V Kanters, Diederik M Roijers, Frans A Oliehoek, and Philipp
Beau. Quality Assessment of MORL Algorithms: A Utility-Based Approach. In Benelearn
2015: Proceedings of the 24th Annual Machine Learning Conference of Belgium and the
Netherlands, 2015.

E. Zitzler. Evolutionary algorithms for multiobjective optimization: methods and applications.
In Ph.D. Dissertation. ETH Zurich, Switzerland., December 1999.

36


https://commons.wikimedia.org/wiki/File:Mensa_Connections.JPG
https://commons.wikimedia.org/wiki/File:Mensa_Connections.JPG
https://openreview.net/forum?id=YVXaxB6L2Pl
https://www.science.org/doi/abs/10.1126/sciadv.abk2607

MOMALAND

Appendix A. General Information
A.1 Links

e Our documentation is accessible at: https://momaland.farama.org/;
e Our code is accessible at https://github.com/Farama-Foundation/momaland;

e Tracked experiments: https://wandb.ai/openrlbenchmark/MOMAland, https://wandb.
ai/rradules/MOMAland-IG-3, and https://wandb.ai/rradules/M0OMAland-MW
A.2 Licenses
MOMALAND is distributed under the GPL-3.0 license. We, the authors, bear all responsibil-
ities in case of violation of rights.
A.3 Maintenance

MOMALAND is maintained by the authors, with the support of the community and the
Farama Foundation team.”

Appendix B. Reproducibility

Hyperparameter Value
MAPPO Actor hidden layers [256, 256]
Critic hidden layers [256, 256]
Activation tanh
Anneal learning rate true
Clip epsilon 0.2
Entropy coefficient 0.
y 0.99
GAE lambda 0.99
Learning rate 0.001
Max grad norm 0.5
Number of minibatches 2
Number of steps per epoch 1280
Updates per epoch 2
VF coefficient 0.8
MOMAPPO Timesteps per weight 500,000 for multiwalker, 150,000 for catch
Num weights 20 for multiwalker, 10 for catch
Weight generation Uniform (Blank et al., 2021)

TABLE 4: Hyperparameter values used for MOMAPPO.

"https://farama.org/tean.
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Hyperparameter Value (IG) Value (MW)
GPI-LS Hidden layers [256, 256] [256, 256|

Batch size 256 128

0 0.99 0.99

Initial € 1.0 -

Final € 0.05 -

€ decay steps 75000 -

Prioritized experience replay false false

Gradient updates 10 3

Target net update frequency 200 200

Learning rate 0.0003 0.0003

Timesteps per iteration 10,000 10,000

Policy noise - 0.05

Total timesteps 150,000 5M
PCN Learning rate 0.001 0.001

Hidden layers [256, 256] [256, 256]

Batch size 256 256

v 0.99 0.99

Scaling factor 1 for all objs. and horizon 1 for all objs. and horizon

Max buffer size 100 500

Num model updates 50 100

Policy noise - 0.05

Total timesteps 150,000 100M

TABLE 5: Hyperparameter values used for GPI-LS and PCN.

Table 4 lists the hyperparameter values used to conduct the experiments involving
MOMAPPO (Algorithm 1). Table 5 presents the hyperparameters used for the experiments
involving the CentraliseAgent wrapper, for PCN and GPI-LS (Section 6.1.2). We report
the hyperparameters that differ from the default values specified in the MORL-baselines
repository (Felten et al., 2023). Table 6 reports the hyperparameters used for the IQL
experiments on the mobeach v0 and moroute_ choice_ v0 environments (Section 6.2).

Value

Learning Rate 0.5
Learning Rate Decay 1
Learning Rate Min. 0.
Exploration Rate 0.05
Exploration Rate Decay 0.9999
Exploration Rate Min. 0.

5 0.9

Hyperparameter

IQL

TABLE 6: Hyperparameter values used for IQL.
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B.1 Computational Cost of Baselines

To provide practitioners with guidance on the computational requirements of different settings,
we report approximate walltimes for representative experiments across environments and
algorithms in Table 7. Our experiments were carried out on a mix of local hardware, the
high-performance computing facilities of the University of Luxembourg (Varrette et al., 2014),
and the Flemish Supercomputer Center (VSC) at Vrije Universiteit Brussel, funded by the
Research Foundation—Flanders (FWO) and the Flemish Government. Tracked experiments
are available in Open RL Benchmark (Huang et al., 2024), at https://wandb.ai/rradules/
MOMAland-IG-3, and https://wandb.ai/rradules/MOMAland-MW.

TABLE 7: Approximate walltimes per run for selected algorithms and environments.

Algorithm Environment Steps Walltime per run
MOMA algorithms

MOMAPPO mo_ multiwalker 10M  ~9h30 (UL HPC)
MOMAPPO catch 1.5M  ~1h (MacBook Pro M3 Max)
MORL algorithms

GPI-LS mo_ multiwalker 5M ~5 days (VUB HPC)

PCN mo_ multiwalker 100M  ~1 day 4h (VUB HPC)
GPI-LS mo_item_ gathering 150K  ~12h (VUB HPC)

PCN mo__item_ gathering 150K  ~25min (VUB HPC)

MA algorithms

IQL mo_ route_ choice 1000 ~25min (MacBook Pro M3)
IQL mo_ beach 10000  ~5min (MacBook Pro M3)

Appendix C. Environment details
C.1 Multi-Objective Beach Problem Domain (MO-BPD)

The Multi-Objective Beach Problem Domain (MO-BPD) was introduced by Mannion et al.
(2018) and extends an earlier single-objective version introduced by Tumer and Proper (2013);
Devlin et al. (2014). In MO-BPD, each agent represents a tourist starting at a specific beach
section, and then deciding at which section of the beach they will spend their day. Agents
can choose to move to an adjacent section (move left or move right), or to stay _still.

Each beach section is characterised by a capacity ¥ and each agent is characterised by
one of two static types: A or B. These properties, together with the location of the agents on
the beach sections, determine the vectorial reward received by agents, having two conflicting
objectives: “capacity” and “mixture”.

The environment can be configured in two modes, “individual” or “team” reward: the
agents can either receive their own individual local rewards, based on the beach section they
are located in (i.e., individual reward setting), or the global reward, based on the sum of
rewards over all the available beach sections (i.e., team reward setting).
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The capacity reward function is designed to return the highest value when the number of
agents present is equal to the capacity of the section. Sections which are either too crowded
or too empty receive lower rewards. The local capacity reward Lcqy(b) for a particular section
is calculated as:

—p
Leap(b) = zpe @ (10)
where b is the beach section, and z; is the number of agents present at that section. The
global capacity reward is then defined as:

Gcap = Z Lcap(b) (11)

beB

The maximum mixture reward for a section is received when the number of A agents in
attendance is equal to the number of B agents, while sections with an unequal mixture of
agents receive a lower reward as they are less desirable. The local mixture reward L,,;;(b) 8
for a particular section is calculated as:

min(|Ay|, | By|)

() | Ap| + | B

(12)
where |Ap| is the number of agents of type A present at that section, |Bp| is the number of
agents of type B present at that section. The global mixture utility can then be calculated
as the summation of L,,;;(b) over all sections in MO-BPD:

beB

A drawback of the original version of the benchmark derived from the fact that rewards
were specified per timestep, meaning that increasing the number of timesteps also changed
the Pareto front. To rectify this issue in our implementation rewards are received only in the
last timestep.

The congestion condition in MO-BPD is only available when the number of agents is
greater than the total capacity of the sections. Furthermore, as noted in Mannion et al.
(2018), there are a few additional ways to ensure that no trivial solutions exist: by using odd
values for v implies that L.q, and L,;; cannot both be maximised at the same time at any
one section and by using different proportions of A and B agents.

In terms of mathematical frameworks, under the individual reward setting, the MO-BDP
is a MOPOSG, while the team reward setting casts the problem as a MODec-POMDP.

C.2 MO-ItemGathering

The MO-ItemGathering environment is an extension of the two agent problem from Kallstrom
and Heintz (2019). In the original setting, agents must collect red, green and yellow items
(representing the objectives) in a 8x8 grid world. However, in their implementation, only

8We note that in the initial version of the environment by Mannion et al. (2018), the local mixture
component was further normalised by the number of beach sections, diminishing the ‘local’ (i.e., individual)
perspective of the signal.
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F1cURE 12: Tlustration of the MO-ItemGathering with 10 agents and 3 objectives on a 8x8 grid.

one agent was controlled by MORL, the other agent used a hand-coded policy (always go
for the closest red item). MOMALAND extends the environment to any number of agents,
objectives (i.e., item colours) and grid dimensions. An illustration of the environment is
presented in Figure 12.

MO-ItemGathering is a fully observable environment, where the state received by an
agent is a tuple comprising a matrix encoding the items’ and agents’ locations, together with
the agent’s id. The action space for each agent is discrete, with a size of 5, representing the
cardinal directions and staying at the current position.

Agents acquire rewards upon stepping in a cell occupied by items, and receive a reward of
+1 for the corresponding objective (i.e., colour). The vectorial reward has two modes, either
an individual reward, where agents only receive rewards for the items they collect, or a team
reward, where all agents receive a reward when an item is picked up in the environment. In
the individual reward mode the environment is a MOSG, while in the team reward mode the
environment is a MOMMPD.

C.3 MO-GemMining

In Multi-Objective Gem Mining (which extends Gem Mining / Mining Day Bargiacchi et al.
(2018); Roijers (2016) to multiple objectives), a mining company mines gems from a set of
mines (local reward functions) located in the mountains (see Figure 13). The mine workers
live in villages at the foot of the mountains. The company has one van in each village for
transporting workers and must determine every morning to which mine each van should go.

Each village/van represents one agent. The action space of each agent is the set of mines
that that agent can go. Please note that vans can only travel to nearby mines (which is
represented in the graph connectivity). If multiple vans (from different villages) end up at
the same mine, the total number of workers at those mines is summed. Workers are more
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F1GURE 13: Illustration of the Multi-objective Gem Mining. Each village represents an agent, each
mine represents a local reward function.

efficient when there are more workers at a mine: the probability of finding a gem of a given
type in a mine is x - b1, where x is the base probability of finding a gem of that type in
the mine and w is the number of workers at the mine. b is a bonus factor per worker and has
a b = 1.03 default. It is possible to truncate the probability of finding gems (across all types)
to a maximum probability. By default, this truncation probability is set to 0.9. Please note
that the truncation probability should not be higher than 1. When the number of workers at
a mine is 0, no gems will be found. The number of gem types, i.e., objectives, is configurable.

We can generate instances of Multi-Objective Gem Mining for any number v > 0 of
villages (agents). As a default, we randomly assign 1 — 5 workers to each village and connect
it to 2 — 4 mines, but both lower and both upper limits are configurable. Each village is only
connected to mines with a greater or equal index, i.e., if village 7 is connected to m mines, it
is connected to mines i to ¢ +m — 1. The last village is connected to the maximum number
of connected mines (default 4) and thus the number of mines is v plus this maximum minus
one (default v + 3).

The environment is a multi-objective multi-agent multi-armed bandit MOMAMARB, which
extends the multi-agent multi-armed bandit (MOMAB) setting Bargiacchi et al. (2018);
Verstraeten et al. (2020); Bargiacchi et al. (2022) to multiple objectives, and/or the multi-
objective coordination graph (MOCoG) setting Roijers et al. (2013a, 2015) to reinforcement
learning.

C.4 Multi-Objective Route Choice Domain (MO-RouteChoice)

MO-RouteChoice is a multi-objective extension of the route choice problem Thomasini et al.
(2023). In the route choice problem, N independent drivers must choose routes to travel
from a source to a destination while minimising their own travel time and considering the
effect caused by other drivers.

The road network is represented as a directed graph G = (V, E'), where nodes V' correspond
to intersections and links E represent the roads/segments connecting them. Each link [ € V
has two associated costs: travel time (¢! : z; — RT) and monetary cost (¢M : z; — RT).
Both costs are influenced by the flow x; of vehicles on the link. As more drivers use a specific
link, it becomes more congested, increasing the costs for all drivers on that link.
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During the initialisation of a chosen problem instance, each driver is assigned a fixed
source node and destination node from the available origin-destination pairs. In each episode,
every agent selects a route, which is a set of links connecting their assigned source and
destination nodes. The costs associated with travelling a route are the sum of the costs of
all its links: CF = ,cpcf and CH =3 ,cp . The set of possible routes for each agent
is predefined based on their assigned origin-destination pair and the available routes in the
chosen problem.

MO-RouteChoice has two individual objectives: minimising travel time and minimising
monetary cost. The monetary cost can be assigned to routes in two ways: either a random
percentage of roads are tolled (controlled by a parameter), or all roads are tolled based on
their occupancy (marginal-cost tolling).

The environment contains all road networks from the original route choice problem Ramos
et al. (2020b); Thomasini et al. (2023). This includes Braess paradoxes and their extensions,
as well as larger road networks inspired by real-world cities.

An initial MO perspective on this problem, with linear preferences, is presented in Ramos
et al. (2020b). MO-RouteChoice is a MONFG.

C.5 Multi-Objective PettingZoo Environments

This section describes PettingZoo Terry et al. (2021) environments that have been adapted to
multi-objective settings. Documentation related to the original versions of these environments
can be found at https://pettingzoo.farama.org/.

C.5.1 MO-PisToNBALL

The MO-PistonBall environment is a MOPOSG that features multiple pistons whose overall
goal is to move a ball to the edge of the screen. We keep all environment dynamics as in
the original PettingZoo implementation, which ensures that the environment is partially
observable as each piston can only observe its neighbours. Furthermore, while the environment
is technically stochastic, the only stochasticity comes from selecting the initial start state.
For our multi-objective extension, we decompose the original reward function, which was a
linear combination of three components. Our reward function is defined as follows,

t — Tball

R} (s¢,a;) = 100 x i (global reward) (14)

To — Twall
R?(sy,a;) = w local reward for every piston under the ball (15)
R3(s¢,a;) = —0.1  global time penalty unless the episode is over (16)

In this reward function, Equation (14) is a global reward shared by all agents and measures
the distance travelled by the ball in the latest step, while Equation (15) is a local reward that
is only received by pistons that are underneath the ball at that time. Finally, Equation (16)
is a time penalty that all agents receive for every timestep that the ball has not reached the
wall yet.

While the reward function was originally intended to induce a common goal, the individual
nature of Equation (15) may result in unexpected results. For example, it may be possible
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to push the ball, hoping that it bounces back such that it can obtain additional rewards. We
note, however, that we have not yet observed such behaviour.

The environment is a multi-objective POSG where the only environment stochasticity
comes from the initial state distribution.

C.5.2 MO-MULTIWALKER-STABILITY (MO-MW-STABILITY)

This problem is a MODec-POMDP that involves multiple bipedal walkers (agents) collabo-
ratively carrying a package to the right side of the screen without falling. The package is
placed on top of the walkers at the beginning of each episode, is so large that it stretches
across all walkers, and too large for any single walker to move on its own. In the original
version of MultiWalker Gupta et al. (2017); Terry et al. (2021), each walker i receives an
individual reward defined by:

—100, package fallen, or package on the left (17)
Ri(s.a) —110, walker fallen and terminate on fall enabled (18)
shaped — 10, walker fallen and not terminate on fall (19)
shaped, otherwise. (20)
Where:
shaped — forward_reward X AZpackage X 130 _ 5 x Aangle, .,

SCALE

In Equations (17)—(20), line 17 penalizes the agents in case of package fall or going
in the wrong direction, line 18 terminates the game with a penalty if one walker falls,
lines 19 and 20 use a shaped reward to make the package move forward, as well as avoid
brutal change of angle of the walker’s head. Then, the rewards are combined as r =
local_ratio x r; + (1 — local_ratio) x 7, where 7; is the average individual reward.

Our multi-objective version of multi-walker adds another dimension to the problem, that
is keeping the package stable by reducing the angle changes of the package. Essentially, the
new reward dimension is identical to Equations (17)—(20), but replaces the shaped reward
by stability = Aangle,, yaqe-

In this version, the rewards are defined as follows:

—100, package fallen, or package on the left
1 —110, walker fallen and terminate on fall enabled
Ri(s,a) = shaped — 10, walker fallen and not terminate on fall
shaped, otherwise.
—100, package fallen, or package on the left
9 —110, walker fallen and terminate on fall enabled
R;(s,a) =

stability — 10, walker fallen and not terminate on fall

stability, otherwise.

This environment is cooperative and agents only have a partial view of the global state.
Hence, it is a MODec-POMDP.
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C.6 CrazyRL

The CrazyRLY environments are 3 MOMMDPs designed to facilitate the learning of high-level
swarm formations around potentially moving objects for multiple drones Felten (2024). These
environments rely on high-level control commands, such as a 3D speed vector, indicating
where each drone should go, rather than low-level control like torque in the engine. This
choice significantly simplifies the state and action spaces of the agents, enabling them to
focus on the core problem of learning formation and eliminating the need for heavier robotics
simulators such as Gazebo Koenig and Howard (2004) or Pybullet Coumans and Bai (2016);
Tai et al. (2023).

In practice, each agent (drone) perceives its current x, y, and z coordinates (denoted as x;,
i, #; for agent i) along with the target coordinates (Ztarg, Ytarg, Ztarg). Additionally, agents
also perceive the positions of other agents, making the environment fully observable. At each
time step, agents select a 3D speed vector as their action, dictating the direction in which
they wish to move, i.e. a; € [~1,1]3, Vi € [1,n]. The drones’ movements are discrete, with
their positions updated at each step by applying these action vectors, effectively "teleporting"
them. If the moves lead outside coordinates specified by the map size, the new coordinates
of the agents are clipped to stay inside the map. The global state is a concatenation of all
known positions (agents and targets). Episodes terminate upon drone collisions, contact
with the floor or target, or when a predefined number of time steps is reached.

In the three specified environments, the reward function encompasses two conflicting
objectives: (1) minimizing the distance to the shared target while simultaneously (2) maxi-
mizing the distance from the other agents. In multi-objective settings, the goal is generally
to maximize all objectives, requiring the need to transform the minimizing objective into
a maximization of its negation. However, we noticed that transforming the first reward
component into a negative value and maximizing both components can adversely affect
learning performance on the studied policy optimization algorithm (PPO) Schulman et al.
(2017). Therefore, we opted to convert the first objective into a potential-based reward
instead Ng et al. (1999).

For each agent 7, the rewards can be formally defined as follows:

Ri(s,a) = (@ yi 7 27 Y) = (@ Yiargs Ztarg) I
- ”(955 yz? z) (‘r tar 7ytarg?ztarg)||2

ijéz”(vayfvzf) - ( jay]a ])||2

R?(S,a): n_l

)

where R?(s, a) is the o't objective value of agent i, and z! denotes the z position of agent
i at time step t. These individual rewards are then aggregated to form a multi-objective
team reward: R(s,a) = ;e Ri(s; a).

These environments are cooperative and agents can perceive the location of everyone else.
Hence, they are all MOMMDPs.

9An implementation of these environments in Jax (Bradbury et al., 2018) (Figure 3) and the code to
fly real drones are available in the original repository: https://github.com/ffelten/CrazyRL. The name
"CrazyRL" is a contraction of Crazyflie drones (Giernacki et al., 2017) and RL.
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Surround In this environment, the objective is for the drones to establish a stable formation
around a fixed target.

Escort This environment is an extension of the previous one and introduces the added
challenge of a moving target. In this scenario, the target is assigned an initial position and a
final position, and it moves linearly from the former to the latter in a specified number of
time steps.

Agent 2 Agent 3
Agent 1 Average agents'
® position
Target Agent 4

FIGURE 14: Target move decision in the Catch environment (flattened to 2 dimensions for illustrative
purpose).

Catch In this last environment, an element of intelligence is introduced into the target’s
behaviour. Specifically, the target tries to escape the agents by calculating an average position
of these and endeavours to move in the opposite direction. However, if the computed average
position is too close to the current target position, the target resorts to random movement
as a strategy. An example of this strategy in 2 dimensions is exposed in Figure 14.

C.7 Multi-Objective Board Games
C.7.1 MO-BREAKTHROUGH

MO-Breakthrough is a multi-objective variant of the two-player, single-objective turn-based
board game Breakthrough. In Breakthrough, players start with two rows of identical pieces
in front of them and try to reach the opponent’s home row with any piece. The first player
to move a piece on their opponent’s home row wins. Players move alternatingly, and each
piece can move one square straight forward or diagonally forward. Opponent pieces can also
be captured, but only by moving diagonally forward, not straight.

MO-Breakthrough optionally extends this game with one to three additional objectives:
a second objective that incentivizes faster wins, a third one for capturing opponent pieces,
and a fourth one for avoiding the capture of the agent’s own pieces. The various possible
trade-offs between these objectives could lead to e.g. more aggressive vs. more defensive
playstyles, or more patient strategies aiming at winning eventually vs. more risky strategies
alming at winning quickly. Additionally, the board width can be modified from 3 to 20
squares, and the board height from 5 to 20 squares.
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As the game is competitive and fully observable, MO-Breakthrough falls into the category
of MOSGs.

O

OO00VLl O
00000 ONNe®

FIGURE 15: (MO-)Breakthrough (adapted from Baier, 2015). The left-side image shows the starting
position of the game, and the right side shows a possible terminal position in which Black won.

C.7.2 MO-CONNECT4

MO-Connect4 is a multi-objective variant of the two-player, single-objective turn-based
board game Connect 4. In Connect 4, players can win by connecting four of their tokens
vertically, horizontally or diagonally. The players drop their respective tokens in a column
of a standing board (of width 7 and height 6 by default), where each token will fall until it
reaches the bottom of the column or lands on top of an existing token. Players cannot place
a token in a full column, and the game ends when either a player has made a sequence of 4
tokens, or when all columns have been filled (draw).

MO-Connect4 extends this game with a second objective that incentivizes faster wins,
and optionally one additional objective per column for having more tokens than the opponent
in that column. While the default objective of winning and the second objective of winning
quickly could allow for finding trade-offs between more patient and more risky playstyles,
the column objectives are more directly in conflict with each other, as having more tokens
in one column means having fewer in another. Different trade-offs between them will lead
to strategies that e.g. favour one side of the board over another, and are relatively easy to
validate. Additionally, the width and height of the board can be set to values from 4 to 20.

MO-Connect4 is competitive and fully observable and therefore a MOSG.

C.7.3 MO-INGENIOUS

MO-Ingenious is inspired by a competitive, turn-based board game for multiple players
(BoardGameGeek, 2004). 2-6 players can play (default is 2), on a hexagonal board with an
edge length of 3-10 (default is number of players + 4). Each player has 2-6 (default is 6)
tiles with colour symbols on their rack, which is only observable to themselves (in the default
rules). In sequential order, players play one of their tiles onto the hexagonal board, with the
goal of establishing lines of matching symbols emerging from the placed tile. This allows the
players to increase their score in the respective colours, each colour representing one of 2-6
(default is 6) objectives. After a tile has been played, a new one is randomly drawn into the
player’s rack.
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FIGURE 16: (MO-)Connect4 (adapted from Baier, 2015). White won the game by playing the
marked move.

FIGURE 17: Ingenious (public domain image retrieved from Wikimedia, 2007).

When the board is filled, the original game rules define the winner as the player who has
the highest score in their lowest-scoring colour; for a player with (red=5, green=2, blue=9)
for example, the relevant score would be 2. Our implementation exposes the colour scores
themselves as different objectives, allowing arbitrary utility functions to be defined over them
by the user. In addition, MO-Ingenious extends the original game rules with an optional
team reward mode, in which agents share all scores and play cooperatively, and an optional
fully observable mode, in which agents can observe all racks.

In terms of mathematical frameworks, this environment is therefore a MOPOSG, which
can be configured to become a MODec-POMDP when playing in team reward mode, a
MOSG when playing in fully observable mode, or a MOMMDP when using both.

C.8 MO-SameGame

MO-SameGame is a multi-objective, multi-agent variant of the single-player, single-objective
turn-based puzzle game called SameGame. 1 to 5 agents can play (default is 1), on a
rectangular board with width and height from 3 to 30 squares (defaults are 15), which are
initially filled with randomly coloured tiles in 2 to 10 different colours (default is 5). Players
move alternatingly by selecting any tile in a group of at least 2 vertically and/or horizontally
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connected tiles of the same colour. This group then disappears from the board. Tiles that
were above the removed group “fall down” to close any vertical gaps; when entire columns of
tiles become empty, all columns to the right move left to close the horizontal gap.

The original single-player, single-objective SameGame rewards the player with n? points
for removing any group of n tiles. MO-SameGame can extend this in two ways. Agents can
either only get points for their own actions, leading to competition between them, or all
rewards can be shared in “team reward” mode. Additionally, points for every colour can be
counted as separate objectives, allowing for different trade-offs between colours, or they can
be accumulated in a single objective like in the default game variant, essentially providing a
single-objective wrapper for the game.

MO-SameGame is fully observable and can therefore be modelled as a MOSG in individual
reward mode, or a MOMMDP when using team rewards.

BlclB|B]|C - BEEE
clclcic|s Blc/clc B
AlA|BIClE ciclelc]|c
B/B|B|A|B B/B|B|/A|B
slelc|c|c B/BlC|C|C
s o B i s

B E
B|B|B
B|B|B|A|B AlC
B|B|C|C|C glE
(c) Result after playing C in the (d) Result after playing B in the
leftmost column as second move. leftmost column as third move.

FIGURE 18: The mechanics of SameGame (adapted from Baier, 2015).
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