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Abstract

Many tasks involve multiple agents and require sequential decision-making policies
to achieve common goals, such as football games, real-time strategy games and
traffic light control in the road network. To obtain the policies of all agents, these
problems can be modeled as multi-agent systems and solved with multi-agent rein-
forcement learning (MARL). However, optimizing policies in multi-agent scenarios
is non-trivial due to complex multi-agent behaviors and the non-stationary nature
of the environments’ complex dynamics. Agents’ behaviors and interactions with
other agents cause the environment’s states and agents’ observations to change over
time, making it challenging to develop effective policies that perform well over time.
In addition, partial observability, where agents have limited or incomplete informa-
tion about the environment, also complicates the problem. Moreover, the inherent
uncertainty in the environment’s dynamics makes decision-making unstable.

This doctoral thesis addresses these challenges by proposing novel MARL methods.
These novel methods empower agents to learn efficient policies within dynamic
and partially observable environments, especially environments where cooperation
is required. In particular, we tackle the following four fundamental multi-agent
research problems and propose a solution for each.

We start by studying the problem of learning risk-sensitive cooperative policies
for agents in risky scenarios characterized by significant potential reward loss due
to the execution of potential low-return actions. Particularly, we focus on envi-
ronments where agent heterogeneity is prevalent within the team, and opponents
may outnumber the RL agents. To tackle the problem, we propose RMIX to learn
risk-sensitive cooperative policies for MARL. We first model distributions of in-
dividuals’ Q values via distributional RL. Then we utilize the Conditional Value
at Risk (CVaR) measure over the individual return distribution. We also propose
a dynamic risk level optimizer to handle the temporal nature of the stochastic
outcomes during execution. Empirically, RMIX shows leading performance over

xxvi



ABSTRACT

state-of-the-art methods in various multi-agent risk-sensitive scenarios. It demon-
strates enhanced coordination and reveals improved sample efficiency.

We then investigate the problem of learning scalable policies in dynamic Electronic
Toll Collection (DETC) problems where the traffic network is large and dynamic.
To this end, we propose a novel MARL approach for scaling up DETC by decom-
posing large states into smaller parts and learning a multi-agent policy for each
decomposed state with the cooperative MARL method. Specifically, we decom-
pose the graph network into smaller graphs and propose a novel edge-based graph
convolutional neural network (eGCN) to extract the spatio-temporal correlations
of the road network features. The extracted features are fed into the policy net-
work of the cooperative MARL method. Experimental results show that such a
divide-and-conquer approach can scale up to realistic-sized problems with robust
performance and significantly outperform the state-of-the-art method.

Thirdly, we focus on learning efficient multi-agent coordination policies in scenarios
where actions have durations. With action durations, the rewards are displaced,
making training MARL policies challenging with temporal-difference learning. To
address this problem, we propose a novel reward redistribution method built on
our novel graph-based episodic memory called LeGEM-core to learn efficient multi-
agent coordination in environments where off-beat actions are prevalent. Off-beat
actions refer to actions that have action durations, during which the environmental
changes are influenced by the execution of these actions. LeGEM-core memorizes
agents’ past experiences explicitly and enables credit assignment in MARL training.
We name our solution method as LeGEM. We evaluate LeGEM on various multi-
agent scenarios with off-beat actions, including the Stag-Hunter Game, Quarry
Game, and Afforestation Game. Empirical results show that it significantly boosts
multi-agent coordination in multi-agent environments with off-beat actions and
achieves leading performance.

Lastly, we aim to learn generalizable policies that enable agents to coordinate with
or compete with other agents that possess unseen policies during training. We pro-
pose RPM that learns generalizable policies for agents in evaluation scenarios where
other agents behave differently. The main idea of RPM is to train MARL policies
by gathering massive multi-agent interaction data. We first rank each agent’s poli-
cies by its training episode return and then save the ranked policies in the memory;
when an episode starts, each agent can randomly select a policy from memory as



ABSTRACT

the behavior policy. This novel self-play framework diversifies multi-agent interac-
tion in the training data and improves the generalization performance of MARL.
Experimental results on Melting Pot demonstrate that RPM enables agents to in-
teract with unseen agents in multi-agent generalization evaluation scenarios and
gain increased performance.

To conclude, this doctoral thesis investigates four fundamental multi-agent sequen-
tial decision-making research problems that are ubiquitous and unsolved. The
proposed four MARL methodology solutions achieve efficient policy training and
performance for agents in multi-agent environments with uncertainties raised by
the potential loss of rewards, the issue of large state space, the action durations,
and the lack of generalizability of MARL.



Chapter 1

Introduction

1.1 Background

Many entities, such as sports players in a match, video game players in an episode,
cars in the traffic network, and robots in the warehouse, engage in a team or group
to accomplish their goals. The way they interact with each other can be coop-
erative, competitive, or even mixed, and they require certain sequential decision-
making strategies to achieve goals. For example, to win the promotion competition,
eleven football players in the team could adopt a strategy and then cooperatively
execute the strategy in the tournament (Figure 1.1 (a)). In StarCraft II video
games, players in each group should cooperate with each other to combat the rest
groups (Figure 1.1 (b)). Such complex coordination involves complex sequential
decision-making at each time step. In a warehouse, there are thousands of storage
racks and commodities. It is non-trivial for robots to coordinate with each other to
conduct warehouse management and scheduling (Figure 1.1 (c)). These problems
often contain a scenario with many entities, such as in Figure 1.1 (c), the warehouse

Figure 1.1: (a) A football match. (b) A StarCraft II scenario. (c) Robots in a
warehouse.

1
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is the scenario, and robots are entities that act in the warehouse. These multi-entity
scenarios are multi-agent problems that require sequential decision-making strate-
gies for agents to complete the assigned tasks. To obtain optimal strategies, these
multi-agent problems can be modeled as multi-agent systems (MAS) [14] where
each agent models each entity.

The field of multi-agent systems(MAS) [14, 15] is a subfield of artificial intelligence
(AI) [16] that deals with the design and implementation of software agents that
interact with each other in some specific environments. The term “agent” refers
to an autonomous software entity that perceives its environment and acts upon it
to achieve a goal or complete a set of tasks. In MAS, multiple agents coexist and
interact, sharing information, coordinating their actions, and collectively solving
complex problems that are difficult or impossible to solve by a single agent. MAS
is particularly suitable for problem domains where the problem-solving task is se-
quential, distributed, uncertain, dynamic, and involves multiple stakeholders with
different goals and preferences. MAS has been applied in a wide range of appli-
cations, including video games [17, 18], urban systems [19] and autonomous sys-
tems [20–22]. The design and implementation of MAS require advanced approaches
that enable agents to learn efficient decision-making strategies via interacting with
each other and the environment.

Recently, reinforcement learning (RL) methods [23, 24] are often applied to solve
multi-agent problems, primarily because of their ability to scale effectively. Such a
problem-solving paradigm is called multi-agent reinforcement learning (MARL) [25–
27]. RL provides a framework for agents to learn optimal policies that maximize
accumulated rewards in complex environments. With RL, MARL enables agents
to learn from interacting with other agents and the environment through trial and
error. By leveraging the power of deep neural networks [28] and RL [29], deep
MARL is capable of acquiring advanced strategies and adapting to dynamic en-
vironments. This approach achieves superior performance by enabling complex
coordination between agents in multi-agent scenarios, such as the coordination in
video games [30] and traffic control in the traffic network [13].

MARL1 has made remarkable advances in many domains, including autonomous
systems [20–22] and real-time strategy (RTS) video games [17]. By virtue of
the centralized training with decentralized execution (CTDE) [31] paradigm, which

1In the remainder of the thesis, we use MARL rather than deep MARL for conciseness.
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aims to tackle the scalability and partial observability challenges in MARL, many
CTDE-based MARL methods are proposed [26, 32–38]. In CTDE, an agent ex-
ecutes actions only via feeding its observations independently and optimizes its
policy with access to global trajectories centrally. MARL offers several advantages
over single-agent RL in multi-agent systems. Firstly, MARL can lead to better
coordination and cooperation among agents [15, 26, 35], increasing the efficiency
and robustness of MAS. Secondly, MARL is highly flexible and can be applied
to a wide range of complex real-world scenarios with multiple interacting agents,
leading to the improvement of efficiency not attained with single-agent RL [22]. Fi-
nally, MARL can capture the interaction between agents, leading to the emergence
of adaptive and intelligent systems [39]. These advantages make MARL a prac-
tical approach for solving complex, multi-agent problems and can provide several
benefits over single-agent RL in MAS.

1.2 Focus of This Thesis

However, optimizing policies in multi-agent scenarios is non-trivial due to com-
plex multi-agent behaviors, and the non-stationary nature of the environments’
complex dynamics. Agents’ behaviors and interactions between agents cause the
environment’s states and agents’ observations to change over time, making it chal-
lenging to develop effective policies that perform well over time. In addition, partial
observability, where agents have limited or incomplete information about the envi-
ronment, also complicates the problem. Moreover, the inherent uncertainty in the
environment’s dynamics makes decision-making unstable.

This doctoral thesis addresses these challenges by proposing novel MARL meth-
ods that enable agents to adapt to dynamic and partially observable environ-
ments and effectively learn efficient policies. In particular, we tackle the following
four fundamental MARL research problems introduced in the following subsec-
tions 1.2.1, 1.2.2, 1.2.3 and 1.2.4. The first three research problems are mainly on
learning multi-agent cooperative and coordinative policies in environments with
risky outcomes (see Section 1.2.1), large state-action spaces (see Section 1.2.2),
and action durations (see Section 1.2.3), respectively. The ultimate goal of MARL
research is to train generalizable agents that are capable of cooperating and work-
ing with other agents that have unseen policies during training. We made our
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first attempt at training agents that are generalizable in complex scenarios (see
Section 1.2.4). In this section, we first introduce the background and challenges
of four MARL research problems, which are the focus of this thesis. Then, we
propose our method for each MARL research problem and summarize our main
contributions in Section 1.3.

1.2.1 Learning Risk-Sensitive Policies for Cooperative MARL

Recently, centralized training with decentralized execution (CTDE) [31] has drawn
enormous attention in MARL research. Empowered by CTDE, several MARL
methods, including value-based and policy gradient-based, are proposed [26, 32,
33, 35]. These MARL methods propose decomposition techniques to factorize
the global Q value either by structural constraints or by estimating state-values or
inter-agent weights to conduct the global Q value estimation [26, 32, 33, 35, 36, 40].

However, such an expected, i.e., risk-neutral, Q value is not sufficient even with
CTDE due to the noisy nature of rewards and the inherent uncertainty in the en-
vironments, which is ubiquitous in many real-world multi-agent problems, such as
multi-robot search and rescue [41]. These issues cause the failure of these meth-
ods to train cooperative agents in complex multi-agent environments. Specifically,
these methods only learn the expected values over returns [26] and do not handle
the high variance caused by events with extremely high/low rewards to agents but
at small probabilities, which cause inaccurate/insufficient estimations of future re-
turns. Therefore, instead of estimating risk-neural Q values, learning risk-sensitive
Q values is essential for efficient multi-agent decision-making.

1.2.2 Learning to Scale Up with Cooperative MARL

Electronic Toll Collection (ETC) systems set tolls on different roads. Thus, vehi-
cles are regulated to travel on less congested roads with lower tolls, making ETC a
practical approach to mitigate traffic congestion. In recent years, there have been
many dynamic ETC (DETC) pricing schemes [42–45] that calculate tolls based on
real-time traffic dynamics. These schemes were proposed to overcome the limita-
tions of traditional ETC schemes, which rely on predetermined prices and do not
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adjust to changes in traffic conditions. By computing tolls based on current traffic
flows, DETC schemes aim to improve traffic management and reduce congestion.

Despite that, devising a DETC scheme is still challenging and non-trivial due to its
complex problem structure, including a large-scale road network, dynamic traffic
flow, uncertainty in traffic demand, and its sequential decision-making problem.
Recently, Chen et al. [44] made the first attempt at solving the DETC problem via
RL. They formulated this sequential decision-making problem as a Markov Decision
Problem (MDP) and proposed an RL method [44]. Despite its good performance in
mitigating traffic congestion over other methods, a major limitation of the proposed
method, PG-β, is that it is limited to a small-scale road network and cannot work
under realistic-sized road networks. Therefore, scaling the current state-of-the-art
DETC method to large-scale real-world road networks is vital. We focus on scaling
up DETC to large-scale real-world road networks via MARL.

1.2.3 Learning to Coordinate in

Environments with Off-Beat Actions

Despite the recent successes of MARL [26, 32, 33, 35, 38], learning effective multi-
agent coordination policies for complex multi-agent systems remains challenging.
One key challenge is the off-beat actions, i.e., actions have execution durations,
where the environmental changes are not synchronized with action execution dur-
ing the execution durations. However, Dec-POMDP [15], which underpins many
CTDE-based MARL methods, hinges on the assumption that actions are executed
immediately, leading to catastrophic failure for centralized training on various off-
beat multi-agent scenarios (OBMAS).

Two key obstacles cause training efficient multi-agent coordination policies in OB-
MAS challenging: (i) The action durations are unknown to agents during ex-
ecutions, and communication is constrained and not always feasible; (ii) TD-
learning [46] is impeded by the displaced rewards caused by off-beat actions. Thus,
the temporal credit assignment is hampered in training. With off-beat actions, the
nonstationarity issue, which mainly stems from rewards’ time dependency on the
agents’ past actions, is exacerbated. We aim to tackle these problems in this thesis.
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1.2.4 Learning to Generalize for MARL Agents

In recent years, much progress has been achieved in MARL research [17, 18, 47].
However, the MARL agents easily overfit the training environment and perform
poorly in evaluation scenarios where other agents behave differently. Despite being
crucial to real-world MARL applications, the generalizability problem [3] is largely
ignored in current research.

Generalization may have different meanings from different perspectives and re-
search directions. In supervised learning, many works focus on devising novel
representations of neural networks [48, 49] to improve the generalization of deep
neural network models. In RL, the generalized single agents are those who can gen-
eralize to different test environments rather than the training environments [49].
The generalization in MARL we study in this chapter is vital for MARL research.
Generalization in MARL [3] means that an agent in multi-agent systems could
cooperate or compete with agents possessing unseen policies. With generalizable
policies, agents could team up with agents that have unseen policies to achieve a
cooperative goal or win against other agents. We aim to train MARL agents who
can adapt to new scenarios where other agents’ policies are unseen during training.

1.3 Main Contributions

We propose one solution for each of the corresponding multi-agent research prob-
lems above. Our main contributions are summarized below.

• To learn risk-sensitive policies for efficient multi-agent coordination (intro-
duced in Section 1.2.1), we propose RMIX, a novel cooperative risk-sensitive
MARL method. Specifically, our contributions are in three folds: (i) we first
learn the return distributions of individuals by using Dirac Delta functions
to analytically calculate CVaR for decentralized execution. The resulting
CVaR values at each time step are used as policies for each agent via argmax

operation; (ii) we then propose a dynamic risk level optimizer for CVaR cal-
culation to handle the temporal nature of stochastic outcomes as well as tune
the risk level during executions. The dynamic risk level optimizer measures
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the discrepancy between the embedding of current individual return distribu-
tions and the embedding of historical return distributions. The dynamic risk
levels are agent-specific and observation-wise; (iii) as our method focuses on
optimizing the CVaR policies via CTDE, we finally optimize CVaR policies
with CVaR values as target estimators in TD error via centralized training,
and CVaR values are used as auxiliary local rewards to update local return
distributions via Quantile Regression loss.

• To address the scaling-up issue in dynamic Electronic Toll Collection (DETC)
(introduced in Section 1.2.2), we propose a novel MARL approach. We make
several key contributions: (i) an enhancement over the state-of-the-art RL-
based method with a deep neural network representation of the policy and
value functions and a temporal difference learning framework to accelerate
the update of target values; (ii) a novel edge-based graph convolutional neu-
ral network (eGCN) to extract the spatiotemporal correlations of the road
network state features; (iii) a novel cooperative multi-agent reinforcement
learning (MARL) that divides the whole road network into partitions ac-
cording to their geographic and economic characteristics and trains a tolling
agent for each partition. Experimental results show that such a divide-and-
conquer approach can scale the RL method and significantly outperform the
state-of-the-art method.

• To learn cooperative policies for agents in environments with off-beat ac-
tions (introduced in Section 1.2.3), we propose a novel reward redistribu-
tion method built on our novel graph-based episodic memory called LeGEM-
core to learn efficient multi-agent coordination in environments where off-
beat actions are prevalent, i.e., all actions have execution durations, and
during execution durations, the environmental changes are not synchronized
with action execution. LeGEM-core memorizes agents’ past experiences ex-
plicitly and enables credit assignment in MARL training. We name our so-
lution method as LeGEM. Empirical results show that it significantly boosts
multi-agent coordination in OBMAS and achieves leading performance.

• To improve the generalization performance of MARL agents in environments
where other agents’ policies are unseen (introduced in Section 1.2.4), we
propose RPM, which aims to learn generalizable policies for MARL agents in
evaluation scenarios where other agents behave differently. The main idea of
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RPM is to train MARL policies via gathering massive multi-agent interaction
data. We first rank each agent’s policies by its training episode return and
then save the ranked policies in the memory ; when an episode starts, each
agent can randomly select a policy from the RPM as the behavior policy. This
novel self-play framework guarantees the diversity of multi-agent interaction
in the training data. Experimental results on Melting Pot demonstrate that
RPM enables MARL agents to interact with unseen agents and gain increased
performance.

1.4 Thesis Organization

The organization of this thesis is as follows. Chapter 2 introduces the prelimi-
naries of RL and MARL research. Chapter 3 introduces the solution to learning
risk-sensitive policies for MARL. Chapter 4 introduces the solution to learning to
scale up with cooperative MARL. Chapter 5 introduces the method of learning
to coordinate in environments with off-beat actions for MARL agents. Chapter 6
introduces the method of learning generalizable policies for MARL. Chapter 7 con-
cludes this thesis and discusses future works. The overall structure of this thesis is
also depicted in Figure 1.2.
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Figure 1.2: The overall structure of this thesis.



Chapter 2

Background

In this chapter, we present the background knowledge, mathematical formulations
and objectives that are necessary for readers to follow our research works in the
rest of this thesis. We first introduce the setting and problem-solving paradigm
in the single-agent setting. In Section 2.1, we introduce Markov Decision Process
(MDP) followed by Reinforcement Learning (RL) in Section 2.2. Then, we present
the multi-agent setting and MARL. We introduce two popular multi-agent formula-
tions, Decentralized Partially Observable Markov Decision Process (Dec-POMDP)
in Section 2.3 and Markov Games in Section 2.4. We finally introduce Multi-Agent
Reinforcement Learning (MARL) in Section 2.5. Note that the novel Dec-POMDP
framework introduced in Chapter 5 is based on Dec-POMDP.

10
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2.1 Markov Decision Process

Agent Environment

State

Reward

𝑠!

𝑟!

𝑠!"#

𝑟!"#

Action 𝑎!

Figure 2.1: The agent–environment interaction in a Markov decision process.

Markov Decision Process (MDP) [50] is a widely used mathematical framework
to model sequential decision-making problems in a stochastic environment. MDP
is defined as a tuple (S, A, P , R, γ), where S represents the set of states, A
represents the set of actions, P represents the transition probability function, R
represents the reward function, and γ is a discount factor. At each time step,
an agent observes a state st ∈ S and selects an action at ∈ A from a policy
π(st). Then, the environment transitions to a new state st+1 ∈ S with probability
P(st+1|st, at), and the agent receives a reward rt according to the reward function
R(st, at). The goal of the agent is to maximize the cumulative discounted reward
Gt over a finite horizon starting from time step t:

Gt =
T∑
k=t

γk−trk (2.1)

= rt + γrt+1 + γ2rt+2 + γ3rt+3 + · · ·+ γT−trT

= rt + γ
(
rt+1 + γrt+2 + γ2rt+3 + · · ·+ γT−t−1rT

)
= rt + γGt+1 (2.2)

where T is the time step when the decision horizon ends. Solving an MDP involves
finding an optimal policy π∗ that maximizes the cumulative discounted reward Gt.
We illustrate the agent-environment interaction in a MDP in Figure 2.1.
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2.2 Reinforcement Learning

There are many methods to solve MDPs. Dynamic programming methods are
representative methods for solving MDPs, such as Value Iteration (VI) and Pol-
icy Iteration (PI) [29, 50]. However, one limitation of value iteration and policy
iteration is that they require knowledge of the transition probabilities and reward
functions of the environment, which may not be available or accurate in many
real-world applications. In contrast, model-free RL1 methods can learn directly
from experience without requiring this information. In addition, solving VI and PI
can be computationally expensive, especially for large state and action spaces. RL
methods, such as Q-learning [51] and policy gradient method [52], are often more
scalable and can handle high-dimensional state and action spaces. Furthermore,
VI and PI assume that the MDP is stationary, which means that the transition
probabilities and reward functions do not change over time. However, in many real-
world applications, the environment may be non-stationary, while RL methods can
adapt to such changes more effectively.

Over the past decade, by leveraging the Deep Neural Networks [28], Deep Reinforce-
ment Learning (DRL) has made remarkable advances in many domains, including
arcade video games [23, 53], complex continuous robot control [24, 54], the game of
Go [55], magnetic control of tokamak plasmas [56] and matrix multiplication [57].
More concretely, the key ideas of RL are the value function V π(s) and the Q value
function Qπ(s, a), which are used to estimate the value of being in a particular
state or taking a specific action in a state by following a policy π, respectively2.
Formally, V π(s) is defined as:

V π(s) = Eπ [Gt | st = s] = Eπ

[
T∑
k=t

γk−trk | st = s

]
, for all s ∈ S (2.3)

where t is any time step and Eπ [ · ] denotes the expected value of the discounted
accumulative rewards given that the agent follows policy π. V ∗(s) represents the
optimal value function for a given state. It denotes the expected discounted cu-
mulative rewards that an agent can achieve from a specific state s, following the

1Unless specified otherwise, we refer to RL as model-free RL where the transition function
and the reward function are unknown to the agent.

2For brevity, we will omit the superscript π in Q value functions and value functions in the
rest of this thesis.
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optimal policy π∗. It is defined as V ∗(s) = maxπ V
π(s) for all s ∈ S. Similarly, we

define the Q value function:

Qπ(s, a) = Eπ [Gt | st = s, at = a] = Eπ

[
T∑
k=t

γk−trk | st = s, at = a

]
(2.4)

Q∗(s, a) represents the optimal action-value function for a given state-action pair.
It denotes the expected discounted cumulative rewards that an agent can achieve
from taking action a in state s, and then following the optimal policy π∗ thereafter.
It is defined as Q∗(s, a) = maxπQ

π(s, a) for all s ∈ S and a ∈ A. Value functions
satisfy recursive relationships similar to Equation 2.2. For any policy π and any
state s, the following consistency condition holds between the value of s and the
value of its successor states:

V π(s) = Eπ [Gt | st = s]

= Eπ [rt + γGt+1 | st = s]

=
∑
a

π(a | s)
∑
s′

∑
r

P (s′, r | s, a) [r + γEπ [Gt+1 | st+1 = s′]]

=
∑
a

π(a | s)
∑
s′,r

P (s′, r | s, a) [r + γV π (s′)] , for alls ∈ S. (2.5)

Once we have found the optimal value functions, V ∗ or Q∗, we can write Q∗ in
terms of V ∗ as follows:

Q∗(s, a) = E [rt + γV ∗ (st+1) | st = s, at = a] . (2.6)

Following the Bellman equation for state values (Equation 2.5), V ∗ and Q∗ satisfy
the Bellman optimality equations [29, 58]:

V ∗(s) = max
a∈A

Qπ∗(s, a) (2.7)

= max
a

Eπ∗ [Gt | st = s, at = a]

= max
a

Eπ∗ [rt + γGt+1 | at = s, at = a]

= max
a

E [rt + γV ∗ (st+1) | st = s, at = a]

= max
a

∑
s′,r

P (s′, r | s, a) [r + γV ∗ (s′)] . (2.8)
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or

Q∗(s, a) = E
[
rt + γmax

a′
Q∗ (st+1, a

′) | st = s, at = a
]

=
∑
s′,r

P (s′, r | s, a)
[
r + γmax

a′
Q∗ (s′, a′)

]
. (2.9)

2.2.1 Temporal-Difference Learning

Temporal-difference (TD) learning is central to RL [29, 46]. TD learning can learn
policies from experience without a model of the environment’s dynamic. The inter-
action between the agent and the environment generates the experiences. Unlike
Monte Carlo methods that update the estimate based on the discounted accumu-
lated rewards from the current time step to the end of the episode, TD learning
updates its estimates based on the reward of the current time step and the other
learned estimates. Formally, its updated rule of V is:

V (st) := V (st) + α [rt + γV (st+1)− V (st)] , (2.10)

where α ∈ (0, 1] is a constant value that determines how much the estimated value
is updated with each iteration. In Monte Carlo, the target is Gt =

∑∞
t=0 γ

trt,
whereas the target for the TD update is rt+ γV (st+1). The TD-error is defined as
δt

.
= rt + γV (St+1) − V (St). This method is a special case of TD(λ) and n-step

TD [29]. We call it TD(0) or one-step TD.

2.2.2 Q-Learning and DQN

Q-learning [51] is one of the early milestones in RL. It is defined as:

Q (st, at) := Q (st, at) + α
[(
rt + γmax

a
Q (st+1, a)

)
−Q (st, at)

]
, (2.11)

where the learned action-value function, Q, directly approximates Q∗ via the max

operator over the Q in the TD target. While taking action, it adopts ϵ-greedy for
exploration. The agent has an ϵ ∈ [0, 1] probability of selecting an action randomly
sampled from the action space and a 1 − ϵ probability of selecting an action that
has the largest Q value. Mnih et al. proposed DQN [23], which used a deep neural
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network to parameterize the Q(s, a; θ) function with parameters θ. To find the
optimal θ, DQN minimizes the following regression loss:

L (θ) = Es,a,r,s′
[(
yDQN −Q (s, a; θ)

)2]
, (2.12)

where yDQN = r + γmaxa′ Q
(
s′, a′; θ−i

)
. θ−i is the parameter of the target Q and

copied periodically from θ. There are many variants of DQN, such as C51 [59],
Rainbow [60], QR-DQN [61], and IQN [62]. These methods achieved human-level
performance in Atari games [63]. We will not introduce them in this thesis due to
the page limit. For more information, readers can read their papers.

2.2.3 Policy Gradient and PPO

In this section, we introduce policy gradient methods [52, 64]. Unlike value-based
RL methods that optimize the policy via optimizing the Q or V , policy gradient
methods directly optimize the policy π(s; θ) via conducting gradient ascent on a
performance measure J (θ), e.g., V πθ , the true value function for πθ. By deriving
the gradient of J (θ),

∇J (θ) = Eπ
[
G∞
t

∇π (at | st; θ)
π (at | st; θ)

]
, (2.13)

we can get the REINFORCE [52] policy gradient method. REINFORCE esti-
mates the gradient of the expected return using the Monte Carlo return G∞

t =∑∞
k=t γ

k−trk. The resulting gradient estimates can have high variance, leading to
slow convergence and instability in the learning process.

In Actor-Critic methods [24, 54, 65–67], the actor is the policy, and the critic is the
value function. The gradient is estimated using the critic rather than Gt, which
updates the policy. The TD error rt+γV (st+1)−V (st) is used to replace the critic
in the gradient. The critic is trained with TD learning.

Proximal Policy Optimization (PPO) [24] is an Actor-Critic method. It works by
optimizing a surrogate objective function that approximates the expected improve-
ment in the policy. This objective function is a clipped surrogate objective that
constrains the size of the policy update to prevent large changes that could result
in unstable learning. The clipping function ensures that the new policy does not
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deviate too much from the old policy, which improves the stability and robustness
of the learning process.

Formally, PPO updates the parameter θk+1 of its policy at iteration k+1 by taking
multiple steps of stochastic gradient ascent via:

θk+1 = argmax
θ

Es,a∼πθk [L (s, a, θk, θ)] , (2.14)

where L is defined as:

L(s, a, θk, θ) = min

(
πθ(a|s)
πθk(a|s)

Aπθk (s, a), clip(
πθ(a|s)
πθk(a|s)

, 1± ϵ)Aπθk (s, a)
)
, (2.15)

where clip( πθ(a|s)
πθk (a|s)

, 1± ϵ) = clip( πθ(a|s)
πθk (a|s)

, 1+ ϵ, 1− ϵ) and ϵ is a hyperparameter that
determines the extent to which the new policy is allowed to deviate from the old
policy during the update step.

PPO has become a popular choice for solving a wide range of RL problems, in-
cluding complex tasks with high-dimensional states and action spaces. It has also
achieved state-of-the-art results in many benchmark environments, such as the
Atari games [63] and OpenAI Gym [68].

2.3 Decentralized Partially Observable

Markov Decision Process

A fully cooperative MARL problem can be described as a decentralized partially
observable Markov decision process (Dec-POMDP) [15], which can be formulated
as a tuple M = ⟨S,U ,P , R,Υ, O,N , γ⟩, where s ∈ S denotes the state of the
environment (we illustrate it in Figure 2.2). Each agent i ∈ N := {1, ..., N}
chooses an action ui ∈ U at each time step3, giving rise to a joint action vector,
u := [ui]

N
i=1 ∈ UN . P(s′|s,u) : S×UN×S 7→ P(S) is a Markovian transition func-

tion. Every agent shares the same joint reward function R(s,u) : S×UN 7→ R, and
γ ∈ [0, 1) is the discount factor. Due to partial observability, each agent has indi-
vidual partial observation υ ∈ Υ of the state, according to the observation function

3In multi-agent systems and MARL, the notation for actions differs from that in MDP and RL
in Sections 2.1 and 2.2, aligning with the prevalent convention in related MARL literature [26, 35].
This notation will be consistently used throughout the remainder of this thesis.
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Figure 2.2: A two-agent multi-agent system. Note that in Dec-POMDP, the
two agents share the same reward since they should coordinate in the environ-
ment. However, in Markov games, agents receive different reward values because
agents have different goals. They may cooperate at the beginning of the game
and betray at the end of the game.

O(s, i) : S × N 7→ Υ. Each agent learns its own policy πi(ui|τi) : T × U 7→ [0, 1]

given its action-observation history τi ∈ T := (Υ×U). In Dec-POMDP, the reward
at each time step is shared among all agents. Thus, the credit assignment issue
between agents is one of the key research challenges. Many MARL methods were
proposed to tackle it [26, 33, 35–37, 40, 69], among which QMIX [26], QPLEX [40]
and HAPPO [37] are representative methods.

2.4 Markov Games

We use a tuple G = ⟨N ,S,U ,O,P , R, γ, ρ⟩ to represent Markov Games [70]. N is
a set of agents with the size |N | = N ; S is a set of states; u = ×Ni=1ui ∈ U is a
set of joint actions with ui ∈ Ui denoting the action for an agent i; O = ×Ni=1Oi
is the observation set, with Oi denoting the observation set of the agent i; the
observation of the agent i at time step t is a partial observation of the state st;
P : S × U → S is the transition function and R = ×Ni=1ri is the reward function
where ri : S×U → R specifies the reward for the agent i given the state and the joint
action; γ is the discount factor; the initial states are determined by a distribution
ρ : S → [0, 1]. Given a state s ∈ S, each agent i ∈ N chooses its action ui and
obtains the reward r(s,u) with the private observation oi ∈ Oi, where u = {ui}Ni=1

is the joint action. The joint policy of agents is denoted as πθ = {πθi}Ni=1 where
πθi : S × Ui → [0, 1] is the policy for the agent i. The objective of each agent is to
maximize its total return Ri =

∑∞
t=0 γ

trti . In Markov Games settings, agents can



Chapter 2. Background 18

cooperate [25, 71, 72], compete with other agents for resources or rewards [18, 73]
or even betray the cooperation [74]. Many MARL methods solve Markov Games
problems [25, 71, 75–81], among which MADDPG [25], MF-Q [71] and PSRO [75]
are representative methods.

2.5 Multi-Agent Reinforcement Learning

MARL4 aims to solve multi-agent systems problems with RL. Each agent’s policy
πi is optimized by maximizing the following objective:

J (πi) ≜ Es0:∞∼ρ0:∞G ,ai0:∞∼πi

[
∞∑
t=0

γtrit

]
,

where J (πi) is a performance measure for policy gradient RL methods [52, 54,
66]. Each policy’s Q value Qi is optimized by minimizing the following regression
loss [23] with TD-learning [46]:

L(θi) ≜ ED′∼D

[(
yit −Qi

θi

(
st,ut, s

i
t, u

i
t

))2]
,

where yit = rit + γmaxu′ Qi
θ̄i
(st+1,u

′, sit, u
i,′). θi are the parameters of the agents.

θ̄i is the parameter of the target Qi and periodically copied from θ. D is the replay
buffer that stores all agents’ past transitions where each transition contains the
global state s, all agents’ actions u and the global reward r. D′ contains transitions
that are sampled from the replay buffer D for TD learning. The number of sampled
transitions is far smaller than the number of transitions in the replay buffer.

4Unless specified otherwise, we refer to MARL as model-free MARL where the transition
function and the reward function are unknown to the agents. In RL, model-based RL methods [82–
84] are efficient and have gained great success. However, they are not scalable and still not able to
gain convincing results due to non-stationary multi-agent environments. Furthermore, model-free
MARL methods are scalable and computationally flexible to multi-agent scenarios. Therefore,
we focus on the model-free MARL research problems in this thesis.
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2.6 Chapter Summary

This chapter introduces the background of the proposed MARL methods in this
thesis. In particular, we introduce the background of single-agent RL, which con-
sists of the Markov Decision Process, Temporal-difference Learning, Q-Learning,
DQN, Policy Gradient, and PPO. We then introduce the background of multi-
agent systems, including the Decentralized Partially Observable Markov Decision
Process, Markov Games, and MARL.



Chapter 3

Learning Risk-Sensitive Policies for

Cooperative MARL

Current value-based MARL methods optimize individual Q values to guide indi-
viduals’ behaviors for optimal policies via centralized training with decentralized
execution (CTDE). However, such expected, i.e., risk-neutral, Q value is not suf-
ficient even with CTDE due to the randomness of rewards and the uncertainty in
environments, which is ubiquitous in many real-world multi-agent problems, such
as multi-robot search and rescue [41]. These issues cause the failure of these meth-
ods to train coordinating agents in complex multi-agent environments. To address
these issues, this chapter proposes RMIX1, a novel cooperative MARL method
with the Conditional Value at Risk (CVaR) measure over the learned distribu-
tions of individuals’ Q values. Specifically, we first learn the return distributions
of individuals to calculate CVaR for decentralized execution analytically. Then,
to handle the temporal nature of the stochastic outcomes during executions, we
propose a dynamic risk level optimizer for risk level tuning. Finally, we optimize
the CVaR policies with CVaR values used to estimate the target in TD error dur-
ing centralized training and the CVaR values are used as auxiliary local rewards
to update the local distribution via Quantile Regression loss. Empirically, RMIX
outperforms many state-of-the-art methods on various multi-agent risk-sensitive
navigation scenarios and challenging StarCraft II cooperative tasks, demonstrat-
ing enhanced coordination and revealing improved sample efficiency.

1The work in this chapter has been published in [10].

20
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3.1 Introduction

Recently, many researchers put their efforts into extending the RL methods into
multi-agent systems (MASs) to solve multi-agent problems [17, 19, 19, 21] (see
Chapter 1) and proposed many novel MARL methods. Most of these methods
focus on decomposing the global Q value into individual Q values with different
constraints and network architectures. However, they ignore the fact that such
expected, i.e., risk-neutral, Q value is not sufficient as optimistic actions executed
by some agents can impede team coordination, such as imprudent actions in hostage
rescue operations. In complex environments, agents can encounter states with
extremely high/low rewards while MARL methods cannot handle the noisy nature
of rewards, which leads to the failure of learning multi-agent cooperation. Even
further, given that the environment is nonstationary from the perspective of each
agent, decision-making over the agent’s return distribution [59, 85] takes events of
potential return into account, which makes agents able to address uncertainties in
the environment compared with simply taking the expected values for execution.
However, current MARL methods did not extensively investigate these aspects.

Motivated by the previous reasons, we intend to extend the risk-sensitive RL [86–89]
(“Risk” refers to the uncertainty of future outcomes [85]) to MARL, where risk-
sensitive RL optimizes policies with a risk measure, such as variance, power formula
measure value at risk (VaR) and conditional value at risk (CVaR) [90]. Among
these risk measures, CVaR has been gaining popularity due to both theoretical and
computational advantages [90, 91]. However, there are two main obstacles: (i) most
of the previous works focus on risk-neutral or static risk levels in the single-agent
settings, ignoring the randomness of reward and the temporal structure of agents’
trajectories [85, 87, 92, 93]; (ii) many methods use risk measures over Q values for
policy execution without getting the risk measure values used in policy optimization
in temporal difference (TD) learning, which causes the global value factorization
on expected individual values to have sub-optimal behaviors in MARL.

In this chapter, we propose RMIX, a novel cooperative risk-sensitive MARL method.
Specifically, our contributions are in three folds: (i) we first learn the return distri-
butions of individuals by using Dirac Delta functions to analytically calculate CVaR
for decentralized execution. The resulting CVaR values at each time step are used
as policies for each agent via argmax operation; (ii) we then propose a dynamic risk
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level optimizer for CVaR calculation to handle the temporal nature of stochastic
outcomes as well as tune the risk level during executions. The dynamic risk level
optimizer measures the discrepancy between the embedding of current individual
return distributions and the embedding of historical return distributions. The dy-
namic risk levels are agent-specific and observation-wise; (iii) as our method focuses
on optimizing the CVaR policies via CTDE, we finally optimize CVaR policies with
CVaR values as target estimators in TD error via centralized training, and CVaR
values are used as auxiliary local rewards to update local return distributions via
Quantile Regression loss. These also allow our method to achieve temporally ex-
tended exploration and enhanced temporal coordination, which are keys to solving
complex multi-agent tasks. Empirically, we show that RMIX outperforms many
state-of-the-art methods on various multi-agent risk-sensitive navigation scenarios
and challenging StarCraft II cooperative tasks, demonstrating enhanced coordi-
nation and revealing improved sample efficiency. To the best of our knowledge,
our work is the first attempt to investigate cooperative MARL with risk-sensitive
policies under the Dec-POMDP framework.

3.2 Background

In this section, we provide the notation and the basic notions to be used in the
following sections. We consider the probability space (Ω,F ,Pr), where Ω is the set
of outcomes (sample space), F is a σ-algebra over Ω representing the set of events,
and Pr is the set of probability distributions. Given a set X , we denote with P(X )
the set of all probability measures over X .

Returns

Pr
ob
ab
ilit
y

𝛼

𝛼
Risk level VaR

CVaR𝛼
Mean

Figure 3.1: The illustration of Conditional Value at Risk (CVaR).
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Conditional Value at Risk. Conditional Value at Risk (CVaR) is a coher-
ent risk measure and enjoys computational properties [90] that are derived for
loss distributions in discreet decision-making in finance. It has gained popularity
in various engineering and finance applications. CVaR (as illustrated in Figure
3.1) is the expectation of values that are less equal than the α-percentile value
of the distribution over returns. Formally, let X ∈ X be a bounded random
variable with cumulative distribution function F (x) = P [X ≤ x] and the inverse
CDF is F−1(u) = inf{x : F (x) ≥ u}. The conditional value at risk (CVaR)
at level α ∈ (0, 1] of a random variable X is then defined as CVaRα(X) :=

supν
{
ν − 1

α
E[(ν −X)+]

}
[94] when X is a discrete random variable. Correspond-

ingly, CVaRα(X) = EX∼F [X|X ≤ F−1(α)] [95] when X has a continuous distribu-
tion. The α-percentile value is the value at risk (VaR). For ease of notation, this
chapter writes CVaR as a function of the CDF F , CVaRα(F ).

Risk-sensitive Reinforcement Learning. Risk-sensitive Reinforcement Learn-
ing (RL) uses risk criteria over policy/value, which is a sub-field of the Safety
RL [96]. Von Neumann and Morgenstern [97] proposed the expected utility theory,
where a decision policy behaves as though it is maximizing the expected value of
some utility functions. The theory is satisfied when the decision policy is consis-
tent and has a particular set of four axioms. This is the most pervasive notion of
risk sensitivity. A policy maximizing a linear utility function is called risk -neutral,
whereas concave or convex utility functions give rise to risk -averse or risk -seeking
policies, respectively. Many measures are used in RL, such as CVaR [85, 98] and
power formula [85]. However, few works have been done in MARL, and they cannot
be easily extended. The proposed method fills this gap.

Centralized Training with Decentralized Execution. Centralized Training
with Decentralized Execution (CTDE) has recently attracted attention from deep
MARL to deal with nonstationarity while learning decentralized policies. One of
the promising ways to exploit the CTDE paradigm is value function decomposi-
tion [26, 33, 35] which learns a decentralized utility function for each agent and
uses a mixing network to combine these local Q values into a global action-value.
It follows the Individual-Global-Max (IGM) [35] principle where the optimal joint
actions across all agents are equivalent to the collection of individual optimal ac-
tions of each agent. To achieve scalability, existing CTDE methods typically learn
a shared local value or policy network for all agents.
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Distributional Reinforcement Learning. Distributional RL methods [59, 61]
apply a sample-based approximation to distributional versions of the usual Bellman
operators. For example, one can define a distributional Bellman operator [59] as
T π : Z → Z as

T πZπ(s, a)
D
:= R(s, a) + γP πZ(s, a) (3.1)

where D
= denotes equality in distribution, and the transition operator is defined as

P πZ(s, a)
D
:= Z(s′, a′) with s′ ∼ P ( · |s, a), a′ ∼ π(s). The optimality version T

is similarly any T Z = T πZ where π is an optimal policy w.r.t. expected return.
Note that this is not necessarily unique when there are multiple optimal policies.
The distributional Bellman operator has a convergence guarantee [59, 99], which
laid the theoretical foundation for follow-up distributional RL methods, such as
QR-DQN [61], FQF [100] and NC-QR-DQN [101].

3.3 Solution Method: RMIX

This section presents the framework RMIX in Figure 3.2, where the agent network
learns the return distribution of each agent, a risk operator network determines
the risk level of each agent, and the mixing network mixes the outputs of risk
operators of agents to produce the global value. In the rest of this section, this
chapter first introduces the CVaR operator to analytically calculate the CVaR
value with the modeled individual distribution of each agent in Section 3.3.1 and
then proposes the dynamic risk level optimizer to alleviate time-consistency issue
in Section 3.3.2. Finally, this chapter provides the details of centralized training of
RMIX in Section 3.3.3.

3.3.1 CVaR of Return Distribution

In this section, we describe how we estimate the CVaR value. The value of CVaR
can be either estimated through sampling or computed from the parameterized
return distribution [90]. However, the sampling method is usually computationally
expensive [92]. Therefore, we let each agent learn a return distribution parame-
terized by a mixture of Dirac Delta (δ) functions 2, which is demonstrated to be

2The Dirac Delta is a Generalized function in the theory of distributions and not a function
given the properties of it. We use the name Dirac Delta function by convention.
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Figure 3.2: The framework (dotted arrow indicates that gradients are blocked
during training). (a) Agent’s policy network. (b) The overall architecture (agent
network and mixer). (c) Risk operator. Each agent i applies an individual
risk operator Παi on its return distribution Zi( · , · ) to calculate Ci( · , · , · ) for
execution given risk level αi predicted by the dynamic risk level optimizer ψi.
{Ci( · , · , · )}Ni=1 are fed into the mixer for centralized training.

highly expressive and computationally efficient [59]. By following [59], we define
the parameterized return distribution of each agent i at time step t as:

Zt
i (τi, u

t−1
i ) =

∑M

j=1
Pj(τi, u

t−1
i )δij(τi, u

t−1
i ) (3.2)

where M is the number of Dirac Delta functions. δij(τi, u
t−1
i ) is the j-th Dirac Delta

function of agent i and indicates the estimated return which can be computed by
neural networks in practice. Pj(τi, u

t−1
i ) is the corresponding probability of the

estimated return given local observations and actions. τi and ut−1
i are trajectories

(up to that time step) and actions of agent i, respectively. With the individual
return distribution Zt

i (τi, u
t−1
i ) ∈ Z and cumulative distribution function (CDF)

FZi(τi,u
t−1
i ), we define the CVaR operator Παi

, at a risk level αi (αi ∈ (0, 1] and i ∈
[1, . . . , N ]), over return as3 Ct

i (τi, u
t−1
i , αi) = Παt

i
Zt
i (τi, u

t−1
i ) := CVaRαt

i
(FZt

i (τi,u
t−1
i ))

3We will omit the superscript of t in Zt
i in the rest of this chapter for notation brevity.
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Figure 3.3: Agent architecture. It has two Recurrent Neural Network (RNN) [1]
models. One RNN is for the Q network (top) and another one is for the risk level
optimizer (bottom). We implement the two RNN models with Gated Recurrent
Unit (GRU) [2], which is efficient in practice. Note that Z̃i shares the same neural
network layer with Zi, while the RNNs of agent i and ψ function independently,
without sharing neural network layers.

where C ∈ C. As we use CVaR on return distributions, it corresponds to risk-
neutrality (expectation, αi = 1) and indicates the improving degree of risk-aversion
(αi → 0). CVaRαi

can be estimated in a nonparametric way given the ordering of
Dirac Delta functions

{
δij
}m
j=1

[102] by leveraging the individual distribution:

CVaRαi
=

∑M

j=1
Pjδ

i
j1

{
δij ≤ v̂M,αi

}
, (3.3)

where 1{ · } is the indicator function and v̂M,αi
is estimated value at risk from

v̂M,αi
= δi⌊M×(1−αi)⌋ with ⌊ · ⌋ being floor function. This is a closed-form formulation

and can be easily implemented in practice. The optimal action of agent i can be
calculated via argmaxui Ci(ui|τi, ut−1

i , αi).

3.3.2 Risk Level Optimizer

The values of risk levels, i.e., αi ∈ (0, 1] (i ∈ [1, . . . , N ]), in Equation 3.3 are im-
portant for the agents to make decisions. Most of the previous works take a fixed
value of risk level and do not take into account any temporal structure of agents’
trajectories, especially in environments where agents have partial observations and
should cooperate to complete tasks, which makes it hard to tune the best risk
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Figure 3.4: Risk level optimizer ψi.

level and impede centralized training in the evolving multi-agent cooperation en-
vironments. Furthermore, learning a return distribution for each time step incurs
high computational costs and lacks scalability. Therefore, we propose the dynamic
risk level optimizer, which determines the risk levels of agents by explicitly taking
into account the temporal nature of the stochastic outcomes, such as other agents’
behaviors and the presence of opponents in the agent’s observation, to alleviate
time-consistency issue [91, 103] and stabilize the centralized training. Specifically,
we represent the risk operator Πα by a deep neural network, which calculates the
CVaR value (see Equation 3.3 in Section 3.3.1) with dynamic risk level output by
the risk level optimizer.

We show the architecture of agent i in Figure 3.3 (agent network and risk operator
with risk level optimizer ψi, as shown in Figure 3.2) and illustrate how ψi works
with agent i for CVaR calculation in practice in Figure 3.4. Each agent has a risk
level optimizer ψi(i ∈ [1, · , N ]). At time step t, agent i’s return distribution is
Zi and its last return distribution at time step t − 1 is Z̃i. Then we conduct the
inner product to measure the discrepancy between fembai

(Zi)
k, the embedding of

individual return distribution Zi, and fembbi
(Z̃i)

k, the embedding of distribution Z̃i.
For agent i, using the same underlying GRU [2] network to get the Z̃i can harm
the performance of the agents because the deep learning optimizer should optimize
the parameters of the GRU, the distribution Zi and the dynamic risk levels (see
Figure 3.3) simultaneously in one update path with TD learning. To mitigate this
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issue, we feed agent i’s trajectories ϕi(τ 0:t−1
i , ut−1

i ) into another GRU network and
its output is fed into the neural network layer of agent i’s Zi. Thus, we can get Z̃i.

In ψi for agent i, we discretize the risk level, whose range is (0, 1], evenly into K
levels for the convenience of computing. The probability of the k-th risk level αki
is defined as:

P(αki ) =
exp

(〈
fembai

(Zi)
k, fembbi

(Z̃i)
k
〉)

∑K−1
k′=0 exp

(〈
fembai

(Zi)k
′ , fembbi

(Z̃i)k
′
〉) . (3.4)

Then we get the k∗ ∈ [1, . . . , K] with the maximal probability by argmax and
normalize it into (0, 1], thus αi = k∗/K. αi is a scalar value and used to cal-
culate the CVaR value (see Equation 3.3 in Section 3.3.1) of each action-return
distribution. Finally, we obtain Ci and the policy πi as illustrated in Figure 3.3.
During training, fembai

updates its weights and the gradients of fembai
are blocked

(the dotted arrow in Figure 3.3) in order to prevent changing the weights of the
network of agent i. We note that the predictor differs from the attention network
used in previous works [104, 105] because the agent’s current return distribution
and its return distribution of the previous time step are separate inputs of their
embeddings and there is no key, query and value weight matrices. The dynamic
risk level optimizers allow agents to determine the risk level dynamically based on
historical return distributions and it is a hyperparameter (e.g., α) tuning strategy
as well.

3.3.3 Training

We train RMIX by addressing the two challenging issues: credit assignment and
return distribution learning.

Loss Function. As there is only a global reward signal and agents have no access
to individuals’ rewards, we first utilize the monotonic mixing network (fm) from
QMIX to do Credit assignment. fm enforces a monotonicity constraint on the
relationship between Ctot and each Ci for RMIX:

∂Ctot

∂Ci
≥ 0,∀i ∈ {1, 2, . . . , N}, (3.5)
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where Ctot = fm(C1( · , · , · ), · · · , CN( · , · , · )) and Ci(τi, ui, αi) is the individual
CVaR value of agent i. To ease the confusion, the Ctot is not the global CVaR value
as modeling global return distribution as well as local distribution are challenging
with the credit assignment issue in Dec-POMDP problems, and the risk level values
are locally decided and used during training. Then, to maximize the CVaR value
of each agent, we define the risk-sensitive Bellman operator T :

T Ctot(s,u) := E
[
R(s,u) + γmax

u′
Ctot(s′,u′)

]
(3.6)

The risk-sensitive Bellman operator T operates on the Ctot and the reward, which
can be proved to be a contracting operation, as shown in Proposition 3.1.

Proposition 3.1. T : C 7→ C is a γ-contraction.

Proof. We consider the sup-norm contraction,

∣∣T C(1)(s,u)− T C(2)(s,u)
∣∣ ≤ γ

∥∥C(1)(s,u)− C(2)(s,u)
∥∥
∞ ∀s ∈ S,u ∈ U .

(3.7)
The sup-norm is defined as ∥C∥∞ = sups∈S,u∈U |C(s,u)| and C ∈ R.

In {Ci}Ni=1, the risk level is fixed and can be considered implicit input. Given two
different return distributions Z(1) and Z(2), we prove:

∣∣T C(1) − T C(2)

∣∣ ≤ max
s,u

∣∣[T C(1)

]
(s,u)−

[
T C(2)

]
(s,u)

∣∣
= max

s,u

∣∣∣γ∑
s′
P(s′|s,u)

(
max
u′

C(1)(s
′,u′)−max

u′
C(2)(s

′,u′)
)∣∣∣

≤ γmax
s′

∣∣∣max
u′

C(1)(s
′,u′)−max

u′
C(2)(s

′,u′)
∣∣∣

≤ γmax
s′,u′

∣∣C(1)(s
′,u′)− C(2)(s

′,u′)
∣∣

= γ
∥∥C(1) − C(2)

∥∥
∞

(3.8)
This further implies that

∣∣T C(1) − T C(2)

∣∣ ≤ γ
∥∥C(1) − C(2)

∥∥
∞ ∀s ∈ S,u ∈ U . (3.9)
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With proposition 3.1, we can leverage the TD learning [29] to compute the max-
imal CVaR value of each agent, thus leading to the maximal global CVaR value.
Following the CTDE convention, we define the TD loss of RMIX:

LΠ(θ) := ED′∼D
[
(ytott − Ctot (st,ut))

2
]

(3.10)

where ytott =
(
rt + γmaxu′ Ctot

θ̄
(st+1,u

′)
)
, and (ytott − Ctot

θ (st,ut)) is the CVaR
TD error of RMIX for updating CVaR values. θ is the parameters of Ctot which
can be modeled by a deep neural network and θ̄ indicates the parameters of the
target network which is periodically copied from θ for stabilizing training [23].
While training, gradients from Zi are blocked to avoid changing the weights of the
agents’ network from the dynamic risk level optimizer.

Local Return Distribution Learning. The CVaR estimation relies on accu-
rately updating the local return distribution and the update is non-trivial. How-
ever, unlike many deep learning [106] and distributional RL methods [59, 61] where
the label and local reward signal are accessible, in the problem of RMIX, the exact
rewards for each agent are unknown, which is very common in real-world prob-
lems. To address this issue, we first consider CVaR values as dummy rewards of
each agent due to its property of modeling the potential loss of return and then
leverage the Quantile Regression (QR) loss used in Distributional RL [61] to explic-
itly update the local distribution decentrally. More concretely, QR aims to estimate
the quantiles of the return distribution by minimizing the quantile regression loss
between Zi(τi, ui) and its target distribution Ẑi(τi, ui) = Ci(τi, ui, αi)+γZi(τi

′, ui
′).

Formally, the quantile distribution is represented by a set of quantiles τj = j
K

and
the quantile regression loss for the Q network is defined as:

LQR =
1

N

∑N

i=1

∑K

j=1
EẐi∼Zi

[ρτj(Ẑi − Zi)] (3.11)

where ρτ (ν) = ν(τ − 1{ν < 0}). Huber loss [107] smoothly transitions from L1
loss (mean absolute error) for large errors to L2 loss (mean squared error) for small
errors, making it less sensitive to outliers compared to mean squared error (MSE).
Therefore, we use it in Quantile Regression (QR) loss. We name the loss function
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as quantile Huber loss ρτ (ν) = Lκ(ν)|τ − 1{ν < 0}| where Lκ(ν) is defined as:

Lκ(ν) =

1
2
ν2, if |ν| ≥ κ,

κ(|ν| − 1
2
κ), otherwise.

(3.12)

Note that Risk-sensitive RL and Distributional RL are two orthogonal research
directions as discussed in Sections 3.1 and 3.2.

Algorithm 1: RMIX
1 Input: initialize parameters θ̄ and θ of the network and the target network of

agents, risk operator, monotonic mixing network and replay buffer D;
2 for e ∈ {1, . . . ,MAX_EPISODE} do
3 while EPISODE_NOT_DONE do
4 Observe the global state st;
5 for agent i ∈ {1, . . . , N} do
6 Observe oti and get action ut−1

i ;
7 Predict the risk level αi (Equation 3.4);
8 Calculate CVaR values (Equation 3.3);
9 Get the action uti;

10 Concatenate uti, i ∈ [1, .., N ] into ut;
11 Execute uti into environment;
12 Receive rt and observe a new state s′;
13 Store (st, {oti}Ni=1,u

t, rt, s′) into D;
14 if UPDATE then
15 Sample a min-batch D′ from D;
16 For each sample in D′, calculate CVaR value Ci (Equation 3.3);
17 Concatenate CVaR values {[{C1

i }Ni=1]1, . . . , [{C
|D′|
i }Ni=1]|D′|};

18 For each [{Cj
i }Ni=1]0,j∈[1,...,|D′|], calculate Ctot

j via the mixing network;
19 Update θ by minimizing the TD loss (Equation 3.10);
20 if UPDATE then
21 Update Zi (Equation 3.11);
22 Update θ̄: θ̄ ← θ;
23 Output: A well-trained policy for each agent.

Training. Finally, we train RMIX in an end-to-end manner where each agent
shares a single agent network and a risk predictor network to solve the lazy-agent
issue [33]. ψi is trained together with the agent network via the loss defined in
Equation 3.10. During training, fembi updates its weights while the gradients of
fembi are blocked in order to prevent changing the weights of the return distribution
in agent i. In fact, agents only use CVaR values for execution and the risk level
optimizer only predicts the α; thus the increased network capacity is mainly from
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the local return distribution and the CVaR operator. The proposed framework is
flexible and can be easily used in many cooperative MARL methods. We present
the proposed framework in Figure 3.2. The pseudo-code of RMIX is in Algorithm 1.

3.4 Experiments

We empirically evaluate our method on multi-agent risk-sensitive navigation sce-
narios and StarCraft II (SCII) cooperative scenarios. Especially, we are interested
in the robust cooperation between agents and agents’ learned risk-sensitive policies
in complex cooperative scenarios.

3.4.1 Experiment Setup

3.4.1.1 Multi-Agent Cliff Navigation

We customize the cliff walking environment [29] in the single-agent domain and
develop Multi-Agent Cliff Navigation (MACN) for multi-agent navigation with
risk. In MACN, there are two agents whose task is to complete the navigation
from the starting position to the goal. At each time step, each agent observes an
observation with a dimension of 3×3. Agents can take an action at each time step
and the action set is: {UP,DOWN,LEFT,RIGHT}. The two agents share the
team reward. As depicted in Figure 3.5, there are some regions that are dangerous
and agents will be rewarded with a −100 reward when any agent steps into these
regions, and consequently the episode ends. Agents will receive a −1 reward at

Figure 3.5: Multi-Agent Cliff Navigation.
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(a) 5m_vs_6m (b) MMM2

Figure 3.6: SMAC scenarios: 5m_vs_6m and MMM2.

each time step when they are at the safe region. When one agent reaches the goal,
agents will be rewarded with a −0.5 reward. If the two agents arrive at the goal
at the same time, agents will be rewarded with a 0 reward and the episode ends.
When only one agent arrives at the goal, the two agents will be rewarded with a
−0.5 reward without extra penalty. The objective of the agents is to maximize the
accumulated rewards in each episode. We report the test return mean (averaged
total rewards of evaluation episodes) along with one standard deviation of the test
return mean (shaded in figures).

3.4.1.2 StarCraft II Scenarios

We consider SMAC [30], a challenging set of cooperative StarCraft II (SCII) maps
for micromanagement, as our testbed. The enemy units are controlled by SCII
built-in AI and each of the ally units is controlled by a learning agent. The version
of the SCII simulator is 4.10. We evaluate our method for every 10,000 train-
ing steps during training by running 32 episodes in which agents trained with our
method battle with built-in game bots. We report the mean test win rate (percent-
age of episodes won by MARL agents) along with one standard deviation of the test
win rate (shaded in figures). We present the results of our method and baselines on
6 scenarios: 1c3s5z (easy, symmetric) and MMM2 (super hard, symmetric and ho-
mogeneous), 5m_vs_6m (super hard, asymmetric and homogeneous), 8m_vs_9m
(easy, asymmetric and homogeneous), 10m_vs_11m (easy, asymmetric and homo-
geneous) and corridor (super hard, asymmetric and homogeneous). An asymmetric
scenario indicates the number of the ally units and that of the opponent are not
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equal. A heterogeneous scenario means that all ally units are from different cate-
gories whose action and observation spaces are different while heterogeneous agents
belong to the same category.

States and Observations of StarCraft II. At each time step, agents get local
observations within their field of view, which contains information (relative x, rela-
tive y, distance, health, shield, and unit type) about the map within a circular area
for both allied and enemy units and makes the environment partially observable
for each agent. The global state is composed of joint observations, which could
be used during training. All features, both in the global state and in individual
observations of agents, are normalized by their maximum values.

Action Space of StarCraft II. actions are in the discrete space. Agents are
allowed to make move[direction], attack[enemy id], stop, and no-op. The no-op
action is only legal action for dead agents. Agents can only move in four directions:
north, south, east, or west. The shooting range is set to for all agents. Having
a larger sight range than a shooting range allows agents to make use of the move
commands before starting to fire.

Reward Function of StarCraft II. At each time step, the agents receive a
shared reward equal to the total damage dealt to the enemy agents. In addition,
agents receive a bonus of 10 points after killing each opponent and 200 points after
killing all opponents for winning the battle. The rewards are scaled so that the
maximum cumulative reward achievable in each scenario is around 20.

Environmental Settings of StarCraft II. The difficulty level of the built-in
game AI we use in our experiments is level 7 (very difficult) by default, as many
previous works did [26, 108]. We present the table of all scenarios in SMAC in
Table 3.1 and the corresponding memory usage for training each scenario in Table
3.2. The Ally Units are agents trained by MARL methods, and Enemy Units
are built-in game bots. For example, 5m_vs_6m indicates that the number of
MARL agents is 5 while the number of the opponent is 6. The agent (unit) type
is marine4. This asymmetric setting is hard for MARL methods. An asymmetric
scenario indicates the number of the ally units and that of the opponent are not
equal. A heterogeneous scenario means that ally units are from different categories
whose action and observation spaces are different while heterogeneous agents belong

4A type of unit (agent) in StarCraft II. Readers can refer to https://liquipedia.net/
starcraft2/Marine_(Legacy_of_the_Void) for more information

https://liquipedia.net/starcraft2/Marine_(Legacy_of_the_Void)
https://liquipedia.net/starcraft2/Marine_(Legacy_of_the_Void)
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to the same category. The version of the SCII simulator is 4.10. We evaluate our
method for every 10,000 training steps during training by running 32 episodes in
which agents trained with our method battle with built-in game bots. We report
the mean test win rate (percentage of episodes win of MARL agents) along with
one standard deviation of the test win rate (shaded in figures).

Table 3.1: SMAC Environments

Name Ally Units Enemy Units Type

5m_vs_6m 5 Marines 6 Marines homogeneous & asymmetric

8m_vs_9m 8 Marines 9 Marines homogeneous & asymmetric

10m_vs_11m 10 Marines 11 Marines homogeneous & asymmetric

MMM2
1 Medivac,

2 Marauders &
7 Marines

1 Medivac,
3 Marauders &

8 Marines
heterogeneous & asymmetric

1c3s5z
1 Colossi &
3 Stalkers &

5 Zealots

1 Colossi &
3 Stalkers &

5 Zealots
heterogeneous & symmetric

corridor 6 Zealots 24 Zerglings micro-trick: wall off

3.4.2 Training Details

We use the same neural network architecture used by QMIX [26]. The trajectory
embedding network ϕi is similar to the network of the agent. The last layer of
the risk level optimizer generates the local return distribution and shares the same
weights with the last layer of the agent network. The QR loss is minimized to
periodically (empirically every 50 time steps) update the weights of the agent as
simultaneously updating the local distribution and the whole network can impede
training. The QR loss is used for updating the local distribution while the TD loss
of centralized training is for the agent network weights learning and credit assign-
ment. In the QR loss, the Ci( · , · , · ) is considered as scalar value, and gradients
from Ci( · , · , · ) are blocked. As the QR update relies on accurate estimation of
the dummy reward Ci, we start to update Ci when the test winning rate is over
35%, which means the agents have grasped some strategies to win the game.
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Table 3.2: Memory usage (given the current size of the replay buffer) for the
training of each method (exclude COMA and DOP, which are on-policy methods
without using replay buffers) on scenarios of SCII domain in SMAC.

Scenario Memory Usage (GB)

5m_vs_6m 3
8m_vs_9m 4.9

10m_vs_11m 7.1
1c3s5z 8.6
MMM2 10.8
corridor 14.4

StarCraft II. To make a fair comparison, we use episode (single-process envi-
ronment for training, compared with parallel) runner defined in PyMARL to
run all methods. We use num_circle=1 to train QPLEX for fair training at the
sample level for each update. We use Adam to optimize the CVaR and QR loss
as suggested by QR-DQN [61] with a learning rate of 5 × 10−4. The batch size
is 32 and the replay buffer size is 5000. We use K = 10. We set M = 100 for
5m_vs_6m and 8m_vs_9m. To trade off the experimental performance and the
computation overhead, we use M = 55 for the scenario of the corridor, and M = 65

for 10m_vs_11m, 1c3s5z and MMM2. In order to explore, we use ϵ-greedy with
ϵ annealed linearly from 1.0 to 0.05 over 50K time steps from the start of training
and keep it constant for the rest of the training for all methods. The discount
factor γ = 0.99 and we follow the default hyper-parameters used in the original
papers of all baselines. The evaluation interval is 10, 000 for all methods. We use
uniform probability to estimate Zi( · , · ) for each agent. Experiments are carried
out on NVIDIA Tesla V100 GPU 16G and NVIDIA GeForce RTX 3090 24G. We
also provide memory usage of baselines (given the current size of the replay buffer)
for training each scenario of the SCII domain in SMAC as shown in Table 3.2.

MACN. We follow the same settings used in SCII to train RMIX and baselines
in MACN scenarios. M = 100 and K = 10.
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Table 3.3: Baseline algorithms

Algorithms Brief Description

IQL [109] Independent Q-learning
VDN [33] Value decomposition network

COMA [32] Counterfactual Actor-critic
QMIX [26] Monotonicity Value decomposition

QTRAN [35] Value decomposition with linear affine transform
LH-IQN [111] Likelihood Hysteretic with IQN (independent learning)

DOP [36] Policy Gradient with a linear sum of individual Q values
WQMIX [110] Weighted TD-error of QMIX in centralized training.
QPLEX [40] Using a dueling network to represent the Qtot

3.4.3 Baseline Algorithms

We compare three categories of MARL methods: (i) Value-based methods: IQL [109],
VDN [33], QMIX [26], QTRAN [35], WQMIX [110], QPLEX [40]; (ii) Policy gra-
dient methods: COMA [32] and DOP [36]; (iii) Distributional RL-based meth-
ods. Among these methods, QPLEX and WQMIX are state-of-the-art value-based
MARL methods, and DOP is a state-of-the-art policy gradient MARL method. We
summarize all baselines in Table 3.3. We implement our method on PyMARL [30]
and use five random seeds to train each method. We carry out experiments on
NVIDIA Tesla V100 GPU 16G.

IQL [109]. IQL is an independent Q-learning method for multi-agent RL. Each
agent learns its independent Q values via DQN [23].

VDN [33]. To address the credit assignment issue in Dec-POMDP MARL meth-
ods, VDN utilizes a linear combination of individual Q values to represent the
Qtot(τ ,u) as Qtot =

∑N
i=1Qi(τi, ui). Then, TD-learning can be used to train Qtot.

QMIX [26]. Unlike the linear combination used in VDN, QMIX considers the
monotonic constraint on the relationship between Qtot and Qi, that is

∂Qtot(τ ,u)

∂Qi(τi, ui)
≥ 0, ∀i ∈ {1, 2, . . . , N}

where Qtot(τ ,u) = fm(Q1(τ1, u1), . . . , QN(τN , uN)) and fm is a mixing network built
on top of a hyperntework [112] with (Q1(τ1, u1), . . . , QN(τN , uN)) as inputs. QMIX
outperforms VDN on various hard SCII challenges.
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QTRAN [35]. QTRAN relaxes the constraints of VDN and QMIX and factorize
the Qjt(τ ,u) with transformation:

N∑
i=1

Qi (τi, ui)−Qjt(τ ,u) + Vjt(τ ) =

{
0 u = u

≥ 0 u ̸= u

where Vjt(τ ) = maxuQjt(τ ,u)−
∑N

i=1Qi (τi, ui). QTRAN outperforms QMIX and
VDN on matrix game and struggles on high-dimension SCII tasks.

QPLEX [40]. Wang et al. utilize the dueling structure Q = V + A [113] and
propose the following factorization:

Joint Dueling: Qtot(τ ,u) = Vtot(τ ) + Atot(τ ,u) and Vtot(τ ) = maxu′ Qtot (τ ,u
′)

Individual Dueling: Qi (τi, ai) = Vi (τi) + Ai (τi, ai) and Vi (τi) = maxa′i Qi (τi, a
′
i)

WQMIX [110]. QMIX restricts the joint action Q-values to be a monotonic
mixing of each agent’s Q-values. However, such restriction prevents it from rep-
resenting value functions in which nonmonotonicity occurs. To address this issue,
Rashid et al. [110] propose the following QMIX operator Πw by imposing weights
w(τ ,u) on the TD-error:

ΠwQ := argmin
q∈Qmix

∑
u∈U

w(τ ,u)(Q(τ ,u)− q(τ ,u))2

LH-IQN [111]. LH-IQN was built on top of Hysteretic Q-Learning [114] and
Lenient Q-Learning [115] with IQN to trains independent learners. However, it
performs poorly in complex scenarios, the reason maybe LH-IQN is an independent
learning method similar to IQL.

COMA [32]. Foerster et al. consider the credit assignment problem in policy
graident methods and propose the following counterfactual advantage function:

Ai(τ ,u) = Qtot(τ ,u)−
∑
u′i

πi
(
u′i | τ i

)
Qtot

(
τ ,

(
u−i, u′i

))
where Ai (τ , ui) is a separate baseline for each agent that uses the centralized critic
to reason about counterfactuals where only agent i’s action changes.
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Figure 3.7: The solid curves show the test return mean (averaged total rewards
of evaluation episodes) on two MACN scenarios, MACN scenarios 1 and 2. The
shades depict one standard deviation of the test return mean.

DOP [36]. Wang et al. find the centralized-decentralized mismatch (CDM) in
MADDPG [25]. Inspired by the successes of value decomposition in VDN and
QMIX, they propose the Decomposed Off-Policy policy gradient (DOP) method
which decomposes the centralized Q value with a linear combination of individual
Q values:

Qtot(τ ,u) =
∑
i

ki(τ )Qi (τ , ui) + b(τ )

where ki is the weight and b is the bias which takes the global observation-action
histories as inputs.

3.4.4 Experimental Results

In this subsection, we first showcase the learned risk-sensitive policies of RMIX in
grid-world MACN scenarios and then present the improved complex coordination
of RMIX in SCII scenarios.

3.4.4.1 Multi-Agent Cliff Navigation

We conduct experiments on two multi-agent cliff navigation scenarios to showcase
the gained performances of RMIX and the learned risk-sensitive policy. MACN
scenario 1 has a width of 7 and a height of 4 while MACN scenario 2 has a width of
12 and a height of 4. The reward functions of the two scenarios are the same and not
changed (see Section 3.4.1.1). The baselines are QMIX, QPLEX, and DOP, which
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Figure 3.8: Test Win rates for six scenarios.

are well-known risk-neutral MARL methods. As shown in Figure 3.7, trained with
risk-sensitive policies, RMIX demonstrates better sample efficiency compared with
other risk-neutral, i.e., expected-Q, baseline methods in two MACN scenarios with
high risk. QPLEX outperforms QMIX and DOP and shows converged performance
due to the dueling network [113] and attention architecture [116]. In Section 3.4.5,
we illustrate experimental results on less risky MACN scenarios.
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3.4.4.2 StarCraft II

Comparison with Value-based MARL Baselines. As depicted in Figure 3.8,
RMIX outperforms QMIX, WQMIX, IQL, QTRAN, and VDN in all asymmet-
ric/symmetric and homogeneous/heterogeneous scenarios, demonstrating its supe-
riority on improving multi-gent coordination in complex scenarios. RMIX even
outperforms QPLEX on MMM2, 5m_vs_6m, and corridor, and also shows com-
petitive performance on 8m_vs_9m and 10m_vs_11m. Note that QPLEX was
built on top of QMIX and used a dueling network and advantage functions to
tackle the credit assignment problem in Dec-POMDP. Unlike RMIX, which only
leverages the merit of CVaR, the overall structure of QPLEX is more complex and
benefits much more from increased model capacities than RMIX. RMIX improves
coordination in a sample-efficient way via risk-sensitive policies. Intuitively, for
asymmetric scenarios, agents can be easily defeated by the opponents. As a con-
sequence, coordination between agents is cautious in order to win the game, and
the cooperative strategies in these scenarios should avoid massive casualties in the
starting stage of the game.

Comparison with Policy Gradient MARL Baseline. Our method also out-
performs COMA and DOP as illustrated in Figure 3.8. COMA aims to address
multi-agent credit assignment issues by utilizing counterfactual values. DOP learns
the centralized Q value for policy learning with a linear combination of individual
Q values. The two methods are on-policy methods and are sample-inefficient.

Comparison with Distributional/Risk-sensitive MARL Baseline. Although
there are few practical methods for risk-sensitive multi-agent reinforcement learn-
ing, we also conduct experiments to compare our method with LH-IQN [111], which
is a risk-sensitive method built on a distributional RL method called implicit Quan-
tile network (IQN). We can find that our method outperforms LH-IQN in many
scenarios. The performance of LH-IQN is not good in StarCraft II scenarios be-
cause it is an independent MARL method and the IQN was used to guide the
update of the Lenient Q-Network.
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Table 3.4: Test win rate of RMIX with varying risk levels.

1c3s5z 5m_vs_6m

RMIX 97.10± 2.56% 80.01± 5.57%
RMIX_0.1 93.48± 1.67% 60.65± 6.07%
RMIX_0.3 95.47± 2.84% 69.16± 4.74%
RMIX_0.5 95.15± 1.63% 70.75± 4.73%
RMIX_0.7 95.89± 2.15% 74.88± 8.48%
RMIX_1.0 89.70± 8.22% 77.56± 4.11%
QMIX 88.34± 2.64% 64.75± 8.69%

3.4.5 Ablations

RMIX consists of two components: the CVaR policies and the risk level optimizer.
The CVaR policies are different from vanilla Q values and the risk level optimizer
is proposed to model the temporal structure and as an α-finding strategy for hy-
perparameter tuning. Our ablation studies serve to answer the following questions:
Q1: Can RMIX with static α also work? Q2: Can the risk level optimizer learn
α values and fast learn a good policy compared with RMIX with static α? Q3:

Can our framework be applied to other methods? Q4: Is our method robust to the
randomness of rewards? Q5: How does our method perform in less risky scenarios?

To answer Q1 and Q2, we conduct an ablation study by fixing the risk level
in RMIX with the value of {0.1, 0.3, 0.5, 0.7, 1.0} and compare with RMIX and
QMIX on 1c3s5z (0.5 million time steps) and 5m_vs_6m (2 million time steps).
As illustrated in Table 3.4, with static α values, RMIX is capable of learning good
performance over QMIX, which demonstrates the benefits of learning risk-sensitive
MARL policies in complex scenarios where the potential of loss should be taken
into consideration in coordination. With risk level optimizer, RMIX outperforms
RMIX with static α values, illustrating that agents have captured the temporal
features of scenarios and possessed the α value tuning merit.

We answer Q3 to show that our proposed method is applicable in other value-based
MARL methods, we then apply additivity of individual CVaR values to represent
the global CVaR value as Ctot(τ ,u) = C1(τ1, u1, α1) + · · · + CN(τN , uN , αN). Fol-
lowing the training of RMIX, we name this method Risk Decomposition Network
(RDN). We use an experiment setup of VDN and train RDN on 3 SMAC scenarios.
With CVaR policies, RDN outperforms VDN on 10m_vs_11m and converges faster
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Figure 3.9: Test Win rates of RMIX, RDN, VDN and QMIX.

than VDN on 1c3s5z and 8m_vs_9m, as depicted in Figure 3.9, demonstrating
that our framework can be applied to VDN and outperforms VDN.

We answer Q4 by directly injecting Gaussian noise N (0, ζ) to the reward function,
where ζ ∈ {0.1, 0.3, 0.5, 0.7, 1.0}. The reward function in SMAC is deterministic.
However, each agent owns a stochastic policy which makes the nonstationarity of
the environment and leads to the randomness of reward, especially at the early
training stage where agents explore. It has also been claimed by distributional
RL [59, 85] in a single-agent setting. Results in Figure 3.10 show that RMIX is
robust to random noise in the reward function.
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Figure 3.10: RMIX vs QMIX with reward noise.

We answer Q5 by conducting experiments in MACN scenarios with low risk. We
select MACN scenario 1 as the evaluation scenario where the width is 7 and the
height is 4. To make the scenario less risky, we change the punishment of stepping
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Figure 3.11: Test return mean in MACN scenario 1.

into the dangerous region, a.k.a cliff, from the value of -100 to -50. We present the
averaged test return value of RMIX, QMIX, QPLEX, and DOP in Figure 3.11. We
can find that in scenarios with low risk, unlike results in Figure 3.7, RMIX shows
comparable converged performance with QPLEX. The variance of the average test
return of RMIX is larger than that of QPLEX. We can also find the improved
performance of QMIX in this low-risk scenario. We can conclude that in low-
risk scenarios, RMIX can also show comparable performance compared with risk-
neutral MARL methods.

We show the test return value in Figure 3.12 and RMIX outperforms baseline
methods as well. As shown in Figure 3.13, RDN shows a convincing test return
value over VDN in three scenarios.

3.4.6 Results Analysis

We are interested in finding if the risk level optimizer can predict temporal risk
levels. We use the trained model of RMIX and run the model to collect one episode
data including game replay, states, actions, rewards, and α values. As shown in
Figure 3.14, the first row shows the rewards of one episode and the second row
shows the α value each agent predicts per time step. There are eight scenes in the
third row to show how agents learn time-consistency α values. Scenes in Figure
3.14 are screenshots from the game replay.
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Figure 3.12: Test return for six scenarios.

We use trajectories of agents 0, 1, and 3 as examples in Figure 3.14. The number in
the circle indicates the index of the agent. Scene (1): one episode starts, 6 Zealots
consist of RMIX agents and 24 Zerglings compose enemies; Scene (2): to win the
game, agent 3 draws the attention of enemies and goes to the other side of the
battlefield. The α value is 0.3 at step 2. Many enemies are chasing agent 3. The
rest agents are combating fewer number enemies; Scene (3): at step 14, agent 3 is
at the corner of the battlefield the α is decreasing. As being outnumbered, agent 3
quickly dies and the α is zero; In Scene (4) agents 0 and 1 show similar α values as
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Figure 3.13: Test return of RMIX, RDN, VDN, QMIX in three scenarios.
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Figure 3.14: Results analysis of RMIX on the corridor. There are 8 scenes as
examples. Further discussion can be found in Section 3.4.6.

they are walking around and fighting with enemies from time steps 22 to 30. Then
agents kill enemies around and plan to go to the other side of the battlefield to win
the game; Scene (5): agent 0 (low health value) is walking through the corridor
alone to draw enemies to come over. To avoid being killed, α values are low (steps
46-50) which means the policy is risk-averse. From step 38 and step 51, the reward
is zero; Scene (6): agent 0 is facing many enemies and luckily its teammates are
coming to help. So, the α is increasing (step 50); Scene (7): as there are many
teammates around and the number of enemies is small, agents are going to win.
Agents 0 and 1 walk outside the range of the observations of enemies to survive.
The α values of agent 0 and agent 1 are 1 (risk-neutral); Scene (8): agents win
the game. The video is available on this link: https://youtu.be/5yBEdYUhysw.
Interestingly, the result shows emergent cooperation strategies between agents at

https://youtu.be/5yBEdYUhysw
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Agent 1: Zealot
𝒂𝟑:MoveSouth

Agent 1: Zealot
𝒂𝟏𝟖: Attack

(a) CVaR values, risk level (0.3) and action at 𝑡 = 28.

(b) CVaR values, risk level (1.0) and action at 𝑡 = 74.

CVaR value of each action: [1.85, 1.88, 1.92, 1.86, 1.876, 1.86, 1.94, 1.87, 1.95, 1.76, 1.88]

CVaR value of each action: [1.35, 1.35, 1.36, 1.35, 1.34, 1.34, 1.32, 1.34, 1.35]

Figure 3.15: Two examples on CVaR calculation and action selection.

different steps during the episode, which demonstrates the superiority of RMIX.

We showcase how agents apply the risk level to select actions. We collect the
executed actions, the predicted risk levels and the local distributions of agent 1
(Zealot) of time steps 28 and 74. Rewards and risk levels have already been shown
in Figure 3.14. As depicted in Figure 3.15, there are 35 Dirac delta atoms of
the local distributions as shown in the heat map. The x-axes denote each Dirac
function. The y-axes stand for available actions at the current time step for agent
1 while the size of the action space is 30. At time step 28, as shown in Figure 3.15
(a), the predicted risk level is 0.3. We sort values in the heat map of each action
in ascending order and then apply Equation 3.3 to get CVaR values of each action.
Values in white cells in the heat map (Figure 3.15 (a)) are excluded while calculating
the CVaR value. At time step 28, because many opponents are attacking agent
1, the risk level is 0.3 (means agent 1 is going to encounter potential reward loss)
and agent 1’s action is Attack. In Figure 3.15 (b), at time step 74, as agents are
going to win the game, agent 1 does not need to get involved in the combat, agent
1’s risk level is 1.0 and it takes a3, i.e., MoveSouth, to get out of the battlefield to
avoid being killed by the opponent. The heat map illustrates that all the return
values are used for CVaR calculation.
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3.5 Chapter Summary

In this chapter, we propose RMIX, a novel and practical MARL method with CVaR
over the learned distributions of individuals’ Q values as risk-sensitive policies for
cooperative agents. Empirically, we show that our method outperforms baseline
methods on many challenging StarCraft II tasks, reaching convincing performance
and enhanced coordination as well as improved sample efficiency. Our work pro-
vides a practical framework for future risk-sensitive MARL research. In addition
to the algorithmic contribution, our method could help the development of various
real-world applications where risk-sensitive decision-making is desperately needed.
For example, the driving policy should be risk-sensitive to any potential accidents
and uncertainties in automatic driving scenarios. Besides training risk-sensitive
policies for automatic driving, the proposed method is applicable for multi-robot
rescue where imprudent decisions can lead to the failure of the mission.

The proposed method trains MARL policies in a risk-sensitive manner with CVaR.
However, the learned policy does not guarantee the exact safety bound. We adopt
the Quantile-Regression [61] method to estimate the local return distribution ac-
curately and efficiently train the CVaR values, which is not scalable for scenarios
that have many agents and large action space. The aforementioned limitations
motivate us to develop novel risk-sensitive MARL methods in the future.

Risk-sensitive policy learning is vital for many real-world multi-agent applications,
especially in risky tasks, for example, autopilot vehicles and finance portfolio man-
agement. For future work, better risk measurement together with accurate spatial-
temporal trajectory representation can be investigated. Also, learning to model
other agents’ risk levels and reach a consensus with communication can be another
direction for enhancing multi-agent coordination. Our method is built on a value-
based MARL method and devising risk-sensitive policy gradient MARL methods
is our future direction too.



Chapter 4

Learning to Scale Up with

Cooperative MARL

This chapter investigates the Dynamic Electronic Toll Collection (DETC) problem
and proposes a cooperative MARL solution. Over the past decades, Electronic
Toll Collection (ETC) systems have proven the capability of alleviating traffic con-
gestion in urban areas. DETC was recently proposed to further improve the effi-
ciency of ETC, where tolls are dynamically set based on traffic dynamics. However,
computing the optimal DETC scheme is computationally difficult and existing ap-
proaches are limited to small-scale or partial road networks, which significantly
restricts the adoption of DETC. To this end, this chapter considers computing the
optimal DETC scheme as a multi-agent problem. Then we propose a novel multi-
agent reinforcement learning (RL) approach1 to obtain the optimal DETC scheme
with a divide-and-conquer manner. We make several key contributions: (i) an en-
hancement over the state-of-the-art RL-based method with a deep neural network
representation of the policy and value functions and a temporal difference learning
framework to accelerate the update of target values; (ii) a novel edge-based graph
convolutional neural network (eGCN) to extract the spatiotemporal correlations of
the road network state features; (iii) a novel cooperative multi-agent reinforcement
learning (MARL) that divides the whole road network into partitions according to
their geographic and economic characteristics and trains a tolling agent for each
partition. Experimental results show that such a divide-and-conquer approach

1The work in this chapter has been published in [13].

49
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can scale up to realistic-sized problems with robust performance and significantly
outperform the state-of-the-art method.
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4.1 Introduction

All over the world, traffic congestion is becoming a severe issue in urban areas.
ETC systems are one of the most effective approaches introduced by transportation
authorities to mitigate traffic congestion. By setting different tolls on different
roads, vehicles are regulated to travel on less congested roads with lower tolls.
However, traditional ETC prices are pre-defined based on historical data and do
not adapt to real-time traffic conditions. The true merit of ETC has not been
fully leveraged. To this end, many dynamic pricing schemes have been proposed
to tackle these issues [42–45] where tolls are computed based on traffic dynamics.

Nonetheless, devising a DETC scheme is still challenging and non-trivial due to its
complex problem structure, including a large-scale road network, dynamic traffic
flow, uncertainty in traffic demand, and its sequential decision-making problem.
Conventionally, this sequential decision-making problem can be formulated as a
Markov Decision Problem (MDP) and solved by Reinforcement Learning (RL)
methods. Recently, Chen et al. [44] made the first attempt at solving the DETC
problem via reinforcement learning. The solution method, PG-β, used the policy
gradient method with Beta distribution as the policy distribution. Despite its
good performance in mitigating traffic congestion over other methods, a major
limitation of PG-β, is that it is limited to a small-scale road network and cannot
work under realistic-sized road networks. To this end, this chapter aims to close
the gap by scaling up the current state-of-the-art DETC method to large-scale
real-world road networks with multi-agent deep reinforcement learning and various
other novel techniques exploiting the problem characteristics.

The key contributions are summarized as follows: (i) to improve the performance
of PG-β, we propose DPG-β, which employs deep neural networks to better repre-
sent the policy and value functions of the tolling agent, together with a temporal
difference learning to accelerate the update of target values; (ii) naive feature rep-
resentation with the deep neural network has only limited improvements over the
state-of-the-art methods as it fails to exploit the graph nature of the road net-
work. We apply a novel edge-based graph convolutional neural network (eGCN)
to capture the features of spatio-temporal correlations of the road network; (iii)
the dimension of the state space is equal to the number of roads, while the ac-
tion space is the number of tolled roads. For large-scale road networks, training
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RL models becomes extremely challenging due to huge state and action spaces.
Hence, we first consider the DTEC problem as a multi-agent problem. We then
propose a novel cooperative multi-agent reinforcement learning (MARL) algorithm
that decomposes the state and action spaces into sub-spaces and solves DETC in
a divide-and-conquer fashion; (iv) extensive experimental evaluations were con-
ducted in the real-world road network of Singapore. Empirically, The proposed
approach can scale up to a realistic-sized road network with robust performance
and significantly outperform the state-of-the-art RL-based methods.

4.2 Electronic Toll Collection

Originally aimed to alleviate the delay on toll roads and have the merit of collecting
tolls without cash and without requiring cars to stop, Electronic Toll Collection
(ETC) systems have been widely deployed in highways and arterial roads in urban
areas all over the world. For example, ETC has been implemented and deployed in
Norway’s three major cities: Bergen (1986), Oslo (1990), and Trondheim (1991),
and in Singapore (1998) as a congestion pricing system to alleviate traffic congestion
in central areas and restricted zones for expressways and arterial roads. Based on
a pay-as-you-use principle, motorists are charged when they pass through ETC
gantries during tolling hours. To alleviate traffic congestion, the toll rate varies
based on traffic conditions and periods, which motivates drivers to travel on less
congested roads.

4.3 Problem Formulation

4.3.1 Problem Setup

Formally, the city road network can be abstracted as a directed road network
G = (Z, E ,D) in which Z is the set of zones, E is the set of roads that connect the
zones and D is the set of origin-destination (OD) pairs which define optional paths
and traffic demand of both zones.

We denote an OD pair as a tuple ⟨zk, zj, qtk,j, Pk,j⟩, where zone zk ∈ Z is the origin,
zone zj is the destination, qtk,j is the traffic demand at time step t between zk and zj,
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and the Pk,j denotes all the acyclic paths from zk to zj. There are H time steps for
daily-basis DETC planning. Following the travel time model [117], the travel time
on road e ∈ E at time step t is T te = T 0

e [1 + γ (ste/Ce)
ξ
], where T 0

e is the free-flow
travel time, ste is the number of vehicles on road e, and Ce is the capacity of road
e. γ and ξ are constants that measure to which extent congestion affects travel
time. The travel cost of a path p ∈ Pk,j can be defined as ctk,j,p =

∑
e∈p(a

t
e + ωT te)

where ate is the toll imposed on road e and ω is a constant for the value of time. We
use the widely-adopted stochastic user equilibrium (SUE) model [118, 119] as the
traffic equilibrium in this chapter, where the portion of traffic demand from zone k
to zone j via path p at time step t is defined as xtk,j,p =

exp {−ω′ctk,j,p}∑
p′∈Pk,j exp {−ω′ct

k,j,p′
}

where

ω′ is a constant which reveals vehicles’ sensitivity to travel cost. We formulate the
problem setup as an MDP in section 4.3.2.

4.3.2 A Finite Horizon MDP Formulation

Conventionally, an MDP is defined as a tuple ⟨S,A, r, T ⟩, which consists of a set of
states S, a set of actions A, a reward function r : S×A→ r and a transition func-
tion T : S ×A→ S. The goal of the agent for each time step t is to maximize the
expected accumulated reward

∑∞
t′=t λ

t′−trt
′ where λ ∈ [0, 1] is the discount factor.

It can be achieved by learning an optimal policy π : S → A which outputs an ac-
tion a given a state s. However, the number of vehicles that reach the destinations
depends on the OD demands at each time step due to traffic dynamics. Conse-
quently, the value of a state changes over time, and the value of an action is also
time-dependent. Due to its advantages of formulating sequential decision-making
problems, we use finite horizon MDP to model DETC, where we maintain and
update a value function and policy function for each time step t = 0, 1, ..., H. We
define the corresponding elements for the MDP formulation used in this chapter.

State and Action. We define the state at time step t, as ste = ⟨ste,j⟩ where ste,j
denotes the number of vehicles that travel to zone j at time step t on road e, and
st = ⟨ste⟩ is the state matrix of G at time step t. The action at time step t is defined
as at = ⟨ate⟩, where ate is the toll set by the transit authority on e that has an ETC
gantry.

State Transition. The state of the next time step t+ 1 can be formed as st+1
e,j =

ste,j−ste,j,out+ste,j,in, where st+1
e,j and ste,j denote the number of vehicles on road e that
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travel to zone j at time step t+1 and t respectively. ste,j,out is the number of vehicles
that go to zone j and exit road e at time step t. It can be defined as ste,j,out =
ste,j · v

t
e · τ
Le

=
ste,j · τ

T 0
e [1+γ(s

t
e/Ce)ξ]

, where Le is the length of road e, vte =
Le

T t
e
= Le

T 0
e [1+γ(s

t
e/Ce)ξ]

is average travel speed of road e, and τ is the time interval between time steps.
Similarly, ste,j,in is the number of vehicles that go to zone j and enter road e at time
step t. It can be defined as ste,j,in =

∑
Dk=e−

⋂
e∈p∈Pk,j

(qtk,j + q̄tk,j) ·xtk,j,p, where qtk,j
is the traffic demand which comes from zone k to zone j as introduced in Section
4.3.1. q̄tk,j is traffic demand which denotes the number of vehicles that come from
zone k’s neighboring roads and head for zone j during the period of t − 1. It can
be defined as q̄tk,j =

∑
e+=k s

t
e,j,out. Thus,

st+1
e,j =ste,j −

ste,j · τ
T 0
e [1 + γ(ste/Ce)

ξ]
+

∑
Dk=e−

⋂
e∈p∈Pk,j

(qtk,j + q̄tk,j) ·xtk,j,p. (4.1)

Reward Function. The target of the MDP is to maximize the accumulated
reward. We define the reward r(st) =

∑
e∈E

∑
zj=e+

ste,jτ

T 0
e [1+γ(s

t
e,j/Ce)ξ]

as the number
of vehicles which arrive at destinations at time step t, where e+ is the ending point
of the road e and τ is the length of the time interval.

Policy and Value Function. At time step t, a policy πt(at|st) is the conditional
probability of taking action at provided state st. The value function at time step
t can be defined as vt(st) =

∑H
t′=t λ

t′rt.

Challenges. There are three key challenges in the formulation of ETC: 1) the state
space is discrete and high dimensional (w.r.t. the number of roads), 2) the action
space is also continuous and high dimensional (w.r.t. the number of tolled roads),
and 3) the action space is bounded. The dynamic programming (DP) method is
a classic method to solve MDPs. However, solving the formulated MDP with DP
can be computationally difficult. Vanilla reinforcement learning methods, such as
Q-learning and SARSA [51, 120], also fail under the problem setup because of the
large scale and continuous state-action spaces. While policy gradient methods [52,
54, 121] work well under large-scale MDPs with continuous action space, these
methods do not perform well under the bounded action space. Although PG-β [44]
can solve DETC, it is limited to partial road networks.
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Figure 4.1: The architecture of the proposed MARL-eGCN with three modules,
i.e., the traffic dynamics, the state representation, and the tolling agent. At each
time step, the state matrix is extracted from the traffic dynamics module and
fed into the state representation (eGCN) module together with the adjacency
matrix of the road network. Then, the output of eGCN is fed into the tolling
agent module. The policies generate tolling actions, which are further input into
traffic dynamics to change the traffic flow. The actor and critic of the tolling
agent are updated according to the reward emitted by the traffic dynamics.

4.4 Solution Method: MARL-eGCN

In this section, we introduce the improved PG-β with a deep neural network to
better represent the policy and value networks of the tolling agents, together with
a temporal difference learning to boost the update of target values. To extract the
spatio-temporal correlations of the state features for the road network, we propose
a novel edge-based graph convolutional neural network, which is adapted to the
problem structure. To tackle the large state-action space in DETC, we decompose
the state and action space and solve DETC with the proposed MARL model.

4.4.1 Deep PG-β with TD-learning

The linear representation of PG-β fails to capture the inner correlation of state
and the value function updating method, (i.e., Monte Carlo Method), of PG-β
is not efficient because it updates the value function until the end of an episode.
We propose DPG-β, which employs deep neural networks to replace the linear
representation of PG-β to better represent the policy and value functions of the
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tolling agent, together with a temporal difference (TD) learning in place of the
Monte Carlo method to accelerate the update of target values. In DPG-β, we use
two fully connected layers with tanh nonlinearity by adopting the idea of target
network [23], we define the TD-error loss function at time step t as

Lt(ϕt) = Est+1∼T

[(
Qt+1
dpg

(
st, at

)
− y

)2]
, (4.2)

where ϕt is the parameters of the network at time step t and T is the state transition
function. y = r + λ ·Qt+1

dpg (s
t+1, at+1) is the TD-target value. Qt+1

dpg is the value
function at time step t for policy πt+1. The TD-error is applied to update the
policy function, the TD-target is applied to update the value function, and the
policy distribution is the Beta distribution.

4.4.2 Edge-Based Graph Convolutional

Networks Representation

Naive feature representation with the deep neural networks has only limited im-
provements over the state-of-the-art methods as it fails to exploit the graph nature
of the road network. As a result, we adopt a graph convolutional networks (GCNs)
framework to represent the value and policy functions in the DETC problem. More-
over, the states define the traffic volume of roads (edges) and vehicles transit from
roads to roads in a road network and impact the price of tolled roads in DETC.
Unlike ordinary GCNs [122–125] which take nodes as inputs, we design a novel
edge-based graph convolutional neural network (eGCN) on DETC road network
to extract the spatio-temporal correlations of the state (edge) features. Both the
feature matrix and adjacency matrix in the problem of DETC is defined on edges
instead of nodes.

We define eGCN as f(s,V) where s ∈ R|E|×|Z| is the state matrix of a given road
network, and st is state matrix at time step t which is defined earlier at section
4.3.2. V is the adjacency matrix of the edges. We first apply an embedding layer to
each layer to obtain a latent matrix Y and apply a non-linear activation function
to Y. We feed a state matrix st at time step t to eGCN. Formally, we adopt the
formulation proposed by Kipf and Welling [124] to model the proposed eGCN with
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the following layer-wise formulation:

Y(l+1) = σ(M̃− 1
2 ṼM̃− 1

2Y(l)Φ(l)), (4.3)

where Ṽ = V + I, V is the adjacency matrix defined on the edges, and I is an
identity matrix to account for the effect of a node itself. M is a diagonal node-
degree matrix utilized to normalize Ṽ. Yl and Y(l+1) are the outputs of the l-th
and the (l + 1)-th layers, respectively. Φl is a trainable weight matrix for the l-th
layer, and σ( · ) is the activation function. The final output of eGCN is put into
the neural network of policy and value function as demonstrated in Figure 4.1.

4.4.3 MARL with eGCN

It is very challenging to train one single agent under the large state space and large
and bounded-continuous action space or training such an agent may lead to sub-
optimal performance due to the huge amount of parameters to be optimized. A
key observation is that traffic and road networks in metropolises can be partitioned
by geographical distance, demographic distribution, and electoral divisions.

As shown in Figure 4.2, there are 4 partitions and each partition has some nodes
(zones). The magenta lines in the figure are tolled roads. Therefore, the pricing
scheme in each partition is largely based on the traffic condition within the par-
tition, and, correspondingly, the pricing scheme between partitions is dominated
by traffic conditions between neighboring partitions. Inspired by this urban char-
acteristic, we propose a multi-agent reinforcement learning (MARL) solution by
dividing the planning areas into N partitions. Each partition is treated as one

Agent 4Agent 3

Agent 1 Agent 2

Figure 4.2: An example of zone partitions.
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agent, and all the agents cooperate by sharing states with each other to solve the
formulated MDP introduced in section 4.3.2. We adopt the framework of central-
ized training with decentralized execution. Figure 4.1 illustrates the architecture
of MARL-eGCN.

More concretely, we employ a general and fast policy gradient algorithm, actor
critic where actor is the policy function and critic is the value function, to build
the proposed MARL model with eGCN. We use θt =

{
θit, ..., θ

N
t

}
to denote policy

parameters where t ∈ [1, ..., H] and use ϕ to denote the parameter matrix of the
value networks. We define the state of agent i of partition i at time step t as
ŝi,t = ⟨si,t, si,te,j′⟩, where si,t = ⟨si,te ⟩. si,te,j denotes the number of vehicles on road
e of partition i, which travel to zone j of partition i at time step t. si,te,j′ denotes
the number of vehicles on road e of partition i, which head for zone j′ of other
partitions at time step t. The global state st at time step t is a global status of the
traffic condition. The action for agent i at time step t is ai,t = ⟨ai,te ⟩ and the global
action at time step t is at, which is a concatenated vector of actions of all agents.
The reward rti for each agent i given ŝi,t at time step t is the number of vehicles
that arrive at their destinations.

Then we build a local adjacency matrix Vi with size K ×N for edges in partition
i with its K neighbors where each row is a binary vector indicating neighbors of
agent i. Finally the individual input for agent i is ρit = Vi × f(st,V). We use
Beta distribution as the policy distribution for the bounded and continuous action
space, then we define the set of policies for each agent as π = {πi}i=1,··· ,N . Hence,
we can derive the gradient of the performance measure J for the policy function of
agent i as:

∇θit
J(θit) = E

st+1∼T
[∇θit

log πi(a
i,t|ρit) ·Qt(ρit, a

i,t)], (4.4)

where Qt(ρit, a
i,t) is the centralized action-value function that inputs ρit that output

by eGCN at time step t as shown in line 4 in Algorithm 2. ρit is the spatio-temporal
state for agent i related to the partition of agent i, which is different from the input
for vanilla actor-critic. We define the loss function of the value function as follows:

Lt(ϕt) = Est+1∼T
[
(Qt(ρit, a

i,t)− y
)2
], (4.5)

where ϕ is the parameter matrix of L and y = ri + λ ·Qt(ρit, a
i,t) is the TD-target

value of agent i, which is estimated by the value network and Qt is the value
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Algorithm 2: MARL-eGCN
input: θit ∈ R, j ∈ [1, ..., N ] and ϕ

1 for e← 0 to MAX-EPISODE-NUMBER do
2 while t = 1 < MAX-EPISODE-LENGTH do
3 for agent i in N do
4 ρit = Vi × f(st,V);
5 ai,t = π(ρit, θ

i
t);

6 Concatenate ai,t, i ∈ [1, .., N ] into at;
7 Take at into traffic road graph and get ŝi,t+1;
8 foreach i← 0 to N do get rit;
9 for i← 0 to N do

10 yit =
∑H

t′=t r
i
t′ ;

11 Update critic by minimizing the loss: L(ϕ) = yit −Q(ρit, at);
12 Update actor using the policy gradient:

∇θit
J = ∇θit

πi(a
i,t|ρit) ·Q(ρit, ai,t);

13 ŝi,t = ŝi,t+1;
14 return θit, i ∈ [1, ..., N ];

function at time step t. We call the MARL model MARL-eGCN. Algorithm 2
illustrates the detailed description of MARL-eGCN where embedded features are
output by eGCN in line 4, the policy outputs action vector for each agent in line
5 and the parameters of actor and critic are updated in lines 11 and 12.

4.5 Experimental Evaluation

In this section, we evaluate our proposed approach in the real-world road networks
of Singapore.

4.5.1 Experiment Setup

We first introduce our problem scenarios, and the compared methods, parameters
of the model, and the training settings.

Problem Scenarios. As shown in Figure 4.3, we choose the road network of
Singapore’s central region (Central Net) and the road network of Singapore’s all
planning areas (Whole Net) as our experimental scenarios. There are 11 zones
(planning areas) in Central Net and over 33 zones in Whole Net. We create an
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Figure 4.3: Map of Singapore: Singapore central region and entire Singapore
planning areas.

abstract road network for both the Central Net and Whole Net based on the distri-
bution of ETC gantries, the arterial roads, and the highway network of Singapore.
We merge some zones that have low populations and small acreage into their neigh-
boring zones, and thus we get 11 zones and 40 edges (roads) for Central Net and 33

zones and 124 edges for Whole Net. We estimate the OD demand for the two road
networks by using population data of each zone and Annual Vehicle Statistics 2017
published by the Singapore government [126]. We first obtain the total number of
vehicles as 961,842 and the population of Singapore as 5,612,300, and thus we get
the per-person vehicle ownership rate as 0.171. Then we obtain the population of
each zone and finally estimate the number of vehicles in each zone. We set γ = 0.15

and ξ = 4 according to [117], and we set the toll range [0, 6] for each arterial road
based on the current ETC scheme in Singapore. The time horizon H is set as 6
and each time step is 2 hours.

Compared Methods. The methods that we evaluated include (i) PG-β, (ii)
DPG-β, (iii) DPG-β-eGCN, which combines DPG-β with eGCN, (iv) MARL-
eGCN and (v) MARL (MARL-eGCN without eGCN). The first 3 methods are
single-agent methods, while the last two are multi-agent methods. For multi-agent
methods, we train 2 agents on Central Net and 4 agents on Whole Net, respectively.

Parameters of Model & Training Settings. The discount factor λ of PG-β is
1 (as that in [44]) and set as 0.9 for the other models. There are 2 dense layers for
all neural networks each with 128 neurons for single-agent models and each with 64
neurons for all multi-agent models. The learning rates of policy and value function
for single agent models are 0.0001 and 0.0005 respectively. The learning rates of
policy and value function for multi-agent models are 0.001 and 0.0005 respectively.
We use tanh activation function for all neural networks. We use 2 layers for eGCN,
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with a shape of (|Z|, 16) and (16, 16), respectively. We use Adam [127] to optimize
deep neural networks. We train PG-β for 500,000 episodes and the other models
for 100,000 episodes. We implement the traffic dynamics with C++ and create an
extension file for Python with Boost.Python2 to speed up the Python code. All
models are implemented by Python and run on a 64-bit server with 500 GB RAM
and 80 Intel(R) Xeon(R) CPU E5-2698 v4 @ 2.20GHz processors.

4.5.2 Result Analysis

We use the number of vehicles that arrive at their destinations (i.e., traffic through-
put) and the number of episodes for convergence as the evaluation criteria.
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Figure 4.4: Traffic throughput (95% confidence interval) and convergence com-
parison (values in thousands).

Central Net. We first compare MARL-eGCN, DPG-β-eGCN, and PG-β on the
road network of Singapore’s central region. As illustrated in Figure 4.4, under

2https://www.boost.org/doc/libs/1_68_0/libs/python/doc/html/index.html

https://www.boost.org/doc/libs/1_68_0/libs/python/doc/html/index.html
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Figure 4.5: Ablation study (values in thousands).

the scenario of Central Net, both DPG-β-eGCN and MARL-eGCN significantly
outperform PG-β. We notice that for a small-scale road network like Central
Net, the multi-agent (MARL-eGCN) and single-agent (DPG-β-eGCN) models have
similar traffic throughput. In terms of training efficiency, we can see that compared
with PG-β, DPG-β-eGCN uses around 50% of episodes to converge, while MARL-
eGCN uses only 27.7%.

Whole Net. To further demonstrate the advantage of MARL-eGCN in large-
scale road networks, we conduct experiments on the Whole Network. As shown
in Figure 4.4, MARL-eGCN and DPG-β-eGCN are superior to PG-β. Compared
with PG-β, MARL-eGCN gains 8.4% larger traffic throughput and uses only 25%

of episodes to get stable results. The results demonstrate that MARL-eGCN can
get better traffic throughput with fewer training episodes.

4.5.3 Ablation Study and Robustness Test

As MARL and eGCN are the two key components of MARL-eGCN, we conduct an
ablation study on Whole Net to investigate the contribution of these components.
The traffic throughput results are shown in Figure 4.5(a), and the convergence
comparison results are shown in Figure 4.5(b).

First, by comparing MARL-eGCN with MARL, we can see that after removing
eGCN, MARL gets 2% lower traffic throughput and 20% larger number of episodes
for convergence, compared with MARL-eGCN. Then, we remove both MARL and
eGCN, and compare MARL-eGCN with DPG-β. Results show that MARL-eGCN
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Figure 4.6: Traffic throughput (in thousands) under various traffic conditions
(Figures a, c, d share the same legend in Figure b).
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outperforms DPG-β with 3.5% improvement in terms of traffic throughput and
only half number of training episodes for convergence.

To compare tolling schemes under different traffic settings, we vary one param-
eter and keep other parameters fixed for further evaluation. Figure 4.6 depicts
traffic throughput obtained from different pricing schemes under different param-
eter settings where the x-axis is the value of the parameter under evaluation and
the y-axis is the traffic throughput (in thousands). As shown in Figure 4.6(a),
the traffic throughput increases linearly w.r.t the increasing initial state except
for PG-β and its variants that are more unstable under various initial states. In
Figure 4.6(b), all models are sensitive to the changing initial demand, which is
intuitive because OD demand is the main factor that impacts the traffic through-
put. Similarly in Figure 4.6(c), with a higher cost rate, traffic throughput increases
nearly for all tolling schemes among which PG-β is more sensitive to the cost rate.
Under different maximum price rates, in Figure 4.6(d), MARL-eGCN outperforms
other methods. By adding more agents, as illustrated in Figure 4.6(e), we found
that MARL-eGCN gets the largest traffic throughput under 8 agents and traffic
throughput decreases with over 8 agents, while for MARL, the optimal number
of agents is 6. This is because more agents make learning harder due to feature
redundancy and larger coordination overhead, while fewer agents cannot leverage
the power of multi-agent learning. In general, our approach MARL-eGCN outper-
forms existing tolling methods under all settings and is consistently better than
the state-of-the-art method PG-β. Compared with a single super agent which may
lead to sub-optimal behaviors in some environments, our MARL approach can be
more general and adaptive to various scenarios.

4.6 Chapter Summary

To scale up the state-of-the-art RL-based approaches to the DETC problem, this
chapter proposes a novel learning architecture called MARL-eGCN. The two in-
trinsic ideas of MARL-eGCN are: (i) we design a problem-specific cooperative
multi-agent RL framework to decompose the huge state and action spaces into
sub-spaces and solve the DETC problem in a divide-and-conquer manner; (ii) we
devise an edge-based GCN representation of the value and policy functions for the
tolling agents, to exploit the inter-correlations among edges in the road network.
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By performing extensive experimental evaluations on a real-world traffic network
in Singapore, we show that MARL-eGCN significantly outperforms the state-of-
the-art approaches in terms of both traffic throughput and training efficiency and
can handle real-world-sized DETC problems. Our method can be applied to tackle
complex sequential decision-making problems where the problem structures can be
decomposed into many partitions, such as optimizing the order dispatch in online
car-hailing and improving the throughput of network traffic in large-scale cloud
systems.

Our method requires domain knowledge to create partitions of the road network,
which is a main limitation. We have evaluated our method in a real-world traffic
network in Singapore. However, the performance of our method in other cities is
still yet to be evaluated. We are also interested in evaluating the generalization
performance of our method. That is, we train our method in the road network of
a city and deploy it to other cities, which is crucial for the massive deployment of
MARL methods. We leave them to the future work.



Chapter 5

Learning to Coordinate in

Environments with Off-Beat Actions

While Multi-Agent Reinforcement Learning (MARL) has seen success with central-
ized training with decentralized execution (CTDE), efficient coordination in com-
plex multi-agent systems remains difficult due to action durations. This chapter1

delves into the problem of learning efficient coordination with model-free coopera-
tive MARL in multi-agent environments where off-beat actions are prevalent, i.e.,
all actions have execution durations. During execution durations, the environmen-
tal changes are influenced by, but not synchronized with action execution. Existing
MARL methods often assume immediate feedback of the action execution, leading
to failures in multi-agent scenarios with off-beat actions. The primary challenges
include the complexity augmentation of off-beat actions during decentralized exe-
cution, unknown action durations for agents, and the temporal credit assignment
issue in TD-learning. To tackle these issues, this chapter proposes a novel leveled
graph-based temporal recency reward redistribution scheme for TD-learning, de-
signed to learn multi-agent coordinative policies efficiently in OBMAS. Empirical
evaluations on various games demonstrate significant improvements in multi-agent
coordination and overall performance.

1The work in this chapter has been published in [8].
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5.1 Introduction

In Multi-Agent Reinforcement Learning (MARL), multiple agents act interactively
and complete tasks in a sequential decision-making manner with Reinforcement
Learning (RL). It has made remarkable advances in many domains, including au-
tonomous systems [20, 22] and real-time strategy (RTS) video games [17]. By
the virtue of the centralized training with decentralized execution (CTDE) [31]
paradigm, which aims to tackle the scalability and partial observability challenges
in MARL, many CTDE-based MARL methods are proposed [26, 32, 33, 35, 38].
With these methods, an agent executes actions only via feeding its individual ob-
servations independently and optimizes its own policy with access to global trajec-
tories centrally.

Despite the recent successes of MARL, learning effective multi-agent coordination
policies for complex multi-agent systems remains challenging. One key challenge is
the off-beat actions, i.e., actions have execution durations2 and during the execution
durations, the environmental changes are influenced by, but not synchronized with,
action execution (an illustrative example is shown in Figure 5.1). However, Dec-
POMDP [15], which underpins many CTDE-based MARL methods, hinges on the
assumption that actions are executed immediately, leading to catastrophic failure
for centralized training on various off-beat multi-agent scenarios (OBMAS). To fill
this gap, we study MARL in settings where off-beat actions are prevalent. Such a
setting is very common in many real-world problems. For example, in traffic light
control, traffic lights in the conjunctions of the road network may have different
execution durations.

Training multi-agent coordination policies in OBMAS efficiently is challenging:
(i) agents’ actions can have different execution durations, which augments the or-
der of complexity of OBMAS during decentralized execution, resulting in failure
of the coordination; (ii) the action durations are unknown to agents during in-
dividual executions, and communication is constrained and not always feasible,
making it non-trivial to coordinate; (iii) TD-learning [46] is the core method for
optimizing policies in RL [23, 130]. By bootstrapping from the most recent esti-
mate of the value function, it alleviates the RL credit assignment problem, which

2In the RL literature [128, 129], action execution durations are called delays of actions. In
this chapter, we use the term execution durations, which is self-consistent with off-beat actions
defined in Section 5.3.



Chapter 5. Learning to Coordinate in Environments with Off-Beat Actions 68

hunter 0

hunter 1

stag hunter 0

hunter 1

stag

Hunters shoot arrows at
different timesteps.
(hunter 0: 𝑡 = 0, hunter 1: 𝑡 = 5)

Arrows hit the stag
at the same timestep.
(hunter 0 and 1: 𝑡 = 9)

takes 9 timesteps to hit the stag
takes 4 timesteps to hit the stag

Hunter 0:
Hunter 1:

Action durations

Figure 5.1: An illustrative scenario: two-agent stag-hunter game, where
two agents (hunters) have only partial observations, different durations of the
shoot action, and cannot communicate. The goal is to catch the stag and they
are rewarded when their shots hit the stag at the same time. Both agents can see
the stag. As the shoot action durations of the two agents are different, to catch
the stag, the two agents should shoot the arrow at different time steps given the
distances. For hunter 0, the time step to shoot the arrow is 0, while for hunter
1, it is 5. At time step 9, the two arrows will hit the stag and all hunters will
receive a positive shared reward. Though the scenario is easy for human beings,
it is hard for MARL agents due to the action duration. Experiment results: in
this scenario, the optimal policy for agent 0 is to shoot the arrow at time step 0
while the optimal policy for agent 1 is to shoot the arrow at time step 5. Such an
asynchronous property of OBMAS motivates agents to learn tacit policies. The
curves show that VDN and IQL fail to learn coordination policies even in this
simple scenario. With our LeGEM, MARL methods gain enhanced performance
as well as improved sample efficiency.

involves distributing an action’s contribution to the reward over the temporal inter-
val. However, the temporal credit assignment issue in TD-learning hampers MARL
training due to the displaced rewards in multi-agent experience replay. With off-
beat actions, the nonstationarity issue, which mainly stems from rewards’ time
dependency on the agents’ past actions, is exacerbated.

While action durations are ubiquitous, existing works only focus on single-agent
settings, i.e., delay, in RL. Many approaches [128, 131, 132] augment the state
space with actions to be executed into the environment. However, such a state-
augmentation trick leads to exponentially increasing training samples with the
growing action duration, making training intractable [133]. Chen et al. [134] extend
the delayed MDP [128] and propose Delayed Markov Game for MARL. However,
on one hand, such a state-augmentation treatment is confined to short delays, e.g.,
one time step delay; on the other hand, the delayed time step of the actions is
privileged information, which is not available in many scenarios. Recent works on
macro-actions [135, 136] introduce asynchronous actions by designing high-level
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macro-actions with prior environment knowledge in the robotics domain. Macro-
actions are different from options in hierarchical RL [137] in that the former is
manually designed. Macro-actions design requires a thorough understanding of
the environment, including environment dynamics, reward function, and action
semantics. When there are many environments, designing macro-actions is not
practical.

This chapter aims to achieve efficient multi-agent coordination in OBMAS. We
first propose off-beat actions and off-beat Dec-POMDP. Then, to train multi-agent
coordination policies, we propose our novel leveled graph-based temporal recency
reward redistribution scheme for TD-learning, which is built on our novel episodic
memory and addresses the challenging temporal credit assignment problem raised
by the off-beat actions. Specifically, each agent maintains graph-based episodic
memories by utilizing agents’ individual trajectories. During centralized training,
given an observation and an action, each agent searches for its pivot time step from
its episodic memory. The pivot time step of each agent is the time step wherein
the off-beat reward relates to the time step where the off-beat action was executed.
The pivot time steps of each agent are ranked and the final pivot time step will be
chosen by recency and later used for reward redistribution and target estimation in
TD-learning. We evaluate our method in the Stag-Hunter Game, the Quarry Game,
and the Afforestation Game. Empirical results show that our method significantly
boosts multi-agent coordination and achieves leading performance.

5.2 Related Works

Action Delay in RL. Conventionally, the execution of actions in RL is instan-
taneous and the execution duration is neglected. Katsikopoulos and Engelbrecht
[138] propose the delayed MDP where actions have delays and Walsh et al. [131]
propose a model-based method for the delayed MDP. To optimize the delayed MDP,
many RL approaches [128, 131, 132, 139] augment the state space with the queuing
actions to be executed. However, this state-augmentation trick is intractable [133].
Chen et al. [134] extend the delayed MDP [128] and propose a delayed Markov
game. However, the state-augmentation treatment is confined to short delays in
single-agent RL. Recently, Bouteiller et al. [129] applied a replay buffer correction
method. However, the delayed time step is privileged information and may change
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over time [129]. It is not available for agents in many scenarios. Simply applying
this single-agent trajectory correction in MARL cannot attain satisfactory perfor-
mance due to off-beat actions.

Credit Assignment in RL. Credit assignment [46, 137] tackles long-horizon se-
quential decision-making problem by distributing the contribution of every single
step over the temporal interval. TD learning [29] is the most established credit
assignment method, which is the basis of many RL methods. RUDDER [140] re-
distributes the episodic return to key time steps in the episode [141–143]. Klissarov
and Precup [144] propose a reward propagation method via graph convolutional
neural network. Another line of works utilizes episodic memory (EM) [145–147] to
recall key events and aggregate information of the past for decision-making. How-
ever, applying EM to MARL in OBMAS is non-trivial because (i) OBMAS is non-
stationary from the perspective of each agent and (ii) novel structures are needed
to address the credit assignment issue caused by displaced rewards. It is worth
noting that delayed rewards in RL [142, 148] are fundamentally different from off-
beat actions in our setting. In RL, the delayed rewards are commonly raised by
multi-timestep decision-making, not the action duration at each time step. In our
setting, there is a very definite point where this reward is realized by the environ-
ment due to the action durations.

MARL. Many MARL methods focus on factorizing the global Q value to train
agents’ policies via CTDE [26, 32, 33, 35, 38, 40]. However, these existing works
assume actions are executed synchronously. Messias et al. [149] propose an event-
driven, asynchronous formulation of the multi-agent POMDP. However, the as-
sumption of free communication [12] is unrealistic and the asynchronous execu-
tion [150] is confined to the design of events and did not propose methods for
solving the challenging credit assignment issue in OBMAS. Recently, Amato et al.
[151] and Xiao et al. [135] propose macro-actions, which are similar to hierarchical
methods [152] and manually designed via exploiting domain knowledge of the en-
vironments. However, these works mainly focus on macro-action selection during
multi-timestep decision-making and assume the environment can use pre-defined
methods for state transition manually. Unfortunately, it is not feasible to design
macro-actions without looking into the environmental dynamics. In contrast, off-
beat actions are primitive actions, and our method does not exploit any domain
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knowledge of the environment. Besides that, the credit assignment is still a chal-
lenge for macro-actions methods in OBMAS and the asynchronous3 nature of off-
beat actions undermines the temporal credit assignment in TD-learning, causing
the failure of multi-agent coordination.

5.3 Off-Beat Actions and Off-Beat Dec-POMDP

In this section, we first define off-beat actions4 for multi-agent scenarios; then we
propose the Off-Beat Dec-POMDP.

Definition 5.1 (Off-Beat Actions). Off-beat action ũ ∈ U characterizes OB-
MAS where the action ũi taken by agent i has execution duration mũi ∼ A(m|ũi, i)
, A ∈ A, m ∈ {0, 1, 2, · · · ,M} and M ≤ T , where T is the maximum duration
and A is the action duration distribution. It is a distribution and takes ũi and the
index of the agent as parameters. A can be either stochastic or deterministic. The
joint off-beat action is ũ = [ũi]

N
i=1. The execution duration is decided when the

action is committed to the environment. Thus, the execution duration of an action
ũt initiated at time step t is mt = {mt

ũti
}Ni=1.

Note that for each agent, mt
ũti

5 can be different. At time step t, there are at least 1
action6 and at most N actions being initiated (committed to the environment for
execution), leading to asynchronicity of the joint actions. Next, we formulate the
Off-Beat Dec-POMDP for OBMAS.

3We clarify the term asynchronous: actions that are simultaneously committed into the en-
vironment by all agents will not complete their respective action durations at the same time in
future time steps.

4Asynchronicity is prevalent in real-world multi-agent scenarios, including asynchronicity in
observations, actions and communication, etc. In this chapter, we focus on the asynchronicity of
actions in multi-agent scenarios. For brevity, we name the asynchronicity of actions in MARL as
off-beat.

5We will omit t in the rest of this chapter for brevity.
6We note that agents have a special NO-OP action available.
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Definition 5.2 (Off-Beat Dec-POMDP). Off-Beat Dec-POMDP extends Dec-
POMDP, such that
(1) state space is S; (2) joint action space is UN ; (3) action duration space is AN ;
(4) transition function is P(s′|s, ũ,m) : S × UN × S ×AN 7→ [0, 1], and m is the
action durations of the joint action;
(5) the reward function is R(s, ũ,m) : S × UN ×AN 7→ R;
(6) we call a reward r as off-beat reward when any its mũi ≥ 1, mũi ∈ m, and
r ̸= 0.

In OBMAS, at each time step t, the environment receives actions that agents ini-
tiate for execution in the environment. The initiated actions ũt are instantaneous
actions inferred by agents’ policies given individuals’ observations. The joint re-
ward is the consequence of the committed joint actions of the current time step
and previous time steps, depending on the actions’ durations. We discuss some
properties of Off-Beat Dec-POMDP below.

Remark 5.1. When the durations for all actions are identical, we call off-beat Dec-
POMDP as delayed Dec-POMDP and there is no off-beat action in it.

In delayed Dec-POMDP, actions have the same delayed time steps, which is differ-
ent from off-beat actions, where actions have different action durations or delays.

Remark 5.2. There exists ũ that is synchronous since the durations of agents’
actions can be m = 0. When m of all actions is zero, off-beat Dec-POMDP reduces
to Dec-POMDP.

Remark 5.3 (Non-Markovian Reward). With off-beat actions, the Markovian prop-
erty of the reward function R(s, ũ,m) does not hold.

With off-beat actions, the shared rewards can be readily displaced, causing non-
Markovian rewards.

5.4 Solution Method: LeGEM

The key challenge in learning efficient multi-agent coordination for Off-Beat MARL
is the temporal credit assignment problem raised by the off-beat actions. We pro-
pose LeGEM, which has three components: (i) a novel temporal recency reward
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Redistribute rewards

Figure 5.2: Reward redistribution for the example in Figure 5.1. In this ex-
ample, hunter 0 takes the shooting action at time step 0, and hunter 1 takes
the shooting action at time step 5. At the other time steps, both hunter 0 and
hunter 1 take no-op actions. At time step 9, hunter 0 and hunter 1 receive the
global reward of 15. LeGEM distributes the reward of 15 to time step 0 for agent
0 and time step 5 for agent 1, respectively. The final pivot time step is 5 via
Equation 5.1. So, the trajectory is updated via the distribution of the reward.
Then, we utilize TD-learning to train the MARL policy using the newly modified
trajectory.

redistribution method; (ii) novel searching schemes for the reward redistribution
method; (iii) a novel leveled graph-based episodic memory named LeGEM-core.
We first introduce our reward redistribution method in Section 5.4.1, followed by
LeGEM-core in Section 5.4.2. LeGEM-core provides graph structures and empow-
ers the searching schemes (in Section 5.4.3) for our reward redistribution method.

5.4.1 Temporal Recency Reward Redistribution

The key obstacle impeding learning efficient multi-agent coordination with TD-
learning for Off-Beat MARL is the displaced rewards caused by off-beat actions.
The TD error is the difference between the TD target and the prediction. TD
targets can be estimated with n-step target, TD(λ) and other techniques [29]. To
train MARL policies in OBMAS, one should accurately estimate the TD target
where the reward plays the key role [153]. Unfortunately, current n-step target
and TD(λ) methods cannot accurately estimate TD targets for Off-Beat MARL.
We resolve the aforementioned issue by redistributing rewards to agents’ pivot
time steps (we will introduce the method for searching agent’s povit time steps in



Chapter 5. Learning to Coordinate in Environments with Off-Beat Actions 74

Section 5.4.3). The pivot time step of each agent is the time step when the off-
beat action was executed and later the off-beat action triggers the off-beat reward.
For example, in Figure 5.1, when two hunters receive the reward at time step 9, the
pivot time steps eit=9 (i ∈ {0, 1}) are 0 and 5 for hunter 0 and hunter 1, respectively.

More concretely, our key idea is that we can pull the reward of the agent’s off-
beat action back to the time step when it was committed into the environment,
which can dramatically enhance learning despite the long-term reward delays in-
curred by off-beat actions. The time step to which the reward should be distributed
is called the final pivot time step. We denote the final pivot time step at time step t
as et. However, for a shared off-beat reward at time step t, each agent’s pivot time
step eit can be different. It is vital to address the inter-agent credit assignment and
decide the final pivot time step et. We can get et via proximity:

et = argmin
eit

{t− eit}Ni=1 (5.1)

In the example of Figure 5.1, the final pivot time step e9 for time step 9 is et=9 = 5.
Note that proximity is effective for MARL training as credits will be backprop-
agated to time steps that are far away from the et via Bellman Equation and
RNN-based policy networks [26]. Then, we can utilize it to update the reward in
each transition (set , ũet , ret , set+1):

r̂et = 1(et ≥ t) · ret + 1(et < t) · rt, (5.2)

where 1( · ) is the indicator function. ret is replaced with r̂et .

This update rule is conducted iteratively from t = 0 to t = T−1. To stabilize learn-
ing and circumvent the overestimation of the TD target, rt is also updated after
Equation 5.2 via (1−1(et < t) · (1−β)) · rt. It also avoids aggregated biased/wrong
estimation of TD target being backpropagated in the Bellman equation. β is a very
small positive hyperparameter. Therefore, we can utilize r̂etfor centralized training
in TD-learning:

LTD(θ) := ED′∼D[(ŷ
et −Qtot

θ (set , ũet))2], (5.3)

where ŷet = r̂et+γmaxũ′ Qtot
θ̄
(set+1, ũ′). We can incorporate it into MARL methods

and present the experimental results in Section 5.5. We also present an example
in Figure 5.2 to illustrate the workflow of our reward redistribution method.
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Figure 5.3: The maximum level of the graph is 7. Circles indicate the nodes
and numbers indicate the visit count.

5.4.2 LeGEM-core: The Episodic Memory

The reward redistribution method introduced in Section 5.4.1 relies on certain
structures to search the pivot time step eit for agent i. Episodic memories can
explicitly recall the past and identify key states that lead to future rewards [146].
We propose our novel leveled graph-based episodic memory, called LeGEM-core.
Since the action durations are unknown to agents, we can search the final pivot
time step et from LeGEM-core (in Section 5.4.3). LeGEM-core memorizes each
agent’s past trajectories which are an agent’s partial observations and unilateral
actions. During training, each agent i collects its individual trajectories τi. We
then define τi of agent i as τi = [(o0i , ũ

0
i , r

0), · · · , (oT−1
i , ũT−1

i , rT−1)], where T is the
length of the trajectory and the triplet (oti, ũ

t
i, r

t) represents the observation, action
and reward of time step t. Note that rt is globally shared between agents.

Graphs and Sub-Graph. Each agent’s episodic memory (EM) has T graphs
categorized by the length of the episode. Each graph consists of many sub-graphs
that are categorized by the episode return. We define the graph of agent i’s EM
as a directed graph ϕti ∈ Φi where Φi is the set of graphs of agent i and ϕti is the
t-th graph of Φi, t ∈ {0, · · · , T − 1}. To model an agent’s behavior explicitly and
make the trajectories easy to represent, we create T graphs for each agent and
let Φi = {ϕti}T−1

t=0 where T is the maximum depth of all graphs and the maximum
length of the episode as well. The maximum level of ϕti is t + 1. The graph
consists of nodes that are connected by edges. Each node contains the key, the
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Figure 5.4: Updating agent i’s Φi: Agent i’s ϕti is updated with agent’s
trajectories τ1i and then updated with τ2i . Solid arrows and circles indicate the
pointers and nodes, respectively. Grey dotted lines indicate pointers to be created
and grey circles with dotted outlines indicate nodes to be created. All the dotted
elements (pointers and circles) consist of the newly added path in τ1i . All the
created pointers and nodes will be added to ϕti.

visit count, and pointers connecting the precursors (nodes at the previous level)
and the successors (nodes at the next level). Besides the ϕti, we define the sub-
graph set of ϕti as Φt,Ω

i = {ϕt,ωi }Ω−1
ω=0 by using the discretized episode return and

there are Ω sub-graphs. ϕt,ωi is the ω-th sub-graph whose episode return is the ω-th
item in [0, · · · , rt,i] where rt,i is the maximum discretized episode return of ϕti. We
define the key (oti, ũ

t
i) using agent i’s observation oti and action ũti at time step t.

In Figure 5.3, we provide an example to showcase the relationship between sub-
graphs and the graph of the EM. For complex and continuous state scenarios, for
example, StarCraft II scenarios, we use SimHash [154] to discretize the key (oti, ũ

t
i),

which has been widely used in commercial search engines and RL [155], and is not
environment-dependent, i.e., no domain knowledge is required. The visit count of
the node indicates the total number of visits made by agent i to the node. The
initial value of the visit count is 1. Nodes are bidirectionally connected for ease of
searching.

Creating and Updating Graphs. Given τi of length T , if the node is already
in the graph at level t, we then increase the visit count by 1. Otherwise, we create
a new node for level t of the graph and update its pointers. Meanwhile, sub-
graphs will be also created and updated. The process of creating and updating
LeGEM is intuitive. Algorithm 3 shows the whole procedure to construct the
graph. To illustrate it, we provide an example in Figure 5.4 to show how to
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construct the graph. Figure 5.3 shows the relationship between sub-graphs and
the graphs. It is worth noting that τi is generated via the interaction of the agent
with the environment, and no additional interaction is needed to collect τi. τi is
saved in the experience replay for MARL training. The visit count is vital for
searching the pivot time steps (it will be introduced in the following subsection,
Section 5.4.3). We use ϵ-greedy for agents to explore the environment and collect
individual trajectories.

Algorithm 3: UpdateLeGEM
1 Input: Agent i’s {τ di }Dd=1 and Φi.
2 for d← 1 to D do
3 Get ϕli ← Φi[length(τ di )-1]; // length(τ di )-1 equals l
4 Calculate the discretized episode reward rl,i;
5 Get the index ω by using rl,i;
6 Get ϕl,ωi ← Φl,Ω

i [ω];
7 for t← 0 to length(τ di )− 1 do
8 if (oti, uti) ∈ ϕli then

// There is no need to update the node of sub-graph ϕl,ωi
as it shares the same node with ϕli

9 ψ ← ϕli.getNode(o
t
i, uti);

10 ψ.visitCount++;
11 else
12 ψ ← newNode(oti, u

t
i, r

t);
13 ϕli.append(ψ);
14 ϕli.updatePointers(ψ); // Sub-graph ϕl,ωi shares the same

node with ϕli
15 ϕl,ωi .append(ψ);
16 ϕl,ωi .updatePointers(ψ);
17 Return: Φi.

5.4.3 Searching for the Pivot Timesteps

With LeGEM-core, the structured past experiences of an agent, we can use it to
search the agent’s pivot time step when the action that triggered the rewarded
state was executed. We propose our search scheme for our reward redistribution
method.

Search Scheme. For agent i, given τi, the corresponding graph is ϕli = Φi[l]

(l = length(τi)-1) and ϕl,ωi = Φl,Ω
i [ω], and episode return is rl,i. Agent i searches
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Figure 5.5: An example of the search scheme (lines 6-13, Algorithm 4). r4

is the off-beat reward at time step 4. Each agent searches its pivot time step
eit=4(i ∈ {0, 1}) from its own graph.

Algorithm 4: Search Scheme
1 Input: ω, Λ, τi, rl,i and Φi;
2 Initialize: eit: an array whose initial values are all t and its size is the number

of paths in Λ;
3 ϕl,ωi ← Φl,Ω

i [ω];
4 vc← VisitCount(Λ); (Algorithm 6)
5 foreach j-th path Λ[j] ∈ Λ do
6 ei,j,↓t ← UL(Λ[j], vc, τi); (Algorithm 7)
7 ei,j,↑t ← LU(Λ[j], vc, τi); (Algorithm 8)
8 if ei,j,↓t ̸= −1 then
9 eit[j]← ei,j,↓t ;

10 else if ei,j,↑t ̸= −1 then
11 eit[j]← ei,j,↑t ;
12 else
13 eit[j]← t; // Pivot time step not found
14 eit ← GetTheMode(eit); (Algorithm 9)
15 Return: eit.

from the node (the key is (oti, ũ
t
i) and oti ∈ τi, uti ∈ τi) at level t in sub-graph ϕl,ωi

to find the pivot time step eit for rt. Concretely, we propose a bi-directional search
method. The forward search is called the Low-Up (LU) search, which traverses
from the given node at level t upwards to the node at level 0. The backward
search is named the Up-Low (UL) search, which traverses from the node at level
0 downwards to the given node at level t. LU traversing ends when the pattern
of increasing visit count ends, and the corresponding level is the candidate pivot
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Algorithm 5: SearchPivotTimesteps (ρ)
1 Input: τ , Φ, and Search (the search scheme);
2 Initialize: κ: an empty list to store pivot time steps;
// Length of τ and τi are equal.

3 l← length(τi)-1;
4 for t← 0 to length(τ)-1 do
5 if rt ̸= 0 (rt ∈ τ) then

// Off-beat reward
6 for i← 1 to N do
7 Get τi from τ ;
8 ϕli ← Φi[l];
9 ψ ← ϕli.getNode(o

t
i, ũ

t
i);

10 Find all the paths Λ from node ψ to the node at level 0;
11 Get the discretized episode return rl,i;
12 Get the index ω with rl,i;
13 eit ← Search(ω,Λ, τi, rl,i,Φi);
14 Get et (Equation 5.1) and append et to κ;
15 Return: κ.
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Figure 5.6: Our framework: LeGEM, the loss, and the agent’s policy. There
are two key components: centralized training and decentralized execution.

time step. On the contrary, UL traversing ends when the pattern of decreasing
visit count ends and the corresponding level is the candidate pivot time step. In
Algorithm 4, we first get visit count (line 4) and then apply UL traversing (line
6) and LU traversing (line 7). We get the results (line 14) by selecting the pivot
time step with the maximum count. UL traversing has a higher search priority
than its counterpart. The reason is that there exists a pattern in which the visit
count decreases from the node at level 0, and such a pattern ends at the pivot
time step. In practice, it works well in scenarios whose trajectories are single-off-
beat-reward trajectories (there is only one off-beat reward) and the accuracy of the
search scheme is over 90% in grid world scenarios. Algorithms 6, 7, 8 and 9 are
intuitive and readers can easily understand them literally. We present them in the
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following. An example of Algorithm 4 is shown in Figure 5.5.

During training, given the off-beat reward (line 5, Algorithm 5), each agent searches
from its EM to find the pivot time step (line 13, Algorithm 5) and the reward is
redistributed for MARL training (see Section 5.4.1). We also provide a pictorial
view of our framework in Figure 5.6 to show the whole pipeline.

Algorithm 6: VisitCount
1 Input: Λ.
2 Initialize: vc← [], an empty vector to store visit count mask for each path

in Λ.
3 foreach j-th path Λ[j] ∈ Λ do
4 pathVC← sort(set([node.visitCount for node in Λ[j]]));
5 Create an empty look-up table tb← {};
6 foreach index k ∈ pathVC do
7 tb[pathVC[k]]← k;
8 Create an empty vector ls← [];
9 foreach node ∈ trajectory Λ[j] do

10 ls.append(tb[node.visitCount]);
11 vc.append(ls);
12 Return: vc.

Algorithm 7: UL
1 Input: Λ[j], vc, τi.
2 Initialize: ei,j,↓t ← −1, res← []// Initialize the return value and an

empty vector
3 vc← vc[:t]; // Slicing the visit count
4 left← 0, right← 1; // Create two pointers
5 while right < size(vc) do
6 if vc[right] = vc[left] then
7 right++; // Non-decreasing pattern
8 else if vc[right] > vc[left] then
9 res.append(right);

10 left← right;
11 right++;
12 else
13 break; // Break the while loop
14 if size(res) = 0 then
15 ei,j,↓t ← −1;
16 else
17 ei,j,↓t ← res[-1]; // Get the last value of res
18 Return: ei,j,↓t .
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Algorithm 8: LU
1 Input: Λ[j], vc, τi.
2 Initialize: ei,j,↑t ← −1, res← []. // Initialize the return value and

an empty vector
3 vc← reverse(vc[:t]); // Slicing the visit count and then reverse
4 left← 0, right← 1; // Create two pointers
5 while right < size(vc) do
6 if vc[right] = vc[left] then
7 right++; // Non-increasing pattern
8 else if vc[right] > vc[left] then
9 res.append(right);

10 left← right;
11 right++;
12 else
13 break; // Break the while loop
14 if size(res) = 0 then
15 ei,j,↑t ← −1;
16 else
17 ei,j,↑t ← res[-1]; // Get the last value of res
18 ei,j,↑t ← size(vc)− ei,j,↑t − 1; // Get the right time step as vc is

reversed
19 Return: ei,j,↑t .

Algorithm 9: GetTheMode
1 Input: eit. // Receives a vector of pivot time steps
// Get the pivot time step with the maximum count
// Since getValueOfMaxCount( · ) is easy to implement, for

brevity, we do not present its implementation here
2 eit ← getValueOfMaxCount(eit);
3 Return: eit.
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Figure 5.7: Stag-Hunter Game, Afforestation Game, and Quarry Game.

5.5 Experiments

We perform experiments on various OBMAS. We aim to answer the following ques-
tions: Q1: Can LeGEM improve the multi-agent coordination of MARL methods
in OBMAS? Q2: Can LeGEM outperform previous parameterized episodic mem-
ory for MARL? Q3: Can bootstrapping methods help to improve the performance
of MARL? Q4: Can LeGEM outperform the multi-agent exploration and multi-
agent risk-sensitive methods? Q5: Can RUDDER address the issue caused by the
displaced rewards?

Table 5.1: Baseline algorithms.

Categories Methods

MARL (Q1)

QMIX[26]
VDN [33]
IQL [109]
QTRAN [35]
QPLEX [40]

EM (Q2) EMC [156]

Bootstrap (Q3) N-step Return [29]
λ-Return [29]

Ex-Risk (Q4)
MAVEN [108]
EMC [156]
RMIX [10]

Reward Shaping (Q5) RUDDER [140]
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5.5.1 Experiment Setup

Scenarios. We conduct experiments on Stag-Hunter Game, Quarry Game, and
Afforestation Game (Figure 5.7) where off-beat action are introduced. The setting
of them is simple but contains necessary elements for the research of MARL. It is
challenging for agents to learn coordinative policies in them. We introduce them
in the following.

• Stag-Hunter Game. As depicted in Figure 5.7, there are n agents whose
action durations are different; the task is to catch the stag by shooting it
simultaneously for all agents. Agents cannot move and the distance between
the agent and the stag is different. The stag will escape when hit by j ∈
{1, · · · , n − 1} arrows. In this case, agents will receive a positive reward
given the number of arrows that successfully shoot the stag. In Section 5.5,
the environmental dimension of the Stag-Hunter Game is 15 × 15 and the
maximum number of time steps is 14. At each time step, each agent can
only observe its position and the position of the stag. It cannot observe the
position of other agents. Agents can select SHOOT or NOOP actions. SHOOT

means shooting the arrow and NOOP means no actions to be executed. For
agent 0, the action duration of its SHOOT action is 14 while the action duration
of agent 1 SHOOT action is 6. When agent 1 shoots the arrow at time step 0,
all agents will receive a positive reward at the end of the episode, making it
challenging for TD learning to calculate the exact contribution of each agent.

• Quarry Game. There are n agents in a quarry, as shown in Figure 5.7.
Agents’ task is to complete the n-explosive installation task, and only when
all the explosives detonate will agents receive the optimal positive reward.
After the installation, agents should go to the safe zones. Otherwise, agents
will die and receive a negative reward when the explosive detonates. Agents
will receive a medium-level reward given the number of detonated explosives.
The explosive has a different period to detonate after the installation. At each
time step, each agent can observe its position, the position of the quarry, the
position of the explosive set by the agent (if any), and the time seconds left
for the explosive set by the agent (if any). The agent can select MOVE_LEFT,
MOVE_RIGHT, NOOP or INSTALL_EXPLOSIVE actions at each time step. Note
that each agent cannot observe the status of the other agents and others’
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explosives. The episode ends after the maximum time steps or the explosive
detonates. To complete the task, agents should place the explosive at the
right time step and return to the safe zone.

• Afforestation Game. In Figure 5.7, there are n farmer agents in the farm.
To the north of the farm, there is a desert. In the early spring, strong
sandstorms may gust from the north and destroy the farm. In order to protect
the farm, farm agents should plant trees in the north of the farm. Only when
trees are tall enough can they protect the farm. Trees can have different
durations to grow, making the off-beatness of the planting action. Agents
receive the optimal positive reward when there are n trees that can protect
the farm before the sandstorm. Note that agents have partial observations
and will receive a reward of −0.1 at each time step in all scenarios shown in
Figure 5.7. At each time step, each agent can observe its position, the position
of the trees planted by itself, and the status (position and the age of the
tree) of the sandstorm (if any). The agent cannot observe the other agents’
positions and trees planted by other agents. Agents can take MOVE_NORTH,
MOVE_SOUTH, NOOP or PLANT_TREE actions. Similar to Quarry Game and
Stag-Hunter, agents should take the right action at the right time step to
complete the task. At the last time step of the episode, the sandstorm will
gust and if there are enough trees to protect the farm, the task will be a
success. Note that agents should return to the safe zone when the sandstorm
comes. Otherwise, agents will receive a fraction of the punishment. Agents
will receive rewards when they fail to return to the safe zone. The reward is
proportional to the number of agents who fail to return to the safe zone.

Training Settings. We implement our method on PyMARL [30] and use 10 ran-
dom seeds to train each method on all environments. We use open-source code
of baselines publicly by the corresponding authors on GitHub in all experiments.
We list all baselines in Table 5.1, including the corresponding research questions
to be answered. We use the default settings of PyMARL in our research, includ-
ing the relay buffer, the mixing network, and the training hyperparameters. To
explore, we use ϵ-greedy with ϵ annealed linearly from 1.0 to 0.05 over 50K time
steps from the start of training and keep it constant for the rest of the training for
all methods. The discount factor γ = 0.99 for all methods. We follow the optimal
hyper-parameters used in the original papers of all methods in our experiments. We
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Table 5.2: Hyper-parameters in our experiments.

Hyper-parameter Value
Optimizer RMSProp

Learning rate 5e-4
RMSProp alpha 0.99
RMSProp epsilon 0.00001

Gradient norm clip 10
Batch size 32

Replay buffer size 5,000
Exploration method ϵ-greedy

ϵ-start 1.0
ϵ-finish 0.05

ϵ-anneal time 50,000 steps
γ 0.99
β 0.00001

Evaluation interval 10,000
Target update interval 200

carry out experiments on NVIDIA A100 Tensor Core GPU and NVIDIA GeForce
RTX 3090 24G. We resort to mean-std values as our performance evaluation mea-
surement. We use β = 0.00001. To create sub-graphs in LeGEM, we first calculate
the episode return and keep 1 decimal of it. We then use this episode return to
create each sub-graph. We list some important hyper-parameters in Table 5.2.

5.5.2 Experiment Results

We answer Q1. With LeGEM, MARL methods get enhanced performances as
shown in Figures 5.8, 5.9 and 5.11. We are also interested in finding if LeGEM could
reinforce the performance of simple methods. As depicted in Figure 5.10, with
LeGEM, both VDN and QMIX outperform QPLEX, which is a state-of-the-art
MARL method. We present the results of MARL methods on the Afforestation
Game. In Figure 5.11, we can find that with LeGEM, all four methods get im-
proved performance. We also compare QMIX-LeGEM and VDN-LeGEM with
EMC, MAVEN, QPLEX, and RMIX. Despite the simple structure of VDN, VDN-
LeGEM performs well and even outperforms QMIX-LeGEM, demonstrating com-
parable performance with RMIX as depicted in Figure 5.10. In the Afforestation
Game, agents will receive a reward when they fail to return to the safe zone. The
reward is proportional to the number of agents who fail to return to the safe zone.
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Figure 5.8: The test catch rate of our method vs MARL baselines in the Stag-
Hunter Game.
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Figure 5.9: The test task completion rate of our method vs MARL baselines
in Quarry Game.
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Figure 5.10: Performance of our method and other MARL methods in Stag-
Hunt Game, Quarry Game, and Afforestation Game.

Such a clear and simple reward rule (i.e., a “hint" for agents) makes learning much
easier than that on Quarry and Stag-Hunter Game. This is the main reason why
RMIX performs well. We can also find that MAVEN is also showing good per-
formance due to its latent space learning model, which can efficiently learn the
environment dynamics of the Afforestation Game. QMIX-LeGEM also shows good
performance and it outperforms EMC and QPLEX.

We answer Q2 by presenting the performance curves of EMC in Figure 5.10. EMC
is an episodic memory MARL method with curiosity-driven exploration. It utilizes
the episodic memory from RL [147]. With LeGEM, QMIX outperforms EMC.
EMC performs poorly in the Stag-Hunter Game and Afforestation Game.
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Figure 5.11: The test task completion rate of our method vs MARL baselines
in Afforestation Game.
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Figure 5.12: Results of QMIX, VDN, QTRAN and IQL with n-step return in
Stag-Hunter Game.
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Figure 5.13: Results of QMIX, VDN, QTRAN and IQL with TD(λ) in Stag-
Hunter Game.
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Figure 5.14: Results of QMIX, VDN, QTRAN and IQL with n-step return in
Quarry Game.
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Figure 5.15: Results of QMIX, VDN, QTRAN and IQL with TD(λ) in Quarry
Game.

0 200K 400K 600K 800K 1M
0

25

50

75

100

T
es

t
T

as
k

C
om

pl
et

io
n

%

QMIX n=1

VDN n=1

IQL n=1

QTRAN n=1

0 200K 400K 600K 800K 1M
0

25

50

75

100
QMIX n=5

VDN n=5

IQL n=5

QTRAN n=5

0 200K 400K 600K 800K 1M

Steps

0

25

50

75

100

T
es

t
T

as
k

C
om

pl
et

io
n

%

QMIX n=1

VDN n=1

IQL n=1

QTRAN n=1

0 200K 400K 600K 800K 1M

Steps

0

25

50

75

100
QMIX n=5

VDN n=5

IQL n=5

QTRAN n=5

Figure 5.16: Results of QMIX, VDN, QTRAN and IQL with n-step return in
Afforestation Game.
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Figure 5.17: Results of QMIX, VDN, QTRAN and IQL with TD(λ) in Af-
forestation Game. All methods perform poorly and the test task completion
rates are zero.

To answer Q3, we use n-step return and TD(λ) to estimate the TD-target. As
shown in Table 5.3, with n-step return, both QMIX and VDN fail to learn good
policies even with n = 15. Surprisingly, with TD(λ), QMIX can achieve good
performance with λ ∈ {0.8, 0.9, 0.99, 1} as shown in Table 5.4. However, we cannot
find such an outcome in VDN and there is no guarantee of good results when using
TD(λ). We provide additional experiment results on n-step return and TD(λ).

Table 5.3: Results (mean and std) of QMIX and VDN with n-step return in
Stag-Hunter Game.

n = 1 5 10 15

QMIX 60.0± 40% 0± 0 0± 0 0± 0
VDN 0± 0 0± 0 0± 0 0± 0

Table 5.4: Results (mean and std) of QMIX and VDN with TD(λ) in Stag-
Hunter Game.

λ = 0.8 0.9 0.99 1

QMIX 100± 0% 100± 0% 89± 10% 61± 37%
VDN 0± 0 0± 0 0± 0 0± 0
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Figure 5.18: Results of MARL-RUDDER in Stag-Hunter Game.

As illustrated in Figures 5.12 and 5.13, QMIX can attain acceptable performance
with some specific values of n and λ in Stag-Hunter Game. However, there are
no convincing improvements in the performance of VDN, QTRAN, and IQL. On
Quarry Game (Figures 5.14 and 5.15) and Afforestation Game (Figures 5.16 and
5.17), we can find that TD(λ) cannot help to improve the performance of MARL
methods. We can conclude that n-step and TD(λ) have limited ability to improve
the performance of MARL methods on OBMAS.

To answer Q4, we provide results of exploration methods of MARL and risk-
sensitive MARL method. MAVEN utilizes mutual information to learn latent space
for exploration and RMIX aims to learn risk-sensitive policies for MARL. In the
Stag-Hunter Game, RMIX performs poorly as shown in Figure 5.10, mainly be-
cause the potential loss of reward is displaced by off-beat actions. Overall, MAVEN
is stabler than EMC and RMIX. QMIX-LeGEM is stable in all scenarios and out-
performs MAVEN. With LeGEM, even simple methods such as VDN can perform
well and outperform many MARL methods with advanced components. Indeed,
exploration in OBMAS is beneficial for multi-agent learning. However, the chal-
lenging temporal credit assignment issue cannot be easily addressed merely with
exploration in OBMAS.



Chapter 5. Learning to Coordinate in Environments with Off-Beat Actions 93

0 200K 400K 600K 800K 1M
0

25

50

75

100

Te
st

 C
om

pl
et

io
n 

%
IQL-LeGEM
IQL-RUDDER
IQL

0 200K 400K 600K 800K 1M
0

25

50

75

100

VDN-LeGEM
VDN-RUDDER
VDN

0 200K 400K 600K 800K 1M
Steps

0

25

50

75

100

Te
st

 C
om

pl
et

io
n 

% QTRAN-LeGEM
QTRAN-RUDDER
QTRAN

0 200K 400K 600K 800K 1M
Steps

0

25

50

75

100

QMIX-LeGEM
QMIX-RUDDER
QMIX

Figure 5.19: Results of MARL-RUDDER in Afforestation Game.
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Figure 5.20: Results of MARL-RUDDER in Quarry Game.
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Table 5.5: Results (mean and std) of RUDDER, QMIX-LeGEM and VDN-
LeGEM in OBMAS.

RUDDER QMIX-LeGEM VDN-LeGEM

Stag-Hunter Game 0± 0 100± 0% 100± 0%
Quarry Game 0± 0 100± 0% 87± 20%
Afforestation Game 0± 0 100± 0% 100± 0%

We answer Q5. RUDDER [140] is a popular method for reward shaping and
long-term reward delay problems. Despite its merit, RUDDER performs poorly
in OBMAS as summarized in Table 5.5. The main reason is that it redistributes
the reward to the time step the reward was returned to the agents, and cannot
estimate the pivot time step since the action durations are unknown to the agents.
We present detailed results of QMIX-RUDDER, VDN-RUDDER, IQL-RUDDER,
and QTRAN-RUDDER on Stag-Hunter Game, Quarry Game, and Afforestation
Game via incorporating RUDDER [140] into QMIX, VDN, IQL and QTRAN. As
rewards in off-beat Dec-POMDP are not episodic rewards [142], we convert rewards
into episodic rewards by using total rewards of the episode as the reward of the
last time step of the episode (rewards at other time steps in the episode are zero)
in MARL-RUDDER methods. We use 10 random seeds for training each MARL
method with RUDDER. On Stag-Hunter Game, Quarry Game, and Afforestation
Game, QMIX-RUDDER, VDN-RUDDER, IQL-RUDDER and QTRAN-RUDDER
all perform poorly as shown in Figures 5.18, 5.19 and 5.20. The performances are all
zero. There are three reasons caused the poor performance: (i) RUDDER cannot
capture the association between off-beat actions and off-beat rewards, making it
challenging to detect the pivot time steps and redistribute the episodic reward to
pivot time steps; (ii) RUDDER conducts the contribution analysis by estimating
the reward of each time step via regression. Due to the sparsity of off-beat rewards
and the estimation error of RUDDER, RUDDER redistributes the reward to time
steps around the pivot time step, rendering the failure of TD learning; (iii) Our
setting is a partially observable multi-agent setting, simply redistributing rewards
without considering the multi-agent setting can redistribute the reward to the
wrong time steps. In TD learning, the estimation of the TD target is essential to
the learning of the policy (or the Q value). However, with off-beat actions, n-step
return and TD(λ) fail in Off-Beat MARL as shown in the following figures. It is
not surprising to see that RUDDER also fails in Off-Beat MARL.
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5.6 Chapter Summary

This chapter investigates model-free MARL with off-beat actions. To address chal-
lenges in OBMAS, we first propose Off-Beat Dec-POMDP. Then, we propose a new
class of episodic memory, LeGEM, for model-free MARL algorithms. LeGEM ad-
dresses the challenging temporal credit assignment problem raised by off-beat ac-
tions in TD-learning via the novel reward redistribution scheme. Empirical results
show that our method significantly boosts multi-agent coordination and achieves
leading performance as well as improved sample efficiency.

Searching from a graph-structured episodic memory takes much overhead in LeGEM,
which is the limitation of our method. Scaling up LeGEM to complex OBMAS is
our future direction. Recently, there has been a growing interest in model-based
planning [84]. Leveraging LeGEM for model-based planning is also our future
work. This chapter focuses on Dec-POMDP-based MARL methods. We leave it
to future work to investigate off-beat actions in frameworks like Markov Game [70]
and MMDP [157]. We are also interested in finding the merit of our method in
real-world problems in our future work, such as scheduling [158] with off-beat set-
tings.



Chapter 6

Learning to Generalize for MARL

Agents

Despite the recent advancement in MARL, the MARL agents easily overfit the
training environment and perform poorly in evaluation scenarios where other agents
behave differently, which is the key issue of the successful deployment of MARL.
Obtaining generalizable policies for MARL agents is thus necessary but challenging
mainly due to complex multi-agent interactions. In this chapter1, we model the
MARL problem with Markov Games and propose a simple yet effective method,
called ranked policy memory (RPM), i.e., to maintain a look-up memory of policies
to achieve good generalizability. The main idea of RPM is to train MARL policies
via gathering massive multi-agent interaction data. In particular, we first rank each
agent’s policies by its training episode return, i.e., the episode return of each agent
in the training environment; we then save the ranked policies in the memory; when
an episode starts, each agent can randomly select a policy from the RPM as the
behavior policy. Each agent uses the behavior policy to gather multi-agent interac-
tion data for MARL training. This innovative self-play framework guarantees the
diversity of multi-agent interaction in the training data. Experimental results on
Melting Pot demonstrate that RPM enables MARL agents to interact with unseen
agents in multi-agent generalization evaluation scenarios and complete given tasks.

1The work in this chapter has been published in [6].
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Training environment

Two-agent Hunting Game Both agents catch the stag

Focal
agent Background

agent

Focal agent behaves poorly

Conventional evaluation protocol:
evaluating two agents together

New evaluation protocol:
evaluate the the focal agent only

(a) (b) (c)

Figure 6.1: Two-Agent Hunting Game. (a) Training environment. Two agents
(hunters) hunt in the environment. (b) After training in the training environ-
ment, all agents behave cooperatively to capture the stag. (c) In the new evalu-
ation scenario, one agent is picked as the focal agent (in the magenta circle) and
paired with a pre-trained agent (in the brown circle) that behaves in different
ways to evaluate the performance of the selected agent. In conclusion, the con-
ventional evaluation protocol fails to evaluate such behavior and current MARL
methods easily fail to learn the optimal policy due to the lack of diversified multi-
agent interaction data during training.

6.1 Introduction

In MARL [27], each agent acts decentrally and interacts with other agents to com-
plete given tasks or achieve specified goals via reinforcement learning (RL) [29].
In recent years, much progress has been achieved in MARL research [17, 18, 47].
However, the MARL agents trained with current methods tend to suffer poor gen-
eralizability [159] in the new environments. The generalizability issue is critical to
real-world MARL applications [3], but is mostly neglected in current research.

In this work, we aim to train MARL agents who can adapt to new scenarios where
other agents’ policies are unseen during training. We illustrate a two-agent hunting
game as an example in Figure 6.1. The game’s objective for two agents is to
catch the stag together, as one agent acting alone cannot catch the stag and risks
being killed. They may perform well in evaluation scenarios similar to the training
environment, as shown in Figure 6.1 (a) and (b), respectively, but when evaluated
in scenarios different from the training ones, these agents often fail. As shown in
Figure 6.1 (c), the learning agent (called the focal agent following [3]) is supposed
to work together with the other agent (called the background agent also following
[3]) that is pre-trained and can capture the hare and the stag. In this case, the
focal agent would fail to capture the stag without help from its teammate. The
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teammate of the focal agent may be tempted to catch the hare alone and not
cooperate, or may only choose to cooperate with the focal agent after capturing
the hare. Thus, the focal agent should adapt to their teammate’s behavior to catch
the stag. However, the policy of the background agent is unseen to the focal agent
during training. Therefore, without generalization, the agents trained as Figure 6.1
(left) cannot achieve an optimal policy in the new evaluation scenario.

Inspired by the fact that human learning is often accelerated by interacting with
individuals of diverse skills and experiences [160, 161], we propose a novel method
aimed at improving the generalization of MARL through the collection of diverse
multi-agent interactions. Concretely, we first model the MARL problem with
Markov Games [70] and then propose a simple yet effective method called ranked
policy memory (RPM) to attain generalizable policies. The core idea of RPM is
to maintain a look-up memory of policies during training for the agents. In par-
ticular, we first evaluate the trained agents’ policies after each training update.
We then rank the trained agents’ policies by the training episode returns and save
them in the memory. In this way, we obtain various levels, i.e., the performance
of the policies. When starting an episode, the agent can access the memory and
load a randomly sampled policy to replace the current behavior policy. The new
ensemble of policies enables the agents in self-play to collect diversified experiences
in the training environment. These diversified experiences contain many novel
multi-agent interactions that can enhance the extrapolation capacity of MARL,
thus boosting the generalization performance. We note that an easy extension by
incorporating different behavior properties as the keys in RPM could potentially
further enrich the generalization but it is left for future work.

We implement RPM on top of the state-of-the-art MARL algorithm MAPPO [162].
To verify its effectiveness, we conduct large-scale experiments with the Melting
Pot [3], which is a well-recognized benchmark for MARL generalization evaluation.
The experiment results demonstrate that RPM significantly boosts the performance
of generalized social behaviors and outperforms many baselines in a variety of multi-
agent generalization evaluation scenarios.
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6.2 Related Works

Recent advances in MARL [27, 163] have demonstrated its success in various com-
plex multi-agent domains, including multi-agent coordination [25, 26, 36], real-
time strategy (RTS) games [17, 18, 164], social dilemma [74, 165–167], multi-agent
communication [168, 169], asynchronous multi-agent learning [8, 151], open-ended
environment [170], autonomous systems [21, 171] and game theory equilibrium
solving [47, 75]. Despite strides made in MARL, training generalizable behaviors
in MARL is yet to be investigated.

Generalization in RL [172–175] has achieved much progress in domain adapta-
tion [176] and procedurally generated environments [48, 177, 178] in recent years.
However, there are few works of generalization in MARL domains [167, 179–181].
Recently, [167] proposed a hierarchical MARL method for agents to play against
opponents it hasn’t seen during training. However, the evaluation scenarios are
only limited to simple competitive scenarios. [180] investigated the generalization
in MARL empirically and proposed theoretical findings based on successor fea-
tures [182, 183]. However, no technique to achieve generalization in MARL has
been proposed in [180].

Several recent studies [184–186] have used population-based training to enhance
multi-agent interaction by improving multi-agent diversity. Fictitious Co-Play
(FCP) proposed in [184] aims to learn policies for a two-agent cooperative game. It
is a two-stage method. In the first stage, n agents are trained independently with
different random seeds via self-play. It needs n seeds and much more extra compu-
tation. In the second stage, an FCP agent is trained by interacting with the trained
policies of n agents. Another extra run of training is also needed. However, our
method, RPM, is an end-to-end training method for social dilemmas, competitive,
cooperative, and even mixed environments with more than two agents. It needs
only one run training (i.e., end-to-end one step) by utilizing fictitious self-play
to sample n policies for each agent without maintaining n populations of agents.
Lupu et al. [185] considered the problem of zero-shot coordination and proposed
a method to achieve diversity via the population-based training (PBT) method.
In contrast, our work aims to achieve the generalization of coordination, compe-
tition, and social dilemmas in multi-agent systems via our novel ranked policy
memory method. The proposed method in [185] cannot be applied to competition
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and social dilemma scenarios. Besides that, PBT needs much more computation,
which could be computationally expensive for large-scale multi-agent scenarios.
Lupu et al. [185] also pointed out that “self-play (SP) agents control their own
trajectory distribution during training, each policy typically only performs well on
this exact distribution." We believe that is the key issue of the self-play method.
The issue can be alleviated by introducing ranks, and each agent loads its previ-
ous policy for multi-agent self-play. The RPG [186] method is a population-based
training method without self-play. It is highly dependent on the randomized re-
ward function. For simple grid world scenarios in [186], conducting randomized
reward function perturbations is not challenging. However, it is non-trivial to find
proper reward function perturbations for complex scenarios.

Ad-hoc team building [187, 188] models the multi-agent problem as a single-agent
learning task. In ad-hoc team building, one ad-hoc agent is trained by interacting
with agents that have fixed pretrained policies, and the non-stationarity issue is not
severe. However, in our formulation, non-stationarity is the main obstacle to MARL
training. In addition, there is only one ad-hoc agent evaluated by interacting agents
that are unseen during training, while there can be more than one focal agent in
our formulation as defined in Definition 6.2, thus making our formulation general
and challenging. There has been a growing interest in applying self-play to solve
complex games [72, 189–191]; however, its value in enhancing the generalization of
MARL agents has yet to be examined.

Meta-learning in MARL [192, 193] aims to address the non-stationarity issue in
MARL, a well-known issue that has been extensively studied. To address the is-
sue, the two works adopted the learning-to-learn framework. Typically, Al-Shedivat
et al. [192] considers the problem of continuous adaptation in non-stationary en-
vironments where agents have few-shot interactions, i.e., the agent must learn
from only a limited amount of experience that it can collect before its environment
changes. The MAML framework was used to address the issue. Kim et al. [193] pro-
posed a novel meta-multiagent policy gradient theorem that directly accounts for
the non-stationary policy dynamics inherent to multiagent learning settings. The
proposed meta-multiagent policy gradient theorem explicitly models the learning
procedure of the other agent (peer learning) in two-agent settings by considering
the sequential dependence of the future parameters of other agents on the meta-
agent i’s parameter. While the previous work [192] ignored it. However, it would
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Figure 6.2: An example of our formulation. Left: All six agents’ policies
are trained with the MARL. Right: Two agents with policies πϕ1 and πϕ2 are
picked as background agents, and the rest of the four agents (with new indices)
are focal agents to be evaluated. The focal and the background agents constitute
the evaluation scenario.

be difficult to train 3+ meta-agents simultaneously in complex scenarios due to the
infinite recursion problem associated with the meta-learning framework in [193].
The two works consider two-agent settings. However, solving the non-stationarity
issue in scenarios with more than two agents is more challenging than in two-agent
settings. The performance of the two works in these scenarios is yet to be investi-
gated. Furthermore, adapting the meta-learning framework in MARL to improve
the generalization in MARL is non-trivial.

6.3 Problem Formulation

We introduce the formulation of MARL for training and evaluation of our problem.
Our goal is to improve the generalizability of MARL policies in scenarios where
the policies of agents or opponents are unseen during training while the physical
environment is unchanged. Following [3], the training environment is defined as
substrate. Each substrate is an N -agent partially observable Markov game G. Each
agent optimizes its policy πθi via the following protocol.

Definition 6.1 (Multi-Agent Training). There are N agents act in the substrate,
which is denoted as G. Each agent receives partial environmental observation
not known to other agents and aims to optimize its policy πθi by optimizing its
accumulated rewards:

∑∞
t=0 γ

trit. The performance of the joint policy πθ = {πθi}Ni=1

is measured by the mean individual return: R̄(πθ) =
1
N

∑N
i=1R(πθi ;G). R(πθi ;G)

measures the episode return of policy πθi in game G for agent i.
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In order to evaluate the trained MARL policies in evaluation scenario G ′, we follow
the evaluation protocol defined by [3]:

Definition 6.2 (Multi-Agent Evaluation). There are M (1 ≤ M ≤ N − 1) focal
agents that are selected from N agents. The focal agents are agents to be evaluated
in evaluation scenarios. They are paired with N −M background agents whose
policies πϕ = {πϕj}N−M

j=1 were pre-trained with pseudo rewards in the same phys-
ical environment where the policies πθ are trained. To measure the generalized
performance in evaluation scenarios, we use the mean individual return of focal
agents as the performance measure: R̄({πθ}Mi=1) =

1
M

∑M
i=1R(πθi ;G ′).

We show an example of our formulation in Figure 6.2. Note that the focal agents
cannot utilize the interaction data collected during evaluation to train or finetune
their policies. Without training the policies of focal agents with the collected tra-
jectories during evaluation, the focal agents should behave adaptively to interact
with the background agents to complete challenging multi-agent tasks. It is also
worth noting that the ad-hoc team building [187, 188] is different from our formu-
lation both in the training and evaluation. We discuss the differences in the related
works section (in Paragraph 3, Section 6.2).

In MARL, the focal agents need to adaptively interact with background agents to
complete given tasks. Formally, we define the objective for optimizing the perfor-
mance of the focal agents without exploiting their trajectories in the evaluation
scenario for training the policies {πθj}Mj=1:

maxJ ({πθj}Mj=1) ≜ maxEs0:∞∼ρ0:∞G′ ,aj0:∞∼{πθj }
M
j=1

[
∞∑
t=0

γt
1

M

M∑
j=1

rjt

∣∣∣∣∣G ′
]
. (6.1)

6.4 Solution Method: RPM

To improve the generalization of MARL, agents in the substrate must cover as
much as multi-agent interactions, i.e., data, that resemble the unseen multi-agent
interactions in the evaluation scenario. However, current training paradigms, like
independent learning [109] and centralized training and decentralized execution
(CTDE) [31], cannot give diversified multi-agent interactions, as the agents’ policies
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Figure 6.3: The workflow of RPM for a three-agent substrate. In the workflow,
there are three agents in the substrate. Agent 3 is the background agent. Agents
1 and 2 are focal agents.

are trained at the same pace. To this end, we propose a Ranked Policy Memory
(RPM) method to provide diversified multi-agent behaviors.

RPM Building & Updating. We denote an RPM with Ψ, which consists of
|Rmax| entries, i.e., ranks, where |Rmax| is the maximum training episode return
(the episode return in the substrate). When an agent is acting in the substrate,
it will receive the training episode return R of all agents with policies {πiθ}Ni=1.
Then {πiθ}Ni=1 are saved into Ψ by appending agents’ policies into the correspond-
ing memory slot, Ψ[re].add({πie}Ni=1). To avoid there being too many entries in
the policy memory caused by continuous episode return values, we discretize the
training episode return. Each discretized entry κ covers a range of [κ, κ+ψ), where
ψ > 0, and it can be either an integer or a float number. For the training episode
return R, the corresponding entry κ can be calculated by:

κ =

⌊R/ψ⌋ × 1{(R mod ψ) ̸= 0} × ψ, if R ≥ 0,

⌊R/ψ⌋ × ψ, otherwise.
(6.2)

where 1{ · } is the indicator function, and ⌊ · ⌋ is the floor function. Intuitively,
discretizing R saves memory and memorizes policies of similar performance into
the same rank. Therefore, diversified policies can be saved to be sampled for agents.

RPM Sampling. The memory Ψ stores diversified policies with different levels
of performance. We can sample various policies of different ranks and assign each
policy to each agent in the substrate to collect multi-agent trajectories for training.
These diversified multi-agent trajectories can resemble trajectories generated by the
interaction with agents possessing unknown policies in the evaluation scenario. At
the beginning of an episode, we first randomly sample N keys with replacements
and then randomly sample one policy for each key from the corresponding list. All
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agents’ policies will be replaced with the newly sampled policies for multi-agent
interactions in the substrate, thus generating diversified multi-agent trajectories.

Algorithm 10: MARL with RPM
1 Input: Initialize πθ, Ψ, D, G and G ′;
2 Input: Initialize behavior policy πθb ← πθ;
3 for each update do
4 if RPM sampling then
5 πθb ← SamplingRPM(Ψ);
6 D ← GatherTrajectories(πθb ,G);
7 πθ ← MARLTrainig(πθ,D);
8 Ψ← UpdateRPM(πθ,Ψ,G);
9 R̄← Evaluate(πθ,G ′);

10 πθb ← πθ;
11 Output: πθ.

The Workflow of RPM. We showcase an example of the workflow of RPM in
Figure 6.3. There are three agents in training. Agents sample policies from RPM.
Then all agents collect data in the substrate for training. The training episode
return is then used to update RPM. During the evaluation, agents 1 and 2 are
selected as focal agents and agent 3 is selected as the background agent. We
present the pseudo-code of MARL training with RPM in Algorithm 10. In Lines 4-
5, the πθb is updated by sampling policies from RPM. Then, new trajectories of
D are collected in line 6. πθ is trained in line 7 with MARL method by using
the newly collected trajecotries and πθb is updated with the newly updated πθ.
RPM is updated in line 8. After that, the performance of πθ is evaluated in the
evaluation scenario G ′ and the evaluation score R̄ is returned in line 9.

Discussion. RPM leverages agents’ previously trained models in substrates to
cover as many patterns of multi-agent interactions as possible to achieve general-
ization of MARL agents when paired with agents with unseen policies in evaluation
scenarios. It uses the self-play framework for data collection. Self-play [72, 189,
190, 194] maintains a memory of the opponent’s previous policies for acquiring
equilibria. RPM differs from other self-play methods in four aspects: (i) self-play
utilizes the agent’s previous policies to create fictitious opponents when the real
opponents are not available. By playing with the fictitious opponents, many ficti-
tious data are generated for training the agents. In RPM, agents load their previous
policies to diversify the multi-agent interactions, such as multi-agent coordination
and social dilemmas, and all agents’ policies are trained by utilizing the diversified
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multi-agent data. (ii) Self-play does not maintain explicit ranks for policies while
RPM maintains ranks of policies. (iii) Self-play was not introduced for the gener-
alization of MARL while RPM aims to improve the generalization of MARL. In
Section 6.6, we also present the evaluation results of a self-play method.

6.5 MARL Training

We incorporate RPM into the MARL training pipeline. We take MAPPO [162] for
instantiating our method, which is a multi-agent variant of PPO [24] and outper-
forms many MARL methods [26, 40, 110] in various complex multi-agent domains.
In MAPPO, a central critic is maintained for utilizing the concealed information
of agents to boost multi-agent learning due to non-stationarity. RPM introduces
a novel method for agents to collect experiences/trajectories τ = {τi}Ni=1. Each
agent optimizes the following objective:

J (θi) = E
[
min

(
ηti
(
θti
)

·Ati, clip
(
ηti
(
θti
)
, 1− ϵ, 1 + ϵ

)
·Ati

)]
, (6.3)

where ηti(θti) =
π
θt
i
(uti|τ ti )

π
θold
i

(uti|τ ti )
denotes the important sampling weight. The clip ( · )

clips the values of θi that are outside the range [1− ϵ, 1 + ϵ] and ϵ is a hyperpa-
rameter. Ati is a generalized advantage estimator (GAE) [65]. To optimize the
central critic Vψ({oti, uti}Ni=1), we mix agents’ observation-action pairs and output
an N -head vector where each value corresponds to the agent’s value:

L(ψ) := ED′∼D

[(
yt − Vψ̄({oti, uti}Ni=1)

)2]
, (6.4)

where yt =
[∑k−1

l=0 γ
lrt+li + γkVψ̄({ot+ki , ut+ki }Ni=1)[i]

]N
i=1

is a vector of k-step re-
turns, and D′ is a sample from the replay buffer D. In complex scenarios, e.g.,
Melting Pot, with an agent’s observation as input, its action would not impact
other agents’ return, since the global states contain redundant information that
deteriorates multi-agent learning. We present the whole training process, the net-
work architectures of the agent, and the central critic in the following section.
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Figure 6.4: The neural network architecture of the policy of the agent is shown
to the left. The green box to the lower left in the environment shows the agent’s
observation.

6.6 Experiments

In this section, to verify the effectiveness of RPM in improving the generalization of
MARL, we conduct extensive experiments on Melting Pot and present the empirical
results. We first introduce Melting Pot, baselines, and experiment setups. Then
we present the main results of RPM. To demonstrate that ψ is important for RPM,
we conducted ablation studies. We finally showcase a case study to visualize RPM.
To sum up, we answer the following questions: Q1: Is RPM effective in boosting
the generalization performance of MARL agents? Q2: How does the value of ψ
impact RPM training? Q3: Does RPM gather diversified policies and trajectories?

6.6.1 Experimental Environment: Melting Pot

To demonstrate that RPM enables MARL agents to learn generalizable behaviors,
we carry out extensive experiments on DeepMind’s Melting Pot [3]. Melting Pot
is a suite of testbeds for the generalization of MARL methods. It proposes a novel
evaluation pipeline for the evaluation of the MARL method in various domains.
That is, all MARL agents are trained in the substrate; during evaluation, some
agents are selected as the focal agents and the rest agents become the background
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agents (pre-trained policies of MARL models will be loaded); the evaluation scenar-
ios share the same physical properties as the substrates. Melting Pot environments
possess many properties, such as temporal coordination and free riding as depicted
in Table 6.1. An agent performing well in such environments indicates that its
behaviors exhibit these properties. In each substrate, episodes last 1000 or 2000
steps. The agent has a partial observation of the environment. Each observation
has a size of 11× 11 sprites where each sprite’s size is 8× 8 pixels. The agent is in
the lower center of the observation. It can observe 9 rows in front of itself. It takes
1 row and 1 row left behind. There are 5 columns on either side of the agent. Thus,
in RGB pixels, the size of each observation is 88×88×3. All agents use RGB pixel
representations as their inputs. In Figure 6.4, the agent’s observation is shown in
the green box to the lower left of the state (i.e., the whole image). The agent is in
the lower middle of the observation. The deep neural network architecture of the
agent’s policy is shown on the left. We introduce the neural network architecture
design, MARL training and hyperparameters in the following.

We introduce substrates and evaluation scenarios used in the experiments. Agents’
actions in all substrates and scenarios are: forward, backward, strafe left,
strafe right, turn left, turn right. Unless otherwise stated, each episode
lasts 1000 steps.

Chicken Game. In this environment, there are 8 agents in the substrate. Agents
move around the environments2 and collect resources of 2 different colors. Each
agent carries an inventory ρ = (ρ1, ρ2) with the count of resources collected since the
last respawn. Due to partial observability, agents can only observe their inventory3.
The more resources of a given type an agent picks up, the more committed the agent
becomes to the pure strategy corresponding to that resource4. The agent can zap
the other agent via its zapping beam for interaction. When an interaction occurs,
a traditional matrix game is started. Here, in this environment, it is a Chicken
Game [195] where both agents trying to exploit the other leads to the worst payoff,
i.e.rewards, for both. Gathering red resources makes the agent’s strategy towards
committing ‘hawk’ while collecting the green resources pushes the agent toward

2There are two categories of environments: substrates and evaluation scenarios.
3It also applies to other environments where agents have inventories
4It also applies for other environments where matrix games should be resolved when two-agent

interactions occur.
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playing ‘dove’. The payoff matrix for row and column players is:

Φrow = ΦT
col =

[
3 2

5 0

]
.

Chicken Game (CG) 1. The task and the payoff matrix in this scenario are the
same as in Chicken Game. In this scenario, one focal agent is joining seven back-
ground agents. Unlike the focal agent, which can play any strategy, the background
agents were pretrained with pseudo rewards to play ‘dove’. The best strategy for
the focal agent is to commit to a ‘hawk’ strategy.

Chicken Game (CG) 2. The task and the payoff matrix in this scenario are the
same as in Chicken Game. In this scenario, one focal agent joins seven background
agents. The background agents were trained alongside agents that play pure ‘hawk’
and ‘dove’ strategies but were not given any pseudo rewards. They learned to
play ‘hawk’ to defect other agents who were collecting dove resources during the
interaction.

Chicken Game (CG) 3. The task and the payoff matrix in this scenario are the
same as in Chicken Game. In this scenario, two focal agents join five background
agents. The background agents play the ‘dove’ strategy unless and until they are
defected on by a partner who commits a ‘hawk’. Subsequently, they will commit
‘hawk’ in each encounter for the remainder of the episode.

Stag Hunt. Similar to Chicken Game, there are 8 agents in this environment.
Each agent collects resources that represent ‘hare’ (in red color) or ‘stag’ (in green
color) and compares inventories in an interaction, i.e., encounter. The results of
solving the encounter are the same as the classic Stag Hunt matrix game. In this
environment, agents are facing tension between the reward for the team and the
risk for the individual. The matrix for the interaction is:

Φrow = ΦT
col =

[
4 0

2 2

]
.

Stag Hunt (SH) 1. In this environment, one agent interacts with seven pretrained
agents. All background agents were trained to play the ‘stag’ strategy during the
interaction. The optimal policy for the focal agent is also to play ‘stag’.
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Stag Hunt (SH) 2. In this environment, one agent interacts with seven pretrained
agents. All background agents were trained to play the ‘hare’ strategy during the
interaction. The optimal policy of the focal agent is also to play ‘hare’.

Stag Hunt (SH) 3. In this environment, two agents interact with six pretrained
agents. All background agents were trained to be reciprocators. They play stag.
They are triggered to play hare when their interaction partners play hare for the
remainder of the episode.

Clean Up. There are seven agents in the environment. Agents are rewarded
(+1) for collecting apples. In the environment, there is an orchard and a river.
Agents should clean the river frequently to reduce pollution for the irrigation of
the orchard. The cleanliness of the river has an inverse effect on the rate at which
apples grow in the orchard. When the cleanliness rate reaches a certain threshold,
apples stop growing. Agents have the option to take the clean action, which results
in the removal of a small quantity of pollution around the agent from the river. So,
agents should move to clean the river without any rewards. Consequently, agents
should maintain the public good of orchard regrowth by cleaning the river. This
dynamic creates a conflict between the short-term individual incentive for agents
to maximize their rewards by remaining in the orchard and the long-term collective
interest in maintaining a clean river.

Clean Up (CU) 1. In this evaluation scenario, three focal agents join four back-
ground agents. All background agents have been trained to behave altruistically,
i.e., always cleaning the river without consuming apples. Thus, the optimal policy
for the focal agent is to collect as many apples as possible without moving out of
the orchard to clean the river.

Clean Up (CU) 2. In this evaluation scenario, three focal agents join four
background agents. All background agents start out cleaning in the first 250 steps.
They alternate cleaning with eating every 250 steps. Focal agents should learn to
take turns with the background agents.

Pure Coordination. In this environment, eight agents cannot be identified as
individuals because they all have the same appearance. Agents collect resources
of three different colors. So, the size of the agent’s inventory is 3. To maximize
the reward, all agents should collect the same colored resource when the encounter



Chapter 6. Learning to Generalize for MARL Agents 110

occurs. The matrix for the interaction is:

Φrow = ΦT
col =


1 0 0

0 1 0

0 0 1

 .

Pure Coordination (PC) 1. In this evaluation scenario, there are seven focal
agents and one background agent. The background agent has been trained to target
one particular resource out of three colors of resources. Focal agents should observe
other agents to see the resources other agents are collecting and then decide the
right color to pick. This scenario aims to evaluate whether agents’ coordination
is not disrupted by the presence of unfamiliar/unknown other agents who have a
special preference for one particular colored resource.

Pure Coordination (PC) 2. In this evaluation scenario, there is one focal agent
and seven background agents. The background agents target resource B.

Pure Coordination (PC) 3. In this evaluation scenario, there is one focal agent
and seven background agents. The background agents target resource C.

Prisoners’ Dilemma. Eight agents collect colored resources that represent ‘de-
fect’ (red) or ‘cooperate’ (green). Agents compare their inventories in an encounter
where a classic Prisoner’s Dilemma matrix game is resolved. Agents face a tension
between the reward for the group and the reward for the individual. The matrix
for the interaction is:

Φrow = ΦT
col =

[
3 0

4 1

]
.

Prisoners Dilemma (PD) 1. In this evaluation scenario, one focal agent joins
seven background agents. All background agents will play cooperative strategies,
i.e., collecting ‘cooperate’ resources and rarely collecting ‘defect’). The optimal
policy for the focal agent is to identify such a pattern and then collect ‘defect’
resources.

Prisoners Dilemma (PD) 2. In this evaluation scenario, one focal agent joins
seven background agents. The background agents are conditional cooperators.
They collect ‘cooperate’ resources and cooperate with interaction partners. They
stop cooperative strategies when they have been defected by their partners twice.
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After that, they collect ‘defect’ resources and strike back for the remainder of the
episode.

Prisoners Dilemma (PD) 3. In this evaluation scenario, one focal agent joins
seven background agents. The background agents are conditional cooperators.
They collect ‘cooperate’ resources and cooperate with interaction partners. They
stop cooperative strategies when they have been defected by their partners twice.
After that, they collect ‘defect’ resources and strike back for the remainder of the
episode. The optimal strategy for the focal agents is to cooperate when the episode
nearly ends and then defect only once as there is no time for the background agents
to revenge.

Rational Coordination. The environment setting is the same as Pure Coor-
dination, except that different colored resources are of different values. Agents
should find the optimal color to maximize the group reward. The matrix for the
interaction is:

Φrow = ΦT
col =


1 0 0

0 2 0

0 2 3

 .
Rational Coordination (RC) 1. In this evaluation scenario, there are seven
focal agents and one background agent. The background agent has been trained
to target one particular resource out of three colors of resources. This scenario is
similar to Pure Coordination 1 since it aims to evaluate that agents’ coordina-
tion is not disrupted by the presence of unfamiliar other agents who have a special
preference for one particular colored resource. However, this scenario is more chal-
lenging than Pure Coordination 1. While focal agents’ choices are better than
miscoordination, some choices are better than coordinating for the focal agents.

Rational Coordination (RC) 2. In this evaluation scenario, there are seven
focal agents and one background agent. The background agent has been trained
to target resource A. Because both resources B and C are better than resource A
for every agent, it is not rational for all agents to coordinate on resource A.

Rational Coordination (RC) 3. In this evaluation scenario, there are four
focal agents and four background agents. The background agent has been trained
to target different resources, making them uncoordinated. In this case, it is rational
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that the focal agents should learn to observe partners’ preferences and interact with
familiar individuals who collect resources C.

6.6.2 Baselines

We introduce baselines trained and evaluated in the experiment in detail. Baselines
are MAPPO [162], MAA2C [196], OPRE [167], RandNet [48] and HFSP [72, 189].

MAPPO. MAAPO is an extension of PPO [24] for multi-agent RL. Following the
CTDE [31] training and execution paradigm, agents take actions independently
during execution and agents’ policies are trained via sharing information (e.g.,)
with other agents. In MAPPO, there are N policies {πi}Ni=1 for each agent i. A cen-
tral critic is maintained by feeding all agents’ observations and actions {oti, uti}Ni=1.
Although the global state contains all agents’ observations, it contains redundant
information that deteriorates the central critic learning with TD-learning [46]. Note
that all baselines that have a central critic takes all agents’ observations and actions
{oti, uti}Ni=1 as the input.

MAA2C. MAA2C is a multi-agent RL variant of A2C [197]. MAA2C adopts the
same training and execution paradigm used in MAPPO. Similar to A2C, TD error
is used as the advantage in MAA2C for training agents’ policies via maximizing
policy gradient loss.

OPRE. We build OPRE [167] on top of MAPPO. The key idea behind OPRE is
to re-use the same latent space to factorize the policy via creating a hierarchical
policy structure:

πi(ui|o≤ti , o′) =
∑
z

q(z|o′)η(ui|o≤ti , z)

where o′ is {oti, uti}Ni=1 and η(ui|o≤ti , z) is a mixture component of the policy, i.e., an
option. o≤ti can be represented via recurrent neural networks [1, 198]. Note that
the ‘option’ here differs from the option in hierarchical RL [137, 152]. In OPRE,
the option has no explicit probability distribution of entering an option and no
explicit probability distribution of exiting the current option. The behavior policy
is defined as:

µi(o
≤t
i ) =

∑
z

p(z|o′)η(ui|o≤ti , z)
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Then p(z|o′) can be trained via KL(q||p) together with the policy and the central
critic in an end-to-end manner. We use the default hyperparameters used in OPRE
in our experiments. The number of options is 16.

RandNet. Lee et al. [48] proposed RandNet for improving the generalization of
RL in unseen environments, especially environments with new textures and layouts.
RandNet utilizes a single-layer convolutional neural network (CNN) as a random
network, where its output has the same dimension as the input. To reinitialize
the parameters of the random network, RandNet utilizes the following mixture of
distributions: P (ϕ) = αI(ϕ = I) + (1− α)N

(
0;

√
2

nin+nout

)
where I is an identity

kernel, α ∈ [0, 1] is a positive constant, N stands for the normal distribution.
nin and nout are the number of input and output channels, respectively. We use
RandNet in the policy network and the critic network of MAPPO. We use the
default hyperparameters used in RandNet in our experiments.

HFSP. Self-play [72, 189, 190, 194] has been studied for obtaining equilibria via
creating fictitious plays by sampling agents’ past policies. HFSP is a heuristic
fictitious self-play method. HFSP uses the MARL framework of MAPPO. Like
RPM, it maintains a memory to save all the policies after each training step. HFSP
agents have a probability of 0.7 to sample the lasted policies and a probability of
0.3 to sample previous policies. RPM can be considered as a ranked self-play by
sampling policies with a hierarchy.

6.6.3 Architectures

We first introduce the neural network architecture of the policy, the critic and
the training pipeline for all methods, and the hyperparameters used in the neural
network architectures. RPM and all baselines use the same network architecture.

Actor Network. The actor network consists of a convolutional neural network
(CNN) with two layers. The two CNN layers use the ReLU activation function.
The first and the second layer have 16 and 32 output channels, 8 and 4 kernel
shapes, and 8 and 1 strides, respectively. An MLP follows the two CNN layers
with two layers with 64 neurons each. The MLP uses the ReLU action function.
It is then followed by a GRU [198] with 128 units. The input of the GRU is the
concatenation of the output of the MLP and the features (such as the agent’s
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Figure 6.5: The networks of the policy (left) and the critic (right).

position, orientation, and inventory). The output of the GRU is fed into the MLP,
and it outputs the policy πi for agent i.

Critic Network. The critic network is shared by all agents. The critic network
consists of a CNN with two layers. The two CNN layers use the ReLU activation
function. The first and the second layer have 16 and 32 output channels, 8 and
4 kernel shapes, and 8 and 1 strides, respectively. The CNN is then followed by
a concatenation of all agents’ actions and features (such as the agent’s position,
orientation, and inventory). The concatenation is then fed into an MLP with two
layers with 64 neurons. The MLP uses the ReLU action function. The MLP out-
puts the value, a vector with the dimension of N . We take all agents’ observations
as a batch and feed them into the CNN. We then flatten the CNN’s output and
feed it with agents’ actions and features as inputs to the MLP network to get the
value vector for all agents.
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Figure 6.6: Melting Pot environments.

6.6.4 Training Settings

We implement our method with Python and PyTorch. The learner is implemented
with EPyMARL [196] and the actors that collect experiments are implemented
with Ray [199]. We train agents in Melting Pot substrates for 200 million frames
with 3 random seeds for RPM and 4 seeds for baselines. We randomly sample
policies from RPM. The discount factor γ = 0.99 and we follow the default hyper-
parameters used in the original papers of all methods in our research. We carry
out experiments on NVIDIA A100 Tensor Core GPU. We resort to mean-std values
as our performance evaluation measurement. We use Adam as our optimizer. We
list some important hyper-parameters in Table 6.2. We list values of ψ used in our
experiments in Table 6.3.

Baselines. Our baselines are MAPPO [162], MAA2C [196], OPRE [167], heuristic
fictitious self-play (HFSP) [164, 200] and RandNet [48]. MAPPO and MAA2C
are MARL methods that achieved outstanding performance in various multi-agent
scenarios [196]. OPRE was proposed for the generalization of MARL. RandNet is
a general method for the generalization of RL by introducing a novel component in
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Table 6.1: Properties of Melting Pot environments. The first column shows
the properties and the first row lists environments. ✓ mark indicates the en-
vironment possessing the corresponding property while ✗ mark stands for the
environment that does not own the corresponding property. SH stands for Stag
Hunt. PC stands for Pure Coordination. CU is Clean Up. PD stands for Pris-
oners’ Dilemma. RC is Rational Coordination. CG stands for Chicken Game.

SH PC CU PD RC CG

Temporal Coordination ✗ ✗ ✓ ✗ ✗ ✗

Reciprocity ✓ ✓ ✓ ✓ ✗ ✓

Deception ✓ ✗ ✓ ✓ ✗ ✓

Fair Resource Sharing ✗ ✗ ✓ ✗ ✗ ✗

Convention Following ✓ ✓ ✓ ✗ ✓ ✓

Task Partitioning ✗ ✗ ✓ ✓ ✗ ✗

Trust & Partnership ✓ ✗ ✗ ✗ ✗ ✓

Free Riding ✗ ✗ ✓ ✗ ✗ ✗

Table 6.2: Hyper-parameters in our experiments.

hyper-parameter Value

Optimizer Adam
Learning rate 1e-4
Adam betas (0.9, 0.999)

Adam epsilon 1e-8
Adam weight decay 0
Gradient norm clip 10

Batch size 60
Replay buffer size 600

γ 0.99
Evaluation interval 1,000

Target update interval 200

p 0.5

the convolutional neural network. HFSP is a general self-play method for obtaining
equilibria in competitive games, we use it by using the policies saved by RPM.

Training Setup. We use 6 representative substrates (Figure 6.6) to train MARL
policies and choose some evaluation scenarios from each substrate as our evalua-
tion testbed. The properties of the environments are listed in Table 6.1. We train
agents in Melting Pot substrates for 200 million frames with 3 random seeds for
all methods. Our training framework is distributed with 30 CPU actors to collect
experiences and 1 GPU for the learner to learn policies, similar to the framework
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Table 6.3: The value of ψ

Melting Pot Substrate The value of ψ

Stag Hunt 1
Pure Coordination 0.01

Clean Up 1
Prisoners’ Dilemma 0.02

Rational Coordination 0.2
Chicken Game 1

used in IMPALA [130]. To improve the efficiency and save memory, we use pa-
rameter sharing [26, 40, 162], i.e., all agents share a policy network. We adopt the
CTDE framework to train the policies and the critic. We implement our actors
with Ray [199] and the learner with EPyMARL [196]. We use mean-std to measure
the performance of all methods. The bold lines in all figures are mean values, and
the shades stand for the standard deviation. Due to a limited computation budget,
it is redundant to compare our method with other methods, such as QMIX [26]
and MADDPG [25] as MAPPO outperforms them. All experiments are conducted
on NVIDIA A100 GPUs.

6.6.5 Experiment Results

To answer Q1, we present the evaluation results of 17 Melting Pot evaluation sce-
narios in Figure 6.7. Our method can boost MARL in various evaluation scenarios,
which have different properties, as shown in Table 6.1. In Chicken Game (CG) 1-2
(the number stands for the number of the evaluation scenario of Chicken Game),
RPM outperforms its counterparts by a convincing margin. HFSP performs no
better than RPM. RandNet gets around 15 evaluation mean returns on Chicken
Game (CG) 1. MAA2C and OPRE perform nearly random (the red dashed lines
indicate the random result) in the two scenarios. In Pure Coordination (PC) 1-3,
Rational Coordination (PC) 1-3 and Prisoners’ Dilemma (PD) 1-3, most baselines
perform poorly. In Stag Hunt (SH) 1-3 and Clean Up (CU) 1-2, MAPPO and
MAA2C perform unsatisfactorily. We can also find that HFSP even gets competi-
tive performance in Stag Hunt (SH) 1-3. However, HFSP performs poorly in Pure
Coordination (PC) 1-3, Rational Coordination (RC) 1-3, and Prisoners’ Dilemma
(PD) 1-3. Therefore, the vanilla self-play method cannot directly be applied to
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Figure 6.7: Evaluation results of RPM and baselines in 17 scenarios. The
red dash horizontal lines indicate the results of random policy. The optimal
(opt) values are shown in each sub-figure and were gathered from [3], which an
exploiter generated. The exploiter was trained in the evaluation scenarios with
RL methods, and the training time steps were 1,000 M.
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Figure 6.8: Episode return in substrates.

improve the generalization of MARL methods. In summary, RPM boosts the per-
formance of MAPPO in all evaluation scenarios. We depict the episode return
within the substrate. During training, the MARL methods are evaluated in the
substrate. Figure 6.8 demonstrates that despite the environments being distinct,
RPM also demonstrates leading performance. Once the agents in the substrate
achieve a satisfactory episode return, the trained policy will be saved at the ap-
propriate rank. In turn, it improves the performance of RPM in the evaluation
scenario by collecting diverse data on multi-agent interactions.

To answer Q2, we present results of the impact of ψ and the sampling ratio in
HFSP in the following.

6.6.6 Ablation Study

The Impact of ψ. To investigate which value of ψ has the greatest impact on
RPM performance, we conduct ablation studies by (i) removing ranks and sampling
from the checkpoint directly; and (ii) reducing the number of ranks by changing the
value of ψ. As shown in Figure 6.10, without ranks (sampling policies without ranks
randomly), RPM cannot attain stable performance in some evaluation scenarios.
Especially in Pure Coordination (PC) 1-3, the result is low and has a large variance.
In RPM, choosing the right interval ψ can improve the performance, as shown in the
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Figure 6.9: Histograms of training episode returns. The long-tail patterns are
found in CU, PC, PD, and RC. The histograms of CG and SH are skews. We
can conclude that policies that have higher counts but with lower returns can be
sampled more often in self-play, leading to the poor performance of generalization.

Table 6.4: Ablation study: the averaged value of the last three evaluation
episode returns. Curves are in Figure 6.10.

Eval Scenarios RPM Random Types of ψ

1 2 3

Pure Coordination 1 0.78 0.18 0.33 0.39 0.42
Pure Coordination 2 0.23 0.16 0.24 0.17 0.27
Pure Coordination 3 0.70 0.19 0.37 0.33 0.42

Prisoners’ Dilemma 1 13.90 10.11 10.70 8.70 3.20
Prisoners’ Dilemma 2 19.60 10.41 13.76 17.74 14.96
Prisoners’ Dilemma 3 22.31 10.28 19.80 11.74 9.76



Chapter 6. Learning to Generalize for MARL Agents 121

Table 6.5: ψ values. ψ∗ indicates the values of ψ used to get results in Fig-
ure 6.7.

Eval Scenarios ψ∗ Types of ψ

1 2 3

Pure Coordination 1 0.01 0.1 0.5 1
Pure Coordination 2 0.01 0.1 0.5 1
Pure Coordination 3 0.01 0.1 0.5 1

Prisoners’ Dilemma 1 0.02 0.2 1 5
Prisoners’ Dilemma 2 0.02 0.2 1 5
Prisoners’ Dilemma 3 0.02 0.2 1 5
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Figure 6.10: Ablation Study: the performance of RPM with 3 types of ψ and
Random sampling (without ranks).
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Figure 6.11: Ablation Study: the results of HFSP with different sampling
ratios.

results of Pure Coordination (PC) 1-3 and Prisoners’ Dilemma (PD) 1-3, showing
that the value of ψ is important for RPM. We summarize the results and values of
ψ in Tables 6.4 and 6.5.

The Sampling Ratio in HFSP HFSP shows comparable results in some sce-
narios in Figure 6.7. In Figure 6.7, the sampling ratio of HFSP is 0.3. We are
interested in studying the impact of the sampling ratio in HFSP on evaluation per-
formance. We conduct experiments in CU 1 and 2, PC 1 and 3, and PD 1 and 3.
The sampling ratio list is [0.9, 0.7, 0.5, 0.3, 0.1]. We use the default training setup
and use 3 random seeds. HFSP shows comparable results in PC 2 and 3, but its
performances are poor in CU 1 and 2 and PD 2 and 3. As shown in Figure 6.11,
HFSP heavily relies on the sampling ratio. HFSP should be carefully tuned on each
substrate to attain good performance, which is not feasible. In contrast, RPM is
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Figure 6.12: Results analysis. (a) The evaluation results of RPM on Stag Hunt
(SH) 1; (b) The number of RPM keys during training; (c) The distribution of
the keys of RPM during training; (d) The histogram of the keys of RPM at time
step 200M during training.

stable (the sampling ratio is 0.5) on all substrates. HFSP can also perform well in
substrates such as PC and PD, where the return-checkpoint count distribution is
more uniform. The absence of ranks leads to the frequent sampling of policies with
high count values in substrates that have skewed return-checkpoint count distribu-
tion, thereby reducing the diversity of training data. Such distributions typically
comprise a large number of policies with suboptimal performance.

6.6.7 Case Study

We showcase how RPM helps to train the focal agents to choose the right behaviors
in the evaluation scenario after training in the substrate. To illustrate the trained
performance of RPM agents, we use the RPM agent trained on Stag Hunt and run
the evaluation on Stag Hunt 1. In Stag Hunt, there are 8 agents. Each agent collects
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resources that represent ‘hare’ (red) or ‘stag’ (green) and compares inventories in
an interaction, i.e., encounter. The results of solving the encounter are the same as
the classic Stag Hunt matrix game. In this environment, agents are facing tension
between the reward for the team and the risk for the individual. In Stag Hunt 1,
One focal agent interacts with seven pretrained background agents. All background
agents were trained to play the ‘stag’ strategy during the interaction5. The optimal
policy for the focal agent is also to play ‘stag’. However, it is challenging for
agents to detect other agents’ strategies since such behavior may not persist in the
substrate. Luckily, RPM enables focal agents to behave correctly in this scenario.

To answer Q3, we present the analysis of RPM on the substrate Stag Hunt and
its evaluation scenario SH 1 in Figure 6.12. We can find that in Figure 6.12 (b),
the number of the keys in RPM is growing monotonically during training and the
maximum number of the keys in RPM is over 20, showing that agents trained
with RPM discover many novel patterns of multi-agent interaction and new keys
are created and the trained models are saved in RPM. Meanwhile, the evaluation
performance is also increasing in SH 1 as depicted in Figure 6.12 (a). In Figure 6.12
(c), it is interesting to see that the distribution of the keys of RPM is expanding
during training. In the last 25 million training steps, the last distribution of RPM
keys covers all policies of different performance levels, ranging from 0 to 14. By
utilizing RPM, agents can collect diversified multi-agent trajectories for multi-agent
training. Figure 6.12 (d) demonstrates the final histogram of RPM keys after
training. There are over 600 trained policies that have a small value of keys. Since
agents should explore the environment at the early stage of training, it is reasonable
to find that many trained policies of RPM keys have low training episode returns.
After 50 million training steps, RPM has more policies with higher training episode
returns. Note that the maximum training episode return of RPM keys is over 14
while the maximum mean evaluation return of RPM shown in Figure 6.12 (a) is
around 14.

Our experiments show that training policies with good performance in the substrate
is crucial for improving generalization performance in the evaluation scenarios.
When MARL agents perform poorly in the substrate, the evaluation performance
will also be inferior or random, making it hard to have diversified policies. We
show the results in Figure 6.8.

5This preference was trained with pseudo rewards by [3] and the trained models are available
at this link: https://github.com/deepmind/meltingpot

https://github.com/deepmind/meltingpot


Chapter 6. Learning to Generalize for MARL Agents 125

6.7 Chapter Summary

In this chapter, we consider the problem of achieving generalizable behaviors in
MARL. We first model the problem with Markov Game. To train agents that can
interact with agents that possess unseen policies. We propose a simple yet effec-
tive method, RPM, to collect diversified multi-agent interaction data. We save
policies in RPM by ranking the training episode return. Empirically, RPM signifi-
cantly boosts the performance of MARL agents in various Melting Pot evaluation
scenarios.

RPM’s performance is dependent on the appropriate value of ψ. Several attempts
may be needed to determine the correct value of ψ for RPM. We are interested in
discovering broader measures for ranking policies that do not explicitly consider the
training episode return. Recently, there has been a growing interest in planning in
RL, especially with model-based RL. We are interested in exploring the direction
of applying planning and opponent/teammate modeling for attaining generalized
MARL policies for future work. Agents are engaged in complex interactions in
multi-agent scenarios. Devising novel self-play methods is our future direction.
RPM relies on self-play, which works for homogeneous and symmetric scenarios.
We leave it for future work on improving the generalization of MARL agents in
heterogeneous scenarios.



Chapter 7

Conclusions and Future Directions

7.1 Conclusions

In this thesis, we investigated four fundamental MARL research problems that are
essential for sequential decision-making in multi-agent scenarios. We aim to ad-
dress these problems with Deep MARL. To this end, we first proposed a novel risk-
sensitive MARL method to learn risk-sensitive policies for improving multi-agent
coordination in environments with uncertainty, such as enhancing multi-agent coor-
dination in StarCraft II micromanagement scenarios, in Chapter 3. We investigated
the problem of scaling up DETC and cast the problem as a MARL problem, and
we proposed a novel MARL to scale up DETC in a divide-and-conquer manner in
Chapter 4. We considered the problem of multi-agent coordination in environments
with off-beat actions, which was rarely studied within the MARL community. To
learn efficient multi-agent coordination in OBMAS, we proposed LeGEM to boost
multi-agent coordination via a novel reward redistribution method in Chapter 5.
We finally studied the problem of improving the generalization of MARL methods
and proposed a novel method called RPM in Chapter 6. RPM significantly im-
proved the evaluation performance of MARL in Melting Pot evaluation scenarios.

In summary, we focused on obtaining efficient sequential decision-making with deep
MARL. To this end, we proposed four novel deep MARL methods. Deep MARL
has emerged as a powerful approach for solving complex problems in multi-agent
systems. Compared to other methods, deep MARL is better suited to capturing
the complex, dynamic interactions between agents in environments. By training
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agents to make decisions based on their observations, deep MARL can enable the
emergence of sophisticated collective behaviors that would be difficult to achieve
with other techniques.

7.2 Future Directions

While we have made advanced progress in MARL research, some critical challenges
remain to be investigated. Specifically, we are interested in investigating finding
novel methods to improve our proposed method. In addition, we will focus on
human-AI coordination.

7.2.1 Risk-Sensitive MARL

Risk-sensitive policy learning is vital for many real-world multi-agent applications,
especially in risky tasks, for example, autopilot vehicles, military action, resource
allocation, finance portfolio management and the Internet of Things (IoT). For
future work, better risk measurement, together with accurate spatial-temporal tra-
jectory representation, can be investigated. Also, learning to model other agents’
risk levels and reach a consensus with communication can be another direction for
enhancing multi-agent coordination.

7.2.2 MARL for Intelligent Traffic Systems

Traffic congestion is still a noticeable issue in metropolitans. The heterogeneous
nature of road networks, where various kinds of traffic lights, ETC systems, roads,
public transportation systems and public policies, etc., constitute a complex traffic
system, which hinders the application of DETC systems. We will improve DETC
systems by considering the heterogeneous nature of road networks and apply our
method to other cities’ road networks to gain generalization for complex tolling
control as well as learn transfer ability to reduce deployment costs.
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7.2.3 Multi-Agent Coordination in OBMAS

Searching from graph structures takes much overhead in LeGEM. Scaling up our
method to complex OBMAS is our future direction. One possible direction is ap-
plying Transformers [116] to memory building as Transformers are easy to parallel
and efficient in learning and inference. Another direction is building hierarchical
memory structures for temporal abstraction. LeGEMfocuses on the Dec-POMDP
framework. We leave it to future work to investigate off-beat actions in frameworks
like Markov game [70] and MMDP [157].

7.2.4 Generalizable Human-AI Coordination

ChatGPT [201, 202] represents a significant milestone in developing AI agents with
natural language processing (NLP). As a large language model (LLM) [203–208]
trained on vast amounts of data, ChatGPT can generate human-like natural lan-
guage responses to various questions and prompts. Such an ability to converse
with humans fosters greater collaboration and understanding between humans and
AI, as users can engage with the system more naturally without needing to learn
specialized commands or interfaces. Typically, it opens up new possibilities for
generalizable human-AI coordination, from personalized chatbots and virtual as-
sistants to more sophisticated applications in video games, robotics, education,
healthcare, and customer service. As such, LLMs like ChatGPT are likely to play
a significant role in shaping the future of human-AI coordination and paving the
way for more advanced and intelligent systems that can better serve and enhance
human activities.

With LLMs, we will focus on creating generalizable autonomous agents that can
communicate with human beings and serve them in many scenarios, including
video games, personal assistants in smartphones, personal assistants in smart home
systems, and even unseen scenarios. For example, in video games, a well-trained
MARL agent can communicate with various human players unseen before. The
MARL agent can fulfill human players’ desires, such as collecting resources for
human players and assisting human players in a battle during the game. Such an
agent can significantly enhance human players’ user experience in video games and
further advance the application of MARL methods to many real-world problems.
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