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Abstract

Recently, the surge in interest surrounding deep multi-agent reinforcement learning (MARL) can be
attributed to its remarkable success in tackling various cooperative multi-agent tasks. Despite these
advancements, the challenge of effective exploration persists in MARL, primarily owing to the inherent
partial observability of agents and the exponential growth of the exploration space with an increasing
number of agents. To address the formidable scalability issue associated with exploration, we introduce
a formation-based equivalence relation on the exploration space. This novel approach aims to streamline
the exploration process by narrowing down the search space to states that bear meaningful distinctions
in different formations.

Building upon this foundational concept, we present the Formation-aware Exploration (FoX) frame-
work, a pioneering approach designed to guide partially observable agents toward states within diverse
formations. FoX achieves this by fostering an acute awareness of the agents’ current formation based
solely on their individual observations. By encouraging agents to navigate and explore the exploration
space through the lens of formations, FoX seeks to provide a more nuanced and targeted exploration
strategy.

In our numerical evaluations, the results unequivocally demonstrate the superior performance of
the proposed FoX framework when compared to state-of-the-art MARL algorithms. These assessments
were conducted on challenging tasks in both the Google Research Football (GRF) environment and the
sparse StarCraft II multi-agent challenge (SMAC), showcasing the efficacy and versatility of FoX across

diverse scenarios..
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I Introduction

In recent years, the field of multi-agent reinforcement learning (MARL) has emerged as a powerful
paradigm, demonstrating remarkable success in addressing complex real-world challenges across di-
verse domains. Applications such as traffic control [1, 2], games [3], and robotic controls [4] have
witnessed substantial advancements owing to the application of MARL techniques. The growing pop-
ularity of MARL is underscored by the continual introduction of novel algorithms designed to enhance
the collective decision-making and learning capabilities of autonomous agents [5—7].

MARL algorithms exhibit a rich diversity, broadly falling into three distinctive categories based on
their approaches to learning and execution. First, fully decentralized methods [5, 8] pursue a strategy
where agents are trained independently, allowing them to make decisions autonomously without explicit
communication or coordination. Second, fully centralized methods [9] leverage shared information
among agents to enhance training efficiency, fostering collaborative decision-making. Finally, central-
ized training with decentralized execution (CTDE) methods [7, 10, 11] represent a hybrid approach that
provides global information during the training phase. This approach aims to address issues related to
nonstationarity while preserving scalability during execution. The incorporation of global information

allows agents to adapt to changing environments more effectively.
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Figure 1: (a) Illustration of formation-based state equivalence. Defining state equivalence under forma-
tions can reduce the search space efficiently. (b) Illustration of formation-awareness. Agents cannot be
fully aware of formations shaped outside their sight range, so exploration without formation awareness
may lead to an inaccurate perception of the current formation. By encouraging the agents to be aware of

the current formation, FoX mitigates the challenges from partial observability.



Nevertheless, despite the impressive strides made by MARL algorithms, they encounter formidable
challenges stemming from the inherent complexities of partial observability [12]. The issue of partial
observability poses a substantial hurdle, particularly in dynamic environments where agents possess
limited knowledge about the overall state of the system. Even in the realm of traditional reinforcement
learning (RL), effective exploration is deemed crucial to prevent agents from converging prematurely to
sub-optimal policies [13]. In addressing the exploration-exploitation trade-off in traditional RL, innova-
tive methods grounded in the concept of curiosity have emerged [13—15].

Curiosity-based exploration methods, particularly those employing count-based strategies, have proven
to be both simple and efficient in the context of single-agent RL problems [15, 16]. However, the tran-
sition from single-agent scenarios to MARL introduces additional layers of complexity, magnifying the
challenges associated with exploration in the presence of partial observability. The exponential growth in
the search space due to considerations for agent relationships necessitates novel approaches. Techniques
such as leveraging the influence between agents [17] or incorporating social influence dynamics [18]
have been proposed to enhance exploration capabilities in MARL. Despite these endeavors, the efficient
exploration of multi-agent systems remains an ongoing challenge [19]. The intricate interplay of agents
within dynamic and partially observable environments calls for continued exploration into innovative
methodologies to unlock the full potential of MARL algorithms.

In practical scenarios, such as soccer matches, considering the entire information of the playing field
when formulating strategies becomes impractical. Coaches often rely on strategic formations, which
encapsulate the distance information and influence between players. In soccer games, for instance, the
formation adopted is instrumental in achieving victory against opponents. Drawing inspiration from the
intricate strategies of real soccer games, we extend the concept of formations to the realm of multi-agent
environments. In this context, we define a formation based on the distinct differences between agents,
recognizing the pivotal role of these formations in shaping effective strategies.

Motivated by the soccer game analogy, we introduce a novel framework known as Formation-aware
exploration (FoX). The FoX framework aims to revolutionize exploration strategies by prioritizing the
discovery of diverse formations rather than navigating expansive search spaces. Our contributions to the
FoX framework are twofold: 1) Formation-based Equivalence Relation: We define a formation-based
equivalence relation on the exploration space, enabling efficient visits to states in diverse formations
as illustrated in Figure 1(a). 2) In order to overcome the partial observability of agents, we design an
intrinsic reward to encourage each agent to be aware of the formation viewed by the agent as shown
in Figure 1(b). To demonstrate the effectiveness and superiority of our proposed exploration method,
we conduct comprehensive performance comparisons in various challenging multi-agent environments,
including the StarCraft II Multi-Agent Challenge (SMAC) [20] and Google Research Football (GRF)
[21]. Through these evaluations, we aim to showcase the potential of the FoX framework in enhancing

exploration strategies in dynamic and complex multi-agent scenarios.



II Related Works

2.1 Deep Multi-Agent Reinforcement Learning

The surge in popularity of multi-agent reinforcement learning (MARL) has prompted the development
of a myriad of algorithms [5, 11,22-25]. Fully decentralized methods [5, 26] treat individual agents as
independent entities during training, while the centralized training with decentralized execution (CTDE)
paradigm integrates global information for more robust learning in the face of partial observability.
QMIX [7] adopts a mixing network to decompose team-wide expected returns into individual Q values.
Extensions of this approach, such as QTRAN [27] and QPLEX [28], further refine value decomposition
principles, aligning with the Interactive Graphical Model (IGM) framework. In contrast, policy-based
methods [6, 10, 29, 30] approach MARL problems through policy optimization, diversifying the land-

scape of techniques for addressing multi-agent learning challenges.

2.2 Exploration in State Space

In environments characterized by sparse rewards or intricate state spaces, ensuring efficient exploration
becomes paramount. Strategies such as utilizing prediction errors as intrinsic rewards [31-35] have
proven effective. Another avenue involves designing intrinsic rewards based on visitation count methods
[13,16,36,37]. While [36] suggests using a density model to approximate the number of visits to a
state, [16] takes a different approach by hashing similar states to discretize the high-dimensional state
space. Exploration strategies have also been pursued through information-theoretical objectives [38—41],

further broadening the repertoire of techniques available for navigating complex state spaces.

2.3 Intrinsic Motivations in MARL

The challenge of partial observability poses a significant hurdle to efficient exploration in MARL,
prompting a surge in studies to address this issue [42—45]. Leveraging external state information, such
as the agents’ locations [46], can significantly enhance training, but such assumptions may impact gen-
erality across applications. Approaches like [17, 18] tackle this challenge by exploring based on the
influence between agents, while [47,48] assigns roles to agents for task-appropriate behavior. Sub-goal
targeting is explored by [49], aiming for observations with the highest sum of individual and global
values. On a different note, [50] introduces a latent space based on a hierarchical level to propose a
latent variable shared among the agents so that the agents may explore in an extended fashion. [19] de-
fines curiosity based on prediction errors on individual Q-values, while [51] encourages agent diversity
through local trajectory considerations. These intrinsic motivation strategies contribute to the robustness

and adaptability of MARL algorithms in various scenarios.



III Preliminaries

3.1 Reinforcement Learning

Reinforcement Learning (RL) serves as a foundational paradigm in machine learning, offering a prin-
cipled framework for modeling and addressing decision-making problems. Fundamentally, RL deals
with the interaction between an autonomous agent and its dynamic environment, where the agent seeks
to optimize a cumulative reward signal through a sequence of decisions. This interaction is encapsu-
lated within the formal structure of a Markov Decision Process (MDP), a mathematical framework that
rigorously captures the essential elements of sequential decision-making.

Formally, an MDP is defined by the tuple (S,A,P,R), where S represents the true state space of
the environment, A denotes the set of permissible actions available to the agent, P characterizes the
state transition probability function, and R specifies the immediate reward function. The state space
S comprises all possible situations the environment can assume, while the action space A enumerates
the feasible decisions that the agent can undertake. The transition probability function P delineates the
likelihood of transitioning between states based on chosen actions, and the reward function R quantifies
the immediate rewards associated with state-action transitions. These components collectively define
the dynamics of the decision-making process within the MDP.

A cornerstone concept within RL is the Bellman Equation. The Bellman Equation is a fundamental
recurrence relation that characterizes the value of a state in terms of the expected immediate reward and
the value of the next state under an optimal policy. Mathematically, for a state s and action a in the

Markov Decision Process (MDP), the Bellman Equation is expressed as:

V*(s) :max{R(s,a)—l—}/ZP(s’]s,a).V*(s’)} (1)
acA =

where V*(s) represents the optimal value of state s, R(s,a) denotes the immediate reward obtained when
taking action a in state s, ¥ is the discount factor that models the agent’s preference for immediate
rewards over delayed rewards, P(s'|s,a) is the transition probability from state s to state s’ given action
a, The summation is taken over all possible successor states s', The maximization is performed over all
possible actions a in state s.

Q-Learning is a model-free RL algorithm that focuses on estimating the optimal action-value func-
tion, denoted as Q*(s,a), representing the expected cumulative reward of taking action a in the state s

and following the optimal policy thereafter. The Q-Learning update rule, based on the temporal differ-

ence (TD) learning principle, is given by:
O(s,a) + (1—a)-Q(s,a) + o~ |R(s,a) +y-max Q(s',a') ()
a/

Here: Q(s,a) is the current estimate of the action-value function for state s and action a, « is
the learning rate that determines the weight given to new information, R(s,a) is the immediate reward

obtained when taking action a in state s, ¥ is the discount factor, s’ is the next state after taking action a.



3.2 Decentralized POMDP

A fully cooperative multi-agent task can be seen as a decentralized partially observable Markov decision
process (Dec-POMDP) [52], represented as a tuple G = (7, .o/, 2, r,Z,0,0,1,n,y). ./ is the true state
space of the environment or the observation product space of all n agents, where [ is a finite set of n
agents. o7 is the set of actions. At each time step ¢, each agent i € I receives d-dimensional observation
vector ol € 0" from the environment according to the observation function O'(s). Then, agents select
joint action a, = (a¥,--- ,a "), and the next state s, | and the global reward r, = R(s;,a;,) are generated
from the environment based on the transition function P(-|s;,a,) and the reward function R. Z is the
latent space, and y € [0,1) is the discount factor. Each agent conditions its policy 7'(ai|t/), where
7 = (09,a0,- - ,0,) is a trajectory of i-th agent, as the agents choose their action based on their local
observations. Individual policies 7; form the joint policy & = Hf;ol ', and the main objective of RL is

to maximize the cumulative reward sum Ey, 4, ...[Y./ ' 7] given from the environment, where 7 is the

episode length.

3.3 Centralized Training Decentralized Execution

The CTDE methods provide information of the full information of agents only during training to mitigate
the challenges from partial observability while maintaining decentralized execution. Among the CTDE
methods are the value decomposition methods where the global value function Q' (7,a) is decomposed
into individual values. A popular value decomposition method is QMIX [7], which decomposes the

global value function through a mixing network to individual agent utility functions Q' as follows:

n—1
argmax ' (7,a) = [ Jargmax Q'(7',d'), 3)
a i=0 d
where T = (Tp,- -+, T,—1) is the joint trajectory. Furthermore, the individual-global-max (IGM) condition

must be satisfied to maintain consistency between local and global greedy actions [27]. The consistency
between the global and local greedy actions allows greedy local actions to result in optimal global

actions.



IV FoX: Formation-aware Exploration

In this section, we introduce FoX, a novel exploration framework for cooperative multi-agent reinforce-

ment learning.
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Figure 2: (a) Pure exploration reward based on visitation count graph. (b) Heatmap of diverse formation-
based exploration space. With initial spawn formation at (0,0), a farther point in the heatmap indicates a

larger difference in formations.



4.1 Motivation of Formation-aware Exploration

In the broader context of multi-agent reinforcement learning (MARL), it is common to assume that
agents possess information about the true global state of the environment during centralized train-
ing. However, such an approach may compromise the generality. To overcome this constraint, we
adopt a more inclusive perspective by considering a scenario in which agents explore the observa-
tion product space. In this context, the exploration space, denoted as .7, is introduced as the ob-
servation product space, defined as .#¢ := [[,; 0". Here, each element of .#¢ encapsulates joint ob-
servations from all agents, forming a comprehensive representation of the exploration space. Conse-
quently, agents are encouraged to explore diverse exploration states, characterized as joint observations
Se := (00, ,0n—1) € . This broader exploration perspective aims to facilitate agents in experiencing
a rich array of interactions and dependencies between themselves, enhancing their ability to adapt to
various dynamic and complex multi-agent scenarios.

However, navigating all possible exploration states in the observation product space (.7’¢) presents a
formidable challenge, especially as the dimensionality of the observation space and the number of agents
increases. The exponential growth of .¥¢ exacerbates this challenge, a phenomenon commonly referred
to as the curse of dimensionality [53]. To address this issue, inspired by the strategic considerations
in real soccer games, this paper introduces the concept of a formation, denoted as .%. Formations are
defined based on the differences in observations between agents, providing a structured and meaningful
representation of the exploration space. The primary objective is to explore a diverse array of formations
rather than exhaustively sampling the entire .#¢, thereby mitigating the complexity associated with
the expansive search space. By strategically focusing exploration efforts on distinct formations, the
proposed approach aims to enhance the efficiency of learning in multi-agent systems, drawing inspiration

from real-world scenarios where strategic formations play a pivotal role in achieving success.

Average Reward Graph I}eward Difference Graph
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Figure 3: (a) Average reward graph of exploration method based on visitation counts of the three compo-
nents joint observations, individual observations, and formations. (b) Graph of average reward difference

between two sets S; and S, for each component.



To demonstrate the importance of formation-based exploration, we conducted pure-exploration ex-
periments within the modified 2s3z environment of StarCraft II Multi-Agent Challenge (SMAC) [20].

In this experimental setup, agents are exclusively rewarded for count-based exploration, given by r; o<
1
N(s)

types of components s for comparative analysis: 1) joint observations (0°,---,0"!), 2) individual ob-

, emphasizing the exploration of rarely visited components s. Here, we consider three distinct

servations o', and 3) proposed formations .% . The outcomes of pure exploration are visualized in Figure
2, with Figure 2(a) displaying the average pure exploration rewards and Figure 2(b) illustrating the
heatmap of visitation frequency for diverse formations in the exploration space.

For joint observations, the average reward does not exhibit a significant decrease, implying that
most joint observations are perceived as novel. However, this limited decrease results in exploration
being confined to a specific area, as depicted in Figure 2(b). In the heatmap illustrated in Figure 2(b),
points farther from the origin indicate larger differences in formations. In the case of individual obser-
vations, the visitation reward diminishes rapidly, extending exploration to areas farther from the origin
than the joint observation case. Despite this, individual observations still fall short of thoroughly ex-
ploring the diverse regions as depicted in the heatmap. Conversely, in the case of proposed formations,
agents successfully navigate and visit a more extensive range of areas within the heatmap, with the pure
exploration reward appropriately decreasing, as shown in Figure 2(a). This pure exploration experi-
ment illustrates that the proposed formation-based exploration method facilitates superior exploration,
enabling agents to visit a more diverse array of formations in the exploration space.

Additionally, we provide a comprehensive understanding of the proposed exploration strategy ac-
cording to Figure 3, which demonstrates the intrinsic reward tendencies (r;). Figure 3(a) depicts the
total average of r, (corresponding to Figure 2(a)), while Figure 3(b) focuses on the average r; of two
distinct state sets: S| = {s; € |1 < N(.Z(s;)) < 100}, consisting of states that rarely visit the same
formation, and S, = {s; € L |N(F (s;)) > 100}, where N(.Z (s;) is the number of visits to the formation
at state s,, to encompass the states that are frequently visiting the same formation at t = 500k.

In Figure 3(a), the reward difference between the two sets S; and S, is evident. For the cases of
joint observations and individual observations, the average rewards exhibit either a slow decay or a rapid
decline, resulting in relatively small reward differences between S| and S, as illustrated in Figure 3(a)
and Figure 3(b). Conversely, in the case of our proposed formation-based exploration, the reward appro-
priately decays for S, only. Consequently, the average intrinsic reward of S; is substantially higher than
that of S,, leading to a notable reward difference compared to the other two cases. This observation im-
plies that the agent achieves significantly higher rewards when exploring rarely visited formations (S1),

highlighting the efficacy of the proposed exploration strategy in promoting more effective exploration.

4.2 Formation Arrangement

To address the challenge posed by the high dimensionality of observation differences o — o/, we propose
a strategy to define a formation based on these differences, as elaborated in previous sections. However,

the dimension of the observation difference o' — o/ remains prohibitively large, posing difficulties for



effective exploration. Consequently, we initiate a dimensionality reduction process, transforming the

observation difference 0; — 0; into a 2-dimensional vector D/ := (||o’ — 0/||2, ¢(0o' —07)) € R x Z.
Here, || - || denotes a 2-norm operator, and ¢ : RY — 7Z is a mapping function that converts the angle

of inputs into integers based on hash coding [54]. Specifically, we employ SimHash [16] for hash coding.

SimHash utilizes a random vector v and computes the hash code / by applying the sign function sign(-)

1, ifx>0 .

defined as sign(x) = . The generated hash code i = sign(v - H(Z::jj\b) is then converted
0, ifx<0

into an integer number ¢(0; —0;) = hine € {0, - - , 2" — 1}, discretizing the angle between the observation

difference o' — o/ into 2™ categories. We opt for m = 9 in our experiments, as this choice provides a
sufficiently expressive representation for the angle of the observation difference, offering 512 categories.

In the context of visitation count, we introduce the round function, denoted as round(-) to refine the
discretization process more accurately than SimHash. The round(-) function, implemented in Python,

rounds the input value to the /-th decimal place using the following formulation:

floor(x-10")- 107, if x- 10! — floor(x- 10) < 0.5
round(x) = .

(floor(x-10") +1)-10~!, otherwise

For a balanced treatment of the input data, an overly coarse discretization that would occur with
excessively small values of / must be prevented. On the contrary, using a very high value of / may
distinguish all inputs differently. Therefore, the selection of an appropriate / value is crucial in the
context of visitation count methods [55]. In our experimental setup, we find that / = 1 or 3 yields
effective results, particularly in scenarios involving SMAC and GRF environments.

Following the round(-) discretization, we proceed to calculate the visitation count N(s) based on
the output of this function. The variable s can represent various components, such as joint observations
(0°,---,0" "), individual observations o/, and our proposed formation .%. Subsequently, leveraging
the visitation count information, we formulate the pure exploration reward r*¥ o ﬁ@ This formula-
tion incorporates the inverse square root of the visitation count N(s) for a particular state s, effectively
incentivizing the exploration of rarely visited components. This comprehensive strategy aligns with
the broader exploration objectives within the multi-agent reinforcement learning framework, promoting
diverse and informative agent interactions across the environment.

In light of the reduced dimensionality achieved through the transformation of D%/, encapsulating

both the distance and angle information of o' — o/, we proceed to define the formation Fyo ... a1 for an

exploration state s¢ = (0°, ---, 0"~!) € .. This formation is characterized by the composition:
0 —1
tgaF()7.--7F'l—1 (Se> = (ypoa T 73?;/1—1)7 “4)
Here, n denotes the number of agents, F' = {jo, -, ji_1} C I represents an arbitrary ordered agent

index set, and .# fm- signifies the individual formation as perceived by the i-th agent, defined as:

ﬁ]{"i:(Dijou'”7Dijkil)' (5)



Through this definition, the formation of the exploration state s° comprehensively encompasses all
the difference information pertaining to the pairs of agents (i, j), where i € I and j € F'. Going forward,
we adopt the notation .# to refer to the formation, enhancing clarity in our discussions. This strategic
reduction of dimensionality not only facilitates a more efficient representation of the exploration state
space but also enables a streamlined exploration process by capturing the essential agent interaction
dynamics in a compact and informative manner.

Finally, we can define a formation-based binary relation on the exploration state space as
~g ={(s1,8) € S x| F(s1)=F(s2)}, (6)
and we can easily prove that ~ 4 is an equivalence relation on the exploration space .#’“ by Lemma 1.

Lemma 1 (Formation-based equivalence relation) The binary relation ~ g is an equivalence relation
on the exploration space ¢, i.e., two exploration states sy and s, in the exploration state ¢ are

equivalent under ~ z if F (s1) = .7 (s2).

Proof 1 To prove Lemma 1, we have to show that ~ g satisfies 3 properties of equivalence relation:
s1 ~g 81 (reflexity) from the definition, if s\ ~g s, then s| ~g sy (symmetry), and if s; ~z 52 and
§o ~ g 83, then s1 ~ g s3 (transitivity), Vsi, sz, s3 € .7°.

1) Reflexity: For all s1 € /¢, F(s1) = .Z (s1), showing s; ~z 51

2) Symmetry: For all s\, sy € /¢ such that s\ ~g s2, F(s1) = .F (s2) implying .F (s2) = F (s1).
Therefore, so ~z S|

3) Transitivity: Suppose sy, s2, s3 € ¢ such that sy ~ g s, and sy ~ g s3. As F (s1) = F (s2) and
F (82) = F (s3) from the definition of ~ z, we have F (s1) = F (s3), indicating s ~ z s3.

Thus, ~ & is an equivalence relation on .°.

It is essential to highlight the dimensional characteristics of the formation, denoted as .%#, and its
implications for the exploration space. The formation’s dimensionality is expressed as nk, where n
signifies the number of agents and k is contingent on the chosen agent index set F'. In practice, the
selection of F' allows for adaptability, catering to specific scenarios and agent interactions. Notably,
the dimensionality of the formation, nk, is often considerably smaller than that of the exploration space,
which is nd, with d representing the observation dimension. This distinction in dimensionality is pivotal
for computational efficiency, as the observation dimension is frequently larger than the chosen formation
dimension. Consequently, this strategic reduction in dimensionality aids in streamlining the search
space, enhancing the exploration process by focusing on essential agent interaction dynamics.

Furthermore, the concept of equivalence relation ~ & plays a crucial role in the exploration strategy.
By adhering to this relation, agents navigate through exploration states in diverse formations, avoiding
visits to equivalent states that share identical formations. This avoidance of redundant visits not only
aligns with the equivalence relation but also contributes to a substantial reduction in the effective search
space. The practical manifestation of this reduction is evident in Figure 2, showcasing the enhanced
exploration facilitated by the formation-based equivalence relation. This insightful visualization un-

derscores the efficiency and efficacy of the proposed exploration scheme, where agents systematically
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explore diverse formations, leading to a more comprehensive understanding of the exploration space

and, consequently, improved exploration outcomes.

4.3 Formation-aware Exploration Objective

In this subsection, we propose a formation-aware exploration objective to explore states in diverse for-

mations as
HF) T T (@l )
— i 15% \Z )
H(a,)_t/ n(k—|— 1) i=0 e+ Fit+1 t(b)t t

where F'™ = FiU {i}, a” indicates the set {d'|i € F}, 7 (X) = —p(X)logp(X) is the information
entropy of a random variable X, and .# (X;Y) = (X)) — .2 (X|Y) is the mutual information between
random variables X and Y.
In pursuit of the exploration objective, component (a) involves maximizing the entropy of forma-
tions, a strategy that encourages agents to explore states in a myriad of formations, as vividly depicted
in Figure 1(a). The overarching goal is to foster a rich and diverse exploration experience. Achiev-

ing the maximization of (a) entails leveraging visitation count-based exploration methodologies [13].

Specifically, we introduce a formation-based count exploration reward, denoted as r{"” = Nl(gz) . This
t
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reward mechanism offers higher rewards to agents who venture into states characterized by rarely visited
formations, thereby promoting a balanced and thorough exploration of the exploration space.

To effectively quantify the number of occurrences of a formation, N(.%;), we employ the round(-)
method. This method serves the purpose of discretizing the formation .%;, subsequently facilitating
the counting of visitations within discretized bins. The discretization process enhances the precision
of visitation count calculations, allowing for a nuanced understanding of the exploration landscape.
This meticulous approach to counting formations aligns with the broader objective of maximizing the
entropy of formations, fostering an exploration strategy that not only explores diverse formations but also
captures the richness and variety within each formation, contributing to a comprehensive exploration
endeavor.

Navigating the challenge of partially observable environments in MARL, achieving the exploration
goal of maximizing the entropy of formations (a) becomes intricate when agents lack complete infor-
mation about the formations. In light of this, we introduce an additional formation-aware objective (b)
to address this challenge. Objective (b) centers around enhancing the mutual information between the

latent variable z,j for all j € F'™ and the subsequent formation ﬁ i In this context, given the tra-

it+1°

T\

jectory T/, the trajectories tF \{ J}, and the latent variables zt of other agents, maximizing (b)

guides the i-th agent not only to be cognizant of its own next formation .%' but also to understand

Fit+1

the formations .7 for all agents j such that i € F/. This strategic approach, illustrated in Figure

Fip+1
1(b), empowers agents to maximize both (a) and (b), encouraging them to explore diverse formations
while gaining a nuanced understanding of their own and others’ formations. By jointly optimizing these
objectives, agents contribute to a more comprehensive and informed exploration strategy, aligning with

the overarching goal of navigating diverse formations in partially observable environments.
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Figure 5: Schema of FoX framework
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In order to maximize (b), we derive an evidence lower bound for the mutual information term based
on the variational inference approaches [51,56], and then we will maximize the evidence lower bound

to increase the mutual information.
Lemma 2 (Evidence lower bound) Mutual information (b) can be lower-bounded as

I (Tt W >
: i+ pit 0 pit (7)
Eg: A~ o, [logq(pf(f;:iJH 17 ) —logp(ﬁ‘l’w t+1| g \{J})],

TFL17

where gy, (-| 7/ ",z is an arbitrary posterior distribution, and ¢r and ¢, parameterize the distributions

¢, and gy, respectively.

Proof 2
i+ Fi+ /
J(ﬁ;,m,z\ o U
i+ fi ; i+ i+ i+ it
Z Zp Flz+17zt F » 3t \{]}){logp(y]l?iJJrl’TtF 7157 )—lng( t+1’ F » Xt \{J})}
7, 7
Figg1 1

i+ Fit i+ i\ [ 7 i+ i+
_ Z ZP F”H F 2 \{J}) (! ‘,L.F ZF \{/}){logp( Fl[+]| F ,Zf )
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7R 4

i i+
logp(Fi, T “”)}

i i+ it i i\ i+ i
- Y zp%,m 8 W g () \{f}>{10gp< AL AN
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—10gqo (T |t o2l ) Hlogde, (Fp |t &) ~logp(Fp T \{”’}
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p(Fh, Nt d)
Fit Fl+ F+ Fit F l+1 t
_Zq¢e Z[’T < \{j} Z p F’ t+1 7Z1‘ )log F1+ Ft+ (8)
4 Z, ( F’t+1| ’ )
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i+ _pit i+ _pi+
Dre(p(1f™ 2 ) llaClef ™ 27 )= 0
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i+ i+
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which concludes the proof.
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Algorithm 1 FoX framework
Initialize ¢, @7, g, 0, 0~

1: for each epoch do

2:  for each gradient step do
3 Obtain trajectory samples from environment
4: Choose random batch from buffer &
5 Calculate formation .%; from o; in (4)
6 Compute intrinsic rewards ré?, p®"ee
7 Compute loss functions L, Le, Lgz, LTp
8: Update .7 -Net parameters ¢, ¢r, ¢, based on (9)
9: Update Q-function parameter 0
10: Update target parameter 8~ using EMA.
11: Store samples in buffer

12: end for
13: end for

In the proof of Lemma 2, 7/ is averaged over the distribution q¢,(-|7F " sz\{j }), but it makes diffi-
cult to utilize the latent variable z{ in the decentralized execution setup since j-th agent cannot exploit
the other agent’s trajectory information. Thus, For practical implementation, we opt for the approximate
distribution q¢e(-|’c,j ) over g, (-| T " ,Zﬁm\{j }) leading us to formulate an encoder-decoder structure re-
sembling a variational auto-encoder (VAE) [56]. The encoder, denoted as Ejy, (7/), produces the mean
and standard deviation of the latent variable z/ for sampling purposes. The decoder, represented by

Dy, (zF Ur), generates the prediction for the next formation FL However, the trajectory 7' may con-

g+
tain information unrelated to the formation prediction, which éould be transmitted to the latent variable
7' [14]. To mitigate this, we introduce gradient flipping (GF) technique inspired by domain adapta-
tion [57]. To implement GF, we incorporate an additional trajectory decoder Dy, (z!) that reconstructs
the trajectory £/. We update the encoder parameter ¢, to impede trajectory reconstruction, while the
decoder strives to reconstruct the trajectory. This approach ensures that irrelevant information from the
trajectory 7/ is avoided in delivering to the latent variable z/, aligning with the principles outlined in [57].

In summary, we can construct .% -Net architecture as shown in Figure 4. We define a formation pre-

A

diction loss Ly(¢e,¢y) = 2 ¥ MSE(L?;,-JH, ﬂF,-JH), a trajectory reconstruction loss Lg(¢e, ¢g) =
Lyn s MSE(t!, ), and Kullback-Leibler divergence loss Lkr(¢.) = Dxr(qg,(-|%)||-#(0,I)) as in
[56,57], where MSE (x,y) = E[(x — y)?] is the mean square error loss and .4 (0,1) is the multi-variate
standard normal distribution with identity matrix I. Based on the loss functions, we can update the

encoder-decoder parameters ¢., ¢r, ¢, as follows:

¢e<—(l—a)¢e+a<aLf aLKL—AGFaLg>

_‘_7
29, e e
DT 9 o)
¢-<—(1—a)¢-+a% Oy (1—0)o +a%
f f a¢f’ 8 8 a¢g’
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where « is a learning rate, Agrp is a hyperparameter that controls the gradient flipping effect, and we
fix Agr = 0.1 in our setup. Note that ¢, maximizes the reconstruction loss L, to prevent the trajectory
reconstruction. Finally, in order to maximize the evidence lower bound in (7) to be aware of the forma-
tion information, we design the intrinsic reward r*** that approximately represents the evidence lower

bound as follows:

n—1
pier = 1 53 (1ogq¢f< Flald )
i=0 ) (10)
S )
JEF™
Since gy, is an arbitrary posterior distribution in Lemma 2, for implementation of r**"*, we set the

posterior distribution loggy, in the evidence lower bound term as the prediction error of next forma-
F i+ F1+ o
tion, i.e., loggy, (F t+1| %, )~ —MSE(Z ﬁ‘lg, 41

\{J})

). Also, we approximate the latter term
F”r \{J})] ~

Fi, b
~ logEZjNQe [‘N’f( tl+1|
))]. However, in this paper, we just use more s1mp1e approxi-

gl
Fl Jg+17 '/Ff7t+l

that gy, is close enough to .4"(0,I) by reducing Lg; .

log p using the predlctlon error as log p(.%; +1‘ ,Z,
logEZjN%[eXp( MSE( F’ 1+ ‘gil

Fi t+1
mationlogp =~ E_;_ 4o [-MSE (% )] for practical implementation under the assumption

ext

With the extrinsic reward & given from the environment and intrinsic rewards r;*” and r#**’¢ for

aware “where 31 and

formation-aware exploration, we can define the total reward r'” = r& + B r{"" + Bor
B, are hyperparamers to control the effect of our intrinsic rewards r{"? and r#*%", respectively. Then, an
overall temporal difference loss to update the total Q-function Q%" in (3) parameterized by 6 is defined
as

Lrp(8) = (" +ymax 0" (si1,') = 0" (s1.a))’ (11

where 07 is a parameter for the target network updated by the exponential moving average (EMA). We

summarize the proposed FoX framework as Algorithm 1 and Figure 5.

4.4 Selection of Index Set F'

In the context of arranging formations, the choice of agent index sets denoted as F', introduces variabil-
ity in the formation configurations. For instance, one could consider F""* := {argmax jengind (i,/)}
which assembles a formation among agents with the most substantial differences from the focal agent
i. Similarly, Fimin = {argmin; .\ (4 d(i,/)} forms a configuration involving agents with the small-
est differences. Exploring the spectrum, Fimaxmin — pimaxy pimin encompasses both extremes, and
F = [i|i € I\{i}} includes all agents except the focal one. The impact of these different formations
on exploration behaviors is examined in our experiments, as illustrated in Figure 6. To delve deeper
into the influence of F' selection, we conduct an ablation study. Surprisingly, the results reveal that the

combined set F"@™min gutperforms the others, showcasing its efficacy in promoting exploration.
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Figure 6: Formations with various agent index set F. While F""% Fimin focuses on particular agent

relationships, F#4// and F'™@™in considers extensive agent relationships.

4.5 Formation-based Shared Network

Based on the shared network structure for individual Q-function proposed in [51], we aim to exploit
the latent variable z.. Thus, individual Q-function Q' in (3) can be decomposed as three Q functions as
follows:

Q'(t.,) = QM (5], ) + 05 (1], ) + @7 (a1, ), (12)
where QShared ig g shared Q-function, Q¢ is i-th local Q-function, and Q7 is a Q-function that exploits
formation information using z/. As proposed in [51], we also consider /1 regularization for QX% with

the regularization coefficient A,,; = 0.1.
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V Experiments

Our implementations are based on the open-source code provided by [20] and are developed using the
PyTorch framework. Leveraging the computational power of an NVIDIA RTX 3090 GPU and an Intel
Xeon Gold 6348 CPU, our experiments were conducted on an Ubuntu 20.04 system. The training
process for the SMAC scenarios requires less than a single day to complete. On the other hand, training
on the more complex scenarios from the GRF environment concludes in less than 36 hours for every
5,000,000 time steps which is 20~30% more training time than QMIX. Even considering this, we believe
that FoX has sufficient benefits compared to QMIX These specific details regarding the hardware and
time requirements underscore the feasibility and scalability of our approach across different multi-agent

reinforcement learning scenarios.

5.1 StarCraft Multi-Agent Challenge

The StarCraft Multi-Agent Challenge (SMAC) provides a dynamic and challenging environment where
two teams, each comprised of StarCraft units, clash in combat with the overarching goal of maximizing
their win rates. This unique and complex scenario serves as a prominent benchmark for assessing the
efficacy of multi-agent systems, particularly in the context of cooperation among units. The adversarial
nature of the environment is accentuated by the fact that the enemy team is composed of units controlled
by the built-in game Al, employing predefined non-learned heuristics. On the other side, the army team
consists of individual units, each treated as a distinct agent, and undergoes training using state-of-the-art
reinforcement learning algorithms. This distinctive setup not only underscores the intricacies of multi-
agent interactions but also emphasizes the need for intelligent decision-making strategies among team
members to navigate the challenges presented by the opposing forces.

The units are equipped with local observations that offer insights into their immediate surroundings.
These local observations form a vector encompassing crucial details such as distances, relative x and y
coordinates, health and shield status, as well as the unit types of both allied and enemy units within the
unit’s visual range. Complementing these local observations is a centralized global state designed for

facilitating centralized learning. This global state includes comprehensive information about all units

Event Dense reward Sparse reward
Death of single enemy +10 +10
Death of single ally -5 -5
Win +200 +200
Enemy hit-point -Enemy hit-point -
Ally hit-point +Ally hit-point -
Other elements +/- elements such as ‘shield’ -

Table 1: The reward setting for dense and sparse SMAC environment.
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Figure 7: The Starcraft Multi-agent Challenge environment.

on the map, featuring coordinates, local observations, energy levels of Medivacs, cooldowns of allied
units, and the most recent actions taken by all agents. The action space available to agents operates in a
discrete manner, allowing actions such as move[direction], attack[enemy_id], stop, and no-op.

The reward system for SMAC can be categorized into two main settings: dense rewards and sparse
rewards. Dense rewards encompass rewards for specific in-game achievements, including hit-point dam-
age dealt, enemy units eliminated, and overall success in battle. On the other hand, sparse rewards pro-
vide a stark contrast, offering a reward of +1 for winning an episode and -1 for losing. Additionally, there
exists a nuanced reward setting known as ’partially sparse rewards,” wherein rewards are distributed for
actions such as eliminating an opponent’s unit, losing one of our units, or emerging victorious in a bat-
tle. It is noteworthy that our primary focus lies on utilizing this ’partially sparse rewards’ setting as it
provides a more intricate and nuanced evaluation of agent performance. This detailed reward structure
not only influences the learning dynamics of the agents but also adds complexity to the training process,
requiring strategic decision-making to optimize for both dense and sparse reward scenarios.

One noteworthy aspect of SMAC Sparse is the intricate nature of rewards. When agents receive
positive rewards beyond what the environment provides, there’s a tendency for agents to prioritize pro-
longing the episode rather than focusing on defeating the enemy units, potentially falling into local
optima. To mitigate this issue, we employ a normalization strategy for our intrinsic rewards, namely
rP and r®™¥*, ensuring they are less than or equal to zero. This normalization proves crucial, as it
penalizes agents for unnecessarily extending the episode, thus steering them away from local optima.
This strategic use of intrinsic rewards aligns with similar approaches found in prior works, notably in
settings with comparable sparse reward structures, as evidenced by studies like [49]. By addressing the
intricacies of sparse rewards in this manner, we enhance the learning dynamics of our agents, promoting

more effective and strategic decision-making throughout the training process.
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Event Checkpoint reward Score reward

Our team scores - +1
Opposing team scores - -1

Score from checkpoint ~ +0.1 - checkpoints -

Table 2: The reward setting for GRF environment.

5.2 Google Research Football

Google Research Football provides a comprehensive simulation environment capturing the fundamental
aspects of football, including goals, fouls, corners, penalty kicks, and offsides. In its original form,
the opposing team is comprised of rule-based Al bots from GameplayFootball, allowing for adjustable
parameters related to the bot’s reaction time and decision-making speed. The state of the game is intri-
cately defined by various factors such as the ball’s position, possession, coordinates of all players, the
active player, and the overall game state.

Observations within this environment are presented in three distinct representations to offer flexibil-
ity and cater to different learning paradigms. The pixel representation presents a 1280x720 RGB image
that encompasses critical information like the scoreboard and a small map, allowing for a comprehen-
sive view of all player positions on the field. The super mini-map representation, on the other hand, is a
72x96 matrix that encodes the positions of the home team, away team, ball, and the active player for the
current time step, providing a condensed yet informative snapshot of the game.

In our specific implementation, we opt for the floats representation method. This method delivers a
115-dimensional encoded vector encapsulating essential information such as players’ coordinates, ball
possession and direction, and the active player’s game mode. By leveraging the floats method, we can
precisely capture and process the intricate dynamics of the football simulation, enabling our agents
to make informed decisions based on a rich and detailed set of observations. This strategic choice
aligns with our goal of fostering effective and nuanced learning within the Google Research Football
environment.

The action space within the Google Research Football environment is characterized by its diversity,
encompassing 8-directional standard move actions, various kicking techniques, sprinting, slide tackling,
and dribbling. This intricate set of actions allows our agents to engage in a wide array of maneuvers,
providing them with the versatility needed to navigate the dynamic and complex game of football. The
reward system in this environment is designed with granularity, incorporating two distinct functions:
scoring rewards and checkpoint rewards. Scoring rewards are straightforward, offering a +1 reward
when our team scores a goal and a -1 penalty if the opposing team scores.

Checkpoint rewards add an additional layer of nuance to the reward system by dividing the area
around the opposing goal into 10 checkpoints based on Euclidean distance. Agents are then rewarded
with +0.1 for successfully scoring from a specific checkpoint, with the reward gradually accumulating

to a maximum of +1. Our experimental setup focuses on utilizing the scoring rewards mechanism to

19



Figure 8: The Google Research Football environment.

guide the learning process effectively.

To facilitate and expedite the learning iterations, Google Research Football provides a football
academy featuring 11 simpler scenarios. Each scenario emulates specific situations that commonly occur
in actual soccer matches, allowing agents to hone their skills in targeted environments. Episodes in these
scenarios can conclude when the ball is lost or our team scores a goal before reaching a predefined limit.
In our specific experiments, we employ the Academy_3_vs_1_with_keeper, Academy_counterattack
_hard, and Academy_corner environments from the football academy. Notably, the choice of observa-
tion scale can significantly impact the consistency of the reward scale when using prediction error as a
measure for exploration bonus [58]. Consequently, in the Google Research Football environment, we
strategically normalize r®* to scale progressively with the prediction error, ensuring a balanced and

effective exploration strategy within the complex and dynamic scenarios presented by the game.

5.3 Common Hyperparameter Setup

The FoX algorithm is implemented on top of QMIX [7], leveraging its default hyperparameters as sug-
gested by the original paper. QMIX undergoes optimization using the RMSprop optimizer, with a learn-
ing rate set at 5 x 10™*. The architecture of each agent network is designed with a fully connected
layer followed by a GRU layer featuring a hidden state dimensionality of 64. The exploration strategy
incorporates €-greedy exploration, initializing € at 1.0 and annealing it to 0.05 within the first 50,000
timesteps. The mixing network, a critical component of QMIX, is composed of 32 dimensions, and we
update the target network every 200 episodes using the most recent 5000 episodes from the buffer.
Furthermore, each algorithm underwent rigorous testing with 4 random seeds for SMAC and 5 ran-
dom seeds for GRF, ensuring a comprehensive evaluation across diverse scenarios. Table 3 provides an
insightful overview of the common parameters employed consistently in our experiments, consolidat-
ing the key elements that contribute to the effectiveness of our approach in multi-agent reinforcement

learning settings.

20



Parameters FoX CDS EMC MASER QMIX ROMA  MAVEN LIIR COMA

Optimizer RMSProp RMSProp RMSProp RMSProp RMSProp RMSProp RMSProp RMSProp RMSProp
Agent Runner Episode Episode Episode Episode Episode Parallel Episode Parallel Parallel
€ anneal step 50000 50000 50000 50000 50000 50 50000 50000 100000
Replay buffer size 5000 5000 5000 5000 5000 5000 5000 32 8
Target update interval 200 200 200 200 200 200 200 200 200
Mini-batch size 32 32 32 32 32 32 32 32 8
Mixing network dimension 32 32 32 32 32 32 32 - -
Discount factor y 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Learning rate 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005
Mreg 0.1 0.1 - - - - - - -

Table 3: Values for hyperparameters used in the experiment.

5.4 Implementation Details of FoX

Z#-Net consists of an encoder and two decoders, each comprising two fully-connected layers culmi-
nating in the output layer. The encoder and decoder structures are strategically crafted to enhance the
learning capabilities of the model. The hidden state of the network is set at 128 dimensions, providing
the model with sufficient capacity to capture intricate patterns and relationships within the data. For
optimization, we employed the Adam optimizer, utilizing a learning rate of 1 x 1073 to strike a balance
between convergence speed and stability during training. Each training iteration involved the use of 25
samples, contributing to the model’s exposure to diverse scenarios and enhancing its adaptability.

The agent network within .%-Net is a pivotal component, and it is thoughtfully crafted to serve
distinct purposes. Comprising individual Q-functions denoted as Q'““, a shared Q-function denoted
as Q%hared and a formation-based Q-function denoted as ng , this network inherits the structural char-
acteristics of the agent networks employed in QMIX. Specifically, it features a fully connected layer
followed by a GRU layer, with the hidden state dimensionality set at 64. This configuration ensures that
the agent network possesses the necessary expressive power to effectively model the complex dynamics
inherent in multi-agent environments, striking a balance between model complexity and computational
efficiency. The shared structural elements across QMIX and .%-Net provide a basis for comparative
analysis and facilitate a deeper understanding of the nuanced contributions introduced by the formation-
based components in .% -Net.

FoX incorporates a set of hyperparameters crucial for shaping its exploration and awareness mech-
anisms. These include f; and f3,, which govern the influence of the exploration reward r**? and the

awareness reward r"ere

, respectively. In the hyperparameter tuning process, we systematically explored
the space of 8; and 3, values, conducting a search over the sets f8; € {0.001,0.005,0.01,0.02,0.1} and
B2 € {0.001,0.005,0.01,0.05}. Another key hyperparameter is /, dictating the binning capacity of the
round() function. We performed a search over / € {0,1,3} to determine the most effective binning
strategy for the visitation count.

Moreover, the parameter m, representing the length of the hash code, plays a pivotal role in shaping

the dimensionality of the hash codes generated by SimHash. In our comprehensive experiments, we

21



Environment By, B, I m Agr

Starcraft Multi-agent Challenge (Sparse)

2m_vs_1z (Sparse) 0.1 001 3 9 0.1
3m (Sparse) 0.02 002 1 9 0.1
2s3z (Sparse) 001 001 3 9 0.1
8m (Sparse) 002 002 1 9 0.1

Google Research Football

Academy_3_vs_1_with_keeper 0.01 001 3 9 0.1
Academy_counterattack_hard 0.01 001 3 9 0.1
Academy_corner 0.01 001 3 9 0.1

Table 4: Best hyperparameter setup.

set m = 9 for the hash code length, with the exception of the modified 2s3z, to represent the angle of
observation differences in 512 distinct categories. Notably, the hyperparameter Agr, controlling the
strength of gradient flipping, was set to Agr = 0.1 across all experiments, highlighting its consistent role
in preventing the delivery of redundant information. The selection of hyperparameters contributes to the
versatility and effectiveness of FoX in a range of multi-agent scenarios, as showcased in the experimental
results detailed in the paper. The specific parameter values utilized in the reported experiments are

meticulously documented in Table 4 for clarity and reproducibility.
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VI Results

6.1 Performance on Sparse SMAC

In the original scenarios of SMAC, agents are densely rewarded for the damage they have dealt or

taken, in addition to sparse rewards upon the deaths of an ally or the enemy and defeating the enemy.

In the sparse SMAC environment, the agents must learn with only sparse rewards, without the dense

rewards from the change of health points, making the task more challenging. To leverage the fact that

formation-aware exploration is not value-dependent, we conducted experiments in sparse environments.

In sparse SMAC, we evaluate the performance of FoX in four scenarios: 3m, 8m, 253z, 2m_vs_1z.

The exploration scheme of FoX can be easily applied to other existing MARL algorithms, but as we

implement FoX on QMIX during our experiments, we tested the performance of FoX against several
QMIX-based algorithms, including EMC [19], MASER [49], and ROMA [47].
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Figure 9: Performance results on SMAC(sparse)

Additionally, we compared FoX with MAVEN [50] and LIIR [42] to assess its performance against
works that specifically address exploration, along with COMA [10] as a policy-gradient method. All

experiments of the baselines were conducted with the author-provided codes. As both FoX and EMC
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can be implemented on QMIX or QPLEX [28], we conducted our experiments with QMIX-based FoX
and EMC for a fair comparison. From the experimental results, we can see that in the relatively easier
environment of 3m, EMC shows comparable results to FoX. However, FoX significantly outperforms
the other baselines in the other scenarios, where the results in 2m_vs_1z are especially notable as the
other baselines struggled to learn the environment. This highlights the effectiveness of FoX in tackling

the challenges of sparse reward environments and its robustness across diverse scenarios in SMAC.

6.2 Performance on GRF

In Google Research Football (GRF) [21], the agents’ observation contains crucial information such as
the location of players, opponents, and the ball. Our implementation introduces a termination condition
in the episode, triggering a negative reward for agents when the ball crosses into the other half of the
court. Agents receive rewards solely upon episode termination, where a reward of +100 is granted if
they score and -1 otherwise. Within the GRF framework, we conduct a comprehensive comparison of
the FoX framework against prominent baselines, including QPLEX [28], CDS [51], MAVEN [50], and
QMIX [7]. Additionally, we explore variations of QMIX by implementing the visitation count method,
denoted as QMIX+JC for QMIX with joint observation visitation counts and QMIX+IC for individual
observation visitation counts.

In our experiments, we meticulously evaluate the performance of FoX across three academy sce-
narios: Academy_3_vs_1_with_keeper, Academy_counterattack_hard, and Academy_corner. Figure 7
provides a visual representation of the performance of FoX alongside the baseline algorithms in these
GRF scenarios. The results showcase FoX’s exceptional performance in all three scenarios, consistently
outperforming the other baselines. Particularly noteworthy is FoX’s superiority over other visitation
count baselines, reinforcing the notion that formation-based state equivalence efficiently reduces the
search space in MARL. These findings underscore the efficacy of FoX in addressing the challenges
posed by GRF scenarios and emphasize its robustness in optimizing exploration and learning in com-

plex environments.
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Figure 10: Performance results on GRF
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VII Ablation Study

In this section, we analyze the exploration behavior and tendency of intrinsic rewards of FoX. Further-
more, we evaluate the individual contributions of FoX. As f; = 0.01 and 3, = 0.01 showed the best
performance among all GRF scenarios, we conduct our study in the GRF Academy_3_vs_1_with

_keeper environment with a default setting of §; = 0.01 and 3, = 0.01 in our ablation studies.

7.1 Component Evaluation

To comprehensively assess the individual contributions of each component within the FoX framework,
we systematically deactivate specific elements, offering valuable insights into the impact of each com-
ponent on the intrinsic rewards r*? and r***, which are integral to formation-aware exploration. The
Component Evaluation graph, vividly depicted in Figure 11, serves as a visual testament to the nuanced
effects of various components, including intrinsic rewards, gradient flipping (GF), Q-function Q7 with
formation information, and shared Q learning.

Upon careful examination of Figure 11, the FoX variants, namely FoX-r*? and FoX-r***, exhibit
a discernible decrease in performance when compared to the complete FoX algorithm. This marked
reduction underscores the pivotal role played by intrinsic rewards in enhancing the overall performance
of FoX. Moreover, the exclusion of Q’g and Shared Q from the FoX framework leads to a significant
performance reduction, underscoring the indispensability of these components in bolstering the algo-
rithm’s efficacy. The inclusion of Q-function Q7 equips the FoX framework with formation-specific
information, while the shared Q learning fosters collaborative learning among agents, both of which

contribute significantly to the observed improvements.
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Figure 11: Component evaluations on GRF
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Figure 12: Effect of intrinsic rewards on GRF

The final component is the impact of gradient flipping (GF), a crucial mechanism designed to mini-
mize irrelevant information from individual trajectories during latent variable extraction. FoX-GF, rep-
resenting the variant without gradient flipping, shows a notable decrease in performance, providing
compelling evidence for the efficacy of the gradient flipping mechanism. This outcome underscores the
importance of gradient flipping in enabling the latent variable z to selectively capture formation-relevant
information from the agent’s trajectory 7, thereby enhancing the overall performance of the FoX frame-

work.

7.2 The Effect of Intrinsic Rewards

The change in the f; graph, depicted in Figure 12, provides insightful observations into the efficacy
of formation-aware exploration within the context of the Academy_3_vs_1_with_keeper environment.
Notably, the performance improvement associated with ; = 0.01 compared to 3; = 0 underscores the
effectiveness of incorporating formation-awareness in exploration. However, it’s imperative to note that
an overly aggressive exploration strategy, as indicated by f; values exceeding 0.01, can inadvertently
impede learning by slowing down the exploration of diverse formations. Striking a balance in f; is
essential to ensure optimal exploration without impeding the learning process.

On the other front, scrutinizing the reward changes corresponding to 3, > 0.01 reveals another
facet of the formation-aware exploration’s impact. In this context, the agents are deliberately guided
to be cognizant of the formation. This deliberate encouragement of formation-awareness proves to be
instrumental in mitigating the information bottleneck arising from partial observability. By fostering
awareness of formations formulated by other agents, the learning process receives a significant boost.
This nuanced approach not only aids in effective exploration but also facilitates a more informed learning

process in dynamic and complex environments.
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Figure 13: Effect of formation selection on GRF

7.3 Formation Selection

According to Figure 13, formation-based on F'* and F’™" may hold enough information to represent
the agent relationship since Academy_3_vs_1_with_keeper presents a relatively small number of agents
n = 3. Surprisingly, F* showed a decrease in performance even though it should hold a similar amount
of information to formation based on F’"#*™" _Such behavior emphasizes the importance of formation
selection. To see the effect of formation selection we have to consider the environment with a large

number of agents such as 2s3z as represented in Figure 6.

7.4 Exploration path on GRF

In Figure 14, we gain valuable insights into the exploration trajectory of FoX as the agent gradually
becomes cognizant of its current formation. The depiction commences at the initialization phase (¢ = 0),
where formations are crafted beyond the immediate sight range of the agents. Notably, owing to partial
observability, these formations remain elusive to the agents’ awareness. As we progress to time steps
t =10 and ¢ = 20, the persistent exploration pattern indicates agents’ endeavors to discover formations
within their awareness scope.

A pivotal transition becomes evident at ¢ = 30, marking the point where agents successfully achieve
a formation that aligns with their awareness capabilities. This achievement triggers a notable reduction
in exploration, and agents shift their focus towards maximizing r*, the reward emanating from inter-
actions with the environment. The nuanced exploration dynamics captured in Figure 9 underscore the
adaptive nature of FoX, showcasing how it efficiently guides agents to explore and comprehend for-
mations within the constraints of partial observability, ultimately enhancing their decision-making and

learning capabilities over time.
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Figure 14: Exploration path on GRF Academy_counterattack_hard

7.5 Intrinsic Reward Analysis

In the comprehensive examination presented in this section, we delve into the intricate dynamics of
intrinsic rewards, namely 7“7 and r*¥**, as the learning process unfolds. Figure 10 serves as a visual
guide to deciphering the nuanced behaviors of these intrinsic rewards over distinct phases of training.
Commencing at the initial stage (f = 0), where agents grapple with formulating a viable winning strategy,
the intrinsic rewards exhibit noteworthy patterns. The agents, finding themselves without a clear-cut

winning strategy, embark on an exploration journey, resulting in the visitation of diverse formations.
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Figure 15: Agent behaviors according to intrinsic rewards

However, a counterintuitive trend surfaces as r**? experiences a decline, primarily attributed to recurrent
instances of states where all ally agents face elimination.

As the training progresses to t = 0.5M, a pivotal turning point unfolds, marked by a discernible
ascent in r**?, signifying a notable improvement in the agents’ ability to navigate the combat scenarios.
Concurrently, r**** demonstrates a contrary trajectory, showcasing a decline as agents delve into the
exploration of diverse formations.

A crucial juncture emerges at t = 2.5M, where the agents have successfully assimilated winning
strategies. This phase is characterized by a convergence of both r*# and r***’ towards zero, indicating
that the agents, having acquired optimal combat strategies, now prioritize maximizing the external re-
ward r** from interactions with the environment. The intricate interplay between these intrinsic rewards
captures the evolving nature of the learning process, shedding light on how FoX enables agents to tra-
verse a trajectory from exploration-driven diverse formation visits to a refined strategy-driven approach,

ultimately enhancing their combat effectiveness.
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VIII Conclusion

In Multi-Agent Reinforcement Learning (MARL), the inherent challenges lie in agents having to make
decisions based on partial observations, a limitation that becomes increasingly pronounced as the num-
ber of agents rises, leading to exponential growth in the exploration space. The complexity is com-
pounded by the fact that an agent’s observation is not only contingent on its own actions but is also
influenced by the actions of other agents. In navigating these challenges, this paper proposes a novel
approach to address the intricate dynamics among agents, leveraging the concept of formations. Forma-
tions serve as condensed representations that encapsulate information about the relationships between
agents and the holistic state of the environment, effectively compressing and consolidating pertinent
details.

Furthermore, the formulation of formations proves particularly relevant in the context of incomplete
observability, where the agent’s observation may lack comprehensive information about the actions and
states of fellow agents. To mitigate this, the paper advocates for the exploration of diverse formations,
introducing a nuanced strategy that enhances the efficiency of exploration techniques in MARL. The
essence of this approach lies in guiding agents to be well-aware of their current formation, fostering a
more informed decision-making process.

Moreover, the notion of Formation-aware exploration introduced by the FoX algorithm demon-
strates state-of-the-art performance in two benchmark environments: the StarCraft Multi-Agent Chal-
lenge (SMAC) and the Google Research Football (GRF) environment. The algorithm’s prowess in these
settings underscores its efficacy in addressing the formidable challenges posed by partial observability

and the expansive exploration space inherent in MARL scenarios.
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