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A growing number of real-world control problems require teams of software agents
to solve a joint task through cooperation. Such tasks naturally arise whenever
human workers are replaced by machines, such as robot arms in manufacturing
or autonomous cars in transportation. At the same time, new technologies
have given rise to novel cooperative control problems that are beyond human
reach, such as in package routing.

Be it for physical constraints such as partial observability, robustness re-
quirements, or to manage large joint action spaces, cooperative agents are often
required to function in a fully decentralised fashion. This means that each agent
merely has access to its own local sensory input during task execution, and does
not have explicit communication channels to other agents. Deep multi-agent
reinforcement learning (DMARL) is a natural framework for learning control
policies in such settings. When trained in simulation or in a laboratory, learning
algorithms often have access to additional information that will not be available
at execution. Such centralised training with decentralised execution (CTDE)
poses a number of technical challenges to DMARL algorithms that try to exploit
the centralised setting in order to facilitate the training of decentralised policies.
These difficulties arise primarily from the apparent incongruency between joint
policy learning, which can learn arbitrary policies but is not naively decentralisable
and scales poorly with the number of agents, and independent learning, which
is readily decentralisable and scalable but provably less expressive and prone to
environment non-stationarity due to the presence other of learning agents.

The first part of this thesis develops algorithms that use the technique of
value decomposition in order to exploit the centralised training of decentralised
policies. In Monotonic Value Factorisation for Deep Multi-Agent Reinforcement
Learning, we introduce the novel Q-learning algorithm QMIX. QMIX uses a
centralised monotonic mixing network in order to model joint team action-value
functions that are nevertheless decomposable into decentralised agent policies
over discrete action spaces. To evaluate the performance of QMIX, we develop
a novel benchmark suite, the StarCraft Multi-Agent Challenge (SMAC), which
features a variety of discrete-action cooperative control tasks in StarCraft II
unit micromanagement. Unlike pre-existing toy environments, SMAC scenarios
feature diverse dynamics owing to a large number of different unit types and
sophisticated in-built enemy heuristics. Many robotic control tasks feature
continuous action spaces. To extend value decomposition to those settings,
in FACMAC: Factored Multi-Agent Centralised Policy Gradients, we focus on
actor-critic approaches to multi-agent learning in CTDE settings. The resulting
learning algorithm, FACMAC, achieves state-of-the-art performance on SMAC
and opens the door toward using nonmonotonic critic factorisations. Just as
for QMIX, we introduce a novel benchmark suite for cooperative continuous
control tasks, Multi-Agent Mujoco (MAMujoco). MAMujoco decomposes robots
from the popular Mujoco benchmark suite into multiple agents with configurable
partial observability constraints.

The second part of this thesis explores the value of common knowledge as a
resource for both coordinating and communicating through actions. Common
knowledge between groups of agents arises in a large class of tasks of practical
interest, for example, if agents can recognize each other in overlapping fields of
view. In Multi-Agent Common Knowledge Reinforcement Learning, we introduce
a novel actor-critic method, MACKRL, which constructs a hierarchy of controllers
over common knowledge across agent groups of varying sizes. This hierarchy gives
rise to a decentralized policy structure that effectuates a joint-independent hybrid
policy which executes decentralized joint policies or falls back to independent
policies depending on whether the common knowledge between agent groups is
sufficiently informative for action coordination. In this way, MACKRL enjoys the
coordinative advantage of joint policy training while being fully decentralised.

The third part of thesis investigates how to learn efficient implicit communi-
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cation protocols for collaborative tasks. In Communicating via Markov Decision
Processes, we explore how a sender agent can execute a task optimally while at
the same time communicating information to a receiver agent solely through its
actions. In this novel implicit referential game, both sender and receiver agents
commonly know both the sender policy, as well as the sender’s trajectory. By
splitting the sender task into a single-agent maximum entropy reinforcement
learning task and a separate message encoding step based on minimum-entropy
coupling, we show that our method GME allows establishing communication
channels of significantly higher bandwidth than those trained end-to-end.

In summary, this thesis presents a number of significant contributions deep
multi-agent reinforcement for cooperative control within the framework of cen-
tralised training with decentralised execution and two associated novel benchmark
suites. Within this setting, we make contributions to value decomposition, the
use of common knowledge in multi-agent learning, and how to learn implicit
communication protocols efficiently.
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Abstract

A growing number of real-world control problems require teams of software agents
to solve a joint task through cooperation. Such tasks naturally arise whenever
human workers are replaced by machines, such as robot arms in manufacturing
or autonomous cars in transportation. At the same time, new technologies have
given rise to novel cooperative control problems that are beyond human reach,
such as in package routing.

Be it for physical constraints such as partial observability, robustness require-
ments, or to manage large joint action spaces, cooperative agents are often required
to function in a fully decentralised fashion. This means that each agent merely has
access to its own local sensory input during task execution, and does not have explicit
communication channels to other agents. Deep multi-agent reinforcement learning
(DMARL) is a natural framework for learning control policies in such settings.
When trained in simulation or in a laboratory, learning algorithms often have access
to additional information that will not be available at execution. Such centralised
training with decentralised execution (CTDE) poses a number of technical challenges
to DMARL algorithms that try to exploit the centralised setting in order to facilitate
the training of decentralised policies. These difficulties arise primarily from the
apparent incongruency between joint policy learning, which can learn arbitrary
policies but is not naively decentralisable and scales poorly with the number of
agents, and independent learning, which is readily decentralisable and scalable
but provably less expressive and prone to environment non-stationarity due to
the presence other of learning agents.

The first part of this thesis develops algorithms that use the technique of value
decomposition in order to exploit the centralised training of decentralised policies.
In Monotonic Value Factorisation for Deep Multi-Agent Reinforcement Learning,
we introduce the novel Q-learning algorithm QMIX. QMIX uses a centralised
monotonic mixing network in order to model joint team action-value functions that
are nevertheless decomposable into decentralised agent policies over discrete action
spaces. To evaluate the performance of QMIX, we develop a novel benchmark suite,
the StarCraft Multi-Agent Challenge (SMAC), which features a variety of discrete-
action cooperative control tasks in StarCraft II unit micromanagement. Unlike
pre-existing toy environments, SMAC scenarios feature diverse dynamics owing to



a large number of different unit types and sophisticated in-built enemy heuristics.
Many robotic control tasks feature continuous action spaces. To extend value
decomposition to those settings, in FACMAC: Factored Multi-Agent Centralised
Policy Gradients, we focus on actor-critic approaches to multi-agent learning in
CTDE settings. The resulting learning algorithm, FACMAC, achieves state-of-
the-art performance on SMAC and opens the door toward using nonmonotonic
critic factorisations. Just as for QMIX, we introduce a novel benchmark suite for
cooperative continuous control tasks, Multi-Agent Mujoco (MAMujoco). MAMujoco
decomposes robots from the popular Mujoco benchmark suite into multiple agents
with configurable partial observability constraints.

The second part of this thesis explores the value of common knowledge as a
resource for both coordinating and communicating through actions. Common
knowledge between groups of agents arises in a large class of tasks of practical
interest, for example, if agents can recognize each other in overlapping fields of view.
In Multi-Agent Common Knowledge Reinforcement Learning, we introduce a novel
actor-critic method, MACKRL, which constructs a hierarchy of controllers over
common knowledge across agent groups of varying sizes. This hierarchy gives rise to
a decentralized policy structure that effectuates a joint-independent hybrid policy
which executes decentralized joint policies or falls back to independent policies
depending on whether the common knowledge between agent groups is sufficiently
informative for action coordination. In this way, MACKRL enjoys the coordinative
advantage of joint policy training while being fully decentralised.

The third part of thesis investigates how to learn efficient implicit communication
protocols for collaborative tasks. In Communicating via Markov Decision Processes,
we explore how a sender agent can execute a task optimally while at the same
time communicating information to a receiver agent solely through its actions. In
this novel implicit referential game, both sender and receiver agents commonly
know both the sender policy, as well as the sender’s trajectory. By splitting the
sender task into a single-agent maximum entropy reinforcement learning task and
a separate message encoding step based on minimum-entropy coupling, we show
that our method GME allows establishing communication channels of significantly
higher bandwidth than those trained end-to-end.

In summary, this thesis presents a number of significant contributions deep multi-
agent reinforcement for cooperative control within the framework of centralised
training with decentralised execution and two associated novel benchmark suites.
Within this setting, we make contributions to value decomposition, the use of
common knowledge in multi-agent learning, and how to learn implicit communication
protocols efficiently.
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Introduction

Contents
1.1 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . 5

Artificial intelligence (AI) has become a major agent of change to the world’s

economy: Spurred by breakthroughs in computational and robotic hardware design

and manufacture, the availability and accessibility of training data, and machine

learning algorithms, AI has already played a substantial role in establishing tech

companies as seven out of the top ten most valuable companies in the world at

the time of writing (Statista, 2020). This trend is generally thought to continue,

with AI alone projected to contribute roughly China’s 2020 GDP to the world

economy by 2030 (PriceWaterhouseCoopers, 2017), with about three fifths arising

from consumption, and the rest from productivity increases.

A common narrative of and motivation for AI research is the replacement of

cognition tasks performed by human workers through intelligent machines - a process

that is analogeous to the replacement of manual labor during earlier industrial

revolutions (Thomas, 2020). Recent works have investigated the effects on AI on

various aspects of society, such as future politics (Susskind, 2018), justice (Susskind,

2019) and professions (Susskind and Susskind, 2016).

1



2 1. Introduction

Among technical developments, the advent of supervised deep learning stands

out as particularly impactful (LeCun et al., 2015). However, control settings

which involve sequential interaction with an environment violate the i.i.d. sampling

assumption behind supervised deep learning. The nascent field of deep reinforcement

learning (DRL) combines neural network function approximators with sequential

decision-making within the reinforcement learning (RL) framework, where an agent

sequentially interacts with an environment and receives scalar reward signals and

high-dimensional observations in return. RL has historically drawn much research

interest due to its analogies with human and animal learniMORE OPTIONS ng

(Watkins, 1989). Single-agent DRL has celebrated notable success, starting with

super-human gameplay performance on Atari (Mnih et al., 2015) and even promising

results in real-world robotic applications (Andrychowicz et al., 2020). Besides its

unique ability to learn control policies by directly conditioning on high-dimensional

observations, DRL has also been considered as a possible building block of artificial

general intelligence (AGI) (Joe Booth, 2019).

In many cases, control tasks feature multiple agents each of which having access

to their own local sets of observations. Deep Multi-Agent Reinforcement Learning

(DMARL) is a natural extension of single-agent DRL settings. Many important real-

world problems such as autonomous driving (Cao et al., 2013), swarm control (Barnes

et al., 2009), robotics (Seuken and Zilberstein, 2007), communication networks

(Peshkin, 2000), crisis management (Paquet et al., 2005), recreational games (Bard

et al., 2020) and load balancing (Cogill et al., 2006) require multiple agents to work

together as a team while solving a single goal. This decentralized control (Mahajan

and Mannan, 2016) setting is commonly formalised by Decentralized Partially

Observable Markov Decision Processes (Dec-POMDPs) in the planning literature

(Oliehoek and Amato, 2016), known as common-payoff or identical interest games

in game theoretic literature (Leyton-Brown and Shoham, 2008) and referred to

as (cooperative) multi-agent reinforcement learning in reinforcement learning (RL)

literature (Zhang et al., 2019a). In this thesis, we focus on cooperative settings,
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a particularly rich space of control tasks that is now starting to find increasing

attention by the DMARL research community (Dafoe et al., 2020).

Cooperative multi-agent control centers on two important concepts: collaboration,

and communication. Collaboration refers to the challenge of learning agent policies

concurrently with other learning agents that introduce nonstationarity into the

shared learning environment and potentially confound reward attribution at individ-

ual agent level (also known as the multi-agent credit assignment problem). Chapters

3, 4 and 5 introduce novel DMARL methods QMIX, FACMAC and MACKRL that

can stabilise multi-agent learning under various conditions. Communication refers

to the challenge of learning communication protocols that allow agents to exchange

information during policy execution. Communication between agents can be either

explicit using cheap-talk channels, or implicit, by observing other agents’ actions

or their effect on the environment (see Section 2.6). Chapter 6 introduces GME, a

method that allows agents to construct implicit communication protocols that can

scale to very large messages while allowing to complete the agent’s tasks perfectly.

We note that both collaboration and communication also appear in settings that

are not purely cooperative, i.e. in which agents both compete and cooperate. The

methods developed in this thesis may inform method development in general-sum

settings (see e.g. (Anthony et al., 2020; Gray et al., 2020)).

DMARL, as other deep-learning based methods, requires access to a large set of

training samples. Fortunately, in most situations, DMARL policies can be trained

in simulation or in a laboratory. In such settings learning can naturally proceed in a

centralised fashion, meaning that constraints on agent communication can be lifted

and extra state information can be used throughout the training process. Part I

introduces a variety of new algorithms that can make use of the centralized training

with decentralized execution (CTDE) (Oliehoek and Amato, 2016) setting. We note

that transferring control policies learnt in simulation to the real world is a very

active field of DRL research (Tobin et al., 2017; Sadeghi and Levine, 2017).

Unfortunately, computing even an approximately optimal joint policy to Dec-

POMDPs is NEXP-complete (Rabinovich et al., 2003). This clearly separates
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Dec-POMDPs from the problem of decentrally controlling a system with free

communication, which is known to be in P-SPACE(Blondel and Tsitsiklis, 2000). At

first sight, this problem hardness has an important consequence: We cannot expect

to be able to ever find an algorithm that can solve all Dec-POMDPs problems

efficiently - no matter how much we scale our algorithm (Sutton, 2019), or how

many inductive biases we use (Goyal and Bengio, 2021). However, there is a rather

subtle caveat: While it is known that the class of Dec-POMDP problems contains at

least some problems that are hard, it does not necessarily mean that every problem

of every practical interest is indeed as hard. In fact, the problem classes constructed

to prove the aforementioned complexity results, such as TILING (Bernstein et al.,

2000), are arguably far removed from real-world problems.

This reflection on problem complexity underlines a recurrent theme throughout

this thesis: Meaningful method development in multi-agent systems control crucially

depends on the design of meaningful benchmark tasks. Meaningful benchmark

tasks should ultimately be grounded in meaningful applications. In this thesis,

we therefore introduce a variety of novel benchmark environments for DMARL

research: Chapter 3 introduces the StarCraft Multi-Agent Challenge (SMAC), a

suite of unit micromanagement tasks, Chapter 4 introduces Multi-Agent Mujoco

(MAMujoco), a collection of multi-agent robotic control tasks and Chapter ch-gme

introduces a variety of implicit referential game (IRG) benchmark tasks.

Different application domains may require the use of fundamentally different

inductive biases and algorithmic approaches: For example, as the work presented in

this thesis shows, algorithms that work efficiently on micromanagement tasks in

StarCraft and multi-agent robotic control (see Part I) may be entirely inefficient on

tasks involving the learning of communication protocols, and vice versa (see Part

II). While it has been argued that all that matters is how well a learning algorithm

scales with hardware (Sutton, 2019), we suggest that algorithmic scalability is a

necessary, but not sufficient, research goal. We establish common knowledge, also

referred to as public information, as an effective inductive bias for deep multi-agent

reinforcement learning in a variety of decentralised control settings in Part II.
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1.1 Thesis Structure

This thesis starts with a background section followed by three main parts, a

brief overview of which are given below. Each part tackles one or several of

the challenges presented above.

Background

Before presenting original research, we familiarise the reader with the necessary

terminology and concepts that are commonly required by all of the research chapters

(see Chapter 2). Concepts and terminology, as well as specialised literature reviews,

specific to individual research chapters are introduced in situ to facilitate the

reading process.

Part 1: Value decomposition

The first part of this thesis develops algorithms that use the technique of value

decomposition in order to exploit the centralised training of decentralised policies.

In Monotonic Value Factorisation for Deep Multi-Agent Reinforcement Learning,

we introduce the novel Q-learning algorithm QMIX. QMIX uses a centralised

monotonic mixing network in order to model joint team action-value functions that

are nevertheless decomposable into decentralised agent policies over discrete action

spaces. To evaluate the performance of QMIX, we develop a novel benchmark suite,

the StarCraft Multi-Agent Challenge, which features a variety of discrete-action

cooperative control tasks in StarCraftII unit micromanagement. Unlike pre-existing

toy environments, SMAC scenarios feature diverse dynamics owing to a large number

of different unit types and sophisticated in-built enemy heuristics.

Many robotic control tasks feature continuous action spaces. To extend value

decomposition to those settings, in FACMAC: Factored Multi-Agent Centralised

Policy Gradients we propose two novel DMARL algorithms: FACMAC and COMIX.

COMIX is a variant of QMIX that scales to continuous action spaces and FacMAD-

DPG is a deterministic policy gradient method with a factored critic. Unlike COMIX,

FACMAC allows us to compare the performance of arbitrary value decompositions
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without infringing on policy decentralisability. Just as for QMIX, we introduce a

novel benchmark suite for cooperative continuous control tasks, Multi-Agent Mujoco

(MAMujoco). MAMujoco decomposes robots from the popular Mujoco benchmark

suite into multiple agents with configurable partial observability constraints.

The above chapters are based on the following papers and pre-prints. Note that

throughout this thesis, “*” indicates equal contribution.

• T. Rashid*, M. Samvelyan*, C. Schroeder de Witt, G Farquhar, J Foerster,

and S Whiteson. Monotonic Value Function Factorisation for Deep Multi-

Agent Reinforcement Learning. Journal of Machine Learning Research, 21

(178):1–51, 2020. ISSN 1533-7928.

• B. Peng*, T. Rashid*, C. Schroeder de Witt*, P. Kamienny, P. Torr, W.

Böhmer, and S. Whiteson. FACMAC: Factored Multi-Agent Centralised

Policy Gradients. Accepted at NeurIPS 2021 and to be published in Advances

in Neural Information Processing Systems. arXiv:2003.06709 [cs, stat].

Part 2: Common Knowledge

The second part of this thesis explores the value of common knowledge as a resource

for both coordinating and communicating through actions. Common knowledge

between groups of agents arises in a large class of tasks of practical interest,

for example, if agents can recognize each other in overlapping field-of-views. In

Multi-Agent Common Knowledge Reinforcement Learning, we introduce a novel

actor-critic method, MACKRL, which constructs a hierarchy of controllers over

common knowledge across agent groups of varying sizes. This hierarchy gives

rise to a decentralized policy structure that effectuates a joint-independent hybrid

policy that executes decentralized joint policies or falls back to independent policies

depending on whether the common knowledge between agent groups is sufficiently

informative for action coordination. In this way, MACKRL enjoys the coordinative
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advantage of joint policy training while being fully decentralised.

This chapter is based on the following papers and pre-prints:

• C. Schroeder de Witt*, J. Foerster*, G. Farquhar, P. Torr, W. Böhmer, and

S. Whiteson. Multi-agent Common Knowledge Reinforcement Learning. In

H. Wallach, H. Larochelle, A. Beygelzimer, F. d’Alché-Buc, E. Fox, and R.

Garnett, editors, Advances in Neural Information Processing Systems, volume

32, pages 9927–9939. Curran Associates, Inc., 2019.

Part 3: Implicit Communication

The third, and final part of this thesis introduces implicit referential games, in which

a sender agent needs to both execute a single-agent task, while at the same time

choosing actions such that a receiver agent observing their trajectory will be able to

decode a message from within a possibly huge message space. In Communicating via

Markov Decision Processes, we explore how common knowledge can enable a sender

agent to execute a task optimally while communicating information to a receiver

agent solely through its actions. In this form of implicit referential game, both

sender and receiver agents commonly know both the sender policy, as well as the

sender’s trajectory. By splitting the sender task into a single-agent maximum entropy

reinforcement learning task and a separate message encoding step based on minimum-

entropy coupling, we show that our method GME allows establishing communication

channels of significantly higher bandwidth than those trained end-to-end.

• S. Sokota* and C. Schroeder de Witt*, L. Zintgraf, M. Igl, Z. Kolter, P.H.S.

Torr, S. Whiteson, J. Foerster. Communicating via Markov Decision Processes.

arXiv:2107.08295 [cs.AI]. 2021. (*: equal contribution, order determined by

coin flip)



8 1.1. Thesis Structure

Quotation style

All direct quotations in this thesis are indicated visually by single line spacing,

whereas original thesis writing is indicated by double spacing.

Comments within quoted blocks are indicated by a change of color.

To make for comfortable reading, supplementary material and other appendices of

the original publications included with this thesis have been inserted at appropriate

places within the main text. The sections thus inserted are marked by [A].
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2.1 Reinforcement Learning

Reinforcement Learning (RL) treats a sequential decision-making process between

an agent and an environment E . The dynamics of this decision-making process

are characterised by a Markov decision process (MDProc) (Bellman, 1957), which

is an extension of a Markov chain (Markov, 1906) to control settings in which,

at any time t prior to termination at time T , a decision-making agent can take

9
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actions ut from an action space U and receives a scalar reward rt ∈ R in return.

Specifically, given the environment is in state st ∈ S, with a finite state space S, at

time t and the agent chooses an action ut according to some stochastic agent policy

π(ut|st) : S×U → [0, 1], the environment transitions to a new state st+1 according to

a state transition probability distribution characterised by P (st+1|st, ut) and emits a

reward rt according to a, potentially stochastic, reward function R(st, ut) : S×U→R.

Both the agent’s action space U and the state space S can either be continuous

or discrete, and we will encounter both cases in this thesis.

We restrict ourselves to the model-free setting, in which the agent does not

have knowledge of either P or R, nor has access to a model from which it can

sample freely. Instead, the agent has to reconstruct these environment statistics

through sequential interaction with the environment. We defer a detailed discussion

of this choice to Section 2.2.2.

A Markov decision problem (MDP) is a MDProc together with an optimisation

goal J . By default, J is given by the total expected cumulative discounted return

J = Eτ∼P (τ)R0(τ) with Rt(τ) =
T∑
t′=t

γt
′−trt′ , τ = 〈s0, u0, r0, . . . , sT 〉 is the trajectory

and γ ∈ [0, 1] is a temporal discount parameter. For an episode with a finite (or

infinite) horizon of T steps, we can write out explicitly:

Eπ

 T∑
t=1

γt−1r(st, ut)
 =

∫  T∑
t=0

γt−1r(st, ut)
 p1(s1)

T∏
t=0

p(st+1|st, ut)π(ut|st) dτ. (2.1)

The distinction between a MDProc and a MDP is not commonly made (for a rare

example see Littman et al., 1995), but useful: In maximum-entropy reinforcement

learning (MaxEnt RL) (Ziebart et al., 2008; Haarnoja et al., 2017), the objective

J is modified to regularize the entropy of the policy H(π):

JMaxEnt = Eτ∼P (τ)R0(τ) + αH(π(ut|st)), (2.2)

with α ∈ R+ being a hyperparameter. Maximum-entropy reinforcement learning

is widely used based on providing effective exploration, however, the theoretical
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validity of such a use has been questioned (Eysenbach and Levine, 2019). Chapter

6 supplies a novel justification for using a maximum-entropy objective based on

maximising policy information capacity in implicit communication (see Section 2.6).

2.1.1 Partial Observability

Real-world robotic agents almost always have to operate under partial observability,

i.e. they cannot observe the full state of the world at every time step. This

important limitation arises naturally in a number of ways, including through sensor

limitations such as limited camera aperture, sensor range, signal noise or resolution.

Even if sensors are omni-observant, limited on-board processing capacity may not

enable sensory information to be processed or stored appropriately. In addition,

occlusion through terrain, buildings or other robotic agents can render the world

partially observable. A Partially Observable Markov Decision Problem (POMDP) is

a generalisation of a MDP in which, instead of observing the environment Markov

state st directly, the agent only receives an observation zt ∈ Z according to a

probability distribution characterised by O(st, ut), where Z is the observation

space. In POMDPs, agent policies condition on the entire action-observation history

τ ∈ T ≡ (Z × U)∗, for which, normally, a sufficient statistic of τ is to be learned

using a function approximator (see Section 2.1.3).

2.1.2 Q-learning, policy gradients and actor-critic methods

In RL, gradient-based policy optimisation θ-parametrised J = Eτθ∼P (τ)R0(τ) re-

quires estimating ∇J(θ) from sampled policy rollouts. Policy gradient methods

(Williams, 1992, REINFORCE) use the equivalence

∇θEπ
[
R(τ)

]
= Eπ

[
R(τ)∇ log π(τ)

]
(2.3)

in order to estimate ∇J(θ) through MCMC sampling (Metropolis et al., 1953)

at high variance. This variance can be reduced through the use of a suitable

baseline b(τ) : (Z × U)∗ → R that is subtracted from r(τ). The gradient estimate
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remains unbiased as

∇θ

T∑
t=1

Eτ P,π

[
b(τ)

]
= 0 (2.4)

Other solution approaches require the introduction of the concept of a value func-

tion

Vπ(st) = Est+1:∞,ut:∞

[
Rt|st

]
(2.5)

induced by an agent’s policy π. Similarly, the action-value function (or Q −

function) is defined as

Qπ(st, ut) = Est+1:∞,ut+1:∞

[
Rt|st, ut

]
. (2.6)

Q-learning (Watkins, 1989) is an off-policy model-free learning algorithm that is

based on iteratively solving the Bellman optimality equation (Bellman, 1957)

Q∗(st, ut) = Es′
[
rt + γmax

u′
Q∗(s′, u′)

∣∣∣∣ st, ut
]

(2.7)

which can be shown to hold for any MDP as a direct consequence of the Markov prop-

erty (* indicates optimality). This induces an optimal policy as u∗ = arg maxuQ∗(u, st).

Because this method does not require the evaluation of expectations over π,

transition tuples can be sampled off-policy. This enables the use of experience replay

(Lin, 1992a), which tends to stabilise the learning process by making transition

sampling less dependent. Another important characteristic of Q-learning is its

usually employed off-policy ε-greedy exploration strategy, in which an action u

is chosen by an action selector that chooses the optimal action with probability

1 − ε and chosses a random explorative action at probability ε, thus striking a

balance between exploration and exploitation (Sutton and Barto, 2018). While not

central to this thesis, we remark that Bayesian reinforcement learning approaches

do not obviate the need to handle the exploration/exploitation tradeoff explicitly

(Ghavamzadeh et al., 2015). Scaling Bayesian RL is an interesting area for further

research (also see Section 2.5)·

Actor-critic methods (Samuel, 1959; Sutton, 1988) feature a critic represented

by a value function estimator Ṽ , and an actor represented by a stochastic policy
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π. After each action selection, the critic critiques the action taken by the actor

by evaluation the TD-error

δt = rt + γṼ (st+1)− Ṽ (st). (2.8)

The policy is then updated in the direction of δt, i.e.

∇θJ(θ) = Eτ
[
δt∇θ log πθ(ut|st)

]
(2.9)

.

2.1.3 Deep Learning in RL

In real-world settings, both observations and agent states are generally high-

dimensional and thus the value function does not admit a tabular representation. In

this case, the true value function can be estimated using a function approximator.

Traditional approaches to value approximation, including affine (Ormoneit and Sen,

2002) or kernel-based functions (Sutton, 1996), partially addressed this difficulty.

The advent of deep learning (LeCun et al., 2015) enabled the use of deep neural

networks as value function approximators for high-dimensional state and observation

spaces, however, it took a few years until the learning process within reinforcement

learning could be stabilized (Mnih et al., 2015).

Deep Q-Learning

In the following, we outline how Q-learning (see Section 2.1.2) can be extended to

deep function approximators. Deep Q-learning (Mnih et al., 2015, DQN) represents

the action-value function with a deep neural network parameterised by θ. A replay

memory (Lin, 1992b) stores transition tuples 〈s, u, r, s′〉 from policy rollout. The

next state s′ is observed after taking the action u in state s and receiving reward

r from the environment. θ is learnt by sampling batches of b transitions from the

replay memory and minimising the squared TD error using gradient descent:

L(θ) =
b∑
i=1

[(
yDQN
i −Q(si, ui; θ)

)2
]
, (2.10)
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where

yDQN
i = ri + γmax

u′
Q(s′i, u′i; θ−) (2.11)

is the so-called value target. θ− are the parameters of a target network that are

periodically copied from θ and kept constant for a number of iterations. The

slowly updated target network, together with the use of experience replay, plays

an important role in stabilizing the learning process.

Deep Recurrent Q-Learning

In partially observable settings, agents cannot condition their value functions

on the true state of the environment. The best agents can do is to maintain

a belief state over the true environment state that conditions on their entire

action-observation history. However, such belief states can be impractically large.

Hausknecht and Stone (2015) propose deep recurrent Q-networks (DRQN) that

make use of recurrent neural networks that can efficiently extract summary features

from action-observation sequences. Typically, gated architectures such as LSTM

(Hochreiter and Schmidhuber, 1997) or GRU (Chung et al., 2014) are used to

facilitate learning over longer timescales.

2.2 Multi-Agent Reinforcement Learning

So far in this chapter, we have considered reinforcement learning settings in which a

single agent interacts with an environment. We now extend this setting to n agents,

identified by a ∈ N ≡ {1, . . . , n} that choose actions uat , together forming a joint

action u ∈ U ≡ Un. As a consequence, the single shared environment undergoes

state transitions and emits rewards according to a MDProc (see Section 2.1) with

action U . Multi-agent settings can be either zero-sum, general-sum or cooperative.

In this thesis, we focus on fully cooperative settings, i.e. settings in which all agents

receive the same team reward, i.e. r(s,u, a) = r(s,u, a′), ∀a, a′.

In settings that are both fully observable and fully cooperative, agents can,

in principle, learn a joint stochastic policy

π : S × U → [0, 1]. (2.12)
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Apart from semantics, this reduces the multi-agent problem to a single-agent

problem. However, two problems arise in practice: for one, the joint action space U

grows exponentially with the number of agents, which may render greedy action

selection, exploration and learning architectures intractable. This suggests to

instead learn an exact but factorised joint policy

π(u|st) =
∏
a

πa(ua|st). (2.13)

Factorised policies also naturally address a second practical issue: partial

observability (see Section 2.1.1) and a lack of reliable communication bandwidth

may require agents to learn policies that can be executed based on their own

local observations alone. As this thesis is focused on such decentralised control

settings, we now investigate these in detail.

2.2.1 Decentralised control

Partial observability, together with communication constraints, require that trained

agents should be able to operate safely and efficiently in a decentralised fashion.

Decentralised execution signifies that each agent is able to execute its control policy

based on its local sensory observations alone. While many real-world robotic agents

are equipped with at least short-range, low-bandwidth communication links, solving

the fully decentralised setting first and subsequently subjecting it to relaxations

may pose a productive starting point in multi-agent systems research.

Decentralised partially observable Markov decision processes (Dec-POMDPs)

(Oliehoek and Amato, 2016) formalise cooperative partially-observable multi-agent

systems as follows:

A Dec-POMDP is defined by a tuple 〈N ,S,U , P, r,Z, O, ρ, γ〉, where N :=

{1, . . . , n} denotes the set of n agents and s ∈ S describes the discrete or continuous

state of the environment. The initial state s0 ∼ ρ is drawn from distribution ρ, and

at each time step t, all agents a ∈ N choose simultaneously discrete or continuous

actions uat ∈ U , yielding the joint action ut := {uat }Na=1 ∈ UN . After executing the
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joint action ut in state st, the next state st+1 ∼ P (st,ut) is drawn from transition

kernel P and the collaborative reward rt = r(st,ut) is returned to the team.

Under partial observability, the true state of the environment cannot be directly

observed by the agents. Each agent a ∈ N draws an individual observation

zat ∈ Z, zt := {zat }Na=1, from the observation kernel O(st, a).

The history of an agent’s observations and actions is denoted by τat ∈ Tt :=

(Z×U)t×Z, and the set of all agents’ histories is τt := {τat }Na=1. Agent a chooses its

actions with a decentralised policy uat ∼ π(·|τat ) based only on its individual history.

The team of agents aims to learn a joint policy

π(u|τ ) :=
N∏
a=1

πa(ua|τat ) (2.14)

that maximises their expected discounted return, E[∑∞t=0 γ
trt], where γ ∈ [0, 1) is

a discount factor. This joint policy induces a joint action-value function Qπ that

estimates the expected discounted return when the agents take joint action ut with

histories τt in state st and then follow some joint policy π through

Qπ(st, τt,ut) := E

 ∞∑
i=0

γirt+i

 . (2.15)

A particular technicality arises around the optimality of joint value functions

for Dec-POMDPs. Assuming that optimal value should reflect the value of an

optimal joint policy, it turns out that the maximal expected return from a time

t onwards is undefined if we do not assume that an optimal joint policy π∗ has

indeed been followed up to t (Oliehoek et al., 2008a, Proposition 4.1). While, in

principle, this thesis does make the assumption that all team agents follow an

optimal at all times at convergence, it should be noted that an alternative notion

of optimality, namely Sequentially rational Q∗ (Oliehoek et al., 2008a, Theorem

4.4), may be more useful in real-world settings, where agents may deviate from

optimal policy execution by mistake.

The decentralisability constraints inherent to Dec-POMDP settings have a

striking effect on the complexity of finding optimal policies: Unlike centralised

settings, even those where otherwise decentralised agents have limited-bandwidth



2. Background 17

communication with a centralised controller, Dec-POMDPs are generally NEXP-

complete (Bernstein et al., 2000). This suggests that standard solution methods

from centralised control may not be directly transferrable to this setting, opening

up a rich space for further research that we explore in this thesis.

2.2.2 Centralised Training with Decentralised Execution
(CTDE)

When trained in simulation or in a laboratory, learning algorithms often have access

to additional information that is not available at execution. Such centralised training

with decentralised execution (CTDE) poses a number of technical challenges to

DMARL algorithms that try to exploit the centralised setting in order to facilitate

the training of decentralised policies. These difficulties arise primarily from the

perceived tension between joint policy learning, which can learn arbitrary policies

but is not naively decentralisable and scales poorly with the number of agents, and

independent learning, which is readily decentralisable and scalable but provably less

expressive and prone to environment non-stationarity due to the presence of other

learning agents (Busoniu et al., 2008). Another difficulty that independent learning

approaches are exposed to in cooperative settings is the problem of multi-agent

credit assignment, which refers to the challenge of relating the joint team reward

signal to individual agent’s actions (Tumer and Agogino, 2007; Foerster et al., 2018).

We note in Section 2.1 that, in this thesis, we restrict ourselves to ourselves

to the model-free setting, in which the agent does not have knowledge of either

P or R, nor has access to a model from which it can sample freely. Instead, the

agent has to reconstruct these environment statistics through sequential interaction

with the environment.

This choice may seem overly restrictive in centralised training settings where

unrestricted access to the environment simulator can be assumed, hence allowing to

clone (or even freely prepare) simulator states, or arbitrarily control pseudo-random

number generators. Making efficient use of these additional capabilities, however,

is often not trivial. We note that the emergent field of model-based multi-agent
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reinforcement learning is a very active area of research that has grown beyond the

scope of this thesis. An illustration for how access to the model can be leveraged

on top of end-to-end learnt baseline policies is recent work in deep multi-agent

reinforcement learning has scaled test-time Monte-Carlo tree search to cooperative

multi-agent systems (Lerer et al., 2020, SPARTA).

A more exotic avenue for further research that has perhaps not yet received

due attention is based on the insight that having access to the simulator code may

inform efficient inductive biases for control as the simulator code itself may be seen

to induce a implicit generative model that is amenable to likelihood-free inference

and related techniques (Rainforth, 2017). A closely related, higly interesting yet

under-explored setting is open-source game theory, where software agents may read

their own and other software agent’s program code (Tennenholtz, 2004).

2.2.3 Independent Q-Learning

Perhaps the most commonly applied method in multi-agent learning is Independent

Q- Learning (IQL) (Tan, 1993), which decomposes a multi-agent problem into a

collection of simultaneous single-agent problems that share the same environment.

Deep Independent Q-learning (Tampuu et al., 2015, DIQL) is an independent

learning algorithm that is used particularly often in CTDE settings. In (Tampuu

et al., 2015), each agent a simultaneously learns its own Q-network Qa(s, ua; θai ),

from which it independently samples its own actions uat . While DIQL is decentralised

by construction, it is not immediately clear how it can benefit from extra state

information and communication channels available during centralised training. This

approach does not address the non-stationarity introduced due to the changing

policies of the learning agents, and thus, unlike joint Q-learning, has no convergence

guarantees even in the limit of infinite exploration. In practice, nevertheless, DIQL

commonly serves as a surprisingly strong baseline even in mixed and competitive

games (Tampuu et al., 2015; Leibo et al., 2017). Chapters 3, 5 and 4 develop

novel MARL algorithms that learn decentralised policies, while being able to

efficiently exploit CTDE training.
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2.3 Dec-POMDPs are intractable, now what?

The fact that Dec-POMDPs are generally NEXP-complete (see section 2.2.1) directly

implies that there exist at least some instances of Dec-POMDPs for which no

tractable exact learning algorithms exist. In fact, it may even be impossible to

closely approximate such solutions in some cases (Rabinovich et al., 2003). This

conversely implies that, for such cases, any efficient learning algorithm cannot

guarantee an absolute bound on the error. So what can we at all hope to achieve

when studying Dec-POMDP learning algorithms? Are we eternally confined to

solving all but the tiniest Dec-POMDPs instances?

A perhaps trivial response to this question is to realise that while some Dec-

POMDPs are intractable, this does not mean that all Dec-POMDP instances of

practical interest are NEXP-complete. In fact, the DEC-POMDP instances used to

establish general complexity results are arguably artificial and far removed from

practical application: TILING (Papadimitriou, 2003; Bernstein et al., 2000) tries

to find a consistent rectangular tiling given a set of compatibility relations, and

Multi-Prover Interactive Protocols (MIPs) (Rabinovich et al., 2003) describe a

setting in which decentralized set of probabilistic provers jointly try to establish

whether a given input language falls within a given family of languages. It does

not seem trivial that either of these problem settings is of immediate practical

interest to domains such as robotics or self-driving cars.

One might thus hope that hard Dec-POMDPs are confined to special cases of

little to no practial interest. A promising research avenue is then to try partitioning

the family of all Dec-POMDPs into those few cases that are generally intractable,

and those that aren’t. Unfortunately, the space of NEXP-complete Dec-POMDPs

seems rather large (Allen and Zilberstein, 2009).

In the light of these results, much recent work on Dec-POMDP planning has

focused on giving up theoretically guarantees in favour of empirically investigating

learning algorithms that can exploit factorized Dec-POMDPs, where the joint

reward function can be represented by an interaction graph over agent-local reward

functions (Oliehoek et al., 2008b). In domains where such factorized substructure



20 2.3. Dec-POMDPs are intractable, now what?

is present, planning algorithms may scale to large numbers of agents while still

performing well in practice (Oliehoek et al., 2013). A more detailed overview of

related successes is found in section 2.4.

When it comes to deep multi-agent reinforcement learning, forfeiting theoretical

guarantees in favour of empirical investigation is currently unavoidable: As the

use of deep neural network function approximators upends known reinforcement

learning convergence guarantees, any additional error guarantees related to specific

Dec-POMDP structure would not result in absolute error bounds for the overall

learning algorithm. Instead, one may investigate how learning algorithms with

different kinds of inductive biases perform on benchmark environments that reflect

properties of real-world tasks of interest. Hereby the ability to learn end-to-end

from high-dimensional state representations allows deep multi-agent reinforcement

learning benchmarks to more closely resemble control settings with high-dimensional

sensory input. Pre-deep learning, such settings were virtually inaccessible.

This thesis introduces a variety of novel multi-agent benchmark suites, including

the StarCraft Multi-Agent Challenge (SMAC) (Samvelyan et al., 2019; Rashid

et al., 2020b) and Multi-Agent Mujoco (MAMujoco) (Schroeder de Witt et al.,

2020; Peng et al., 2021). Both these benchmark environments exploit that, unlike

traditional planning approaches (Oliehoek and Amato, 2016), deep multi-agent

reinforcement learning is able to directly learn end-to-end from high-dimensional

observations. I terms of closeness to real-world tasks, both SMAC and MAMujoco

therefore present a step-change over traditional planning benchmarks, such as

factored firefighting (Oliehoek et al., 2008b).

We find that both SMAC and MAMujoco benefit from learning algorithms with

value decomposition (Samvelyan et al., 2019; Rashid et al., 2020b; Schroeder de Witt

et al., 2020; Peng et al., 2021), perhaps indicating that at least some real-world tasks

benefit from this inductive bias. On the other hand, vanilla value decomposition

methods are found to perform suboptimally in the presence of communication games,

such as Markov Coding Games introduced in (Sokota et al., 2021). We suggest that

developing performant benchmark environments that adequately reflect the relevant
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characteristics of real-world tasks of interest, followed by subsequently developing

efficient deep multi-agent reinforcement learning algorithms for these tasks, will

be crucial to progress in the field. The end goal is to build up a ‘registry’ of both

interesting subclasses of Dec-POMDPs, and their corresponding suitable inductive

learning biases and algorithms. This registry could then be used to retrieve building

blocks and inspiration for solving novel problems of interest.

It should be noted that scalable Dec-POMDP planning approaches could serve as

independent testbeds for deep multi-agent reinforcement learning methods and yield

valuable insights on an algorithm’s workings. The multi-agent learning community

should therefore welcome progress in this field.

2.4 A short history of Value Factorisation

Both Chapters 3 and 4 introduce methods based on value factorisation. Value

factorisation has a rich history within the multi-agent planning community. We

here provide a brief overview of relevant developments.

Factored value functions were initially explored in order to make coordination

in planning settings with centralised execution more tractable. The first notion of

Factored Value Functions (FVFs) was introduced in (Guestrin et al., 2002c). FVFs

simplify coordination over joint action spaces by introducing coordination graphs.

This idea was subsequently extended to (centralised) policy-gradient methods in

the framework of coordinated reinforcement learning (Guestrin et al., 2002b).

Kok and Vlassis (2004) sparse cooperative Q-learning, which scales to coordina-

tion graphs of high induced width. Their resulting max-sum method was echoed by

Farinelli et al. (2008) and subsequently further developed in (Farinelli et al., 2009).

Kok et al. (2005) introduce coordination dependencies, which allow coordination

graphs to admit state-dependency. A number of other works explore concepts

that may be regarded as similar to context-specific factorisation, including (Melo

and Veloso, 2009; De Hauwere et al., 2010, 2011). An empirical demonstration of

the utility of state-dependent coordination graphs was supplied by Bakker et al.

(2010) in the context of traffic light control.
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While Independent Q-learning (Tan, 1993, IQL) (see section 2.2.3) may be

regarded as the first special case of value factorisation under decentralised execution,

Nair et al. (2005) were the first to introduce factored value functions to Dec-

POMDPs, albeit only a restricted subspace called ND-POMDPS. The first analysis

of factored value functions for general factored Dec-POMDPs was conducted by

(Oliehoek et al., 2008b), exploiting exact last-stage factorisation.

While allowing for a compact problem representation, Dec-POMDPs nevertheless

share worst-case NEXP-completeness with general Dec-POMDPs. Pajarinen and

Peltonen (2011) introduced an expectation-maxmization based approach that allows

planning in factored Dec-POMPDs to be scaled to larger numbers of agents.Kumar

and Zilberstein (2010); Kumar et al. (2011) provide a rigorous axiomatisation of

Dec-POMDPs for which the value function factorization holds and, again, propose

a solution algorithm based on expectation-maximisation. Techniques that enable

value factorisation coordination graphs for factored Dec-POMDPs to be learnt

were developed by (Yeoh et al., 2013).

Following these mostly theoretical developments, a number of works sought to

better understand under what conditions factorisation arises in multi-agent tasks.

Oliehoek et al. (2012b) used influence-based abstraction (IBA) to show that, for

sufficiently local models, near-exact factorisation can be expected as long as history-

dependence is allowed. The analysis was subsequently expanded in (Oliehoek

et al., 2021). Oliehoek et al. (2015) showed that, using optimistic influences,

factored upper bounds for value functions can be derived even if Dec-POMDPs

do not admit exact factored value functions. Type independence, a different type

of factorisation, was identified in certain Bayesian games and Dec-POMDPs by

(Oliehoek et al., 2012a). Factored-value POMCP (Amato and Oliehoek, 2015)

exploits value factorisation in online planning (Silver and Veness, 2010). Choudhury

et al. (2021) further develop this idea.

The first demonstration of factored value-functions (FVFs) in deep multi-agent

reinforcement learning was made in (Pol and Oliehoek, 2016).Böhmer et al. (2020)

scaled centralised coordination graphs to end-to-end deep multi-agent reinforcement
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learning. An empirical investigation of the ability of factored value functions to

learn non-factored payoff function was conducted by (Castellini et al., 2021). In

particular, it was found that high-order factorisations with multiple agents can

improve the accuracy of action-value function representation substantially , and

that random overlapping factors can perform surprisingly well.

In the light of this rich history, VDN (Sunehag et al., 2018) may be seen

as ‘individually-factorised FVFs in one computational graph’, whereas QMIX

(Rashid et al., 2020b) employs monotonic factorisation with history-based local

Q-components. Acccording to the theory of influence-based abstraction (IBA)

(Oliehoek et al., 2012b, 2021), such history-based local Q-components may in fact

lead to accurate representations for Dec-POMDP planning and learning, hence the

empirical success of VDN and QMIX on certain domains may not be surprising.

The type of policy factorisation employed in MACKRL (Schroeder de Witt et al.,

2019) does not seem to squarely fit into historical frameworks. A distantly related

precedent can perhaps be found in coordinated reinforcement learningGuestrin et al.

(2002b), although the policy factorisation presented here is not decentralisable.

Another observation is that the factorisations employed in MACKRL with field-

of-view common knowledge (see section 2.7) exhibit a natural kind of locality,

perhaps suggesting that a policy-side extension of IBA theory might shed light

on its empirical success.

Further work related to QMIX, FACMAC and MACKRL, including additional

contemporary developments, are discussed in the respective chapters 3, 4, and 5.

2.5 Bayesian multi-agent learning

Although not central to this thesis, there also exist Bayesian approaches to multi-

agent reinforcement learning. While often posing scalability challenges, Bayesian

approaches admit a more heuristic frameworks for trading off exploration and

exploitation (Ghavamzadeh et al., 2015).

Among tabular approaches, Amato and Oliehoek (2013) investigate Bayesian RL

for best-response models. Building up on Bayes-Adaptive POMDPs (BA-POMDPs)
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(Guez et al., 2012), Amato and Oliehoek (2015) tackle Bayesian reinforcement

learning for multi-agent POMDPs. Subsequent work has focused on scaling up

single-agent BA-POMDPs (Katt et al., 2017, 2019), although such work has not

been extended to function approximation with deep neural networks. A notable

attempt solving single-agent BA-MDPs with deep reinforcement learning has been

made by (Zintgraf et al., 2020, VariBAD).

2.6 Implicit communication

A major focus point of this thesis is to investigate the relationship between two

different forms of communication between agents, namely explicit and implicit

communication. For a concise definition, we reproduce (Oliehoek and Amato,

2016, Definition 31):

When a multiagent decision framework has a separate set of communication

actions, we say that it supports explicit communication. Frameworks without explicit

communication can and typically do still allow for implicit communication: the act

of influencing the observations of one agent through the actions of another

Real-world constraints can render explicit communication unreliable (or at all

unavailable) for to a number of reasons: first of all safety constraints over sensor

failure, security constraints as adversaries may intercept or spoof communication

signals, resource constraints related to battery or equipment budget and lastly,

physical constraints due to terrain, weather or signal interference. In such situations,

or in addition to communication through reliable channels, agents may be able to

rely on implicit communication, i.e. communication achieved through observing

each other’s actions directly, or their effects on the environment.

As a real-world illustration of implicit communication, bees indicating the

location and distance to food sources through waggle dances to others communicate

through their actions being observed by other bees, while a lost mountaineer writing

“SOS” in the snow in the hope that rescuers will read it from the air is effecting the

environment in a way that can be perceived by other agents (who do not observe

the mountaineer necessarily while she writes the message).
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There are many benefits to being able to learn how to communicate implicitly.

First of all, one may avoid the installation cost or energy requirements of extra

communication equipment. Secondly, implicit communication may be robust to

signal interference and jamming in the (non-visual) electromagnetic spectrum.

Implicit communication may increase communication bandwidth on top of available

cheap talk channels, or provide additional redundancy under signal noise or

interference. Choosing to communicate implicitly may also allow masking the

very act of communication, which may give rise to plausible deniability in settings

in which cooperation between agents needs to be concealed.

Despite its advantages, implicit communication also has some important limita-

tions: As actions are used simultaneously for communication and to manipulate the

environment, implicit communication may interfere with task execution. Reversely,

task execution may greatly constrain the amount of information to be communicated.

Environment modifications for the purpose of implicit communication might not

be detected in time by the other agents.

In Chapter 6, we introduce GME, a novel algorithm that allows agents to

efficiently encode information in their trained policies.

2.7 Common Knowledge

Throughout this thesis, but in particular in Chapter II, a particular form of group

knowledge plays an important part:

Common knowledge for a group of agents consists of facts that all agents know

and “each individual knows that all other individuals know it, each individual

knows that all other individuals know that all the individuals know it, and so

on” (Osborne and Rubinstein, 1994). This may arise in a wide range of multi-

agent problems, e.g., whenever a reliable communication channel is present. But

common knowledge can also arise without communication, if agents can infer some

part of each other’s observations.
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Figure 2.1: Three agents
and their fields of view. A
and B’s locations are common
knowledge to A and B as they
are within each other’s fields
of view. Although C can see
A and B, it shares no common
knowledge with them.

The process in which common knowledge ξ arises

among a group of agents can be modeled as an infinite

recursion: Let ξ0 be a set of information known to all

agents in a group and define ξi+1 as the subset of ξi that

is known by all agents to be in ξi. ξ is then commonly

known between agents in G if

ξ :=
∞⋂
i=1

ξi (2.16)

Any data ξ that are known to all agents before execu-

tion/training, like a shared random seed, are obviously

common knowledge. For example, practically any cooperative learning setting

assumes that each agent’s policy is commonly known among all agents during

execution.

Crucially, every agent a ∈ G can deduce the same history of common knowledge

τGt from its own history τat and the commonly known data ξ, that is, τGt :=

IG(τat , ξ) = IG(τ āt , ξ),∀a, ā ∈ G. Furthermore, any actions taken by a policy

πG(uGenv|τGt ) over the group’s joint action space UGenv are themselves common knowl-

edge, if the policy is deterministic or pseudo-random with a shared random seed

and conditions only on the common history τGt , i.e. the set formed by restricting

each transition tuple within the joint history of agents in G to what is commonly

known in G at time t. Common knowledge of subgroups G ′ ⊂ G cannot decrease,

that is, IG′(τat , ξ) ⊇ IG(τat , ξ).

Common knowledge can arise through a great variety of physical or conceptual

mechanisms. For example, if each agent can reliably observe objects within its field

of view and the agents know each other’s fields of view, then they share common

knowledge whenever they see each other. This setting is illustrated in Figure 2.1

and applies to a range of real-world scenarios, for example, to robo-soccer (Genter

et al., 2017), fleets of self-driving cars and multi-agent StarCraft micromanagement

(Synnaeve et al., 2016). This type of common knowledge is formalised as common

knowledge with entities in Chapter 5.3.
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Another example of common knowledge arising between agents is the popular

card game Hanabi (Bard et al., 2020). In Hanabi, agents can only observe other

agents’ hands, but not their own. One of the most successful hand-coded Hanabi

bots, (Cox et al., 2015; Wu, 2018, WTFWThat), uses a hat coding mechanism

that derives public knowledge, i.e. knowledge that is commonly known between all

agents without requiring further deduction, from common knowledge between pairs

of agents. So far, MARL-based approaches to learning optimal policies for Hanabi

agents explicitly exploit common knowledge that arises simultaneously for all agents,

but not common knowledge that arises for smaller agents subgroups (Foerster et al.,

2019; Hu and Foerster, 2020; Hu et al., 2020), with the exception of (Lerer et al.,

2020, SPARTA), which combines search with arbitrary blueprint policies.

Common knowledge has been studied extensively in a variety of contexts,

including philosophy and game theory. Examples of applications to multi-agent

systems include Thomas et al. (2014), who explore the psychology of common

knowledge and coordination. Importantly, multi-agent coordination sometimes

cannot rely on lower-order group knowledge: Rubinstein (1989) shows that any

finite number of reasoning steps, short of the infinite number required for common

knowledge, can be insufficient for achieving coordination (see Appendix 5.3).

Nayyar et al. (2013) show that common knowledge can be used to reformulate

decentralised planning problems as POMDPs (see section 2.1.1) to be solved by a

central coordinator using dynamic programming. Foerster et al. (2019, BAD)

subsequently propose a method for scaling this to learning beliefs over high-

dimensional state spaces. However, BAD does not trivially scale to continuous

state spaces and dynamic groupwise common knowledge hierarchies. In Chapter

5, we introduce MACKRL (Schroeder de Witt et al., 2019), an entirely model-free

multi-agent algorithm that exploits common knowledge at different levels of the

agent group hierarchy and learns trivially decentralisable control policies end-to-end

without the computational expense of explicit belief construction.

In the absence of common knowledge, complex decentralised coordination has

to rely on implicit communication (see section 2.6), i.e., observing each other’s
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actions or their effects (Heider and Simmel, 1944; Rasouli et al., 2017). However,

implicit communication protocols for complex coordination problems are difficult

to learn and, as they typically require multiple timesteps to execute, can limit the

agility of control during execution (Tian et al., 2020) (see section 2.6). By contrast,

coordination based on common knowledge is simultaneous, that is, does not require

learning communication protocols (Halpern and Moses, 2000).
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3.1 Introduction

In Chapter 1, we discussed that many important control problems, including

autonomous driving (Cao et al., 2013), swarm control (Barnes et al., 2009), robotics

(Seuken and Zilberstein, 2007), communication networks (Peshkin, 2000), crisis

management (Paquet et al., 2005), recreational games(Bard et al., 2020) and load

balancing (Cogill et al., 2006), fall within the paradigm of centralised training with

decentralised execution introduced in Section 2.2.2. In this Chapter, we tackle

various open challenges surrounding how to best exploit centralised training in

CTDE settings.

Central to this Chapter is the concept of value function factorisation, i.e. the

assumption that the joint action-value function for the system can be additively

decomposed into value functions across agents(Sunehag et al., 2018). Since publica-

tion of (Rashid et al., 2020b), significant progress has been made in understanding

under what conditions such an assumption may be reasonable. In fact, Oliehoek

et al. (2021) show that for any factored Dec-POMDP for which a set of local

form models (Oliehoek et al., 2021, Definition 10) can be created, the joint value

function can indeed be decomposed into per-agent factors as long as each factor

conditions on a sufficient statistic of respective agent’s belief state. While this

notion does not directly carry over to state-action value functions, the empirical
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success of methods based on factored state-action value functions on environments

like SMAC (Rashid et al., 2020b) or Multi-Agent Mujoco (Peng et al., 2021) show

it to approximately hold across a number of real-world setups. For a more detailed

discussion of why this may be and why this assumption may break down for more

tightly-coupled environments and off-policy reinforcement learning methods, we

refer to (Oliehoek et al., 2021, Section 8.1).

We now quote from (Rashid et al., 2020b), with the quoted text being visually

indicated by reduced linespacing. Please note that the quote is literal except for

where original supplementary material and appendices have been inserted in-place

and internal document references have been updated accordingly.

One of these challenges is how to represent and use the action-value function that
many RL methods learn. On the one hand, properly capturing the effects of the
agents’ actions requires a centralised action-value function Qtot that conditions
on the global state and the joint action. On the other hand, such a function is
difficult to learn when there are many agents and, even if it can be learned, offers
no obvious way to extract decentralised policies that allow each agent to select only
an individual action based on an individual observation.
The simplest option is to forgo a centralised action-value function and let each agent
a learn an individual action-value function Qa independently, as in independent
Q-learning (IQL) (Tan, 1993), see Section 2.2.3. However, this approach cannot
explicitly represent interactions between the agents and may not converge, as each
agent’s learning is confounded by the learning and exploration of others.
At the other extreme, we can learn a fully centralised action-value function Qtot

and then use it to guide the optimisation of decentralised policies in an actor-
critic framework, an approach taken by counterfactual multi-agent (COMA) policy
gradients (Foerster et al., 2018), as well as work by Gupta et al. (2017). However,
this requires on-policy learning, which can be sample-inefficient, and training the
fully centralised critic becomes impractical when there are more than a handful of
agents.
In between these two extremes, we can learn a centralised but factored Qtot, an
approach taken by value decomposition networks (VDN) (Sunehag et al., 2018).
By representing Qtot as a sum of individual value functions Qa that condition only
on individual observations and actions, a decentralised policy arises simply from
each agent selecting actions greedily with respect to its Qa. However, VDN severely
limits the complexity of centralised action-value functions that can be represented
and ignores any extra state information available during training.
In this Chapter, we propose a new approach called QMIX which, like VDN, lies
between the extremes of IQL and COMA, but can represent a much richer class of
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action-value functions. Key to our method is the insight that the full factorisation
of VDN is not necessary to extract decentralised policies. Instead, we only need
to ensure that a global arg max performed on Qtot yields the same result as a set
of individual arg max operations performed on each Qa. To this end, it suffices to
enforce a monotonicity constraint on the relationship between Qtot and each Qa:

∂Qtot

∂Qa

≥ 0, ∀a. (3.1)

QMIX consists of agent networks representing each Qa, and a mixing network that
combines them into Qtot, not as a simple sum as in VDN, but in a complex nonlinear
way that ensures consistency between the centralised and decentralised policies.

For a concise definition of the consistency condition please refer to Equation 3.3.

At the same time, it enforces the constraint of (3.1) by restricting the mixing
network to have positive weights. We use hypernetworks (Ha et al., 2017) to
condition the weights of the mixing network on the state, which is observed only
during training. As a result, QMIX can represent complex centralised action-value
functions with a factored representation that scales well in the number of agents
and allows decentralised policies to be easily extracted via inexpensive individual
argmax operations.
To evaluate QMIX, as well as the growing number of other algorithms recently
proposed for multi-agent RL (Foerster et al., 2018; Sunehag et al., 2018), we
introduce the StarCraft Multi-Agent Challenge (SMAC)1. In single-agent RL,
standard environments such as the Arcade Learning Environment (Bellemare et al.,
2013) and MuJoCo (Plappert et al., 2018) have facilitated rapid progress. While
some multi-agent testbeds have emerged, such as Poker (Heinrich and Silver, 2016),
Pong (Tampuu et al., 2015), Keepaway Soccer (Stone et al., 2005), or simple
gridworld-like environments (Lowe et al., 2017; Leibo et al., 2017; Yang et al.,
2018; Zheng et al., 2017), there are currently no challenging standard testbeds for
centralised training with decentralised execution with the exception of the recently
introduced Hanabi Challenge (Bard et al., 2020) which focusses on a setting with
less than 5 agents.
SMAC fills this gap. It is built on the popular real-time strategy game StarCraft II
and makes use of the SC2LE environment (Vinyals et al., 2017). Instead of tackling
the full game of StarCraft with centralised control, it focuses on decentralised
micromanagement challenges (Figure 3.1). In these challenges, each of our units is
controlled by an independent, learning agent that has to act based only on local
observations, while the opponent’s units are controlled by the hand-coded built-in
StarCraft II AI. SMAC offers a diverse set of scenarios that challenge algorithms to
handle high-dimensional inputs and partial observability, and to learn coordinated
behaviour even when restricted to fully decentralised execution. In contrast to the
diverse set of scenarios included in SMAC, the Hanabi Challenge focusses on a

1Code is available at https://github.com/oxwhirl/smac.

https://github.com/oxwhirl/smac
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(a) 3 Stalkers vs 5 Zealots (b) 2 Collosi vs 64 Zerglings

Figure 3.1: Decentralised unit micromanagement in StarCraft II, where each learning
agent controls an individual unit. The goal is to coordinate behaviour across agents to
defeat all enemy units.

single task involving between 2-5 agents designed to test agents’ ability to reason
about the actions of the other agents (an ability in humans referred to as theory of
mind (Rabinowitz et al., 2018)).
To further facilitate research in this field, we also open-source PyMARL, a learning
framework that can serve as a starting point for other researchers and includes
implementations of several key multi-agent RL algorithms. PyMARL is modular,
extensible, built on PyTorch, and serves as a template for dealing with some of
the unique challenges of deep multi-agent RL in practice. We also offer a set of
guidelines for best practices in evaluations using our benchmark, including the
reporting of standardised performance metrics, sample efficiency, and computational
requirements (see Section 3.6).
Our experiments on SMAC show that QMIX outperforms IQL, VDN, and COMA,
both in terms of absolute performance and learning speed. In particular, our method
shows considerable performance gains on the harder tasks in SMAC, and tasks
with heterogeneous agents. Moreover, our analysis and ablations show both the
necessity of conditioning on the state information and a flexible multi-layer network
for mixing of agent Q-values in order to achieve consistent performance across tasks.
Since its introduction by Rashid et al. (2018), QMIX has become an important
value-based algorithm in discrete action environments. It has inspired a number of
extensions and follow-up work (Section 3.2.4) and is a prominent point of comparison
in any work that utilises SMAC (Section 3.2.5). Recently it is becoming increasingly
common (and arguably necessary) to evaluate deep multi-agent RL algorithms on
non-gridworld environments. This has been driven in part by the introduction of
PyMARL and SMAC, which provide an open-source codebase and a standardised
testbed for evaluating and comparing deep multi-agent RL algorithms.2

2This work was originally published as a conference paper (Rashid et al., 2018). The main
additions in this article are:

• Introducing SMAC, a benchmark for the cooperative multi-agent RL setting of centralised
training and decentralised execution (Section 3.6).

• Releasing PyMARL, a framework for running and developing multi-agent RL algorithms
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3.2 Related Work

Recent work in multi-agent RL has started moving from tabular methods (Yang
and Gu, 2004; Busoniu et al., 2008) to deep learning methods that can tackle
high-dimensional state and action spaces (Tampuu et al., 2015; Foerster et al., 2018;
Peng et al., 2017; Schroeder de Witt et al., 2019). In this paper, we focus on the
fully-cooperative setting in which all agents must maximise a joint reward signal in
the paradigm of centralised training and decentralised execution.

3.2.1 Independent Learners

A natural approach to producing decentraliseable agents in a multi-agent system is
to directly learn decentralised value functions or policies. Independent Q-learning
(Tan, 1993) trains independent action-value functions for each agent using Q-
learning (Watkins, 1989). Tampuu et al. (2015) extend this approach to deep neural
networks using DQN (Mnih et al., 2015). While trivially achieving decentralisation,
these approaches are prone to instability arising from the non-stationarity of the
environment induced by simultaneously learning and exploring agents. Foerster
et al. (2017) addresses the issue of non-stationarity when using an experience
replay with independent learners to some extent. Lauer and Riedmiller (2000)
ignore updates which decrease Q-value estimates in order to not prematurely
underestimate an action’s Q-value due to the exploratory actions of other agents.
In a tabular setting, they prove this converges to the optimal policy in deterministic
environments, provided there is a unique optimal joint-action. Matignon et al.
(2007) introduce Hysteretic Q-learning which instead uses a smaller learning rate
for decreasing Q-value estimates, which is slightly more robust to stochasticity
and the presence of multiple optimal joint actions. Omidshafiei et al. (2017)
utilises Hysteretic Q-learning in a multi-task deep RL setting. Panait et al. (2008)
introduce Leniency which ignores updates that decrease Q-value estimates with
a probability that is decreasing during training. Wei and Luke (2016) show that
Leniency outperforms Hysteretic Q-learning in cooperative stochastic games, and
Palmer et al. (2017) extend Leniency to the deep RL setting and show benefits
over Hysteretic and fully Independent Q-learners on deterministic and stochastic
gridworlds with two agents. Palmer et al. (2019) maintain a learned interval whose
lower bound is approximately the minimum cumulative reward received when all
agents are coordinating. They use this interval when decreasing Q-value estimates

(Section 3.7).

• Experimental results comparing IQL, VDN, COMA, and QTRAN on the SMAC benchmark
(Section 3.8).

• Further analysis and ablation experiments to investigate why QMIX outperforms VDN
(Sections 3.5 and 3.9).

• Comprehensive literature review of classical as well as novel cooperative multi-agent RL
approaches (Section 3.2).
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to distinguish between miscoordination between the agents and the stochasticity
of the environment, which Hysteretic and Lenient learners do not distinguish
between. Lyu and Amato (2019) utilise Distributional RL (Bellemare et al., 2017)
in combination with Hysteretic Q-learning in order to also distinguish between
miscoordination and stochasticity, and argue their approach is more stable and
robust to hyperparameters than the above methods. All of these approaches do not
utilise extra state information available during a centralised training regime, nor do
they attempt to learn joint action-value functions.

3.2.2 Centralised Execution

In settings where decentralised execution is not mandatory, the centralised learning
of joint action-value function naturally handles the coordination problems and avoids
the non-stationarity problem. Nonetheless, a centralised action-value function is
impractical to scale since the joint action space grows exponentially in the number
of agents. Classical approaches to scalable centralised learning include coordination
graphs (Guestrin et al., 2002a), which exploit conditional independencies between
agents by decomposing a global reward function into a sum of agent-local terms.
This can significantly reduce the computation required in order to find the maximum
joint action (depending on the exact structure of the coordination graph supplied)
through message passing or variable elimination algorithms. However, specifying
an appropriate coordination graph (i.e. not fully-connected) can require significant
domain knowledge. Sparse cooperative Q-learning (Kok and Vlassis, 2006) is a
tabular Q-learning algorithm that learns to coordinate the actions of a group
of cooperative agents only in the states in which such coordination is necessary,
encoding those dependencies in a coordination graph. Both methods require the
dependencies between agents to be pre-supplied, whereas we do not require such
prior knowledge. Castellini et al. (2019) investigate the representational capacity of
coordination graphs in a deep RL setting using one-step matrix games. Böhmer
et al. (2020) also extend coordination graphs to the deep RL setting, making use
of parameter sharing and limiting the graphs to contain only pairwise edges, in
order to consider more complex scenarios. Chen et al. (2018) similarly factor the
joint Q-function into pairwise interaction terms, performing maximisation using
coordinate ascent instead of message-passing. QMIX (and VDN) correspond to
the case of a degenerate fully disconnected coordination graph, thus enabling fully
decentralised execution.
DIAL (Foerster et al., 2016) utilises an end-to-end differentiable architecture that
allows for a learned inter-agent communication to emerge via backpropagation.
CommNet (Sukhbaatar et al., 2016) use a centralised network architecture to
exchange information between agents. BicNet (Peng et al., 2017) utilise bidirectional
RNNs for inter-agent communication in an actor-critic setting and additionally
requires estimating individual agent rewards. MAGNet (Malysheva et al., 2018)
allow agents to centrally learn a shared graph structure that encodes the relevance
of individual environment entities to each agent. Based on this graph, agents can
communicate and coordinate their actions during centralised execution. Zhao and
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Ma (2019) show that the performance of decentralised policies can be improved
upon through a centralised communication scheme that uses a central information-
filtering neural network in between timesteps. Clustered Deep Q-Networks (CDQN)
(Pageaud et al., 2019) use a hierarchical approach in order to scale learning to more
agents and larger joint action spaces. Low-level agents are clustered into groups,
each of which is managed by a higher-level agent within a centralised execution
setting. All low-level agents within a cluster execute the same action selected by
a vote, which alleviates some of the non-stationarity of the independent learning
setting. In contrast to these approaches, QMIX does not require any form of
inter-agent communication during decentralised execution.

3.2.3 Centralised Training and Decentralised Execution

A number of methods have developed hybrid approaches that exploit the centralised
training opportunity for training fully decentralised policies. Gupta et al. (2017)
present a centralised actor-critic algorithm with per-agent critics, which scales
easily with the number of agents. Similarly, Lowe et al. (2017) present MADDPG,
which learns a centralised critic for each agent and apply this to competitive games
with continuous action spaces. In contrast to Gupta et al. (2017), MADDPG
takes advantage of the centralised training paradigm by incorporating information
from the other agents into the critics, at the expense of scalability due to the
increased input size. COMA (Foerster et al., 2018) instead uses a single centralised
critic to train decentralised actors in the fully-cooperative setting, estimating a
counterfactual advantage function for each agent in order to address multi-agent
credit assignment. Iqbal and Sha (2019) devise an actor-critic algorithm with
per-agent critics that share an attention mechanism in order to improve scalability
compared to a single centralised critic. Their approach allows for the agents to have
differing action spaces as well allowing for individual rewards. The authors do not
compare against QMIX and do not evaluate on environments of similar complexity
as StarCraft. Schroeder de Witt et al. (2019) construct a multi-agent actor-critic
algorithm with a hierarchical actor policy that is able to use common knowledge
between agents for coordination. Learning Individual Intrinsic Reward (LIIR) (Du
et al., 2019) learns an intrinsic reward function for each agent to supplement the
team reward. The intrinsic reward function is trained such that it maximises the
team reward function. As a bi-level optimisation process, LIIR is significantly less
computationally efficient than QMIX and has not been demonstrated to scale to
large numbers of agents. These approaches are all actor-critic variants which use
the policy-gradient theorem, and thus are prone to get stuck sub-optimal local
minima. Additionally, all but MADDPG are on-policy algorithms which can have
poor sample efficiency compared to off-policy algorithms such as QMIX.
Lin et al. (2019) train a centralised action-value function Q which has access to
observations of all agent. They then train the decentralised agents via supervised
learning to mimic the actions of the centralised policy. Distilling a centralised
policy into decentralised agent policies can be problematic since the centralised
policy conditions on more information than any of the agents’ policies. QMIX
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instead learns a factored joint Q-function that can be easily decentralised due to its
architecture. Sunehag et al. (2018) propose value decomposition networks (VDN),
which allow for centralised value function learning with decentralised execution.
Their algorithm decomposes a central action-value function into a sum of individual
agent terms. VDN does not make use of additional state information during training
and can represent only a limited class of centralised action-value functions. Son
et al. (2019) introduce QTRAN which learns a centralised, unrestricted, joint Q-
function as well as a VDN-factored joint Q-function that is decentralisable. Since
the unrestricted Q-value cannot be maximised efficiently, the VDN-factored Q is
used to produce the (approximate) maximum joint-action. They show that solving
a linear optimisation problem involving all joint actions, in which the VDN-factored
Q-value matches the unrestricted Q-value for the approximated maximum joint
action and over-estimates for every other action, results in decentralisable policies
with the correct argmax. This allows QTRAN to represent a much larger class of
joint Q-function than QMIX, as well as produce decentralisable policies for them.
However, exactly solving the linear optimisation problem is prohibitively expensive.
Thus, the authors instead optimise a soft approximation using L2 penalties via
stochastic gradient descent. In practice, optimising this loss is difficult which results
in poor performance for QTRAN on complex environments such as SMAC.

3.2.4 Extensions of QMIX

Mahajan et al. (2019) show that the representational constraints of QMIX can
prohibit it from learning an optimal policy. Importantly, they show that this is
exacerbated by increased ε-greedy exploration. They introduce MAVEN, which
conditions QMIX agents on a shared latent space whose value is chosen at the
beginning of an episode by a hierarchical policy. Note that this requires access to
the initial state and communication at the first timestep. A mutual information
loss is added to encourage diversity of trajectories across the shared latent space,
which allows for relatively-greedy agents (once conditioned on the latent variable)
to still achieve committed exploration during training similar to Bootstrapped
DQN (Osband et al., 2016). This results in significant performance gains on some
scenarios in SMAC (Samvelyan et al., 2019).
Action Semantics Networks (ASN) (Wang et al., 2019a) extends QMIX with a
novel agent network architecture that separates each agent’s Q-value estimation of
actions that influence other agents from those actions that do not. The Q-values
for actions which influence another agent are computed using the relevant parts of
the current agent’s observation (e.g. the relative position of another agent). Thus,
ASN requires intimate a priori knowledge about an environment’s action semantics
and the structure of the agent’s observations, whereas QMIX does not.
Wang et al. (2020c) extend QMIX to a setting which allows for communication
between agents. Their approach allows agents to condition their Q-values on
messages from other agents, which take the form of a real-valued vector. An entropy
loss and a mutual information loss incentivise the learning of succinct and expressive
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messages. Zhang et al. (2019b) also allow for each agent’s Q-values to condition on
vector-valued messages from other agents. However, they only utilise the messages
from other agents if their gap between the best and second-best action is small
enough (interpreted as uncertainty in the best choice of action). Additionally, they
minimise the variance of the messages across actions to limit noisy or uninformative
messages.
SMIX(λ) (Yao et al., 2019) replaces the 1-step Q-learning target of QMIX with
a SARSA(λ) target. They incorrectly claim that the Q-learning update rule is
responsible for the representational limitations of QMIX, instead of the non-negative
weights in the mixing network which enforces monotonicity. They also incorrectly
claim that their method can represent a larger class of joint action-value functions
than QMIX. Since they also use non-negative weights in their mixing network,
SMIX(λ) can represent exactly the same class of value functions as QMIX.
Liu et al. (2019b) investigate transfer learning algorithms in a multi-agent setting
using QMIX as a base. Yang et al. (2019) use DIAYN (Eysenbach et al., 2018) to
learn lower-level skills that a higher level QMIX agent uses. Fu et al. (2019) extend
QMIX to allow for action spaces consisting of both discrete and continuous actions.
The applicability of QMIX in real-world application domains has also been considered
such as robot swarm coordination (Hüttenrauch et al., 2018) and stratospheric
geoengineering (de Witt and Hornigold, 2019).
QMIX has been extended from discrete to continuous action spaces (Peng et al., 2021,
COMIX). COMIX uses the cross-entropy method to approximate the otherwise
intractable greedy per-agent action maximisation step. Peng et al. (2021) also
present experiments with FacMADDPG, i.e., MADDPG with a factored critic,
which show that QMIX-like network factorisations also perform well in actor-critic
settings. COMIX has been found to outperform previous state-of-the-art MADDPG
in continuous robotic control suite Multi-Agent Mujoco, thereby illustrating its
versatility beyond SMAC.

3.2.5 PyMARL and SMAC

A number of papers have established unit micromanagement in StarCraft as a
benchmark for deep multi-agent RL. Usunier et al. (2016) present an algorithm
using a centralised greedy MDP and first-order optimisation which they evaluate on
Starcraft: BroodWar (Synnaeve et al., 2016). Peng et al. (2017) also evaluate their
methods on StarCraft. However, neither requires decentralised execution. Similar
to our setup in SMAC is the work of Foerster et al. (2017), who evaluate replay
stabilisation methods for IQL on combat scenarios with up to five agents. Foerster
et al. (2018) also uses this setting.
In this paper, we construct unit micromanagement tasks using the StarCraft II
Learning Environment (SC2LE) (Vinyals et al., 2017) as opposed to StarCraft,
since it is actively supported by the game developers and offers a more stable
testing environment. The full game of StarCraft II has already been used as an
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RL environment (Vinyals et al., 2017), and DeepMind’s AlphaStar (Vinyals et al.,
2019) has recently shown an impressive level of play on a StarCraft II matchup
using a centralised controller. By contrast, SMAC introduces strict decentralisation
and local partial observability to turn the StarCraft II game engine into a new set
of decentralised cooperative multi-agent problems.
Since their introduction, SMAC and PyMARL have been used by a number of
papers to evaluate and compare multi-agent RL methods (Schroeder de Witt et al.,
2019; Wang et al., 2019b; Du et al., 2019; Wang et al., 2020c; Zhang et al., 2019b;
Mahajan et al., 2019; Yao et al., 2019; Böhmer et al., 2020; Wang et al., 2019a).

3.2.6 Hypernetworks and Monotonic Networks

QMIX relies on a neural network to transform the centralised state into the weights
of another neural network, in a manner reminiscent of hypernetworks (Ha et al.,
2017). This second neural network is constrained to be monotonic with respect to
its inputs by keeping its weights positive. Dugas et al. (2009) also investigate such
functional restrictions for neural networks.

3.2.7 Value Decomposition Networks

By contrast, value decomposition networks (VDNs) (Sunehag et al., 2018) aim
to learn a joint action-value function Qtot(τ ,u), where τ ∈ T ≡ T n is a joint
action-observation history and u is a joint action. It represents Qtot as a sum of
individual value functions Qa(τa, ua; θa), one for each agent a, that condition only
on individual action-observation histories:

Qtot(τ ,u) =
n∑
i=1

Qi(τ i, ui; θi). (3.2)

Strictly speaking, each Qa is a utility function (Guestrin et al., 2002a) and not a
value function since by itself it does not estimate an expected return. However, for
terminological simplicity we refer to both Qtot and Qa as value functions.
The loss function for VDN is equivalent to (2.10), where Q is replaced by Qtot. An
advantage of this representation is that a decentralised policy arises simply from
each agent performing greedy action selection with respect to its Qa.

3.3 QMIX

In this section, we propose a new approach called QMIX which, like VDN, lies
between the extremes of IQL and centralised Q-learning. However, QMIX can
represent a much richer class of action-value functions than VDN.
Key to our method is the insight that the full factorisation of VDN is not necessary
in order to extract decentralised policies that are fully consistent with their
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centralised counterpart. As long as the environment is not adversarial, there
exists a deterministic optimal policy conditioned on the full action-observation
history. Hence, we only need to establish consistency between the deterministic
greedy decentralised policies and the deterministic greedy centralised policy based
on the optimal joint action-value function. When the greedy decentralised policies
are determined by an arg max over the Qa, consistency holds if a global arg max
performed on Qtot yields the same result as a set of individual arg max operations
performed on each Qa:

arg max
u

Qtot(τ ,u) =


arg maxu1 Q1(τ 1, u1)

...
arg maxun Qn(τn, un)

 . (3.3)

This allows each agent a to participate in a decentralised execution solely by choosing
greedy actions with respect to its Qa. As a side effect, if (3.3) is satisfied, then
taking the arg max of Qtot, required by off-policy learning updates, is trivially
tractable without an exhaustive evaluation of Qtot for the exponentially many joint
actions.

VDN’s representation is sufficient to satisfy (3.3). However, QMIX is based on
the observation that this representation can be generalised to the larger family of
monotonic functions that also satisfy (3.3). Monotonicity in this context is defined
as a constraint on the relationship between Qtot and each Qa:

∂Qtot

∂Qa

≥ 0, ∀a ∈ A, (3.4)

which is sufficient to satisfy (3.3), as the following theorem shows.

Theorem 1. If ∀a ∈ A ≡ {1, 2, ..., n}, ∂Qtot
∂Qa
≥ 0 then,

arg max
u

Qtot(τ ,u) =


arg maxu1 Q1(τ 1, u1)

...
arg maxun Qn(τn, un)

 . (3.3)

[A] The following section is taken from the paper’s appendix.

Proof. Since ∂Qtot
∂Qa
≥ 0 for ∀a ∈ A, the following holds for any (u1, . . . , un) and the
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mixing network function Qtot(·) with n arguments:

Qtot(Q1(τ 1, u1), . . . , Qa(τa, ua), . . . , Qn(τn, un))

≤ Qtot(max
u1

Q1(τ 1, u1), . . . , Qa(τa, ua), . . . , Qn(τn, un))

. . .

≤ Qtot(max
u1

Q1(τ 1, u1), . . . ,max
ua

Qa(τa, ua), . . . , Qn(τn, un))

. . .

≤ Qtot(max
u1

Q1(τ 1, u1), . . . ,max
ua

Qa(τa, ua), . . . ,max
un

Qn(τn, un)).

Therefore, the maximiser of the mixing network function is:

(max
u1

Q1(τ 1, u1), . . . ,max
ua

Qa(τa, ua), . . . ,max
un

Qn(τn, un)).

Thus,

max
u

Qtot(τ ,u) := max
u=(u1,...,un)

Qtot(Q1(τ 1, u1), . . . , Qn(τn, un))

= Qtot(max
u1

Q1(τ 1, u1), . . . ,max
un

Qn(τn, un)).

Letting u∗ = (u1
∗, . . . , u

n
∗ ) =


arg maxu1 Q1(τ 1, u1)

...

arg maxun Qn(τn, un)

, we have that:

Qtot(Q1(τ 1, u1
∗), . . . , Qn(τn, un∗ )) = Qtot(max

u1
Q1(τ 1, u1), . . . ,max

un
Qn(τn, un))

= max
u

Qtot(τ ,u)

Hence, u∗ = arg maxu Qtot(τ ,u), which proves (3.3).

Figure 3.2 illustrates the relationship between Qtot and individual Qa functions,
and how monotonicity leads to a decentralisable arg max in an example with two
agents with three possible actions. Each agent a produces scores Qa(ua) for each
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Figure 3.2: The discrete per-agent action-value scores Qa are fed into the monotonic
function Qtot(Q1, Q2). The maximum Qa for each agent is shown in blue, which
corresponds to the maximum Qtot also shown in blue. The constraint (3.3) is satisfied
due to the monotonicity of Qtot.

discrete action that it can take (columns with the local arg max in blue). These are
the inputs to a continuous monotonic mixing function Qtot(Q1, ..., QN), the output
of which is represented by the monotonically increasing heatmap. The intersections
of the blue lines indicate the estimated Qtot for each of the discrete joint actions.
Due to the monotonicity of Qtot, these joint-action value estimates maintain the
ordering corresponding to each agent’s Qa, for that agent’s actions when the other
agents’ actions remain fixed. The result is that the global greedy joint action of Qtot,
indicated by the blue dot, corresponds to the set of decentralised greedy actions.
We now describe how QMIX enforces (3.4) in practice, by representing Qtot using
an architecture consisting of agent networks, a mixing network, and a set of
hypernetworks (Ha et al., 2017). Figure 3.3 illustrates the overall setup.
For each agent a, there is one agent network that represents its individual value
function Qa(τa, ua). We represent agent networks as DRQNs that receive the
current individual observation oat and the last action uat−1 as input at each time
step, as shown in Figure 3.3c. We include the last actions since they are part of
the action-observation history τa on which the decentralised policy can condition.
Due to the use of stochastic policies during training, it is necessary to provide the
actual action that was executed in the environment. If weights are shared across
the agent networks in order to speed up learning, agent IDs are included as part of
the observations to allow for heterogeneous policies.
The mixing network is a feed-forward neural network that takes the agent network
outputs as input and mixes them monotonically, producing the values of Qtot, as
shown in Figure 3.3a. To enforce the monotonicity constraint of (3.4), the weights
(but not the biases) of the mixing network are restricted to be non-negative. This
allows the mixing network to approximate any monotonic function arbitrarily closely
in the limit of infinite width (Dugas et al., 2009).
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(a) (b) (c)

Figure 3.3: (a) Mixing network structure. In red are the hypernetworks that produce
the weights and biases for mixing network layers shown in blue. (b) The overall QMIX
architecture. (c) Agent network structure. Best viewed in colour.

The weights of each layer of the mixing network are produced by separate hy-
pernetworks. Each hypernetwork takes the state s as input and generates the
weights of one layer of the mixing network. Each hypernetwork consists of two
fully-connected layers with a ReLU nonlinearity, followed by an absolute activation
function, to ensure that the mixing network weights are non-negative. The output
of the hypernetwork is then a vector, which is reshaped into a matrix of appropriate
size. The biases are produced in the same manner but are not restricted to being
non-negative. The first bias is produced by a hypernetwork with a single linear
layer, and the final bias is produced by a two-layer hypernetwork with a ReLU
nonlinearity. Figure 3.3a illustrates the mixing network and the hypernetworks.
The state is used by the hypernetworks rather than being passed directly into the
mixing network because Qtot is allowed to depend on the extra state information in
non-monotonic ways. Thus, it would be overly constraining to pass some function
of s through the monotonic network alongside the per-agent values. Instead, the
use of hypernetworks makes it possible to condition the weights of the monotonic
network on s in an arbitrary way, thus integrating the full state s into the joint
action-value estimates as flexibly as possible. The choice of nonlinearity for the
mixing network is also an important consideration due to its interaction with the
non-negative weights. A ReLU is not a good choice since a negative input to the
mixing network is likely to remain negative (depending on the biases), which would
then be zeroed out by the ReLU leading to no gradients for all agent networks. It
is for this reason that we use an ELU.
QMIX is trained end-to-end to minimise the following loss:

L(θ) =
b∑
i=1

[(
ytoti −Qtot(τ ,u, s; θ)

)2
]
, (3.5)

where b is the batch size of transitions sampled from the replay buffer, the DQN
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target is given by ytot = r + γmaxu′ Qtot(τ ′,u′, s′; θ−), and θ− are the parameters
of a target network as in DQN. (3.5) is analogous to the standard DQN loss of
(2.10). Since (3.3) holds, we can perform the maximisation of Qtot in time linear in
the number of agents (as opposed to scaling exponentially in the worst case).
The mixing network relies on centralised training, although it may be discarded
after training to allow fully decentralised execution of the learned joint policy. In a
setting with limited communication, the core algorithmic mechanism of QMIX can
still be applied: the mixing network can be viewed as a manager that coordinates
learning, but requires only the communication of low-dimensional action-values from,
and gradients to, the decentralised agents. In a setting without communication
constraints, we can further exploit the centralised training setting by, e.g., sharing
parameters between agents for more efficient learning.

Algorithm 1 QMIX
1: Initialise θ, the parameters of mixing network, agent networks and hypernetwork.
2: Set the learning rate α and replay buffer D = {}
3: step = 0, θ− = θ
4: while step < stepmax do
5: t = 0, s0 = initial state
6: while st 6= terminal and t < episode limit do
7: for each agent a do
8: τat = τat−1 ∪ {(ot, ut−1)}
9: ε = epsilon-schedule(step)

10: uat =
arg maxuat Q(τat , uat ) with probability 1− ε
randint(1, |U |) with probability ε

11: Get reward rt and next state st+1
12: D = D ∪

{
(st,ut, rt, st+1)

}
13: t = t+ 1, step = step + 1
14: if |D| > batch-size then
15: b ← random batch of episodes from D
16: for each timestep t in each episode in batch b do
17: Qtot = Mixing-network (Q1(τ 1

t , u
1
t ), . . . , Qn(τnt , unt );Hypernetwork(st; θ))

18: Calculate target Qtot using Mixing-network with
Hypernetwork(st; θ−))

19: ∆Qtot = ytot −Qtot // Eq (3.5)
20: ∆θ = ∇θ(∆Qtot)2

21: θ = θ − α∆θ
22: if update-interval steps have passed then
23: θ− = θ

In Algorithm 1 we outline the pseudocode for the particular implementation of
QMIX we use for all of our experiments. The choice to gather rollouts from an
entire episode (line 17) before executing a single gradient descent step (line 24), as
well as using per-agent ε-greedy action selection (line 10), is not a requirement for
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QMIX but is an implementation detail. However, the action selection based solely
on agent network’s Q-values (line 10), as well as calculation of Qtot and its target
using the mixing network and hypernetworks (lines 19-20) are essential features of
QMIX. The update of per-agent action-value functions and hypernetworks using
the DQN-style loss with respect to Qtot and joint reward (lines 22-24) is also central
to our method.

3.3.1 Representational Complexity

The value function class representable with QMIX includes any value function that
can be factored into a nonlinear monotonic combination of the agents’ individual
value functions in the fully observable setting.
This follows since the mixing network is a universal function approximator of
monotonic functions (Dugas et al., 2009), and hence can represent any value function
that factors into a nonlinear monotonic combination of the agent’s individual value
functions. Additionally, we require that the agent’s individual value functions
order the values of the actions appropriately. By this we mean that Qa is such
that Qa(st, ua) > Qa(st, u′a) ⇐⇒ Qtot(st, (u−a, ua)) > Qtot(st, (u−a, u′a)), i.e.,
they can represent a function that respects the ordering of the agent’s actions in
the joint-action value function. Since the agents’ networks are universal function
approximators (Pinkus, 1999), they can represent such a Qa. Hence QMIX is able
to represent any value function that factors into a nonlinear monotonic combination
of the agent’s individual value functions.
In a Dec-POMDP, QMIX cannot necessarily represent the true optimal Q-function.
This is because each agent’s observations are no longer the full state, and thus they
might not be able to distinguish the true state given their local observations. If
the agent’s value function ordering is then wrong, i.e., Qa(τa, u) > Qa(τa, u′) when
Qtot(st, (u−a, u)) < Qtot(st, (u−a, u′)), then the mixing network would be unable to
correctly represent Qtot given the monotonicity constraints.
QMIX thus expands upon the linear monotonic value functions that are representable
by VDN. Table 3.1a gives an example of a monotonic value function for the simple
case of a two-agent matrix game. Note that VDN is unable to represent this simple
monotonic value function. Table 3.2a provides the optimal Qtot values for VDN,
minimising a squared loss. Section 3.4 additionally provides results for the values
that VDN learns in a function approximation setting.
However, the constraint in (3.4) prevents QMIX from representing value functions
that do not factorise in such a manner. A simple example of such a value function for
a two-agent matrix game is given in Table 3.1b. Intuitively, any value function for
which an agent’s best action depends on the actions of the other agents at the same
time step will not factorise appropriately, and hence cannot be perfectly represented
by QMIX. Table 3.2b provides the optimal Qtot values for QMIX when minimising a
squared loss. For the example in Table 3.1b, QMIX still recovers the optimal policy
and learns the correct maximum over the Q-values. Formally, the class of value
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Agent 2
A B

A
ge
nt

1

A 0 1
B 1 8

(a)

Agent 2
A B

A
ge
nt

1

A 2 1
B 1 8

(b)

Table 3.1: (a) An example of a monotonic payoff matrix, (b) a nonmonotonic payoff
matrix.

Agent 2
A B

A
ge
nt

1

A -1.5 2.5
B 2.5 6.5

(a)

Agent 2
A B

A
ge
nt

1
A 4/3 4/3
B 4/3 8

(b)

Table 3.2: (a) Optimal Qtot values for VDN on the example in Table 3.1a. (b) Optimal
Qtot values for QMIX on the example in Table 3.1b.

functions that cannot be represented by QMIX are called nonmonotonic (Mahajan
et al., 2019).
Although QMIX cannot perfectly represent all value functions, its increased rep-
resentational capacity allows it to learn Q-value estimates that are more accurate
for computing the target values to regress onto during Q-learning targets (boot-
strapping). In particular, we show in Section 3.4 that the increased representational
capacity allows for QMIX to learn the optimal policy in an environment with no
per-timestep coordination, compared to VDN which still fails to learns the optimal
policy. In Section 3.5 we show that QMIX learns significantly more accurate maxima
over Qtot in randomly generated matrix games, demonstrating that it learns better
Q-value estimates for bootstrapping. Finally, we show in Section 3.8 that QMIX
significantly outperforms VDN on the challenging SMAC benchmark.

3.4 Two-Step Game

To illustrate the effects of representational complexity of VDN and QMIX, we devise
a simple two-step cooperative matrix game for two agents.
At the first step, Agent 1 chooses which of the two matrix games to play in the
next timestep. For the first time step, the actions of Agent 2 have no effect. In the
second step, both agents choose an action and receive a global reward according to
the payoff matrices depicted in Table 3.4.
We train VDN and QMIX on this task for 5000 episodes and examine the final
learned value functions in the limit of full exploration (ε = 1). Full exploration
ensures that each method is guaranteed to eventually explore all available game
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states, such that the representational capacity of the state-action value function
approximation remains the only limitation.

3.4.1 Architecture and Training [A]

The architecture of all agent networks is a DQN with a single hidden layer comprised
of 64 units with a ReLU nonlinearity. Each agent performs independent ε greedy
action selection, with ε = 1. We set γ = 0.99. The replay buffer consists of the last
500 episodes, from which we uniformly sample a batch of size 32 for training. The
target network is updated every 100 episodes. The learning rate for RMSprop is set
to 5× 10−4. We train for 10k timesteps. The size of the mixing network is 8 units.
All agent networks share parameters, thus the agent id is concatenated onto each
agent’s observations. We do not pass the last action taken to the agent as input.
Each agent receives the full state as input.
Each state is one-hot encoded. The starting state for the first timestep is State 1.
If Agent 1 takes Action A, it transitions to State 2 (whose payoff matrix is all 7s).
If agent 1 takes Action B in the first timestep, it transitions to State 3.

3.4.2 Results

Figure 3.4 shows the loss for the different methods. Table 3.3 shows the final testing
reward for each method.

Figure 3.4: Loss for all six methods on the Two Step Game. The mean and 95%
confidence interval is shown across 30 independent runs.

IQL VDN VDN-S QMIX QMIX-Lin QMIX-NS
7 7 7 8 7 8

Table 3.3: The final Test Reward acheived.

Table 3.5, which shows the learned values for Qtot, demonstrates that QMIX’s
higher representational capacity allows it to accurately represent the joint-action
value function whereas VDN cannot. This directly translates into VDN learning the
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Agent 2
A B

A
ge
nt

1
A 7 7
B 7 7

State 2A

Agent 2
A B

A
ge
nt

1

A 0 1
B 1 8

State 2B

Table 3.4: Payoff matrices of the two-step game after the Agent 1 chose the first action.
Action A takes the agents to State 2A and action B takes them to State 2B.

(a)

State 1
A B

A 6.94 6.94
B 6.35 6.36

State 2A
A B

6.99 7.02
6.99 7.02

State 2B
A B

-1.87 2.31
2.33 6.51

(b)
A B

A 6.93 6.93
B 7.92 7.92

A B

7.00 7.00
7.00 7.00

A B

0.00 1.00
1.00 8.00

Table 3.5: Qtot on the two-step game for (a) VDN and (b) QMIX.

suboptimal strategy of selecting Action A at the first step and receiving a reward of
7, whereas QMIX recovers the optimal strategy from its learnt joint-action values
and receives a reward of 8.

The simple example presented in this section demonstrates the importance of
accurate Q-value estimates, especially for the purpose of bootstrapping. In Section
3.5 we provide further evidence that QMIX’s increased representational capacity
allows it to learn more accurate Q-value, that directly lead to more accurate
bootstrapped estimates.

[A] The following section is taken from the paper’s appendix.

3.4.3 Learned Value Functions [A]

The learned value functions for the different methods on the Two Step Game are

shown in Tables 3.6 and 3.7.

[A] The following section is taken from the paper’s appendix.
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(a)

State 1
A B

A 6.94 6.94
B 6.35 6.36

State 2A
A B

6.99 7.02
6.99 7.02

State 2B
A B

-1.87 2.31
2.33 6.51

(b)
A B

A 6.93 6.93
B 7.92 7.92

A B

7.00 7.00
7.00 7.00

A B

0.00 1.00
1.00 8.00

(c)
A B

A 6.94 6.93
B 7.93 7.92

A B

7.03 7.02
7.02 7.01

A B

0.00 1.01
1.01 8.02

(d)
A B

A 6.98 6.97
B 6.37 6.36

A B

7.01 7.02
7.02 7.04

A B

-1.39 2.57
2.67 6.58

(e)
A B

A 6.95 6.99
B 6.18 6.22

A B

6.99 7.06
7.01 7.09

A B

-1.21 2.73
2.46 6.40

Table 3.6: Qtot on the 2 step game for (a) VDN, (b) QMIX, (c) QMIX-NS, (d) QMIX-Lin
and (e) VDN-S

A B

Agent 1 6.96 4.47
A B

6.98 7.00
A B

0.50 4.50

A B

Agent 2 5.70 5.78
A B

7.00 7.02
A B

0.50 4.47

Table 3.7: Qa for IQL on the 2 step game

3.5 Random Matrix Games [A]

To demonstrate that QMIX learns more accurate Q-values than VDN for the

purpose of bootstrapping, we compare the learnt values of maxu Qtot(s,u) on

randomly generated matrix games. Single-step matrix games allow us to compare

the learnt maximum Q-values across both methods in isolation. We focus on
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maxu Qtot(s,u) because it is the only learnt quantity involved in the bootstrapping

for 1-step Q-learning.

Note that all matrix games studied in this paper are single-step, rather than repeated,

games.

The maximum return for each matrix is 10, and all other values are drawn uniformly

from [0, 10). Each individual seed has different values for the payoff matrix, but

within each run they remain fixed. We set ε = 1 to ensure all actions are sampled

and trained on equally.

3.5.1 Architecture and Training

The architecture of all agent networks is a DQN with 2 hidden layers comprised

of 64 units with a ReLU nonlinearity. Each agent performs independent ε greedy

action selection, with ε = 1. The replay buffer consists of the last 500 episodes, from

which we uniformly sample a batch of size 32 for training. The target network is

updated every 100 episodes. The learning rate for RMSprop is set to 5× 10−4. We

train for 20k timesteps. The mixing network is identical to the SMAC experiments.

All agent networks share parameters, thus the agent id is concatenated onto each

agent’s observations. We do not pass the last action taken to the agent as input.

Each agent receives the full state (a vector of 1s with dimension 5) as input.

Figure 3.5 shows the results for a varying number of agents and actions. We can

see that QMIX learns significantly more accurate maxima than VDN due to its

larger representational capacity.

3.6 The StarCraft Multi-Agent Challenge

In this section, we describe the StarCraft Multi-Agent Challenge (SMAC) to which
we apply QMIX and a number of other methods. SMAC is based on the popular
real-time strategy (RTS) game StarCraft II. In a regular full game of StarCraft
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Figure 3.5: The median maxuQtot(s,u) for {2, 3, 4} agents with {2, 3, 4} actions across
10 runs for VDN and QMIX. 25%-75% quartile is shown shaded. The dashed line at 10
indicates the correct value.

II, one or more humans compete against each other or against a built-in game AI
to gather resources, construct buildings, and build armies of units to defeat their
opponents.
Akin to most RTSs, StarCraft has two main gameplay components: macroman-
agement and micromanagement. Macromanagement refers to high-level strategic
considerations, such as economy and resource management. Micromanagement
(micro), on the other hand, refers to fine-grained control of individual units.
StarCraft has been used as a research platform for AI, and more recently, RL.
Typically, the game is framed as a competitive problem: an agent takes the
role of a human player, making macromanagement decisions and performing
micromanagement as a puppeteer that issues orders to individual units from a
centralised controller.
In order to build a rich multi-agent testbed, we instead focus solely on micromanage-
ment. Micro is a vital aspect of StarCraft gameplay with a high skill ceiling, and is
practiced in isolation by amateur and professional players. For SMAC, we leverage
the natural multi-agent structure of micromanagement by proposing a modified
version of the problem designed specifically for decentralised control. In particular,
we require that each unit be controlled by an independent agent that conditions
only on local observations restricted to a limited field of view centred on that unit
(see Figure 3.6). Groups of these agents must be trained to solve challenging combat
scenarios, battling an opposing army under the centralised control of the game’s
built-in scripted AI.
Proper micro of units during battles maximises the damage dealt to enemy units
while minimising damage received, and requires a range of skills. For example,
one important technique is focus fire, i.e., ordering units to jointly attack and kill
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Figure 3.6: The cyan and red circles respectively border the sight and shooting range
of the agent.

(a) MMM2 (b) corridor

Figure 3.7: Screenshots of two SMAC scenarios.

enemy units one after another. When focusing fire, it is important to avoid overkill:
inflicting more damage to units than is necessary to kill them. Other common micro
techniques include: assembling units into formations based on their armour types,
making enemy units give chase while maintaining enough distance so that little or
no damage is incurred (kiting, Figure 3.1a), coordinating the positioning of units
to attack from different directions or taking advantage of the terrain to defeat the
enemy.

SMAC thus provides a convenient environment for evaluating the effectiveness of
MARL algorithms. The simulated StarCraft II environment and carefully designed
scenarios require learning rich cooperative behaviours under partial observability,
which is a challenging task. The simulated environment also provides an additional
state information during training, such as information on all the units on the
entire map. This is crucial for facilitating algorithms to take full advantage of the
centralised training regime and assessing all aspects of MARL methods.

SMAC features the following characteristics that are common in many real-word
multi-agent systems:
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• Partial observability: Like, e.g., self-driving cars and autonomous drones,
agents in SMAC receive only limited information about the environment.

• Large number of agents: the scenarios in SMAC include up to 27 learning
agents.

• Diversity: many scenarios feature heterogeneous units with resulting diversity
in optimal strategies.

• Long-term planning: defeating the enemy in SMAC often requires the agents
to perform a long sequence of actions.

• High-dimensional observation spaces: the inclusion of diverse units and the
large size of the map yield an immense state space.

• Large per-agent action space: the agents can perform up to 70 actions at each
time step.

• Coordinated teamwork: micromanagement of units requires the individual
agents to execute strictly coordinated actions, which is essential to many
MARL problems.

• Stochasticity: the behaviour of the enemy differs across individual runs. Also,
the amount of time that the agents must wait until being able to shoot again
is stochastic.

SMAC is one of the first MARL benchmarks that includes all of these features,
making it useful for evaluating the effectiveness of methods for many aspects of
learning decentralised multi-agent control. We hope that it will become a standard
benchmark for measuring the progress and a grand challenge for pushing the
boundaries of MARL.

3.6.1 Scenarios

SMAC consists of a set of StarCraft II micro scenarios which aim to evaluate how
well independent agents are able to learn coordination to solve complex tasks. These
scenarios are carefully designed to necessitate the learning of one or more micro
techniques to defeat the enemy. Each scenario is a confrontation between two
armies of units. The initial position, number, and type of units in each army varies
from scenario to scenario, as does the presence or absence of elevated or impassable
terrain. Figures 3.1 and 3.7 include screenshots of several SMAC micro scenarios.
The first army is controlled by the learned allied agents. The second army consists
of enemy units controlled by the built-in game AI, which uses carefully handcrafted
non-learned heuristics. At the beginning of each episode, the game AI instructs its
units to attack the allied agents using its scripted strategies. An episode ends when
all units of either army have died or when a pre-specified time limit is reached (in
which case the game is counted as a defeat for the allied agents). The goal is to
maximise the win rate, i.e., the ratio of games won to games played.
The complete list of challenges is presented in Table 3.8.

[A] The following section is taken from the paper’s appendix.
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3.6.2 Scenarios [A]

Perhaps the simplest scenarios are symmetric battle scenarios, where the two

armies are composed of the same units. Such challenges are particularly interesting

when some of the units are extremely effective against others (this is known as

countering), for example, by dealing bonus damage to a particular armour type. In

such a setting, allied agents must deduce this property of the game and design an

intelligent strategy to protect teammates vulnerable to certain enemy attacks.

SMAC also includes more challenging scenarios, for example, in which the enemy

army outnumbers the allied army by one or more units. In such asymmetric

scenarios it is essential to consider the health of enemy units in order to effectively

target the desired opponent.

Lastly, SMAC offers a set of interesting micro-trick challenges that require a

higher-level of cooperation and a specific micro trick to defeat the enemy. An

example of such scenario is the corridor scenario (Figure 3.7d). Here, six friendly

Zealots face 24 enemy Zerglings, which requires agents to make effective use of the

terrain features. Specifically, agents should collectively wall off the choke point

(the narrow region of the map) to block enemy attacks from different directions.

The 3s_vs_5z scenario features three allied Stalkers against five enemy Zealots

(Figure 3.1a). Since Zealots counter Stalkers, the only winning strategy for the allied

units is to kite the enemy around the map and kill them one after another. Some

of the micro-trick challenges are inspired by StarCraft Master challenge missions

released by Blizzard (Blizzard Entertainment, 2012).

3.6.3 Environment Setting [A]

SMAC makes use of the StarCraft II Learning Environment (SC2LE) (Vinyals et al.,

2017) to communicate with the StarCraft II engine. SC2LE provides full control of

the game by making it possible to send commands and receive observations from
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the game. However, SMAC is conceptually different from the RL environment of

SC2LE. The goal of SC2LE is to learn to play the full game of StarCraft II. This

is a competitive task where a centralised RL agent receives RGB pixels as input

and performs both macro and micro with the player-level control similar to human

players. SMAC, on the other hand, represents a set of cooperative multi-agent

micro challenges where each learning agent controls a single military unit.

SMAC uses the raw API of SC2LE. Raw API observations do not have any graphical

component and include information about the units on the map such as health,

location coordinates, etc. The raw API also allows sending action commands to

individual units using their unit IDs. This setting differs from how humans play

the actual game, but is convenient for designing decentralised multi-agent learning

tasks.

Furthermore, to encourage agents to explore interesting micro strategies themselves,

we limit the influence of the StarCraft AI on our agents. In the game of StarCraft

II, whenever an idle unit is under attack, it automatically starts a reply attack

towards the attacking enemy units without being explicitly ordered. We disable such

automatic replies towards the enemy attacks or enemy units that are located closely

by creating new units that are the exact copies of existing ones with two attributes

modified: Combat: Default Acquire Level is set to Passive (default Offensive) and

Behaviour: Response is set to No Response (default Acquire). These fields are only

modified for allied units; enemy units are unchanged.

The sight and shooting range values might differ from the built-in sight or range

attribute of some StarCraft II units. Our goal is not to master the original full

StarCraft II game, but rather to benchmark MARL methods for decentralised

control.

The game AI is set to level 7, very difficult. Our experiments, however, suggest

that this setting does significantly impact the unit micromanagement of the built-in
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Name Ally Units Enemy Units
2s3z 2 Stalkers & 3 Zealots 2 Stalkers & 3 Zealots
3s5z 3 Stalkers & 5 Zealots 3 Stalkers & 5 Zealots

1c3s5z 1 Colossus, 3 Stalkers & 5 Zealots 1 Colossus, 3 Stalkers & 5 Zealots
5m_vs_6m 5 Marines 6 Marines

10m_vs_11m 10 Marines 11 Marines
27m_vs_30m 27 Marines 30 Marines

3s5z_vs_3s6z 3 Stalkers & 5 Zealots 3 Stalkers & 6 Zealots
MMM2 1 Medivac, 2 Marauders & 7 Marines 1 Medivac, 3 Marauders & 8 Marines

2s_vs_1sc 2 Stalkers 1 Spine Crawler
3s_vs_5z 3 Stalkers 5 Zealots
6h_vs_8z 6 Hydralisks 8 Zealots

bane_vs_bane 20 Zerglings & 4 Banelings 20 Zerglings & 4 Banelings
2c_vs_64zg 2 Colossi 64 Zerglings
corridor 6 Zealots 24 Zerglings

Table 3.8: SMAC challenges. Note that list of SMAC scenarios has been updated from
the earlier version. All scenarios, however, are still available in the repository.

heuristics.

3.6.4 State and Observations

At each timestep, agents receive local observations drawn within their field of view.
This encompasses information about the map within a circular area around each
unit and with a radius equal to the sight range (Figure 3.6). The sight range makes
the environment partially observable from the standpoint of each agent. Agents
can only observe other agents if they are both alive and located within the sight
range. Hence, there is no way for agents to distinguish between teammates that are
far away from those that are dead.
The feature vector observed by each agent contains the following attributes for both
allied and enemy units within the sight range: distance, relative x, relative y,
health, shield, and unit_type. Shields serve as an additional source of protection
that needs to be removed before any damage can be done to the health of units.
All Protoss units have shields, which can regenerate if no new damage is dealt. In
addition, agents have access to the last actions of allied units that are in the field of
view. Lastly, agents can observe the terrain features surrounding them, in particular,
the values of eight points at a fixed radius indicating height and walkability.
The global state, which is only available to agents during centralised training,
contains information about all units on the map. Specifically, the state vector
includes the coordinates of all agents relative to the centre of the map, together
with unit features present in the observations. Additionally, the state stores the
energy of Medivacs and cooldown of the rest of the allied units, which represents
the minimum delay between attacks. Finally, the last actions of all agents are
attached to the central state.
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All features, both in the state as well as in the observations of individual agents, are
normalised by their maximum values. The sight range is set to nine for all agents.
The feature vectors for both local observations and global state have a fixed size,
where information about the ally/enemy is represented as a sequence ordered by
the unit ID number.

3.6.5 Action Space

The discrete set of actions that agents are allowed to take consists of move[direction]3,
attack[enemy_id], stop and no-op.4 As healer units, Medivacs must use heal[agent_id]
actions instead of attack[enemy_id]. The maximum number of actions an agent
can take ranges between 7 and 70, depending on the scenario.
To ensure decentralisation of the task, agents can use the attack[enemy_id] action
only on enemies in their shooting range (Figure 3.6). This additionally constrains
the ability of the units to use the built-in attack-move macro-actions on enemies
that are far away. We set the shooting range to six for all agents. Having a larger
sight range than a shooting range forces agents to use move commands before
starting to fire.
To ensure that agents only execute valid actions, a mask is provided indicating
which actions are valid and invalid at each timestep.

3.6.6 Rewards

The overall goal is to maximise the win rate for each battle scenario. The default
setting is to use the shaped reward, which produces a reward based on the hit-point
damage dealt and enemy units killed, together with a special bonus for winning
the battle. The exact values and scales for each of these events can be configured
using a range of flags. To produce fair comparisions we encourage using this default
reward function for all scenarios. We also provide another sparse reward option, in
which the reward is +1 for winning and -1 for losing an episode.

3.6.7 Evaluation Methodology

To ensure the fairness of the challenge and comparability of results, performance
should be evaluated under standardised conditions. One should not undertake any
changes to the environment used for evaluating the policies. This includes the
observation and state spaces, action space, the game mechanics, and settings of the
environment (e.g., frame-skipping rate). One should not modify the StarCraft II
map files in any way or change the difficulty of the game AI. Episode limits of each
scenario should also remain unchanged.

3Four directions: north, south, east, or west.
4Dead agents can only take no-op action while live agents cannot.
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SMAC restricts the execution of the trained models to be decentralised, i.e., during
testing each agent must base its policy solely on its own action-observation history
and cannot use the global state or the observations of other agents. It is, however,
acceptable to train the decentralised policies in centralised fashion. Specifically,
agents can exchange individual observations, model parameters and gradients during
training as well as make use of the global state.

3.6.8 Evaluation Metrics

Our main evaluation metric is the mean win percentage of evaluation episodes as a
function of environment steps observed, over the course of training. Such progress
can be estimated by periodically running a fixed number of evaluation episodes (in
practice, 32) with any exploratory behaviours disabled. Each experiment is repeated
using a number of independent training runs and the resulting plots include the
median performance as well as the 25-75% percentiles. We use five independent
runs for this purpose in order to strike a balance between statistical significance
and the computational requirements. We recommend using the median instead
of the mean in order to avoid the effect of any outliers. We report the number of
independent runs, as well as environment steps used in training.
We also include the computational resources used, as well as the wall clock time
for running each experiment. SMAC provides functionality for saving StarCraft II
replays, which can be viewed using a freely available client. The resulting videos
can be used to comment on interesting behaviours observed. Each independent run
takes between 8 to 16 hours, depending on the exact scenario, using Nvidia Geforce
GTX 1080 Ti graphics cards.

3.7 PyMARL

To make it easier to develop algorithms for SMAC, we have also open-sourced our
software engineering framework PyMARL5. Compared to many other frameworks
for deep reinforcement learning (Stooke and Abbeel, 2019; Hill et al., 2018; Hoffman
et al., 2020), PyMARL is designed with a focus on the multi-agent setting. It
is also intended for fast, easy development and experimentation for researchers,
relying on fewer abstractions than e.g., RLLib (Liang et al., 2018). To maintain
this lightweight development experience, PyMARL does not support distributed
training.
PyMARL’s codebase is organized in a modular fashion in order to enable the rapid
development of new algorithms, as well as provide implementations of current deep
MARL algorithms to benchmark against. It is built on top of PyTorch to facilitate
the fast execution and training of deep neural networks, and take advantage of the
rich ecosystem built around it. PyMARL’s modularity makes it easy to extend, and
components can be readily isolated for testing purposes.

5PyMARL is available at https://github.com/oxwhirl/pymarl.

https://github.com/oxwhirl/pymarl
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Since the implementation and development of deep MARL algorithms come with
a number of additional challenges beyond those posed by single-agent deep RL,
it is crucial to have simple and understandable code. In order to improve the
readability of code and simplify the handling of data between components, PyMARL
encapsulates all data stored in the buffer within an easy to use data structure. This
encapsulation provides a cleaner interface for the necessary handling of data in
deep MARL algorithms, whilst not obstructing the manipulation of the underlying
PyTorch Tensors. In addition, PyMARL aims to maximise the batching of data
when performing inference or learning so as to provide significant speed-ups over
more naive implementations.
PyMARL features implementations of the following algorithms: QMIX, QTRAN
(Son et al., 2019), COMA (Foerster et al., 2018), VDN (Sunehag et al., 2018), and
IQL (Tan, 1993) as baselines.

3.8 SMAC Results

In this section, we present the results of our experiments of QMIX and other existing
multi-agent RL methods using the new SMAC benchmark.
The evaluation procedure is similar to the one in (Rashid et al., 2018). The
training is paused after every 10000 timesteps during which 32 test episodes are
run with agents performing action selection greedily in a decentralised fashion. The
percentage of episodes where the agents defeat all enemy units within the permitted
time limit is referred to as the test win rate.
A table of the results is included in Table 3.8.2. Data from the individual runs are
available at the SMAC repository (https://github.com/oxwhirl/smac).

[A] The following section is taken from the paper’s appendix.

3.8.1 Architecture and Training [A]

The architecture of all agent networks is a DRQN with a recurrent layer comprised

of a GRU with a 64-dimensional hidden state, with a fully-connected layer before

and after. Exploration is performed during training using independent ε-greedy

action selection, where each agent a performs ε-greedy action selection over its own

Qa. Throughout the training, we anneal ε linearly from 1.0 to 0.05 over 50k time

steps and keep it constant for the rest of the learning. We set γ = 0.99 for all

experiments. The replay buffer contains the most recent 5000 episodes. We sample

https://github.com/oxwhirl/smac
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batches of 32 episodes uniformly from the replay buffer, and train on fully unrolled

episodes, performing a single gradient descent step after every episode. The target

networks are updated after every 200 training episodes. The Double Q-Learning

update rule from (Van Hasselt et al., 2016) is used for all Q-Learning variants (IQL,

VDN, QMIX and QTRAN).

To speed up the learning, we share the parameters of the agent networks across all

agents. Because of this, a one-hot encoding of the agent_id is concatenated onto

each agent’s observations. All neural networks are trained using RMSprop6 with

learning rate 5× 10−4.

The mixing network consists of a single hidden layer of 32 units, utilising an ELU

non-linearity. The hypernetworks consist of a feedforward network with a single

hidden layer of 64 units with a ReLU non-linearity. The output of the hypernetwork

is passed through an absolute function (to acheive non-negativity) and then resized

into a matrix of appropriate size.

The architecture of the COMA critic is a feedforward fully-connected neural network

with the first 2 layers having 128 units, followed by a final layer of |U | units. We

set λ = 0.8. We utilise the same ε-floor scheme as in (Foerster et al., 2018) for

the agents’ policies, linearly annealing ε from 0.5 to 0.01 over 100k timesteps. For

COMA we roll-out 8 episodes and train on those episodes. The critic is first updated,

performing a gradient descent step for each timestep in the episode, starting with

the final timestep. Then the agent policies are updated by a single gradient descent

step on the data from all 8 episodes.

The architecture of the centralised Q for QTRAN is similar to the one used in

(Son et al., 2019). The agent’s hidden states (64 units) are concatenated with

their chosen action (|U | units) and passed through a feedforward network with a

single hidden layer and a ReLU non-linearity to produce an agent-action embedding

6We set α = 0.99 and do not use weight decay or momentum.
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(64 + |U | units). The network is shared across all agents. The embeddings are

summed across all agents. The concatentation of the state and the sum of the

embeddings is then passed into the Q network. The Q network consists of 2 hidden

layers with ReLU non-linearities with 64 units each. The V network takes the state

as input and consists of 2 hidden layers with ReLU non-linearities with 64 units

each. We set λopt = 1 and λnopt_min = 0.1.

We also compared a COMA style architecture in which the input to Q is the state

and the joint-actions encoded as one-hot vectors. For both architectural variants we

also tested having 3 hidden layers. For both network sizes and architectural variants

we performed a hyperparameter search over λopt = 1 and λnopt_min ∈ {0.1, 1, 10} on

all three of the scenarios we tested QTRAN on and picked the best performer out

of all configurations.

VDN-S uses a state-dependent bias that has the same architecture as the final

bias in QMIX’s mixing network, a single hidden layer of 64 units with a ReLU

non-linearity. VDN-S Bigger uses 2 hidden layers of 64 units instead.

3.8.2 Table of Results [A]

Table 3.9 shows the final median performance (maximum median across the testing

intervals within the last 250k of training) of the algorithms tested. The mean test

win %, across 1000 episodes, for the heuristic-based AI is also shown.

Figure 3.8 plots the median test win percentage averaged across all scenarios in
order to compare the algorithms across the entire SMAC suite. We also plot the
performance of a simple heuristic AI that selects the closest enemy unit (ignoring
partial observability) and attacks it with the entire team until it is dead, upon which
the next closest enemy unit is selected. This is a basic form of focus-firing, which
is a crucial tactic for achieving good performance in micromanagement scenarios.
The relatively poor performance of the heuristic AI shows that the suite of SMAC
scenarios requires more complex behaviour than naively focus-firing the closest
enemy, making it an interesting and challenging benchmark.
Overall QMIX achieves the highest test win percentage and is the best performer
on up to eight scenarios during training. Additionally, IQL, VDN, and QMIX all
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IQL COMA VDN QMIX Heuristic

2s_vs_1sc 100 98 100 100 0
2s3z 75 43 97 99 90
3s5z 10 1 84 97 42
1c3s5z 21 31 91 97 81

10m_vs_11m 34 7 97 97 12
2c_vs_64zg 7 0 21 58 0

bane_vs_bane 99 64 94 85 43
5m_vs_6m 49 1 70 70 0
3s_vs_5z 45 0 91 87 0

3s5z_vs_3s6z 0 0 2 2 0
6h_vs_8z 0 0 0 3 0

27m_vs_30m 0 0 0 49 0
MMM2 0 0 1 69 0
corridor 0 0 0 1 0

Table 3.9: The Test Win Rate % of the various algorithms.

Figure 3.8: Left: The median test win %, averaged across all 14 scenarios. Heuristic’s
performance is shown as a dotted line. Right: The number of scenarios in which the
algorithm’s median test win % is the highest by at least 1/32 (smoothed).

significantly outperform COMA, demonstrating the sample efficiency of off-policy
value-based methods over on-policy policy gradient methods.
We also compare to QTRAN on 3 scenarios in Figure 3.9. We can see that
QTRAN fails to achieve good performance on 3s5z and takes far longer to reach
the performance of VDN and QMIX on 2s3z. Since it barely beats IQL on
relatively easy scenarios, we do not perform a more comprehensive benchmarking
of QTRAN. In preliminary experiments, we found the QTRAN-Base algorithm
slightly more performant and more stable than QTRAN-Alt. For more details on
the hyperparameters and architectures considered, please see the Appendix 3.8.1.
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Figure 3.9: Three scenarios including QTRAN.

Based on the overall performances of all algorithms, we broadly group the scenarios
into three categories: Easy, Hard, and Super-Hard.

Figure 3.10: Easy scenarios. The heuristic AI’s performance shown as a dotted black
line.

Figure 3.10 shows that IQL and COMA struggle even on the Easy scenarios,
performing poorly on four of the five scenarios in this category. This shows the
advantage of learning a centralised but factored centralised Qtot. Even though QMIX
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exceeds 95% test win rate on all of five Easy scenarios, they serve an important role
in the benchmark as sanity checks when implementing and testing new algorithms.

Figure 3.11: Hard scenarios. The heuristic AI’s performance shown as a dotted black
line.

The Hard scenarios in Figure 3.11 each present their own unique problems. 2c_vs_64zg
only contains 2 allied agents, but 64 enemy units (the largest in the SMAC
benchmark) making the action space of the agents much larger than the other
scenarios. bane_vs_bane contains a large number of allied and enemy units, but
the results show that IQL easily finds a winning strategy whereas all other methods
struggle and exhibit large variance. 5m_vs_6m is an asymmetric scenario that
requires precise control to win consistently, and in which the best performers (QMIX
and VDN) have plateaued in performance. Finally, 3s_vs_5z requires the three
allied stalkers to kite the enemy zealots for the majority of the episode (at least 100
timesteps), which leads to a delayed reward problem.
The scenarios shown in Figure 3.12 are categorised as Super Hard because of the
poor performance of all algorithms, with only QMIX making meaningful progress
on two of the five. We hypothesise that exploration is a bottleneck in many of these
scenarios, providing a nice testbed for future research in this domain.

Note that the difficulty of the scenarios is not measured relative to the performance

of a single learning algorithm, but across the whole ensemble of algorithms tested.

For example, IQL can solve some of the Hard scenarios, while it may fail on easier

ones.

As stated in 3.6.8, the shaded areas in the results plots indicate the 25-75%

percentiles.
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Figure 3.12: Super Hard scenarios. The heuristic AI’s performance shown as a dotted
black line.

3.9 Analysis

In this section, we aim to understand the reasons why QMIX outperforms VDN in
our experiments. In particular, we consider two possible causes: 1) the inclusion
of the central state in the mixing network and 2) the nonlinearity of the mixing
network.

We find that inclusion of the central state is extremely important for performance
but that it alone is not sufficient to explain QMIX’s increased performance. We
further find that the mixing network learns nonlinear functions when required,
but achieves good performance on the SMAC benchmark even when the learned
solutions are mostly linear combinations of the agent’s utilities. Studying this
phenomenon further, we conclude that it is the flexibility of the mixing network’s
parameterisation, but not its nonlinearity, that accounts for QMIX’s superior
performance in these tasks.

Our ablation experiments focus on three scenarios, one for each of the three difficulty
categories: 3s5z, 2c_vs_64zg, and MMM2. We chose these three scenarios because
they exhibit a large gap in performance between QMIX and VDN, in order to better
understand the contribution of the components in QMIX towards that increased
performance.
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3.9.1 Role of the Central State

In order to disentangle the effects of the various components of the QMIX architec-
ture, we consider the following two ablations:

• VDN-S: The output of VDN is augmented by a state-dependent bias.
• QMIX-NS: The weights of the mixing network are not a function of the state.

The state-dependent bias remains.

Figure 3.13: Ablations for state experiments.

Figure 3.13 shows that VDN-S performs better than VDN, but still worse than
QMIX, indicating that inclusion of the state accounts for some but not all of QMIX’s
performance. On the easy 3s5z scenario, QMIX-NS performs very poorly, which is
surprising since it is a strict generalisation of VDN-S. However, on the other two
scenarios it outperforms VDN-S, indicating that the extra flexibility afforded by a
learnt mixing over a fixed summation can be beneficial.

3.9.2 Role of Nonlinear Mixing

The results in Figure 3.13 show that both a state dependent bias on VDN (VDN-S)
and a learnt state-independent mixing (QMIX-NS) do not match the performance
of QMIX. Thus, we consider another ablation of QMIX:

• QMIX-Lin: We remove the final layer and nonlinearity of the mixing network,
making it a linear network. The state-dependant bias remains.

Figure 3.14 shows that whilst QMIX-Lin matches QMIX on the easy 3s5z scenario, it
underperforms QMIX on the other two scenarios we considered. This suggests that
the ability to perform a nonlinear mixing, through the inclusion of a nonlinearity
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Figure 3.14: Ablations for mixing network linearity experiments.

Figure 3.15: The learnt mixing of QMIX on 2c_vs_64zg at the end of training for
timesteps 0 (left) and 50 (right). Circles indicate the Qtot-values for the discrete joint-
action space.

and additional hidden layer in the mixing network, plays an important role QMIX’s
performance. To confirm this, we examine the function the mixing network learns.
Figure 3.15 shows the learnt mixing of the network at the end of training for the
2c_vs_64zg scenario with two agents trained using QMIX. We generated a sample
trajectory by greedily selecting actions and plotted the mixing function at different
timesteps. The learnt function is approximately linear for the vast majority of
the timesteps in the agent’s Q-values, similarly to the first timestep of the episode
shown in Figure 3.15 (left). The only timesteps in which we observe a noticeable
nonlinearity are at the end of the episode (53 timesteps total). When trained for
longer we still observe that the the mixing function remains linear for the vast
majority of timesteps.
Figure 3.16 shows the learnt mixing for 3s5z as a function of a single Qa, keeping
the Q-values for the other agent’s fixed. The mixing network clearly learns an
approximately linear mixing, which is consistent across all timesteps and agents
(only timesteps 0 and 50 for agents 2 and 7 are shown since they are representative
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Figure 3.16: The learnt mixing of QMIX on 3s5z at the end of training for timesteps 0
(left) and 50 (right), for agents 2 (top) and 7 (bottom).

of all other timesteps and agents).
This is a surprising result. QMIX is certainly capable of learning nonlinear
mixing functions in practice, and thereby outperforming the more restrictive VDN
decomposition. As an example, Figure 3.17 visualises the learnt mixing function for
the didactic two-step game from section 3.4, clearly showing how a nonlinear fit
allows QMIX to represent the true optimal value function.
Yet, we observe mostly linear mixing functions in solutions to the SMAC benchmark
tasks. If QMIX is learning a mostly linear mixing, then why does it outperform
QMIX-Lin? One difference is that QMIX’s mixing network is compromised of
two fully-connected layers, rather than the single linear layer of QMIX-Lin. If the
nonlinearity is not essential, it may be that the extra layer in the mixing network
is responsible for the performance increase. To test this hypothesis, we consider
another ablation:

• QMIX-2Lin: QMIX, without a nonlinear activation function in the mixing
network.

QMIX-2Lin’s mixing network is compromised of two linear layers without any non-
linearity between them. Thus, it can only learn a linear transformation of Qa into
Qtot. QMIX-Lin’s mixing network is a single linear layer, thus both QMIX-Lin and
QMIX-2Lin’s mixing networks share the same representational capacity. QMIX’s
mixing network, on the other hand, has an ELU non-linearity between its two
weight layers and thus can represent non-linear transformations of Qa to Qtot.
We first consider a simple regression experiment in which the states, agent Q-values,
and targets are randomly generated and fixed. Further details on the regression
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Figure 3.17: The learnt mixing of QMIX on the two-step game from Section 3.4.

task are presented below in Section 3.9.3.

Figure 3.18: The loss on a regression task.

We compare the loss of QMIX (with an ELU non-linearity), QMIX-Lin, and QMIX-
2Lin in Figure 3.18, which illustrates that QMIX and QMIX-2Lin perform similarly,
and both perform a faster optimisation of the loss than QMIX-Lin. Even though
QMIX-Lin and QMIX-2Lin can both learn only linear mixing functions, their
parametrisation of such a linear function are different. Having an extra layer is a
better parametrisation in this scenario because it allows for gradient descent to
optimise the loss faster (Arora et al., 2018).
Figure 3.19 confirms that the more flexible parameterisation of the mixing network
is largely responsible for the increased performance. However, the results on
2c_vs_64zg show that QMIX performs slightly better than QMIX-2Lin, indicating
that in some scenarios nonlinear mixing can still be beneficial. Figure 3.15 (right)
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Figure 3.19: Ablations for linear experiments.

shows an example of when such a nonlinearity is learnt on this task.
We also investigate changing the nonlinearity in the mixing network from ELU,
which is largely linear, to Tanh.

Figure 3.20: The learnt mixing of QMIX on 2c_vs_64zg using a tanh nonlinearity at
the end of training for timesteps 0 (left) and 50 (right).

Figures 3.20 and 3.21 show the learnt mixings when using a tanh non-linearity.
The mixing network using tanh learns a more nonlinear mixing, especially for 3s5z,
than with ELU. Figure 3.22 shows how this translates to performance: there are
perhaps some small gains in learning speed for some random seeds when using tanh.
However, the effect of an additional layer (in improving the optimisation dynamics)
is much more significant than encouraging a more non-linear mixing through the
choice of nonlinearity.

[A] The following section is taken from the paper’s appendix.

3.9.3 Regression Experiment [A]

For the regression experiment we simulate a task with 4 agents. There are 10

states, of dimensionality 10, in which each dimension is uniformly sampled from

[−1, 1]. For each of the 10 states, the agent Q-values are uniformly sampled from
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Figure 3.21: The learnt mixing of QMIX on 3s5z, using a tanh nonlinearity, at the end
of training for timesteps 0 (left) and 50 (right), for agents 2 (top) and 7 (bottom).

Figure 3.22: The Median test win % comparing QMIX with an ELU nonlinearity
(QMIX) and QMIX with a tanh nonlinearity in the mixing network (QMIX-Tanh).

[−1, 1]. The Qtot targets for each state are uniformly sampled from [0, 10]. The

agent Q-values, targets and states are kept fixed, only the parameters of the mixing

network may change.

We use a mixing embed dimension of 32, and train for a total of 2000 timesteps. At

each timestep we uniformly sample a state, add it to the replay buffer of size 200,

and execute a training step. Each training step consists of sampling a minibatch of

32 from the replay buffer and minimising the L2 loss between the Qtot targets and

the network’s outputs.
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Figure 3.23: Comparing agent networks with and without RNNs (QMIX-FF) on two
scenarios.

3.9.4 Role of RNN in Agent Network

Finally, we compare the necessity of using an agent’s action-observation history
by comparing the performance of an agent network with and without an RNN in
Figure 3.23. On the easy scenario of 3s5z we can see that an RNN is not required
to use action-observation information from previous timesteps, but on the harder
scenario of 3s_vs_5z it is crucial to learning how to kite effectively.

3.9.5 Role of the COMA Critic Architecture

In addition to the algorithmic differences between QMIX and COMA (QMIX is
an off-policy Q-learning algorithm; COMA is an on-policy actor-critic algorithm),
the architecture used to estimate the relevant Q-values differs. COMA’s critic is a
feed-forward network, whereas QMIX’s architecture for estimating Qtot contains
RNNs (the agent networks). The results of Figure 3.23 raise the question: To
what extent do the architectural differences between QMIX and COMA affect final
performance? To test this, we change the architecture of the COMA critic to match
that of QMIX more closely. Specifically it now consists of per-agent components
with the same architecture and inputs as the agent networks used by QMIX, which
feed Qa values for their chosen action into a mixing network. Since there is no
requirement for monotonicity in this mixing network, we simplify its architecture
significantly to a feed-forward network with ReLU non-linearities and two hidden
layers of 128 units. We test two variants of the mixing network, one with access
to the state and one without. The former takes the state as input in addition to
the agent’s chosen action Qa-values. The output of the mixing network is |U | units,
and we mask out the Qa-value for the agent whose Q-values are being produced.
Figures 3.24 and 3.25 show that the architectural change has little effect on the
performance of COMA, with the addition of the state actually degrading performance
in 2s3z.

3.9.6 Role of Network Size and Depth

Another architectural consideration is the overall size of the network used to estimate
Qtot for VDN and VDN-S. Since QMIX has an additional mixing network, the
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Figure 3.24: Comparing the different architectures for the COMA critic without the
state, on two scenarios.

Figure 3.25: Comparing the different architectures for the COMA critic with the state
on two scenarios.

overall architecture is deeper during training. In order to understand the effect of
this depth on performance, we consider the following variants of VDN and VDN-S.

• VDN Wider: We increase the size of the agent’s hidden layer from 64 to 128.

• VDN Deeper: We add an additional layer to the agent network after the
GRU, with a ReLU non-linearity.

• VDN-S Bigger: We increase the size of the state-dependent bias to 2 hidden
layers of 64 units.

In our other experiments, we have used the same agent networks for each method,
to ensure a fair comparison of the performance of the decentralised policies. By
increasing the capacity of the agent networks for VDN Wider and VDN Deeper,
we are now using larger agent networks than all other methods. In this sense, the
comparisons to these variants are no longer fair. Figure 3.26 shows the results for
VDN Wider and VDN Deeper. As expected, increasing the capacity of the agent
networks increases performance. In particular, increasing the depth results in a
large performance increase on the challenging MMM2. However, despite the larger
agent networks, VDN Wider and VDN Deeper still do not match the performance
of QMIX with smaller, less expressive agent networks. Figure 3.27 shows the results
for VDN-S Bigger, in which we increase the size of the state-dependent bias. The
results show that this has a minimal impact on performance over VDN-S.
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Figure 3.26: Comparing larger agent networks for VDN.

Figure 3.27: Comparing a larger state-dependent bias for VDN-S.

3.10 Conclusion

This article presented QMIX, a deep multi-agent RL method that allows end-to-
end learning of decentralised policies in a centralised setting and makes efficient
use of extra state information. QMIX allows the learning of a rich joint action-
value function, which admits tractable decompositions into per-agent action-value
functions. This is achieved by imposing a monotonicity constraint on the mixing
network.
To evaluate QMIX and other multi-agent RL algorithms, we introduced SMAC
as a set of benchmark problems for cooperative multi-agent RL. SMAC focuses
on decentralised micromanagement tasks and features 14 diverse combat scenarios
which challenge MARL methods to handle partial observability and high-dimensional
inputs. Additionally, we open-source PyMARL, a framework for cooperative deep
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MARL algorithms that features implementations of IQL, VDN, QMIX, QTRAN
and COMA.
Our results on SMAC show that QMIX improves the final performance over other
relevant deep multi-agent RL algorithms, most notably VDN. We include a detailed
analysis through a series of ablations and visualisations for why QMIX outperforms
VDN, showing that two components of QMIX are crucial to the performance the
algorithm: a state-dependent bias and a learnt mixing of the agent’s utilities into
Qtot that is conditioned on the state. Through our analysis, we found that the
learnt mixing need only be linear to recover the majority of QMIX’s performance,
but that the parametrisation for this linear function is an important consideration.
In the future, we aim to extend SMAC with new challenging scenarios that feature
a more diverse set of units and require a higher level of coordination amongst agents.
Particularly, we plan to make use of the rich skill set of StarCraft II units, and
host scenarios that require the agents to utilise the features of the terrain. With
harder multi-agent coordination problems, we aim to explore the gaps in existing
multi-agent RL approaches and motivate further research in this domain.
There are several interesting avenues for future research:

• Investigating the performance gap between value-based methods and policy-
based methods. In our experiments, QMIX (and VDN) significantly outperform
COMA in all scenarios, both in terms of sample efficiency and final performance.
The primary differences between the methods are the use of Q-learning vs the
Policy Gradient theorem, use of off-policy data from the replay buffer and the
architecture used to estimate the joint-action Q-Values.

• Expanding upon the joint-action Q-values representable by QMIX, to allow
for the representation of coordinated behaviour. Importantly, this must scale
gracefully to the deep RL setting.

• Better algorithms for multi-agent exploration that go beyond ε-greedy. There
have been many advances with regards to exploration in single-agent RL,
dealing with both sparse and dense rewards environments. Taking inspiration
from these, or developing entirely new approaches that improve exploration
in a cooperative multi-agent RL setting is an important problem. SMAC’s
super-hard scenarios provide a nice benchmark for evaluating these advances.

This concludes our quote.

Coming up next...

In this chapter, we have tackled various open challenges surrounding how to best

exploit centralised training in CTDE settings. In particular, we presented QMIX, a

deep multi-agent RL method that allows end-to-end learning of decentralised policies
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in a centralised setting and makes efficient use of extra state information. QMIX

allows the learning of a rich joint action-value function, which admits tractable

decompositions into per-agent action-value functions. This is achieved by imposing

a monotonicity constraint on the mixing network.

QMIX does not naively scale to continuous action spaces as the evaluation of

arg maxu q(u, τi) over continuous action spaces is not analytically tractable. In

addition, SMAC also cannot naturally extended to continuous action spaces owing

to the intrinsically discrete unit control actions in StarCraft2 micromanagement

tasks. In Chapter 4, we introduce COMIX, a variant of QMIX that scales to

continuous action spaces. However, we find that a novel actor-critic algorithm,

FACMAC, To stimulate research into continuous control multi-agent algorithms,

we also release Multi-Agent Mujoco (MAMujoco), a novel benchmark environment

for continuous multi-agent robotic control tasks.
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4.1 Introduction

In Chapter 3, we have introduced QMIX, a novel DMARL algorithm that can

efficiently exploit CTDE settings amenable to monotonic critic factorisations (see

Section 2.2.2). In particular, QMIX exhibits strongs performance on SMAC,

a novel benchmark suite for discrete action CTDE settings. However, many

real-world problems of interest feature continuous action spaces, most notably

cooperative robotics. However, work on decentralised continuous control has received

comparatively little attention and has been largely limited to deep deterministic

policy gradient approaches (Lowe et al., 2017; Iqbal and Sha, 2019; Li et al.,

2019). We believe the lack of diverse continuous benchmarks is one factor limiting

progress in continuous MARL.

In addition, state-of-the-art cooperative multi-agent actor-critic approaches for

discrete control, such as QMIX (Rashid et al., 2020b), have long tended to be based

on Q-learning rather than actor-critic approaches, such as Central-V or COMA

(Foerster et al., 2018). This begs the question of whether, and how, actor-critic

approaches could be extended to discrete multi-agent control.

We now quote from (Peng et al., 2021), with the quoted text being visually

indicated by reduced linespacing. Please note that the quote is literal except for

where original supplementary material and appendices have been inserted in-place

and internal document references have been updated accordingly.

Significant progress has been made in cooperative multi-agent reinforcement learning
(MARL) under the paradigm of centralised training with decentralised execution
(CTDE) (Oliehoek et al., 2008a; Kraemer and Banerjee, 2016) in recent years,
both in value-based (Sunehag et al., 2018; Rashid et al., 2018; Son et al., 2019;
Rashid et al., 2020a; Wang et al., 2020b; Pan et al., 2021) and actor-critic (Lowe
et al., 2017; Foerster et al., 2018; Schroeder de Witt et al., 2020; Iqbal and Sha,
2019; Du et al., 2019) approaches. Most popular multi-agent actor-critic methods
such as COMA (Foerster et al., 2018) and MADDPG (Lowe et al., 2017) learn
a centralised critic with decentralised actors. The critic is centralised to make
use of all available information (i.e., it can condition on the global state and the
joint action) to estimate the joint action-value function Qtot, unlike a decentralised
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critic that estimates the local action-value function Qa based only on individual
observations and actions for each agent a.1 Even though the joint action-value
function these actor-critic methods can represent is not restricted, in practice they
significantly underperform value-based methods like QMIX (Rashid et al., 2018) on
the challenging StarCraft Multi-Agent Challenge (SMAC) (Samvelyan et al., 2019)
benchmark (Rashid et al., 2020b,a).
In this paper, we propose a novel approach called FACtored Multi-Agent Centralised
policy gradients (FACMAC), which works for both discrete and continuous coop-
erative multi-agent tasks. Like MADDPG, our approach uses deep deterministic
policy gradients (Lillicrap et al., 2016) to learn decentralised policies. However,
FACMAC learns a single centralised but factored critic, which factors the joint
action-value function Qtot into per-agent utilities Qa that are combined via a non-
linear monotonic function, as in the popular Q-learning algorithm QMIX (Rashid
et al., 2018). While the critic used in COMA and MADDPG is also centralised, it
is monolithic rather than factored.2 Compared to learning a monolithic critic, our
factored critic can potentially scale better to tasks with a larger number of agents
and/or actions. In addition, in contrast to other value-based approaches such as
QMIX, there are no inherent constraints on factoring the critic. This allows us to
employ rich value factorisations, including nonmonotonic ones, that value-based
methods cannot directly use without forfeiting decentralisability or introducing other
significant algorithmic changes. We thus also employ a nonmonotonic factorisation
and empirically demonstrate that its increased representational capacity allows it to
solve some tasks that cannot be solved with monolithic, or monotonically factored
critics.
In MADDPG, a separate policy gradient is derived for each agent individually,
which optimises its policy assuming all other agents’ actions are fixed. This could
cause the agents to converge to sub-optimal policies in which no single agent wishes
to change its action unilaterally. In FACMAC, we use a new centralised gradient
estimator that optimises over the entire joint action space, rather than optimising
over each agent’s action space separately as in MADDPG. The agents’ policies
are thus trained as a single joint-action policy, which can enable learning of more
coordinated behaviour, as well as the ability to escape sub-optimal solutions. The
centralised gradient estimator fully reaps the benefits of learning a centralised
critic, by not implicitly marginalising over the actions of the other agents in the
policy-gradient update. The gradient estimator used in MADDPG is also known to
be vulnerable to relative overgeneralisation (Wei and Luke, 2016). To overcome this
issue, in our centralised gradient estimator, we sample all actions from all agents’
current policies when evaluating the joint action-value function.

1COMA learns a single centralised critic for all cooperative agents due to parameter sharing.
For each agent the critic has different inputs and can thus output different values for the same
state and joint action. In MADDPG, each agents learns its own centralised critic, as it is designed
for general multi-agent learning problems, including cooperative, competitive, and mixed settings.

2We use “centralised and monolithic critic” and “monolithic critic” interchangeably to refer to
the centralised critic used in COMA and MADDPG, and “centralised but factored critic” and
“factored critic” interchangeably to refer to the critic used in our approach.
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In the following, we try to sharpen the meaning of the term relative overgeneralisa-

tion. The earliest use of the term dates back to Wiegand (2004), who define the

term as:

The coevolutionary behavior that occurs when populations in the system are

attracted towards areas of the space in which there are many strategies that perform

well relative to the interacting partner.

A perhaps more workable definition was subsequently supplied in (Wei and Luke,

2016, Section 3):

Relative overgeneralization occurs when a suboptimal Nash Equilibrium in the joint

space of actions is preferred over an optimal Nash Equilibrium because each agents’

action in the suboptimal equilibrium is a better choice when matched with arbitrary

actions from the collaborating agents.

Wei and Luke (2016) illustrate relative overgeneralisation very well using a simple

2-player matrix game in which the agents would not end up learning the jointly

best policy if their learning signal was based on the average payoff, as is the case in

independent learning settings.

To overcome relative overgeneralisation, please note that both centralised gradients,

as well as agent actions derived from current policy evaluation, are required. Each

of these two measures individually does not suffice.

We empirically show that MADDPG can quickly get stuck in local optima in a
simple continuous matrix game, whereas our centralised gradient estimator finds
the optimal policy. While Lyu et al. (2021) recently show that merely using a
centralised critic (with per-agent gradients that optimise over each agent’s actions
separately) does not necessarily lead to better coordination between agents, our
centralised gradient estimator re-establishes the value of using centralised critics.
Most recent works on continuous MARL focus on evaluating their algorithms on the
multi-agent particle environments (Lowe et al., 2017), which feature a simple two-
dimensional world with some basic simulated physics. To demonstrate FACMAC’s
scalability to more complex continuous domains and to stimulate more progress
in continuous MARL, we introduce Multi-Agent MuJoCo (MAMuJoCo), a new,
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comprehensive benchmark suite that allows the study of decentralised continuous
control. Based on the popular single-agent MuJoCo benchmark (Brockman et al.,
2016), MAMuJoCo features a wide variety of novel robotic control tasks in which
multiple agents within a single robot have to solve a task cooperatively.
We evaluate FACMAC on variants of the multi-agent particle environments (Lowe
et al., 2017) and our novel MAMuJoCo benchmark, which both feature continuous
action spaces, and the challenging SMAC benchmark (Samvelyan et al., 2019),
which features discrete action spaces. Empirical results demonstrate FACMAC’s
superior performance over MADDPG and other baselines on all three domains. In
particular, FACMAC scales better when the number of agents (and/or actions)
and the complexity of the task increases. Results on SMAC show that FACMAC
significantly outperforms stochastic DOP (Wang et al., 2021), which recently claimed
to be the first multi-agent actor-critic method to outperform state-of-the-art valued-
based methods on SMAC, in all scenarios we tested. Moreover, our ablations and
additional experiments demonstrate the advantages of both factoring the critic and
using our centralised gradient estimator. We show that, compared to learning a
monolithic critic, learning a factored critic can: 1) better take advantage of the
centralised gradient estimator to optimise the agent policies when the number of
agents and/or actions is large, and 2) leverage a nonmonotonic factorisation to solve
tasks that cannot be solved with monolithic or monotonically factored critics.

4.2 Background

We consider a fully cooperative multi-agent task in which a team of agents interacts
with the same environment to achieve some common goal. It can be modeled as a
decentralised partially observable Markov decision process (Dec-POMDP) (Oliehoek
and Amato, 2016) consisting of a tuple G = 〈N , S, U, P, r,Ω, O, γ〉. Here N ≡
{1, . . . , n} denotes the finite set of agents and s ∈ S describes the true state
of the environment. At each time step, each agent a ∈ N selects a discrete or
continuous action ua ∈ U , forming a joint action u ∈ U ≡ Un. This results
in a transition to the next state s′ according to the state transition function
P (s′|s,u) : S ×U× S → [0, 1] and a team reward r(s,u). γ ∈ [0, 1) is a discount
factor. Due to the partial observability, each agent a ∈ N draws an individual
partial observation oa ∈ Ω from the observation kernel O(s, a). Each agent learns
a stochastic policy πa(ua|τa) or a deterministic policy µa(τa), conditioned only
on its local action-observation history τa ∈ T ≡ (Ω × U)∗. The joint stochastic
policy π induces a joint action-value function: Qπ(st,ut) = Est+1:∞,ut+1:∞

[
Rt|st,ut

]
,

where Rt = ∑∞
i=0 γ

irt+i is the discounted return. Similarly, the joint deterministic
policy µ induces a joint action-value function denoted Qµ(st,ut). We adopt the
centralised training with decentralised execution (CTDE) paradigm (Oliehoek et al.,
2008a; Kraemer and Banerjee, 2016), where policy training can exploit extra global
information that might be available and has the freedom to share information
between agents during training. However, during execution, each agent must act
with only access to its own action-observation history.
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VDN and QMIX. VDN (Sunehag et al., 2018) and QMIX (Rashid et al.,
2018) are Q-learning algorithms for cooperative MARL tasks with discrete actions.
They both aim to efficiently learn a centralised but factored action-value function
Qπtot, using CTDE. To ensure consistency between the centralised and decen-
tralised policies, VDN and QMIX factor Qπtot assuming additivity and monotonicity,
respectively. More specifically, VDN factors Qπtot into a sum of the per-agent
utilities: Qπtot(τ ,u;φ) = ∑n

a=1Q
πa
a (τa, ua;φa). QMIX, however, represents Qπtot as a

continuous monotonic mixing function of each agent’s utilities: Qπtot(τ ,u, s;φ, ψ) =
fψ
(
s,Qπ1

1 (τ1, u1;φ1), . . . , Qπn
n (τn, un;φn)

)
, where ∂fψ

∂Qa
≥ 0,∀a ∈ N . This is sufficient

to ensure that the global arg max performed on Qπtot yields the same result as a set of
individual arg max performed on each Qπa

a . Here fψ is approximated by a monotonic
mixing network, parameterised by ψ. Monotonicity can be guaranteed by non-
negative mixing weights. These weights are generated by separate hypernetworks
(Ha et al., 2017), which condition on the full state s. QMIX is trained end-to-end
to minimise the following loss:

L(φ, ψ) = ED
[(
ytot −Qπtot(τ ,u, s;φ, ψ)

)2
]
, (4.1)

where the bootstrapping target ytot = r + γmaxu′ Q
π
tot(τ ′,u′, s′;φ−, ψ−). Here r

is the global reward, and φ− and ψ− are parameters of the target Q and mixing
network, respectively, as in DQN (Mnih et al., 2015). The expectation is estimated
with a minibatch of transitions sampled from an experience replay buffer D (Lin,
1992b). During execution, each agent selects actions greedily with respect to its
own Qπa

a .

MADDPG. MADDPG (Lowe et al., 2017) is an extension of DDPG (Lillicrap
et al., 2016) to multi-agent settings. It is an actor-critic, off-policy method that
uses the paradigm of CTDE to learn deterministic policies in continuous action
spaces. In MADDPG, a separate actor and critic is learned for each agent, such that
each agent can have its own arbitrary reward function. It is therefore applicable
to either cooperative, competitive, or mixed settings. We assume each agent a has
a deterministic policy µa(τa; θa), parameterised by θa (abbreviated as µa), and let
µ = {µa(τa; θa)}na=1 be the set of all agent policies. In MADDPG, a centralised and
monolithic critic that estimates the joint action-value function Qµa (s, u1, . . . , un;φa)
is learned for each agent a separately. The critic is said to be centralised as it utilises
information only available to it during the centralised training phase, the global
state s3 and the actions of all agents, u1, . . . , un, to estimate the joint action-value
function Qµa , which is parameterised by φa. This joint action-value function is
trained by minimising the following loss:

L(φa) = ED
[(
ya −Qµa (s, u1, . . . , un;φa)

)2]
, (4.2)

3If the global state s is not available, the centralised and monolithic critic can condition on the
joint observations or action-observation histories.
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where ya = ra + γQµa (s′, u′1, . . . , u′n|u′a=µa(τ ′a;θ−a );φ−a ). Here ra is the reward received
by each agent a, u′1, . . . , u′n is the set of target policies with delayed parameters θ−a ,
and φ−a are the parameters of the target critic. The replay buffer D contains the
transition tuples (s, s′, u1, . . . , un, r1, . . . , rn).
The following policy gradient can be calculated individually to update the policy of
each agent a:

∇θaJ(µa) = ED
[
∇θaµa(τa)∇uaQ

µ
a (s, u1, . . . , un)

∣∣∣
ua=µa(τa)

]
, (4.3)

where the current agent a’s action ua is sampled from its current policy µa when
evaluating the joint action-value function Qµa , while all other agents’ actions are
sampled from the replay buffer D.

4.3 FACMAC

In this section, we propose a new approach called FACtored Multi-Agent Centralised
policy gradients (FACMAC) that uses a centralised but factored critic and a
centralised gradient estimator to learn continuous cooperative tasks. We start
by describing the idea of learning a centralised but factored critic. We then discuss
our new centralised gradient estimator and demonstrate its benefit in a simple
continuous matrix game. Finally, we discuss how we adapt our method to discrete
cooperative tasks.

4.3.1 Learning a Centralised but Factored Critic

Learning a centralised and monolithic critic conditioning on the global state and the
joint action can be difficult and/or impractical when the number of agents and/or
actions is large (Iqbal and Sha, 2019). We thus employ value function factorisation
in the multi-agent actor-critic framework to enable scalable learning of a centralised
critic in Dec-POMDPs. Another key advantage of adopting value factorisation in
an actor-critic framework is that, compared to value-based methods, it allows for a
more flexible factorisation as the critic’s design is not constrained. One can employ
any type of factorisation, including nonmonotonic factorisations that value-based
methods cannot directly use without forfeiting decentralisability or introducing
other significant algorithmic changes.
Specifically, in FACMAC, all agents share a centralised critic Qµtot that is factored
as:

Qµtot(τ ,u, s;φ, ψ) = gψ
(
s, {Qµa

a (τa, ua;φa)}na=1

)
, (4.4)

where φ and φa are parameters of the joint action-value function Qµtot and agent-wise
utilities Qµa

a , respectively. In our canonical implementation which we refer to as
FACMAC, gψ is a non-linear monotonic function parametrised as a mixing network
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with parameters ψ, as in QMIX (Rashid et al., 2018). To evaluate the policy, the
centralised but factored critic is trained by minimising the following loss:

L(φ, ψ) = ED
[(
ytot −Qµtot(τ ,u, s;φ, ψ)

)2 ]
, (4.5)

where ytot = r + γQµtot(τ ′,µ(τ ′;θ−), s′;φ−, ψ−). Here D is the replay buffer, and
θ−, φ−, and ψ− are parameters of the target actors, critic, and mixing network,
respectively.
Leveraging the flexibility of our approach, namely the lack of restrictions on
the form of the critic, we also explore a new nonmonotonic factorisation with
full representational capacity. The joint action-value function Qµtot is represented
as a non-linear non-monotonic mixing function of per-agent utilities Qµa

a . This
nonmonotonic mixing function is parameterised as a mixing network, with a similar
architecture to gψ in FACMAC, but without the constraint of monotonicity enforced
by using non-negative weights. We refer to this method as FACMAC-nonmonotonic.
Additionally, to better understand the advantages of factoring a centralised critic,
we also explore two additional simpler factorisation schemes. These include factoring
the centralised critic Qµtot into a sum of per-agent utilities Qµa

a as in VDN (FACMAC-
vdn), and as a sum of Qµa

a and a state-dependent bias (FACMAC-vdn-s). Our value
factorisation technique is general and can be readily applied to any multi-agent
actor-critic algorithms that learn centralised and monolithic critics (Lowe et al.,
2017; Foerster et al., 2018; Du et al., 2019).

4.3.2 Centralised Policy Gradients

To update the decentralised policy of each agent, a naive adaptation of the
deterministic policy gradient used by MADDPG (shown in (4.3)) is

∇θaJ(µa) = ED
[
∇θaµa(τa)∇uaQ

µ
tot(τ , u1, . . . , un, s)

∣∣∣
ua=µa(τa)

]
. (4.6)

Compared to the policy gradient used in MADDPG, the updates of all agents’
individual deterministic policies now depend on the single shared factored critic Qµtot,
as opposed to learning and utilising a monolithic critic Qµa for each agent. However,
there are two main problems in both policy gradients. First, each agent optimises its
own policy assuming all other agents’ actions are fixed, which could cause the agents
to converge to sub-optimal policies in which no single agent wishes to change its
action unilaterally. Second, both policy gradients make the corresponding methods
vulnerable to relative overgeneralisation (Wei and Luke, 2016) as, when agent a
ascends the policy gradient based on Qµa or Qµtot, only its own action ua is sampled
from its current policy µa, while all other agents’ actions are sampled from the
replay buffer D. The other agents’ actions thus might be drastically different from
the actions their current policies would choose. This could cause the agents to
converge to sub-optimal actions that appear to be a better choice when considering
the effect of potentially arbitrary actions from the other collaborating agents.
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Figure 4.1: The overall FACMAC architecture. (a) The decentralised policy networks.
There is a sampling step since we sample from the categorical distribution when using
discrete actions. (b) The centralised but factored critic. (c) The non-linear monotonic
mixing function.

In FACMAC, we use a new centralised gradient estimator that optimises over the
entire joint action space, rather than optimising over each agent’s actions separately
as in both (4.3) and (4.6), to achieve better coordination among agents. In addition,
to overcome relative overgeneralisation, when calculating the policy gradient we
sample all actions from all agents’ current policies when evaluating Qµtot. Our
centralised policy gradient can thus be estimated as

∇θJ(µ) = ED
[
∇θµ∇µQµtot(τ , µ1(τ1), . . . , µn(τn), s)

]
, (4.7)

where µ = {µ1(τ1; θ1), . . . , µn(τn; θn)} is the set of all agents’ current policies and
all agents share the same actor network parameterised by θ. However, it is not a
requirement of our method for all agents to share parameters in this manner.

Note that not sharing parameters among agents reduces sample-efficiency of the

learning algorithm as the ratio of gradients to parameters reduces.

If the critic factorisation is linear, as in FACMAC-vdn, then the centralised gradient
is equivalent to the per-agent gradients that optimise over each agent’s actions
separately. This is explored in more detail by DOP (Wang et al., 2021), which
restricts the factored critic to be linear to exploit this equivalence. A major benefit
of our method then, is that it does not place any such restrictions on the critic.
As remarked by Lyu et al. (2021), merely using a centralised critic with per-agent
gradients does not necessarily lead to better coordination between agents due to
the two problems outlined above. Even with a factored critic, methods that use
stochastic policy gradients can still suffer from the problems caused by the per-agent
gradients if a fully factored stochastic policy is used. Our centralised gradient
estimator, which uses deterministic policies and optimises over the entire joint
action space, is required in order to fully take advantage of a centralised critic.
Figure 4.1 illustrates the overall FACMAC architecture. For each agent a, there is
one policy network that decides which individual action (discrete or continuous) to
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(a) (b)

Figure 4.2: (a) Mean test return on Continuous Matrix Game. The shaded area in
denotes the 25− 75% of the error of the mean. (b) Left: Per-agent policy gradient at the
origin. For agent 1 (similarly for agent 2) it is 0 since the gradient term assumes the other
agent’s action to be fixed and thus it only considers the relative improvements along the
dotted line (agent 1’s own action space). Right: Our centralised policy gradient correctly
determines the gradient for improving the joint action.

take. There is also one critic network for each agent a that estimates the individual
agent utilities Qa, which are then combined into the joint action-value function Qtot

via a non-linear monotonic mixing function as in QMIX. Qtot is then used by our
centralised gradient estimator to help the actor update its policy parameters.
To show the benefits of our new centralised gradient estimator, we compare
MADDPG with the centralised policy gradient (CPG) against the original MADDPG
on a simple continuous cooperative matrix game with two agents. Figure 4.5 in
Appendix 4.6.1 illustrates this matrix game. There is a narrow path (shown in red)
starting from the origin (0, 0) to (1, 1), in which the reward gradually increases.
Everywhere else there is a small punishment moving away from the origin, increasing
in magnitude further from the origin. Experimental results are shown in Figure
4.2(a). MADDPG quickly gets stuck in the local optimum within 200k timesteps,
while MADDPG (with CPG) robustly converges to the optimal policy. Figure 4.2(b)
visualises the differences between the per-agent and centralised policy gradients,
demonstrating that the per-agent policy gradient can be wrong in our continuous
matrix game and our centralised policy gradient is necessary to take advantage of
the centralised critic. In Section 4.7, we further demonstrate the benefits of our
centralised gradient estimator in more complex tasks.

4.3.3 Discrete Policy Learning

As FACMAC requires differentiable policies and the sampling process of discrete
actions from a categorical distribution is not differentiable, we use the Gumbel-
Softmax estimator (Jang et al., 2016) to enable efficient learning of FACMAC
on cooperative tasks with discrete actions. The Gumbel-Softmax estimator is
a continuous distribution that approximates discrete samples from a categorical
distribution to produce differentiable samples. Moreover, we use the Straight-
Through Gumbel-Softmax Estimator (Jang et al., 2016) to ensure the action
dynamics during training and evaluation are the same. Specifically, during training,
we sample discrete actions ua from the original categorical distribution in the forward
pass, but use the continuous Gumbel-Softmax sample xa in the backward pass to
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approximate the gradients: ∇θaua ≈ ∇θaxa. We can then update the agent’s policy
using our centralised policy gradient: ∇θJ(x) ≈ ED

[
∇θx∇xQxtot(τ , x1, . . . , xn, s)

]
,

where x = {x1, . . . , xn} is the set of continuous samples that approximates the
discrete agent actions. The softmax temperature hyperparameter τ is set to be 1 in
our experiments.

[A] The following section was taken from the paper’s appendix.

4.4 COVDN and COMIX

Q-learning has shown considerable success in multi-agent settings with discrete

action spaces (Sunehag et al., 2018; Rashid et al., 2018; Son et al., 2019; Rashid

et al., 2020a; Wang et al., 2020b). However, performing greedy action selection

in Q-learning requires evaluating arg maxu Qtot(τ ,u, s), where Qtot is the joint

action-value function. In discrete action spaces, this operation can be performed

efficiently through enumeration (unless the action space is extremely large). In

continuous action spaces, however, enumeration is impossible. Hence, existing

continuous Q-learning approaches in single-agent settings either impose constraints

on the form of Q-value to make maximisation easy (Gu et al., 2016; Amos et al.,

2016), at the expense of estimation bias, or perform only approximate greedy action

selection (Kalashnikov et al., 2018). Neither approach scales easily to the large joint

action spaces inherent to multi-agent settings, as 1) the joint action space grows

exponentially in the number of agents, and 2) training Qtot required for greedy

action selection becomes impractical when there are many agents.

This highlights the importance of learning a centralised but factored Qtot. To factor

large joint action spaces efficiently in a decentralisable fashion, COVDN represents

the joint action-value function Qtot as a sum of the per-agent utilities Qa as in VDN

(Sunehag et al., 2018), while COMIX represents Qtot as a non-linear monotonic

combination of Qa as in QMIX (Rashid et al., 2018). COVDN and COMIX are thus

simple variants of VDN and QMIX, respectively, that scale to continuous action
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spaces. They both perform approximate greedy selection of actions ua with respect

to utility functions Qa for each agent a using the cross-entropy method (CEM)

(de Boer et al., 2005). CEM is a sampling-based derivative-free heuristic search

method that has been successfully used to find approximate maxima of nonconvex

Q-networks in a number of single-agent robotic control tasks (Kalashnikov et al.,

2018). The centralised but factored Qtot allows us to use CEM to sample actions

for each agent independently and to use the individual utility function Qa to guide

the selection of maximal actions.

In both COVDN and COMIX, CEM is used by each agent a to find an action

that approximately optimises its local utility function Qa. Specifically, CEM

iteratively draws a batch of N random samples from a candidate distribution Dk,

e.g., a Gaussian, at each iteration k. The best M < N samples (with the highest

utility values) are then used to fit a new Gaussian distribution Dk+1, and this

process repeats K times. We use a CEM hyperparameter configuration similar

to Qt-Opt (Kalashnikov et al., 2018), where N = 64, M = 6, and K = 2.4

Gaussian distributions are initialised with mean µ = 0 and standard deviation

σ = 1. Algorithm 2 outlines the full CEM process used in both COVDN and

COMIX. Algorithm 3 outlines the full process for COMIX. Note we do not consider

COVDN and COMIX significant algorithmic contributions but instead merely

baseline algorithms.

4.5 Multi-Agent MuJoCo

The evaluation of continuous MARL algorithms has recently been largely limited to
the simple multi-agent particle environments (Lowe et al., 2017). We believe the lack
of diverse continuous benchmarks is one factor limiting progress in continuous MARL.
To demonstrate FACMAC’s scalability to more complex continuous domains and
to stimulate more progress in continuous MARL, we develop Multi-Agent MuJoCo
(MAMuJoCo), a novel benchmark for continuous cooperative multi-agent robotic
control. Starting from the popular fully observable single-agent robotic MuJoCo

4We empirically find 2 iterations to suffice.
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Algorithm 2 For each agent a, we perform nc CEM iterations. Hyper-parameters
di ∈ N control how many actions are sampled at the ith iteration.
for a := 1, a ≤ N do
µa ← 0 ∈ R|Aa|
σa ← 1 ∈ R|Aa|
for i := 1, i ≤ nc do

for j := 1, j ≤ di do
v′aj ∼ N (µa,σa)
vaj ← tanh(v′aj)
qaj ← Qa(τa,vaj)
j ← j + 1

if i < nc then
U ←

{
v′al | qal ∈ topki(qa1, . . . , qadi

), ∀l ∈ {1 . . . N}
}

µa ← sample_mean(U)
σa ← sample_std(U)

else
m← arg maxj qaj
ua ← vam

i← i+ 1
a← a+ 1

return 〈u1, . . . ,un〉

Algorithm 3 Algorithmic description of COMIX. The function CEM is defined in
Algorithm 2.

Initialise ReplayBuffer, θ, θ−, φ, φ−
for each training episode e do

s0, z0 ← EnvInit()
for t := 0 until t = T step 1 do

ut ← CEM(Q1, . . . , QN , τ
1
t , . . . , τ

N
t )

〈st+1, zt+1, rt〉 ← EnvStep(ut)
ReplayBuffer← 〈st,ut, zt, rt, st+1, zt+1〉

{〈si,ui, zi, ri, s′i, z′i〉}bi=1 ∼ ReplayBuffer
yi ← ri + γmax

u′i
Qtot(s′i, z′i,u′i;θ−), ∀i

L ←
b∑
i=1

(
yi −Qtot(si, zi,ui;θ)

)2

θ ← θ − α∇θL

(Todorov et al., 2012) control suite included with OpenAI Gym (Brockman et al.,
2016), we create a wide variety of novel scenarios in which multiple agents within a
single robot have to solve a task cooperatively.
This design offers important benefits. It facilitates comparisons to existing literature
on both the fully observable single-agent domain (OpenAI, 2020), as well as settings
with low-bandwidth communication (Wang et al., 2018). More importantly, it
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Figure 4.3: Agent partitionings for MAMuJoCo environments: A) Manyagent
Swimmer, B) 3-Agent Hopper [3x1], C) 2-Agent HalfCheetah [2x3], D) 6-Agent HalfChee-
tah [6x1], E) 2-Agent Humanoid and 2-Agent HumanoidStandup (each [1x9,1x8]), F)
2-Agent Walker [2X3], G) 2-Agent Reacher [2x1], H) 2-Agent Ant [2x4], I) 2-Agent
Ant Diag [2x4], J) 4-Agent Ant [4x2], and K) Manyagent Ant. Colours indicate agent
partitionings. Each joint corresponds to a single controllable motor. Split partitions
indicate shared body segments. Square brackets indicate [(number of agents) x (joints
per agent)]. Joint IDs are in order of definition in the corresponding OpenAI Gym XML
asset files (Brockman et al., 2016). Global joints indicate degrees of freedom of the center
of mass of the composite robotic agent.

allows for the study of novel MARL algorithms for decentralised coordination in
isolation (scenarios with multiple robots may add confounding factors such as
spatial exploration), which is currently a gap in the research literature. MAMuJoCo
also includes scenarios with a larger and more flexible number of agents, which
takes inspiration from modular robotics (Yim et al., 2002; Kurokawa et al., 2008).
Compared to traditional robots, modular robots are more versatile, configurable,
and scalable. We thus develop two scenarios named ManyAgent Swimmer and
ManyAgent Ant, in which one can configure an arbitrarily large number of agents
(within the memory limits), each controlling a consecutive segment of arbitrary
length.
Single-robot multi-agent tasks in MAMuJoCo arise by first representing a given
single robotic agent as a body graph, where vertices (joints) are connected by adjacent
edges (body segments), as shown in Figure 4.3. We then partition the body graph
into disjoint sub-graphs, one for each agent, each of which contains one or more
joints that can be controlled. Note that in ManyAgent Swimmer (see Figure 4.3A)
and ManyAgent Ant (see Figure 4.3K), the number of agents are not limited by the
given single robotic agent. See Appendix 4.5 for more details about MAMuJoCo.

[A] The following section was taken from the paper’s appendix. While several

MARL benchmarks with continuous action spaces have been released, few are simul-
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taneously diverse, fully cooperative, decentralisable, and admit partial observability.

The multi-agent particle suite (Lowe et al., 2017) features a few decentralisable tasks

in a fully observable planar point mass toy environment. Presumably due to its

focus on real-world robotic control, RoboCup soccer simulation (Kitano et al., 1997;

Stone and Sutton, 2001; Riedmiller et al., 2009) does not currently feature an easily

configurable software interface for MARL, nor suitable AI-controlled benchmark

opponents. Liu et al. (2019a) introduce MuJoCo soccer environment, a multi-agent

soccer environment with continuous simulated physics that cannot be used in a

purely cooperative setting and does not admit partial observability.

To demonstrate FACMAC’s scalability to more complex continuous domains and

to stimulate more progress in continuous MARL, we develop Multi-Agent MuJoCo

(MAMuJoCo), a novel benchmark for continuous cooperative multi-agent robotic

control. Starting from the popular fully observable single-agent robotic MuJoCo

(Todorov et al., 2012) control suite included with OpenAI Gym (Brockman et al.,

2016), we create a wide variety of novel scenarios in which multiple agents within a

single robot have to solve a task cooperatively. Single-robot multi-agent tasks in

MAMuJoCo arise by first representing a given single robotic agent as a body graph,

where vertices (joints) are connected by adjacent edges (body segments), as shown

in Figure 4.3. We then partition the body graph into disjoint sub-graphs, one for

each agent, each of which contains one or more joints that can be controlled. Note

that in ManyAgent Swimmer (see Figure 4.3A) and ManyAgent Ant (see Figure

4.3K), the number of agents are not limited by the given single robotic agent.

Multiple agents are introduced within a single robot as partial observability

arises through latency, bandwidth, and noisy sensors in a single robot. Even

if communication is free and instant when it works, we want policies that keep

working even when communication channels within the robot malfunction. Without

access to the exact full state, local decision rules become more important and
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introducing autonomous agents at individual decision points (e.g., each physical

component of the robot) is reasonable and beneficial. This also makes it more robust

to single-point failures (e.g., broken sensors) and more adaptive and flexible as new

independent decision points (thus agents) may be added easily. Similar physical

decompositions can be found in early behavior-based robotic research (Brooks, 1986;

Arkin, 1989).

Each agent’s action space in MAMuJoCo is given by the joint action space over

all motors controllable by that agent. For example, the agent corresponding to the

green partition in 2-Agent HalfCheetah (Figure 4.3C) consists of three joints (joint

ids 1, 2, and 3) and four adjacent body segments. Each joint has an action space

[−1, 1], so the action space for each agent is a 3-dimensional vector with each entry

in [−1, 1].

For each agent a, observations are constructed in a two-stage process. First, we

infer which body segments and joints are observable by agent a. Each agent can

always observe all joints within its own sub-graph. A configurable parameter k ≥ 0

determines the maximum graph distance to the agent’s subgraph at which joints

are observable (see Figure 4.4 for an example). Body segments directly attached to

observable joints are themselves observable. The agent observation is then given by

a fixed order concatenation of the representation vector of each observable graph

element. Depending on the environment and configuration, representation vectors

may include attributes such as position, velocity, and external body forces. In

addition to joint and body-segment specific observation categories, agents can also

be configured to observe the position and/or velocity attributes of the robot’s central

torso.

Restricting both the observation distance k, as well as limiting the set of observable

element categories imposes partial observability. However, task goals remain

unchanged from the single-agent variants, except that the goals must be reached
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Figure 4.4: Observations by distance for 3-Agent Hopper (as seen from agent
1). Each corresponds to joints and body parts observable at 1) zero graph distance from
agent 1, 2) one unit graph distance from agent 1, and 3) two unit graph distances from
agent 1.

collaboratively by multiple agents: we simply repurpose the original single-agent

reward signal as a team reward signal. Default team reward is summarised in Table

4.1.

Task Goal Special observations Reward function

2-Agent Swimmer Maximise +ve x-speed. All agents can observe
velocities of the central torso.

∆x
∆t + 0.0001α

2-Agent Reacher
Fingertip (green) needs

to reach target at random
location (red).

Target is only
visible to green agent.

−‖distance from fingertip to target‖22
+α

2-Agent Ant Maximise +ve x-speed. All agents can observe
velocities of the central torso.

∆x
∆t + 5 · 10−4 ‖external contact forces‖22

+0.5α+ 1

2-Agent Ant Diag Maximise +ve x-speed. All agents can observe
velocities of the central torso.

∆x
∆t + 5 · 10−4 ‖external contact forces‖22

+0.5α+ 1
2-Agent HalfCheetah Maximise +ve x-speed. - ∆x

∆t + 0.1α

2-Agent Humanoid Maximise +ve x-speed. - 0.25 ∆x
∆t + min(10,

5 · 10−6 ‖external contact forces‖22)
2-Agent

HumanoidStandup Maximise +ve x-speed. -
y

∆t + min(10,
5 · 10−6 ‖external contact forces‖22)

3-Agent Hopper Maximise +ve x-speed. - ∆x
∆t + 0.001α+ 1.0

4-Agent Ant Maximise +ve x-speed. All agents can observe
velocities of the central torso.

∆x
∆t + 5 · 10−4 ‖external contact forces‖22

+0.5α+ 1

6-Agent HalfCheetah Maximise +ve x-speed. - 0.25 ∆x
∆t + min(10,

5 · 10−6 ‖external contact forces‖22)

ManyAgent Swimmer Maximise +ve x-speed. All agents can observe
velocities of the central torso.

∆x
∆t + 0.0001α

ManyAgent Ant Maximise +ve x-speed. All agents can observe
velocities of the central torso.

∆x
∆t + 5 · 10−4 ‖external contact forces‖22

+0.5α+ 1

Table 4.1: Overview of tasks contained in MAMuJoCo. We define α as an action
regularisation term −‖u‖22.

The most similar existing environments, though not as diverse as MAMuJoCo,

are the decomposed MuJoCo environments Centipede and Snakes (Wang et al.,

2018). The latter is similar to MAMuJoCo’s 2-Agent Swimmer. Ackermann et al.

(2019) evaluate on one environment similar to a configuration of 2-Agent Ant, but,
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similarly to Gupta et al. (2017), do not consider tasks across different numbers of

agents and MuJoCo scenarios.

[A] The following section was taken from the paper’s appendix.

4.6 Environment Details

4.6.1 Continuous Matrix Game

Figure 4.5: The continuous matrix game.

Figure 4.5 illustrates the continuous matrix game with two agents. There is a

narrow path (shown in red) starting from the origin (0, 0) to (1, 1), in which the

reward gradually increases. Everywhere else there is a small punishment moving

away from the origin, increasing in magnitude further from the origin.

4.6.2 Continuous Predator-Prey

We consider the mixed simple tag environment (Figure 4.6) introduced by Lowe

et al. (2017), which is a variant of the classic predator-prey game. Three slower

cooperating circular agents (red), each with continuous movement action spaces

ua ∈ R2, must catch a faster circular prey (green) on a randomly generated two-

dimensional toroidal plane with two large landmarks blocking the way.
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predator 1

predator 2

predator 3

prey

Figure 4.6: Continuous Predator-Prey. Left: Top-down view of toroidal plane, with
predators (red), prey (green) and obstacles (grey). Right: Illustration of the prey’s
avoidance heuristic. Observation radii of both agents and prey are indicated.

To obtain a purely cooperative environment, we replace the prey’s policy by a

hard-coded heuristic, that, at any time step, moves the prey to the sampled position

with the largest distance to the closest predator. If one of the cooperative agents

collides with the prey, a team reward of +10 is emitted; otherwise, no reward is

given. In the original simple tag environment, each agent can observe the relative

positions of the other two agents, the relative position and velocity of the prey, and

the relative positions of the landmarks. This means each agent’s private observation

provides an almost complete representation of the true state of the environment.

To introduce partial observability to the environment, we add an agent view radius,

which restricts the agents from receiving information about other entities (including

all landmarks, the other two agents, and the prey) that are out of range. Specifically,

we set the view radius such that the agents can only observe other agents roughly

60% of the time. We refer to this environment as Continuous Predator-Prey.

In addition, we implement a variant of our Continuous Predator-Prey task (with

3 agents and 1 prey), where the reward function is modified to make the task

nonmonotonic. Specifically, if one agent collides with the prey while at least another

one being close enough, a team reward of +10 is given. However, if only one agent

collides with the prey without any other agent being close enough, a negative team

reward of −1 is given. Otherwise, no reward is provided.
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4.6.3 Multi-Agent MuJoCo

All MAMuJoCo environments we tested are configured according to its default

configuration, where each agent can observe only positions (not velocities) of its

own body parts and at graph distances greater than zero. In ManyAgent Swimmer,

we configure the number of agents to be 10, each controlling a consecutive segment

of length 2. We thus refer to this environment as ManyAgent Swimmer [10x2]. We

set maximum observation distances to k = 0 (which means each agent can observe

only positions of its own body parts) for all three environments tested, including

2-Agent Humanoid, 2-Agent HumanoidStandup, and ManyAgent Swimer [10x2].

Default team reward is used (see Table 4.1).

4.6.4 SMAC

SMAC consists of a set of complex StarCraft II micromanagement tasks that are

carefully designed to study decentralised multi-agent control. The tasks in SMAC

involve combat between two armies of units. The first army is controlled by a group

of learned allied agents. The second army consists of enemy units controlled by

the built-in heuristic AI. The goal of the allied agents is to defeat the enemy units

in battle, to maximise the win rate. The action space consists of a set of discrete

actions: move in four cardinal directions, attack any selected enemy (available

if the enemy is within the agent’s shooting range), stop, and noop. Hence the

number of actions increases as the number of enemies increases. All experiments on

SMAC use the default reward and observation settings of the SMAC benchmark

(Samvelyan et al., 2019).

4.7 Experimental Results

In this section we present our experimental results on our cooperative variants of
the continuous simple tag environment introduced by Lowe et al. (2017) (we refer
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to this environment as Continuous Predator-Prey), our novel continuous benchmark
MAMuJoCo, and the challenging SMAC5 (Samvelyan et al., 2019) benchmark with
discrete action spaces. In discrete cooperative tasks, we compare with state-of-
the-art multi-agent actor-critic algorithms MADDPG (Lowe et al., 2017), COMA
(Foerster et al., 2018), CentralV (Foerster et al., 2018), DOP (Wang et al., 2021),
VDAC-mix (Samvelyan et al., 2019), and value-based methods QMIX (Rashid
et al., 2018) and QPLEX (Wang et al., 2020b). In continuous cooperative tasks, we
compare with MADDPG (Lowe et al., 2017) and independent DDPG (IDDPG),
as well as COVDN and COMIX, two novel baselines described below. We also
explore different forms of critic factorisation to better understand the advantages of
factoring a centralised critic. More details about the environments, experimental
setup, and training details are included in Appendix 4.6 and 4.8.
COVDN and COMIX. We find that not many multi-agent value-based methods
work off the shelf with continuous actions. To compare FACMAC against value-based
approaches in continuous cooperative tasks, we use existing continuous Q-learning
approaches in single-agent settings to extend VDN and QMIX to continuous action
spaces. Specifically, we introduce COVDN and COMIX, which use VDN-style and
QMIX-style factorisation respectively and both perform approximate greedy action
selection using the cross-entropy method (CEM) (de Boer et al., 2005). CEM is a
sampling-based derivative-free heuristic search method that has been successfully
used to find approximate maxima of nonconvex Q-networks in single-agent robotic
control tasks (Kalashnikov et al., 2018). The centralised but factored Qtot allows
us to use CEM to sample actions for each agent independently and to use the
per-agent utility Qa to guide the selection of maximal actions. We do not consider
COVDN and COMIX significant algorithmic contributions but instead merely
baseline algorithms. See Appendix 4.4 for more details about them.
FACMAC outperforms MADDPG and other baselines in both discrete
and continuous action tasks. Figure 4.7 and 4.8 illustrate the mean episode
return attained by different methods on Continuous Predator-Prey with varying
number of agents and different MAMuJoCo tasks, respectively. We can see that
FACMAC significantly outperforms MADDPG on all these continuous cooperative
tasks, both in terms of absolute performance and learning speed. On discrete
SMAC tasks, Figure 4.9 shows that FACMAC performs significantly better than
MADDPG on 4 out of 6 maps we tested, and achieves similar performance to
MADDPG on the other 2 maps. Additionally, on all 6 SMAC maps, FACMAC
significantly outperforms all multi-agent actor-critic baselines (COMA, CentralV,
DOP, and VDAC-mix), while DOP is recently claimed to be the first multi-agent
actor-critic method that outperforms state-of-the-art valued-based methods on
SMAC. FACMAC is also competitive with state-of-the-art value-based methods
(QMIX and QPLEX), with significantly better performance onMMM, bane_vs_bane,
MMM2, and 27m_vs_30m. These results demonstrate the benefits of our method for
improving performance in challenging cooperative tasks with discrete and continuous

5We utilise SC2.4.10., which is used by the latest PyMARL (Samvelyan et al., 2019) framework.
The original results reported in Samvelyan et al. (2019) and Rashid et al. (2020b) use SC2.4.6.
Performance is not always comparable across versions.
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(a) 3 agents and 1 prey (b) 6 agents and 2 preys

(c) 9 agents and 3 preys

Figure 4.7: Mean episode return on Continuous Predator-Prey with different number of
agents and preys. The mean across 5 seeds is plotted and the 95% confidence interval is
shown shaded. The numbers in square brackets in the figure legend represent the number
of random seeds used to run each method (similarly for all other figures).

Figure 4.8: Mean episode return on different MAMuJoCo tasks. In ManyAgent Swimmer,
we configure the number of agents to be 10, each controlling a consecutive segment of
length 2. The mean across 7 seeds is plotted and the 95% confidence interval is shown
shaded.

action spaces.
In Continuous Predator-Prey, FACMAC-vdn scales better than FACMAC when
the number of agents increases. However, on MAMuJoCo, FACMAC-vdn performs
drastically worse than FACMAC in 2-Agent Humanoid and ManyAgent Swimmer
(with 10 agents), demonstrating the necessity of the non-linear mixing of agent
utilities and conditioning on the central state information in order to achieve
competitive performance in such tasks. Furthermore, on SMAC, Figure 4.13 in
Appendix 4.8.4 shows that FACMAC is noticeably more stable than FACMAC-
vdn and FACMAC-vdn-s across different maps, and achieves significantly better
performance on the super hard map MMM2.
Interestingly, we find that FACMAC performs similarly to COMIX on both Con-
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Figure 4.9: Median test win % on six different SMAC maps, including 2s3z (easy),
MMM (easy), 2c_vs_64zg (hard), bane_vs_bane (hard), MMM2 (super hard), and
27m_vs_30m (super hard). The median across 5 seeds is plotted and the 25 − 75%
percentiles is shown shaded. The performance of the heuristic-based algorithm is shown as
a dashed line. We report the median instead of the mean as recommended by Samvelyan
et al. (2019) in order to avoid the effect of any outliers.

tinuous Predator-Prey and MAMuJoCo tasks. As FACMAC and COMIX use the
same value factorisation as in QMIX and are both off-policy, this suggests that,
in these continuous cooperative tasks, factorisation of the joint Q-value function
plays a greater role in performance than the underlying algorithmic choices. On
SMAC, however, FACMAC performs significantly better than QMIX on MMM,
bane_vs_bane, MMM2, and 27m_vs_30m. For instance, on bane_vs_bane, a task
with 24 agents, while QMIX struggles to find the optimal policy with 2 million
timesteps, FACMAC, with exactly the same value factorisation, can quickly recover
the optimal policy and achieve 100% test win rate. This shows the convergence
advantages of policy gradient methods in this type of multi-agent settings (Wang
et al., 2020a).
FACMAC scales better as the number of agents (and/or actions) and
the complexity of the task increases. As shown in Figure 4.7(b) and 4.7(c),
MADDPG performs poorly if we increase the number of agents in Continuous
Predator-Prey, while both FACMAC and FACMAC-vdn achieve significantly better
performance. The monolithic critic in MADDPG simply concatenates all agents’
observations into a single input vector, which can be quite large when there are many
agents and/or entities and make it more difficult to learn a good critic. Factoring
the critic enables scalable critic learning, by combining individual agent utilities
that condition on much smaller observations into a joint action-value function. On
MAMuJoCo (shown in Figure 4.8), similarly, the largest performance gap between
FACMAC and MADDPG can be seen on ManyAgent Swimmer (with 10 agents), a
task with the largest number of agents among three MAMuJoCo tasks tested.
On SMAC (shown in Figure 4.9), the largest performance gap between FACMAC
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and MADDPG can be seen on the challenging MMM2 and 27m_vs_30m with
a large number of agents, which are classified as 2 super hard SMAC maps due
to current methods’ poor performance (Samvelyan et al., 2019). We can see that
FACMAC is able to learn to consistently defeat the enemy, whereas MADDPG
fails to learn anything useful in both tasks. The second largest performance gap
between FACMAC and MADDPG can be seen on the hard map 2c_vs_64zg, where
MADDPG not only performs significantly worse but also exhibits significantly more
variance than FACMAC across seeds. While there are only 2 agents in this scenario,
the number of actions each agent can choose is the largest among all 6 maps tested
as there are 64 enemies. These results further demonstrate that FACMAC scales
better when the number of agents (and/or actions) and the complexity of the tasks
increases.
Factoring the critic can better take advantage of our centralised gradient
estimator to optimise the agent policies when the number of agents
and/or actions is large. We conduct ablation experiments to investigate the
influence of factoring the critic and using the centralised gradient estimator in our
method. FACMAC (without CPG) is our method without the centralised policy
gradient. It uses a naive adaptation of the deterministic policy gradient used in
MADDPG (shown in (4.6)). Thus, the only difference between FACMAC (without
CPG) and MADDPG is that the previous one learns a non-linearly factored critic
while the latter one learns a monolithic critic. We also evaluate MADDPG with
our centralised policy gradient and refer to it as MADDPG (with CPG).

Figure 4.10: Ablations for different FACMAC components on SMAC and MAMuJoCo
tasks.

Figure 4.10 shows the ablation results on SMAC and MAMuJoCo. We can see
that FACMAC (without CPG) performs significantly better than MADDPG on
both SMAC maps tested, demonstrating the advantages of factoring the critic in
challenging coordination problems. With the centralised policy gradient, MADDPG
(with CPG) performs significantly better than MADDPG on 2c_vs_64zg. However,
on the harder map MMM2, MADDPG with both policy gradients fail to learn
anything useful. By contrast, FACMAC significantly outperforms FACMAC
(without CPG) on MMM2, and has lower variance across seeds on 2c_vs_64zg.
Furthermore, on ManyAgent Swimmer with 2 agents, our centralised gradient
estimator does not affect the performance of both MADDPG and FACMAC.
However, on the same task with 10 agents, using the centralised gradient estimator
significantly improves the learning performance when learning a factored critic.
These results demonstrate that factoring the critic can better take advantage of our
centralised gradient estimator to optimise the agent policies when the number of
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agents and/or actions is large.

Figure 4.11: Mean episode return on (Left) Continuous Matrix Game and (Right)
a variant of our Continuous Predator-Prey task (with 3 agents and 1 prey) with
nonmonotonic value functions.

Nonmonotonically factored critics can solve tasks that cannot be solved
with monolithic or monotonically factored critics. In our multi-agent actor-
critic framework, there are no inherent constraints on factoring the critic, we
thus also employ a nonmonotonic factorisation and refer to it as FACMAC-
nonmonotonic (as discussed in Section 4.3.1). As shown in Figure 4.11 (left), on our
continuous matrix game (as discussed in Section 4.3.2), FACMAC-nonmonotonic
can robustly learn the optimal policy, while both FACMAC and MADDPG converge
to some sub-optimal policy within 200k timesteps. On a variant of Continuous
Predator-Prey task (see Appendix 4.6.2 for more details about this task) with
nonmonotonic value functions (i.e., an agent’s ordering over its own actions depends
on other agents’ actions (Mahajan et al., 2019)), Figure 4.11 (right) shows that
both FACMAC and MADDPG fail to learn anything useful, while FACMAC-
nonmonotonic successfully learns to capture the prey. These results demonstrate
that nonmonotonically factored critics can solve tasks that cannot be solved with
monolithic or monotonically factored critics.
It is important to note that the relative performance of FACMAC and FACMAC-
nonmonotonic is task dependent. On the original Continuous Predator-Prey task
(with 3 agents and 1 prey), FACMAC-nonmonotonic yields similar performance
to FACMAC (see Figure 4.12 in Appendix 4.8.4). On SMAC (see Figure 4.13 in
Appendix 4.8.4), FACMAC-nonmonotonic performs similarly to FACMAC on easy
maps, but exhibits significantly worse performance on harder maps. This shows
that, in this type of tasks, using an unconstrained factored critic could lead to an
increase in learning difficulty. We thus expect FACMAC-nonmonotonic to be more
useful in tasks with nonmonotonic value functions.

Future ablation studies could compare MADDPG performance to that of DDPG

within MMDP and MPOMDP settings. Doing so would help entangle the relative

benefits of value factorisation, history dependent policies, and joint action learning.

For Multi-Agent Mujoco, we would expect MPOMDP performance to be similar to

MMDP performance, given the joint agent observations will amount to the central

state on most scenarios. These results, however, are not directly relevant to the main
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purpose of this paper’s experiments, which is the relative performance comparison

between both novel and existing deep multi-agent reinforcement learning algorithms.

[A] The following section was taken from the paper’s appendix.

4.8 Experimental Details

We evaluate the performance of each method using the following procedure: for

each run of a method, we pause training every fixed number of timesteps (2000

timesteps for Continuous Predator-Prey, 4000 timesteps for MAMuJoCo, and 10000

timesteps for SMAC) and run a fixed number of independent episodes (10 episodes

for Continuous Predator-Prey and MAMuJoCo, and 32 episodes for SMAC) with

each agent performing action selection greedily in a decentralised fashion. On both

Continuous Predator-Prey and MAMuJoCo, the mean value of these episode returns

are used to evaluate the performance of the learned policies. On SMAC, we use the

median test win rate (i.e., the percentage of the 32 episodes where the agents defeat

all enemy units within the permitted time limit) to evaluate the learned policies, as

in (Samvelyan et al., 2019). All experiments are carried out on NVIDIA GeForce

GTX 1080 GPU.

4.8.1 Continuous Predator-Prey

In value-based methods COVDN and COMIX, the architecture of the shared agent

network is a DRQN with a recurrent layer comprised of a GRU with a 64-dimensional

hidden state, with a fully-connected layer before and after. In actor-critic methods

FACMAC, FACMAC-vdn, MADDPG, and IDDPG, the architecture of the shared

agent network is also a DRQN with a recurrent layer comprised of a GRU with a

64-dimensional hidden state, with a fully-connected layer before and after, while

the final output layer is a tanh layer, to bound actions. The shared critic network
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is a MLP with 2 hidden layers of 64 units and ReLU non-linearities. All agent

networks receive the current local observation and last individual action as input.

In MADDPG, the centralised critic receives the global state and the joint action of

all agents as input. The global state consists of the joint observations of all agents

in Continuous Predator-Prey. In other actor-critic methods, there is a shared critic

network that approximates per-agent utilities, which receives each agent’s local

observation and individual action as input.

During training and testing, we restrict each episode to have a length of 25 time

steps. Training lasts for 2 million timesteps. To encourage exploration, we use

uncorrelated, mean-zero Gaussian noise with σ = 0.1 during training (for all 2

million timesteps). We set γ = 0.85 for all experiments. The replay buffer contains

the most recent 106 transitions. We train on a batch size of 1024 after every timestep.

For the soft target network updates we use τ = 0.001. All neural networks (actor

and critic) are trained using Adam optimiser with a learning rate of 0.01. To

evaluate the learning performance, the training is paused after every 2000 timesteps

during which 10 independent test episodes are run with agents performing action

selection greedily in a decentralised fashion.

4.8.2 Multi-Agent MuJoCo

In all value-based methods, the architecture of all agent networks is a MLP with

2 hidden layers with 400 and 300 units respectively, similar to the setting used in

OpenAI Spinning Up.6 All agent networks use ReLU non-linearities for all hidden

layers. In all actor-critic methods, the architecture of the shared agent network

and critic network is also a MLP with 2 hidden layers with 400 and 300 units

respectively, while the final output layer of the actor network is a tanh layer, to

bound the actions. In all value-based methods, the agent receives its current local
6https://spinningup.openai.com/en/latest/.

https://spinningup.openai.com/en/latest/
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observation as input. In MADDPG, the centralised critic receives the global state

and the joint action of all agents as input. The global state consists of the full

state information returned by the original OpenAI Gym (Brockman et al., 2016).

In other actor-critic methods, there is a shared critic network that approximates

per-agent utilities, which receives each agent’s local observation and individual

action as input.

During training and testing, we restrict each episode to have a length of 1000 time

steps. Training lasts for 2 million or 4 million timesteps. To encourage exploration,

we use uncorrelated, mean-zero Gaussian noise with σ = 0.1 during training. We

also use the same trick as in OpenAI Spinning Up to improve exploration at the

start of training. For a fixed number of steps at the beginning (we set it to be 10000),

the agent takes actions which are sampled from a uniform random distribution over

valid actions. After that, it returns to normal Gaussian exploration. We set γ = 0.99

for all experiments. The replay buffer contains the most recent 106 transitions.

We train on a batch size of 100 after every timestep. For the soft target network

updates we use τ = 0.001. All neural networks (actor and critic) are trained using

Adam optimiser with a learning rate of 0.001. To evaluate the learning performance,

the training is paused after every 4000 timesteps during which 10 independent test

episodes are run with agents performing action selection greedily in a decentralised

fashion.

4.8.3 SMAC

For baseline algorithms DOP (Wang et al., 2021), COMA (Foerster et al., 2018),

CentralV (Foerster et al., 2018), VDAC-mix (Su et al., 2021), QMIX (Rashid et al.,

2020b), and QPLEX (Wang et al., 2020b), we use the the same training setup as

provided by their authors where the hyperparameters have been fine-tuned on the

SMAC benchmark.
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Most of our training hyperparameters for FACMAC and MADDPG (Lowe et al.,

2017) follow (Rashid et al., 2020b). In both methods, the architecture of the shared

actor network is a DRQN with a recurrent layer comprised of a GRU with a 64-

dimensional hidden state, with a fully-connected layer before and after. The shared

critic network is a MLP with 2 hidden layers of 64 units and ReLU non-linearities.

Exploration is performed during training using a scheme similar to COMA (Foerster

et al., 2018). Action probabilities are produced from the final layer of the actor

network, z, via a bounded softmax distribution that lower-bounds the probability

of any given action by ε/|U |: P (u) = (1− ε)softmaxu + ε/|U |, where |U | is the size

of the joint action space. Throughout the training, we anneal ε linearly from 0.5 to

0.05 over 50k timesteps and keep it constant for the rest of the training. The replay

buffer contains the most recent 5000 episodes. We sample batches of 32 episodes

uniformly from the replay buffer and train on fully unrolled episodes. In MADDPG,

we use a target network for the actor and critic, respectively. In FACMAC, we use

a target network for the actor, critic, and mixing network, respectively. All target

networks are periodically updated every 200 training steps. All neural networks are

trained using Adam optimiser with learning rate 0.0025 for the actor network and

0.0005 for the critic network. We set γ = 0.99 for all experiments.

The architecture of the mixing network in FACMAC follows (Rashid et al., 2020b).

It consists of a single hidden layer of 32 units with an ELU non-linearity. The

weights of the mixing network are produced by separate hypernetworks. The

hypernetworks consist of a feedforward network with a single hidden layer of 64

units with a ReLU non-linearity. The output of the hypernetwork is passed through

an absolute activation function (to acheive non-negativity) and then resized into a

matrix of appropriate size.

[A] The following section was taken from the paper’s appendix.
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4.8.4 Additional Results on Different Critic Factorisations



4. FACMAC: Factored Multi-Agent Centralised Policy Gradients 111

Figure 4.12: Mean episode return on our Continuous Predator-Prey task (with 3 agents
and 1 prey).

(a) Easy (b) Easy

(c) Hard (d) Hard

(e) Super Hard (f) Super Hard

Figure 4.13: Median test win % on six different SMAC maps: (a) 2s3z (easy), (b)
MMM (easy), (c) 2c_vs_64zg (hard), (d) bane_vs_bane (hard), (e) MMM2 (super hard),
and (f) 27m_vs_30m (super hard), comparing FACMAC with different forms of critic
factorisations.
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4.9 Related Work

Value function factorisation (Koller and Parr, 1999) has been widely employed in
value-based MARL algorithms. VDN (Sunehag et al., 2018) and QMIX (Rashid
et al., 2018) factor the joint action-value function into per-agent utilities that are
combined via a simple summation or a monotonic mixing function respectively, to
ensure consistency between the arg max of the centralised joint-action value function
and the arg max of the decentralised polices. This monotonicity constraint, however,
prevents them from representing joint action-value functions that are characterised
as nonmonotonic (Mahajan et al., 2019), i.e., an agent’s ordering over its own
actions depends on other agents’ actions. A large number of recent works (Son
et al., 2019; Yang et al., 2020; Rashid et al., 2020a; Wang et al., 2020b; Son et al.,
2020) thus focus on developing new value-based MARL algorithms that address this
representational limitation, in order to learn a richer class of action-value functions.
QTRAN (Son et al., 2019) learns an unrestricted joint action-value function and
aims to solve a constrained optimisation problem in order to decentralise it, but
has been shown to scale poorly to more complex tasks such as SMAC (Mahajan
et al., 2019). QPLEX (Wang et al., 2020b) takes advantage of the dueling network
architecture to factor the joint action-value function in a manner that does not
restrict the representational capacity, whilst also remaining easily decentralisable,
but can still fail to solve simple tasks with nonmonotonic value functions (Rashid
et al., 2020a). Weighted QMIX (Rashid et al., 2020a) introduces a weighting
scheme to place more importance on the better joint actions to learn a richer class
of joint action-value functions. QTRAN++ (Son et al., 2020) addresses the gap
between the empirical performance and theoretical guarantees of QTRAN. Our
multi-agent actor-critic framework with decentralised actors and a centralised but
factored critic, by contrast, provides a more direct and simpler way of coping
with nonmonotonic tasks as one can simply factor the centralised critic in any
manner without constraints. Additionally, our framework can be readily applied to
tasks with continuous action spaces, whereas these value-based algorithms require
additional algorithmic changes.
Most state-of-the-art multi-agent actor-critic methods (Lowe et al., 2017; Foerster
et al., 2018; Iqbal and Sha, 2019; Du et al., 2019) learn a centralised but unfactored
critic conditioning on the global state and the joint action to stabilise learning.
Even though the joint action-value function they can represent is not restricted, in
practice they significantly underperform value-based methods like QMIX on the
challenging SMAC benchmark (Rashid et al., 2020a,b). In contrast, FACMAC
utilises a centralised but factored critic to allow it to scale to the more complex
tasks in SMAC, and follows the centralised policy gradient instead of per-agent
policy gradients.
Lyu et al. (2021) recently provide some interesting insights about the pros and
cons of centralised and decentralised critics for on-policy actor-critic algorithms.
One important issue that they highlight is that merely utilising a centralised critic
does not necessarily lead to the learning of more coordinated behaviours. This is
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because the use of a per-agent policy gradient can lead to the agents getting stuck
in sub-optimal solutions in which no one agents wishes to change their policy, as
discussed in 4.3.2. Our centralised policy gradient resolves this issue by taking full
advantage of the centralised training paradigm to optimise over the joint-action
policy, which allows us to reap the benefits of a centralised critic. Since FACMAC
is off-policy, we also benefit immensely from utilising a centralised critic over a
decentralised one since we avoid the issues of non-stationarity when training on
older data.
Zhou et al. (2020) propose to use a single centralised critic for MADDPG, whose
weights are generated by hypernetworks that condition on the state, similarly to
QMIX’s mixing network without the monotonicity constraints. FACMAC also uses a
single centralised critic, but factorises it similarly to QMIX (not just using the mixing
network) which allows for more efficient learning on more complex tasks. Of existing
work, the deterministic decomposed policy gradients (DOP) algorithm proposed by
Wang et al. (2021) is perhaps most similar to our own approach. Deterministic DOP
is off-policy and factors the centralised critic as a weighted linear sum of individual
agent utilities and a state bias. It is limited to only considering linearly factored
critics, which have limited representational capacity, whilst we are free to choose
any method of factorisation in FACMAC to allow for the learning of a richer class
of action-value functions. While they claim to be the first to introduce the idea of
value function factorisation into the multi-agent actor-critic framework, it is actually
first explored by Bescuca (2019), where a monotonically factored critic is learned for
COMA (Foerster et al., 2018). However, their performance improvement on SMAC
is limited since COMA requires on-policy learning and it is not straightforward to
extend COMA to continuous action spaces. Furthermore, both works only consider
monotonically factored critics, whilst we employ a nonmonotonic factorisation and
demonstrate its benefits. We also investigate the benefits of learning a centralised
but factored critic more thoroughly, providing a better understanding about the
type of tasks that can benefit more from a factored critic. Additionally, both
deterministic DOP and LICA (Zhou et al., 2020) use a naive adaptation of the
deterministic policy gradient used by MADDPG and suffer from the same problems
as discussed in Section 4.3.2, while our centralised policy gradients allow for better
coordination across agents in certain tasks.

4.10 Conclusion

This paper presented FACMAC, a multi-agent actor-critic method that learns
decentralised policies with a centralised but factored critic, working for both discrete
and continuous cooperative tasks. We showed the advantages of both factoring
the critic and using the new centralised gradient estimator in our approach. We
also introduced a novel benchmark suite MAMuJoCo to demonstrate FACMAC’s
scalability to more complex continuous tasks. Our results on three different domains
demonstrated FACMAC’s superior performance over existing MARL algorithms.
Future work will explore more forms of nonmonotonic factorisation to tackle tasks
with nonmonotonic value functions.
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4.10.1 Social Impact

MAMuJoCo is a simulated environment that mimics certain fundamental aspects
of robotic actuator chains. Such actuator chains are commonly found in industrial
robotics, perhaps most prominently in robot arms on assembly lines, but also a
variety of other civil use cases, including remote space exploration or bomb disposal.
However, in order to be applicable to such use cases, policies trained in MAMuJoCo
first need to undergo a transfer process to the real world, for example by using
Sim2Real techniques. MAMuJoCo can not only help assess algorithmic advances,
but also contribute toward understanding and mitigating risks inherent to civil
autonomous robotics applications. For example, MAMuJoCo could facilitate the
development of safe reinforcement learning algorithms that keep actuator parameters
of real-world robotic arms within safe ranges, thus avoiding manufacturing errors
or injury.
As most developments in robotic control, algorithmic progress based on our
benchmark environment, or the novel algorithms introduced in this paper, might
ultimately find application in autonomous warfare. MAMuJoCo has been developed
with fundamental algorithmic development for civil purposes in mind and does not
provide any features that would make it particularly suitable to non-civil use. Any
robotic agents trained with reinforcement learning algorithms on our environment,
including our novel methods, should be certified with respect to fairness and security
before real-world deployment. Like any artificial intelligence system, our proposed
framework has the potential to greatly improve human productivity. However, it
may also reduce the need for human workers, resulting in job losses.

This concludes our quote.
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Coming up next...

In this chapter, we introduced FACMAC, a deterministic policy gradients algorithm

for cooperative multi-agent learning that uses centralised policy gradient updates

to optimise over the joint action space during centralised training. FACMAC

achieves state-of-the-art performance on SMAC. In addition, we introduce a novel

benchmark suite for continuous control, Multi-Agent Mujoco and use it to evaluate

both FACMAC, as well as COMIX, a novel variant of QMIX 3 that scales to

continuous action spaces.

Next, in Chapter 5, we will tackle another challenge of centralised training:

While we have, in both Chapters 3 and 4, succeeded in training joint, centralised

value functions in CTDE settings and thus address non-stationarity issues related

to independent learning, each agent still executes its own, independent policy. In

the next Chapter, we show how common knowledge between agents can be used

to allow agents to execute joint policies in a fully decentralised fashion.
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5.1 Introduction

In Chapters 3 and 4, we have introduced a variety of novel deep multi-agent

reinforcement learning algorithms (QMIX, FACMAC, COMIX, ...) for settings that
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allow for centralised learning, but require decentralised execution (see Section 2.2.2

in Chapter 2). These algorithms all admit constructing a centralised joint value

function that factors into individual local agent utility functions through monotonic

mixing networks, thus putting a constraint on what types of return distributions

can be arbitrarily closely approximated.

But is it possible to construct a joint policy that is nevertheless fully decen-

tralisable? We have learnt in 2.2.3 that executing joint policies either requires

full observability, or immediate communication channels through which agents

can exchange their local observations. A perhaps surprising insight that we now

introduce is, however, that even in fully decentralised settings, agents can make

advantage of joint learning under certain conditions: Namely, if agents can, at each

point in time, dynamically infer what information is common knowledge between

themselves and the group of agents they wish to coordinate with, then agents can

coordinate based on a commonly-known joint policy that conditions on the group

common knowledge. As training is assumed to be centralised, such a commonly

known joint policy can be easily shared during before execution.

While not all conceivable Dec-POMDPs may give rise to useful common

knowledge between agents, a large class of application-relevant environments does.

This class includes environments where agent’s observations consist of a field-of-view

representation that allows each agent to detect the presence of other agents in

their own observation and infer whether the detection is mutual by observing the

orientation of the other’s agents field-of-view sensors. This so-called field-of-view

common knowledge (FoV-CK) in fact arises in almost any cooperative robotic

simulation, be it about autonomous drones or self-driving vehicles. The key to

FoV-CK to be commonly reconstructable during decentralised execution is that

agents are free to exchange information about their observation sensors during
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centralised training 1.

In this paper, we develop MACKRL, a novel deep multi-agent reinforcement learn-

ing algorithm that is able to efficiently exploit common knowledge that dynamically

arises among agent groups of different sizes and compositions. MACKRL is an actor-

critic algorithm that features a centralised value function and a tree-structured end-

to-end differentiable joint policy that allows action coordination based on group-wise

common knowledge when beneficial, and delegation to independent policies otherwise.

We show that a pairwise variant of MACKRL achieves competitive performance on

the StarCraft Multi-Agent Challenge (SMAC, see chapter (Samvelyan et al., 2019)).

We also propose a way in which MACKRL can be scaled to tasks involving a large

number of agents, and how robustness to moderate levels of sensor noise can be

achieved.

As MACKRL’s common knowledge exploiting, group-wise agent controllers

constitute a context-specific decomposition into (local) sub-problems, one might

intuitively assume this to implies some form of value factorisation (refer to Chapter

3). However, as of time of publication of this thesis, the exact relationship thereof

remains unclear and an interesting question for further research.

The term ‘sensor noise’ is kept purposefully vague. What we refer to are any

physical properties or processes that lead two or more agents to reconstruct differing

common knowledge representations. Visual sensors, such as e.g. cameras, could

experience oversaturation, glare or thermal noise. Even if sensory inputs were to

agree between different agents, differing processing software version or temporal

hardware contexts could result in incompatible common knowledge reconstructions.
1Please note that the unusual case where another agent’s sensory equipment fails during

execution can, in practice, either be addressed by sending an observable broadcast signal (e.g. a
red LED indicates sensor failure) or by concluding sensor failure from repeated failed coordination
attempts
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In the context of common knowledge with entities, agents might in the worst case

disagree over the presence of certain entities in their overlapping fields of view. Such

‘hard’ disagreements might impact coordination far more than ‘soft’ ones, such as

e.g. slight disagreements over relative positionings of mutually perceived entities.

In this paper, we limit empirical investigation of the effect of sensor noise to a very

abstract setting, i.e. bit flip noise in a matrix game (see Section 5.5.1). While this

type of noise may not directly equate to real-world sensor noise in the above sense,

we nevertheless manage to illustrate the robustness of learnt function approximators

to small changes in sensory input. Further investigation of robustness to more

realistic types of sensor noise are left for future work.

We now quote from (Schroeder de Witt et al., 2019), with the quoted text being

visually indicated by reduced linespacing. Please note that the quote is literal

except for where original supplementary material and appendices have been inserted

in-place and internal document references have been updated accordingly.

5.2 Problem Setting
Cooperative multi-agent tasks with n agents a ∈ A can be modelled as decentralised
partially observable Markov decision processes (Dec-POMDPs, Oliehoek et al.,
2008a). The state of the system is s ∈ S. At each time-step, each agent a receives
an observation za ∈ Z and can select an action uaenv ∈ Uaenv. We use the env-subscript
to denote actions executed by the agents in the environment, as opposed to latent
‘actions’ that may be taken by higher-level controllers of the hierarchical method
introduced in Section 5.4. Given a joint action uenv := (u1

env, . . . , u
n
env) ∈ Uenv, the

discrete-time system dynamics draw the successive state s′ ∈ S from the conditional
distribution P (s′|s,uenv) and yield a cooperative reward according to the function
r(s,uenv).
The agents aim to maximise the discounted return Rt = ∑H

l=0 γ
l r(st+l,ut+l,env) from

episodes of length H. The joint policy π(uenv|s) is restricted to a set of decentralised
policies πa(uaenv|τat ) that can be executed independently, i.e., each agent’s policy
conditions only on its own action-observation history τat := [za0 , ua0, za1 , . . . , zat ].
Following previous work (Rashid et al., 2020b; Foerster et al., 2016, 2017, 2018;
Kraemer and Banerjee, 2016; Jorge et al., 2016), we allow decentralised policies to
be learnt in a centralised fashion.
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Figure 5.1: Three agents and their fields of view. A and B’s locations are common knowledge
to A and B as they are within each other’s fields of view. Although C can see A and B, it shares
no common knowledge with them.

Common knowledge of a group of agents G refers to facts that all members
know, and that “each individual knows that all other individuals know it, each
individual knows that all other individuals know that all the individuals know
it, and so on” (Osborne and Rubinstein, 1994). Any data ξ that are known to
all agents before execution/training, like a shared random seed, are obviously
common knowledge. Crucially, every agent a ∈ G can deduce the same history
of common knowledge τGt from its own history τat and the commonly known data
ξ, that is, τGt := IG(τat , ξ) = IG(τ āt , ξ),∀a, ā ∈ G. Furthermore, any actions taken
by a policy πG(uGenv|τGt ) over the group’s joint action space UGenv are themselves
common knowledge, if the policy is deterministic or pseudo-random with a shared
random seed and conditions only on the common history τGt , i.e. the set formed by
restricting each transition tuple within the joint history of agents in G to what is
commonly known in G at time t. Common knowledge of subgroups G ′ ⊂ G cannot
decrease, that is, IG′(τat , ξ) ⊇ IG(τat , ξ).
Given a Dec-POMDP with noisy observations, agents in a group G might not be able
to establish true common knowledge even if sensor noise properties are commonly
known (Halpern and Moses, 2000). Instead, each agent a can only deduce its own
beliefs ĨGa (τ̃at ) over what is commonly known within G, where τ̃at is the agent’s
belief over what constitutes the groups’ common history. Each agent a can then
evaluate its own belief over the group policy π̃Ga (uGenv|τ̃Gt ). In order to minimize the
probability of disagreement during decentralized group action selection, agents in G
can perform optimal correlated sampling based on a shared random seed (Holenstein,
2007; Bavarian et al., 2020).
Probabilistic common knowledge measures how much group common knowl-
edge group members can infer at high probability given they share information
but possibly no true common knowledge (Krasucki et al., 1991). Formally, a group
of agents G admits probabilistic common knowledge iff ∀x ∈ ⋃∞

n=0
{
1, . . . , |G|

}n,
inf(x) > 0 where inf(x) measures the amount of information that all agents in x
have about the partitions underlying each other’s individual knowledge accessibility
relations (Krasucki et al., 1991, Definitions 8,13). Probabilistic common knowledge
therefore denotes a weaker form of group knowledge that can be exploited even if
no true common knowledge exists, such as e.g. if observations are noisy.
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Learning under common knowledge (LuCK) is a novel cooperative multi-
agent reinforcement learning setting, where a Dec-POMDP is augmented by a
common knowledge function IG (or probabilistic common knowledge function ĨGa ).
Groups of agents G can coordinate by learning policies that condition on their
common knowledge. In this paper IG (or ĨGa ) is fixed apriori, but it could also
be learnt during training. The setting accommodates a wide range of real-world
and simulated multi-agent tasks. Whenever a task is cooperative and learning is
centralised, then agents can naturally learn suitable IG or ĨGa . Policy parameters
can be exchanged during training as well and thus become part of the commonly
known data ξ. Joint policies where coordinated decisions of a group G only condition
on the common knowledge of G can be executed in a fully decentralised fashion. In
Section 5.4 we introduce MACKRL, which uses centralised training to learn fully
decentralised policies under common knowledge.
Field-of-view common knowledge is a form of complete-history common knowl-
edge (Halpern and Moses, 2000), that arises within a Dec-POMDP if agents can
deduce parts of other agents’ observations from their own. In this case, an agent
group’s common knowledge is the intersection of observations that all members can
reconstruct from each other. In Appendix 5.3 we formalise this concept and show
that, under some assumptions, common knowledge is the intersection of all agents’
sets of visible objects, if and only if all agents can see each other. Figure 5.1 shows
an example for three agents with circular fields of view. If observations are noisy,
each agent bases its belief on its own noisy observations thus inducing an equivalent
form of probabilistic common knowledge ĨGa .
Field-of-view common knowledge naturally occurs in many interesting real-world
tasks, such as autonomous driving (Cao et al., 2013) and robo-soccer (Genter et al.,
2017), as well as in simulated benchmarks such as StarCraft II (Vinyals et al., 2017).
A large number of cooperative multi-agent tasks can therefore benefit from common
knowledge-based coordination introduced in this paper.

[A] The following section is partially taken from the paper’s appendix.

5.3 Common Knowledge with Entities

To exploit a particular form of field-of-view common knowledge with MACKRL, we

formalise an instance of a Dec-POMDP, in which such common knowledge naturally

arises. In this Dec-POMDP, the state s is composed of a number of entities e ∈ E ,

with state features se, i.e., s = {se | e ∈ E}. Some entities are agents a ∈ A ⊆ E .

Other entities could be enemies, obstacles, or goals.
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The agents have a particular form of partial observability: the observation za

contains the subset of state features se from all the entities e that a can see.

Whether a can observe e is determined by the binary mask µa
(
sa, se

)
∈ {>,⊥} over

the agent’s and entity’s observable features. An agent can always observe itself, i.e.,

µa(sa, sa) = >,∀a ∈ A. The set of all entities the agent can see is thereforeMa :=

{e |µa(sa, se)} ⊆ E , and the agent’s observation is specified by the deterministic

observation function o(s, a) such that za = o(s, a) = {se | e ∈ Ma} ∈ Z. In the

example of Figure 5.1,MA =MB = {A,B} andMC = {A,B,C}.

This special Dec-POMDP yields perceptual aliasing in which the state features of

each entity are either accurately observed or completely occluded. The Dec-POMDP

could be augmented with additional state features that do not correspond to entities,

as well as additional possibly noisy observation features, without disrupting the

common knowledge we establish about entities. For simplicity, we omit such

additions.

A key property of the binary mask µa is that it depends only on the features sa

and se to determine whether agent a can see entity e. If we assume that an agent

a’s mask µa is common knowledge, then this means that another agent b, that can

see a and e, i.e., a, e ∈Mb, can deduce whether a can also see e. This assumption

can give rise to common knowledge about entities. Figure 5.1 demonstrates this for

3 agents with commonly known observation radii.

The mutual knowledgeMG of a group of agents G ⊆ A in state s is the set of entities

that all agents in the group can see in that state: MG := ∩a∈GMa. However, mutual

knowledge does not imply common knowledge. Instead, the common knowledge

IG of group G in state s ∈ S is the set of entities such that all agents in G see IG,

know that all other agents in G see IG, know that they know that all other agents

see IG, and so forth (Osborne and Rubinstein, 1994).

To know that another agent b also sees e ∈ E , agent a must see b and b must see e,
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i.e., µa(sa, sb)∧µb(sb, se). Common knowledge IG can then be formalised recursively

for every agent a ∈ G as:

Ia0 := Ma , Iam :=
⋂
b∈G

{
e ∈ Ibm−1 |µa(sa, sb)

}
, IG := lim

m→∞
Iam .

(5.1)
This definition formalises the above description that common knowledge is the

set of entities that a group member sees (m = 0), that it knows all other group

members see as well (m = 1), and so forth ad infinitum. In the example of

Figure 5.1, IAB = {A,B} and IAC = IBC = IABC = ∅. To see this, let us

go through Equation 5.1 step-by-step. Clearly, MA =
{
e|µA(sA, se)

}
= {A,B},

MB =
{
e|µB(sB, se)

}
= {B,A} = {A,B} andMC =

{
e|µC(sC , se)

}
= {A,B,C}.

Hence, IA0 = {A,B}, IB0 = {B,A} and IC0 = {A,B,C}. Applying Equation 5.1

again, we find

IA1 =
{
e ∈ IA0

∣∣∣µA(sA, sA)
}
∧
{
e ∈ IB0

∣∣∣µB(sB, sA)
}
∧
{
e ∈ IC0

∣∣∣µC(sC , sA)
}

which simplifies to
{
e ∈ IAB

}
∧
{
e ∈ IB0

}
= MA ∧MB = {A,B}. Clearly, as we

take the limit m → ∞, IAm will not change further. Hence we have IAB = IA1 .

Rinse and repeat for IABC .

The following lemma establishes that, in our setting, if a group of agents can all see

each other, their common knowledge is their mutual knowledge.

Lemma 1. In the setting described in this Section, and when all masks are known

to all agents, the common knowledge of a group of agents G in state s ∈ S is

IG =


MG, if ∧

a,b∈G
µa(sa, sb)

∅, otherwise
. (5.2)

Proof. The lemma follows by induction on m. The recursive definition of common
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knowledge (5.1) holds trivially if IG = ∅. Starting from the knowledge of any agent

a in state s, Ia0 =Ma, definition (5.1) yields:

Ia1 =


MG, if ∧

b∈G
µa(sa, sb)

∅, otherwise
.

Next we show inductively that if all agents in group G know the mutual knowledge

MG of state s at some iteration m, that is, Icm
ind.= MG , then this mutual knowledge

becomes common knowledge two iterations later. Applying the definition (5.1) for

any agent a ∈ G twice yields:

Iam+2 =
⋂
b∈G

e ∈
⋂
c∈G

{
e′ ∈ Icm

∣∣∣∣µb(sb, sc)
} ∣∣∣∣µa(sa, sb)


=
⋂
b∈G

⋂
c∈G

{
e ∈ Icm

∣∣∣∣µa(sa, sb) ∧ µb(sb, sc)}
=
{
e∈E

∣∣∣ ∧
b∈G

(
µa(sa,sb)∧

∧
c∈G

(
µb(sb,sc)∧ e∈Icm

))}
ind.=

{
e ∈MG

∣∣∣ ∧
b,c∈G

µb(sb, sc)
}
,

which is the right side of (5.2), and where we used

∧
b∈G

(
µa(sa, sb) ∧ ∧

c∈G
µb(sb, sc)

)
= ∧
b,c∈G

µb(sb, sc) , ∀a ∈ G .

Finally, applying (5.1) one more time to this result, yields:

Iam+3 =
⋂
b∈G

{
e ∈ Ibm+2

∣∣∣∣µa(sa, sb)} = Iam+2 .

For allm ≥ 3, Iam remains thus the right hand side of (5.2). As IG = limm→∞ Iam, we

can thus conclude that, starting at the knowledge of any agent of group G, in which

all agents can see each other, the mutual knowledge is the common knowledge.

The common knowledge can be computed using only the visible setMa of every

agent a ∈ G. Moreover, actions that have been chosen by a policy, which itself is
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common knowledge, and that further depends only on common knowledge and a

shared random seed, are also common knowledge. The common knowledge of group

G up to time t is thus some common prior knowledge ξ and the commonly known

trajectory τGt = (ξ, zG1 ,uG1 , . . . , zGt ,uGt ), with zGk = {sek | e ∈ IG}. Knowing all binary

masks µa makes it possible to derive τGt = IG(τat , ξ) from the observation trajectory

τat = (za1 , . . . , zat ) of any agent a ∈ G and the shared prior knowledge ξ. A function

that conditions on τG can therefore be computed independently by every member

of G.

Note that (by definition) common knowledge can only arise from entities that are

observed identically by all agents. If only one agent receives non-deterministic

observations, for example induced by sensor noise, the other agents cannot deduce

the group’s mutual (and thus common) knowledge. Our method therefore only

guarantees perfect decentralisation of the learned policy in settings with deterministic

observations, like simulations and computer games. However, in Section 5.5.1 we

show empirically that, using a naive correlated sampling protocol similar to the

theoretically optimal Holenstein protocol (Holenstein, 2007; Bavarian et al., 2020),

MACKRL can still succeed in the presence of moderate sensor noise.

5.4 Multi-Agent Common Knowledge Reinforce-
ment Learning

The key idea behind MACKRL is to learn decentralised policies that are nonetheless
coordinated by common knowledge. As the common knowledge history τGt of a
group of agents G can be deduced by every member, i.e., τGt = IG(τat , ξ),∀a ∈ G,
any deterministic function based only on τGt can thus be independently computed by
every member as well. The same holds for pseudo-random functions like stochastic
policies, if they condition on a commonly known random seed in ξ.
MACKRL uses a hierarchical policy π(uenv|{τat }a∈A, ξ) over the joint environmental
action space of all agents Uenv. The hierarchy forms a tree of sub-policies πG over
groups G, where the root πA covers all agents. Each sub-policy πG(uG| IG(τGt , ξ))
conditions on the common knowledge of G, including a shared random seed in ξ,
and can thus be executed by every member of G independently. The corresponding
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ABC

A B

CAB

A C

BAC

B C

ABC

Figure 5.2: An illustration of Pairwise MACKRL. [Left]: the full hierarchy for 3
agents (dependencies on common knowledge are omitted for clarity). Only solid arrows
are computed during decentralised sampling with Algorithm 4, while all arrows must
be computed recursively during centralised training (see Algorithm 5). [Right]: the
(maximally) 3 steps of decentralised sampling from the perspective of agent A. (i) Pair
selector πAps chooses the partition {AB,C} based on the common knowledge of all agents
IABC(τA, ξ) = ∅. (ii) Based on the common knowledge of pair A and B, IAB(τA, ξ), the
pair controller πABpc can either choose a joint action (uAenv, uBenv), or delegate to individual
controllers by selecting uABd . (iii) If delegating, the individual controller πA must select
the action uAenv for the single agent A. All steps can be computed based on A’s history
τA.

action space UG contains the environmental actions of the group uGenv ∈ UGenv and/or
a set of group partitions, that is, uG = {G1, . . . ,Gk} with Gi ∩ Gj = ∅, ∀i 6= j and
∪ki=1Gi = G. Choosing a partition uG 6= UGenv yields control to the sub-policies πGi
of the partition’s subgroups Gi ∈ uG. This can be an advantage in states where
the common history τGit of the subgroups is more informative than τGt . All action
spaces have to be specified in advance, which induces the hierarchical tree structure
of the joint policy. Algorithm 4 shows the decentralised sampling of environmental
actions from the hierarchical joint policy as seen by an individual agent a ∈ A.
As the common knowledge of a group with only one agent G = {a} is I{a}(τa, ξ) = τa,
fully decentralised policies are a special case of MACKRL policies: in this case, the
root policy πA has only one action UA := {uA}, uA := {{1}, . . . , {n}}, and all leaf
policies π{a} have only environmental actions U{a} := Uaenv.

Algorithm 4 Decentralised action selection for agent a ∈ A in MACKRL
function select_action(a, τat , ξ) . random seed in ξ is common knowledge
G := A . initialise the group G of all agents
uGt ∼ πG

(
· | IG(τat , ξ)

)
. uGt is either a joint environmental action in UGenv...

while uGt 6∈ UGenv do . ... or a set of disjoint subgroups {G1, . . . ,Gk}
G := {G ′ | a ∈ G ′,G ′ ∈ uGt } . select subgroup containing agent a
uGt ∼ πG

(
· | IG(τat , ξ)

)
. draw an action for that subgroup

return uat . return environmental action uat ∈ Uaenv of agent a
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5.4.1 Pairwise MACKRL

To give an example of one possible MACKRL architecture, we define Pairwise
MACKRL, illustrated in Figure 5.2. As joint action spaces grow exponentially in
the number of agents, we restrict ourselves to pairwise joint policies and define a
three-level hierarchy of controllers.
The root of this hierarchy is the pair selector πAps, with an action set UAps that contains
all possible partitions of agents into pairs {{a1, ā1}, . . . , {an/2, ān/2}} =: uA ∈ UAps,
but no environmental actions. If there are an odd number of agents, then one
agent is put in a singleton group. At the second level, each pair controller πaāpc of
the pair G = {a, ā} can choose between joint actions uaāenv ∈ Uaenv × U āenv and one
delegation action uaād := {{a}, {ā}}, i.e., Uaāpc := Uaenv × U āenv ∪ {uaād }. At the third
level, individual controllers πa select an individual action uaenv ∈ Uaenv for a single
agent a. This architecture retains manageable joint action spaces, while considering
all possible pairwise coordination configurations. Fully decentralised policies are
the special case when all pair controllers always choose partition uaād to delegate.
Unfortunately, the number of possible pairwise partitions is O(n!), which limits
the algorithm to medium sized sets of agents. For example, n = 11 agents induce
|UAps| = 10395 unique partitions. To scale our approach to tasks with many agents,
we share network parameters between all pair controllers with identical action spaces,
thereby greatly improving sample efficiency. We also investigate a more scalable
variant in which the action space of the pair selector πAps is only a fixed random
subset of all possible pairwise partitions. This restricts agent coordination to a
smaller set of predefined pairs, but only modestly affects MACKRL’s performance
(see Section 5.5.4).
To give a better intuition about Pairwise MACKRL, we detail an example of three
agents A := {1, 2, 3}. The explicitly written-out joint policy of Pairwise MACKRL
for these agents is:

πθ(u1
env, u

2
env, u

3
env) = πA

ps,θ(uA
ps={{1}, {2, 3}}|I1,2,3

s ) · π1
θ(u1

env|τ1)
·
(
π2,3

pc,θ(u
2,3
env|I2,3

s ) + π2,3
pc,θ(u

2,3
d |I

2,3
s ) · π2

θ(u2
env|τ2) · π3

θ(u3
env|τ3)

)
+ πA

ps,θ(uA
ps={{2}, {1, 3}}|I1,2,3

s ) · π2
θ(u2

env|τ2)
·
(
π1,3

pc,θ(u
1,3
env|I1,3

s ) + π1,3
pc,θ(u

1,3
d |I

1,3
s ) · π1

θ(u1
env|τ1) · π2

θ(u3
env|τ3)

)
+ πA

ps,θ(uA
ps={{3}, {1, 2}}|I1,2,3

s ) · π3
θ(u3

env|τ3)
·
(
π1,2

pc,θ(u
1,2
env|I1,2

s ) + π1,2
pc,θ(u

1,2
d |I

1,2
s ) · π1

θ(u1
env|τ1) · π2

θ(u2
env|τ2)

)
.

Conditional variables beyond common knowledge IG and action-observation histories
τa have been omitted for brevity. See Table 5.1 for a detailed depiction of Pairwise
MACKRL’s hierarchical controllers.

[A] The following section is taken from the paper’s appendix.
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Level Policy / Controller #π

1 πps(ups|IAst , u
ps
t−1, h

ps
t−1) 1

2 πaa
′

pc (uaa′|Iaa′st , u
aa′
t−1, h

aa′
t−1, aa

′) 3
3 πa(ua|zat , hat−1, u

a
t−1, a) 3

Table 5.1: Hierarchy of pairwise MACKRL, where h is the hidden state of RNNs and
zat are observations. #π shows the number of controllers at this level for 3 agents.

Further details on Pairwise MACKRL

However the sampling of each agent’s actions uaenv ∈ Ua only needs to traverse one

branch of the tree, as shown in Figure 5.3. At the top level, an agent id partition

ups is categorically sampled from the pair selector policy πps,θ. At the second level,

the pair selector policy for the pair contained in the partition πa,bpc is categorically

sampled from in order to receive ua,b where a, b ∈ ups. If the delegation action d

is sampled, then both ua and ub are categorically resampled from their respective

independent policies πa and πb. Otherwise, ua and ub are determined by ua,b. The

leftover agent c 6∈ ups samples its action from its corresponding independent policy

πc. Note that this sampling scheme naturally generalised for n > 3.

upst ∼ πps,θ(ups|IAst ), u
ps
t ∈ {(1, 2), (1, 3), (2, 3)}

uct ∼ πcθ(uc|τ ct ), c 6∈ upst

ua,bt ∼ πa,bpc,θ(ua,b|Ia,bst ), a, b ∈ upst

uat , u
b
t ∈ u

a,b
tuat ∼ πaθ (ua|τat ), ubt ∼ πbθ(ub|τ bt )

ua,bt =d ua,bt 6=d

Figure 5.3: Action sampling for MACKRL for n = 3 agents.

5.4.2 Training

The training of policies in the MACKRL family is based on Central-V (Foerster et al.,
2018), a stochastic policy gradient algorithm (Williams, 1992) with a centralised
critic. Unlike the decentralised policy, we condition the centralised critic on the
state st ∈ S and the last actions of all agents uenv,t−1 ∈ Uenv. We do not use the
multi-agent counterfactual baseline proposed by Foerster et al. (2018), because
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Algorithm 5 Compute joint policies for a given uGenv ∈ UGenv of a group of agents G
in MACKRL
function joint_policy(uGenv| G, {τat }a∈G, ξ) . random seed in ξ is common
knowledge

a′ ∼ G ; IG := IG(τa′t , ξ) . common knowledge IG is identical for every agent
a′ ∈ G

penv := 0 . initialise probability for choosing environmental joint action uGenv
for uG ∈ UG do . add probability to choose uGenv for all outcomes of πG

if uG = uGenv then . if uG is the environmental joint action in question
penv := penv + πG

(
uGenv| IG

)
if uG 6∈ UGenv then . if uG = {G1, . . . ,Gk} is a set of disjoint subgroups

penv := penv + πG
(
uG| IG

) ∏
G′∈uG

joint_policy
(
uG′env| G ′, {τat }a∈G′ , ξ

)
return penv . return probability that controller πG would have chosen uGenv

MACKRL effectively turns training into a single agent problem by inducing a
correlated probability across the joint action space. Algorithm 5 shows how the
probability of choosing a joint environmental action uGenv ∈ UGenv of group G is
computed: the probability of choosing the action in question is added to the recursive
probabilities that each partition uG 6∈ UGenv would have selected it. Algorithm 4
only traverses one branch of the tree during decentralised execution, during which
we employ deterministic policies that do not require any additional means of
coordination such as shared random seeds.
At time t, the gradient with respect to the parameters θ of the joint policy
π(uenv|{τat }a∈A, ξ) is:

∇θJt =
(
r(st,uenv,t) + γV (st+1,uenv,t)− V (st,uenv,t−1)︸ ︷︷ ︸

sample estimate of the advantage function

)
∇θ log

(
π(uenv,t|{τat }a∈A, ξ)︸ ︷︷ ︸

joint_policy(uenv,t|A,{τat }a∈A,ξ)

)
,

(5.3)
The value function V is learned by gradient descent on the TD(λ) loss (Sutton and
Barto, 2018).
As the hierarchical MACKRL policy tree computed by Algorithm 5 is fully differ-
entiable and MACKRL trains a joint policy in a centralised fashion, the standard
convergence results for actor-critic algorithms (Konda and Tsitsiklis, 1999) with
compatible critics (Sutton et al., 1999) apply.

Note that the convergence proof only holds if the critic explicitly conditions on

the agent’s histories. In the single-agent case, this fact has been pointed out by

(Baisero and Amato, 2021).

According to (Lyu et al., 2021), removing the agent’s history from the critic inputs
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may nevertheless hit a better bias/variance sweet spot in practice.

5.5 Experiments and Results

We evaluate Pairwise MACKRL (henceforth referred to as MACKRL) on two
environments: first, we use a matrix game with special coordination requirements
to illustrate MACKRL’s ability to surpass both IL and JAL. Secondly, we employ
MACKRL with deep recurrent neural network policies in order to outperform state-
of-the-art baselines on a number of challenging StarCraft II unit micromanagement
tasks. Finally, we analyse MACKRL’s robustness to sensor noise and its scalability
to large numbers of agents to illustrate its applicability to real-world tasks. All
source code is available at https://github.com/schroederdewitt/mackrl.

5.5.1 Single-step matrix game

To demonstrate how MACKRL trades off between independent and joint action
selection, we evaluate a two-agent matrix game with partial observability. In
each round, a fair coin toss decides which of the two matrix games in Figure 5.5
[left] is played. Both agents can observe which game has been selected if the
observable common knowledge bit is set. If the bit is not set, each agent observes
the correct game only with probability pσ, and is given no observation otherwise.
Crucially, whether agents can observe the current game is in this case determined
independently of each other. Even if both agents can observe which game is played,
this observation is no longer common knowledge and cannot be used to infer the
choices of the other agent. To compare various methods we adjusted pσ such that
the independent probability of each agent to observe the current game is fixed at
75%.

https://github.com/schroederdewitt/mackrl
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Figure 5.5: Game matrices A (top) and B (bottom) [left]. MACKRL almost always
outperforms both IL and CK-JAL and is upper-bounded by JAL [middle]. When
the common knowledge is noised by randomly flipping the CK-bit with probability
p, MACKRL degrades gracefully [right].

Plots are displaying means, with shaded areas denoting standard error of the mean

over 10 random seeds.

In order to illustrate MACKRL’s performance, we compare it to three other methods:
Independent Actor Critic (IAC) (Foerster et al., 2018) is a variant of Independent
Learning where each agent conditions both its decentralized actor and critic only on
its own observation. Joint Action Learning (JAL) learns a centralized joint policy
that conditions on the union of both agent’s observations. CK-JAL is a variant
of JAL in which each agent learns its own joint policy conditioning only on the
available common knowledge.

Note that JAL is implemented as a single-agent centralised policy gradient with

TD(λ) loss.

Figure 5.5 [middle] plots MACKRL’s performance relative to IL, CK-JAL, and
JAL against the fraction of observed games that is caused by a set CK-bit. As
expected, the performance of CK-JAL linearly increases as more common knowledge
becomes available, whereas the performance of IAC remains invariant. MACKRL’s
performance matches the one of IAC if no common knowledge is available and
matches those of JAL and CK-JAL in the limit of all observed games stemming from
common knowledge. In the regime between these extremes, MACKRL outperforms
both IAC and CK-JAL, but is itself upper-bounded by JAL, which gains the
advantage due to central execution.
To assess MACKRL’s performance in the case of probabilistic common knowledge
(see Section 5.2), we also consider the case where the observed common knowledge
bit of individual agents is randomly flipped with probability p. This implies that
both agents do not share true common knowledge with respect to the game matrix
played. Instead, each agent a can only form a belief ĨGa over what is commonly
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known. The commonly known pair controller policy can then be conditioned on
each agent’s belief, resulting in agent-specific pair controller policies π̃aa′pc,a.
As π̃aa′pc,a and π̃aa′pc,a′ are no longer guaranteed to be consistent, agents need to sample
from their respective pair controller policies in a way that minimizes the probability
that their outcomes disagree in order to maximise their ability to coordinate. Using
their access to a shared source of randomness ξ, the agents can optimally solve this
correlated sampling problem using Holenstein’s strategy.

[A] The following section is partially taken from the paper’s appendix.

5.5.2 Holenstein’s Strategy

Given two agent-specific pair controller policies π̃aa′pc,a, both agents can optimally

minimise disagreement when sampling independently form their respective policies

by following Holenstein’s strategy (Holenstein, 2007; Bavarian et al., 2020): With a

suitably chosen γ > 0, each agent a is assigned a set

Ha = {(u, p) ∈ Uaa′pc × Γ : p < π̃aa
′

pc,a(u)}, Γ = {0, γ, 2γ, . . . , 1} (5.4)

Let ζ be a shared ξ-seeded random permutation of the elements in Uaa′pc × Γ, then

agent a samples ζ(ia), where ia is the smallest index such that ζ(ia) ∈ Ha (and agent

a′ proceeds analogously). The whole process is illustrated for two pair controllers

with each two actions in Figure 5.6.

0

= [3,1,2,0,4]

= [4,1,3,0,2]

= [1,4,2,0,3]

✓

✓

Figure 5.6: A graphical depiction of Holenstein sampling. We discretise the two slightly
different pair controller policies into γ−1 chunks (left). Then, for each joint sampling, we
shuffle the pair controller policies according to a shared random seed. Both agents agree
on the same action if the resultant first partitions agree (mid and bottom), otherwise
agents commit a coordination error (top).
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Given the total variational distance δ between the categorical probability distribu-

tions defined by π̃aa′pc,a and π̃aa′pc,a′ , the disagreement probability of agents a, a′ is then

guaranteed to be at most 2δ/(1 + δ) (Bavarian et al., 2020).

5.5.3 Approximation to Holenstein’s strategy

However, Holenstein’s strategy requires to evaluate a significantly larger set of
actions and quickly becomes computationally expensive. We therefore instead make
use of a simple correlated sampling heuristic: given a shared uniformly drawn
variable 0 ≤ δ ∼ ξ ≤ 1, agent a samples an action ua such that

ua−1∑
u=1

π̃aa
′

pc,a(u) ≤ δ ≤
ua∑
u=1

π̃aa
′

pc,a(u) (5.5)

(agent a′ proceeds analogously). While suboptimal, we find that this heuristic
nevertheless performs satisfactorily in practice and can be trivially extended to
groups of more than two agents.
Figure 5.5 [right] shows that MACKRL’s performance declines remarkably gracefully
with increasing observation noise. Note that as real-world sensor observations tend
to tightly correlate with the true observations, noise levels of p ≥ 0.1 in the context
of the single-step matrix game are in comparison rather extreme as they indicate
a completely different game matrix. This illustrates MACKRL’s applicability to
real-world tasks with noisy observation sensors.

5.5.4 StarCraft II micromanagement

To demonstrate MACKRL’s ability to solve complex coordination tasks, we evaluate
it on a challenging multi-agent version of StarCraft II (SCII) micromanagement.
To this end, we report performance on three challenging coordination tasks from
the established multi-agent benchmark SMAC (Samvelyan et al., 2019).
The first task, map 2s3z, contains mixed unit types, where both the MACKRL agent
and the game engine each control two Stalkers and three Zealots. Stalkers are
ranged-attack units that take heavy damage from melee-type Zealots. Consequently,
a winning strategy needs to be able to dynamically coordinate between letting
one’s own Zealots attack enemy Stalkers, and when to backtrack in order to defend
one’s own Stalkers against enemy Zealots. The challenge of this coordination task
results in a particularly poor performance of Independent Learning (Samvelyan
et al., 2019).
The second task, map 3m, presents both sides with three Marines, which are
medium-ranged infantry units. The coordination challenge on this map is to reduce
enemy fire power as quickly as possible by focusing unit fire to defeat each enemy
unit in turn. The third task, map 8m, scales this task up to eight Marines on both
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sides. The relatively large number of agents involved poses additional scalability
challenges.
On all maps, the units are subject to partial observability constraints and have a
circular field of view with fixed radius. Common knowledge IG between groups G
of agents arises through entity-based field-of-view common knowledge.
We compare MACKRL to Central-V (Foerster et al., 2018), as well as COMA
(Foerster et al., 2018) and QMIX (Rashid et al., 2020b), where the latter is an
off-policy value-based algorithm that is the current state-of-the-art on all maps. We
omit IL results since it is known to do comparatively poorly (Samvelyan et al.,
2019). All experiments use SMAC settings for comparability (see Samvelyan et al.
(2019)). In addition, MACKRL and its within-class baseline Central-V share equal
hyper-parameters as far as applicable.

[A] The following section is taken from the paper’s appendix.

5.5.5 Experimental setup - StarCraft II

All policies are implemented as two-layer recurrent neural networks (GRUs) with

64 hidden units, while the critic is feed forward and uses full state information.

Parameters are shared across controllers within each of the second and third levels

of the hierarchy. We also feed into the policy the agent index or index pairs. For

exploration, we use a bounded softmax distribution in which the agent samples

from a softmax over the policy logits with probability (1− ε) and samples randomly

with probability ε. We anneal ε from 0.5 to 0.01 across the first 50k environment

steps.

Episodes are collected using eight parallel StarCraftII environments. Optimisation

is carried out on a single GPU with Adam and a learning rate of 0.0005 for both

the agents and the critic. The policies are fully unrolled and updated in a large

mini-batch of T × B entries, where T = 60 and B = 8. By contrast, the critic is

optimised in small mini-batches of size 8, one for each time-step, looping backwards

in time. We found that this stabilised and accelerated training compared to full

batch updates for the critic. The target network for the critic is updated after every

200 critic updates. We use λ = 0.8 in TD(λ) to accelerate reward propagation.
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Figure 5.7: Win rate at test time across StarCraft II scenarios: 2 Stalkers & 3 Zealots
[left], 3 Marines [middle] and 8 Marines [right]. Plots show means and their standard
errors with [number of runs].

Square brackets denote the number of random seeds averaged over.

MACKRL outperforms the Central-V baseline in terms of sample efficiency and limit

performance on all maps (see Figure 5.7). All other parameters being equal, this

suggests that MACKRL’s superiority over Central-V is due to its ability to exploit

common knowledge. Below we confirm this conclusion by showing that the policies

learnt by the pair controllers are almost always preferred over individual controllers

whenever agents have access to substantial amounts of common knowledge.

0 1M 2M 3M 4M
Environmental Steps

0.0

0.2

0.4

0.6

0.8

1.0

T
e
st

 W
in

 R
a
te

StarCraft II: 2s3z

MACKRL (full) [20]

MACKRL (5 part) [20]

MACKRL (1 part) [20]

Central-V [20]

Figure 5.8: Illustrating MACKRL’s scalability properties using partition subsamples of
different sizes. Plot displays means over 20 seeds, with shaded areas indicating standard
errors of the mean.

MACKRL also significantly outperforms COMA and QMIX on all maps in terms of

sample efficiency, with a similar limit performance to QMIX (see Figure 5.7). These

results are particularly noteworthy as MACKRL employs neither a sophisticated
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multi-agent baseline, like COMA, nor an off-policy replay buffer, like QMIX.

As mentioned in Section 5.4.1, the number of possible agent partitions available to

the pair selector πAps grows asO(n!). We evaluate a scalable variant of MACKRL that

constrains the number of partitions to a fixed subset, which is drawn randomly

before training. Figure 5.8 shows that sample efficiency declines gracefully with

subsample size. MACKRL’s policies appear able to exploit any common knowledge

configurations available, even if the set of allowed partitions is not exhaustive.
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Figure 5.9: Delegation rate vs. number of enemies (2s3z) in the common knowledge of
the pair controller over training. The numbers displayed stem from a single run.

We now test the hypothesis that MACKRL’s superior performance is indeed due to

its ability to learn how to use common knowledge for coordination. To demonstrate

that the pair controller can indeed learn to delegate strategically, we plot in Figure

5.9 the percentage of delegation actions ud against the number of enemies in the

common knowledge of the selected pair controller, in situations where there is at

least some common knowledge.

Since we start with randomly initialised policies, at the beginning of training the

pair controller delegates only rarely to the decentralised controllers. As training

proceeds, it learns to delegate in most situations where the number of enemies in

the common knowledge of the pair is small, the exception being no visible enemies,

which happens too rarely (5% of cases). This shows that MACKRL can learn to

delegate in order to take advantage of the private observations of the agents, but
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also learns to coordinate in the joint action space when there is substantial common

knowledge.

5.6 Related Work

Multi-agent reinforcement learning (MARL) has been studied extensively in small
environments (Busoniu et al., 2008; Yang and Gu, 2004), but scaling it to large state
spaces or many agents has proved problematic. Guestrin et al. (2002a) propose
the use of coordination graphs, which exploit conditional independence properties
between agents that are captured in an undirected graphical model, in order to
efficiently select joint actions. Sparse cooperative Q-learning (Kok and Vlassis,
2004) also uses coordination graphs to efficiently maximise over joint actions in
the Q-learning update rule. Whilst these approaches allow agents to coordinate
optimally, they require the coordination graph to be known and for the agents to
either observe the global state or to be able to freely communicate. In addition, in
the worst case there is no conditional independence to exploit and maximisation
must still be performed over an intractably large joint action space.
There has been much work on scaling MARL to handle complex, high dimensional
state and action spaces. In the setting of fully centralised training and execution,
Usunier et al. (2016) frame the problem as a greedy MDP and train a centralised
controller to select actions for each agent in a sequential fashion. Sukhbaatar
et al. (2016) and Peng et al. (2017) train factorised but centralised controllers
that use special network architectures to share information between agents. These
approaches assume unlimited bandwidth for communication.
One way to decentralise the agents’ policies is to learn a separate Q-function for
each agent as in Independent Q-Learning (Tan, 1993). Foerster et al. (2017) and
Omidshafiei et al. (2017) examine the problem of instability that arises from the
nonstationarity of the environment induced by both the agents’ exploration and
their changing policies. Rashid et al. (2020b) and Sunehag et al. (2018) propose
learning a centralised value function that factors into per-agent components. Gupta
et al. (2017) learn separate policies for each agent in an actor-critic framework, where
the critic for each agent conditions only on per-agent information. Foerster et al.
(2018) and Lowe et al. (2017) propose a single centralised critic with decentralised
actors. None of these approaches explicitly learns a policy over joint actions and
hence are limited in the coordination they can achieve.
Thomas et al. (2014) explore the psychology of common knowledge and coordination.
Rubinstein (1989) shows that any finite number of reasoning steps, short of the
infinite number required for common knowledge, can be insufficient for achieving
coordination. Korkmaz et al. (2014) examine common knowledge in scenarios where
agents use Facebook-like communication. Brafman and Tennenholtz (2003) use a
common knowledge protocol to improve coordination in common interest stochastic
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games but, in contrast to our approach, establish common knowledge about agents’
action sets and not about subsets of their observation spaces.
Aumann et al. (1974) introduce the concept of a correlated equilibrium, whereby a
shared correlation device helps agents coordinate better. Cigler and Faltings (2013)
examine how the agents can reach such an equilibrium when given access to a simple
shared correlation vector and a communication channel. Boutilier (1999) augments
the state space with a coordination mechanism, to ensure coordination between
agents is possible in a fully observable multi-agent setting. This is in general not
possible in the partially observable setting we consider.
Amato et al. (2014) propose MacDec-POMDPs, which use hierarchically optimal
policies that allow agents to undertake temporally extended macro-actions. Liu et al.
(2017) investigate how to learn such models in environments where the transition
dynamics are not known. Makar et al. (2001) extend the MAXQ single-agent
hierarchical framework (Dietterich, 2000) to the multi-agent domain. They allow
certain policies in the hierarchy to be cooperative, which entails learning the joint
action-value function and allows for faster coordination across agents. Kumar
et al. (2017) use a hierarchical controller that produces subtasks for each agent and
chooses which pairs of agents should communicate in order to select their actions.
Oh and Smith (2008) employ a hierarchical learning algorithm for cooperative
control tasks where the outer layer decides whether an agent should coordinate or
act independently, and the inner layer then chooses the agent’s action accordingly. In
contrast with our approach, these methods require communication during execution
and some of them do not test on sequential tasks.
Nayyar et al. (2013) show that common knowledge can be used to reformulate
decentralised planning problems as POMDPs to be solved by a central coordinator
using dynamic programming. However, they do not propose a method for scaling
this to high dimensions. By contrast, MACKRL is entirely model-free and learns
trivially decentralisable control policies end-to-end.
Guestrin et al. (2002c) represent agents’ value functions as a sum of context-specific
value rules that are part of the agents’ fixed a priori common knowledge. By
contrast, MACKRL learns such value rules dynamically during training and does
not require explicit communication during execution.
Despite using a hierarchical policy structure, MACKRL is not directly related to the
family of hierarchical reinforcement learning algorithms (Vezhnevets et al., 2017),
as it does not involve temporal abstraction.

5.7 Conclusion and Future Work

This paper proposed a way to use common knowledge to improve the ability of
decentralised policies to coordinate. To this end, we introduced MACKRL, an
algorithm which allows a team of agents to learn a fully decentralised policy that
nonetheless can select actions jointly by using the common knowledge available.
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MACKRL uses a hierarchy of controllers that can either select joint actions for a
pair or delegate to independent controllers.
In evaluation on a matrix game and a challenging multi-agent version of StarCraft
II micromanagement, MACKRL outperforms strong baselines and even exceeds
the state of the art by exploiting common knowledge. We present approximate
versions of MACKRL that can scale to greater numbers of agents and demonstrate
robustness to observation noise.
In future work, we would like to further increase MACKRL’s scalability and
robustness to sensor noise, explore off-policy variants of MACKRL and investigate
how to exploit limited bandwidth communication in the presence of common
knowledge. We are also interested in utilising SIM2Real transfer methods (Tobin
et al., 2017; Tremblay et al., 2018) in order to apply MACKRL to autonomous car
and unmanned aerial vehicle coordination problems in the real world.

This concludes our quote.
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5.8 Extensions

MACKRL can be extended in a variety of ways. First of all, our paper includes,

next to SMAC results, the study of a simple two-player matrix game. Despite its

simplicity, our matrix game has proven very useful in studying the unique ground

between joint and independent learning that MACKRL occupies. Extending this

matrix game to more than two players would allow similar analysis of how to best

learn policy delegation across the group hierarchy of common knowledge. This

would also allow to study the performance of Holenstein sampling in comparison

to the simple correlated bucket sampling strategy employed by us.

Secondly, it would be interesting to see MACKRL’s performance under noisy

observations in a more complex environment, such as SMAC. We only include

experiments on our matrix toy environment, which does constitute a general

proof of principle, but does not allow to calibrate the tolerable noise levels to

practical applications.

Thirdly, to scale MACKRL to larger numbers of agents, our algorithm randomly

subsamples group partitions. An alternative way of achieving scalability is to instead

prune the backward graph of the joint agent policy. A possible way of doing this

would be to start randomly pruning subtrees during training, and then, over time,

transition to pruning subtrees based on probability thresholds.

Fourthly, it would be interesting to see how MACKRL could be extended to

continuous action spaces. One possible avenue would be to parametrise all group-

wise controllers and independent policies by Gaussians, which would render the

multi-level joint policy into a mixture of Gaussians.

There also remains an interesting theoretical problem: The optimality proof

(Bavarian et al., 2020) for optimal correlated sampling (Holenstein sampling) is

only based on two players. Optimality guarantees for more than two players seem

to be a hitherto open problem.

Finally, MACKRL may be relevant to settings that do allow for some limited

bandwidth communication between agents: The available bandwidth may be used in

order to replace the upper levels of the joint policy by communication protocols
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that negotiate which groups of agents should coordinate with each other under

which circumstances. This would allow group partitioning to be optimised even if

higher-level group knowledge is not available. Unlike other approaches, MACKRL

would not require agents to exchange their actual high-dimensional observations

through their limited-bandwidth communication channels.
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Coming up next...

In this chapter, we have developed MACKRL, a novel DMARL method that allows

agents to leverage group-wise common knowledge in order to train joint policies that

are nevertheless fully decentralised, allowing agents to improve their coordinative

abilities. In the next chapter, we study settings where a receiver agent can observe

the full trajectory of a sender agent, and this fact is commonly known between both

agents. This allows the sender agent to transmit messages to the receiver agent using

the spare capacity of the sender’s policy through a learnt communication protocol.
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In this Chapter, we study settings where a receiver agent can observe the full

trajectory of a sender agent, and this fact is commonly known between both agents.

This allows the sender agent to transmit messages to the receiver agent using the

spare capacity of the sender’s policy through a learnt communication protocol. We

introduce GME, a novel control algorithm that separates learning the sender’s task

from encoding information in its actions. Compared to end-to-end approaches,
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GME scales to much larger message spaces.

We now quote from (Sokota et al., 2021), with the quoted text visually indicated

by reduced linespacing. Please note that the quote is literal except for where original

supplementary material and appendices have been inserted in-place and internal

document references have been updated accordingly.

This work introduces a novel problem setting called Markov coding games (MCGs).
MCGs are two-player decentralized Markov decision processes (Oliehoek and Amato,
2016) that proceed in four steps. In the first step, one agent (called the sender)
receives a special private observation (called the message), which it is tasked with
communicating. In the second step, the sender plays out an episode of a Markov
decision process (MDP). In the third, the other agent (called the receiver) receives
the sender’s MDP trajectory as its observation. In the fourth, the receiver decodes
the received trajectory and guesses the message. The shared payoff to the sender
and receiver is a weighted sum of the cumulative reward yielded by the MDP and
an indicator specifying whether or not the receiver correctly guessed the message.
Among the reasons that MCGs are of interest is the fact that they generalize
other important settings. The first of these is referential games. In a referential
game, a sender attempts to communicate a message to a receiver using cheap talk
actions—i.e., communicatory actions that do not have externalities on the transition
or reward functions. Referential games have been a subject of academic interest
dating back at least as far as Lewis’s seminal work Convention (Lewis, 1969). Since
then, various flavors of referential games have been studied in game theory (Skyrms,
2010), artificial life (Steels, 2013), evolutionary linguistics (Smith, 2002), cognitive
science (Spike et al., 2017), and machine learning (Lazaridou et al., 2018). MCGs
can be viewed as a generalization of referential games to a setting where we drop
the often unrealistic assumption that the sender’s actions do not incur costs.
A second problem setting generalized by MCGs is source coding (MacKay, 2002).
In source coding (also known as data compression) the objective is to construct
an injective mapping from a space of messages to the set of sequences of symbols
(for some finite set of symbols) such that the expected output length is minimized.
Source coding has a myriad of real world applications involving the compression of
images, video, audio, and genetic data. MCGs can be viewed as a generalization of
the source coding problem to a setting where the cost of an encoding may involve
complex considerations, rather than simply being equal to the sequence length.
Yet another reason to be interested in MCGs is that they isolate an important
subproblem of decentralized control. In particular, achieving good performance in
an MCG requires the sender’s actions to simultaneously perform control in an MDP
and communicate information (i.e., to communicate implicitly). This presents a
challenge due to the fact that approximate dynamic programming, the foundation
for preeminent approaches to constructing control policies (Sutton and Barto, 2018),
is ill suited to constructing communication protocols because their values depend
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on counterfactuals. In other words, the information conveyed by an action depends
on the policy at other contemporaneous states, violating the locality assumption of
approximate dynamic programming approaches.
To address MCGs, we propose a theoretically grounded algorithm called greedy
minimum entropy coupling (GME). GME leverages a union of maximum entropy
reinforcement learning (MaxEnt RL) (Ziebart et al., 2008) and minimum entropy
coupling (MEC) (Kovačević et al., 2015). The key insight is that maximizing the
returns of the MDP can be disentangled from learning a good communication
protocol by realizing that the entropy of a policy corresponds (in an informal sense)
to its capacity to communicate. GME leverages this insight in two steps. In the first
step, GME constructs a MaxEnt policy for the MDP, balancing between maximizing
expected return and maximizing cumulative conditional entropy. In the second step,
which occurs at each decision point, GME uses MEC to pair messages with actions
in such a way that the sender selects actions with the same probabilities as the
MaxEnt RL policy (thereby guaranteeing the same expected return from the MDP)
and the receiver’s uncertainty about the message is greedily reduced as much as
possible.
To demonstrate the efficacy of GME, we present experiments for MCGs based on a
gridworld, Cartpole, and Pong (Bellemare et al., 2013), which we call CodeGrid,
CodeCart, and CodePong, respectively. For CodeGrid, we show that with a message
space in the 10s or 100s, GME significantly is able to outperform a relevant baseline.
For CodeCart and CodePong, we use a message space of binary images and a
uniform distribution over messages, meaning that a randomly guessing receiver has
an astronomically small probability of guessing correctly. Remarkably, we show
that GME is able to achieve an optimal expected return in Cartpole and Pong while
simultaneously losslessly communicating images to the receiver, demonstrating that
GME has the capacity to be scaled to extremely large message spaces and complex
control tasks. Moreover, we find that the performance of GME decays gracefully as
the amount of actuator noise in the environment increases.

6.1 Related Work

The works that are most closely related to this one can be taxonomized as coming
from literature on referential games, source coding, multi-agent reinforcement
learning, and diverse skill learning.
Referential Games Among work on referential games, Foerster et al. (2016)’s
work is perhaps most similar in that it is concerned with directly optimizing the
performance of a communication protocol. They propose DIAL, an algorithm
that optimizes the sender’s protocol by performing gradient ascent through the
parameters of the receiver. Foerster et al. show that DIAL outperforms methods
based on independent Q-learning on a variety of communication tasks. However,
DIAL-based approaches are not directly applicable to MCGs, as they would require
differentiating through trajectories.
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Channel Coding Another body of related work concerns extensions of the source
coding problem. Length limited coding (Larmore and Hirschberg, 1990) considers a
problem setting in which the objective is to minimize the expected sequence length
(as before), subject to a maximum length constraint. Coding with unequal symbol
costs (Golin et al., 2002; Iwata et al., 1997) considers the problem in which the goal
is to minimize the expected cumulative symbol cost of the sequence to which the
message is mapped. The cost of a symbol may differ from the cost of other symbols
arbitrarily, making it a strictly more general problem setting than standard source
coding (which can also be thought of as minimizing cumulative symbol cost with
equally costly symbols). Both length limited coding and coding with unequal costs
are subsumed by Markov coding games. And while existing algorithms for both
standard source coding and the extensions above are well-established and widely
commercialized, they are unable to address the more general MCG setting.
MCGs are also related to finite state Markov channel settings (Wang and Moayeri,
1995). In such settings, the fidelity of the channel by which the sender communicates
to a receiver is controlled by a Markov process, which, in contrast to our work,
transitions independently of the sender’s decisions. Another related setting is
intersymbol interference, where the sender’s previously selected symbols (i.e., actions)
may cause interference with subsequently selected symbols, making them less likely
to be faithfully transmitted to the receiver (Lathi, 1998). MCGs differ from both
Markov channel and intersymbol interference settings in that the Markov system
controls the cost paid by the sender, rather than interfering with the quality of the
channel. MCGs are more resemblant of a setting in which the channel is reliable,
but subject to natural variation in costs, such as based on weather or third party
usage, as well as variation based on the sender’s own usage.
Multi-Agent Reinforcement Learning A third related area comes from MARL
literature. Strouse et al. (2018) investigate directly embedding a reward for taking
actions with high mutual information into policy gradient objectives. They find that
this approach can improve expected return in cooperative settings with asymmetric
information. The baseline for our CodeGrid experiments loosely resembles Strouse
et al.’s algorithm. More recently, Bhatt and Buro (2021) investigate an alternative
approach whereby the sender’s behavioral policy deterministically selects the action
that maximizes the receiver’s posterior probability of the correct message, when
computed using the target policy. They show that this modification empirically
yields significantly improved convergence properties as compared to other variations
of independent reinforcement learning. However, this approach is not directly
applicable to settings in which a single action must be used for both communication
and control.
Diverse Skill Learning A fourth area of related research is that of diverse skill
learning (Eysenbach et al., 2018). Eysenbach et al. (2018) propose an unsupervised
learning method for discovering diverse, identifiable skills. Their objective, called
DIAYN, seeks to learn diverse, discriminable skills. This paradigm resembles our
work in the sense that skills can be interpreted as messages and discriminability
can be interpreted as maximizing the mutual information between the skill and the
state. The baseline used in our CodeGrid experiments can also be viewed as an
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adaptation of an idealized version of DIAYN to the MCG setting.

We now include some additional, perhaps less closely related work that nevertheless

merits being compared and/or contrasted to.

MCGs themselves are a special subclass of Dec-POMDPs (Oliehoek and Amato,

2016) (or, more precisely, Dec-POMDP-Coms (Goldman and Zilberstein, 2003)).

Spaan et al. (2006) introduce a slight variation of Dec-POMDP-Coms in which

communication actions are not broadcast, but instead form part of other agents’

local observations. Unlike in MCGs, the corresponding observations are factored

out of the domain-level observation space.

(Winstein and Balakrishnan, 2013) develop an end-to-end congestion control mech-

anism for a multi-user network. In such settings, network endpoints need to decide

when to transmit a given packet of data under conditions that make it difficult

to estimate whether the required capacity is available. While this setting features

decentralised communication under a complex, non-stationary cost function and, if

only considering one sending and one receiving endpoint under full-observability,

might be reduced to a MCG, it does not seem entirely clear why a sender’s decision

to send or not send a packet at a given time should be used to transmit additional

information to the receiver.



156 6.2. Background and Notation

We note that MCGs can be interpreted as a form of Dec-POMDP with delayed

communication (Aicardi et al., 1987; Ooi and Wornell, 1996),(Oliehoek et al., 2008a,

Appendix A.2.1), as the sender may need to take many actions before the receiver

can decode the full message.

MCGs can be seen as a certain two-player instantiation of a ρDec-POMDP (Lauri

et al., 2017, 2019) where the sender’s reward depends on both the sender’s own

state and action, as well as the receiver’s belief entropy. However, compared with

active sensing applications commonly associated with ρ-POMDPs (Araya et al.,

2010), i.e. (Hero et al., 2008; Thrun, 2000), or ρDec-POMDPs(Lauri et al., 2017),

MCGs pose a distinctly more artificial setup.

Lauri and Oliehoek (2020) introduce multi-agent active perception tasks, where a

team of agents cooperatively gathers observations to compute a joint estimate of a

hidden variable, the accuracy of which is quantified by a centralised observer in the

very end. This setting does not seem to be reducible to a MCG, as in a MCG, the

receiver agent is not able to influence its own observations.

6.2 Background and Notation

We will require the following background and notation material to introduce Markov
coding games and greedy minimum entropy coupling.
Markov Decision Processes To represent our task formalism, we use finite
Markov decision processes (MDPs). We notate MDPs using tuples 〈S,A,R, T 〉
where S is the set of states, A is the set of actions, R : S ×A → R is the reward
function, and T : S ×A → ∆(S) is the transition function. An agent’s interactions
with an MDP are dictated by a policy π : S → ∆(A) mapping states to distributions
over actions. We focus on episodic MDPs, meaning that after a finite number of
transitions have occurred, the MDP will terminate. The history of states and actions
is notated using h = (s0, a0, . . . , st). We use the notation R(h) = ∑

jR(sj, aj) to
denote the amount of reward accumulated over the course of a history. When a
history is terminal, we use z to notate it, rather than h. The objective of an MDP
is to determine a policy arg maxπEπR(Z) yielding a large cumulative reward in
expectation.
Entropy To help us quantify the idea of uncertainty, we introduce entropy. Sym-
bolically, the entropy of a random variable X is H(X) = −E logP(X). Because the
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logarithm function is concave, the entropy of X is maximized when the mass of PX
is spread as evenly as possible and minimized when the mass of PX is concentrated
at a single point.
In the context of decision-making, entropy can be used to describe the uncertainty
regarding which action will be taken by an agent. When a policy spans multiple
decision-points, the uncertainty regarding the agent’s actions given that the state is
known is naturally described by conditional entropy. Conditional entropy is the
entropy of a random variable, conditioned upon the fact that the realization of
another random variable is known. More formally, conditional entropy is defined by
H(X | Y ) = H(X, Y )−H(Y ) where the joint entropy H(X, Y ) = −E logP(X, Y )
is defined as the entropy of (X, Y ) considered as a random vector.
In some contexts, it is desirable for a decision-maker’s policy to be highly stochastic.
In such cases, an attractive alternative to the expected cumulative reward objective
is the maximum entropy RL objective (Ziebart et al., 2008)

max
π

Eπ

∑
t

R(St, At) + αH(At | St)
 ,

which trades off between maximizing expected return and pursuing trajectories along
which its actions have large cumulative conditional entropy, using the temperature
hyperparameter α.
Mutual Information A closely related concept to entropy is mutual information.
Mutual information describes the strength of the dependence between two random
variables. The greater the mutual information between two random variables,
the more the outcome of one affects the conditional distribution of the other.
Symbolically, mutual information is defined by I(X;Y ) = H(Y )−H(Y | X) =
H(X)−H(X | Y ). From this definition, we see explicitly that the mutual information
of two random variables can be interpreted as the amount of uncertainty about one
that is eliminated by observing the realization of the other.
Mutual information is important for communication because we may only be able
to share the realization of an auxiliary random variable, rather than that of the
random variable of interest. In such cases, maximizing the amount of communicated
information amounts to maximizing the mutual information between the auxiliary
random variable and the random variable of interest.
The Data Processing Inequality The independence relationships among random
variables play an important role in determining their mutual information. If random
variables X and Z are conditionally independent given Y (that is, X ⊥ Z | Y ), the
data processing inequality states that I(X;Y ) ≥ I(X;Z). Less formally, the data
processing inequality states that if Z does not provide additional information about
X given Y , then the dependence between X and Z cannot be stronger than the
dependence between X and Y .
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Figure 6.1: An approximate minimum entropy coupling. Given marginal distributions
PX and PY , minimum entropy coupling constructs the a joint distribution PX,Y having
minimal joint entropy. In other words, it finds a joint distribution which allows to encode
as much information as possible about X into a given marginal distribution PY .
Minimum Entropy Coupling In some cases, we may wish to maximize the
mutual information between two random variables subject to fixed marginals.
That is, we are tasked with determining a joint distribution PX,Y that maximizes
the mutual information I(X;Y ) between X and Y subject to the constraints
that PX,Y marginalizes to PX and PY , where PX and PY are given as input.
Invoking the relationship between mutual information and joint entropy I(X;Y ) =
H(X)+H(Y )−H(X, Y ), we see that this problem is equivalent to that of minimizing
the joint entropy of X and Y . As a result, this problem is often referred to as
the minimum entropy coupling problem. A visual example is shown in Figure 6.1.
While minimum entropy coupling is NP-hard (Kovačević et al., 2015), Cicalese
et al. (2019) recently showed that there exists a polynomial time algorithm that is
suboptimal by no more than one bit.

[A] The following algorithmic description is taken from the paper’s appendix.

6.2.1 Min Entropy Joint Distribution Algorithm outputting

a sparse representation of M (Cicalese et al., 2019)

Algorithm 6 Lemma3-Sparse
Input: real z > 0, x ≥ 0, and priority queue Q s.t.

(∑
(m,l)∈Qm

)
= qsum and

qsum = x ≥ z
Output: z(d), z(r) ≥ 0, and I ⊆ Q s.t. z(d) + z(r) = z, and z(d) +∑

(m,l)∈I m = x
I ← ∅, sum← 0
while Q 6= ∅ and sum+Min(Q) < x do

(m, l)← ExtractMin(Q), qsum← qsum−m
I ← I ∪

{
(m, l)

}
, z(r) ← z − z(d)

z(d) ← x− sum, z(r) ← z − z(d) return
(
z(d), z(r), I, qsum

)
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Algorithm 7 Min Entropy Joint Distribution Cicalese et al. (2019)
Input: prob. distributions p = (p1, . . . , pn) and q = (q1, . . . , qn)
Output: A Coupling M = [mij] of p and q in sparse representation L ={(

mij, (i, j)
)
|mij 6= 0

}
if p 6= q, let i = max

{
j|pj 6= qj

}
; if pi < qi then swap p↔ q.

z = (z1, . . . , zn)← p ∧ q, L← ∅
CreatePriorityQueue

(
Q(row)

)
, qrowsum← 0

CreatePriorityQueue
(
Q(col)

)
, qcolsum← 0

for i = n downto 1 do
z

(d)
i ← zi, z

(r)
i ← 0

if qcolsum+ zi > qi then(
z

(d)
i , z

(r)
i , I, qcolsum

)
← Lemma3-Sparse

(
zi, qi,Q(col), qcolsum

)
else

while Q(col) 6= ∅ do
(m, l)← ExtractMin(Q(col)),
qcolsum← qcolsum−m,
L← L ∪

{
(m, (l, i))

}
if qrowsum+ zi > pi then

(z(d)
i , z

(r)
i , I, qrowsum)← Lemma3-Sparse(zi, pi,Q(row), qrowsum)

for each (m, l) ∈ I do L→ L ∪
{
(m, (i, l))

}
if z(r)

i > 0 then Insert
(
Q(row), (z(r)

i , i)
)

qrowsum← qrowsum+ z
(r)
i

else
while Q(row) 6= ∅ do

(m, l)← ExtractMin(Q(row))
qrowsum← qrowsum−m
L← L ∪

{
(m, (i, l))

}
L← L ∪

{
(z(d)
i , (i, i))

}

6.3 Markov Coding Games

We are now ready to introduce Markov coding games (MCGs). An MCG is a tuple
〈(S,A, T ,R),M, µ, ζ〉, where (S,A, T ,R) is a Markov decision process, M is a
set of messages, µ is a distribution overM, and ζ is a non-negative real number.
An Markov coding game proceeds in the following steps:
1. First, a message M ∼ µ is sampled from the prior over messages and revealed to

the sender.
2. Second, the sender uses a message conditional policy to generate a trajectory
Z ∼ (T , π|M).
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3. Third, the sender’s terminal trajectory Z is given to the receiver as an observation.
4. Fourth, the receiver uses a trajectory conditional policy to guess the message
M̂ ∼ π|Z(Z).

The objective of the agents is to maximize the expected weighted sum of the return
and the accuracy of the receiver’s guess E

[
R(Z) + ζI[M = M̂ ]

]
. Optionally, in

cases in which a reasonable distance function is available, we allow for the objective
to be modified to minimizing the distance between the message and the guess
d(M, M̂), rather than maximizing the probability that the guess is correct.

ReceiverMDPSender
ZM

R, S

A
M̂

Figure 6.2: Graphical representation of an MCG. First, the sender is given a
message. Second, the sender is tasked with a MDP, unrelated to the message. Third, the
receiver observes the sender’s trajectory. Fourth, the receiver guesses the message.

6.3.1 An Example

Figure 6.3: A payoff matrix for a simple MCG.

Receiver
Message Sender m̂ m̂′

a1 (4, ζ) (4, 0)
m a′1 (3, ζ) (3, 0)

a′′1 (0, ζ) (0, 0)
a1 (4, 0) (4, ζ)

m′ a′1 (3, 0) (3, ζ)
a′′1 (0, 0) (0, ζ)

A payoff matrix for a simple MCG is shown in Figure 6.3. In this game, the sender
is given one of two messages m or m′, with equal probability. It then chooses among
three actions a1, a′1 and a′′1, for which the rewards are 4, 3, and 0, respectively.
The receiver observes the sender’s action and guesses the message using actions
m̂ and m̂′, corresponding to guessing to m and m′, respectively. The receiver
accrues a reward of 4 for guessing correctly. The payoff entries in table denote
(R(Z), ζI[M = M̂ ]) for each outcome.
As is generally true of MCGs, this MCG is difficult for independent approximate
dynamic programming-based approaches because their learning dynamics are subject
to local optima. Consider a run in which the sender first learns to maximize its
immediate reward by always selecting a1. Now, the receiver has no reason to
condition its guess on the sender’s action because the sender is not communicating
any information about the message. As a result, thereafter, the sender has no
incentive to communicate any information in its message, because the receiver would
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ignore it anyways. This outcome, sometimes called a babbling equilibrium, leads
to a total expected return of 4 + ζ/2 (sender always selects a1, receiver guesses
randomly). In cases in which ζ is small (communication is unimportant), the
babbling equilibrium performs well. However, it can perform arbitrarily poorly as ζ
becomes large.

6.3.2 Special Cases

We can express both (a large class of) referential games and various source coding
settings as special cases of the MCG formalism by describing the MDPs to which
they correspond.
(A Large Class of) Referential Games We can express a T step referential
game as follows.
• The state space S = {s0, s1, . . . , sT}.
• The transition function deterministically maps st 7→ st+1 and terminates at input
sT .

• The reward function maps to zero for every state action pair.
Standard Source Coding We can express the standard source coding problem
as follows.
• The state space S = {s}.
• The action space A = Ã ∪ {∅}.
• The transition function deterministically maps to s to s for a ∈ Ã and terminates

the game on ∅.
• The reward function maps to −1 for a ∈ Ã and maps ∅ to 0.
Length Limited Source Coding Length limited source coding can be captured
in the same way as standard source coding with the modifications that S =
{s0, s1, . . . , sT}, the transition function terminates on sT , and the reward function
yields 0 from sT , where T is the length limit.
Source Coding with Unequal Symbol Costs Source coding with unequal
symbol costs can be captured in the same way as standard source coding with
the modification that R(·, a) returns the negative symbol cost of a, rather than
returning −1, for a ∈ Ã.

6.4 Greedy Minimum Entropy Coupling

To address MCGs, we propose a novel algorithm we call greedy minimum entropy
coupling (GME). GME (and more broadly, any algorithm geared toward MCGs) is
faced with two competing incentives. On one hand, it needs to maximize expected
reward R(Z) generated by the MDP. On the other hand, it needs to maximize the
amount of information I(M ;Z) communicated to the receiver about the message,
so as to maximize the probability of a correct guess. GME handles this trade-off
using a two step process for constructing the sender’s policy. In the first step, it
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computes an MDP policy that balances between high cumulative reward and large
cumulative entropy. In the second step, it couples the probability mass of this policy
with the posterior over messages in such a way that the expected return does not
decrease and the amount of mutual information between the message and trajectory
is greedily maximized. We describe these steps below. Thereafter, we show this
procedure possesses desirable guarantees and discuss intuition for the method.

6.4.1 Method Description

Step One In the first step, GME uses MaxEnt RL to construct an MDP policy π.
This policy is an MDP policy, not an MCG policy, and therefore does not depend
on the message. Note that this policy depends on the choice of temperature α used
for the MaxEnt RL algorithm.
Step Two In the second step, at execution time, GME constructs a message-
conditional policy online. Say that, up to time t, the sender is in state st, history
ht and has played according to the message conditional policy π:t

|M . Let

bt = P(M | ht, π:t
|M)

be the posterior over the message, conditioned on the history and the historical policy.
GME performs a MEC between the posterior over the message bt and distribution
over actions π(st), as determined by the MDP policy. Let ν = MEC(bt, π(st))
denote joint distribution over messages and actions resulting from the coupling.
Then GME sets the sender to act according to the message conditional distribution

πt|M(st,m) = ν(At |M = m)

of the coupling distribution MEC(bt, π(st)).
After the MDP episode terminates, the receiver guesses the maximum a posteriori
message.
Pseudocode for this procedure is included in the appendix.
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[A] The following algorithmic description is taken from the paper’s appendix.

Algorithm 8 GME
// Step 1: Compute MDP policy
Input: MDP GMDP, temperature α
MaxEnt MDP policy π ← MaxEntRL(GMDP, α)
Return: π

// Step 2: Play MCG episode
Input: MDP policy π, MCG GMCG
message m← sample(µ)
belief b← µ
state s← s0

while s non-terminal do
joint distribution ν ← minimum_entropy_coupling(b, π(s))
decision rule π|M ← ν(A |M)
sender action a ∼ π|M(m)
new belief b← posterior_update(b, π|M , a)
next state s← sample(T (s, a))

6.4.2 Method Analysis

GME possesses guarantees both concerning the return R(Z) generated by the MDP
and concerning the amount of information communicated I(M ;Z).

Proposition 1. At each state of the MDP, the message conditional policy π|M
selects actions with the same probabilities as the MDP policy π.

Proof. Fix an arbitrary state s. Let b be a posterior over the message induced by the
sender’s message conditional policy on the way to s. Then recall that GME uses the
distribution PMEC(b,π(s)) induced by a MEC between b and π(s) to select its action.
Because MECs guarantee that the resultant joint distribution marginalizes correctly,
it follows directly that GME must select its actions with the same probabilities as
π(s).

Proposition 2. The expected return generated from the MDP by the message
conditional policy π|M is equal to that of the MaxEnt policy π. That is,

EM∼µEπ|MR(Z) = EπR(Z).

Proof. It follows from Proposition 1 that all trajectories are generated with the
same probabilities and therefore that the expected returns are the same.
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Proposition 3. At each decision point, GME greedily maximizes the mutual
information I(M ;H t+1 | bt, ht) between the message M the history at the next time
step H t+1, given the contemporaneous posterior and history, subject to Proposition
1.

Proof. For conciseness, we leave the conditional dependence on bt and ht implicit
in the argument. First, we claim that I(M ;H t+1) = I(M ;At). To see this,
first consider that H t+1 ≡ (ht, At, St+1). This means we have I(M ;H t+1) =
I(M ; (At, St+1)) since we are conditioning on ht. Now, consider that because the
message influences the next state only by means of the action, we have the causal
graph M → At → (At, St+1), which implies that M ⊥ (At, St+1) | At. Also, we
trivially have M ⊥ At | (At, St+1). These conditional independence properties allow
us to apply the data processing inequality: X ⊥ Z | Y ⇒ I(X;Y ) ≥ I(X;Z).
Applying it in both directions yields I(M ; (At, St+1)) = I(M ;At).
Now consider that we can rewrite mutual information using the equality

I(M ;At) = H(M) +H(At)−H(M,At). (6.1)

The first term H(M) is exogenous by virtue of being determined by bt. The second
term is exogenous by virtue of being subject to Proposition 1. The third term is
the joint entropy between M and At, which is exactly what a minimum entropy
coupling minimizes.

6.4.3 Method Discussion

One aspect of GME that went uncommented upon in the analysis section is the
choice of MaxEnt RL for step one. The reason that GME uses MaxEnt RL here is to
control the H(At) term in equation (6.1). If the temperature α is large, GME places
more emphasis on maximizing H(At) (and thereby I(M ;Z)); if the temperature α is
small, GME places more emphasis on maximizing R(Z). The appropriate choice of
α will depend on the value of ζ. Code for GME that illustrates the functionality of α
applied to the example from Figure 6.3 can be found at https://bit.ly/36I3LDm.
A second aspect of GME that we have yet to discuss is its scalability. Performing an
approximate MEC takes O(N logN) time, making it expensive to scale to very large
message spaces. To accommodate this fact, for large message spaces we recommend
using a factored representation M ⊂M1 × · · · ×Mk and a corresponding factored
belief (b1, . . . , bk), where each bj tracks the posterior over Mj. At each time step,
we suggest performing a MEC between π(st) and the block bj = arg maxbjH(bj)
having the largest entropy. By doing so, we can substantially reduce the size the of
the space over which we need to perform a minimum entropy coupling at any one
time, allowing us to scale to extremely large message spaces.

[A] The following algorithmic description is taken from the paper’s appendix. Note

that Factored GME is not solely factoring the message space, but also updates

https://bit.ly/36I3LDm
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Figure 6.4: Results for GME and RL+PR on CodeGrid with varying message space
sizes.

factors according to their current entropy in the optimisation process.

Algorithm 9 Factored GME
// Step 1: Compute MDP policy
Input: MDP GMDP, temperature α
MaxEnt MDP policy π ← MaxEntRL(GMDP, α)
Return: π

// Step 2: Play MCG episode
Input: MDP policy π, MCG GMCG
message m← sample(µ)
factored beliefs b← factorize(µ)
state s← s0

while s non-terminal do
active block index i← arg maxj

{
H(bj)|bj ∈ b

}
joint distribution ν ← minimum_entropy_coupling(bi, π(s))
decision rule π|M ← ν(A |Mi)
sender action a ∼ π|M(mi)
new belief bi ← posterior_update(bi, π|M , a)
next state s← sample(T (s, a))

One may asked whether our baseline RL+PR could be factorised similarly to GME

for very large message spaces. However, the only way this seems to be doable is

by giving the sender an auxiliary reward once each chunk has been successfully

encoded. This, however, does not resolve the fundamental limitis of end-to-end

training in a setting where there are many more tokens than can be trained over.
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6.5 Experiments

We investigate the efficacy of GME on MCGs based on a gridworld, Cartpole
and Pong. For all three we use MaxEnt Q-learning for our MDP policy. Details
regarding our implementation can be found in the supplementary material and in
the appendix.

[A] The following section is taken from the paper’s appendix.

6.6 Experimental Details

For CodeGrid, we use a policy parameterized by neural network with two fully-

connected layers of hidden dimension 64, each followed by a ReLu activation (Nair

and Hinton, 2010). For CodePong and CodeCart, we use a convolutional encoder

with three layers of convolutions (number of channels, kernel size, stride) as follows:

(32,8,4), (64,4,2), (64,3,1). This is followed by a fully connected layer (Mnih et al.,

2015). We use ReLu activations after each layer, note that we do not use any

max-pooling. For CodeGrid and CodePong, layer weights are randomly initialized

using PyTorch 1.7 (Paszke et al., 2017) defaults. For CodeCart, we initialise weights

according to an optimally-trained DQN policy included in rl-baselines3-zoo1 and

individually finetune for each β for 15k steps. For all environments, we use the

Adam optimizer with learning rate 10−4, β1 = 0.9, β2 = 0.999, ε = 10−8 and no

weight decay.

CodeGrid See Figure 6.5.

CodeCart For CodeCart we use the standard action space (move left and move

right). There are no redundant actions that the agent can use to communicate.

CodePong For CodePong we use a reduced action space of size two (move up and

move down). There are no redundant actions that the agent can use to communicate.

1https://github.com/DLR-RM/rl-baselines3-zoo

https://github.com/DLR-RM/rl-baselines3-zoo
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Figure 6.5: An illustration of two possible CodeGrid trajectories, one of length 6 (left)
and one of length 8 (right).

CodeGrid In our gridworld MCG, which we call CodeGrid, the sender is placed
on a 4× 4 grid in which it can move left, right, up and down. The sender starts
at position (1, 1) and must to move to (4, 4) within 8 time steps to achieve the
maximal MDP return of 1. Otherwise, the game terminates after 8 time steps and
the sender receives a payoff of 0.
For our baseline, we trained an RL agent to play as the MCG sender. We paired
this RL agent with an perfect receiver, meaning that, for each episode, the receiver
computed the exact posterior over the message based on the sender’s current policy
and guessed the MAP, both during training and testing. We abbreviate this baseline
as RL+PR (where PR stands for perfect receiver). RL+PR is one way to adapt
related work such as (Strouse et al., 2018; Eysenbach et al., 2018) to the MCG
setting.
Pseudocode for the RL+PR baseline can be found in the appendix.

[A] The following algorithmic description is taken from the paper’s appendix.
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Algorithm 10 RL+PR baseline
// Play Episode
Input: MCG GMCG
state s← s0

message m← sample(µ)
belief b← µ
while True do

action a← sample(π(s,m))
belief b← posterior_update(b, π, a)
new state s′ ← sample(T (s, a))
if s′ non-terminal then

add_to_buffer(s, a,R(s, a), s′)
state s← s′

else
break

add_to_buffer(s, a,R(s, a) + ζ maxm′∈M b(m′), ∅)

We show results for GME and RL+PR across a variety of settings in Figure 6.4.
The column of the figure corresponds to the cardinality of the message space; the
exact size is listed in the green bubble. We use a uniform marginal over messages
in each case. The x-axis corresponds to the proportion of the time that the receiver
correctly guesses the message. The y-axis corresponds to the MDP payoff (in this
case whether the sender reached the opposing corner of the grid within the time
limit). Both GME and RL+PR possess mechanisms to trade-off between these two
goals. GME can adjust its temperature α, while RL+PR can adjust the value of ζ
used during training. Figure 6.4 show the Pareto curve for each. For GME, the size
of the circle corresponds to the inverse temperature β = 1/α.
For the settings with 8 messages and 32 messages, we observe that both GME and
RL+PR achieve strong performance—achieving optimal or nearly optimal MDP
returns and optimal or nearly optimal transmission. However, as the size of the
message space increases, the performance of RL+PR falls off sharply. Indeed, for
the 128 message setting, RL+PR is only able to correctly transmit the message
slightly more than half the time. RL+PR’s inability to achieve strong performance
in these cases may be a result of the fact that communication protocols violate the
locality assumption of approximate dynamic programming approaches. In contrast,
we observe that GME, which constructs its protocol using MEC, remains optimal
or near optimal both the 64 and the 128 message settings.
CodeCart and CodePong While the CodeGrid experiments that GME can
outperform an obvious approach to MCGs, it remains to be determined whether
GME can perform well at scale. Toward the end of making this determination, we
consider MCGs based on Cartpole and Pong. In these MCGs, the message spaces
are the sets of 16× 16 and 22× 22 binary images, respectively, each with a uniform
prior. The cardinality of these spaces (> 1077 and > 10145) is astronomical. In fact,
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Figure 6.6: Results for GME on CodeCart with varying amounts of actuator noise and
temperatures.
it is not clear how an RL+PR-like approach could even be scaled to this setting.
On the other hand, GME is easily adaptable to this setting, using the factorization
scheme suggested in the method section.
We also include results with variable amounts of actuator noise, i.e., with some
probability p, the environment executes a random action, rather than the one it
intended. Actuator noise models the probability of error during transmission and
arises naturally in many settings involving communication, such as noisy channel
coding. In this setting, the receiver may only observe the action executed by the
environment, rather than the one intended by the sender. While this setting is not
technically an MCG, GME can still be directly applied. And while the derivation
of Proposition 3 no longer holds, we suggest that GME nevertheless offers a strong
heuristic in such settings.
We show the results in Figure 6.6 and Figure 6.7 for CodeCart and CodePong,
respectively. For both plots, the y-axis corresponds to the amount of actuator
noise (lower is more noise). The x-axis corresponds the inverse temperature value
β = 1/α (further right is colder temperature, meaning there is more emphasis
on MDP expected return). Each entry contains a decoded yin-yang symbol with
the corresponding temperature and actuator noise. Each entry also lists the `1
pixel error (blue) and the MDP expected return (green), along with corresponding
standard errors over 10 runs; a brighter color corresponds to better performance.
Remarkably, for both CodeCart and CodePong, we observe that, when there is no ac-
tuator noise, GME is able to perfectly transmit images while achieving the maximum
expected return in the MDP. For CodeCart, this occurs at log β ∈ {−10,−1, 0.1}; for
CodePong, it occurs at log β ∈ {4, 5}. Interestingly, as the amount of actuator noise
increases to a non-zero value, the effect on performance differs between CodeCart
and CodePong. In CodeCart, GME continues to achieve maximal performance
in the MDP, but begins to accumulate errors in the transmission. In contrast, in
CodePong, GME continues to transmit the message with perfect fidelity, but begins
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Figure 6.7: Results for GME on CodePong with varying amounts of actuator noise and
temperatures.
to lose expected return from the MDP. This suggests that accidentally taking a
random action is costlier in Pong than it is in Cartpole, but that, in an informal
sense, Pong has more bandwidth to transmit information. However, in both cases,
the decay in performance is graceful—for example, with p = 0.05, the decrease in
the visual quality of the transmission for Cartpole (log β = −1) is difficult to even
perceive, while the CodePong sender still manages to win games roughly 80% of
the time (log β = 5). The performance in both settings continues to deteriorate up
to p = 1/2, at which point GME is neither able to perform adequately on the MDP
nor to transmit a clear symbol.
Videos of the agent playing are included in the supplemental material.

6.7 Conclusions

This work introduces a new problem setting called Markov coding games, which
generalize referential games and source coding and are related to channel coding
problems and decentralized control. We contribute an algorithm for this setting
called GME and show that GME possesses provable guarantees regarding both
the return generated from the MDP and the amount of information content
communicated, subject to some constraints. On the experimental side, we show
that GME significantly outperforms an RL baseline with a perfect receiver. Finally,
we show that GME is able to scale to extremely large message spaces and transmit
these messages with high fidelity, even with some actuator noise, suggesting that it
could be robust in real world settings.

This concludes our quote.
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While generalising a multitude of problem settings, MCGs themselves are a

special subclass of Dec-POMDPs (Oliehoek and Amato, 2016) (or, more precisely,

Dec-POMDP-Coms (Goldman and Zilberstein, 2003)), or, alternatively, Factored

Observation Stochastic Games (Kovařík et al., 2020, FOSG). This perspective

poses the question of whether various extensions of MCG settings admit learning

algorithms that, similarly to GME, allow treating communication separately from

task completion.

For example, seen from a FOSG-perspective, would GME (or an extension thereof)

be applicable to settings where the sender’s private information (i.e. the message

token) in some way conditions on its trajectory? If so, such algorithms might be

applicable to Hanabi-like settings (Bard et al., 2020). Similarly, could MCGs be

meaningfully extended to Dec-POMDPs with more than two players? Investigating

such extensions might allow the use of novel, scalable, hybrid end-to-end learning

algorithms for larger classes of real-world applications.
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The End.

We have spent the first two Parts of this thesis developing novel algorithms

for collaborative deep multi-agent reinforcement learning. We have used value

decomposition in order to refine the centralised learning of decentralised policies

both in discrete and continuous action space settings, and we have introduced

novel benchmark suites for each case. We then showed that agents can leverage

group-wise common knowledge in order to learn joint policies that are nevertheless

decentralisable. Finally, in this Chapter, we have shown how to construct implicit

communication protocols that scale to very large message spaces.
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7
Afterword

Contents

In this thesis, we have presented a variety of novel cooperative DMARL methods,

making progress on various fronts: Chapter 3 introduced QMIX, which has since

turned out very influential on cooperative DMARL research, and SMAC, which has

arguably become the most popular cooperative DMARL benchmark suite for discrete

control at the time of writing. Chapter 4 introduces a novel state-of-the-art multi-

agent algorithm, FACMAC, that not only excels in discrete control settings, but

also extends value decomposition to continuous control settings. A novel benchmark

environment, MAMujoco, for multi-agent robotic control settings is introduced in

addition. In Chapter 5, we show how group-wise common knowledge between agents

can allow them to develop complex coordination in fully decentralised settings, even

if observations are noisy. And in Chapter 6, we introduce GME, a novel method

that allows agents to learn implicit communication protocols that scale to very

large message spaces. All contributions above significantly advance the field of

cooperative multi-agent systems research.
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At the same time, our work opens up exciting spaces for future research in the

field of decentralised control. While some of these have already been discussed in

the respective chapters, we here provide a concise overview of select opportunities

that we have identified:

Value decomposition. Both QMIX (Chapter 3) and FACMAC (Chapter 4)

may serve as starting points for further research on value factorisation under

function approximation. For example, there is still a lack of theoretical guarantees

surrounding convergence of such methods, and the limits of non-monotonic critic

decomposition are also still underexplored.

Since publication of (Rashid et al., 2020b), significant progress has been made in

understanding under what conditions such state-action value function decomposition

may be a reasonable assumption. Oliehoek et al. (2021) show that for any factored

Dec-POMDP for which a set of local form models (Oliehoek et al., 2021, Definition

10) can be created, the joint value function can indeed be decomposed into per-

agent factors as long as each factor conditions on a sufficient statistic of respective

agent’s belief state. However, this notion does not directly carry over to state-action

value functions. The empirical success of methods based on factored state-action

value functions on environments like SMAC (Rashid et al., 2020b) or Multi-Agent

Mujoco (Peng et al., 2021) show it to approximately hold across a number of

real-world setups, however, we are currently unable to explain these observations

conceptually. Another interesting hypothesis to investigate is the claim that on-

policy algorithms with state-action value decomposition should ultimately perform

better than off-policy algorithms Oliehoek et al. (2021, Section 8.1).

We argue that suitable benchmark environments are indispensable for the

study of decentralised control. Both the StarCraft Multi-Agent Challenge, and,

increasingly, Multi-Agent Mujoco, have received much attention by research on

decentralised control. Developing novel benchmark environments that more closely

resemble tangible real-world applications is an urgent avenue for further research in

decentralised control. At the same time, as environments become more realistic, it
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becomes increasingly important to ensure that the resulting research is for the benefit

of humanity: Autonomous control has many benevolent use cases, for example

in disaster response, delivery or industrial manufacture, however, the increasing

proliferation of lethal autonomous weapons raises legitimate concerns.

Common knowledge. MACKRL (Chapter 5) offers a wealth of directions for

follow-up research: The simple two-player probabilistic matrix setting could be

extended to more players and different forms of noise, allowing the algorithm, as

well as the performance of Holenstein sampling to be more accurately investigated,

in such settings. To increase semblance to real-world applicability, it would similarly

be interesting to see MACKRL’s performance under noisy observations in a more

complex environment, such as SMAC. To increase the method’s scalability, different

forms of backward graph pruning should be studied. Furthermore, it would be

interesting to see how MACKRL can be scaled to off-policy algorithms, or to

continuous control environments, such as Multi-Agent Mujoco. Settings where

limited-bandwidth communication is available could be exploited to replace higher-

level controllers for which common knowledge might not be available. Last but not

least, the precise conceptual relationship between MACKRL’s policy factorisation

and value decomposition remains open.

Implicit Communication. GME (Chapter 6), particularly its factored variant,

is a powerful illustration of how the learning of communication protocols can benefit

from combining end-to-end gradient-based optimisation with efficient numerical

heuristics. We believe that, given the pathologies of optimisation landscapes involved

in learning communication protocols end-to-end, such hybrid approaches may be

required to deliver both scalability and robustness properties necessary for real-

world deployment. A next step in expanding GME’s capabilities would be to study

settings in which the sender’s private information may change over time due to

interaction with the environment or other agents. Such settings arise naturally in

benchmark environments such as Hanabi(Bard et al., 2020).
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Having reflected on our thesis, what now is the overall conclusion? First of all,

work on DMARL, and in particular, cooperative DMARL, has only just begun.

There is an infinite space of exciting research left to be done within decentralised

control. But we should be careful in navigating this exciting space responsibly, and

efficiently. One of the most important challenges in DMARL research right now

is a lack of relevant benchmark environments that can guide meaningful method

development. What could these benchmark environments look like?

Beyond decentralised control, we encourage young researchers entering the field

to also think about DMARL applications to some of the world’s most pressing

issues. With respect to climate change applications, I propose looking into scenario

and pathway analysis (van Vuuren et al., 2011): A new generation of agent-based

Integrated Assessment Models that take both social and physical non-linearities into

account (e.g. tipping points) is under construction as we speak. DMARL promises

new avenues to solving these new models. As an example, consider some of our

recent interdisciplinary collaboration on optimal decarbonisation pathway strategies

for fossil fuel majors (Radovic et al., 2020). The Climate Change Initiative (CGI)
1 is poised to help making AI a positive force on climate change.

1https://www.climategym.org

https://www.climategym.org
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