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Abstract

This paper explores the impact of relational state abstrac-
tion on sample efficiency and performance in collaborative
Multi-Agent Reinforcement Learning. The proposed abstrac-
tion is based on spatial relationships in environments where
direct communication between agents is not allowed, lever-
aging the ubiquity of spatial reasoning in real-world multi-
agent scenarios. We introduce MARC (Multi-Agent Rela-
tional Critic), a simple yet effective critic architecture incor-
porating spatial relational inductive biases by transforming
the state into a spatial graph and processing it through a re-
lational graph neural network. The performance of MARC is
evaluated across six collaborative tasks, including a novel en-
vironment with heterogeneous agents. We conduct a compre-
hensive empirical analysis, comparing MARC against state-
of-the-art MARL baselines, demonstrating improvements in
both sample efficiency and asymptotic performance, as well
as its potential for generalization. Our findings suggest that
a minimal integration of spatial relational inductive biases
as abstraction can yield substantial benefits without requir-
ing complex designs or task-specific engineering. This work
provides insights into the potential of relational state abstrac-
tion to address sample efficiency, a key challenge in MARL,
offering a promising direction for developing more efficient
algorithms in spatially complex environments.

Extended Version with Appendix —
https://arxiv.org/pdf/2412.15388

Code — https://github.com/sharlinu/MARC

1 Introduction
Multi-Agent Reinforcement Learning (MARL) has emerged
as an extension of single-agent RL, where multiple agents
simultaneously interact with the environment to derive their
optimal behavior by trial and error. Despite the complex-
ity and dynamics of the learning environment, MARL
holds significant promise for modeling real-world systems
involving nuanced interactions between multiple entities,
such as autonomous vehicle coordination (Shalev-Shwartz,
Shammah, and Shashua 2016), traffic flow optimization
(Agogino and Tumer 2012), and team robotics (Matignon,
Jeanpierre, and Mouaddib 2012). These applications often
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involve collaborative or competitive dynamics that single-
agent RL struggles to capture adequately. However, the in-
crease in dimensionality over state and action spaces, the
additional agent interactions, and the information influx this
entails make sample efficiency a key challenge.

A critical aspect to sample efficiency is how agents repre-
sent the information of what they observe. The observation
received by an agent can hold a lot of information, but not all
of it is necessary to make an optimal decision. The ability to
find abstract features allows for reasoning on a higher, con-
ceptual level and adds robustness to small, task-irrelevant
changes; a common principle for good representations (Ben-
gio, Courville, and Vincent 2012). Abstraction leverages the
underlying structure of the problem to focus on relevant in-
formation while reducing its complexity. That way, agents
can learn optimal policies with fewer interactions, leading to
improved sample efficiency and knowledge transfer to new
situations (Mohan, Zhang, and Lindauer 2024).

A natural structure to present the environment is the de-
composition into objects and their relations. Recent work in
both deep single-agent RL and MARL has demonstrated the
benefits of leveraging this relational structure as a graph-
based representation in the learning architecture (Bapst et al.
2019; Jiang et al. 2021; Nayak et al. 2023; Agarwal et al.
2020), improving sample efficiency and generalization ca-
pabilities. This seems especially important in MARL, where
the complexity often scales with the number of agents. The
ability of Graph Convolutional Networks (GCNs) (Scarselli
et al. 2009; Welling and Kipf 2016; Gilmer et al. 2017) to
model systems where the relationships between entities are
critical has brought them to the forefront in many fields of
multi-agent systems, ranging from modeling behavior and
trajectories in multi-agent systems (e.g. Kipf et al. 2018;
Tacchetti et al. 2019; Li et al. 2020; Kipf, van der Pol, and
Welling 2020) to enhancing communication (e.g Niu, Paleja,
and Gombolay 2021; Jiang et al. 2020; Zhang et al. 2021b).

In this study, we investigate the integration of a simple
yet effective relational abstraction to MARL using the ar-
chitectural flexibility of GCNs. We focus on collaborative
tasks with high spatial complexity where direct communi-
cation between agents is not permitted due to cost or se-
curity constraints, e.g., in underwater robotics (Song, Sto-
janovic, and Chitre 2019). We specifically emphasize spatial
relationships, as these are ubiquitous and readily available
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in real-world multi-agent scenarios. Spatial relations pro-
vide fundamental information about the relative positions
and orientations of agents and objects, which is crucial for
navigation, coordination, and collaboration in physical en-
vironments. This focus allows us to explore how relational
information can be leveraged through implicit information
already present in the environment, without relying on ex-
plicit communication channels or complex architectural de-
signs. Our research aims to address two key questions: (1)
Can the incorporation of a state abstraction using spatial
inductive biases improve sample efficiency and asymptotic
performance in MARL? (2) How do different choices in the
design impact the learning in such relational architectures?

To address these questions, we propose MARC (Multi-
Agent Relational Critic), a simple multi-agent actor-critic
architecture that abstracts the observation based on the rel-
ative positions of the entities into a graph-based representa-
tion. MARC utilizes a shared relational component within
the critic architecture to efficiently learn a structured rep-
resentation, further aiding sample efficiency. We conduct
comprehensive empirical evaluation against state-of-the-art
(SOTA) MARL baselines and across different tasks includ-
ing a newly created collaborative multi-agent environment,
designed to be a spatially demanding task between heteroge-
neous agents. Ultimately, we examine the impact of different
design choices in our relational component in Section 5.

2 Related Work
State Abstraction in RL Abstraction has been widely
studied, with early work showing theoretical properties in
single-agent RL (Li, Walsh, and Littman 2006; Abel 2022).
Inspired by Zucker (2003) and focusing on state abstraction,
we define abstraction as a mapping of the ground-truth rep-
resentation of a state to a simpler, more compact represen-
tation by preserving desirable properties and removing less
critical information. In other words, abstraction simplifies
the information representation by dropping the information
that is not essential to the task. Many methods have shown
the success of embedding an abstract representation. For ex-
ample, Kipf, van der Pol, and Welling (2020) factorize state
inputs into objects and apply a relational, object-centric state
abstraction to model a multi-object system. Zhang et al.
(2021a) aim to learn an abstract state representation from
high-dimensional observations based on the behavioral sim-
ilarity between states to encode only information relevant to
the task. Abdel-Aziz et al. (2024) reduce the computational
complexity between communicating agents by learning a
state abstraction based on quadtree decomposition (Samet
1984). Zhang et al. (2021b) use a state abstraction compo-
nent in the MARL setting to reduce the high-dimensional
observations into a more compact latent presentation using
dense neural networks. While the abstraction method and as-
sumption we take are different, we leverage these methods’
underlying idea to discard any information irrelevant to the
task to create a more compact and efficient representation.

Relational Representation in RL Before the integration
of deep learning, traditional RL methods often falter in en-
vironments with relational structures or when generaliza-

tion beyond initial training conditions is necessary. Rela-
tional RL addresses these challenges by learning the opti-
mal policies over the objects and relations using a relational
representation such as first-order logic. Whilst this approach
has shown improved generalization and scalability, both in
single-agent RL (Džeroski, De Raedt, and Driessens 2001;
Sanner and Boutilier 2009; Driessens and Džeroski 2001)
and in MARL (Croonenborghs et al. 2006; Ponsen et al.
2010; Li et al. 2022), the use of first-order logic comes
with constraints, such as the need to hand-engineer fea-
tures (Garnelo, Arulkumaran, and Shanahan 2016). Contem-
porary methods tackle this issue by learning the relations
between objects using deep learning methods (Garnelo,
Arulkumaran, and Shanahan 2016; Jiang et al. 2021; Zam-
baldi et al. 2019). These methods assume that observations
comprise entities and the relationships between them while
using deep learning methods as an inductive bias to learn
over these structures. For example, Zambaldi et al. (2019)
learns the importance of non-spatial relations between enti-
ties using attention mechanisms (Vaswani et al. 2017). They
show superior performance and generalization capabilities
compared to purely local relations in single-agent RL. Jiang
et al. (2021) connect entities of a grid with a broader set of
spatial relations, including remote relations, into a hetero-
geneous graph and passes them through a Relational Graph
Convolutional Network (R-GCN) (Schlichtkrull et al. 2018).
Their findings indicate that the imposition of structure by
inducing a spatial bias can lead to improved asymptotic
performance and generalization capabilities in single-agent
tasks. However, they treat every cell in the grid as an entity,
whether or not it contains an environment object. We ex-
tend this idea to MARL by employing a relational represen-
tation between agents and objects in the environment where
the importance of the induced relations is implicitly learned
using R-GCNs. Additionally, we only consider the environ-
ment objects, i.e. agents and other objects, as entities and
use fewer relations, proposing a lean and abstract represen-
tation that better aligns with the computational complexity
of MARL and works on continuous domains as well.

Relational Inductive Bias in MARL Relational inductive
bias, loosely defined as the imposition of structural con-
straints on the learning process based on the relationship
between objects (Battaglia et al. 2018), is a principle com-
monly embedded in MARL architectures.

A natural way to leverage structure in MARL is on the
agent level. In fact, many of the commonly known MARL
algorithms own an architecture that represents a form of
relational inductive bias based on the structure between
agents. For example, value decomposition methods such as
QMIX (Rashid et al. 2018) assume conditional indepen-
dence between the agents to decompose their value function.
MAAC (Iqbal and Sha 2019) assumes that the influence of
one agent’s information on another can vary. Each critic can
dynamically select which agents to focus on by assessing the
relevance of the encoded information from other agents via
a multi-head attention layer that is shared between critics.
The actor-critic methods introduced by Liu et al. (2020) ex-
tend the constraint imposed in MAAC by using an additional
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hard-attention layer to strengthen the assumption that not all
other agents’ information is relevant to succeed, further re-
ducing the complexity of the game dynamics. Khan et al.
(2019) leverage the underlying graph structure and symme-
try between large numbers of homogeneous agents to pa-
rameterize the policies using a GCN framework.

Whilst the decomposition of the MARL architecture on
the agent level is very intuitive, some methods leverage the
structure already found within the observation. For instance,
VMARL (Liu et al. 2021) transforms high-dimensional vi-
sual inputs to an object-centric intermediate state represen-
tation where environment objects are linked by their proxim-
ity, before being fed to policy and actor networks. MAGNet
(Malysheva, Kudenko, and Shpilman 2019) considers all en-
vironment objects as entities when pre-training a static rele-
vance graph with known node and edge types, which is then
used to represent the observations. Agarwal et al. (2020)
and Nayak et al. (2023) employ distance-based observation
graphs with learned attention weights between agents and
objects, demonstrating that graph representations of the en-
vironment allow for a framework invariant to permutation
and the number of entities in the environment. They both as-
sume shared rewards among homogeneous agents that allow
for communication within their neighborhood. What most
of these methods have in common is that they take advan-
tage of the strong relational inductive bias posed by graph
neural network architectures, enforcing learning over enti-
ties and their relations. We similarly leverage graph neural
architectures to enforce a structured observation. However,
we leverage inherent spatial symmetries to reduce the ob-
servation complexity and employ a MARL architecture also
applicable to heterogeneous agents.

3 Methodology
3.1 Preliminaries
We work under the framework of partially observable
Markov Games, with S being the state space in which each
of the N agents has their own action space Ai, with i =
1, . . . , N , forming a joint action space A = A1 × A2 ×
· · · × AN . After taking an action, each agent i receives an
observation oi ∈ Oi ⊂ S. Moreover, we assume individ-
ual reward functions, Ri : S × A → R, which gives a re-
ward signal after every step. At each time step, the agents
simultaneously choose actions according to their respective
policies, πi : Oi 7→ P (Ai), which depend on the observa-
tion they receive. Consequently, the environment changes in
line with the transition dynamics T : S × A × S → [0, 1]
to a new state. The goal is that every agent finds the opti-
mal policy that maximizes their expected cumulative return
Ji(πi) =

∑T
t=0 γ

trti , where γ ∈ (0, 1] is the discount factor
incorporating uncertainty about future returns, and where rti
is the individual reward received at time step t.

3.2 Abstract Observation Representation
Our objective is to design a sample-efficient multi-agent
actor-critic architecture that decomposes the observations
based on spatial inductive biases. We achieve this by em-
ploying a form of state abstraction: we simplify the obser-

vation representation by dropping information that is not es-
sential to the task. This can also be described as domain re-
duction where we collapse observations into equivalent clus-
ters, causing some observations to be indistinguishable and
ultimately reducing observation complexity (Zucker 2003).

The abstraction assumption we make is that the relative
positioning of entities is relevant, not their absolute posi-
tions. We are inducing an equivalence between observations,
where we group observations with a similar spatial structure.
This induces a translation invariance that applies to both re-
mote and local relations in the observation space. For this
to hold, we assume that the relative spatial relations can be
extracted from the observation. This type of spatial infor-
mation is inherent in many common environments and real-
world scenarios and offers an intuitive example of using ex-
isting structures in the observations.

We hypothesize that this abstraction is particularly fruit-
ful in discrete domains. Discrete states can be clearly sepa-
rated from each other, which makes it easy to exactly define
boundaries for any spatial relations. In contrast, continuous
state spaces have a higher state complexity, as they are in-
finite expressions of the state and small changes can have a
significant impact on the optimal action. Hence, clustering
continuous state spaces can lead to a stronger loss of infor-
mation in the representation that could impact performance
(Li, Walsh, and Littman 2006). Whilst these challenges may
affect the effectiveness of our abstraction, we test the robust-
ness of our approach on continuous domains as well.

Effectively leveraging graph structures to impose such in-
ductive bias in MARL poses the key challenges of (a) deter-
mining how entities are represented; (b) finding an informa-
tive yet efficient use of relations; (c) aggregating information
across the graph to propagate relevant signals; (d) finding a
computationally efficient way of incorporating the structural
information into the MARL architecture. In the following,
we address these challenges through specific design choices
to create a structured, more compact observation represen-
tation that leverages the permutation invariance to the order
of entities and the translation invariance to the absolute po-
sition between entities. An overview of the steps and our
overall architecture can be seen in Figure 1.

Entity Representation In many of the discussed MARL
methods, the focus lies on the interaction between agents,
where the information they share is usually an encoding of
their individual observation and action (e.g. Iqbal and Sha
2019; Liu et al. 2020; Jiang et al. 2020; Zhang et al. 2021b).
We want to emphasize the structure already present within
the observation itself. Hence, we aim to find a structured
representation of the observation that does not only consider
the agents but also all the other objects in the environment.

Typically, observations are given as fixed-sized vectors
that contain the positions and attributes of agents and ob-
jects. This enforces an artificial ordering between the entities
that is not desirable. The structure of such an observation is
commonly a design choice and can be varied without great
loss of generality. Consequently, we assume that the posi-
tions and attributes of the agents and environment objects
can be extracted. In detail, we first construct an entity set
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Figure 1: Overview of our MARC architecture on the example of level-based foraging. Without adding information, the obser-
vation is constructed as a graph, with objects and agents as entities and our chosen set of relations. We then pass this relational
graph into a shared R-GCN component, followed by an individual head for each agent to estimate the state-action value.

V from all agents and objects. We then take the non-spatial
information from all agents and objects, such as their level,
type, if they are carrying objects, an identifier or any other
attributes. This results in a corresponding entity feature ma-
trix Z ∈ Rd×|V| with d being the number of entity features.

Spatial Relations Our abstraction assumption is that only
the relative spatial information is essential to solve the task.
In line with that hypothesis, we do not consider the absolute
position (x, y) of an entity as an entity feature but transform
this information into relative spatial edges between all en-
tities. These edges are established using spatial predicates
r(a, b) ← condition, such as left(a, b) ← xa < xb, which
indicates that entity a is to the left of entity b. Our chosen set
of relations R = {left, right, top, bottom, adjacent, aligned}
are directed edges designed to balance sufficient expressive-
ness with computational efficiency. An evaluation of this se-
lection along with the potential impact of additional rela-
tions, are discussed in Section 5. Since some entities, such
as the agents, are dynamic, the spatial relations between en-
tities change at every time step. Unlike in other methods
(Nayak et al. 2023; Agarwal et al. 2020), the edges do not
feature the distance between entities. This allows us to in-
duce translation invariance, building a compact abstraction
that treats observations with the same relative spatial struc-
ture as equivalent. We refer to the appendix for more details
on the invariance of our abstraction.

Observation Encoding Having established the structure
of the relational graph, our next objective is to obtain a
higher-level representation of the observation, informed by
the spatial relation between the entities. For this, we employ
R-GCN (Schlichtkrull et al. 2018) updates, chosen for the
ability to handle multiple relationship types. It updates en-
tity representations by evaluating the entities’ individual fea-
tures and aggregating information from connecting entities
depending on their relation type.

Formally, our graph is denoted as G = (V, E ,R, Z),
where V is the set of all entities, E represents directed
edges signifying relationships, R categorizes the types of
these relationships and Z denotes the entity-feature ma-
trix. The feature update for each entity v ∈ V , ini-

tially represented by zv ∈ Rd, is governed by z′v =

σ
(∑

r∈R
∑
u∈Nr(v)

1
|Nr(v)|Wrzu +W0zv

)
, where σ is a

non-linear activation function. Each relation type r has an
associated weight matrix Wr ∈ Rd′×d, customizing the up-
date to the specific nature of the relationship. An auxiliary
weight matrix W0 ∈ Rd′×d integrates the entity’s original
features. The termNr(v) represents the neighboring entities
of entity v for a given relation type r and the aggregation is
normalized by |Nr(v)|.

After applying a number of R-GCN layers as specified,
we obtain an updated feature matrix Z ′ ∈ Rd′×|V|. To gen-
erate a fixed-size representation, we apply a feature-wise
max-pooling operation, resulting in observation encodings
e(oi) = max-pool(Z ′), where Z ′ implicitly depends on the
original observation oi.

This entire process - from initial graph construction
through to the final pooling operation - acts as a unified
observation encoder that aligns with common MARL envi-
ronments. It transforms individual agent observations into a
compact, relational representation, emphasizing the under-
standing of entity relationships while excluding nonessential
details. Reducing the details in the representation enhances
computational efficiency without sacrificing essential infor-
mation for decision-making.

By transforming the observation into a graph represen-
tation and employing R-GCN updates followed by max-
pooling, we obtain observation encodings that are invariant
to the order of the input elements. This is a very desirable
property, as there is no natural ordering between the objects
in an environment. Furthermore, by fully removing the abso-
lute information on positions and distance between entities,
we not only reduce the observation complexity but also in-
duce a translation-invariant representation.

Learning Algorithm Having encoded the observations
into a relational graph, our next step involves feeding the re-
lational representation into the MARL framework. In prin-
ciple, the observation encoder is agnostic to the backbone
MARL algorithm and we include a supporting experiment
along with a discussion of this aspect in the appendix.
Known for effectively balancing SOTA performance with
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scalability, we employ the popular centralized training with
a decentralized execution regime. This framework enables
agents to share information during training while maintain-
ing individual decision-making during execution. To en-
hance scalability and efficiency even further, we depart from
the common practice of feeding observation information
from all agents into the critic architecture (e.g. Iqbal and
Sha 2019; Nayak et al. 2023). Instead, the individual critic
only receives the observation information from its own agent
and exchanges information implicitly by collectively learn-
ing the parameters of the observation encoder, significantly
reducing the input dimensionality to the critic. This shared
module is complemented by individual heads for each agent,
facilitating efficient learning while preserving the capacity
for learning individualized behavior.

In detail, each agent, indexed by i, maintains its own critic
and policy, allowing for distinct reward structures and ac-
tion spaces. Formally, the critic for each agent is defined as
Qψi(oi, a) = fi(e(oi), a), where fi is a dense neural net-
work that processes the encoded observation e(oi) together
with the collective actions a = (a1, . . . , aN ). Here, ψi in-
cludes the parameters from both the shared observation en-
coder e and the agent-specific dense layers fi. The critics are
jointly optimized to minimize the following regression loss:

LQ(ψ) =

N∑
i=1

E(oi,a,ri,o′i)∼D
[
(Qψi(oi, a)− yi)2

]
,

where the target is defined as yi = ri +
γEa′∼πθ̄

[
Qψ̄i(o

′
i, a
′)− α log πθ̄i(a

′
i|o′i)

]
. Here, γ is

the discount factor and D represents the replay buffer. Fol-
lowing the soft actor-critic updates (Haarnoja et al. 2018),
we define ψ̄i and θ̄i as the target critic and policy parame-
ters for each agent, respectively, and α as the temperature
parameter balancing entropy and reward maximization. The
joint target policy vector πθ̄ = (πθ̄1 , . . . , πθ̄N ) comprises
policies, each a dense neural network. The individual poli-
cies are learned via gradient ascent as in the SAC (Haarnoja
et al. 2018) framework and as described in (Iqbal and Sha
2019) without major modification. The implementation
details and hyperparameters can be found in the appendix.

4 Experiments
In this section, we detail the experimental setup designed
to evaluate the performance and capabilities of our pro-
posed algorithm. We first describe the environments chosen,
which are tailored to challenge and showcase the algorithm’s
spatial reasoning and collaborative capabilities in relation-
ally complex tasks. We then outline the baseline algorithms
against which we compare our approach to understand the
added value of the relational inductive bias, followed by a
comparative analysis of our results.

4.1 Environments
We hypothesize that the introduced abstraction learns effec-
tively in spatially complex coordination tasks with sparse
rewards. On this basis, we designed a new highly collabo-
rative environment that requires coordination between dif-
ferent types of agents and several object types. Furthermore,

we select other collaborative grid environments as they nat-
urally challenge the algorithm’s capabilities in spatial rea-
soning and cooperation under sparse rewards.

Whilst the employed state abstraction is particularly well
suited to the discrete nature of these environments, we also
evaluate our method on a continuous domain. Following is
an overview of the chosen environment and for further de-
tails, we refer to the appendix.

Collaborative Pick and Place (CPP) is a new, collabora-
tive environment with two types of agents that need to pick
up and drop off a box at a designated goal, entailing hetero-
geneous, collaborative agents. Only the picker agents can
collect a box whereas the delivery agents can only receive a
box and drop it at at a goal location. Once a box is dropped
at the goal location, no other box can be placed there. At
the beginning of each episode, the boxes, agents and goals
are randomly spawned on the grid. Depending on their role,
agents receive a reward for successful pick-ups, passes, and
drop-offs, as well as for prompt completion of the task. In
our experiments, we test the challenging setting of a 10×10
grid, 2 picker agents, 2 delivery agents and 3 objects1.

Level-based Foraging (LBF) (Christianos, Schäfer, and
Albrecht 2020) situates agents in a grid world where they
are rewarded for collecting fruits. As opposed to the origi-
nal LBF environment, we assume that fruits are on trees that
remain on the grid after the fruit has been collected, with
a value of −1. This alteration demands a higher relational
reasoning capability from agents, as they must now navigate
around the trees, recognizing them as noncollectable obsta-
cles. For testing high cooperation, our experiments run on a
10 × 10 grid with 4 agents and 4 foods, enforcing cooper-
ation (denoted as 10x10-4a-4f-coop). To assess scalability,
we extend the environment to a 15 × 15 grid with 8 agents
and 1 fruit (denoted as 15x15-8a-1f-coop).

In Wolfpack (Rahman et al. 2023), 3 agents are placed in
a 10×10 grid to capture 2 prey. In a departure from the orig-
inal setup, we have introduced sparse rewards by removing
additional rewards based on the proximity to prey, signifi-
cantly weakening the learning signal.

The Target task, based on the multi-agent particle envi-
ronment (Lowe et al. 2017) and modified by Nayak et al.
(2023), is a continuous domain environment where a number
of agents try to reach their target landmarks while avoiding
collision with obstacles and other agents.

4.2 Baselines
In our study, we choose the baselines based on the follow-
ing criteria: performance, reproducibility, ability to handle
discrete action spaces and similarity to our approach. Fol-
lowing is an overview of the selected baselines; implemen-
tation details and hyper-parameter selection can be found in
the appendix.

MAAC (Iqbal and Sha 2019) also uses SAC as the base
RL algorithm. The use of attention between agents repre-
sents a different form of relational inductive bias on agent
interaction rather than our object-centric representation.

1We made the environment code available at
https://github.com/gmontana/CollaborativePickAndPlaceEnv
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GA-AC is the AC algorithm that makes use of the G2ANet
mechanism (Liu et al. 2020). It builds on MAAC with an ad-
ditional hard attention layer, which allows for an even more
nuanced differentiation of information from other agents and
represents an even stronger inductive bias than MAAC.

InforMARL (Nayak et al. 2023) introduces a distance-
based graph representation of objects and agents that in-
forms policy and critic networks, yielding a similarly struc-
tured observation encoding. Tailored to the multi-agent par-
ticle environment, it provides a relevant baseline for our ex-
periments in the continuous domain.

QMIX (Rashid et al. 2018) leverages the structural as-
sumption of conditional independence between agents’
value functions to factorize it, yielding a rigorously imple-
mented and strong baseline for comparison.

MAA2C (Papoudakis et al. 2020) is an on-policy ap-
proach that learns a centralized critic from joint observa-
tions without other agents’ actions. It serves as a fast and
strong baseline due to its absence of relational inductive
bias, meaning it does not explicitly consider relationships
between agents or entities in the environment.

MAPPO (Yu et al. 2022) is an extension of single-agent
PPO (Schulman et al. 2017), noted for its performance and,
similar to MAA2C, does not incorporate a relational induc-
tive bias. It enhances sample efficiency through multiple up-
dates on batches of training data.

4.3 Asymptotic Performance and Sample
Efficiency in Discrete Domains

In this section, we present a comparative analysis of the
asymptotic performance and sample efficiency as illustrated
in Figure 2. Asymptotically, MARC is competitive and out-
performs all baselines across the implemented tasks. Ad-
ditionally, MARC demonstrates superior sample efficiency,
learning all the tasks the fastest. In the LBF-15x15-8a-1f-
coop task, MARC reaches an average performance of 99%
after 5.9e5 environment steps, whereas the second-best algo-
rithm, MAAC, takes 7.3 times the number of steps to reach
the same performance.

The most significant margins in asymptotic performance
are achieved in CPP and LBF-10x10-4a-4f-coop, where
MARC achieves a performance gain of 69.9% and 35.2% re-
spectively, as displayed in Figure 2a and Figure 2b. They re-
quire a high level of coordination and spatial understanding
between entities to succeed in the task. In the LBF-10x10-
4a-4f-coop setting, MARC reaches 26% of the maximum
returns, on average, in 1e6 steps, while the second-best algo-
rithm, MAPPO, reaches the same performance in 5.6 times
the number of steps. MAAC performs relatively well in tasks
that highly depend on coordination between agents, such as
LBF-15x15-8a-1f-coop and Wolfpack, as visualized in Fig-
ure 2c and Figure 2d, respectively. However, MAAC’s per-
formance deteriorates in CPP and LBF-10x10-4a-4f-coop,
where information about objects is essential to gain a good
understanding of the environment. GA-AC and MAAC do
not have a significant performance difference, indicating that
the additional hard-attention layer on the agent interactions

Algorithm 3 Agents
(2× 106 steps)

7 Agents
(4× 106 steps)

MARC 212.7± 5.7 468.2± 4.2
InforMARL 193.5± 4.3 426.1± 81.2
MAAC 236.1± 2.9 527.9± 5.4
GA-AC 236.6± 3.5 530.6± 3.4
MAA2C 233.5± 2.1 68.8± 393.4
MAPPO 109.0± 16.2 304.7± 6.0
QMIX 21.5± 14.8 −90.0± 79.6

Table 1: Asymptotic performance and standard deviation for
the Target task, averaged across 3 seeds.

does not dramatically impact performance in spatially de-
manding tasks involving reasoning over environment ob-
jects. MAA2C and MAPPO perform reasonably well in LBF
and Wolfpack. As both share the critic and policy network
across agents, one hypothesis is that this proves beneficial in
highly collaborative and homogeneous tasks.

Overall, the comparative analysis demonstrates the effec-
tiveness of MARC in achieving superior asymptotic perfor-
mance and sample efficiency in the selected multi-agent en-
vironments. The spatial inductive bias introduced in MARC
proves to be beneficial in understanding the relationships be-
tween agents and objects, leading to faster learning and bet-
ter asymptotic performance compared to the baselines.

4.4 Generalisation Performance
To assess the ability of our method to generalize to out-
of-distribution settings, we evaluate our model trained on
the most difficult scenario of LBF, 10x10-4a-4f-coop, where
MARC achieves 81% of the maximum performance, on a
varying number of agents and fruits. We then compare our
algorithm by training the best-performing algorithm on this
task, MAPPO, with the same varied number of fruits and
agents. When reducing the number of agents available to
collect fruits to 3, MARC still achieves 38% of the perfor-
mance, whilst MAPPO’s performance fully deteriorates to
0%. Increasing the number of agents by 1 makes the task
easier and yields an improved performance of 93% vs. 88%
for MAPPO. This indicates that MARC learns an invariance
to the number of agents. The performance decreases to 59%
with an increase in fruits (from 4 to 6 fruits), but given that
the number of environment steps remains fixed it generally
becomes more difficult to fulfill in time and can still be con-
sidered robust. In comparison, MAPPO’s performance de-
creases by 40% down to 19%. An overview of all general-
ization results can be found in the appendix.

4.5 Extension to Continuous Domain
As seen in Table 1, MARC performs stronger than the
SOTA graph-based algorithm InforMARL, underlining the
strength of our graph design also in continuous domains.
It is also competitive with the best-performing baselines,
MAAC, GA-AC and MAA2C. Deeper analysis shows that
the performance margin comes from MARC taking, on aver-
age, 1-2 steps longer to reach the target. There is a trade-off
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Figure 2: Mean average performance and 95% confidence interval for all discrete tasks. For each model, we run 3 random seeds.

in abstraction between a simple and efficient abstraction and
removing too much information. For example, as environ-
ment objects also have velocity in the target task, the agents
ideally have a more fine-grained understanding of the prox-
imity to other objects, rather than just knowing once they are
adjacent. This could lead to collisions that cannot be avoided
or initially going passed their target due to their accumu-
lated velocity. Further experiments, which can be found in
the appendix, have confirmed this trade-off, indicating that
a coarser abstraction yields improvements in sample effi-
ciency with a decrease in asymptotic performance. Never-
theless, our algorithm demonstrates competitive and robust
performance even for the continuous case.

5 Ablation Studies
Given the immense flexibility of graph architectures, we aim
to shed light on how different design choices affect perfor-
mance by systematically varying the following aspects:

Choice of Relations To understand how the choice of re-
lations impacts performance, we evaluate our experiments
with 3 different groups: our default relations, local rela-
tions representing a convolutional kernel, and all relations
as the union of the two, detailed in the appendix. We found
that purely local relations are not sufficient to learn the task,
achieving only 10.6% of the performance achieved by the
chosen architecture. This seems intuitive, as the agent gains
a deeper spatial understanding if they can infer information
from all entities, even if they are further away. Additionally,
adding local relations to our default set does not elevate the
performance, indicating that our default relations offer a suf-
ficient and strong enough spatial bias.

Number of Entities We compared our approach of con-
sidering only agents and objects in the graph to using all grid
elements as entities. Learning over the full grid compared to
our choice of compact representation is, despite being more
informative, not as sample efficient, reaching only 46.9% of
the performance achieved by the chosen architecture in 8e6
environment steps, along with a higher computational cost.

Choice of Graph Architecture We explore alternative
choices of aggregating information from connecting entities

in the graph. Whilst the choice is vast, we focus on previous
work in the single-agent literature, where relational induc-
tive bias between the entities is introduced via multi-head
attention (Zambaldi et al. 2019). For this, we construct a bi-
nary graph and pass it through a Graph Attention Network
(GAT) Veličković et al. (2018). Furthermore, we combine
the approaches of spatial relations and varying importance
between entities as in GATs by using an R-GAT layer (Bus-
bridge et al. 2019) on the graph constructed in Section 3.
For a detailed display of these alternative implementations,
we refer to the appendix. Our R-GAT and R-GCN imple-
mentation yield indistinguishable performance, indicating
that implicitly specifying different importance between en-
tities does not yield a more expressive representation and its
computation is therefore not required. In contrast, the use
of a GAT layer yields suboptimal performance, asymptoti-
cally reaching only 23.4% of the chosen architecture’s per-
formance. The non-spatial, weighted interactions among en-
tities might not serve as a robust inductive bias to effectively
reason about the inherent structure of the task.

6 Conclusion and Future Work

In this work, we presented a relational state abstraction
approach for MARL and demonstrated its effectiveness in
environments requiring spatial reasoning and coordination
among agents. By incorporating spatial inductive biases into
our abstraction, we achieved significant improvements in
sample efficiency and asymptotic performance compared to
SOTA MARL algorithms. Our findings provide strong evi-
dence for the potential of leveraging relational inductive bi-
ases to address the challenges of sample efficiency and gen-
eralization in MARL.

To further enhance our method, future research could ex-
plore the incorporation of inductive biases beyond spatial
reasoning, an even stronger incorporation of structured rep-
resentations, for example into the policy network as well,
and the fine-tuning to more complex, high-dimensional envi-
ronments. Investigating the interpretability and transparency
of the structured representation could also facilitate the de-
ployment into real-world scenarios.
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