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Distributed Deep Reinforcement Learning: A
Survey and A Multi-Player Multi-Agent Learning

Toolbox
Qiyue Yin, Tongtong Yu, Shengqi Shen, Jun Yang, Meijing Zhao, Kaiqi Huang, Bin Liang, Liang Wang

Abstract—With the breakthrough of AlphaGo, deep reinforcement learning becomes a recognized technique for solving sequential
decision-making problems. Despite its reputation, data inefficiency caused by its trial and error learning mechanism makes deep
reinforcement learning hard to be practical in a wide range of areas. Plenty of methods have been developed for sample efficient deep
reinforcement learning, such as environment modeling, experience transfer, and distributed modifications, amongst which, distributed
deep reinforcement learning has shown its potential in various applications, such as human-computer gaming, and intelligent
transportation. In this paper, we conclude the state of this exciting field, by comparing the classical distributed deep reinforcement
learning methods, and studying important components to achieve efficient distributed learning, covering single player single agent
distributed deep reinforcement learning to the most complex multiple players multiple agents distributed deep reinforcement learning.
Furthermore, we review recently released toolboxes that help to realize distributed deep reinforcement learning without many
modifications of their non-distributed versions. By analyzing their strengths and weaknesses, a multi-player multi-agent distributed
deep reinforcement learning toolbox is developed and released, which is further validated on Wargame, a complex environment,
showing usability of the proposed toolbox for multiple players and multiple agents distributed deep reinforcement learning under
complex games. Finally, we try to point out challenges and future trends, hoping this brief review can provide a guide or a spark for
researchers who are interested in distributed deep reinforcement learning.

Index Terms—Deep reinforcement learning, distributed machine learning, self-play, population-play, toolbox.
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1 INTRODUCTION

W ITH the breakthrough of AlphaGo [1], [2], an
agent that wins plenty of professional Go players

in human-computer gaming, deep reinforcement learning
(DRL) comes to most researchers’ attention, which becomes
a recognized technique for solving sequential decision mak-
ing problems. Plenty of algorithms are developed to solve
challenging issues that lie between DRL and real world
applications, such as exploration and exploitation dilemma,
data inefficiency, multi-agent cooperation and competition.
Among all these challenges, data inefficiency is the most
criticized due to the trial and error learning mechanism of
DRL, which requires a huge amount of interactive data.

To alleviate the data inefficiency problem, several re-
search directions are developed [3]. For example, model
based deep reinforcement learning constructs environment
model for generating imaginary trajectories to help reduce
times of interaction with the environment. Transfer rein-
forcement learning mines shared skills, roles, or patterns
from source tasks, and then uses the learned knowledge to
accelerate reinforcement learning in the target task. Inspired
from distributed machine learning techniques, which has
been successfully utilized in computer vision and natural
language processing [4], distributed deep reinforcement
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learning (DDRL) is developed, which has shown its poten-
tial to train very successful agents, e.g., Suphx [5], OpenAI
Five [6], and AlphaStar [7].

Generally, training DRL agents consists of two main
parts, i.e., pulling policy network parameters to generate
data by interacting with the environment, and updating
policy network parameters by consuming data. Such a
structured pattern makes distributed modifications of DRL
feasible, and plenty of DDRL algorithms have been de-
veloped. For example, the general reinforcement learning
architecture [8], likely the first DDRL architecture, divides
the training system into four components, i.e., parameter
server, learners, actors and replay buffer, which inspires
successive more data efficient DDRL architectures. The
recently proposed SEED RL [9], an improved version of
IMPALA [10], is claimed to be able to produce and consume
millions of frames per second, based on which, AlphaStar
is successfully trained within 44 days (192 v3 + 12 128 core
TPUs, 1800 CPUs) for beating professional human players.

To make distributed modifications of DRL be able to use
multiple machines, several engineering problems should be
solved such as machines communication and distributed
storage. Fortunately, several useful toolboxes have been
developed and released, and revising codes of DRL to a
distributed version usually requires a small amount of code
modification, which largely promotes the development of
DDRL. For example, Horovod [11], released by Uber, makes
full use of ring allreduce technique, and can properly use
multiple GPUs for training acceleration by just adding a few
lines of codes compared with the single GPU version. Ray
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[12], a distributed framework of machine learning released
by UC Berkeley RISELab, provides a RLlib [13] for efficient
DDRL, which is easy to be used due to its reinforcement
learning abstraction and algorithm library.

Considering the big progress of DDRL, it is emergent to
comb out the course of DDRL techniques, challenges and
opportunities, so as to provide clues for future research.
Recently, Samsami and Alimadad [14] gave a brief review of
DDRL, but their aim is single player single agent distributed
reinforcement learning frameworks, and more challenging
multiple agents and multiple players DDRL is absent. Czech
[15] made a short survey on distributed methods for re-
inforcement learning, but only several specific algorithms
are categorized and no key techniques, comparison and
challenges are discussed. Different from previous summary,
this paper shows a more comprehensive survey by com-
paring the classical distributed deep reinforcement learning
methods, and studying important components to achieve
efficient distributed learning, covering single player single
agent distributed deep reinforcement learning to the most
complex multiple players multiple agents distributed deep
reinforcement learning.

The rest of the paper is organized as follows. In Section
2, we briefly describe background of DRL, distributed learn-
ing, and typical testbeds for DDRL. In section 3, we elabo-
rate on taxonomy of DDRL, by dividing current algorithms
based on the learning frameworks and players and agents
participating in. In Section 4, we compare current DDRL
toolboxes, which help achieve efficient DDRL a lot. In Sec-
tion 5, we introduce a new multi-player multi-agent DDRL
toolbox, which provides a useful DDRL tool for complex
games. In Section 6, we summarize the main challenges and
opportunities for DDRL, hoping to inspire future research.
Finally, we conclude the paper in Section 7.

2 BACKGROUND

2.1 Deep Reinforcement Learning

Reinforcement learning is a typical kind of machine learning
paradigm, the essence of which is learning via interaction.
In a general reinforcement learning method, an agent in-
teracts with an environment by posing actions to drive the
environment dynamics, and receiving rewards to improve
its policy for chasing long-term outcomes. To learn a good
agent that can make sequential decisions, there are two
typical kinds of algorithms, i.e., model-free methods that use
no environment models, and model-based approaches that
use the pre-given or learned environment models. Plenty
of algorithms have been proposed, and readers can refer to
[16], [17] for a more thorough review.

In reality, applications naturally involve the participa-
tion of multiple agents, making multi-agent reinforcement
learning a hot topic. Generally, multi-agent reinforcement
learning is modeled as a stochastic game, and obeys similar
learning paradigm with conventional reinforcement learn-
ing. Based on the game setting, agents can be fully coop-
erative, competitive and a mix of the two, requiring rein-
forcement learning agents to emerge abilities that can match
the goal. Various key problems of multi-agent reinforcement
learning have been raised, e.g., communication and credit

assignment. Readers can refer to [18], [19] for a detailed
introduction.

With the breakthrough of deep learning, deep rein-
forcement learning becomes a strong learning paradigm by
combining representation learning ability of deep learning
and decision making ability of reinforcement learning, and
several successful deep reinforcement learning agents have
been proposed. For example, AlphaGo [1], [2], a Go agent
that can beat professional human players, is based on single
agent deep reinforcement learning. OpenAI Five, a dota2
agent that wins champion players in an e-sport for the first
time, relies on multi-agent deep reinforcement learning. In
the following, unless otherwise stated, we do not distin-
guish single agent or multiple agents deep reinforcement
learning.

2.2 Distributed Learning

The success of deep learning is inseparable from huge data
and computing power, which leads to huge demand of
distributed learning that can handle data intensive and com-
pute intensive computing. Due to the structured computa-
tion pattern of deep learning algorithms, some successful
distributed learning methods are proposed for parallelism
in deep learning [20], [21]. An early popular distributed
deep learning framework is DistBelief [22], designed by
Google, where concepts of parameter server and A-SGD are
proposed. Based on DistBelief, Google released the second
generation of distributed deep learning framework, Tensor-
flow [23], which becomes a widely used tool. Other typical
distributed deep learning frameworks, such as PyTorch,
MXNet, and Caffe2 are also developed and used by the
research and industrial communities.

Ben-Nun and Hoefler [24] gave an in-depth concurrency
analysis of parallel and distributed deep learning. In the
survey, the authors gave different types of concurrency for
deep neural networks, covering the bottom level opera-
tors, and key factors such as network inference and train-
ing. Finally, several important topics such as asynchronous
stochastic optimization, distributed system architectures,
communication schemes are discussed, providing clues for
future directions of distributed deep learning. Nowadays,
distributed learning is widely used in various fields, such
as wireless networks [25], AIoT service platform [26] and
human-computer gaming [27]. In short, DDRL is a special
type of distributed deep learning. Instead of focusing on
data parallelism and model parallelism in conventional
deep learning, DDRL aims at improving data throughput
due to the characteristics of reinforcement learning.

2.3 Testing Environments

With the huge success of AlphaGo [1], DDRL is widely
used in games, especially human-computer gaming. Those
games provide an ideal testbeds for development of DDRL
algorithms or frameworks, from single player single agent
DDRL to multiple players multiple agents DDRL.

Atari is a popular reinforcement learning testbed be-
cause it has the similar high dimensional visual input
compared to human [28]. Besides, several environments
confront challenging issues such as long time horizon and



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 3

sparse rewards [29]. Plenty of DDRL algorithms are com-
pared in Atari games, showing training acceleration against
DRL without parallelism. However, typical Atari games are
designed for single player single agent problems.

With the emerging of multi-agent reinforcement learn-
ing in multi-agent games, StarCraft Multi-Agent Challenge
(SMAC) [30] becomes a recognized testbed for single player
multi-agent reinforcement learning. Specifically, SMAC is
a sub-task of StarCraft by focusing on micromanagement
challenges, where a team of units is controlled to fight
against build-in opponents. Several typical multi-agent re-
inforcement learning algorithms are released along with
SMAC, which support parallel data collection in reinforce-
ment learning.

Apart from the above single player single agent and
single player multiple agents testing environments, there are
a few multiple players environments for deep reinforcement
learning algorithms [31]. Even though huge success has
been made for games like Go, StarCraft, dota2 and honor
of kings, those multiple players environments are used
for a few researchers due to the huge game complexity.
Overall, those multiple player single agent and multiple
agents environments largely promote the development of
DDRL.

3 TAXONOMY OF DISTRIBUTED DEEP REIN-
FORCEMENT LEARNING

3.1 Taxonomic Basis
Plenty of DDRL algorithms or frameworks are developed
with representatives such as GORILA [8], A3C [32], APE-
X [33], IMPALA [10], Distributed PPO [34], R2D2 [35] and
Seed RL [9], based on which, we can draw the key compo-
nents of a DDRL, as shown in Fig. 1. We sometimes use the
frameworks instead of algorithms or methods because these
frameworks are not targeted to a specific reinforcement
learning algorithm, and they are more like a distributed
framework for various reinforcement learning methods.
Generally, there are mainly three parts for a basic DDRL
algorithm, which forms a single player single agent DDRL
method:

• Actors: produce data (trajectories or gradients) by
interacting with the environment.

• Learners: consume data (trajectories or gradients) to
perform neural network parameters updating.

• Coordinators: coordinate data (parameters or trajec-
tories) to control the communication between learn-
ers and actors.

Actors pull neural network parameters from the learn-
ers, receive states from the environments, and perform
inference to obtain actions, which drive the dynamics of
environments to the next states. By repeating the above
process with more than one actor, data throughput can
be increased and enough data can be collected. Learners
pull data from actors, perform gradients calculation or post-
processing, and update the network parameters. More than
one learner can alleviate the limited storage of a GPU by
utilizing multiple GPUs with tools such as ring allreduce or
parameter-server [11]. By repeating above process, the final
reinforcement learning agent can be obtained.

Learners Actors

Data: used for actor to inference

Data: used for learner to update

Coordinator

Coordinator

Fig. 1. Basic framework of DDRL.

Agents cooperation

Learners

Actors

Coordinators

Single Player Single 

Agent DDRL

Players evolution

Single Player Multiple 

Agents DDRL

Multiple Player Multiple 

Agents DDRL

Multiple Players Single 

Agent DDRL

Fig. 2. Single player single agent DDRL to multiple players multiple
agents DDRL.

Coordinators are important for the DDRL algorithms,
which control the communication between learners and
actors. For example, when the coordinators are used to syn-
chronize the parameters updating and pulling (by actors),
the DDRL algorithm is synchronous. When the parameters
updating and pulling (by actors) are not strictly coordinated,
the DDRL algorithm is asynchronous. So a basic classifica-
tion of DDRL algorithms can be based on the coordinators
types.

• Synchronous: global policy parameters updating is
synchronized, and pulling policy parameters (by ac-
tors) is synchronous, i.e., different actors share the
same latest global policy.

• Asynchronous: Updating the global policy parame-
ters is asynchronous, or policy updating (by learners)
and pulling (by actors) are asynchronous, i.e., actors
and learners usually have different policy parame-
ters.

With the above basic framework, a single player single
agent DDRL algorithm can be designed. However, when
facing multiple agents or multiple players, the basic frame-
work is unable to train usable RL agents. Based on current
DDRL algorithms that support large system level AI such
as AlphaStar [7], OpenAI Five [6] and JueWU [36], two
key components are essential to build multiple players and
multiple agents DDRL, i.e., agents cooperation and players
evolution, as shown in Fig. 2.

Module of agents cooperation is used to train multiple
agents based on multi-agent reinforcement learning algo-
rithms [18]. Generally, multi-agent reinforcement learning
can be classified into two categories, i.e., independent train-
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Single Player Single Agent DDRL

※ Coordinators type
• Asynchronous based

• Synchronous based

※ Players 
evolution

• Self-play based for all players

• Population-play based for all players
※ Agents 

cooperation
• Independent training for each agent

• Joint training for all agents

Single Player multiple Agents DDRL Multiple Players Single Agent DDRLMultiple Players Multiple Agents DDRL

DDRL components
Learners Actors

Coordinators

Fig. 3. The taxonomy of distributed deep reinforcement learning.

ing and joint training, based on how to perform agents
relationship modeling.

• Independent training: train each agent indepen-
dently by considering other learning agents as part
of the environment.

• Joint training: train all the agents as a whole, con-
sidering factors such as agents communication, re-
ward assignment, and centralized training with dis-
tributed execution.

Module of players evolution is designed for agents itera-
tion for each player, where agents of other players are learn-
ing at the same time, leading to more than one generation
of agents to be learned for each player like in AlphaStar,
and OpenAI Five. Based on current mainstream players
evolution techniques, players evolution can be divided into
two types:

• Self-play based: different players share the same
policy networks, and the player updates the current
generation of policy by confronting its past versions.

• Population-play based: different players have differ-
ent policy networks, or called populations, and a
player updates its current generation of policy by
confronting other players or/and its past versions.

Finally, based on the above key components for DDRL,
the taxonomy of DDRL is shown in Fig. 3. In the following,
we will summarize and compare representative methods
based on their main characteristics.

3.2 Coordinators Types
Based on the coordinators types, DDRL algorithms can be
divided into asynchronous based and synchronous based.
For a asynchronous based DDRL method, there are two
cases: the updating of global policy parameters is asyn-
chronous; the global policy parameters updating (by learn-
ers) and pulling (by actors) are asynchronous. For a syn-
chronous based DDRL method, global policy parameters
updating is synchronized, and pulling policy parameters
(by actors) is synchronous.

Learners

Parameter server

Target Q network

Actors

Q Network-1 Environment-1

Environment-nQ network -n

… …

action

state

action

stateTrajectory

Q network

Pull
model

Gradient

T

T

Fig. 4. Basic framework of Gorila.

3.2.1 Asynchronous based
Nair et al. [8] proposed probably the first massively dis-
tributed architecture for deep reinforcement learning, Go-
rila, which builds the basis of the succeeding DDRL algo-
rithms. As shown in Fig. 4, a distributed deep Q-Network
(DQN) algorithm is implemented. Apart from the basic
DQN algorithm that mains a Q network and a target Q
network, the distribution lies in: parallel actors to generate
trajectories and send them to the Q network and target Q
network of the learners, and learners to calculate gradients
for parameters updating based on a parameter server tool
that can store a distributed neural network. The algorithm
is asynchronous because neural network parameters up-
dating of learners and trajectories collecting of actors are
asynchronously performed without waiting. In their paper,
the implemented distributed DQN reduces the wall-time
required to achieve compared or super results by an order
of magnitude on most 49 games in Atari compared to non-
distributed DQN.

Similar with [8], Horgan et al. [33] introduced distributed
prioritized experience replay, i.e., APE-X, to enhance the Q-
learning based distributed reinforcement learning. Specif-
ically, prioritized experience replay is used to sample the
most important trajectories, which are generated by all the
actors. Accordingly, a shared experience replay memory
should be introduced to store all the generated trajectories.
In the experiments, a fraction of the wall-clock training time
is achieved on the Arcade Learning Environment. To further
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Learners Actors

Agent
Global network

Local network -1 Environment-1

Environment-nLocal network -n

… …

action

state

action

state

Gradient

Gradient

Pull
model

Pull
model

T

T

Fig. 5. Basic framework of A3C.

enhance [33], Kapturowski et al. [35] proposed recurrent
experience replay in distributed reinforcement learning, i.e.,
R2D2, by introducing RNN-based reinforcement learning
agents. The authors investigate the effects of parameter lag
and recurrent state staleness problems on the performance,
obtaining the first agent to exceed human-level performance
in 52 of the 57 Atari games with the designed training
strategy.

Mnih et. al [32] proposed Asynchronous Advantage
Actor-Critic (A3C) framework, which can make full use of
the multi-core CPU instead of the GPU, leading to cheap dis-
tribution of reinforcement learning algorithm. As shown in
Fig. 5, each actor calculates gradient of the samples (mainly
states, actions and rewards used for regular reinforcement
learning algorithms), send them to the learners, and then
update the global policy. The updating is asynchronous
without synchronization among gradients from different
actors. Besides, parameters (maybe not the latest version)
are pulled by each actor to generate data with environ-
ments. In their paper, four specific reinforcement learning
algorithms are established, i.e., asynchronous one-step Q-
learning, asynchronous one-step Sarsa, asynchronous n-step
Q-learning and asynchronous advantage actor-critic. Exper-
iments show that half the time on a single multi-core CPU
instead of a GPU is obtained on the Atari domain.

To make use of the GPU’s computational power instead
of just the multi-core CPU as in A3C, Babaeizadeh et al. [37]
proposed asynchronous advantage actor-critic on a gpu, i.e.,
GA3C, which is a hybrid CPU/GPU version of the A3C. As
shown in Fig. 6, the learner consists of three parts: predictor
to dequeue prediction requests and obtain actions by the
inference, trainer to dequeue batches of trajectories for the
agent model, and the agent model to update the parameters
with the trajectories. Noted that the threads of predictor and
trainer are asynchronously executed. With the above multi-
process, multi-thread CPU for environments rollout and a
GPU, GA3C achieves a significant speed up compared to
A3C.

Placing gradient calculation in the actor side will limit
the data throughput of the whole DDRL system, i.e., tra-
jectories collected per time unit, so Espeholt et al. [10]
proposed Importance Weighted Actor-Learner Architecture
(IMPALA) to alleviate this problem. As shown in 7, parallel
actors communicate with environments, collect trajectories,
and send them to the learners for parameters updating.
Since gradients calculation is put in the learners side, which
can be accelerated with GPUs, the framework is claimed
to scale to thousands of machines without sacrificing data
efficiency. Considering that the local policy used to generate

Learners Actors

…Model
Global network

Gradient Environment-1

Environment-n

Trainers

Predictors
States, Rewards

States State

State

Actions

A
ctio

n

T

T

Fig. 6. Basic framework of GA3C.

Learners Actors

Agent
Global network

Local network -1 Environment-1

Environment-nLocal network -n

… …

action

state

action

state

Trajectory

Pull
model

Trajectory

Gradient

Pull
model

T

T

Fig. 7. Basic framework of impala.

trajectories are behind the global policy in the learners due
to the asynchrony between learner and actors, a V-trace
off-policy actor-critic algorithm is introduced to correct the
harmful discrepancy. Experiments on DMLab-30 and Atari-
57 show that IMPALA can achieve better performance with
less data compared with previous agents.

By using synchronized sampling strategy for actors in-
stead of the independent sampling of IMPALA, Stooke and
Abbeel [38] proposed a novel accelerated method, which
consists of two main parts, i.e, synchronized sampling
and synchronous/asynchronous multi-GPU optimization.
As shown in 8, individual observations of each environment
are gathered into a batch for inference, which largely reduce
the inference times compared with approaches that generate
trajectories for each environment independently. However,
such synchronized sampling may suffer from slowdown
when different environments in different processes have
large execution differences, which is alleviated by tricks
such as allocating available CPU cores used for environ-
ments evenly. As for the learners, they server as a parameter
server, whose parameters are pushed by actors, and then
updated asynchronously among other actors. The imple-
mented asynchronous version of PPO, i.e., APPO, learn
successful policies in Acari games in mere minutes.

With the above synchronized sampling in [38], inference

Learners Actors

Agent
Global network

Local network -1

Local network -n

…

actions

states

action

state

Pull 
model

Environment-1

Environment-n

…

Environment-1

Environment-n

…
…

Push 
model

Push 
model

Gradient

Gradient

T

T

Fig. 8. Basic framework of APPO.
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Learners Actors

Environment-1

Environment-n

…

Environment-1

Environment-n

…
…

Model
Global network

Trajectory queue

States

Actions

Actions
Gradient

Batches Cache

T

T

Fig. 9. Basic framework of SEEDRL.

Learners Actors

…

Model
Global network

Trajectories pool

Environment-1

Environment-n

Batch 
states

Distribute 
actions

T

T+1
Gradient

T

Fig. 10. Basic framework of PAAC.

times will be largely reduced, but the communication bur-
den between learners and actors will be a big problem when
the networks are huge. Espeholt et al. [9] proposed Scalable,
Efficient, Deep-RL (SEEDRL), which features centralized in-
ference and an optimized communication layer called gRPC.
As shown in Fig. 9, the communication between learners
and actors are mere states and actions, which will reduce
latency with the proposed high performance RPC library
gRPC. The authors implemented policy gradients and Q-
learning based algorithms and tested them on the Atari-57,
DeepMind Lab and Google Research Football environments,
and a 40% to 80% cost reduction is obtained, showing great
improvements.

3.2.2 Synchronous based
As an alternative to asynchronous advantage actor-critic
(A3C), Clemente et al. [39] found that a synchronous ver-
sion, i.e., advantage actor-critic (A2C), can better use the
GPU resources, which should perform well with more ac-
tors. In the implementation of A2C, i.e., PAAC, a coordinator
is utilized to wait for all gradients of the actors before
optimizing the global network. As shown in Fig. 10, learners
update the policy parameters before all the trajectories are
collected, i.e., the job of actors is done, and when the
learners are updating the policy, the trajectory sampling is
stopped. As a result, all actors are coordinated to obtain the
same global network to interact with environments in the
following steps.

As an alternative of advantage actor-critic (A2C) algo-
rithm in handling continuous action space, PPO algorithm
[40] shows great potential due to its trust region con-
straint. Heess et al. [34] proposed large scale reinforcement
learning with distributed PPO, i.e., DPPO, which has both
synchronous and asynchronous versions, and shows better
performance with the synchronous update. As shown in
Fig. 11, implementation of DPPO is similar to A3C but with
synchronization when updating the policy neural network.
However, the synchronization will limit the throughout of

Learners Actors

Model
Global network

Local network -1 Environment-1

Environment-nLocal network -n

… …

action

state

action

state

Gradient

Gradient

Parameter

T

T+1

T+1
×

Fig. 11. Basic framework of DPPO.

Learner + Actor Learner + Actor

Environment-1

Environment-n

Model
Global network

… Model
Global network

Environment-1

Environment-n

…

Gradient Gradient

action

state

state

action

state

state

Gradient

T+1

T T

Fig. 12. Basic framework of DDPPO.

the whole system due to different rhythm of the actors. The
authors use a threshold for the number of actors whose
gradients must be available for the learners, which makes
the algorithm scale to large number of actors.

Different from DPPO algorithm that a server is applied
for neural networks updating, Wijmans et al. [41] further
proposed a decentralized DPPO framework, i.e., DDPPO,
which exhibits near-liner scaling to the GPUs. As shown
in Fig. 12, a learner and an actor are bundled together,
as a unit, to perform trajectories collection and gradients
calculation. Then gradients from all the units are gathered
together through some reduce operations, e.g., ring allre-
duce, to update the neural networks, which make sure that
parameters are the same for all the units. Noted that to
alleviate the synchronization overhead when performing
trajectories collection in parallel units, similar strategies like
in DPPO is used to discard certain percentages of trajectories
in several units. Experiments show a speedup of 107x on 128
GPUs over a serial implementation.

3.2.3 Discussion
Single machine or multiple machines. In the beginning
of developing DDRL algorithms, researchers make previ-
ous non-distributed DRL methods distributed using one
machine. For example, the parallel of several typical actor-
critic algorithms are designed to use the multi-process of
CPUs, e.g., A3C [32], and PAAC [39]. Lately, researchers aim
at improving data throughput of the whole DDRL system,
e.g., IMPALA [10], and SEEDRL [9], which serves as a basic
infrastructure for training complex games AI like AlphaStar
and OpenAI Five. These systems usually can make use
of multiple machines. However, early DDRL algorithms
designed for a single machine can also be deployed in multi-
ple machines when communications between machines are
solved, which is relatively simple by using open soured
tools (will be introduced in Section 4).

Exchange trajectories or gradients. Learners and actors
serve as basic components for DDRL algorithms, and the



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 7

data communicated between them can be trajectories or gra-
dients based on whether to put the gradient calculation on
the actor or learner side. For example, actors of A3C [32] are
in charge of trajectories collection and gradients calculation,
and the gradients are then sent to learners for policy update,
which just make simple operations such as sum operation.
Since gradients calculation is time-consuming, especially
the policy model is large, the calculating load between the
learners and actors will be unbalanced. Accordingly, more
and more DDRL algorithms put gradients calculation in the
learners side by using more suitable devices, i.e., GPUs. For
example, in the higher data throughput DDRL frameworks
like IMPALA [10], learners are in charge of policy updating
and actors are in charge of trajectories collection.

synchronized or independent inference. When actors
are collecting trajectories by interacting with the environ-
ments, actions should be inferred. Basically, when perform-
ing a step on an environment, there should be one times
inference. Previous DDRL methods usually maintain an en-
vironment for an actor, where action inference is performed
independently from other actors and environments. With
the increasing number of environments to collect trajec-
tories, it is resource consuming especially only CPUs are
used in the actor side. By putting the inference in the GPU
side, the resources are also largely wasted because the batch
size of the inference is one. To cope with above problems,
plenty of DDRL frameworks use an actor to manage several
environments, and perform actions inference synchronized.
For example, APPO [38] and SEEDRL [9] introduce synchro-
nization to collect states and distribute actions obtained by
environments and actor policy, respectively.

Asynchronous or synchronous DDRL. In regarding
synchronous based and asynchronous based DDRL algo-
rithms, different methods share advantages and disadvan-
tages. For asynchronous DDRL algorithms, the global policy
usually does not need to wait all the trajectories or gradients,
and data collection conventionally does not need to wait the
latest policy parameters. Accordingly, the data throughput
of the whole DDRL system will be large. However, there
exists a lag between the global policy and behavior policy,
and such a lag is usually a trouble for on-policy based
reinforcement learning algorithms. DDRL frameworks such
as IMPALA [10] introduces V-trace, and GA3C [37] brings
in small term ε to alleviate the problem, but those kinds
of methods will be unstable when the lags are large. For
synchronous DDRL algorithms, synchronization among tra-
jectories or gradients is required before updating the policy.
Accordingly, waiting time is wasted for actors or learners
when one side is working. However, synchronization makes
the training stable, and it is easier to be implemented such
as DPPO [34] and DDPPO [41].

Others. Usually, multiple actors can be implemented
with no data exchange, because their jobs, i.e., trajectory col-
lection, can be independent. As for learners, most methods
only maintain one learner, which will be enough due to lim-
ited model size and especially the limited trajectory batch
size. However, large batch size is claimed to be important
for complex games [6], and accordingly multiple learners
become necessary. In the multiple learners case, usually a
synchronization should be performed before updating the
global policy network. Generally, a sum operation can han-

dle the synchronization, but it is time consuming when the
learners are distributed in multiple machines. An optimal
choice is proposed in [41], where ring allreduce operation
can nicely deal with the synchronization problem, and an
implementation of [41] is easy by using toolbox such as
Horovod [11]. On the other hand, when the model size is
large and a GPU can not load the whole model, a parameter-
server framework [8], [33] based learner can be a choice,
which may be combined with the ring allreduce operation to
handle the large model size and large batch size challenge.

Brief summary. Finally, when a DDRL algorithm is
required, how to select a proper or efficient method largely
rely on the computing resources can be used, the policy
model resource occupancy, and the environment resource
occupancy. If there is only one machine with multiple CPU
cores and GPUs, no extra communication is required except
for the data exchange between CPU and GPUs. But, if there
are multiple machines, the data exchange should be con-
sidered, which may be the bottleneck of the whole system.
When the policy model is large, exchange of model between
machines is time consuming, so methods such as SEEDRL
[9] is proper due to only states and actions being exchanged.
However, if the policy model is small, frequently exchange
the trajectories will be time consuming, and methods such
as DDPPO [41] will be a choice. When the environment re-
source occupancy is large, massive resources will be used to
start-up environments, and limited GPUs maybe competent
at the policy updating. Accordingly, DDRL methods such as
IMPALA [10] will be suitable because a high data through-
put can be obtained. Finally, there may be no best DDRL
methods for any learning environments, and researchers can
choose one that best suits their tasks.

3.3 Agents Cooperation Types

When confronting single agent reinforcement learning, pre-
vious DDRL algorithms can be easily used. But, when there
are multiple agents, distributed multi-agent reinforcement
learning algorithms are required to train multiple agents si-
multaneously. Accordingly, previous DDRL algorithms may
need to be revised to handle the multiple agents case. Based
on current training paradigms for multi-agent reinforcement
learning, agents cooperation types can be classified into two
categories, i.e., independent training and joint training, as
shown in Fig. 13. Usually, an agents manager is added to
control all the agents in a game. Independent training trains
each agent by considering other learning agents as part of
the environment, and joint training trains all the agents as a
whole by using typical multi-agent reinforcement learning
algorithms.

3.3.1 Independent training
Independent training makes a n agents training as a training
of n independent training, and accordingly previous DDRL
algorithms can be used with a few modifications. The agents
manager is mainly used to bring other agents’ information,
e.g., actions, into current DDRL training of an agent, because
dynamic of an environment should be driven by all the
agents. Considering the requirement of agents cooperation,
independent training makes more contribution on how to
promote cooperation among independent agents.
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Fig. 13. Basic framework of agents training.

Jaderberg et al. [42] proposed FTW agents for Quake III
Arena in Capture the Flag (CTF) mode, where several agents
cooperate to fight another camp. To train scalable agents
that can cooperate with any other agents even for unseen
agents, the authors train agents independently, where a
population of independent agents are trained concurrently,
with each participating thousands of parallel matches. To
handle thousands of parallel environments, an IMPALA [10]
based framework is used1. As for the cooperation problem,
the authors design rewards based on several marks between
the agents cooperated, so as to promote the emergence of
cooperation. More specifically, All the agents share the same
final global reward, i.e., win or lose. Besides, intermediate
rewards are learned based on several events that consider-
ing teammates’ action such as teammates capturing the flag,
and teammate picking up the flag.

Berner et al. [6] proposed OpenAI Five for Dota2, where
five heroes cooperate together to fight another cooperated
five heroes. In their AI, each hero is modeled as an agent and
trained independently. To deal with large parallel environ-
ments so as to generate a batch size of more than a million
of time steps, a SEEDRL [9] framework is used. Unlike [42]
utilizing different policy networks for different agents, Ope-
nAI Five uses the same policy for different agents, which
may promote the emergence of cooperation. The actions
differences lie in the features designing, where different
agents in Dota2 share almost the same features but with
specific features such as hero ID. Finally, similar with [42]
that designs rewards to promote cooperation, the authors
use a weighted sum of individual and team rewards, which
are given by following experience of human players, e.g.,
gaining resources, and killing enemies.

Ye et al. [36] proposed JueWu2 for Honor of Kings, which
is a similar game compared to Dota2 but played in mobile
devices instead of computer devices. Like in [6], a SEEDRL
[9] framework is adopted. Besides, the authors also use the
same policy for different agents as in [6]. The policy network
is kind of different, where five value heads are used due
to a deeper consideration of the game characteristics. Key
difference between [6] is the training paradigm used to scale
to a large number of heroes, which is not the main scope of
this paper, and researchers can refer to the original paper for
more details.

Zha et al. [43] proposed DouZero for DouDiZhu, where

1. Mainly based on their codes released.
2. A recognized name.

a Landlord agent and two Peasant agents are confronting
for a win. Three agents using three policy networks are
trained independently like in [42]. A Gorila [8] based DDRL
algorithm is used for the three agents learning in a single
server. Cooperation between the Peasants agents emerges
with the increasing of training epochs.

Baker et al. [44] proposed multi-agent autocurricula for
game hide-and-seek to study the emergent tool use. Like
in [6], a SEEDRL [9] framework is used, and the same
policy for different agents are used for training. Besides,
the authors test using distinct policies for different agents,
showing similar results but reduced sample efficiency.

3.3.2 Joint training
Joint training trains all the agents as a whole using typical
multi-agent reinforcement learning algorithms like a single
agent. The difference is the trajectories collected, which have
all the agents’ data instead of just an agent. The agents
manager can be designed to handle multi-agent issues, such
as communication, and coordination, to further accelerate
training. However, current multi-agent DDRL algorithms
only consider a simple way, i.e., actor parallelization to col-
lect enough trajectories. Accordingly, most previous DDRL
algorithms can be easily implemented.

The implementation of QMIX [45], a popular Q value
factorisation based multi-agent reinforcement learning al-
gorithm, is implemented using multi-processing to interact
with the environments [46]. Another example is the RLlib
[13], a part of the open source Ray project [12], which makes
abstractions for DDRL and implements several jointly
trained multi-agent reinforcement learning algorithms, e.g.,
QMIX and PPO with centralized critic. Generally speaking,
joint training is similar with single agent training in the
field of DDRL, but consideration of parallelized training
for issues such as communication and coordination among
agents, the training speed may further accelerated.

3.3.3 Discussion
As for independent training, even though different agents
are trained independently, different methods take into ac-
count problems such as the feature engineering, and reward
reshaping, so as to promote cooperation. Since different
agents are trained by making other agents as part of the
environment, conventional DDRL algorithms can be used
without many modifications. From the successful agents
such as OpenAI Five and JueWu, we can see that SeedRL or
its revised versions are a good choice. As for joint training,
it is far from satisfactory, because there is a huge room to
improve parallelism among agents by properly considering
the multi-agent issues such as communication when design-
ing actors and learners.

3.4 Player Evolution Types
In most case, we have no opponents to drive the capacity
growth for a player3. To handle such a problem, the player
usually fights against itself to increase its ability, such as
AlphaGo [1], which uses DDRL and self-play for super-
human AI learning. Based on current learning paradigms

3. Here player means the a side for a game, which may controls one
agent like Go or multiple agents like Dota2
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for players evolution, current methods can be classified
into two categories, i.e., self-play and population-play, as
shown in Fig 14. To maintain the players for evolution, a
players manager is required for the DDRL algorithms for
one or multiple players. Self-play maintains a player and its
past versions, whereas, population-play maintains several
distinct players and their past versions.

3.4.1 Self-play based evolution
Self-play becomes a popular tool since the success of Al-
phaGo series [1], [2], [47], which train a player by fighting
against itself. In an iteration or called generation of the
player, the current version is trained based on previous
DDRL algorithms by using one or some of its previous
versions as opponents. The players manager decides which
previous versions are used as the opponents.

In JueWu [36] developed for Honor of Kings, a naive self-
play is used for two players (each controls five agents) using
the same policy. A SEEDRL [9] DDRL algorithm is used, and
the self-play is used in the fixed lineup and random lineup
stages for handling large hero pool size. Players trained
for hide-and-seek [44] is similar with JueWu [36], where a
SEEDRL [9] DDRL algorithm and a naive self-play are used
to prove the multi-agent auto-curricula. Another similar
example is Suphx [5] proposed for Mahjong, which uses
self-play for a player to confront the other three players (use
the same policy). As for the DDRL algorithm, an IMPALA
[10] framework is applied for training each generation.

In OpenAI Five [6] designed for Dota2, a more complex
self-play is used for two players (each controls five agents)
using the same policy. In each generation, instead of fighting
against the current generation like naive self-play, the player
trains the current policy against itself for 80% of games, and
against its previous versions for 20% of games. Specifically,
a dynamic sampling system is designed to select the past
versions based on their dynamically generated quality score,
which claims to alleviate cyclic strategies problem. As for
the basic DDRL algorithm, a SEEDRL [9] framework is used
for all the generations of players training.

3.4.2 Population-play based evolution
Population-play can be seen as an advanced self-play, where
more than one player and their past generations should be
maintained for players evolution. It can be used for several

cases: the policy used is different for different players (e.g.,
a Landlord and two Peasant players in DouZero); some
auxiliary players are introduced for the target player to
overcome game-theoretic challenges (e.g., main exploiter
and league exploiter players in AlphaStar); parallel players
are used with consistent roles to support concurrent training
and to alleviate unstabitily of self-play (e.g., populations in
FTW).

In DouZero [43] designed for DouDiZhu, a Landlord and
two Peasant players are trained simultaneously, where their
current generations fight against each other to collect trajec-
tories and to train the players. The basic DDRL algorithm is
Gorila [8] running on a single machine, based on which, all
the three players are trained asynchronously.

In AlphaStar [7] developed for StarCraft, the players
manager maintains three main players for three different
races, i.e., Protoss, Terran, and Zerg. Besides, for each race,
several auxiliary players are designed, i.e., one main ex-
ploiter player and two league exploiter players. Those aux-
iliary players help the main player find out weaknesses and
help all the players find systemic weaknesses. The authors
claim that using such a population addresses the complexity
and game-theoretic challenges of the StarCraft. As for the
DDRL algorithm, SEEDRL [9] is utilized to support large
system training. Commander [48] is similar with [7], and
more exploiter players are used.

In FTW [42] designed for CTF, the players manager
maintains a population of players, who cooperate and con-
front with each other to learn scalable bots. The positions
of all the players are the same, and a population-based
training method is designed to adjust players with worse
performance, so as to improve the ability of all the players.
As for the basic DDRL algorithm, an IMPALA [10] method is
used to have large data throughput to train tens of players.

3.4.3 Discussion
Self-play has a long history in multi-agent settings, where
early work explored it in genetic algorithms [49]. It becomes
very popular since the success of AlphaGo series [1], [2] and
then be used for AI systems such as Libratus [50], DeepStack
[51] and OpenAI Five [6]. Combining DDRL, it can be used
to solve very complex games. On the other side, population-
play can be seen as an advanced self-play, which maintains
more players to achieve ability improvement. Current works
use population-play to accelerate training, overcome game-
theoretic challenges, or just handle the problem that requires
distinct players. Compared with self-play, population-play
is more flexible, and can handle diverse situations, whereas,
self-play is easy to be implemented, and has proved its
potential in complex games. So, there is no conclusion
which one is better, and researchers can select self-play or
population-play DDRL based on their request.

4 TYPICAL DISTRIBUTED DEEP REINFORCEMENT
LEARNING TOOLBOXES

DDRL is important for complex problems using reinforce-
ment learning as solvers, and several useful toolboxes have
been released to help researchers reduce development costs.
In this section, we analysis several typical toolboxes, hoping
to give a clue when researchers are making a selection
among them.
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4.1 Typical Toolboxes

Ray [12] is a distributed framework consisting of two main
parts, i.e., a system layer to implement tasks scheduling and
data management, and an application layer to provide high-
level API for various applications. Using Ray, researchers
can easily implement a DDRL method without considering
the nodes/machines communications and how to sched-
ule different calculations. The API is user-friendly, and by
adding @ray.remote, users can obtain a remote function
that can be executed in parallel. A RLLib [13] package
is specifically introduced to handle reinforcement learning
problems such as A3C, APEX and IMPALA. Furthermore,
several built-in multi-agent DDRL algorithms are provided
such as QMIX [45] and MADDPG [52].

Acme [53] is designed to enable distributed reinforce-
ment learning to promote development of novel RL agents
and their applications. It involves many separate (parallel)
acting, learning, as well as diagnostic and helper processes,
which are key building blocks for a DDRL system. One of
the main contributions is the in-memory storage system,
called Reverb, which is a high-throughput data system that
are suitable for experience replay based reinforcement learn-
ing algorithms. With the aim of supporting agents at various
scales of execution, plenty of mainstream DDRL algorithms
are implemented, i.e., online reinforcement learning algo-
rithms such as Deep Q-Networks [28], R2D2 [35] and IM-
PALA [10], offline reinforcement learning such as behavior
cloning and TD3 [54], imitation learning such as adversarial
imitation learning [55] and soft Q imitation learning [56].

Tianshou [57] is a highly modularized Python library
that uses PyTorch for DDRL. Its main characteristic is the
design of building blocks that support more than 20 classic
reinforcement learning algorithms with distributed version
through a unified interface. Since Tianshou focuses on small-
to medium-scale applications of DDRL with only parallel
sampling, it is a lightweight platform that is research-
friendly. It is claimed that Tianshou is easy to install, and
users can apply Pip or Conda to accomplish installation on
platforms covering Windows, macOS and Linux.

TorchBeast [58] is another DDRL toolbox that bases on
Pytorch to support for fast, asynchronous and parallel train-
ing of reinforcement learning agents. The authors provide
two versions, i.e., a pure-Python MonoBeast and a multi-
machine high-performance PolyBeast with several parts
being implemented with C++. Users only require Python
and Pytorch to implement DDRL algorithms. In the toolbox,
IMPALA is supported and tested with the classic Atari suite.

MALib [59] is a scalable and efficient computing frame-
work for population-based multi-agent reinforcement learn-
ing algorithms. Using a centralized task dispatching model,
it supports self-generated tasks and heterogeneous policy
combinations. Besides, by abstracting DDRL algorithms us-
ing Actor-Evaluator-Learner, a higher parallelism for learn-
ing and sampling is achieved. The authors also claimed to
have an efficient code reuse and flexible deployments due
to the higher-level abstractions of multi-agent reinforcement
learning. In the released code, several popular reinforcement
learning environments such as Google Research Football
and SMAC are supported and typical population based
algorithms such as policy space response oracle (PSRO) [60]

and Pipeline-PSRO [61] are implemented.
SeedRL [9] is a scalable and efficient deep reinforcement

learning toolbox, as described in Section 3.2.1. Generally, it is
verified on the tensor processing unit (TPU) device, which is
a special chip customized by Google for machine learning.
Typical DDRL algorithms are implemented, e.g., IMPALA
[10], and R2D2 [35], which are tested on four classical
environments, i.e., Arati, DeepMind lab, Google research
football and Mujoco. Distributed training is supported using
cloud machine learning engine of Google.

4.2 Discussions
Before comparing different kinks of toolboxes, we want to
claim that there are no best DDRL toolboxes for any re-
quirements, but the most suitable one depending on specific
goals.

Tianshou and TorchBeast are lightweight platforms that
support several typical DDRL algorithms. Users can easily
use and revise the released codes for developing reinforce-
ment learning algorithms with the PyTorch deep learning
library. The user-friendly features make these toolboxes
popular. However, even though those toolboxes are highly
modularized, the scalability to large number of machines for
performing large learner parallel and actor parallel are not
tested, and bottleneck may appear with increasing number
of machines.

Ray, Acme and SeedRL are relatively large toolboxes
that can theoretically support any DDRL algorithms with
certain modifications. Using their open projects, users can
utilize multiple machines to implement high data through-
put DDRL algorithms. Moreover, multiple agents training,
and multiple players evolution can be achieved, such as
for AlphaStar. However, the modifications are not easy
when revising the DDRL algorithms due to the code nest-
ing, especially for complex functions such as self-play and
population-play.

MALib is similar with Ray, Acme and SeedRL, which
is a specially designed DDRL toolbox for population-based
multi-agent reinforcement learning. With their APIs, users
may easily implement population based multi-agent rein-
forcement learning algorithms such as fictitious self-play
[62] and PSRO. Even though experiments for large number
of machines are not tested, this toolbox is fully functional
(APIs provided) for various requirements of DDRL algo-
rithms from single player single agent DDRL to multiple
players multiple agents DDRL.

In summary, current DDRL toolboxes provide a good
support for DDRL algorithms, and several typical testing
environments are applied for performance validation. How-
ever, those DDRL toolboxes are either lightweight or heavy,
and not tested for complex games. In the following, we will
design a new toolbox, which focuses on multiple players
and multiple agents DDRL training on complex games.

5 A MULTI-PLAYER MULTI-AGENT REINFORCE-
MENT LEARNING TOOLBOX

In this section, we open a multi-player multi-agent rein-
forcement learning toolbox, M2RL, to support populations
of players (with each may control several agents) for com-
plex games, e.g., Wargame [63]. Noted that this project is on
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Fig. 16. Specific details of the proposed multi-player multi-agent reinforcement learning toolbox M2RL.

going, so the main purpose is a preliminary introduction,
and we will continue to improve this project. Hyperlink of
the project is m2rl-V1.0.

5.1 Overall Framework
The overall framework is shown in Fig 15. Each player, con-
sisting one or multiple agents, has three key components:
learner, actor and experience buffer. The multiple concur-
rently executed actors produce data for learners, which use
the current player and other players as opponents based on
the choice of players manager. The experience buffer is used
to store trajectories of the player to support asynchronous or

synchronous training. The learner for each player is used to
update parameters of the player and send parameters to the
actors. Apart from the above basic factors, Players manager
maintains self-play and population-play, which has two key
parts: evaluating players and choosing opponent players for
each player.

More specific details of M2RL is shown in Fig 16. To
make M2RL easy to be used for complex games, we design
each parts in a relatively flexible manner.

• The players manager evaluates all saved players (in-
cluding their past versions) using their confrontation
results, based on which, various opponents selection

http://turingai.ia.ac.cn/ai_center/show/14
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Fig. 17. Elo results of the trained AI bots (red and blue players) based on M2RL. Knowledge 1, Knowledge 2 and Knowledge 3 are three
professional level AI bots. Demo is an AI with a strategy to select the highest priority action when it is possible.

methods can be implemented to promote players
evolution, e.g., revised self-play in OpenAI Five [6],
and prioritized fictitious self-play in AlphaStar [7].

• Each player maintains its own learner, actor and
experience buffer, making distinct players training
possible, e.g., red and blue players in Wargame [63].
Considering that the game is complex with different
observation and action spaces compared to OpenAI
gym, feature engineering and mask engineering are
used in the framework. Besides, experience buffer
is revised to change unfinished buffer to finished
buffer, which is very useful for asynchronous multi-
agent cooperation [64].

• All the codes are based on the user-friendly frame-
work Ray, which is easy to be deployed, revised
and used. More specifically, we can make full use
of computing resources by segmenting a GPU to
several parts and assigning each part to different
tasks, which is important for complex games under
limited computing resources.

5.2 A Case

Wargame, a complex game like Dota2 and StarCraft, is a
popular testing environment for verifying artificial intel-
ligence [27]. In a Wargame map4, the red player controls
several fighting units to confront the blue player who also
controls several units. The game is asymmetric because
players have distinct strategies space, and usually the blue
player has more forces, while the red player has vision ad-
vantage. Please refer to [63] for more details of the Wargame.

We can naturally model Wargame as a two players mul-
tiple agents problem, where each fighting unit is regarded
as an agent. To train two AI bots for the red and blue
players, respectively, we use several widely adopted settings
like in OpenAI Five [6], JueWu [36] and AlphaStar [7],
e.g., shared PPO policy for each agent, dual-clip for the
PPO, and prioritized fictitious self-play. Each player trains
its bot using about 200,000 games, and uses 9,500 games
for the players manager to evaluate each generation of the
player. The computing resources used here are: 2×Intel(R)
Xeon(R) Gold 6240R CPU @ 2.40GHz, 4× NVIDIA GeForce

4. wargame.ia.ac.cn, ID=2010431153

RTX 2080 Ti, and 500GB memory. With above resources,
the training lasts for five days, and we finally obtain 20
generations for each player. To evaluate the performance of
these bots, we use the build-in demo agent as baseline, and
bring in three professional level AI bots designed by teams
who have studied Wargame for several years, represented
as Knowledge 1, Knowledge 2, and Knowledge 3, respec-
tively. It should be noted that those professional AI bots do
not participated in training. Similar with the evaluation for
AlphaGo [1] and AlphaStar [7], we use Elo as metrics. The
results are shown in Fig 17.

From Fig 17, it can be seen that with the increasing
of players evolution, the learned policy for each player is
becoming stronger. Since Wargame is a complex game and
previous toolboxes are not specifically designed for complex
games, the comparison is not performed due to a hard
transfer on these toolboxes. Overall, the results show the
ability of the proposed M2RL to some extent. Since this
project is an on going item, so the main purpose of this
part is an introduction, and we will continue improve this
project (m2rl-V1.0).

6 CHALLENGES AND OPPORTUNITIES

Plenty of DDRL algorithms and toolboxes are proposed,
which largely promote the study of reinforcement learning
and its applications. We think current methods still suffer
several challenges, which may be the future directions.
Firstly, current methods rarely consider accelerating com-
plex reinforcement learning algorithms, such as those study-
ing exploration, communication and generalization prob-
lems. Secondly, current approaches mainly use ring allre-
duce or parameter and server for learners, which seldom
handle large model size and batch size situations simulta-
neously. Thirdly, self-play or population-play are important
methods for multiple players and multiple agents training,
which are also flexible without strict restrictions, but deeper
study is deficient. Fourthly, several famous DDRL toolboxes
are developed, but none of them is verified with large scale
training, e.g., tens of machines for complex games.

DDRL with advanced reinforcement learning algo-
rithms. The research and application of reinforcement learn-
ing show explosive growth since the success of AlphaGo.

http://turingai.ia.ac.cn/ai_center/show/14


JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 13

New topics emerge such as hierarchical deep reinforce-
ment learning, model based reinforcement learning, multi-
agent reinforcement learning, off-line reinforcement learn-
ing, meta reinforcement learning [16], [18], but DDRL meth-
ods rarely consider those new research area. Distributed
implementation is kind of engineering but not naive. For ex-
ample, when considering information communication for a
multi-agent reinforcement learning algorithm, agents man-
ager should reasonably parallelize agents communication
calculation so as to improve data throughput. Accordingly,
how to accelerate advanced reinforcement learning algo-
rithms with distributed implementation is an important
direction.

DDRL with big model size and batch size. With the
success of foundation models in the field of computer vision
and natural language processing, big model in reinforce-
ment learning will be a direction [27]. This requires that
the DDRL methods can handle big model size and batch
size situations simultaneously. Currently, the learners in
DDRL are based on techniques such as ring allreduce or
parameter-server, with each has its advantages. For exam-
ple, parameter-server can store big model in different GPUs,
and ring allreduce can quickly exchange gradients between
different GPUs. However, none of them are applied for
big model size and batch size in reinforcement learning.
Accordingly, how to combine these techniques to fit DDRL
algorithms for efficient training is a future direction.

Self-play and population-play based DDRL methods.
Self-play and population-play are mainstream reinforce-
ment learning agents evolution methods, which are widely
adopted in current professional human-level AI systems,
e.g., OpenAI Five [6] and AlphaStar [7]. Generally, self-
play and population-play have no strict restrictions on the
players, which means a player can fight against any past
versions for the same player or different players. Those
heuristic design makes exploring the best configuration a
hard question, which also makes designing templates for
a toolbox a tricky problem. In the future, self-play and
population-play based DDRL methods are worthy of further
study, e.g., adaptively finding out the best configuration.

Toolboxes construction and validation. Several famous
scientific research institutions such as DeepMind, OpenAI,
and UC Berkeley have released toolboxes to support DDRL
methods. Most of them use gym to test the performance,
such as data throughput, and linearity. However, environ-
ments in gym are relatively small compared with envi-
ronments in real world applications. On the other hand,
most of the testing uses one or two nodes/machines with
limited numbers of CPU and GPU devices, making the
testing insufficient to discover bottleneck of the toolboxes.
Accordingly, even though most current DDRL toolboxes
are highly modularized, the scalability to large number of
machines for performing large learner parallel and actor
parallel for complex environments are not fulled tested.
Future bottlenecks of the toolboxes may be discovered with
large testing.

7 CONCLUSION

In this paper, we have surveyed representative distributed
deep reinforcement learning methods. By summarizing key

components to form a distributed deep reinforcement learn-
ing system, single player single agent distributed deep
reinforcement learning methods are compared based on
different types of coordinators. Furthermore, by introducing
agents cooperation and players evolution, multiple players
multiple agents distributed deep reinforcement learning
approaches are elaborated. To support easy codes imple-
mentation, some popular distributed deep reinforcement
learning toolboxes are introduced and discussed, based on
which, a new multiple players and multiple agents learning
toolbox is developed, hoping to assist learning for complex
games. Finally, we discuss the challenges and opportunities
of this exciting filed. Through this paper, we hope it be-
comes a reference for researchers and engineers when they
are exploring novel reinforcement learning algorithms and
solving practical reinforcement learning problems.
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