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Abstract
Deep Reinforcement Learning (DRL), is becoming a popular and mature frame-
work for learning to solve sequential decision making problems. The application
of Deep Neural Networks, flexible and powerful function approximators, towards
learning policies has effectively enabled RL to solve applications that were thought
to be too difficult: from beating professional human players in hard games such
as Go, to becoming the foundation for flexible embodied control. We explore
what happens when one attempts to learn policies in environments that present
complex dynamics and hard and structured tasks. As these environments provide
challenges that lie fundamentally at the forefront what most state-of-the-art
Reinforcement Learning methods try to tackle, they provide a general view of
existing weaknesses, while also providing opportunities for improving the general
framework as well as particular algorithms. Firstly, we study and develop methods
for Deep Multi-Agent Reinforcement Learning, a setting in which multiple agents
are interacting with an (often complex) environment and each other. The presence
of multiple agents breaks some of the key assumptions that provide necessary
stability to standard learning methods, creating unique and interesting problems.
We test these methods by formulating a multi-agent version of the StarCraft
micromanagement problem, an extremely complex real-time control and planning
problem based on one of the hardest environments currently available in the
literature. Secondly, in a single-agent version of the same problem, we investigate
how DRL can be used to develop a set of parameter-efficient differentiable planning
modules to solve path-planning tasks with complex environment dynamics and
variable map sizes. We show that the modules enable learning to plan when the
environment also includes stochastic elements, providing a cost-efficient learning
system to build low-level size-invariant planners for a variety of interactive, hard
navigation problems. Thirdly, and lastly, we present a novel RL benchmark based
on one of the oldest and most complex video games ever developed: the NetHack
Learning Environment (NLE). NLE provides an environment that is scalable,
rich, and challenging for state-of-the-art RL, while maintaining familiarity with
standard grid-worlds, and dramatically decreasing the computational requirements
compared to existing environments of similar complexity and scope. We believe
that this particular intersection of properties will enable the community to employ
a single environment both as a debugging tool for increasingly complicated RL
agents, and as a target for the next decade of RL research.
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Abstract

Deep Reinforcement Learning (DRL), is becoming a popular and mature framework
for learning to solve sequential decision making problems. The application of Deep
Neural Networks, flexible and powerful function approximators, towards learning
policies has effectively enabled RL to solve applications that were thought to
be too difficult: from beating professional human players in hard games such as
Go, to becoming the foundation for flexible embodied control. We explore what
happens when one attempts to learn policies in environments that present complex
dynamics and hard and structured tasks. As these environments provide challenges
that lie fundamentally at the forefront what most state-of-the-art Reinforcement
Learning methods try to tackle, they provide a general view of existing weaknesses,
while also providing opportunities for improving the general framework as well as
particular algorithms. Firstly, we study and develop methods for Deep Multi-Agent
Reinforcement Learning, a setting in which multiple agents are interacting with
an (often complex) environment and each other. The presence of multiple agents
breaks some of the key assumptions that provide necessary stability to standard
learning methods, creating unique and interesting problems. We test these methods
by formulating a multi-agent version of the StarCraft micromanagement problem,
an extremely complex real-time control and planning problem based on one of the
hardest environments currently available in the literature. Secondly, in a single-
agent version of the same problem, we investigate how DRL can be used to develop
a set of parameter-efficient differentiable planning modules to solve path-planning
tasks with complex environment dynamics and variable map sizes. We show that
the modules enable learning to plan when the environment also includes stochastic
elements, providing a cost-efficient learning system to build low-level size-invariant
planners for a variety of interactive, hard navigation problems. Thirdly, and lastly,
we present a novel RL benchmark based on one of the oldest and most complex video
games ever developed: the NetHack Learning Environment (NLE). NLE provides
an environment that is scalable, rich, and challenging for state-of-the-art RL, while
maintaining familiarity with standard grid-worlds, and dramatically decreasing the
computational requirements compared to existing environments of similar complexity
and scope. We believe that this particular intersection of properties will enable the
community to employ a single environment both as a debugging tool for increasingly
complicated RL agents, and as a target for the next decade of RL research.
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1
Introduction

The past few years have seen the rise of Machine Learning as a revolutionary
tool for severely enhancing our innate drive of learning from the extraordinary
quantity of data the individuals, society, humans, Earth, and the universe seem
to want to continuously generate. Computers are now able to give us a new
perspective on large chunks of existing human knowledge, now often going through
quantities of data that vastly go beyond what a single human lifetime can feasibly
experience. Or thousands. We are effectively speeding up processes that would
have normally taken humanity decades or even centuries, affecting the human
experience in exciting – and at times scary! – ways.

There are many reasons behind this success, but the main one is that with the
increase in availability of fast computing resources, it became sustainable to train
Neural Networks (NNs) with large number of parameters, leading to the development
of Deep Learning, and the production of massive improvements across the board.
What we used to think were extremely hard problems in computer vision, speech
recognition, and natural language processing suddenly found solutions significantly
better than what got produced in decades of focused, domain-driven, expensive
research and development[103]. This thesis itself began to be developed shortly
after the release of the first few breakthroughs generated by Deep Learning models,
and has been strongly shaped by the changes introduced by this new framework.

Deep Learning involves a fundamentally simple process: pick an expressive
function approximators (again, neural nets), choose an objective function that maps
to the task that needs to be solved, and optimise the parameters of the function
via gradient descent to minimise this objective, until the task is believed to be

1



2 1.1. Deep Reinforcement Learning

sufficiently solved. At its core, it is a wildly democratising process, as it enables
engineers and makers with no significant machine learning experience, no particular
knowledge about non-convex optimisation, no intuition about probability theory, to
just get the job done. It is truly impressive in its impact, and it easily (and somewhat
annoyingly!) leads us to make wild speculations about its future, as the subject is
still very much in its infancy and we understand extremely little of what we are using.

However, not all is golden in this picture: as an attentive reader might have
noticed, this process transforms a learning problem into one of optimisation. This
mapping is somewhat straightforward in the context of supervised learning, where we
are generally learning a model to predict some unseen data (or variable, or property)
via the minimisation of some prediction error. However a lot of what systems
do is not just prediction. It’s acting! Planning! Reasoning! All processes that
don’t automatically come together with some clear and quick-to-use functions
to optimise against.

1.1 Deep Reinforcement Learning

To tackle and study sequential decision problems, where acting and interacting are
the fundamental goals of the system, the AI community has developed an ingenious
framework to generalise and reduce all such problems into a neat optimisation
challenge: Reinforcement Learning. An agent lives in an environment, and every
time step it takes an action that modifies the state of this environment. The
environment in turns gives an observation to the agent that maps to some (often
unknown) underlying state, and a numerical value that contributes to telling the
agent how well the implied task to be solved is being performed (a reward). Provided
that a reward function can be defined to a particular task, this framework enables
to focus on developing agents that aim to maximise the total reward in their lifetime
(which may or may not be defined as an episode) through trial-and-error. Chapter
2.1 goes into details about the mathematical formalisms that effectively enable us
to learn from this process in a fairly general manner.

Deep Reinforcement Learning is in a sense the modern version of this framework,
and it is primarily concerned with developing and analysing RL algorithms that
employ Deep Neural Networks as function approximators. This idea saw being
developed in the early 90’s to try to deal with high-dimensional state spaces, and (at
the time) complex environments. A very early example was TD-Gammon[183], which
employed an NN-based value function to play backgammon, achieving performance
comparable to the highest level of human players in a significantly shorter time
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than these (or any) humans. However, the real explosion of work on non-linear
function approximators applied to RL is far more recent, and steamed primarily
from the desire of exploiting Deep Learning’s success to make similarly impactful
breakthroughs as the applications mentioned above.

The first example of truly unexpected results, which fueled the creation of
the field, was the work proposed by [117], who showed that one could train a
policy approximated by a relatively simple neural network to play a large collection
of classic Atari videogames, using pixel-based observations and a common RL
algorithm, Q-learning. This was followed by further and similarly impressive work
on developing and adapting existing RL techniques to play Go[159, 160], one of
the most difficulty abstract games that humans have ever played. And such work
succeeded in fundamentally creating agents that can beat all humans who ever played
the game (and all that will most likely play it in the future). Deep Reinforcement
Learning is now a successful field of research, and its algorithms are being applied
to a number of domains, replacing purpose-built robotics architectures, computer
vision systems, large-scale optimisation programs, and many others, with general
learning algorithms that can successfully exploit the available data.

That said, if Deep Learning can be compared to a baby making its first steps,
Deep Reinforcement Learning is an infant that has barely begun attepting to
understand the objects surrounding itself and the laws that govern them. Learning
policies is fundamentally unstable and source of extreme frustration. It is somewhat
well known by practitioners that DRL can unexpectedly – and often randomly –
produce awful solutions, as if training deep policies might be heavily dependent on
someone in Paris failing to place a lovely amount of cherries on a strawberry
and chocolate cake.1

So, in the face of this instability and general lack of knowledge, how do we make
progress towards understanding and improving the status quo in Deep Reinforcement
Learning? The community seems to largely be focused on gradual improvements on
well beaten paths (see Section 2.4 for a good discussion on this), but it is unclear
what the correct tradeoff is between exploiting what we already know and exploring
in the darkness of new problems and solutions. Unsurprisingly, this is what we will
set out to do. We will look for answer to questions and problems that are intuitively
challenging to the status quo. We will try to check what happens when we try to
learn policies at the boundary of what is considered possible; what happens when
we try to learn policies that try to estimate complex environment functions; what
happens when we go beyond what is commonly tried.

1The author of this thesis may or may not believe this to be true.



4 1.2. Thesis Contributions and Format

In this thesis, we attempt to go beyond the standard RL setting, and put the RL
framework, (some of) its algorithms, architectures, models, and general assumptions
in unconfortable state where common assumptions do not necessarily hold. In
the process, we will also try to define what it takes for a benchmark to provide
good experimental settings that provide incentives and arising challenges to easily
implement these questions into research directions, fixing issues and discovering
new methods as we go through this process.

1.2 Thesis Contributions and Format

This is a general outline of the format and the contributions that compose this thesis.

Chapter 2 introduces background required knownledge on Reinforcement
Learning. It begins with a quick overview of classic methods, discusses the transition
to Deep Reinforcement Learning methods, delves into Multi-Agent RL, and finally
quickly reviews the state of benchmarks in the field.

Chapter 3 discusses Deep Multi-Agent Reinforcement Learning, introducing (a)
the problem of non-stationarity in methods that employ buffers of historical data,
and some solutions to solve it, (b) a new Actor-Critic algorithm closely exploiting
the concept of centralised learning and decentralised execution to solve the multi-
agent credit assignment problem, and (c) the StarCraft Multi-Agent Challenge, a
benchmark based on the StarCraft micromanagement problem employed to test
the methods introduced in the Chapter, which synthesises what we learnt from
developing and evaluating the learning framework. The chapter is based of three
separate publications [55, 54, 150] (respectively at ICML 2017, AAAI 2018, and
AAMAS 2019). I was lead co-author for the first paper together with Jakob Foerster,
the second paper was a joint effort among all the junior authors, but particularly
led by Jakob Foerster and Gregory Farquhar (we all shared writing duties, and I
particularly focused on the experimental setting), utilising ideas originally developed
during the prototyping phase of the first paper; the third paper was also a (larger!)
team effort, in which I – together with my now-senior collaborators from the previous
two papers – primarily acted in a supervisory role and focused on writing and
research directions, given the large-scale engineering focus of the project and the
many contributors to manage. These three papers, jointly, have strongly contributed
to the kickstarting a still unstopped wave of exciting Deep Multi-Agent RL work
in the larger community, and to the establishment of StarCraft as a useful and
modern multi-agent benchmark.
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Chapter 4 discusses Value Propagation Networks, published to ICLR 2019
as [120]. This paper introduces two low-level differentiable modules that can be
trained with Reinforcement Learning to produce agents that solve path planning
problems in a variety of complex and stochastic scenarios. The work focuses on
exploring the use of Deep Reinforcement Learning for a particularly well constrained
but complex problem, with the (achieved) objective to gain some generalisation
capabilities and improve the state of the art. I was the lead author of the work, with
major technical contributions by the rest of the authors, with particular mention
of Nicolas Usunier and Gabriel Synnaeve, who provided supervision and technical
ideas during the development of the project.

Chapter 5 discusses the NetHack Learning Environment, a novel environment
based on NetHack, a wildly complex, long-lived, terminal-based video game. This
environment is likely to be the hardest grid-world the community will ever need
to work on, and provides in my opinion a next generation grand-challenge that
displays particularly critical weaknesses of current SOTA RL architectures. The
paper was published at NeurIPS 2020 as [100], and later became the foundation
for one of the NeurIPS 2021 competitions (the first, at the present time). The
primary technical lead of the paper was Heinrich Küttler, who spearheaded the early
prototype of the environment and provided technical leadership and manpower to
the project. I strongly contributed to both the required engineering, experimental,
and writing efforts together with him and Tim Rocktäschel, but many technical and
non-technical contributions generally came from the entirety of the author team.

Chapter 6 concludes the thesis with a retrospective on each of these chapters
and the overall document, providing details on some interesting future directions
as well as reviewing some of the body of work that the community has already
built on the contributions made by this thesis.

1.3 Additional contributions

During the development of this thesis, there were various publications that couldn’t
be cleanly included in this thesis, as they were either exploring different topics,
the contribution was not sufficient to warrant inclusion in the dissertation, or they
would decrease the quality of the overall dissertation in some way or another. Here
we note their status as publications, and we include their respective abstract:
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Playing Doom with SLAM-Augmented Deep Reinforcement Learning
[19] (ArXiv 2016) – A number of recent approaches to policy learning in 2D
game domains have been successful going directly from raw input images to actions.
However when employed in complex 3D environments, they typically suffer from
challenges related to partial observability, combinatorial exploration spaces, path
planning, and a scarcity of rewarding scenarios. Inspired from prior work in human
cognition that indicates how humans employ a variety of semantic concepts and
abstractions (object categories, localisation, etc.) to reason about the world, we
build an agent-model that incorporates such abstractions into its policy-learning
framework. We augment the raw image input to a Deep Q-Learning Network
(DQN), by adding details of objects and structural elements encountered, along with
the agent’s localisation. The different components are automatically extracted and
composed into a topological representation using on-the-fly object detection and
3D-scene reconstruction.We evaluate the efficacy of our approach in Doom, a 3D
first-person combat game that exhibits a number of challenges discussed, and show
that our augmented framework consistently learns better, more effective policies.

A Survey of Reinforcement Learning Informed by Natural Language
[110] (IJCAI 2019) – To be successful in real-world tasks, Reinforcement Learning
(RL) needs to exploit the compositional, relational, and hierarchical structure of the
world, and learn to transfer it to the task at hand. Recent advances in representation
learning for language make it possible to build models that acquire world knowledge
from text corpora and integrate this knowledge into downstream decision making
problems. We thus argue that the time is right to investigate a tight integration of
natural language understanding into RL in particular. We survey the state of the
field, including work on instruction following, text games, and learning from textual
domain knowledge. Finally, we call for the development of new environments as
well as further investigation into the potential uses of recent Natural Language
Processing (NLP) techniques for such tasks.

TorchBeast: A PyTorch Platform for Distributed RL [98] (ArXiv 2019) –
TorchBeast is a platform for reinforcement learning (RL) research in PyTorch. It
implements a version of the popular IMPALA algorithm for fast, asynchronous,
parallel training of RL agents. Additionally, TorchBeast has simplicity as an explicit
design goal: We provide both a pure-Python implementation (“MonoBeast”) as well
as a multi-machine high-performance version (“PolyBeast“). In the latter, parts
of the implementation are written in C++, but all parts pertaining to machine
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learning are kept in simple Python using PyTorch, with the environments provided
using the OpenAI Gym interface. This enables researchers to conduct scalable RL
research using TorchBeast without any programming knowledge beyond Python
and PyTorch. In this paper, we describe the TorchBeast design principles and
implementation and demonstrate that it performs on-par with IMPALA on Atari.
TorchBeast is released as an open-source package under the Apache 2.0 license and
is available at https://github.com/facebookresearch/torchbeast.

MVFST-RL: An Asynchronous RL Framework for Congestion Control
with Delayed Actions [161] (ML for Systems, NeurIPS 2019) – Effective
network congestion control strategies are key to keeping the Internet (or any large
computer network) operational. Network congestion control has been dominated
by hand-crafted heuristics for decades. Recently, ReinforcementLearning (RL)
has emerged as an alternative to automatically optimize such control strategies.
Research so far has primarily considered RL interfaces which block the sender while
an agent considers its next action. This is largely an artifact of building on top of
frameworks designed for RL in games (e.g. OpenAI Gym). However, this does not
translate to real-world networking environments, where a network sender waiting
on a policy without sending data leads to under-utilization of bandwidth. We
instead propose to formulate congestion control with an asynchronous RL agent
that handles delayed actions. We present MVFST-RL, a scalable framework for
congestion control in the QUIC transport protocol that leverages state-of-the-art
in asynchronous RL training with off-policy correction. We analyze modeling
improvements to mitigate the deviation from Markovian dynamics, and evaluate
our method on emulated networks from the Pantheon benchmark platform. The
source code is publicly available at https://github.com/facebookresearch/mvfst-rl.

WordCraft: An Environment for Benchmarking Commonsense Agents
[78] (Language in Reinforcement Learning, ICML 2020) – The ability to quickly
solve a wide range of real-world tasks requires a commonsense understanding of
the world. Yet, how to best extract such knowledge from natural language corpora
and integrate it with reinforcement learning (RL) agents remains an open challenge.
This is partly due to the lack of lightweight simulation environments that sufficiently
reflect the semantics of the real world and provide knowledge sources grounded with
respect to observations in an RL environment. To better enable research on agents
making use of commonsense knowledge, we propose WordCraft, an RL environment
based on Little Alchemy 2. This lightweight environment is fast to run and built
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upon entities and relations inspired by real-world semantics. We evaluate several
representation learning methods on this new benchmark and propose a new method
for integrating knowledge graphs with an RL agent.

Multitask Soft Option Learning [76] (UAI 2020) – We present Multitask Soft
Option Learning (MSOL), a hierarchical multitask framework based on Planning
as Inference. MSOL extends the concept of options, using separate variational
posteriors for each task, regularized by a shared prior. This “soft” version of options
avoids several instabilities during training in a multitask setting, and provides a
natural way to learn both intra-option policies and their terminations. Furthermore,
it allows fine-tuning of options for new tasks without forgetting their learned policies,
leading to faster training without reducing the expressiveness of the hierarchical
policy. We demonstrate empirically that MSOL significantly outperforms both
hierarchical and flat transfer-learning baselines.

Lessons from Reinforcement Learning for Biological Representations

of Space [119] (Vision Research, vol. 174) – Neuroscientists postulate 3D
representations in the brain in a variety of different coordinate frames (e.g. ‘head-
centred’, ‘hand-centred’ and ‘world-based’). Recent advances in reinforcement
learning demonstrate a quite different approach that may provide a more promising
model for biological representations underlying spatial perception and navigation.
In this paper, we focus on reinforcement learning methods that reward an agent for
arriving at a target image without any attempt to build up a 3D ‘map’. We test
the ability of this type of representation to support geometrically consistent spatial
tasks such as interpolating between learned locations using decoding of feature
vectors. We introduce a hand-crafted representation that has, by design, a high
degree of geometric consistency and demonstrate that, in this case, information
about the persistence of features as the camera translates (e.g. distant features
persist) can improve performance on the geometric tasks. These examples avoid
Cartesian (in this case, 2D) representations of space. Non-Cartesian, learned
representations provide an important stimulus in neuroscience to the search for
alternatives to a ‘cognitive map’.
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Simulation-Based Inference for Global Health Decisions [154] (ArXiv
2020) – The COVID-19 pandemic has highlighted the importance of in-silico
epidemiological modelling in predicting the dynamics of infectious diseases to inform
health policy and decision makers about suitable prevention and containment
strategies. Work in this setting involves solving challenging inference and control
problems in individual-based models of ever increasing complexity. Here we discuss
recent breakthroughs in machine learning, specifically in simulation-based inference,
and explore its potential as a novel venue for model calibration to support the
design and evaluation of public health interventions. To further stimulate research,
we are developing software interfaces that turn two cornerstone COVID-19 and
malaria epidemiology models COVID-sim, (https://github.com/mrc-ide/covid-sim/)
and OpenMalaria (https://github.com/SwissTPH/openmalaria) into probabilistic
programs, enabling efficient interpretable Bayesian inference within those simulators.
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2
Background

This chapter provides an overview of the required background information and
formalisms for reading through the rest of this thesis. Firstly, we introduce
Reinforcement Learning and its modern variant, Deep Reinforcement Learning, in
Sections 2.1 and 2.2. Secondly, we look at how Reinforcement Learning changes
when applied to multi-agent settings, in Section 2.3, as some modern variants
of such algorithms will be discussed in Chapter 3. Finally, we review common
RL environments used in the RL literature, so as to facilitate comparisons with
the ones presented in this thesis.

Note that concepts that are essential only for specific chapters – e.g., Value
Iteration Networks for Chapter 4 – are directly introduced into their relevant
chapters, however the literature mentioned in the present chapter largely covers the
topics introduced by this thesis in what we believe to be sufficient detail.

2.1 Reinforcement Learning

The general (and basic) Reinforcement Learning formulation is made of an agent
interacting with a Markov Decision Process (MDP) (S, A, P, R, γ), where S is the
state space of the environment and the agent, A is the set of actions, P (st+1|st, at)
is the transition dynamics of the environment, R(s, a) is the reward function, and
γ ∈ [0, 1) is the discount factor. At time t, the agent in state st is allowed to take
actions at ∈ A, according to its policy π(at|st), after which the state transitions to
st+1 according to P , giving the agent a reward rt = R(st, at). Overall, the agent’s
goal is take actions such as to maximise the expected discounted return:

11
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Rt =
∞∑

t=0
γtrt,

that is to learn the optimal policy π∗ that maximises this return:

J(π) = Es0∼p(s0),a0∼π(a0|s0),s1∼p(s1),a1∼π(a1|s1),...[Rt]

= Es0,a0,s1,a1,...∼P,π[
∞∑

t=0
γtr(st, at)],

π∗ = argmax
at∈A

J(π),

assuming an infinite planning horizon. This is an extremely difficult problem in
the general case because a priori the agent does not know the dynamics nor the
reward function of the MDP, and can only sample transitions by interacting with
it, usually in some form of episodic manner without any control over initial states.
Readers are particularly invited to check the thorough discussion and overview of
the history and development of this framework, and its challenges, found in [170].

Looking at this from a modern machine learning perspective, a subject that
nowadays is mostly concerned with learning functions from data, solving the
Reinforcement Learning problem equals to learning the parameters θ of the optimal
policy π∗

θ , which can be done in a variety of manners. A first straightforward
approach is to directly optimise π with respect to the objective above, which is
known as policy-based learning. A second, possibly less straightforward, approach is
to estimate proxy functions from data that can be used to derive the optimal policy
– these are often categorised as value-based learning (or separately, model-based,
which we will not discuss in this thesis). Value-based methods usually focus on
learning a state-action value function Qπ(s, a) (or a value function V π(s)), which
summarises the return of taking action a from state s, assuming that policy π

is followed afterwards:

Qπ(st, at) = Est+1,at+1,...∼P,π|st,at [
∞∑

t=0
γt′−tr(s′

t, a′
t)].

Once the optimal Q-function Q∗ is learnt, the optimal policy can be directly de-
rived as:

π∗(at|st) = argmax
at∈A

Q∗(st, a).

It is very important to note that in reasonable RL problems, the quality of
π, Qπ, and other employed functions highly depends on the quality of learnt
dynamics and reward functions.
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2.2 Deep Reinforcement Learning

The introduction of flexible and powerful function approximators in the form of deep
neural networks[103] has greatly expanded and improved the scope of applications
available to study and improve Reinforcement Learning. In less than a decade, RL
went from being a relatively niche learning framework, to solving real problems
on robots. These successes are definitely in large part thanks to the increase
of compute and the "unreasonable effectiveness" of Deep Learning, but they are
also due to massive efforts in translating a tabular RL algorithms into powerful
methods for training these models.

2.2.1 Value-based methods

Above we introduced Q-functions as functions that are relatively straightforward
to optimise, while being good proxies for policies. In principle, Q-functions can be
evaluated for any policy π, but the optimal Q∗(s, a) = maxπ Qπ(s, a) obeys Bellman
optimality to form the central system for what we call Q-learning:

Q∗(s, a) = Es′ [r + γ max
a

Q∗(s′, a′)].

One of the first RL methods to appropriately employ Deep Neural Networks
to deal with high dimensional state spaces was Deep Q-Network (DQN) [117]
(Figure 2.1), which used a network composed of convnets, fully-connected layers, and
some simple non-linear activation functions to represent a Q-function as Q(s, a; θ)
with θ being the network parameters. A DQN is optimised by minimising the
Bellman error, i.e.

Li (θi) = Es,a∼ρ(·)
[
(yi −Q (s, a; θi))2

]
,

where yi = Es′∼E [r + γ maxa′ Q(s′, a′; θi−1)|s, a] is the target for iteration i, and θi−1

are the parameters from the previous learning iteration, held fixed when optimising
Li (θi). To stabilise the process of training these models, DQN introduced two new
ideas to the standard Q-learning optimisation process: (a) an experience replay
buffer used to collect and maintain a history of past traces, and use it as dataset of
episodic traces to sample mini-batches for network updates; and (b) the parameters
of the target network θi−1 are kept constant for a number of iterations to produce
more stable gradients wrt. the parameters θi of the online network.

By employing recurrent neural networks (RNNs) and LSTMs (Long Short-Term
Memory) to represent the Q-function, the DQN model can be easily extended to
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Figure 2.1: Visualisation of the Deep Q-Network architecture employed in [117]. The
network takes the state, which is a vector of frames from the Arcade Learning Environment
shifted to greyscale and normalised, and puts them through convolutional and fully
connected layers using relu nonlinearities in between. The final layer outputs a discrete
action corresponding to one of the available actions, which the environment takes and
uses to do a step. DQN uses then the the difference between the score obtained in the new
step and the score from the previous time step as the reward, which is used to generate
the gradients to update the estimate of Q through backpropagation. Taken from [6].

deal with partial observability[68]: irather than directly approximating Q(s, a), a
recurrent DQN approximates Q(θ, a) with an RNN, maintaining an internal state
over time from the observation history θ, and adding the hidden state of the network
as input ht−1 and output ht to the model. The gradient steps are then automatically
backpropagated through time via the process of unrolling the recorded hidden states.

2.2.2 Policy-based methods

A second (and perhaps simpler) system for optimising a policy is known as Policy
Gradients, which is a type of policy-based approaches. They are considered to be
one of the most direct ways of finding the optimal policy, since the optimisation
process does not involve surrogate objectives (such as the Value function system
discussed above), and gradient descent / ascent is simply applied with respective
to the RL objective J(π)[46].

One of the most basic forms of policy gradient is REINFORCE [200], in which
the gradient is defined as::

g = Es0:∞,a0:∞

[
T∑

t=0
Rt∇θπ log π(at|st)

]
.

Due to its simplicity, REINFORCE is commonly employed as a way to make
non-differentiable functions actually differentiable (and thus enable end-to-end
training via backpropagation); however, it is a relatively weak policy estimator
compared to other existing approaches in RL.

A better alternative is Actor-Critic (AC) [171, 95, 155], in which the actor, i.e.,
the policy, is trained by following a gradient that depends on a critic, which usually
estimates a value function. In particular, Rt is replaced by any expression equivalent
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to Q(st, at)− b(st), where b(st) is a baseline designed to reduce variance [196]. A
common choice is b(st) = V (st), in which case Rt is replaced by A(st, at). Another
option is to replace Rt with the temporal difference (TD) error rt + γV (st+1)−V (s),
which is an unbiased estimate of A(st, at). In practice, the gradient must be
estimated from trajectories sampled from the environment, and the (action-)value
functions must be estimated with function approximators. Consequently, the bias
and variance of the gradient estimate depends strongly on the exact choice of
estimator [95].

Similarly to recurrent DQNs, AC methods can also generally be directly adapted
to partially observable settings by using a recurrent network to represent both (or
either) the actor and the critic, and conditioning them on the action-observation his-
tory θ.

2.3 Multi-Agent Reinforcement Learning

In this thesis we consider a multi-agent setting in which n agents identified by
a ∈ A ≡ {1, ..., n} participate in a stochastic game, G, described by a tuple
G = ⟨S, U, P, r, Z, O, n, γ⟩, by choosing sequential actions. Similarly to the single-
agent setting, the environment occupies states s ∈ S, in which, at every time
step, each agent takes an action ua ∈ U , forming a joint action u ∈ U ≡ Un.1

Joint quantities over (usually) the acting agent are set in bold (e.g., u), and
joint quantities over any other agent with superscript −a (e.g. u−a). As indeed
previously seen, γ ∈ [0, 1] again is a discount factor. Actions applied to the
environment induce changes in the environment with state transition probabilities
defined by P (s′|s, u) : S ×U × S → R; similarly, the reward function specifies a
reward conditioned on each agent, r(s, u, a) : S ×U × A → R.

In fully observable settings it is generally possible to learn a unique, centralised
policy, π(u|st), that given environment states returns a distribution over the
joint action space:

π(u|st) : U× S → [0, 1].

However this makes for a challenging approach due to two primary issues: firstly,
the join action space U quickly blows up exponentially with increasing number
of agents, and secondly centralised control is rarely a possibility in real-world

1Note that this particular notation, a for agents and u for actions, is relatively common in
the multi-agent literature, stemming from pre-RL work. We will only use this nomenclature in
Chapter 3, as it clashes with most existing body of work in RL.
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applications: in most cases agents need to act on separate, local observations. Thus,
for the reminder of this thesis we focus on decentralised control, where each agent
has a policy πa(ua|st) that is independent of the others and that maps to its own
agent-dependent probability distribution. This enables to factorize the joint action
space as a product of the individual action spaces,

P (u|st) =
∏
a

πa(ua|st)

,
and allows us to reason on the agent-centric action space and condition on local

agent observations. In the general case, it means that agents act based on partial
observability; that is these observations oa

t ∈ Z are governed by an observation
function O(s, a) : S × A→ Z. For notational simplicity, this observation function
is deterministic, i.e., we model ony perceptual aliasing and not noise. However,
extending this formalisation to noisy observation functions is straightforward. Each
agent a conditions its behaviour on its own action-observation history τa ∈ T ≡
(Z × U)∗, according to its policy πa(ua|τa) : T × U → [0, 1]. After each transition,
the action ua and new observation O(s, a) are added to τa, forming τ ′

a. We denote
joint quantities over agents in bold, and joint quantities over agents other than a

with the subscript −a, so that, e.g., u = [ua, u−a]. In this thesis we also assume
that in cases of fully cooperative settings agents share the same reward function
r(s, u) : S × U → R in a general-sum setting.

2.3.1 Centralised Training, Decentralised Execution

In real world settings, training and execution of policies are often two very disjointed
processes. Training is commonly carried out on a simulator, learning policies that
are later deployed on (more or less) physical actors. This constraint enables us to
focus on settings where agents need to take actions based on their local observation
only during decentralised execution, whilst during centralised trainig they are able
to reason, condition, and generally gain access to any type of accessible agent-set-
wise information (such as belief state, communication data, training state, and so
forth). This is a standard approach for solving Dec-POMDPs[17], and provides
a fantastic avenue for learning deep multi-agent policies using RL. We will see
this concept employed heavily in Chapter 3, as it’ll form the framework around
which we set up both methods and experiments.
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2.3.2 Foundational algorithms

Multi-agent RL has a rich history [26, 203] but has mostly focused on tabular
settings and simple environments. The most commonly used method is independent
Q-learning (IQL) [179, 157, 206], perhaps the simplest approach to transitioning
from single-agent to multi-agent RL: each agent learns its own Q-function that
conditions only on the state and its own action. IQL is appealing because it avoids
the scalability problems of trying to learn a joint Q-function that conditions on u,
since as we previous mentioned, |U| grows exponentially in the number of agents.
It is also naturally suited to partially observable settings, since, by construction,
it learns decentralised policies in which each agent’s action conditions only on
its own observations, thus enabling to further consider using directly its action-
observation history Qa(τa, ua). When using deep policies, this can be achieved
by having each agent perform DQN using a recurrent neural network trained on
its own observations and actions.

However, IQL introduces a key problem: the environment becomes nonstationary
from the point of view each agent, as it contains other agents who are themselves
learning, ruling out any convergence guarantees. On the one hand, the conventional
wisdom is that this problem is not severe in practice, and substantial empirical
results have demonstrated success with IQL [114]. On the other hand, such results
do not involve deep learning.

Lauer and Riedmiller [101] propose a variation of distributed Q-learning, a
coordination-free method. However, they also argue that the simple estimation
of the value function in the standard model-free fashion is not enough to solve
multi-agent problems, and coordination through means such as communication
[113] is required to ground separate observations to the full state function.

More recent work tries to leverage deep learning in multi-agent RL, mostly as
a means to reason about the emergence of inter-agent communication. Tampuu
et al. [177] apply a framework that combines DQN with independent Q-learning to
two-player pong. Foerster et al. [53] propose DIAL, an end-to-end differentiable
architecture that allows agents to learn to communicate and has since been used
by Jorge et al. [82] in a similar setting. Sukhbaatar et al. [165] also show that
it is possible to learn to communicate by backpropagation. Leibo et al. [105]
analyse the emergence of cooperation and defection when using multi-agent RL
in mixed-cooperation environments such as the wolfpack problem. He et al. [70]
address multi-agent learning by explicitly marginalising the opponents’ strategy
using a mixture of experts in the DQN.
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2.3.2.1 Non-stationarity in Multi-Agent settings

As discussed earlier, many popular forms of deep RL relies heavily on experience
replay and the combination of experience replay with IQL appears to be problematic:
the nonstationarity introduced by IQL means that there exsts a mismatch between
the dynamics that generated the data in the agent’s replay memory and the
current dynamics in which it is learning. While IQL without a replay memory can
learn well despite nonstationarity so long as each agent is able to gradually track
the other agents’ policies, that seems hopeless with a replay memory constantly
confusing the agent with obsolete experience. Section 3.2 will propose methods
to tackle exactly this issue.

Methods like hyper Q-learning [184], also discussed in Section 3.2, and AWE-
SOME [39] try to tackle nonstationarity by tracking and conditioning each agent’s
learning process on their teammates’ current policy, while Da Silva et al. [41]
propose detecting and tracking different classes of traces on which to condition
policy learning. Kok and Vlassis [94] show that coordination can be learnt by
estimating a global Q-function in the classical distributed setting supplemented
with a coordination graph. In general, these techniques have so far not successfully
been scaled to high-dimensional state spaces.

Broadly related are methods that attempt to allow for faster convergence of policy
networks such as prioritised experience replay [152], a version of the standard replay
memory that biases the sampling distribution based on the TD error. However,
this method does not account for nonstationary environments and does not take
into account the unique properties of the multi-agent setting which, as we’ll see in
Section 3.2, provide both both unique challenges as well as structure for solving
such issues in a relatively simple and straightforward manner.

Wang et al. [193] describe an importance sampling method for using off-
policy experience in a single-agent actor-critic algorithm. However, to calculate
policy-gradients, the importance ratios become products over potentially lengthy
trajectories, introducing high variance that must be partially compensated for by
truncation. By contrast, in Section 3.3 we address off-environment learning and
show that the multi-agent structure results in importance ratios that are simply
products over the agents’ policies.
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2.3.2.2 Multi-Agent policy gradients

Since in Section 3.3 we develop a new multi-agent policy gradient, it is important
to clarify some details about how we apply policy gradients in a multi-agent setting.
In particular, we generally train critics f c(·, θc) on-policy to estimate either Q

or V , using a variant of TD(λ) [169] adapted for use with deep neural networks.
TD(λ) uses a mixture of n-step returns G

(n)
t = ∑n

l=1 γl−1rt+l + γnf c(·t+n, θc). In
particular, the critic parameters θc are updated by minibatch gradient descent
to minimise the following loss:

Lt(θc) = (y(λ) − f c(·t, θc))2,

where y(λ) = (1− λ) ∑∞
n=1 λn−1G

(n)
t , and the n-step returns G

(n)
t are calculated

with bootstrapped values estimated by a target network [117] with parameters
copied periodically from θc.

Gupta et al. [62] investigate actor-critic methods for decentralised execution
with centralised training. However, in their methods both the actors and the critic
condition on local, per-agent, observations and actions, and multi-agent credit
assignment is addressed only with hand-crafted local rewards.

[108] concurrently propose a multi-agent policy-gradient algorithm using cen-
tralised critics. Their approach does not address multi-agent credit assignment.
Unlike our work, it learns a separate centralised critic for each agent and is applied
to competitive environments with continuous action spaces.

Also related is work on the emergence of communication between agents, learned
by gradient descent [43, 118, 102, 53, 165]. In this line of work, passing gradients
between agents during training and sharing parameters are two common ways
to take advantage of centralised training. However, these methods do not allow
for extra state information to be used during learning and do not address the
multi-agent credit assignment problem.

Finally, our work builds directly on the idea of difference rewards [202]. The
particular relationship with our work is discussed in Section 3.3.2.

2.4 Evaluating Deep Reinforcement Learning

Deep RL is fundamentally driven by empirircal machine learning work, and as
such it strongly relies on quality benchmarks to evaluate, rank, and compare
methods, algorithms, and models across problems and related state-of-the-art
solutions. Benchmarks also function as diagnostic tools, enabling researchers to
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look into behaviour of their agents in known settings, which is particularly useful
when developing new methods and/or moving to novel problems. Before the Deep
Learning era, most common RL benchmarks consituted of simple control problems,
small grid-world environments, low-dimensional matrix games, and so forth [170],
some of which are still employed today as unit tests. The past decade however has
seen a (messy) explosion of new high-dimensional, often complex, environments
generally correlated with the introduction of new methods poking around issues
arising from using Neural Networks and more complex end-to-end architectures.

Arguably, the Atari Learning Environment (ALE) [13] has generated the most
impact in the past decade. ALE is a suite of environmnets based on Atari video
games, all with a common interface. Agents get access to incoming pixel (or
RAM) observations, and can act using a set of actions mapped to a simulated
real-life controller. The environments range in difficulty by various metrics (Pong is
relatively a straightforward visual and control problem to solve, whilst Montezuma’s
Revenge is an extremely hard exploration problem with lots of structure in the
state). Incoming successors that provide a similar interface to later generations (of
naturally more complex) video games include Retro [122] and Procgen [36].

The community has also produced a number of modern gridworlds that improve
upon the classic ones by providing some degree of complexity in the observation, a
more varied range of more or less complex tasks, and interfaces for quickly producing
task variations. Popular examples include Mazebase [166], minigrid [31], as well
as the perhaps more control-focused bsuite [128].

MuJoCo [186], PyBullet [40], and Brax [57] are some of the most popular
environments in the current generation of control benchmarks. These environments
are backed by engines that enable constrained control and simulation of physical
interactions between multi-body systems, with various degrees of physical resolution,
ranging all the way from simple linear mechanics to full-body robotic sims. They
generally come wit an ever-growing suite of high-level control tasks, such as
locomotion, path planning, and object manipulation, and more or less ergonomic
interfaces for creating similarly-scoped new ones. However, a major drawback is
that physics interaction simulations tend to be grow computationally expensive
with respect to both the simulated dynamics and the complexity of the task.

On the higher end of the complexity spectrum lie Embodied AI environments
such as MineCraft[80, 64], Habitat[151], DM lab [12], the Unity ML-Agents [83], and
others. These provide a semi-realistic embodied simulation of human-like tasks with
some varying degrees of physics and a wide range of task complexity, all the way
from simple 3D grid-world navigation tasks to open-ended, lifelong learning settings.
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Most of these environments are at this point in time thought to be ‘unsolved’,
and require significant investment in both compute and research time to improve
state-of-the-art performance. Some of these benchmarks have furthermore evolved
into being AI Challenges. These lose some of their function as tunable debugging
tool, and become more specialised to provide a unified set of hard learning problems
that the community can target for a long timespan. Older ones include backgammon
[183], chess, go[153] and other similar board games, and more recent examples are
StarCraft[173, 191] and Dota 2[16]. In Chapter 5, we will introduce an environment
that we believe can function as the next RL grand-challenge while minimising
prototyping and usability issues that tend to plague AI grand-challenges.

2.4.1 Multi-Agent Environments

The community over time spent a lot of work into designing environments to test and
develop Multi-Agent RL methods. However, not many of these focused on providing
a qualitatively challenging environment that would provide together elements of
partial observability, challenging dynamics, and high-dimensional observation spaces.

Stone et al. [164] presented Keepaway soccer, a domain built on the RoboCup
soccer simulator [93], a 2D simulation of a football environment with simplified
physics, where the main task consists of keeping a ball within a pre-defined area
where agents in teams can reach, steal, and pass the ball, providing a simplified
setup for studying cooperative MARL. A more modern version of this task has
recently been developed by [97] as the Google Research Football, which significantly
scales the problem to encompass a full football game simulation. This domain was
later extended to the Half Field Offense task [88, 66], which increases the difficulty
of the problem by requiring the agents to not only keep the ball within bounds but
also to score a goal. Neither task scales well in difficulty with the number of agents,
as most agents need to do little coordination. There is also a lack of interesting
environment dynamics beyond the simple 2D physics nor good reward signals, thus
reducing the impact of the environment as a testbed.

Multiple gridworld-like environments have also been explored. Lowe et al.
[109] released a set of simple grid-world like environments for multi-agent RL
alongside an implementation of MADDPG, featuring a mix of competitive and
cooperative tasks focused on shared communication and low level continuous control.
Leibo et al. [106] show several mixed-cooperative Markov environment focused
on testing social dilemmas, however, they did not release an implementation to
further explore the tasks. Yang et al. [204] and Zheng et al. [208] present a
framework for creating gridworlds focuses on many-agents tasks, where the number
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of agents ranges from the hundreds to the millions. This work, however, focuses
on testing for emergent behaviour, since environment dynamics and control space
need to remain relatively simple for the tasks to be tractable. Resnick et al. [144]
propose a multi-agent environment based on the game Bomberman, encompassing
a series of cooperative and adversarial tasks meant to provide a more challenging
set of tasks with a relatively straightforward 2D state observation and simple
grid-world-like action spaces.

2.4.2 StarCraft Micromanagement

This thesis is largely based on tackling the unit micromanagement task in StarCraft.
StarCraft is one of the most complex real time strategy (RTS) games ever created.
a categority of video games that has historically seen huge interest from the
planning community [25, 3, 127].

These games simulate the control of a large number of units, each with a unique
set of abilities, and a large number of simultaneous objectives of varying levels of
complexity, usually in an adversarial 2-player setting in a 2D map. The goal of
the player is to manage and balance resource collection against in-episode tech and
economy development, unit creation, map control, all in real-time (i.e. without
turns). Ultimately, a player either gets overwhelmed or completely destroyed by
the opponent. These games have durative actions with complex dynamics, that can
simultaneous target multiple units, and very often players are forced to make many
decisions under extreme partial observability due to fog of war, which prevents
them from viewing parts of the map that aren’t directly observed by their own
units. Additionally, players have a large amount of different unit types to play
in different combinations – think being able to recruit different types of pawns
and rooks in chess with slightly different abilities, strengths, and weaknesses in a
rock-paper-scissors fashion. A considerable part of the strategical and the tactical
difficulty arises from figuring out when, where, and how to deploy armies.

Learning to play StarCraft games has been indeed investigated in several
communities: work ranging from evolutionary algorithms to tabular RL applied has
shown that the game is an excellent testbed for both modelling and planning [127].
With the release of TorchCraft [174] and SC2LE [192], interfaces to respectively
StarCraft: BroodWar and StarCraft II, more recent examples of single agent con-
trollers that employ Deep RL have also made significant strides towards conquering
this environment Usunier et al. [188], Pang et al. [130], Sun et al. [167], and Vinyals
et al. [190], albeit often with outstanding computational requirements. In this thesis
we will be employing both interfaces to develop and test our methods.
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To summarise, most previous applications of RL to StarCraft micromanagement
use a centralised controller, with access to the full state, and control of all
units, although the architecture of the controllers exploits the multi-agent nature
of the problem. In Chapter 3 we will develop a framework for viewing the
micromanagement problem in a multi-agent fashion, and develop a Multi-Agent RL
environment to function as a long-term benchmark for a variety of problems.

Furthermore, in Chapter 4 we will investigate how we can use StarCraft
micromanagement to make improvements in learning policies for path planning
using Reinforcement Learning, avoiding relying on overly-constrained and un-
generalisable grid-worlds.
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3
Deep Multi-Agent Reinforcement Learning

3.1 Decentralised StarCraft Micromanagement

As mentioned in Section 2.4.2, StarCraft is an example of a complex, stochastic
environment whose dynamics cannot easily be simulated. This differs from standard
multi-agent settings such as Packet World [198] and simulated RoboCup [67], where
often entire episodes can be fully replayed and analysed. This difficulty is typical
of real-world problems, and is well suited to the model-free approaches common
in deep RL. In StarCraft, micromanagement refers to the subtask of controlling
single or grouped units to move them around the map and fight enemy units. In our
multi-agent variant of StarCraft micromanagement, the centralised player is replaced
by a set of agents, each assigned to one unit on the map. Each agent must select
from a restricted set of durative actions: move[direction], attack[enemy_id],
stop, and noop. During an episode, each unit is identified by a positive integer
initialised on the first time-step.

Reward is the sum of the damage inflicted against opponent units during that
timestep, with an additional terminal reward equal to the sum of the health of all
units on the team. This is a variation of a naturally arising battle signal, comparable
with the one used by Usunier et al. [188]. In each scenario, after a few timesteps
after the agents are spawned, they are attacked by opponent units, where the time
spent between the first state and the attack depends on the overall units positions
and their types (some are faster than others). Opponents are controlled by the
game AI, which is set to attack all the time. All of these scenarios require the
agents to coordinate their movements to get the opponents into their range of fire

25
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with good positioning, and to focus their firing on each enemy unit so as to destroy
them more quickly. Skilled human StarCraft players can typically solve these tasks.

To create a more challenging benchmark that is meaningfully decentralised, we
impose a restricted field of view on the agents, equal to the firing range of ranged
units’ weapons, shown in Figure 3.1. This departure from the standard setup for
centralised StarCraft control has three effects.

x

Figure 3.1: Starting position with example local field of view for the 2d_3z map.

First, it introduces significant partial observability. Second, it means units can
only attack when they are in range of enemies, removing access to the StarCraft
macro-actions. Third, agents cannot distinguish between enemies who are dead
and those who are out of range and so can issue invalid attack commands at
such enemies, which results in no action being taken. This substantially increases
the average size of the action space, which in turn increases the difficulty of
both exploration and control.

Under these difficult conditions, scenarios with even relatively small numbers of
units become much harder to solve. As seen in Table 3.1, we compare against a
simple hand-coded heuristic that instructs the agents to run forwards into range
and then focus their fire, attacking each enemy in turn until it dies. This heuristic
achieves a 98% win rate on 5m with a full field of view, but only 66% in our
setting. To perform well in this task, the agents must learn to cooperate by
positioning properly and focussing their fire, while remembering which enemy and
ally units are alive or out of view.

All agents receive the same global reward at each time step, equal to the sum
of damage inflicted on the opponent units minus half the damage taken. Killing
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an opponent generates a reward of 10 points, and winning the game generates a
reward equal to the team’s remaining total health plus 200. This damage-based
reward signal is comparable to that used by Usunier et al. [188]. Unlike [135], our
approach does not require estimating local rewards.

Scenarios are usually defined by the quantity of controlled units X vs opponent
units Y , with the following nomenclature: $typeX_$typeY. Type of units could be
Terran Marines (m), ground units with a fixed range of fire about the length of
four stacked units, zealots (z), flying units with a fixed range of fire, dragoons
(d), and so forth.

3.2 Beyond Independent Q-learning

When all agents observe the true state, one can model a cooperative multi-agent
system as a single meta-agent. However, the size of this meta-agent’s action
space grows exponentially in the number of agents, and the model becomes
generally inapplicable when each agent receives different observations that may not
disambiguate the state. In such case, decentralised policies must be learned.

A popular framework is independent Q-learning (IQL) [179], in which each
agent independently learns its own policy, treating other agents as part of the
environment. While IQL avoids the scalability problems of centralised learning,
it introduces a new problem: the environment becomes nonstationary from the
point of view of each agent, as it contains other agents who are themselves learning,
ruling out any convergence guarantees. Fortunately, substantial empirical evidence
has shown that IQL often works well in practice [114].

As mentioned in Chapter 2, the use of deep neural networks has dramatically
improved the scalability of single-agent RL [117]. However, one element key to the
success of most such approaches is the reliance on an experience replay memory,
which stores experience tuples that are sampled during training. Experience
replay not only helps to stabilise the training of a deep neural network, it also
improves sample efficiency by repeatedly reusing experience tuples. Unfortunately,
the combination of experience replay with IQL appears to be problematic: the
nonstationarity introduced by IQL means that the dynamics that generated the
data in the agent’s replay memory no longer reflect the current dynamics in
which it is learning. While IQL without a replay memory can learn well despite
nonstationarity so long as each agent is able to gradually track the other agents’
policies, that seems hopeless with a replay memory constantly confusing the agent
with obsolete experience.
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Figure 3.2: An example of the observations obtained by all agents at each time step t.
The function f provides a set of features for each unit in the agent’s field of view, which are
concatenated. The feature set is {distance, relative x, relative y, health points,
weapon cooldown}. Each quantity is normalised by its maximum possible value.

To avoid this problem, previous work on deep multi-agent RL has limited the
use of experience replay to short, recent buffers [105] or simply disabled replay
altogether [53]. However, these workarounds limit the sample efficiency and threaten
the stability of multi-agent RL. Consequently, the incompatibility of experience
replay with IQL is emerging as a key stumbling block to scaling deep multi-
agent RL to complex tasks.

Here we propose two approaches for effectively incorporating experience replay
into multi-agent RL. The first approach interprets the experience in the replay
memory as off-environment data [35]. By augmenting each tuple in the replay
memory with the probability of the joint action in that tuple, according to the
policies in use at that time, we can compute an importance sampling correction
when the tuple is later sampled for training. Since older data tends to generate lower
importance weights, this approach naturally decays data as it becomes obsolete,
preventing the confusion that a nonstationary replay memory would otherwise create.

The second approach is inspired by hyper Q-learning [184], which avoids the
nonstationarity of IQL by having each agent learn a policy that conditions on an
estimate of the other agents’ policies inferred from observing their behaviour. While
it may seem hopeless to learn Q-functions in this much larger space, especially when
each agent’s policy is a deep neural network, we show that doing so is feasible as
each agent need only condition on a low-dimensional fingerprint that is sufficient to
disambiguate where in the replay memory an experience tuple was sampled from.

3.2.1 Multi-Agent Importance Sampling

We can address the non-stationarity present in IQL by developing an importance
sampling scheme for the multi-agent setting. Just as an RL agent can use importance
sampling to learn off-policy from data gathered when its own policy was different,
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so it can learn off-environment [35] from data gathered in a different environment.
Since IQL treats other agents’ policies as part of the environment, off-environment
importance sampling can be used to stabilise experience replay. In particular, since
we know the policies of the agents at each stage of training, we know exactly the
manner in which the environment is changing, and can thereby correct for it with
importance weighting, as follows. We consider first a fully-observable multi-agent
setting. If the Q-functions can condition directly on the true state s, we can write the
Bellman optimality equation for a single agent given the policies of all other agents:

Q∗
a(s, ua|π−a) =

∑
u−a

π−a(u−a|s)
[
r(s, ua, u−a)

+ γ
∑
s′

P (s′|s, ua, u−a) max
u′

a

Q∗
a(s′, u′

a)
]
.

The nonstationary component of this equation is π−a(u−a|s) = Πi∈−aπi(ui|s),
which changes as the other agents’ policies change over time. Therefore, to enable
importance sampling, at the time of collection tc, we record πtc

−a(u−a|s) in the replay
memory, forming an augmented transition tuple ⟨s, ua, r, π(u−a|s), s′⟩(tc).

At the time of replay tr, we train off-environment by minimising an importance
weighted loss function:

L(θ) =
b∑

i=1

πtr
−a(u−a|s)

πti
−a(u−a|s)

[(yDQN
i −Q(s, u; θ))2],

where ti is the time of collection of the i-th sample.
The derivation of the non-stationary parts of the Bellman equation in the

partially observable multi-agent setting is considerably more complex as the agents’
action-observation histories are correlated in a complex fashion that depends on
the agents’ policies as well as the transition and observation functions.

To make progress, we can define an augmented state space ŝ = {s, τ −a} ∈
Ŝ = S × T n−1. This state space includes both the original state s and the action-
observation history of the other agents τ −a. We also define a corresponding
observation function Ô such that Ô(ŝ, a) = O(s, a). With these definitions in
place, we define a new reward function r̂(ŝ, u) = ∑

u−a
π−a(u−a|τ −a)r(s, u) and

a new transition function,

P̂ (ŝ′|ŝ, u) = P (s′, τ ′|s, τ, u) =
∑
u−a

π−a(u−a|τ −a)P (s′|s, u)p(τ ′
−a|τ −a, u−a, s′).
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All other elements of the augmented game Ĝ are adopted from the original
game G. This also includes T , the space of action-observation histories. The
augmented game is then specified by Ĝ = ⟨Ŝ, U, P̂ , r̂, Z, Ô, n, γ⟩. We can now
write a Bellman equation for Ĝ:

Q(τ, u) =
∑

ŝ

p(ŝ|τ)
[
r̂(ŝ, u) + γ

∑
τ ′,ŝ′,u′

P̂ (ŝ′|ŝ, u)π(u′, τ ′)p(τ ′|τ, ŝ′, u)Q(τ ′, u′)
]
.

Substituting back in the definitions of the quantities in Ĝ, we arrive at a
Bellman equation of a form similar to (3.2.1), where the righthand side is multiplied
by π−a(u−a|τ −a):

Q(τ, u) =
∑

ŝ

p(ŝ|τ)
∑
u−a

π−a(u−a|τ −a)
[
r(s, u) +

γ
∑

τ ′,ŝ′,u′
P (s′|s, u)p(τ ′

−a|τ −a, u−a, s′) ·

π(u′, τ ′)p(τ ′|τ, ŝ′, u)Q(τ ′, u′)
]
.

This construction simply allows us to demonstrate the dependence of the Bellman
equation on the same nonstationary term π−a(u−a|s) in the partially-observable
case. However, unlike in the fully observable case, the righthand side contains several
other terms that indirectly depend on the policies of the other agents and are to
the best of our knowledge intractable. Consequently, the importance ratio defined
above, πtr

−a(u−a|s)
π

ti
−a(u−a|s)

, is only an approximation in the partially observable setting.

3.2.2 Multi-Agent Fingerprints

While importance sampling provides an unbiased estimate of the true objective, it
often yields importance ratios with large and unbounded variance [146]. Truncating
or adjusting the importance weights can reduce the variance but introduces bias.
Consequently, we propose an alternative method that embraces the nonstationarity
of multi-agent problems, rather than correcting for it.

The weakness of IQL is that, by treating other agents as part of the environment,
it ignores the fact that such agents’ policies are changing over time, rendering its
own Q-function nonstationary. This implies that the Q-function could be made
stationary if it conditioned on the policies of the other agents. This is exactly the
philosophy behind hyper Q-learning [184]: each agent’s state space is augmented
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with an estimate of the other agents’ policies computed via Bayesian inference.
Intuitively, this reduces each agent’s learning problem to a standard, single-agent
problem in a stationary, but much larger, environment.

The practical difficulty of hyper Q-learning is that it increases the dimensionality
of the Q-function, making it potentially infeasible to learn. This problem is
exacerbated in deep learning, when the other agents’ policies consist of high
dimensional deep neural networks. Consider a naive approach to combining hyper Q-
learning with deep RL that includes the weights of the other agents’ networks, θ−a, in
the observation function. The new observation function is then O′(s) = {O(s), θ−a}.
The agent could in principle then learn a mapping from the weights θ−a, and its
own trajectory τ , into expected returns. Clearly, if the other agents are using deep
models, then θ−a is far too large to include as input to the Q-function.

However, a key observation is that, to stabilise experience replay, each agent does
not need to be able to condition on any possible θ−a, but only those values of θ−a

that actually occur in its replay memory. The sequence of policies that generated
the data in this buffer can be thought of as following a single, one-dimensional
trajectory through the high-dimensional policy space. To stabilise experience replay,
it should be sufficient if each agent’s observations disambiguate where along this
trajectory the current training sample originated from.

The question then, is how to design a low-dimensional fingerprint that contains
this information. Clearly, such a fingerprint must be correlated with the true
value of state-action pairs given the other agents’ policies. It should typically
vary smoothly over training, to allow the model to generalise across experiences
in which the other agents execute policies of varying quality as they learn. An
obvious candidate for inclusion in the fingerprint is the training iteration number
e. One potential challenge is that after policies have converged, this requires the
model to fit multiple fingerprints to the same value, making the function somewhat
harder to learn and more difficult to generalise from.

Another key factor in the performance of the other agents is the rate of
exploration ϵ. Typically, an annealing schedule is set for ϵ such that it varies smoothly
throughout training and is quite closely correlated to performance. Therefore, we
further augment the input to the Q-function with ϵ, such that the observation
function becomes O′(s) = {O(s), ϵ, e}. Our results in Section 3.2.3.2 show that
even this simple fingerprint is remarkably effective.
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Figure 3.3: Performance of our methods compared to the two baselines XP and NOXP,
for both RNN and FF; (a) and (b) show the 3v3 setting, in which IS and FP are only
required with feed-forward networks; (c) and (d) show the 5v5 setting, in which FP clearly
improves performance over the baselines, while IS shows a small improvement only in
the feedforward setting. Overall, the FP is a more effective method for resolving the
nonstationarity and there is no additional benefit from combining IS with FP. Confidence
intervals show one standard deviation of the sample mean.

3.2.3 Experiments

We use the recurrent DQN architecture described by Foerster et al. [53] with a
few modifications. We do not consider communicating agents, so there are no
message connections. As mentioned above, we use two different models: one with
a feed-forward model with two fully connected hidden layers, and another with a
single-layer GRU. For both models, every hidden layer has 128 neurons.

We linearly anneal ϵ from 1.0 to 0.02 over 1500 episodes, and train the network
for emax = 2500 training episodes. In the standard training loop, we collect a
single episode and add it to the replay memory at each training step. We sample
batches of 30

n
episodes uniformly from the replay memory and train on fully unrolled

episodes. In order to reduce the variance of the multi-agent importance weights,
we clip them to the interval [0.01, 2]. We also normalise the importance weights by
the number of agents, by raising them to the power of 1

n−1 . Lastly, we divide the
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importance weights by their running average in order to keep the overall learning
rate constant. All other hyperparameters are identical to Foerster et al. [53].

The results of our StarCraft experiments, summarised in Figure 3.3. Across all
tasks and models, the baseline without experience replay (NOXP) performs poorly.
Without the diversity in trajectories provided by experience replay, NOXP overfits
to the greedy policy once ϵ becomes small. When exploratory actions do occur,
agents visit areas of the state space that have not had their Q-values updated for
many iterations, and bootstrap off of values which have become stale or distorted by
updates to the Q-function elsewhere. This effect can harm or destabilise the policy.
With a recurrent model, performance simply degrades, while in the feed-forward
case, it begins to drop significantly later in training. We hypothesise that full
trajectories are inherently more diverse than single observations, as they include
compounding chances for exploratory actions. Consequently, it is easier to overfit to
single observations, and experience replay is more essential for a feed-forward model.

With a naive application of experience replay (XP), the model tries to si-
multaneously learn a best-response policy to every historical policy of the other
agents. Despite the nonstationarity, the stability of experience replay enables
XP to outperform NOXP in each case. However, due to limited disambiguating
information, the model cannot appropriately account for the impact of any particular
policy of the other agents, or keep track of their current policy. The experience
replay is therefore used inefficiently, and the model cannot generalise properly
from experiences early in training.

3.2.3.1 Importance Sampling

The importance sampling approach (XP+IS) slightly outperforms XP when using
feed-forward models. While mathematically sound in the fully observable case,
XP+IS is only approximate for our partially observable problem, and runs into
practical obstacles. Early in training, the importance weights are relatively well-
behaved and have low variance. However, as ϵ drops, the importance ratios become
multi-modal with increasing variance. The large majority of importance weights are
less than or equal to ϵ(1− ϵ) ≈ ϵ, so few experiences contribute strongly to learning.
In a setting that does not require as strongly deterministic a policy as StarCraft, ϵ

could be kept higher and the variance of the importance weights would be lower.
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3.2.3.2 Fingerprints

Our results show that the simple fingerprint of adding e and ϵ to the observation
(XP+FP) dramatically improves performance for the feed-forward model. This
fingerprint provides sufficient disambiguation for the model to track the quality
of the other agents’ policies over the course of training, and make proper use
of the experience buffer. The network still sees a diverse array of input states
across which to generalise but is able to modify its predicted value in accordance
with the known stage of training.

Figure 3.3 also shows that there is no extra benefit from combining importance
sampling with fingerprints (XP+IS+FP). This makes sense given that the two ap-
proaches both address the same problem of nonstationarity, albeit in different ways.

Figure 3.4, which shows the estimated value for XP+FS of a single initial
state observation with different ϵ inputs, demonstrates that the network learns
to smoothly vary its value estimates across different stages of training, correctly
associating high values with the low ϵ seen later in training. This approach allows
the model to generalise between best responses to different policies of other agents.
In effect, a larger dataset is available in this case than when using importance
sampling, where most experiences are strongly discounted during training. The
fingerprint enables the transfer of learning between diverse historical experiences,
which can significantly improve performance.

3.2.3.3 Informative Trajectories

When using recurrent networks, the performance gains of XP+IS and XP+FP
are not as large; in the 3v3 task, neither method helps. The reason is that, in
StarCraft, the observed trajectories are significantly informative about the state
of training, as shown in Figure 3.5a and 3.5b. For example, the agent can observe
that it or its allies have taken many seemingly random actions, and infer that the
sampled experience comes from early in training. This is a demonstration of the
power of recurrent architectures in sequential tasks with partial observability: even
without explicit additional information, the network is able to partially disambiguate
experiences from different stages of training. To illustrate this, we train a linear
model to predict the training ϵ from the hidden state of the recurrent model. Figure
3.5c shows a reasonably strong predictive accuracy even for a model trained with
XP but no fingerprint, indicating that disambiguating information is indeed kept in
the hidden states. However, the hidden states of a recurrent model trained with
a fingerprint (Figure 3.5d) are even more informative.
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Figure 3.4: Estimated value of a single initial observation with different ϵ in its fingerprint
input, at different stages of training. The network learns to smoothly vary its value
estimates across different stages of training.

3.3 Counterfactual Multi-Agent Policy Gradients

Another crucial challenge is multi-agent credit assignment [29]: in cooperative
settings, joint actions typically generate only global rewards, making it difficult for
each agent to deduce its own contribution to the team’s success. Sometimes
it is possible to design individual reward functions for each agent. However,
these rewards are not generally available in cooperative settings and often fail
to encourage individual agents to sacrifice for the greater good. This often
substantially impedes multi-agent learning in challenging tasks, even with relatively
small numbers of agents.

In order to address these issues, we propose a new multi-agent RL method called
counterfactual multi-agent (COMA) policy gradients. COMA takes an actor-critic
[95] approach, in which the actor, i.e., the policy, is trained by following a gradient
estimated by a critic. COMA is based on three main ideas.

First, COMA uses a centralised critic. The critic is only used during learning,
while only the actor is needed during execution. Since learning is centralised,
we can therefore use a centralised critic that conditions on the joint action and
all available state information, while each agent’s policy conditions only on its
own action-observation history.
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Figure 3.5: (upper) Sampled trajectories of agents, from the beginning (a) and end
(b) of training. Each agent is one colour and the starting points are marked as black
squares. (lower) Linear regression predictions of ϵ from the hidden state halfway through
each episode in the replay buffer: (c) with only XP, the hidden state still contains
disambiguating information drawn from the trajectories, (d) with XP+FP, the hidden
state is more informative about the stage of training.

Second, COMA uses a counterfactual baseline. The idea is inspired by difference
rewards [202, 187], in which each agent learns from a shaped reward that compares
the global reward to the reward received when that agent’s action is replaced with
a default action. While difference rewards are a powerful way to perform multi-
agent credit assignment, they require access to a simulator or estimated reward
function, and in general it is unclear how to choose the default action. COMA
addresses this by using the centralised critic to compute an agent-specific advantage
function that compares the estimated return for the current joint action to a
counterfactual baseline that marginalises out a single agent’s action, while keeping
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the other agents’ actions fixed. This is similar to calculating an aristocrat utility
[202], but avoids the problem of a recursive interdependence between the policy and
utility function because the expected contribution of the counterfactual baseline
to the policy gradient is zero. Hence, instead of relying on extra simulations,
approximations, or assumptions regarding appropriate default actions, COMA
computes a separate baseline for each agent that relies on the centralised critic to
reason about counterfactuals in which only that agent’s action changes.

Third, COMA uses a critic representation that allows the counterfactual baseline
to be computed efficiently. In a single forward pass, it computes the Q-values for
all the different actions of a given agent, conditioned on the actions of all the other
agents. Because a single centralised critic is used for all agents, all Q-values for
all agents can be computed in a single batched forward pass.

3.3.1 Independent Actor-Critic

The simplest way to apply policy gradients to multiple agents is to have each agent
learn independently, with its own actor and critic, from its own action-observation
history. This is essentially the idea behind independent Q-learning [179], which is
perhaps the most popular multi-agent learning algorithm, but with actor-critic in
place of Q-learning. Hence, we call this approach independent actor-critic (IAC).

In our implementation of IAC, we speed learning by sharing parameters among
the agents, i.e., we learn only one actor and one critic, which are used by all agents.
The agents can still behave differently because they receive different observations,
including an agent-specific ID, and thus evolve different hidden states. Learning
remains independent in the sense that each agent’s critic estimates only a local
value function, i.e., one that conditions on ua, not u. Though we are not aware of
previous applications of this specific algorithm, we do not consider it a significant
contribution but instead merely a baseline algorithm.

We consider two variants of IAC. In the first, each agent’s critic estimates V (τa)
and follows a gradient based on the TD error, as described in Section 2.3. In the
second, each agent’s critic estimates Q(τa, ua) and follows a gradient based on the
advantage: A(τa, ua) = Q(τa, ua) − V (τa), where V (τa) = ∑

ua π(ua|τa)Q(τa, ua).
Independent learning is straightforward, but the lack of information sharing at
training time makes it difficult to learn coordinated strategies that depend on
interactions between multiple agents, or for an individual agent to estimate the
contribution of its actions to the team’s reward.
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3.3.2 Counterfactual Multi-Agent Policy Gradients

The difficulties discussed above arise because, beyond parameter sharing, IAC fails
to exploit the fact that learning is centralised in our setting. In this section, we
propose counterfactual multi-agent (COMA) policy gradients, which overcome this
limitation. Three main ideas underlie COMA: 1) centralisation of the critic, 2) use
of a counterfactual baseline, and 3) use of a critic representation that allows efficient
evaluation of the baseline. The remainder of this section describes these ideas.

First, COMA uses a centralised critic. Note that in IAC, each actor π(ua|τa) and
each critic Q(τa, ua) or V (τa) conditions only on the agent’s own action-observation
history τa. However, the critic is used only during learning and only the actor
is needed during execution. Since learning is centralised, we can therefore use a
centralised critic that conditions on the true global state s, if it is available, or
the joint action-observation histories τ otherwise. Each actor conditions on its
own action-observation histories τa, with parameter sharing, as in IAC. Figure
3.6a illustrates this setup.
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Figure 3.6: In (a), information flow between the decentralised actors, the environment
and the centralised critic in COMA; red arrows and components are only required during
centralised learning. In (b) and (c), architectures of the actor and critic.

A naive way to use this centralised critic would be for each actor to follow a
gradient based on the TD error estimated from this critic:

g = ∇θπ log π(u|τa
t ) (r + γV (st+1)− V (st)) .

However, such an approach fails to address a key credit assignment problem.
Because the TD error considers only global rewards, the gradient computed for each
actor does not explicitly reason about how that particular agent’s actions contribute
to that global reward. Since the other agents may be exploring, the gradient for
that agent becomes very noisy, particularly when there are many agents.
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Therefore, COMA uses a counterfactual baseline. The idea is inspired by
difference rewards [202], in which each agent learns from a shaped reward Da =
r(s, u) − r(s, (u−a, ca)) that compares the global reward to the reward received
when the action of agent a is replaced with a default action ca. Any action by
agent a that improves Da also improves the true global reward r(s, u), because
r(s, (u−a, ca)) does not depend on agent a’s actions.

Difference rewards are a powerful way to perform multi-agent credit assign-
ment. However, they typically require access to a simulator in order to estimate
r(s, (u−a, ca)). When a simulator is already being used for learning, difference
rewards increase the number of simulations that must be conducted, since each
agent’s difference reward requires a separate counterfactual simulation. Proper
and Tumer [138] and Colby et al. [38] propose estimating difference rewards using
function approximation rather than a simulator. However, this still requires a
user-specified default action ca that can be difficult to choose in many applications.
In an actor-critic architecture, this approach would also introduce an additional
source of approximation error.

A key insight underlying COMA is that a centralised critic can be used to
implement difference rewards in a way that avoids these problems. COMA learns a
centralised critic, Q(s, u) that estimates Q-values for the joint action u conditioned
on the central state s. For each agent a we can then compute an advantage function
that compares the Q-value for the current action ua to a counterfactual baseline
that marginalises out ua, while keeping the other agents’ actions u−a fixed:

Aa(s, u) = Q(s, u)−
∑
u′a

πa(u′a|τa)Q(s, (u−a, u′a)).

Hence, Aa(s, ua) computes a separate baseline for each agent that uses the centralised
critic to reason about counterfactuals in which only a’s action changes, learned
directly from agents’ experiences instead of relying on extra simulations, a reward
model, or a user-designed default action.

This advantage has the same form as the aristocrat utility [202]. However, opti-
mising for an aristocrat utility using value-based methods creates a self-consistency
problem because the policy and utility function depend recursively on each other. As
a result, prior work focused on difference evaluations using default states and actions.
COMA is different because the counterfactual baseline’s expected contribution to
the gradient, as with other policy gradient baselines, is zero. Thus, while the
baseline does depend on the policy, its expectation does not. Consequently, COMA
can use this form of the advantage without creating a self-consistency problem.
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While COMA’s advantage function replaces potential extra simulations with
evaluations of the critic, those evaluations may themselves be expensive if the
critic is a deep neural network. Furthermore, in a typical representation, the
number of output nodes of such a network would equal |U |n, the size of the joint
action space, making it impractical to train. To address both these issues, COMA
uses a critic representation that allows for efficient evaluation of the baseline. In
particular, the actions of the other agents, u−a

t , are part of the input to the network,
which outputs a Q-value for each of agent a’s actions, as shown in Figure 3.6c.
Consequently, the counterfactual advantage can be calculated efficiently by a single
forward pass of the actor and critic, for each agent. Furthermore, the number of
outputs is only |U | instead of (|U |n). While the network has a large input space
that scales linearly in the number of agents and actions, deep neural networks
can generalise well across such spaces.

In this paper, we focus on settings with discrete actions. However, COMA can
be easily extended to continuous actions spaces by estimating the expectation in
(3.3.2) with Monte Carlo samples or using functional forms that render it analytical,
e.g., Gaussian policies and critic.

The following lemma establishes the convergence of COMA to a locally optimal
policy. The proof follows directly from the convergence of single-agent actor-critic
algorithms [171, 95], and is subject to the same assumptions.

Lemma 1. For an actor-critic algorithm with a compatible TD(1) critic following
a COMA policy gradient

gk = Eπ

[∑
a

∇θk
log πa(ua|τa)Aa(s, u)

]

at each iteration k,
lim inf

k
||∇J || = 0 w.p. 1.

Proof. The COMA gradient is given by

g = Eπ

[∑
a

∇θ log πa(ua|τa)Aa(s, u)
]

,

Aa(s, u) = Q(s, u)− b(s, u−a),

where θ are the parameters of all actor policies, e.g. θ = {θ1, . . . , θ|A|}, and b(s, u−a)
is the counterfactual baseline defined in equation 3.3.2.

First consider the expected contribution of the baseline b(s, u−a):

gb = −Eπ

[∑
a

∇θ log πa(ua|τa)b(s, u−a)
]

,
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where the expectation Eπ is with respect to the state-action distribution induced
by the joint policy π. Now let dπ(s) be the discounted ergodic state distribution as
defined by Sutton et al. [171]:

gb = −
∑

s

dπ(s)
∑

a

∑
u−a

π(u−a|τ−a) ·
∑
ua

πa(ua|τa)∇θ log πa(ua|τa)b(s, u−a)

= −
∑

s

dπ(s)
∑

a

∑
u−a

π(u−a|τ−a) ·
∑
ua

∇θπ
a(ua|τa)b(s, u−a)

= −
∑

s

dπ(s)
∑

a

∑
u−a

π(u−a|τ−a)b(s, u−a)∇θ1

= 0.

Clearly, the per-agent baseline, although it reduces variance, does not change the
expected gradient, and therefore does not affect the convergence of COMA.

The remainder of the expected policy gradient is given by:

g = Eπ

[∑
a

∇θ log πa(ua|τa)Q(s, u)
]

= Eπ

[
∇θ log

∏
a

πa(ua|τa)Q(s, u)
]

.

Writing the joint policy as a product of the independent actors:

π(u|s) =
∏
a

πa(ua|τa),

yields the standard single-agent actor-critic policy gradient:

g = Eπ [∇θ log π(u|s)Q(s, u)] .

Konda and Tsitsiklis [95] prove that an actor-critic following this gradient
converges to a local maximum of the expected return Jπ, given that:

1. the policy π is differentiable,

2. the update timescales for Q and π are sufficiently slow, and that π is updated
sufficiently slower than Q, and

3. Q uses a representation compatible with π,

amongst several further assumptions. The parameterisation of the policy (i.e.,
the single-agent joint-action learner is decomposed into independent actors) is
immaterial to convergence, as long as it remains differentiable. Note however that
COMA’s centralised critic is essential for this proof to hold.
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Figure 3.7: Win rates for COMA and competing algorithms on four different scenarios.
COMA outperforms all baseline methods. Centralised critics also clearly outperform their
decentralised counterparts. The legend at the top applies across all plots.

3.3.3 Experiments

Similarly to Section 3.2.3, the actor and critic receive different input features,
corresponding to local observations and global state, respectively. Both include
features for allies and enemies. Units can be either allies or enemies, while agents
are the decentralised controllers that command ally units.

The local observations for every agent are drawn only from a circular subset of
the map centred on the unit it controls and include for each unit within this field of
view: distance, relative x, relative y, unit type and shield.1 All features
are normalised by their maximum values. We do not include any information
about the units’ current target.

The global state representation consists of similar features, but for all units on
the map regardless of fields of view. Absolute distance is not included, and x-y
locations are given relative to the centre of the map rather than to a particular
agent. The global state also includes health points and cooldown for all agents.
The representation fed to the centralised Q-function critic is the concatenation of

1After firing, a unit’s cooldown is reset, and it must drop before firing again. Shields absorb
damage until they break, after which units start losing health. Dragoons and zealots have shields,
but marines do not.
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the global state representation with the local observation of the agent whose actions
are being evaluated. Our centralised critic that estimates V (s), and is therefore
agent-agnostic, receives the global state concatenated with all agents’ observations.
The observations contain no new information but include the egocentric distances
relative to that agent.

The actor consists of 128-bit gated recurrent units (GRUs) [33] that use fully
connected layers both to process the input and to produce the output values from
the hidden state, ha

t . The IAC critics use extra output heads appended to the
last layer of the actor network. Action probabilities are produced from the final
layer, z, via a bounded softmax distribution that lower-bounds the probability
of any given action by ϵ/|U |: P (u) = (1 − ϵ)softmax(z)u + ϵ/|U |). We anneal ϵ

linearly from 0.5 to 0.02 across 750 training episodes. The centralised critic is a
feedforward network with multiple ReLU layers combined with fully connected
layers. Hyperparameters were coarsely tuned on the 5m scenario and then used
for all other maps. We found that the most sensitive parameter was TD(λ), but
settled on λ = 0.8, which worked best for both COMA and our baselines.

We experimented with critic architectures that are factored at the agent level and
further exploit internal parameter sharing. However, we found that the bottleneck
for scalability was not the centralisation of the critic, but rather the difficulty
of multi-agent exploration. Hence, we defer further investigation of factored
COMA critics to future work.

We perform ablation experiments to validate three key elements of COMA.
First, we test the importance of centralising the critic by comparing against two
IAC variants, IAC-Q and IAC-V . These critics take the same decentralised input
as the actor, and share parameters with the actor network up to the final layer.
IAC-Q then outputs |U | Q-values, one for each action, while IAC-V outputs a
single state-value. Note that we still share parameters between agents, using the
egocentric observations and ID’s as part of the input to allow different behaviours
to emerge. The cooperative reward function is still shared by all agents.

Second, we test the significance of learning Q instead of V . The method
central-V still uses a central state for the critic, but learns V (s), and uses the TD
error to estimate the advantage for policy gradient updates.

Third, we test the utility of our counterfactual baseline. The method central-QV

learns both Q and V simultaneously and estimates the advantage as Q−V , replacing
COMA’s counterfactual baseline with V . All methods use the same architecture
and training scheme for the actors, and all critics are trained with TD(λ).
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Local Field of View (FoV) Full FoV, Central Control

map heur. IAC-V IAC-Q cnt-V cnt-QV
COMA heur. DQN GMEZOmean best

3m 35 47 (3) 56 (6) 83 (3) 83 (5) 87 (3) 98 74 - -
5m 66 63 (2) 58 (3) 67 (5) 71 (9) 81 (5) 95 98 99 100
5w 70 18 (5) 57 (5) 65 (3) 76 (1) 82 (3) 98 82 70 74
2d_3z 63 27 (9) 19 (21) 36 (6) 39 (5) 47 (5) 65 68 61 90

Table 3.1: Mean win percentage averaged across final 1000 evaluation episodes for the
different maps, for all methods and the hand-coded heuristic in the decentralised setting
with a limited field of view. The highest mean performances are in bold, while the values
in parentheses denote the 95% confidence interval, for example 87(3) = 87±3. Also shown,
maximum win percentages for COMA (decentralised), in comparison to the heuristic and
published results (evaluated in the centralised setting).

Figure 3.7 shows average win rates as a function of episode for each method and
each StarCraft scenario. For each method, we conducted 35 independent trials and
froze learning every 100 training episodes to evaluate the learned policies across
200 episodes per method, plotting the average across episodes and trials. Also
shown is one standard deviation in performance.

The results show that COMA is superior to the IAC baselines in all scenarios. In-
terestingly, the IAC methods also eventually learn reasonable policies in 5m, although
they need substantially more episodes to do so. This may seem counterintuitive since
in the IAC methods, the actor and critic networks share parameters in their early
layers, which could be expected to speed learning. However, these results suggest
that the improved accuracy of policy evaluation made possible by conditioning on
the global state outweighs the overhead of training a separate network.

Furthermore, COMA strictly dominates central-QV , both in training speed and
in final performance across all settings. This is a strong indicator that our counter-
factual baseline is crucial when using a central Q-critic to train decentralised policies.

Learning a state-value function has the obvious advantage of not conditioning
on the joint action. Still, we find that COMA outperforms the central-V baseline
in final performance. Furthermore, COMA typically achieves good policies faster,
which is expected as COMA provides a shaped training signal. Training is also
more stable than central-V , which is a consequence of the COMA gradient tending
to zero as the policy becomes greedy. Overall, COMA is the best performing
and most consistent method.

Usunier et al. [188] report the performance of their best agents trained with their
state-of-the-art centralised controller labelled GMEZO (greedy-MDP with episodic
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zero-order optimisation), and for a centralised DQN controller, both given a full
field of view and access to attack-move macro-actions. These results are compared
in Table 3.1 against the best agents trained with COMA for each map. Clearly, in
most settings these agents achieve performance comparable to the best published
win rates despite being restricted to decentralised policies and local fields of view.

3.4 The StarCraft Multi-Agent Challenge

In the previous sections of this chapter, we have discussed how to effectively produce
modern versions of multi-agent RL algorithms to tackle the ever present issues
in these frameworks. However, there are still many challenges that remain to be
addressed, and the literature on multi-agent RL is as variegated as it is disorganised.
Over time, researchers have proposed one-off environments with overly simple
dynamics, or directly tuned to certain algorithms.

Some testbeds have emerged for other multi-agent regimes, such as Poker [71],
Pong [178], Keepaway Soccer [164], or simple gridworld-like environments [109, 106,
204, 208]. Nonetheless, we identify a clear gap in challenging and standardised
testbeds for the important set of domains described above. Since it is fairly clear
that standard environments such as the Arcade Learning Environment [13] and
MuJoCo [137], have enabled great progress in single-agent RL, we aim to fill the
gap so as to facilitate good research progress in the multi-agent setting. We do
so by the StarCraft Multi-Agent Challenge (SMAC).

SMAC is built on the popular real-time strategy game StarCraft II2 and makes
use of the SC2LE environment [192]. Following what we learnt by in Section 3.1,
instead of tackling the full game of StarCraft with centralised control, we focus on
employing StarCraft II as a generator for fixed, decentralised micromanagement
challenges (Figure 3.8). Our work presents the first standardised testbed for
decentralised control in this space.

By introducing decentralisation and local observability, our agents are excessively
restricted compared to normal full gameplay. SMAC is therefore not intended as an
environment to train agents for use in full gameplay. Instead, we use the StarCraft II
game engine to build rich and interesting multi-agent problems. In these challenges,
each of our units is controlled by an independent, learning agent that has to act
based only on local observations, while the opponent’s units are controlled by the
hand-coded built-in StarCraft II AI. We offer a diverse set of scenarios that challenge

2StarCraft II is the sequel to the game StarCraft and its expansion set Brood War. StarCraft
and StarCraft II are trademarks of Blizzard EntertainmentTM.
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algorithms to handle high-dimensional inputs and partial observability, and to learn
coordinated behaviour even when restricted to fully decentralised execution.

In the single agent setting, AlphaStar [45] has recently shown an impressive level
of play on a StarCraft II matchup using a centralised controller. In contrast, SMAC
is not intended as an environment to train agents for use in full StarCraft II gameplay.
Instead, by introducing strict decentralisation and local partial observability, we
use the StarCraft II game engine to build a new set of rich cooperative multi-agent
problems that bring well-known unique multi-agent challenges such as non-stationary
dynamics and credit assignment already presented in Sections 3.2 and 3.3), while
also providing a benchmark for specific Deep Multi-Agent RL issues such as value
function representation of joint actions [140].

Very importantly, SMAC comes with a set of guidelines for best practices in eval-
uations using our benchmark, including the reporting of standardised performance
metrics, sample efficiency, and computational requirements (see Appendix A.1.3).

3.4.1 Methods

In SMAC, we focus on tasks that require a team of agents to solve a given task,
such as defeating all enemies, in a cooperative manner. Furthermore, we investigate
tasks that are under partial observability and/or communication constraints and
therefore require control policies to be decentralised. This means that each agent
needs to be able to execute its own policy given only its own action-observation
history as input. Formally, such fully cooperative multi-agent tasks can be described
as Dec-POMDPs[125]. We broadly summarise what we have discussed so far.

In their most general form, cooperative multi-agent reinforcement learning
problems require the learning a centralised state-action value function Qtot that
conditions on the global state and the joint action. As both joint action and
global state space grow exponentially with the number of agents, the learning
of Qtot is often intractable for many-agent tasks. Also, it is usually not clear
how to execute policies derived from Qtot in a decentralised fashion. A naive
way of achieving decentralisation is to forgo centralised learning altogether and
instead learn each agent’s policy independently, treating all other agents as part
of the environment. Independent Q-learning (IQL) [180] uses Q-learning[194] to
learn individual state-action value functions for each agent. Similarly, independent
actor-critic (IAC) [54] uses a single-agent actor-critic approach in order to learn
a critic and a policy for each agent.
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If input spaces are high-dimensional, both IQL and IAC can be readily adapted
to use deep function approximators. In its deep form, IQL’s per-agent loss function
is akin to deep Q-learning (DQN)[116], i.e.

LIQL(θ) =
i=b,a=n∑
i=1,a=1

[(
yDQN

i −Q(τa, ua; θ)
)2

]

where a runs over the number of agents n, b indexes elements in a batch of
size b, τa is agent a’s action-observation history, ua is agent a’s action taken,
yDQN = r + γ maxu′ Q(s′, u′; θ−), θ− are the parameters of a target network that
are periodically copied from the critic’s network parameters θ and kept constant
for a number of iterations. Note that batches are drawn from a experience replay
buffer, which may be stabilised [56].

In IAC, the per-agent loss follows a standard actor-critic approach:

LIAC(θπ,A) =
i=b,a=n∑
i=1,a=1

log πθπ(ua,i|τa,i)AθA
(τa,i)

where, in its simplest form, A is given by the per-agent advantage (r+γVt+1−Vt),
given a per-agent critic estimate V a(τa

t ). Similarly to DQN, both π and A may
be approximated using deep neural networks with weights θπ,A, in which case V

makes use of a target network. As actor-critic methods are inherently on-policy,
IAC does not use experience replay.

If the learning process proceeds in simulation (e.g. StarCraft II) or in a
laboratory, then it can be conducted in a centralised fashion. This gives rise
to the paradigm of centralised training with decentralised execution, which has been
well-studied in the planning community [126] [96]. We have recently developed
deep multi-agent reinforcement learning algorithms that can make use of extra
state information available in centralised training in order to speed up the learning
of decentralisable policies [54][140].

Additionally to the presented methods, we additionally test QMIX [140], which
uses deep Q-learning to find a joint state-action value Qtot function that factorises
into per-agent utility functions Qa. Generalising VDN [168], the factorization
Qtot = f(Q1, . . . , Qn, s) is chosen to be monotonic in Qa, which ensures that greedy
action selection performed on the utility functions is consistent with Qtot:

[
arg max

ujoint
Qtot(ujoint)

]
a

= arg max
ua

Qa

, where s is the global state only available during training.



48 3.4. The StarCraft Multi-Agent Challenge

Hence Qtot can make use of s during training, but execution only requires
the decentralised utility function Qa. Furthermore, greedy evaluation scales only
linearly with the number of agents and actions.

Like Central-V [54], COMA[54] uses a joint critic that conditions on the central
state s, while keeping agent policies decentralisable. Also, COMA employs a
variance-reducing counterfactual baseline, that helps mitigate the environment non-
stationarity introduced due to independent agent learning. This improves over IAC
by using an advantage function of the form instead of the critic:

Aa(s, u) = Q(s, u)−
∑
u′a

πa(u′a|τa)Q
(
s, (u−a, u′a)

)
where u−a signifies all actions other than agent a’s and as before, s is the

global state only available during training.
Both QMIX and COMA yield state-of-the-art results on StarCraft II for Q-

learning and actor-critic based approaches, respectively.

3.4.2 SMAC

In order to build a rich multi-agent testbed, we focus solely on StarCraft microman-
agement. Unit micromanagement is a vital aspect of StarCraft gameplay with a
high skill ceiling, and is practised in isolation by amateur and professional players.
For SMAC, we leverage the natural multi-agent structure of micromanagement by
proposing a modified version of the problem designed specifically for decentralised
control. In particular, we require that each unit be controlled by an independent
agent that conditions only on local observations restricted to a limited field of view
centred on that unit (see Figure 3.9). Groups of these agents must be trained to
solve challenging combat scenarios, battling an opposing army under the centralised
control of the game’s built-in scripted AI.

Proper micro of units during battles maximises the damage dealt to enemy units
while minimising damage received, and requires a range of skills. For example,
one important technique is focus fire, i.e., ordering units to jointly attack and kill
enemy units one after another. When focusing fire, it is important to avoid overkill:
inflicting more damage to units than is necessary to kill them.

Other common micro techniques include: assembling units into formations
based on their armour types, making enemy units give chase while maintaining
enough distance so that little or no damage is incurred (kiting), coordinating the
positioning of units to attack from different directions or taking advantage of
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(a) 2c_vs_3c (b) 3s_vs_5z

(c) corridor

Figure 3.8: Screenshots of three SMAC scenarios.

the terrain to defeat the enemy. Figure 3.8b illustrates how three Stalker units
kite five enemy Zealots units.

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

Scenarios

SMAC consists of a set of StarCraft II micro scenarios which aim to evaluate
how well independent agents are able to learn coordination to solve complex tasks.
These scenarios are carefully designed to necessitate the learning of one or more
micromanagement techniques to defeat the enemy. Each scenario is a confrontation
between two armies of units. The initial position, number, and type of units in each
army varies from scenario to scenario, as does the presence or absence of elevated or
impassable terrain. Figures 3.8 include screenshots of several SMAC micro scenarios.
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Table 3.2: SMAC challenges.

Name Ally Units Enemy Units
2s3z 2 Stalkers & 3 Zealots 2 Stalkers & 3 Zealots
3s5z 3 Stalkers & 5 Zealots 3 Stalkers & 5 Zealots

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

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

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

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

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

The first army is controlled by the learned allied agents. The second army
consists of enemy units controlled by the built-in game AI, which uses carefully
handcrafted non-learned heuristics. At the beginning of each episode, the game
AI instructs its units to attack the allied agents using its scripted strategies. An
episode ends when all units of either army have died or when a pre-specified time
limit is reached (in which case the game is counted as a defeat for the allied agents).
The goal is to maximise the win rate, i.e., the ratio of games won to games played.

The complete list of challenges is presented in Table 3.23. More specifics
on the SMAC scenarios and environment settings can be found in Appendices
A.1.3.2 and A.1.3.3 respectively.

State and Observations

At each timestep, agents receive local observations drawn within their field of view.
This encompasses information about the map within a circular area around each
unit and with a radius equal to the sight range (Figure 3.9). The sight range makes
the environment partially observable from the standpoint of each agent. Agents
can only observe other agents if they are both alive and located within the sight
range. Hence, there is no way for agents to distinguish between teammates that
are far away from those that are dead.

The feature vector observed by each agent contains the following attributes
for both allied and enemy units within the sight range: distance, relative x,

3The list of SMAC scenarios has been updated from the earlier version. All scenarios, however,
are still available in the repository.



3. Deep Multi-Agent Reinforcement Learning 51

relative y, health, shield, and unit_type. Shields serve as an additional source
of protection that needs to be removed before any damage can be done to the health
of units. All Protos units have shields, which can regenerate if no new damage is dealt.
In addition, agents have access to the last actions of allied units that are in the field of
view. Lastly, agents can observe the terrain features surrounding them, in particular,
the values of eight points at a fixed radius indicating height and walkability.

Figure 3.9: The cyan and red circles
respectively border the sight and shoot-
ing range of the agent.

The global state, which is only avail-
able to agents during centralised training,
contains information about all units on the
map. Specifically, the state vector includes
the coordinates of all agents relative to
the centre of the map, together with unit
features present in the observations. Ad-
ditionally, the state stores the energy of
Medivacs and cooldown of the rest of the
allied units, which represents the minimum

delay between attacks. Finally, the last actions of all agents are attached to
the central state. All features, both in the state as well as in the observations
of individual agents, are normalised by their maximum values. The sight range
is set to nine for all agents.

Action Space

The discrete set of actions that agents are allowed to take consists of move[direction]4,
attack[enemy_id], stop and no-op.5 As healer units, Medivacs use heal[agent_id]

actions instead of attack[enemy_id]. The maximum number of actions an
agent can take ranges between 7 and 70, depending on the scenario. To ensure
decentralisation of the task, agents can use the attack[enemy_id] action only
on enemies in their shooting range (Figure 3.9). This additionally constrains the
ability of the units to use the built-in attack-move macro-actions on the enemies
that are far away. We set the shooting range equal to 6 for all agents. Having a
larger sight range than a shooting range forces agents to make use of the move
commands before starting to fire.

4Four directions: north, south, east, or west.
5Dead agents can only take no-op action while live agents cannot.



52 3.4. The StarCraft Multi-Agent Challenge

Rewards

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

3.4.3 Experiments

In this section, we present results for scenarios included as part of SMAC. The
purpose of these results is to demonstrate the performance of the current state-
of-the-art methods in our chosen MARL paradigm.

The evaluation procedure is similar to the one in [140]. The training is paused
after every 10000 timesteps during which 32 test episodes are run with agents
performing action selection greedily in a decentralised fashion. The percentage
of episodes where the agents defeat all enemy units within the permitted time
limit is referred to as the test win rate.

The architectures and training details are presented in Appendix A.1.1. A table
of the results is included in Appendix A.1.2.

Figure 3.10: Left: The median test win %, averaged across all 14 scenarios. Heuristic’s
performance is shown as a dotted line. Right: The number of scenarios in which the
algorithm’s median test win % is the highest by at least 1/32 (smoothed).

Figure 3.10 plots the median test win percentage averaged across all scenarios to
compare the algorithms across the entire SMAC suite. We also plot the performance
of a simple heuristic AI that selects the closest enemy unit (ignoring partial
observability) and attacks it with the entire team until it is dead, upon which
the next closest enemy unit is selected. This is a basic form of focus-firing, which
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is a crucial tactic for achieving good performance in micromanagement scenarios.
The relatively poor performance of the heuristic AI shows that the suite of SMAC
scenarios requires more complex behaviour than naively focus-firing the closest
enemy, making it an interesting and challenging benchmark.

Overall QMIX achieves the highest test win percentage and is the best performer
on up to eight scenarios during training. Additionally, IQL, VDN, and QMIX all
significantly outperform COMA, demonstrating the sample efficiency of off-policy
value-based methods over on-policy policy gradient methods.

Based on the results, we broadly group the scenarios into 3 categories: Easy,
Hard, and Super-Hard based on the performance of the algorithms.

Figure 3.11: Easy scenarios. The heuristic AI’s performance shown as a dotted black
line.

Figure 3.11 shows that IQL and COMA struggle even on the Easy scenarios,
performing poorly on four of the five scenarios in this category. This shows the
advantage of learning a centralised but factored centralised Qtot. Even though QMIX
exceeds 95% test win rate on all of five Easy scenarios, they serve an important role
in the benchmark as sanity checks when implementing and testing new algorithms.

Figure 3.12: Hard scenarios. The heuristic AI’s performance shown as a dotted black
line.
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The Hard scenarios in Figure 3.12 each present their own unique problems.
2c_vs_64zg only contains 2 allied agents, but 64 enemy units (the largest in the
SMAC benchmark) making the action space of the agents much larger than the
other scenarios. bane_vs_bane contains a large number of allied and enemy units,
but the results show that IQL easily finds a winning strategy whereas all other
methods struggle and exhibit large variance. 5m_vs_6m is an asymmetric scenario
that requires precise control to win consistently, and in which the best performers
(QMIX and VDN) have plateaued in performance. Finally, 3s_vs_5z requires the
three allied stalkers to kite the enemy zealots for the majority of the episode (at
least 100 timesteps), which leads to a delayed reward problem.

Figure 3.13: Super Hard scenarios. The heuristic AI’s performance shown as a dotted
black line.

The scenarios shown in Figure 3.13 are categorised as Super Hard because of the
poor performance of all algorithms, with only QMIX making meaningful progress
on two of the five. We hypothesise that exploration is a bottleneck in many of these
scenarios, providing a nice test-bed for future research in this domain.

Figure 3.14: 3 scenarios including QTRAN.

We also test QTRAN [162] on three of the easiest scenarios, as shown in Figure
3.14. QTRAN fails to achieve good performance on 3s5z and takes far longer to
reach the performance of VDN and QMIX on 2s3z. In preliminary experiments,
we found the QTRAN-Base algorithm slightly more performant and more stable
than QTRAN-Alt. For more details on the hyperparameters and architectures
considered, please see the Appendix.
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Additionally, we compare the necessity of using an agent’s action-observation
history by comparing the performance of an agent network with and without an RNN
in Figure 3.15. On the easy scenario of 3s5z we can see that an RNN is not required
to use action-observation information from previous timesteps, but on the harder
scenarios of 3s_vs_5z it is crucial to being able to learn how to kite effectively.

Figure 3.15: Comparing agent networks with and without RNNs (QMIX-FF) on 2
scenarios.

3.5 Conclusion

We presented a variety of methods for solving emerging problems in the application of
function approximators to Multi-Agent Reinforcement Learning. Firstly we proposed
two methods for stabilising experience replay in deep multi-agent reinforcement
learning: (a) using a multi-agent variant of importance sampling to naturally decay
obsolete data and (b) conditioning each agent’s value function on a fingerprint
that disambiguates the age of the data sampled from the replay memory. Results
confirmed that these methods enable the successful combination of experience
replay with multiple agents. Secondly, we developed COMA policy gradients, a
method that uses a centralised critic in order to estimate a counterfactual advantage
for decentralised policies in mutli-agent RL. COMA addresses the challenges of
multi-agent credit assignment by using a counterfactual baseline that marginalises
out a single agent’s action, while keeping the other agents’ actions fixed.

These methods were presented both in a decentralised StarCraft unit microman-
agement environment built on TorchCraft[172], as well as a novel benchmark called
the StarCraft Multi-Agent Challenge, which took lessons learnt from developing
the earlier environment and produced a reusable benchmark for Multi-Agent
Reinforcement Learning and its community.
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4
Value Propagation Networks

Planning is a key component for artificial agents in a variety of domains. However,
a limit of classical planning algorithms is that one needs to know how to search
for an optimal – or at least reasonable – solution for each instantiation of every
possible type of plan. As the environment dynamics and states complexity increase,
this makes writing planners difficult, cumbersome, or simply entirely impractical.
This is among the reasons why “learning to plan” has been an active research area
to address these shortcomings [148, 87]. To be useful in practice we propose that
methods that enable to learn planners should have at least two properties: they
should be traces free, i.e. not require traces from an optimal planner, and they
should generalize, i.e. learn planners that are able to function on plans of the same
type but of unseen instance and/or planning horizons.

In Reinforcement Learning (RL), learning to plan can be framed as the problem
of finding a policy that maximises the expected return from the environment, where
such policy is a greedy function that selects actions that will visit states with a
higher value for the agent. This in turns shifts the problem to the one of obtaining
good estimates of state values. One of the most commonly used algorithms to
solve this problem is Value Iteration (VI), which estimates the state values by
collecting and propagating the observed rewards until a fixed point is reached. A
policy – or a plan – can then be constructed by rolling out the obtained value
function on the desired state-action pairs.

When the environment can be represented as an occupancy map, a 2D grid,
it is possible to approximate this planning algorithm using a deep convolutional
neural network (CNN) to propagate the rewards on the grid cells. This enables
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one to differentiate directly through the planner steps and perform end-to-end
learning of the value function. Tamar et al. [176] train such models – Value Iteration
Networks (VIN) – with a supervised loss on the trace from a search/planning
algorithm, with the goal to find the parameters that can solve the shortest path
task in such environments by iteratively learning the value function using the
convnet. However, this baseline requires good target value estimates, violating our
wished trace free property, and limiting its usage in interactive, dynamic settings.
Furthermore, it doesn’t take advantage of the model structure to generalise to
harder instances of the task.

In this work we extend the formalization used in VIN to more accurately
represent the structure of grid-world-like scenarios, enabling Value Iteration network
modules to be naturally used within the reinforcement learning framework beyond
the scope of the initial work, while also removing some of the limitations and
underlying assumptions constraining the original architecture. We show that our
models can not only learn to plan and navigate in dynamic environments, but that
their hierarchical structure provides a way to generalize to navigation tasks where
the required planning horizon and the size of the map are much larger than the ones
seen at training time. Our main contributions include: (1) introducing VProp and
MVProp, network planning modules which successfully learn to solve pathfinding
tasks via reinforcement learning using minimal parametrization, (2) demonstrating
the ability to generalize to large unseen maps when training exclusively on much
smaller ones, and (3) showing that our modules can learn to plan in environments
with more complex dynamics than a static grid world, both in terms of transition
function and observation complexity.

4.1 Related work

Model-based planning with end-to-end architectures has recently shown promising
results on a variety of tasks and environments, often using Deep Reinforcement
Learning as the algorithmic framework [158, 124, 197, 61, 51, 156, 163]. 3D and
2D navigation tasks have also been tackled within the RL framework [115], with
methods in some cases building and conditioning on 2D occupancy maps to aid
the process of localization and feature grounding [19, 207, 10].

Other work has furthermore explored the usage of VIN-like architectures for
navigation problems: [123] present a generalization of VIN able to learn modules
on more generic graph structures by employing a graph convolutional operator
to convolve through each node of the graph. [143] demonstrate a method for



4. Value Propagation Networks 59

multi-agent planning in a cooperative setting by training multiple VI modules and
composing them into one network, while also adding an orientation state channel
to simulate non-holonomic constraints often found in mobile robotics. [63] and
[92] propose to tackle partially observable settings by constructing hierarchical
planners that use VI modules in a multi-scale fashion to generate plans and
condition the model’s belief state.

4.2 Background

We consider the control of an agent in a “grid world” environment, in which entities
can interact with each other. The entities have some set of attributes, including
a uniquely defined type, which describes how they interact with each other, the
immediate rewards of such interactions, and how such interactions affect the next
state of the world. The goal is to learn to plan through reinforcement learning, that
is learning a policy trained on various configurations of the environment that can
generalize to arbitrary other configurations of the environment, including larger
environments, and ones with a larger number of entities. In the case of a standard
navigation task, this boils down to learning a policy which, given an observation
of the world, will output actions that take the agent to the goal as quickly as
possible. An agent may observe such environments as 2D images of size dx × dy,
with dpix input panes, which are then potentially passed through an embedding
function Φ (such as a 2D convnet) to extract the entities and generates some local
embedding based on their positions and features.

4.2.1 Reinforcement Learning

The problem of reinforcement learning is typically formulated in terms of computing
optimal policies for a Markov Decision Problem (MDP) [170]. Note that Chapter
2.1 contains an overview of the topic, but we provide a refresher to make it easier
to follow the next few sections.

An MDP is defined by the tuple (S, A, T, R, γ), where S is a finite set of states,
A is the set of actions a that the agent can take, T : s → a → s′ is a function
describing the state-transition matrix, R is a reward function, and γ is a discount
factor. In this setting, an optimal policy π∗ is a distribution over the state-action
space that maximises in expectation the discounted sum of rewards ∑

k γkrk, where
rk is the single-step reward. A standard method to find the optimal policy π : s→ a

is to iteratively compute the value function, Qπ(s, a), updating it based on rewards
received from the environment [195]. Using this framework, we can view learning



60 4.2. Background

to plan as a structured prediction of rewards with the planning algorithm Value
Iteration [18] as inference procedure. Beside value-based algorithms, there exist
other types which are able to find optimal policies, such as policy gradient methods
[171], which directly regress to the policy function π instead of approximating the
value function. These methods however suffer from high variance estimates in
environments that require many steps. Finally, a third type is represented by actor-
critic algorithms, which combine the policy gradient methods’ advantage of being
able to compute the policy directly, with the low-variance performance estimation of
value-based RL used as a more accurate feedback signal to the policy estimator [95].

4.2.2 Value Iteration Module

Tamar et al. [176] motivate the Value Iteration module by observing that for
problems such as navigation, and more generally pathfinding, value iteration can
be unrolled as a graph convolutional network, where nodes are possible positions
of the agent and edges represent possible transitions given the agent’s actions. In
the simpler case of 2D grids, the graph structure corresponds to a neighborhood in
the 2D space, and the convolution structure is similar to a convolutional network
that takes the entire 2D environment as input.

More precisely, let us denote by s the current observation of the environment
(e.g., a bird’s-eye view of the 2D grid), q0 the zero tensor of dimensions (A, dx, dy),
where dx, dy are the dimension of the 2D grid, and A the number of actions of
the agent. Then, the Value Iteration module is defined by an embedding function
of the state Φ(s) ∈ Rdrew×dx×dy (where drew depends on the model), a transition
function h, and performs the following computations for steps k = 1...K where
K is the depth of the VI module:

∀(i, j) ∈ [[ dx ]]× [[ dy ]], vk
ij = max

a=1..A
qk

a,i,j,

qk = h(Φ(s), vk−1) .

Given the agent’s position (x0, y0) and the current observation of the environment
s, the control policy π is then defined by π(s, (x0, y0)) = argmaxa=1..A qK

a,x0,y0 .
We can rewrite the transition function h as a convolutional layer:

(a) r̄i,j = Φ(s)i,j,

(b) v0
i,j = 0,

qk
a,i,j =

∑
(i′,j′)∈N (i,j)

p
(v)
a,i′−i,j′−j ∗ vk−1

i′,j′ + p
(r)
a,i′−i,j′−j ∗ r̄i′,j′ ,

vk
i,j = max

a
qk−1

a,i,j,
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where N (i, j) is the set of neighbors of the cell (i, j) and the cell itself. In practice,
Φ(s) has several output channels drew and a varying number of parameters when
used within a VI module on different tasks. p

(v)
a,i′−i,j′−j ∈ R and p

(r)
a,i′−i,j′−j ∈ R

instead purely represent the parameters of the VI module.
This model is appealing as a neural network architecture because the step to

compute each qk
a,i,j is a convolutional layer, thus enabling computing qK

a,i,j with a
convolutional network of depth K with shared weights and as many output channels
as actions. The computation of vk

i,j are then the non-linearities of the network,
which correspond to a max-pooling in the dimension of the output channels.

To clarify the relationship with the original value iteration algorithm for grid
worlds, let us denote by Ra,i,j,i′,j′ the immediate reward when taking action a at
position (i, j) with arrival position (i′, j′), Pa,i,j,i′,j′ the corresponding transition
probabilities, and γ the discount factor. Then value iteration in a 2D grid can
be generally written as:

∀(i, j) ∈ [[ dx ]]× [[ dy ]], V k
ij = max

a=1..A
Qk

a,i,j,

∀(a, i, j) ∈ [[ A ]]× [[ dx ]]× [[ dy ]], Qk
a,i,j =

∑
(i′,j′)∈N (i,j)

Pa,i,j,i′,j′

(
Ra,i,j,i′,j′ + γV k−1

i,j

)
.

where N (i, j) is prior knowledge about the states that are accessible from (i, j).
The implementation of the value iteration module described above thus corresponds
to a specific parameterization of the reward Ra,i,j,i′,j′ as functions of the starting and
arrival states. More importantly, the implementation of the value iteration module
with a convolutional network means that the transition probabilities, represented
by the parameters p

(v)
a,i′−i,j′−j, are translation-invariant.

4.3 Models

The value iteration modules is appealing from a computational point of view because
they can be efficiently implemented as convolutional neural networks. They are
also conceptually appealing for the design of neural planning architectures because
they give a clear motivation and interpretation for sharing weights between layers,
and provide guidance as to the necessary depth of the network: the depth should
be sufficient for the reward signals to propagate from "goal" states to the agent,
and thus be some function of the length of the shortest path.

While the parametrization with shared weights reduces sample complexity, this
architecture is also amenable to an interesting form of generalization: learning to
navigate in small environments (small dx, dy for training), and generalize to larger
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instances (larger dx, dy). That is, from the analogy with value iteration it follows
that generalization to larger instances should require deeper networks, which is
possible because the weights are shared. Yet, the experiments in Tamar et al.
[176], as well as our experiments presented in Section 4.4, show that learning VI
modules with reinforcement learning remains very challenging and doesn’t naturally
generalize as thought, suggesting that the sample complexity is still a major issue.

We propose in this section two alternative approaches to the value iteration
modules described above, with the objective to provide a minimal parametrization
for better sample complexity and generalization, while keeping the convolutional
structure and the idea of a deep network with shared weights. We mostly revisit
the two design choices made in the VI module: first, we drop the main assumption
of VI modules that the transition probabilities are translation-invariant by making
them a function of the state, and look for the minimal parametrization of these
state-dependent transition probabilities suitable for grid worlds. Second, we propose
more constrained parametrizations of the immediate reward function to increase
sample efficiency using reinforcement learning, thus allowing to exploit the structure
of the architecture to achieve generalization.

4.3.1 Value-Propagation Module

Let us observe that in the simplest version of a grid world the dynamics are
deterministic and actions only consist of moving into an adjacent cell. The world
model should account for blocking cells (e.g. terrain or obstacles), while the reward
function should account for goal states. Furthermore – and very importantly when
implementing value iteration for episodic tasks – one needs to account for terminal
states, which can be represented by absorbing states, i.e. states for which the only
possible transition is a loop to itself with reward 0 [170].

We propose to take these elements into account in the following architecture,
which we call Value Propagation (VProp). Similarly to a VI module, it is here
implemented with deep convolutional networks with weights shared across layers:

(a) r̄in
i,j, r̄out

i,j , pi,j = Φ(s)i,j,

(b) v0
i,j = 0,

v
(k)
i,j = max

(
v

(k−1)
i,j , max

(i′,j′)∈N (i,j)

(
pi,jv

(k−1)
i′,j′ + r̄in

i′,j′ − r̄out
i,j

))
,

(c) π(s, (i0, j0)) = argmax
i′,j′∈N (i0,j0)

vK
i′,j′ .

In VProp, all parameters are in the embedding function Φ – the iteration layers
do not have any additional parameters. This embedding function has two types of
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output for each position (i, j). The first type is a vector (r̄in
i,j, r̄out

i,j ), which is used
to model the full reward function Ra,i,j,i′,j′ as r̄in

i′,j′ − r̄out
i,j . This is done to correctly

deal with absorbing states: r̄in intuitively models the reward obtained when the
agent enters position i, j (typically high for a goal state, negative for positions we
should avoid), and r̄out is the cost of going out of a position. Absorbing states
can then be represented by setting r̄in

i,j = r̄out
i,j .

The second output given by Φ is a single value pi,j , which represent a propagation
parameter associated to the position, or simply a state-dependent discount factor
[199]: pi,j ≈ 1 means that the neighboring values vi′,j′ propagate through i, j,
while pi,j ≈ 0 means that position i, j is blocking, which typically arises for cells
containing obstacles. In our implementations, all r̄in, r̄out, p are kept in [0, 1]
using a sigmoid activation function.

VProp corresponds to the value iteration algorithm in which the dynamics are
deterministic and there is a one-to-one mapping between actions and adjacent
cells. This mapping is assumed in equation (c), in which the output is a position
rather than an action. In practice, since (i′, j′) is an adjacent cell, it is trivial
to know which action needs be taken to get to that cell. However, in case the
mapping is unknown, one can use π(s) = F

(
[v(K)

i′,j′ ](i′,j′)∈N (i0,j0)

)
for some F that

takes the neighborhood of the agent as input and performs the mapping from
the propagated values to actual actions.

It’s important to stress that this particular architecture was designed for
environments that can be represented and behave like 2D grid structures (e.g.
robotic navigation), however the formulation can be easily extended to more general
graph structures. More details on this can be found in Appendix B.1.

4.3.2 Max-Propagation Module

One of the main difficulties we observed with both the VI module and VProp
when generalizing to larger environments is that obstacles/blocking cells on a fixed
size grid can be represented in two different ways: either with a small value of
propagation or with a large output reward. In practice, a network trained on grids
of bounded sizes may learn to any valid configuration, but a configuration based on
negative rewards and high propagation does not generalize to larger environments:
a negative reward for going through an obstacle is not, in general, sufficient to
compensate for the length of a correct path that needs to get around the obstacle.
When the environment has fixed size, the maximum length of going around of an
obstacle is known, and the reward can be set accordingly. But as the environment
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increases in size, the cost of getting around the obstacle increases and is not well
represented by the negative reward anymore.

To overcome this difficulty, we propose an alternative formulation, the Max-
Propagation module (MVProp), in which only positive rewards are propagated.
This implies that the only way to represent blocking paths is by not propagating
rewards – negative rewards are not a solution anymore. The MVProp module
is defined as follows:

(a) r̄i,j, pi,j = Φ(s)i,j,

(b) v0
i,j = r̄i,j,

v
(k)
i,j = max

(
vk−1

i,j , max
(i′,j′)∈N (i,j)

(
r̄i,j + pi,j(v(k−1)

i′,j′ − r̄i,j)
))

,

(c) π(s, (i0, j0)) = argmax
i′,j′∈N (i0,j0)

vK
i′,j′ .

Like VProp, MVProp is another implementation of value iteration with a
deterministic mapping from the agent actions to position, however this time the
model is constrained to propagate only positive rewards, since the propagation
equation r̄i,j + pi,j(v(k−1)

i′,j′ − r̄i,j) can be rewritten as pi,jv
(k−1)
i′,j′ + r̄i,j(1 − pi,j) so

the major difference with VProp is that MVProp focuses only on propagating
positive rewards. Note therefore that all other remarks concerning more general
versions of VProp also apply to MVProp.

4.4 Experiments

We focus on evaluating our modules strictly using Reinforcement Learning, since
we are interested in moving towards scenarios that better simulate tasks requiring

(a) VIN (b) 14x14 MazeBase (c) 32x32 MazeBase (d) 64x64 MazeBase

Figure 4.1: Comparison between a random map of the VIN dataset, and a few random
configuration of our training environment. In our custom grid-worlds, the number of
blocks increases with size, but their percentage over the total available space is kept fixed.
Agent and goal are shown as circles for better visualization, however they still occupy a
single cell.
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interaction with the environment. The architecture contains the policy πθ described
in the previous sections, together with a value function Vw, which takes the same
input as the softmax layer of the policy, concatenated with the 3× 3 neighborhood
of the agent. w and θ share all their weights until the end of the convolutional
recurrence. At training time, given the stochastic policy at time step t denoted by πθt ,
we sample a minibatch of B transitions, denoted B, uniformly at random from the
last L transitions, and perform gradient ascent over importance-weighted rewards:

θt+1 ←θt + η
∑

(s,a,r,p,s′)∈B
min

(πθt(s, a)
p(a) , C

)(
r + 1

{s′ ̸=∅}
γVwt(s′)− Vwt(s)

)(
∇θt log πθt(s, a)

)
+ λ

∑
(s,a,r,p,s′)∈B

∑
a′

p(a′)
(
∇θt log πθt(s, a′)

)
,

wt+1 ←wt − η′ ∑
(s,a,r,p,s′)∈B

min
(πθt(s, a)

p(a) , C
)(

Vwt(s)− r − 1
{s′ ̸=∅}

γVwt(s′)
)
∇wtVwt(s) ,

where 1
{s′ ̸=∅}

is 1 if s′ is terminal and 0 otherwise. The capped importance weights

min
(

πθt (s,a)
p(a) , C

)
are standard in off-policy policy gradient [193]. The capping

constant (C = 10 in our experiments) controls the variance of the gradients at the
expense of some bias. The second term of the update acts as a regularizer and
forces the current predictions to be close enough the the ones that were made by
the older model. The learning rates η, λ and η′ also control the relative weighting
of the different objectives when the weights are shared.

4.4.1 Grid-world setting

Our experimental setting consists of a 2D grid-world of fixed dimensions where all
entities are sampled based on some fixed distribution (Figure 4.1). The agent is
allowed to move in all 8 directions at each step, and a terminal state is reached
when the agent either reaches the goal or hits one of the walls. We use MazeBase
[166] to generate the configurations of our world and the agent interface for both
training and testing phases. Additionally we also evaluate our trained agents on
maps uniformly sampled from the 16× 16 dataset originally used by Tamar et al.
[176], so as to get a direct comparison with the previous work, and to confirm the
quality of our baseline. We tested all the models on the other available datasets
(8× 8 and 28× 28) too, without seeing significant changes in relative performance,
so they are omitted from our evaluation. We employ a curriculum where the
average length of the optimal path from the starting agent position is bounded by
some value which gradually increases after a few training episodes. This makes
it more likely to encounter the goal at early stages of training, allowing for easier
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Figure 4.2: Average, min and max reward of all the models as they train on our
curriculum. Note again that in the first two plots the the map size is 32× 32. a and c
demonstrate performances respectively on the VIN dataset and our generated 64 × 64
maps. b shows performance on evaluation maps constrained by the curriculum settings
(segmented line), and without (continuous line).

conditioning over the goal feature. Across all our tests on this setup, both VProp
and MVProp greatly outperformed our implementation of VIN. Figure 4.2 shows
rewards obtained during training, averaged across 5 training runs seeded randomly.
It’s important to note that the original VIN architecture was mostly tested in a
fully supervised setting (via imitation learning), where the best possible route was
given to the network as target. In the appendix, however, [176] claim that VIN can
perform in a RL setting, obtaining an 82.5% success rate, versus the 99.3% success
rate of the supervised setting on a map of 16 × 16. The authors do not provide
results for the larger 28× 28 map dataset, nor do they provide learning curves and
variance, however overall these results are consistent with the best performance
we obtained from testing our implementation.

The final average performances of each model against the static-world experi-
ments clearly demonstrate the strength of VProp and MVProp. In all the above
experiments, both VProp and MVProp very quickly outperform the baseline. In
particular MVProp very quickly learns a transition function over the MDP dynamics
that is sharp enough to provide good values across even bigger sizes, hence obtaining
near-optimal policies over all the sizes during the first thousand training episodes.

4.4.2 Tackling dynamic environments

To test the capability of our models to effectively learn non-static environments - that
is, relatively more complex transition functions - we propose a set of experiments in
which we allow our environment to spawn dynamic adversarial entities controlled
by a set of fixed policies. These policies include a ϵ-noop strategy, which makes
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the entity move in random direction with probability ϵ or do nothing, a ϵ-direction
policy, which makes the entity move to a specific direction with probability ϵ or do
nothing, and finally strictly adversarial policies that try to catch the agent before it
can reach the goal. We use the first category of policies to augment our standard
path-planning experiments, generating enemies_only environments where 20% of
the space is occupied by agents with ϵ = 0.5, and mixed environments with the
same amount of entities, half consisting of fixed walls, and the remaining of agents
with ϵ = 0.2 The second type of policies is used to generate a deterministic but
continuously changing environment which we call avalanche, in which the agent
is tasked to reach the goal as quickly as possible while avoiding "falling" entities.
Finally, we propose a third type of experiments where the latter fully adversarial
policy is applied on 1 to 6 enemy entities depending on the size of the environment.
These scenarios differ in difficulty, but all require the modules to both learn off
extremely sparse positive rewards and deal with a more complex transition function,
thus presenting a strong challenge for all the tested methods.
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Figure 4.3: Average, min, and max, test win rate obtained on our dynamics experiments.
Each agent was trained on the 8x8 instances of the scenario in a similar fashion to the
static world experiments. Figure 4.3d shows an example of policy obtained after training
on a avalanche testing configuration. Agent and goal are shown as circles for better
visualization, however they still occupy a single cell.

As these new environments are not static, the agent needs to re-plan at every
step, forcing us to train on 8x8 maps to reduce the time spent rolling-out the
recurrent modules. This however allows us to train without curriculum, as the
agent is already likely to successfully hit the goal in a smaller area with a stochastic
policy. Figure 4.3 shows that MVProp learns to handle this new complexity in the
dynamics, successfully generalising to 32x32 maps, much larger than the ones seen
during training (Figure 4.3d), significantly outperforming the baseline.
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4.4.3 StarCraft navigation

Finally, we evaluate VProp on a navigation task in StarCraft: Brood War where
the navigation-related actions have low-level physical dynamics that affect the
transition function. In StarCraft, it is common to want to plan a trajectory around
enemy units, as these have auto-attack behaviours that will interfere or even destroy
your own unit if found navigating too close to them. While planning trajectories
of the size of a standard StarCraft map is outside of the scope of this work, this
problem becomes already quite difficult when considering scenarios where enemies
are close to the bottleneck areas, thus we can test our architecture on small maps
to simulate instances of these scenarios.
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Figure 4.4: StarCraft navigation results. Figure 4.4a shows a generated trajectory on a
random scenario at late stages of training. The red and blue overlays (not shown to the
agent) indicate the distance required to interact with each enemy entity.

We use TorchCraft [172] to setup the environment and extract the position and
type of units randomly spawned in the scenario. The state space is larger than the
one used in our previous experiments and positive rewards might be extremely sparse,
thus we employ a mixed curriculum to sample the units and their positions, allowing
the models to observe positive rewards more often at the early stages of training and
speed up training (note that this is also a requirement for the VIN baseline to have
a chance at the task [176]). As shown in Figure 4.4b, the MVProp is strong enough
to plan around the low-level noise of the move actions, which enables the agent to
navigate around the lethal enemies and reach the goal on most random instances
after training. Compared to the VIN baseline, the better sample efficiency translates
into the ability to more accurately learn a model of the state-action transition
function, which ultimately allows VProp to learn planning modules for this non-
trivial environment. We also evaluate on the scenario directly from pixels, by adding
two convolutional layers following by a max-pooling operator to provide capacity to
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learn the state features: as expected (Figure 4.4c) the architecture takes some more
time to condition on the entities, but ultimately reaches similar final performances.
In both cases, VIN struggles to condition correctly on the more complex transition
function even with the curriculum providing early positive feedback.

4.5 Conclusions

Architectures that try to solve the large but structured space of navigation tasks have
much to benefit from employing planners that can be learnt from data, however these
need to be sample efficient to quickly adapt to local environment dynamics so that
they can provide a flexible planning horizon without the need to collect new data.
Our work shows that such planners can be successfully learnt via Reinforcement
Learning when the dynamics of the task are taken into account, and that great
generalization capabilities can be expected when these models are applied to 2D
path-planning tasks. Furthermore, we have demonstrated that our methods can even
generalize when the environment has dynamic, noisy, and adversarial elements, or
with high-dimensional observation spaces, enabling them to be employed in relatively
complex tasks. A major issue that still prevents these planners from being deployed
on harder tasks is computational cost, since the depth increases with the length
of the path that agents must solve, however architectures employing VI modules
as low level planners have been successfully tackling complex interactive tasks
(Section 4.1), thus we expect our methods to provide a way for such type of work
to train end-to-end via reinforcement learning, even for pathfinding tasks found in
different graph-like structures (for which we have at least the relevant convolutional
operators). Finally, interesting venues where VProp and MVProp may be applied
are mobile robotics and visual tracking [104, 20], where our work could be used to
learn arbitrary propagation functions, and model a wide range of potential functions.
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5
The NetHack Learning Environment

Recent advances in (Deep) Reinforcement Learning (RL) have been driven by
the development of novel simulation environments, such as the Arcade Learning
Environment (ALE) [15], StarCraft [172, 191], BabyAI [31], Obstacle Tower [84],
Minecraft [81, 64, 77], and Procgen Benchmark [36]. These environments introduced
new challenges for state-of-the-art methods and demonstrated failure modes of
existing RL approaches. For example, Montezuma’s Revenge highlighted that
methods performing well on other ALE tasks were not able to successfully learn
in this sparse-reward environment. This sparked a long line of research on novel
methods for exploration [e.g., 14, 181, 129] and learning from demonstrations [e.g.,
73, 149, 9]. However, this progress has limits: the current best approach on
this environment, Go-Explore [47, 48], overfits to specific properties of ALE and
Montezuma’s Revenge. While Go-Explore is an impressive solution for Montezuma’s
Revenge, it exploits the determinism of environment transitions, allowing it to
memorize sequences of actions that lead to previously visited states from which
the agent can continue to explore.

We are interested in surpassing the limits of deterministic or repetitive settings
and seek a simulation environment that is complex and modular enough to test
various open research challenges such as exploration, planning, skill acquisition,
memory, and transfer. However, since state-of-the-art RL approaches still require
millions or even billions of samples, simulation environments need to be fast to
allow RL agents to perform many interactions per second. Among attempts to
surpass the limits of deterministic or repetitive settings, procedurally generated
environments are a promising path towards testing systematic generalization of RL
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methods [e.g., 85, 84, 145, 36]. Here, the game state is generated programmatically
in every episode, making it extremely unlikely for an agent to visit the exact
state more than once during its lifetime. Existing procedurally generated RL
environments are either costly to run [e.g., 191, 81, 84] or are, as we argue, of
limited complexity [e.g., 32, 37, 11].

To address these issues, we present the NetHack Learning Environment (NLE),
a procedurally generated environment that strikes a balance between complexity and
speed. It is a fully-featured Gym environment [22] around the popular open-source
terminal-based single-player turn-based “dungeon-crawler” game, NetHack [91].
Aside from procedurally generated content, NetHack is an attractive research
platform as it contains hundreds of enemy and object types, it has complex and
stochastic environment dynamics, and there is a clearly defined goal (descend the
dungeon, retrieve an amulet, and ascend). Furthermore, NetHack is difficult to
master for human players, who often rely on external knowledge to learn about
strategies and NetHack’s complex dynamics and secrets.1 Thus, in addition to a
guide book [141, 142] released with NetHack itself, many extensive community-
created documents exist, outlining various strategies for the game [e.g., 121, 50].

In summary, we make the following core contributions:

(i) we present NLE, a fast but complex and feature-rich Gym environment for RL
research built around the popular terminal-based game, NetHack,

(ii) we release an initial suite of tasks in the environment and demonstrate that
novel tasks can be added easily,

(iii) we introduce baseline models trained using IMPALA [49] and Random Network
Distillation (RND) [24], a popular exploration bonus, resulting in agents that
learn diverse policies for early stages of NetHack, and

(iv) we demonstrate the benefit of NetHack’s symbolic observation space by
presenting in-depth qualitative analyses of trained agents.

1“NetHack is largely based on discovering secrets and tricks during gameplay. It can take years
for one to become well-versed in them, and even experienced players routinely discover new ones.”
[52]
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5.1 NetHack: a Frontier for Reinforcement Learn-
ing Research

In traditional so-called roguelike games (e.g., Rogue, Hack, NetHack, and Dungeon
Crawl Stone Soup) the player acts turn-by-turn in a procedurally generated grid-
world environment, with game dynamics strongly focused on exploration, resource
management, and continuous discovery of entities and game mechanics.These games
are designed to provide a steep learning curve and a constant level of challenge
and surprise to the player. They are generally extremely difficult to win even once,
let alone to master, i.e., win regularly and multiple times in a row.

As advocated by [85, 84, 36], procedurally generated environments are a
promising direction for testing systematic generalization of RL agents. We argue
that such environments need to be both sufficiently complex and fast to run to serve
as a challenging long-term research testbed. In Section 5.1.1, we illustrate that
NetHack contains many desirable properties, making it an excellent candidate for
driving long-term research in RL. We introduce NLE in Section 5.1.2, an initial suite
of tasks in Section 5.1.3, an evaluation protocol for measuring progress towards
solving NetHack in Section 5.1.4, as well as baseline models in Section 5.1.5.

5.1.1 NetHack

NetHack is one of the oldest and most popular roguelikes, originally released in
1987 as a successor to Hack, an open-source implementation of the original Rogue
game. At the beginning of the game, the player takes the role of a hero who is
placed into a dungeon and tasked with finding the Amulet of Yendor to offer it
to an in-game deity. To do so, the player has to descend to the bottom of over
50 procedurally generated levels to retrieve the amulet and then subsequently
escape the dungeon, unlocking five extremely challenging final levels (the four
Elemental Planes and the Astral Plane).

Many aspects of the game are procedurally generated and follow stochastic
dynamics. For example, the overall structure of the dungeon is somewhat linear,
but the exact location of places of interest (e.g., the Oracle) and the structure of
branching sub-dungeons (e.g., the Gnomish Mines) are determined randomly. The
procedurally generated content of each level makes it highly unlikely that a player
will ever experience the exact same situation more than once. This provides a
fundamental challenge to learning systems and a degree of complexity that enables us
to more effectively evaluate an agent’s ability to generalize. It also disqualifies current
state-of-the-art exploration methods such as Go-Explore [47, 48] that are based on
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Figure 5.1: Annotated example of an agent at two different stages in NetHack (Left: a
procedurally generated first level of the Dungeons of Doom, right: Gnomish Mines). A
larger version of this figure is displayed in Figure C.6 in the appendix.

a goal-conditioned policy to navigate to previously visited states. Moreover, states
in NetHack are composed of hundreds of possible symbols, resulting in an enormous
combinatorial observation space.2 It is an open question how to best project this
symbolic space to a low-dimensional representation appropriate for methods like
Go-Explore. For example, Ecoffet et al.’s heuristic of downsampling images of
states to measure their similarity to be used as an exploration bonus will likely
not work for large symbolic and procedurally generated environments. NetHack
provides further variation by different hero roles (e.g., monk, valkyrie, wizard,
tourist), races (human, elf, dwarf, gnome, orc) and random starting inventories
(see Appendix C.1 for details). Consequently, NetHack poses unique challenges
to the research community and requires novel ways to determine state similarity
and, likely, entirely new exploration frameworks.

To provide a glimpse into the complexity of NetHack’s environment dynamics,
we closely follow the educational example given by “Mr Wendal” on YouTube.3 At a
specific point in the game, the hero has to get past Medusa’s Island (see Figure 5.2
for an example). Medusa’s Island is surrounded by water } that the agent has
to cross. Water can rust and corrode the hero’s metallic weapons ) and armor [.
Applying a can of grease ( prevents rusting and corrosion. Furthermore, going
into water will make a hero’s inventory wet, erasing scrolls ? and spellbooks + that
they carry. Applying a can of grease to a bag or sack ( will make it a waterproof
container for items. But the sea can also contain a kraken ; that can grab and
drown the hero, leading to instant death. Applying a can of grease to a hero’s

2Information about the over 450 items and 580 monster types, as well as environment dynamics
involving these entities can be found in the NetHack Wiki [121] and to some extent in the NetHack
Guidebook [142].

3youtube.com/watch?v=SjuTyJlgLJ8

https://youtube.com/watch?v=SjuTyJlgLJ8
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The gelatinous cube eats a scroll!
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Figure 5.2: The hero (@) has to cross water (}) to get past Medusa (@, out of the hero’s
line of sight) down the staircase (>) to the next level.

armor prevents the kraken from grabbing the hero. However, a cursed can of grease
will grease the hero’s hands instead and they will drop their weapon and rings. One
can use a towel ( to wipe off grease. To reach Medusa @, the hero can alternatively
use magic to freeze the water and turn it into walkable ice .. Wearing snow boots [

will help the hero not to slip. When Medusa is in the hero’s line of sight, her gaze
will petrify and instantly kill—the hero should use a towel to cover their eyes to
fight Medusa, or even apply a mirror ( to petrify her with her own gaze.

There are many other entities a hero must learn to face, many of which appear
rarely even across multiple games, especially the most powerful monsters. These
entities are often compositional, for example a monster might be a wolf d, which
shares some characteristics with other in-game canines such as coyotes d or hell
hounds d. To help a player learn, NetHack provides in-game messages describing
many of the hero’s interactions (see the top of Figure 5.1).4 Learning to capture

4An example interaction after applying a figurine of an Archon: “You set the figurine on the
ground and it transforms. You get a bad feeling about this. The Archon hits! You are blinded by
the Archon’s radiance! You stagger. . . It hits! You die. . . But wait. . . Your medallion feels warm!
You feel much better! The medallion crumbles to dust! You survived that attempt on your life.”



76 5.1. NetHack: a Frontier for Reinforcement Learning Research

these interesting and somewhat realistic albeit abstract dynamics poses challenges
for multi-modal and language-conditioned RL [110].

NetHack is an extremely long game. Successful expert episodes usually last tens
of thousands of turns, while average successful runs can easily last hundreds of
thousands of turns, spawning multiple days of play-time. Compared to testbeds
with long episode horizons such as StarCraft and Dota 2, NetHack’s “episodes”
are one or two orders of magnitude longer, and they wildly vary depending on
the policy. Moreover, several official conducts exist in NetHack that make the
game even more challenging, e.g., by not wearing any armor throughout the game
(see Appendix C.1 for more).

Finally, in comparison to other classic roguelike games, NetHack’s popularity
has attracted a larger number of contributors to its community. Consequently, there
exists a comprehensive game wiki [121] and many so-called spoilers [50] that provide
advice to players. Due to the randomized nature of NetHack, this advice is general
in nature (e.g., explaining the behavior of various entities) and not a step-by-step
guide. These texts could be used for language-assisted RL along the lines of [209].
Lastly, there is also a large public repository of human replay data (over five million
games) hosted on the NetHack Alt.org (NAO) servers, with hundreds of finished
games per day on average [111]. This extensive dataset could spur research advances
in imitation learning, inverse RL, and learning from demonstrations [1, 5].

5.1.2 The NetHack Learning Environment

The NetHack Learning Environment (NLE) is built on NetHack 3.6.6, the 36th
public release of NetHack, which was released on March 8th, 2020 and is the
latest available version of the game at the time of publication of this paper. NLE
is designed to provide a common, turn-based (i.e., synchronous) RL interface
around the standard terminal interface of NetHack. We use the game as-is as
the backend for our NLE environment, leaving the game dynamics unchanged. We
added to the source code more control over the random number generator for
seeding the environment, as well as various modifications to expose the game’s
internal state to our Python frontend.

By default, the observation space consists of the elements glyphs, chars, colors,
specials, blstats, message, inv_glyphs, inv_strs, inv_letters, as well as inv_oclasses.
The elements glyphs, chars, colors, and specials are tensors representing the (batched)
2D symbolic observation of the dungeon; blstats is a vector of agent coordinates
and other character attributes (“bottom-line stats”, e.g., health points, strength,
dexterity, hunger level; normally displayed in the bottom area of the GUI), message
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is a tensor representing the current message shown to the player (normally displayed
in the top area of the GUI), and the inv_* elements are padded tensors representing
the hero’s inventory items. More details about the default observation space and
possible extensions can be found in Appendix C.2.

The environment has 93 available actions, corresponding to all the actions a
human player can take in NetHack. More precisely, the action space is composed of
77 command actions and 16 movement actions. The movement actions are split
into eight “one-step” compass directions (i.e., the agent moves a single step in a
given direction) and eight “move far” compass directions (i.e., the agent moves in
the specified direction until it runs into some entity). The 77 command actions
include eating, opening, kicking, reading, praying as well as many others. We refer
the reader to Appendix C.3 as well as to the NetHack Guidebook [142] for the
full table of actions and NetHack commands.

NLE comes with a Gym interface [22] and includes multiple pre-defined tasks with
different reward functions and action spaces (see next section and Appendix C.5
for details). We designed the interface to be lightweight, achieving competitive
speeds with Gym-based ALE (see Appendix C.4 for a rough comparison). Finally,
NLE also includes a dashboard to analyze NetHack runs recorded as terminal tty

recordings. This allows NLE users to analyze replays of the agent’s behavior at
an arbitrary speed and provides an interface to visualize action distributions and
game events (see Appendix C.8 for details). NLE is available under an open source
license at https://github.com/facebookresearch/nle.

5.1.3 Tasks

NLE aims to make it easy for researchers to probe the behavior of their agents by
defining new tasks with only a few lines of code, enabled by NetHack’s symbolic
observation space as well as its rich entities and environment dynamics. To
demonstrate that NetHack is a suitable testbed for advancing RL, we release
a set of initial tasks for tractable subgoals in the game: navigating to a staircase
down to the next level, navigating to a staircase while being accompanied by a pet,
locating and eating edibles, collecting gold, maximizing in-game score, scouting
to discover unseen parts of the dungeon, and finding the oracle. These tasks are
described in detail in Appendix C.5, and, as we demonstrate in our experiments,
lead to unique challenges and diverse behaviors of trained agents.

https://github.com/facebookresearch/nle
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5.1.4 Evaluation Protocol

We lay out a protocol and provide guidance for evaluating future work on NLE in
a reproducible manner. The overall goal of NLE is to train agents that can solve
NetHack. An episode in the full game of NetHack is considered solved if the agent
retrieves the Amulet of Yendor and offers it to its co-aligned deity in the Astral
Plane, thereby ascending to demigodhood. We declare NLE to be solved once agents
can be trained to consecutively ascend (ten episodes without retry) to demigodhood
on unseen seeds given a random role, race, alignment, and gender combination.
Since the environment is procedurally generated and stochastic, evaluating on held-
out unseen seeds ensures we test systematic generalization of agents. As of October
2020, NAO reports the longest streak of human ascensions on NetHack 3.6.x to be
61; the role, race, etc. are not necessarily randomized for these ascension streaks.
Since we believe that this goal is out of reach for machine learning approaches in
the foreseeable future, we recommend comparing models on the score task in the
meantime. Using NetHack’s in-game score as the measure for progress has caveats.
For example, expert human players can solve NetHack while minimizing the score
[see 121, “Score” entry, for details]. NAO reports ascension scores for NetHack 3.6.x
ranging from the low hundreds of thousands to tens of millions. Although we believe
training agents to maximize the in-game score is likely insufficient for solving the
game, the in-game score is still a sensible proxy for incremental progress on NLE as
it is a function of, among other things, the dungeon depth that the agent reached,
the number of enemies it killed, the amount of gold it collected, as well as the
knowledge it gathered about potions, scrolls, and wands.

When reporting results on NLE, we require future work to state the full character
specification (e.g., mon-hum-neu-mal), all NetHack options that were used (e.g.,
whether or not autopickup was used), which actions were allowed (see Table C.1),
which actions or action-sequences were hard-coded (e.g., engraving [see 121, “El-
bereth” as an example]) and how many different seeds were used during training.
We ask to report the average score obtained on 1000 episodes of randomly sampled
and previously unseen seeds. We do not impose any restrictions during training,
but at test time any save scumming (i.e., saving and loading previous checkpoints of
the episode) or manipulation of the random number generator [e.g., 4] is forbidden.
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Figure 5.3: Overview of the core architecture
of the baseline models released with NLE. A
larger version of this figure is displayed in
Figure C.7 in the appendix.
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5.1.5 Baseline Models

For our baseline models, we encode the multi-modal observation ot as follows. Let
the observation ot at time step t be a tuple (gt, zt) consisting of the 21× 79 matrix
of glyph identifiers and a 21-dimensional vector containing agent stats such as its
(x, y)-coordinate, health points, experience level, and so on. We produce three dense
representations based on the observation (see Figure 5.3). For every of the 5991
possible glyphs in NetHack (monsters, items, dungeon features, etc.), we learn a
k-dimensional vector embedding. We apply a ConvNet (red) to all visible glyph
embeddings as well as another ConvNet (blue) to the 9×9 crop of glyphs around the
agent to create a dedicated egocentric representation for improved generalization [74,
205]. We found this egocentric representation to be an important component during
preliminary experiments. Furthermore, we use an MLP to encode the hero’s stats
(green). These vectors are concatenated and processed by another MLP to produce
a low-dimensional latent representation ot of the observation. Finally, we employ a
recurrent policy parameterized by an LSTM [75] to obtain the action distribution.
For baseline results on the tasks above, we use a reduced action space that includes
the movement, search, kick, and eat actions.

For the main experiments, we train the agent’s policy for 1B steps in the
environment using IMPALA [49] as implemented in TorchBeast [99]. Throughout
training, we change NetHack’s seed for procedurally generating the environment
after every episode. To demonstrate NetHack’s variability based on the character
configuration, we train with four different agent characters: a neutral human male
monk (mon-hum-neu-mal), a lawful dwarf female valkyrie (val-dwa-law-fem), a
chaotic elf male wizard (wiz-elf-cha-mal), and a neutral human female tourist
(tou-hum-neu-fem). More implementation details can be found in Appendix C.6.

In addition, we present results using Random Network Distillation (RND) [24],
a popular exploration technique for Deep RL. As previously discussed, exploration
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techniques which require returning to previously visited states such as Go-Explore
are not suitable for use in NLE, but RND does not have this restriction. RND
encourages agents to visit unfamiliar states by using the prediction error of a fixed
random network as an intrinsic exploration reward, which has proven effective for
hard exploration games such as Montezuma’s Revenge [23]. The intrinsic reward
obtained from RND can create “reward bridges” between states which provide
sparse extrinsic environmental rewards, thereby enabling the agent to discover new
sources of extrinsic reward that it otherwise would not have reached. We replace the
baseline network’s pixel-based feature extractor with the symbolic feature extractor
described above for the baseline model, and use the best configuration of other RND
hyperparameters documented by the authors (see Appendix C.7 for full details).

5.2 Experiments and Results

We present quantitative results on the suite of tasks included in NLE using a standard
distributed Deep RL baseline and a popular exploration method, before additionally
analyzing agent behavior qualitatively. For each model and character combination,
we present results of the mean episode return over the last 100 episodes averaged
for five runs in Figure 5.5. We discuss results for individual tasks below (see
Table C.5 in the appendix for full details).

Staircase: Our agents learning to navigate the dungeon to the staircase > with a
success rate of 77.26% for the monk, 50.42% for the tourist, 74.62% for the valkyrie,
and 80.42% for the wizard. What surprised us is that agents learn to reliably kick
in locked doors. This is a costly action to explore as the agent loses health points
and might even die when accidentally kicking against walls. Similarly, the agent
has to learn to reliably search for hidden passages and secret doors. Often, this
involves using the search action many times in a row, sometimes even at many
locations on the map (e.g., around all walls inside a room). Since NLE is procedurally
generated, during training agents might encounter easier environment instances and
use the acquired skills to accelerate learning on the harder ones [145, 36]. With a
small probability, the staircase down might be generated near the agent’s starting
position. Using RND exploration, we observe substantial gains in the success rate
for the monk (+13.58pp), tourist (+6.52pp) and valkyrie (+16.34pp) roles, while
lower results for wizard roles (−12.96pp).
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Pet: Finding the staircase while taking care of the hero’s pet (e.g., the starting
kitten f or little dog d) is a harder task as the pet might get killed or fall into a
trap door, making it impossible for the agent to successfully complete the episode.
Compared to the staircase task, the agent success rates are generally lower (62.02%
for monk, 25.66% for tourist, 63.30% for valkyrie, and wizard 66.80%). Again, RND
exploration provides consistent and substantial gains.

Eat: This tasks highlights the importance of testing with different character classes
in NetHack. The monk and tourist start with a number edible items (e.g., food
rations %, apples % and oranges %). A sub-optimal strategy is to consume all of
these comestibles right at the start of the episode, potentially risking choking to
death. In contrast, the other roles have to hunt for food, which our agents learn to
do slowly over time for the valkyrie and wizard roles. By having more pressure to
quickly learn a sustainable food strategy, the valkyrie learns to outlast other roles
and survives the longest in the game (on average 1713 time steps). Interestingly,
RND exploration leads to consistently worse results for this task.

Gold: Locating gold $ in NetHack provides a relatively sparse reward signal. Still,
our agents learn to collect decent amounts during training and learn to descend to
deeper dungeon levels in search for more. For example, monk agents reach dungeon
level 4.2 on average for the CNN baseline and even 5.0 using RND exploration.

Score: As discussed in Section 5.1.4, we believe this task is the best candidate
for comparing future methods regarding progress on NetHack. However, it is
questionable whether a reward function based on NetHack’s in-game score is sufficient
for training agents to solve the game. Our agents average at a score of 748 for monk,
11 for tourist, 573 for valkyrie, and 314 for wizard, with RND exploration again
providing substantial gains (e.g. increasing the average score to 780 for monk). The
resulting agents explore much of the early stages of the game, reaching dungeon level
5.4 on average for the monk with the deepest descent to level 11 achieving a high
score of 4260 while leveling up to experience level 7 (see Table C.6 in the appendix).

Scout: The scout task shows a trend that is similar to the score task. Interestingly,
we observe a lower experience level and in-game score, but agents descend, on average,
similarly deep into the dungeon (e.g. level 5.5 for monk). This is sensible, since
a policy that avoids to fight monsters, thereby lowering the chances of premature
death, will not increase the in-game score as fast or level up the character as
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Figure 5.5: Mean return of the last 100 episodes averaged over five runs.

quickly, thus keeping the difficulty of spawned monsters low. We note that delaying
to level up in order to avoid encountering stronger enemies early in the game is
a known strategy human players adopt in NetHack [e.g. 121, “Why do I keep
dying?” entry, January 2019 version].

Oracle: None of our agents find the Oracle @ (except for one lucky valkyrie
episode). Locating the Oracle is a difficult exploration task. Even if the agent
learns to make its way down the dungeon levels, it needs to search many, potentially
branching, levels of the dungeon. Thus, we believe this task serves as a challenging
benchmark for exploration methods in procedurally generated environments in the
short term. Long term, many tasks harder than this (e.g., reaching Minetown,
Mines’ End, Medusa’s Island, The Castle, Vlad’s Tower, Moloch’s Sanctum etc.)
can be easily defined in NLE with very few lines of code.

5.2.1 Generalization Analysis

Akin to [36], we evaluate agents trained on a limited set of seeds while still testing
on 100 held-out seeds. We find that test performance increases monotonically
with the size of the set of seeds that the agent is trained on. Figure 5.4 shows
this effect for the score and staircase tasks. Training only on a limited number
of seeds leads to high training performance, but poor generalization. The gap
between training and test performance becomes narrow when training with at least
1000 seeds, indicating that at that point agents are exposed to sufficient variation
during training to make memorization infeasible. We also investigate how model
capacity affects performance by comparing agents with five different hidden sizes
for the final layer (of the architecture described in Section 5.1.5). Figure C.2 in the
appendix shows that increasing the model capacity improves results on the score
but not on the staircase task, indicating that it is an important hyperparameter
to consider, as also noted by [36].
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5.2.2 Qualitative Analysis

We analyse the cause for death of our agents during training and present results
in Figure C.4 in the appendix. We notice that starvation and traps become a less
prominent cause of death over time, most likely because our agents, when starting
to learn to descend dungeon levels and fight monsters, are more likely to die in
combat before they starve or get killed by a trap. In the score and scout tasks, our
agents quickly learn to avoid eating rotten corpses, but food poisoning becomes
again prominent towards the end of training.

We can see that gnome lords G, gnome kings G, chameleons :, and even mind
flayers h become a more prominent cause of death over time, which can be explained
with our agents leveling up and descending deeper into the dungeon. Chameleons
are a particularly interesting entity in NetHack as they regularly change their form
to a random animal or monster, thereby adversarially confusing our agent with
rarely seen symbols for which it has not yet learned a meaningful representation
(similar to unknown words in natural language processing). We release a set of
high-score recordings of our agents (see Appendix C.10 on how to view them
via a browser or terminal).

5.3 Related Work

Progress in RL has historically been achieved both by algorithmic innovations as
well as development of novel environments to train and evaluate agents. Below,
we review recent RL environments and delineate their strengths and weaknesses
as testbeds for current methods and future research.

Recent Game-Based Environments: Retro video games have been a major
catalyst for Deep RL research. ALE [15] provides a unified interface to Atari
2600 games, which enables testing of RL algorithms on high-dimensional visual
observations quickly and cheaply, resulting in numerous Deep RL publications
over the years [7]. The Gym Retro environment [122] expands the list of classic
games, but focuses on evaluating visual generalization and transfer learning on
a single game, Sonic The Hedgehog.

Both StarCraft: BroodWar and StarCraft II have been successfully employed as
RL environments [172, 191] for research on, for example, planning [120], multi-agent
systems [55, 150], imitation learning [55], and model-free reinforcement learning [190].
However, the complexity of these games creates a high entry barrier both in terms
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of computational resources required as well as intricate baseline models that require
a high degree of domain knowledge to be extended.

3D games have proven to be useful testbeds for tasks such as navigation and
embodied reasoning. Vizdoom [90] modifies the classic first-person shooter game
Doom to construct an API for visual control; DeepMind Lab [11] presents a game
engine based on Quake III Arena to allow for the creation of tasks based on the
dynamics of the original game; Project Malmo [81], MineRL [64] and CraftAssist [77]
provide visual and symbolic interfaces to the popular Minecraft game. While
Minecraft is also procedurally generated and has complex environment dynamics
that an agent needs to learn about, it is much more computationally demanding
than NetHack (see Table C.4 in the appendix). As a consequence, the focus has
been on learning from demonstrations [64].

More recent work has produced game-like environments with procedurally
generated elements, such as the Procgen Benchmark [36], MazeExplorer [65], and
the Obstacle Tower environment [84]. However, we argue that, compared to NetHack
or Minecraft, these environments do not provide the depth likely necessary to serve
as long-term RL testbeds due to limited number of entities and environment
interactions that agents have to learn to master. In contrast, NetHack agents
have to acquire knowledge about complex environment dynamics of hundreds of
entities (dungeon features, items, monsters etc.) to do well in a game that humans
often take years of practice to solve.

In conclusion, none of the current benchmarks combine a fast simulator with a
procedurally generated environment, a hard exploration problem, a wide variety
of complex environment dynamics, and numerous types of static and interactive
entities. The unique combination of challenges present in NetHack makes NLE
well-suited for driving research towards more general and robust RL algorithms.

Roguelikes as Reinforcement Learning Testbeds: We are not the first to
argue for roguelike games to be used as testbeds for RL. Asperti et al. [8] present an
interface to Rogue, the very first roguelike game and one of the simplest roguelikes
in terms of game dynamics and difficulty. They show that policies trained with
model-free RL algorithms can successfully learn rudimentary navigation. Similarly,
Kanagawa and Kaneko [89] present an environment inspired by Rogue that provides
a parameterizable generation of Rogue levels. Like us, Dannenhauer et al. [42]
argue that roguelike games could be a useful RL testbed. They discuss the roguelike
game Dungeon Crawl Stone Soup, but their position paper provides neither an RL
environment nor experiments to validate their claims.
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Most similar to our work is gym_nethack [27, 28], which offers a Gym environ-
ment based on NetHack 3.6.0. We commend the authors for introducing NetHack
as an RL environment, and to the best of our knowledge they were the first to
suggest the idea. However, there are several design choices that limit the impact
and longevity of their version as a research testbed. First, they heavily modified
NetHack to enable agent interaction. In the process, gym_nethack disables various
crucial game mechanics to simplify the game, its environment dynamics, and the
resulting optimal policies. This includes removing obstacles like boulders, traps,
and locked doors as well as all item identification mechanics, making items much
easier to employ and the overall environment much closer to its simpler predecessor,
Rogue. Additionally, these modifications tie the environment to a particular version
of the game. This is not ideal as (i) players tend to use new versions of the game
as they are released, hence, publicly available human data becomes progressively
incompatible, thereby limiting the amount of data that can be used for learning
from demonstrations; (ii) older versions of NetHack tend to include well-documented
exploits which may be discovered by agents (see Appendix C.9 for exploits used
in programmatic bots). In contrast, NLE is designed to make the interaction with
NetHack as close as possible to the one experienced by humans playing the full
game. NLE is the only environment exposing the entire game in all its complexity,
allowing for larger-scale experimentation to push the boundaries of RL research.

5.4 Conclusion and Future Work

The NetHack Learning Environment is a fast, complex, procedurally generated
environment for advancing research in RL. We demonstrate that current state-of-
the-art model-free RL serves as a sensible baseline, and we provide an in-depth
analysis of learned agent behaviors.

NetHack provides interesting challenges for exploration methods given the
extremely large number of possible states and wide variety of environment dynamics
to discover. Previously proposed formulations of intrinsic motivation based on
seeking novelty [14, 129, 24] or maximizing surprise [134, 23, 139] are likely
insufficient to make progress on NetHack given that an agent will constantly
find itself in novel states or observe unexpected environment dynamics. NetHack
poses further challenges since, in order to win, an agent needs to acquire a wide
range of skills such as collecting resources, fighting monsters, eating, manipulating
objects, casting spells, or taking care of their pet, to name just a few. The multilevel
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dependencies present in NetHack could inspire progress in hierarchical RL and long-
term planning [44, 86, 132, 189]. Transfer to unseen game characters, environment
dynamics, or level layouts can be evaluated [182]. Furthermore, its richness and
constant challenge make NetHack an interesting benchmark for lifelong learning
[107, 131, 147, 112]. In addition, the extensive documentation about NetHack can
enable research on using prior (natural language) knowledge for learning, which
could lead to improvements in generalization and sample efficiency [21, 110, 209,
79]. Lastly, NetHack can also drive research on learning from demonstrations [1,
5] since a large collection of replay data is available. In sum, we argue that the
NetHack Learning Environment strikes an excellent balance between complexity
and speed while encompassing a variety of challenges for the research community.

For future versions of the environment, we plan to support NetHack 3.7 once
it is released, as it will further increase the variability of observations via Themed
Rooms. This version will also introduce scripting in the Lua language, which
we will leverage to enable users to create their custom sandbox tasks, directly
tapping into NetHack and its rich universe of entities and their complex interactions
to define custom RL tasks.

5.5 Broader Impact

To bridge the gap between the constrained world of video and board games, and the
open and unpredictable real world, there is a need for environments and tasks which
challenge the limits of current Reinforcement Learning (RL) approaches. Some
excellent challenges have been put forth over the years, demanding increases in
the complexity of policies needed to solve a problem or scale needed to deal with
increasingly photorealistic, complex environments. In contrast, our work seeks to be
extremely fast to run while still testing the generalization and exploration abilities
of agents in an environment which is rich, procedurally generated, and in which
reward is sparse. The impact of solving these problems with minimal environment-
specific heuristics lies in the development of RL algorithms which produce sample
efficient, robust, and general policies capable of more readily dealing with the
uncertain and changing dynamics of “real world” environments. We do not solve
these problems here, but rather provide the challenge and the testbed against such
improvements can be produced and evaluated.

Auxiliary to this, and in line with growing concerns that progress in Deep RL is
more the result of industrial labs having privileged access to the resources required
to run environments and agents on a massive scale, the environment presented
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here is computationally cheap to run and to collect data in. This democratizes
access for researchers in more resource-constrained labs, while not sacrificing the
difficulty and richness of the environment. We hope that as a result of this, and
of the more general need to develop sample-efficient agents with fewer data, the
environmental impact of research using our environment will be reduced compared
to more visually sophisticated ones.
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In this dissertation we investigated a variety of sequential decision making
problems and their solutions, focusing on topics ranging from different kinds of
multi-agent learning to straight-up policy optimisation. The one common link to
all this work is the willlingness to benchmark state of the art algorithms on what
most RL researchers would consider to be hard environments.

To start with, we discovered that Multi-Agent RL has fundamental issues that
need to be resolved when attempting to transition classic algorithms to the world
of Deep Learning. We did so by conjuring up a complex multi-agent problem based
on the hardest environment we could find, StarCraft unit micromanagement and by
relentlessly trying to make agents learn and work on its various variants. We learnt
that value-based DRL that employs experience replay buffers is subject to theoreti-
cally show-stopping non-stationarity, which can be alleviated by doing importance
sampling on the experiences, and augmenting them with knowledge about when they
were produced. We developed actor-critic methods that closely follow the old-school
idea of centralised learning and decentralised execution, providing a partial solution
to the problem of multi-agent credit assignment in a cooperative setting. We then
took all the knowledge we learnt during this process, and created a benchmark to let
the community contribute to this problem. At the time of writing this dissertation,
these papers have accrued over one thousand citations, countless of direct follow-up
work on multi-agent RL (most of which benchmarked on SMAC!), and have pushed
the community to new directions. I am incredibly proud of this work.

Armed with hope and optimism, we took the micromanagement problem,
adapted it to focus on a single unit, and we set out to figure out how to push
the state of the art in differentiable planning models by reformulating VIN and
producing VProp and MVProp. These models have struggled to remain relevant
in the face of a community focused on creating the next best high-cost, academia-
unfriendly, forest-burning policy learning system, but they lay down the foundations
for what is next to come after we all collectively look in front of us and notice the
sheer madness lies ahead. I highly suspect these low-level differentiable planners
will become more and more common as end-to-end robotics picks up steam and
architectures struggle to scale beyond a few skill spaces.

And, finally, using the gained experience gathered with SMAC and the rest of the
StarCraft work, we searched and found a new environment that could provide the
next exciting target for the community and ourselves: NetHack. I strongly believe
the NetHack Learning Environment to be a great (almost as-good-as-it-gets right
now) intersection between an extremely familiar problem – the classic gridworld
– and wildly challenging learning and planning problem to solve, the kind that
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makes researchers want to get out of bed and get their tensor accelerators firing
up at full steam. I very much believe that NetHack makes the first of the next
generation of RL grand-challenges that will help us develop more interpretable,
structured, hierarchical agents that can deal with lifelong learning assumptions in
very harsh adversarial settings. There are however all problems that still remain
absolutely open to further investigation:

• Our multi-agent settings were both fairly unstructured and relatively abstract
compared to real-life interactive settings. With the community making first
steps to figure out ways of making inter-agent communication work, there exist
huge opportunities ahead in terms of what a truly human-robot-interaction-
ready multi-agent RL framework should look like. There exist nascent steps
to create benchmarks and propose early frameworks to achieve basic real-life
properties of the multi-agent problem that are extremely interesting and
exciting, but nothing has managed to raise above the pack yet in a significant
manner. Not to mention that the way we train our methods don’t really scale
past a handful of agents, so we will need to find ways to deal with this issue,
or incorporate more sophisticated models of other agents.

• Our work on Value Propagation Networks strongly calls for a hierarchical
controller to just use them and finally solve basic skill learning in robotic
settings. There have been attempts to do this in a limited manner [34, 30,
201], but we are only at the very beginning of this process. Exciting real-life
robotic challenges are being developed as we write this dissertation, and they
are only waiting to be tackled in a general and effective way.

• A mental point that I made early in my doctoral life but that I properly
ended up appreciating only in the later phases is that that Reinforcement
Learning has a culture that makes it particularly challenging to benchmark
and evalute algorithms with fair methodology. The field is moving fast and
loose, with thousands of papers being published every year, the majority of
which are not clearly comparable with each other, and most certainly not
reproducible in any reasonable manner [72, 60]. Community efforts in the
NLP and computer vision communities have managed to reign their own
chaos, and are beginning to have well structured qualitative and quantitative
benchmarking. This is something that the RL community still needs to focus
on, and it is imperative that we do so as soon as possible if we want to avoid
wasting thousands of people-years on research that neither matters nor is
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at all scientific. Creating and curating useful benchmarks like NetHack is
a great way of getting started, but we should also better understand the
dynamics of RL research and directly improve it through meta-research efforts.
Fortunately some initial calls for action are beginning to appear, e.g. [2, 136,
59], and the community is gradually becoming more aware of the issue. Time
will tell.
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A
Deep Multi-Agent Reinforcement Learning

A.1 The StarCraft Multi-Agent Challenge

A.1.1 Experimental Setup
A.1.1.1 Architecture and Training

The architecture of all agent networks is a DRQN[69] with a recurrent layer comprised
of a GRU with a 64-dimensional hidden state, with a fully-connected layer before
and after. Exploration is performed during training using independent ϵ-greedy
action selection, where each agent a performs ϵ-greedy action selection over its own
Qa. Throughout the training, we anneal ϵ linearly from 1.0 to 0.05 over 50k time
steps and keep it constant for the rest of the learning. We set γ = 0.99 for all
experiments. The replay buffer contains the most recent 5000 episodes. We sample
batches of 32 episodes uniformly from the replay buffer, and train on fully unrolled
episodes, performing a single gradient descent step after every episode. Note: This
differs from the earlier an earlier beta release of SMAC, which trained once after
every 8 episodes. The target networks are updated after every 200 training episodes.

To speed up the learning, we share the parameters of the agent networks across
all agents. Because of this, a one-hot encoding of the agent_id is concatenated
onto each agent’s observations. All neural networks are trained using RMSprop1

with learning rate 5 × 10−4.
The mixing network consists of a single hidden layer of 32 units, utilising an

ELU non-linearity. The hypernetworks consist of a feedforward network with a
1We set α = 0.99 and do not use weight decay or momentum.

95



96 A.1. The StarCraft Multi-Agent Challenge

single hidden layer of 64 units with a ReLU non-linearity2. The output of the
hypernetwork is passed through an absolute function (to acheive non-negativity)
and then resized into a matrix of appropriate size.

The architecture of the COMA critic is a feedforward fully-connected neural
network with the first 2 layers having 128 units, followed by a final layer of |U |
units. We set λ = 0.8. We utilise the same ϵ-floor scheme as in [54] for the agents’
policies, linearlly annealing ϵ from 0.5 to 0.01 over 100k timesteps. For COMA
we roll-out 8 episodes and train on those episodes. The critic is first updated,
performing a gradient descent step for each timestep in the episode, starting with
the final timestep. Then the agent policies are updated by a single gradient descent
step on the data from all 8 episodes.

The architecture of the centralised Q for QTran is similar to the one used in
[162]. The agent’s hidden states (64 units) are concatenated with their chosen
action (|U | units) and passed through a feedforward network with a single hidden
layer and a ReLU non-linearity to produce an agent-action embedding (64 + |U |
units). The network is shared across all agents. The embeddings are summed
across all agents. The concatentation of the state and the sum of the embeddings
is then passed into the Q network. The Q network consists of 2 hidden layers
with ReLU non-linearities with 64 units each. The V network takes the state
as input and consists of 2 hidden layers with ReLU non-linearities with 64 units
each. We set λopt = 1 and λnopt_min = 0.1.

We also compared a COMA style architecture in which the input to Q is the state
and the joint-actions encoded as one-hot vectors. For both architectural variants we
also tested having 3 hidden layers. For both network sizes and architectural variants
we performed a hyperparameter search over λopt = 1 and λnopt_min ∈ {0.1, 1, 10} on
all 3 of the maps we tested QTran on and picked the best performer out of all configs.

A.1.1.2 Reward and Observation

All experiments use the default shaped rewards throughout all scenarios. At each
timestep, agents receive positive rewards, equal to the hit-point damage dealt,
and bonuses of 10 and 200 points for killing each enemy unit and winning the
scenario, respectively. The rewards are scaled so that the maximum cumulative
reward achievable in each scenario is around 20.

The agent observations used in the experiments include all features from Section
3.4.2, except for the he last actions of the allied units (within the sight range),
terrain height and walkability.

2This differs from the architecture used in [140] and in an earlier beta release of SMAC, in
which a single linear layer was used for the hypernetworks.
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A.1.2 Table of Results

Table A.1 shows the final median performance (maximum median across the testing
intervals within the last 250k of training) of the algorithms tested. The mean test
win %, across 1000 episodes, for the heuristic-based ai is also shown.

Table A.1: The Test Win Rate % of IQL, COMA, VDN, QMIX and the heuristic-based
algorithm.

IQL COMA VDN QMIX Heuristic

2s_vs_1sc 100 98 100 100 0
2s3z 75 43 97 99 90
3s5z 10 1 84 97 42

1c3s5z 21 31 91 97 81
10m_vs_11m 34 7 97 97 12
2c_vs_64zg 7 0 21 58 0

bane_vs_bane 99 64 94 85 43
5m_vs_6m 49 1 70 70 0
3s_vs_5z 45 0 91 87 0

3s5z_vs_3s6z 0 0 2 2 0
6h_vs_8z 0 0 0 3 0

27m_vs_30m 0 0 0 49 0
MMM2 0 0 1 69 0
corridor 0 0 0 1 0

A.1.3 Evaluation Methodology

We propose the following methodology for evaluating MARL methods using SMAC.
To ensure the fairness of the challenge and comparability of results, performances

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

SMAC restricts the execution of the trained models to be decentralised, i.e.,
during testing each agent must base its policy solely on its own action-observation



98 A.1. The StarCraft Multi-Agent Challenge

history and cannot use the global state or the observations of other agents. It
is, however, acceptable to train the decentralised policies in centralised fashion.
Specifically, agents can exchange individual observations, model parameters and
gradients during training as well as make use of the global state.

A.1.3.1 Evaluation Metrics

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

It can prove helpful to other researchers to include the computational resources
used, and the wall clock time for running each experiment. SMAC provides
functionality for saving StarCraft II replays, which can be viewed using a freely
available client. The resulting videos can be used to comment on interesting
behaviours observed.

A.1.3.2 Scenarios

Perhaps the simplest scenarios are symmetric battle scenarios, where the two
armies are composed of the same units. Such challenges are particularly interesting
when some of the units are extremely effective against others (this is known as
countering), for example, by dealing bonus damage to a particular armour type. In
such a setting, allied agents must deduce this property of the game and design an
intelligent strategy to protect teammates vulnerable to certain enemy attacks.

SMAC also includes more challenging scenarios, for example, in which the enemy
army outnumbers the allied army by one or more units. In such asymmetric
scenarios it is essential to consider the health of enemy units in order to effectively
target the desired opponent.

Lastly, SMAC offers a set of interesting micro-trick challenges that require
a higher-level of cooperation and a specific micro trick to defeat the enemy. An
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example of such scenario is the corridor scenario (Figure 3.8c). Here, six friendly
Zealots face 24 enemy Zerglings, which requires agents to make effective use of the
terrain features. Specifically, agents should collectively wall off the choke point
(the narrow region of the map) to block enemy attacks from different directions.
The 3s_vs_5z scenario features three allied Stalkers against five enemy Zealots
(Figure 3.8b). Since Zealots counter Stalkers, the only winning strategy for the
allied units is to kite the enemy around the map and kill them one after another.
Some of the micro-trick challenges are inspired by StarCraft Master challenge
missions released by Blizzard [185].

A.1.3.3 Environment Setting

SMAC makes use of the StarCraft II Learning Environment (SC2LE) [192] to
communicate with the StarCraft II engine. SC2LE provides full control of the game
by making it possible to send commands and receive observations from the game.
However, SMAC is conceptually different from the RL environment of SC2LE. The
goal of SC2LE is to learn to play the full game of StarCraft II. This is a competitive
task where a centralised RL agent receives RGB pixels as input and performs both
macro and micro with the player-level control similar to human players. SMAC,
on the other hand, represents a set of cooperative multi-agent micro challenges
where each learning agent controls a single military unit.

SMAC uses the raw API of SC2LE. Raw API observations do not have any
graphical component and include information about the units on the map such
as health, location coordinates, etc. The raw API also allows sending action
commands to individual units using their unit IDs. This setting differs from
how humans play the actual game, but is convenient for designing decentralised
multi-agent learning tasks.

Furthermore, to encourage agents to explore interesting micro strategies them-
selves, we limit the influence of the StarCraft AI on our agents. In the game of
StarCraft II, whenever an idle unit is under attack, it automatically starts a reply
attack towards the attacking enemy units without being explicitly ordered. We
disable such automatic replies towards the enemy attacks or enemy units that are
located closely by creating new units that are the exact copies of existing ones with
two attributes modified: Combat: Default Acquire Level is set to Passive (default
Offensive) and Behaviour: Response is set to No Response (default Acquire). These
fields are only modified for allied units; enemy units are unchanged.
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The sight and shooting range values might differ from the built-in sight or range
attribute of some StarCraft II units. Our goal is not to master the original full Star-
Craft II game, but rather to benchmark MARL methods for decentralised control.

The game AI is set to level 7, very difficult. Our experiments, however,
suggest that this setting does significantly impact the unit micromanagement
of the built-in heuristics.



B
Value Propagation Networks

B.1 More general graph structures

VIN and VProp are, in their most general formulation, applicable to any graph-
structured input. They ultimately belong to the general class of graph convolutional
neural networks, and several variations of the value iteration modules specifically
tailored to non-regular graph structures have been proposed (see e.g., Niu et al.
[123]). The three equations for VProp (Sections 4.3.2, 4.3.1) are applicable to
any graph structure, as long as there is a one-to-one mapping between nodes in
the neighborhood of the current position and actions (which is usually the case in
navigation problems). Our work focuses on the simplest possible parametrization
that is relevant in many navigation and pathfinding scenarios, while for more general
graph structures, even assuming a deterministic model, the term pi,jv

(k−1)
i′,j′ should be

extended into pi,j,i′,j′v
(k−1)
i′,j′ to account for the edge weight between i, j and i′, j′. For

regular graph structures such as 2D grids, this can be included in the embedding
function Φ, which outputs not just one parameter for each position but as many
parameters as the neighborhood size. Other possibilities include using an attention
mechanism for graph-convolutional neural networks in place of p (see e.g., Tamar
et al. [176, section 4.4]). In such case, our method differs from the original VIN
purely by the parametrization of the reward and the focus on the deterministic
models, which we believe are relevant in navigation problems.
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B.2 Agent setup

All the models and agent code was implemented in PyTorch [133], and will be made
available upon acceptance together with the environments. Most of the agents tested
shared learning hyperparameters fitted to the VIN baseline to make comparison
as fair as possible, and were validated using more than 5 random seeds across all
our experiments. The second term in the ϕt1 update is supposed to play the role of
TRPO-like regularization as implemented in [193], where they use probabilities of
an average model instead of the previous probabilities. We implemented an n-step
memory replay buffer, observing that keeping only the last 50000 transitions (to
avoid trying to fit predictions of a bad model) worked well on our tasks. In all
our experiments we used RMSProp rather than plain SGD, with relative weights
λ = η = 100.0η′. We also used a learning rate to 0.001 and mini-batch size of
128, with learning updates set at a frequency of 32 steps. We tested reasonable
ranges for all these hyperparameters, but observed no relative significant changes
when cross-validated over multiple seeds for most of them.

B.3 MazeBase setup

The agents were tasked to navigate the maze as fast as possible, as total cost
increased with time since noop actions were not allowed. Episodes terminated
whenever the agent would take any illegal action such as hitting a wall, or when the
maximum number of steps (set to roughly three times the length of the shortest
path) would be reached. All entites were set with discrete collision boundaries
corresponding to the featurised observation. The environments were also constrained
so that only one entity could be present in any given cell at time t. Unless specified
otherwise, attempting to walk into walls would yield a reward of −1, any valid
movement would provide a reward of −0.01 × f(at, st), where f(a, s) is the cost
of moving in the direction specified by action a in state s, and reaching the goal
would give a positive reward of 1 to the agent. In our experiments we define f

as the L2 distance between the agent position at state st, and the one at st+1, to
adjust for the real cost of moving diagonally.

For all static experiments, the ratio of un-walkable blocks over total space was
fixed to 30%, and the blocks were sampled uniformly within the space, unless
specified otherwise. This setting provided environments of decent difficulty, with
chunky obstacles as well as harder, more narrow paths. Dynamic environments
used different ratios of blocks (and other entities) vs walkable surface: avalanche
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VIN VProp MVProp VIN VProp MVProp
maps win rate distance to optimal path

v16x16 63.6% ± 13.2% 94.4% ± 5.6% 100% 0.2 ± 0.2 0.2 ± 0.2 0.0 ± .0
32×32 15.6% ± 5.3% 68.8% ± 27.2% 100% 0.8 ± 0.3 0.4 ± 0.3 0.0 ± .0
64×64 4.0% ± 4.1% 53.2% ± 31.8% 100% 1.5 ± 0.4 0.5 ± 0.4 0.0 ± .0

Table B.1: Average performance at the end of training of all tested models on the static
grid-worlds with 90% confidence value, across 5 different training runs (with random
seeding). v16x16 correspond to the maps sampled from VIN’s 16x16 grid test dataset,
while the rest of the maps are sampled uniformly from our generator using the same
parameters employed at training time. The distance to the optimal path is averaged only
for successful episodes.

environments filled between 20% and 30% of the surface with "falling" entities,
enemies only spawned 10% (rounded to the bigger integer) of the surface with
adversarial agents running A*, while mixed environments employed the same amount
of adversarial agents with the addition of static and stochastic entities (with and
ϵ-greedy stochastic policy) making up for 10% of the surface area, for a total
of roughly 20% occupied blocks.

Our VIN models were based off the architecture employed by Tamar et al. [176]
in their grid-world experiments, which we used to also build VProp and MVProp
models. The only significant difference between the models (beyond the number
of maps used in the recurrency) consisted in VProp and MVProp using 8 input
filters and unpadded convolutions. Note that we tested our VIN models using the
same setup and saw no significant difference in these tests either.

B.4 StarCraft setup

As TorchCraft by default runs at a very high framerate, we had to set the amount
of skipped frames to 15, to allow us to be able to see relevant changes in the
environment after each step; this is roughly double compared to other work done on
the same platform [188, 55]. The rest of the environment parameters were kept to
the default values. All entities were spawned in a similar fashion to the grid-world
experiments, with an additional minimal constraint based on each entity’s pixel size.
At training time we employed a fixed max-distance curriculum to gradually increase
the distance between spawned goal and agent, however we also prevented enemies
from spawning during the first 500 episodes so as to allow the stochastic policy to
quickly condition on the goal. Without this particular change in the curriculum
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setting we found learning to be generally more unstable, since the stochastic policy
would need to naturally luck out. This could have been fixed by utilising a better
exploration strategy, but we considered it outside the scope of this work.

We used a fixed 8x downsampling operator to reduce the size of the raw
observation of 480x360 pixels to 60x45. Based on the experiment, this downsampled
observation was then either fully featurised in a grid-world fashion, or transformed
into greyscale (as it is typically done in other deep reinforcment learning experi-
mental settings). We increased the capacity of the models by adding 2 additional
convolutional layers with 32 filters and 7x7 and 5x5 kernels, and max-pooling
layers with stride and extent equal to 2 to further reduce the dimensionality
before the recurrent step.



C
The NetHack Learning Environment

C.1 Further Details on NetHack

Character options The player may choose (or pick randomly) the character from
thirteen roles (archaeologist, barbarian, cave(wo)man, healer, knight, priest(ess),
ranger, rogue, samurai, tourist, valkyrie, and wizard), five races (human, elf, dwarf,
gnome, and orc), three moral alignments (neutral, lawful, chaotic), and two genders
(male or female). Each choice determines some of the character’s features, as well
as how the character interacts with other entities (e.g., some species of monsters
may not be hostile depending on the character race; priests of a particular deity
may only help religiously aligned characters).

The hero’s interaction with several game entities involves pre-defined stochastic
dynamics (usually defined by virtual dice tosses), and the game is designed to heavily
punish careless exploration policies.1 This makes NetHack an ideal environment
for evaluating exploration methods such as curiosity-driven learning [134, 23] or
safe reinforcement learning [58].

Learning and planning in NetHack involves dealing with partial observability.
The game, by default, employs Fog of War to hide information based on a simple
2D light model (see for example the difference between white . and gray . room
tiles in Figure 5.1 or Figure C.6), requiring the player not only to discover the
topology of the level (including searching for hidden doors and passages), but to
also condition their policy on a world that might change, e.g., due to monsters
spawning and interacting outside of the visible range.

1Occasionally dying because of simple, avoidable mistakes is so common in the game that the
online community has defined an acronym for it: Yet Another Stupid Death (YASD).
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On top of the standard ASCII interface, NetHack supports many official and
unofficial graphical user interfaces. Figure C.1 shows a screenshot of Lu Wang’s
BrowserHack2 as an example.

Figure C.1: Screenshot of BrowserHack showing NetHack with a graphical user interface.

Conducts While winning NetHack by retrieving and ascending with the Amulet
of Yendor is already immensely challenging, experienced NetHack players like to
challenge themselves even more by imposing additional restrictions on their play.
The game tracks some of these challenges with the #conduct command [142]. These
official challenges include eating only vegan or vegetarian food, or not eating at
all, or playing the game in “pacifist” mode without killing a single monster. While
very experienced players often try to adhere to several challenges at once, even
moderately experienced players often limit their use of certain polymorph spells
(e.g., “polypiling”—changing the form of several objects at once in the hope of
getting better ones) or they try to beat the game while minimizing the in-game

2Playable online at https://coolwanglu.github.io/BrowserHack/

https://coolwanglu.github.io/BrowserHack/
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score. We believe this established set of conducts will supply the RL community
with a steady stream of extended challenges once the standard NetHack Learning
Environment is solved by future methods.

C.2 Observation Space

The Gym environment is implemented by wrapping a more low-level NetHack
Python object into a Python class responsible for the featurization, reward schedule
and end-of-episode dynamics. While the low-level NetHack object gives access
to a large number of NetHack game internals, the Gym wrapper exposes by
default only a part of this data as numerical observation arrays, namely the
observation tensors glyphs, chars, colors, specials, blstats, message, inv_glyphs,
inv_strs, inv_letters, and inv_oclasses.

Glyphs, Chars, Colors, Specials: NetHack supports non-ASCII graphical
user interfaces, dubbed window-ports (see Figure C.1 for an example). To support
displaying different monsters, objects and floor types in the NetHack dungeon map as
different tiles, NetHack internally defines glyphs as ids in the range 0, . . . , MAX_GLYPH,
where MAX_GLYPH = 5991 in our build3. The glyph observation is an integer array
of shape (21, 79) of these game glyph ids.4 In NetHack’s standard terminal-based
user interface, these glyphs are mapped into ASCII characters of different colors
which we return as the chars, colors, and specials observations, both all which
are of shape (21, 79); chars are ASCII bytes in the range 0, . . . , 127 wheras colors
are in range 0, . . . , 15. For additional highlighting (e.g., flipping background and
foreground colors for the hero’s pet), NetHack also computes xor’ed values which
we return as the specials tensor.

Blstats: “Bottom line statistics”, a integer vector of length 25, containing the
(x, y) coordinate of the hero and the following 23 character stats that typically
appear in the bottom line of the ASCII interface: strength_percentage, strength,
dexterity, constitution, intelligence, wisdom, charisma, score, hitpoints,

3The exact number of monsters in NetHack depends on compile-time options as well as the
target operating system. For instance, the mail daemon & is only available on Unix-like operating
systems, where it delivers email in the form of a NetHack scroll if the system is configured to host
a Unix mailbox.

4NetHack’s set of glyph ids is not necessarily well suited for machine learning. For example,
more than half of all glyph ids are of type “swallow”, most of which are guaranteed not to show
up in any actual game of NetHack. We provide additional tooling to determine the type of a given
glyph id to process this observation further.
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max_hitpoints, depth, gold, energy, max_energy, armor_class, monster_level,
experience_level, experience_points, time, hunger_state, carrying_capacity,
dungeon_number, and level_number.

Message: A padded byte vector of length 256 representing the current message
shown to the player, normally displayed in the top area of the GUI. We support
different padding strategies and alphabet sizes, but by default we choose an alphabet
size of 96, where the last character is used for padding.

Inventory: In NetHack’s default ASCII user interface, the hero’s inventory can
be opened and closed during the game. Other user interfaces display a permanent
inventory at all times. NLE follows that strategy. The inventory observations consist
of the following four arrays: inv_glyphs: an integer vector of length 55 of glyph
ids, padded with MAX_GLYPH; inv_strs: A padded byte array of shape (55, 80)
describing the inventory items; inv_letters: A padded byte vector of length 55 with
the corresponding ASCII character symbol; inv_oclasses: An integer vector of shape
55 with ids describing the type of inventory objects, padded with MAXOCLASSES = 18.

The low-level NetHack Python object has some additional methods to query
and modify NetHack’s game state, e.g. the current RNG seeds. We refer to the
source code to describe these.5

C.3 Action Space

The game of NetHack uses ASCII inputs, i.e., individual keyboard presses including
modifiers like Ctrl and Meta. NLE pre-defines 98 actions, 16 of which are compass
directions and 82 of which are command actions. Table C.1 gives a list of command
actions, including their ASCII value and the corresponding key binding in NetHack,
while Table C.3 lists the 16 compass directions. For a detailed description of these
actions, as well as other NetHack commands, we refer the reader to the NetHack
guide book [142]. Not all actions are sensible for standard RL training on NLE. E.g.,
the version or quit actions are unlikely to be useful for direct input from the
agent. NLE defines a list of USEFUL_ACTIONS that includes a subset of 76 actions;
however, what is useful depends on the circumstances. In addition, even though an
action like save is unlikely to be useful in most game situations it corresponds to
the letter S, which may be assigned to an inventory item or some other in-game
menu entry such that it does become a useful action in that context.

5See, e.g., the nethack.py as well as pynethack.cc files in the NLE repository.
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By default, NLE will auto-apply the more action in situations where the game
waits for input to display more messages.

Table C.1: Command actions.6

Name Value Key Description

extcmd 35 # perform an extended command
extlist 191 M-? list all extended commands
adjust 225 M-a adjust inventory letters
annotate 193 M-A name current level
apply 97 a apply (use) a tool (pick-axe, key, lamp...)
attributes 24 C-x show your attributes
autopickup 64 @ toggle the pickup option on/off
call 67 C call (name) something
cast 90 Z zap (cast) a spell
chat 227 M-c talk to someone
close 99 c close a door
conduct 195 M-C list voluntary challenges you have maintained
dip 228 M-d dip an object into something
down 62 > go down (e.g., a staircase)
drop 100 d drop an item
droptype 68 D drop specific item types
eat 101 e eat something
esc 27 C-[ escape from the current query/action
engrave 69 E engrave writing on the floor
enhance 229 M-e advance or check weapon and spell skills
fire 102 f fire ammunition from quiver
fight 70 F Prefix: force fight even if you don’t see a monster
force 230 M-f force a lock
glance 59 ; show what type of thing a map symbol corresponds to
help 63 ? give a help message
history 86 V show long version and game history
inventory 105 i show your inventory
inventtype 73 I inventory specific item types
invoke 233 M-i invoke an object’s special powers
jump 234 M-j jump to another location
kick 4 C-d kick something
known 92 \ show what object types have been discovered
knownclass 96 ‘ show discovered types for one class of objects
look 58 : look at what is here
loot 236 M-l loot a box on the floor
monster 237 M-m use monster’s special ability
more 13 C-m read the next message
move 109 m Prefix: move without picking up objects/fighting

6The descriptions are mostly taken from the cmd.c file in the NetHack source code.
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movefar 77 M Prefix: run without picking up objects/fighting
offer 239 M-o offer a sacrifice to the gods
open 111 o open a door
options 79 O show option settings, possibly change them
overview 15 C-o show a summary of the explored dungeon
pay 112 p pay your shopping bill
pickup 44 , pick up things at the current location
pray 240 M-p pray to the gods for help
prevmsg 16 C-p view recent game messages
puton 80 P put on an accessory (ring, amulet, etc)
quaff 113 q quaff (drink) something
quit 241 M-q exit without saving current game
quiver 81 Q select ammunition for quiver
read 114 r read a scroll or spellbook
redraw 18 C-r redraw screen
remove 82 R remove an accessory (ring, amulet, etc)
ride 210 M-R mount or dismount a saddled steed
rub 242 M-r rub a lamp or a stone
rush 103 g Prefix: rush until something interesting is seen
save 83 S save the game and exit
search 115 s search for traps and secret doors
seeall 42 * show all equipment in use
seetrap 94 ^ show the type of adjacent trap
sit 243 M-s sit down
swap 120 x swap wielded and secondary weapons
takeoff 84 T take off one piece of armor
takeoffall 65 A remove all armor
teleport 20 C-t teleport around the level
throw 116 t throw something
tip 212 M-T empty a container
travel 95 _ travel to a specific location on the map
turn 244 M-t turn undead away
twoweapon 88 X toggle two-weapon combat
untrap 245 M-u untrap something
up 60 < go up (e.g., a staircase)
version 246 M-v list compile time options
versionshort 118 v show version
wait / self 46 . rest one move while doing nothing / apply to self
wear 87 W wear a piece of armor
whatdoes 38 & tell what a command does
whatis 47 / show what type of thing a symbol corresponds to
wield 119 w wield (put in use) a weapon
wipe 247 M-w wipe off your face
zap 112 z zap a wand
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Table C.3: Compass direction actions.

one-step move far
Direction Value Key Value Key
North 107 k 75 K
East 108 l 76 L
South 106 j 74 J
West 104 h 72 H
North East 117 u 85 U
South East 110 n 78 N
South West 98 b 66 B
North West 121 y 89 Y

C.4 Environment Speed Comparison

Table C.4 shows a comparison between popular Gym environments and NLE. All
environments were controlled with a uniformly random policy using reset on
terminal states. The tests were conducted on a MacBook Pro equipped with
an Intel Core i7 2.9 GHz, 16GB of RAM, MacOS Mojave, Python 3.7, Conda
4.7.12, and latest available packages as of May 2020. ObstacleTowerEnv was
instantiated with (retro=False, real_time=False). Note that this data does
not necessarily reflect performance of these environments with better—or worse—
policies, as each environment has computational dynamics that depend on its
state. However, we expect the difference in terms of magnitude to remain mostly
unchanged across these environments.

Table C.4: Comparison between NLE and popular environments when using their
respective Python Gym interface. SPS stands for “environment steps per second”. All
environments but ObstacleTowerEnv were run via gym with standard settings (and
headless when possible), for 60 seconds.

Environment SPS steps episodes
NLE (score) 14.4K 868.75K 477
CartPole-v1 76.88K 4612.65K 207390
ALE (MontezumaRevengeNoFrameskip-v4) 0.90K 53.91K 611
Retro (Airstriker-Genesis) 1.31K 78.56K 52
ProcGen (procgen-coinrun-v0) 13.13K 787.98K 1283
ObstacleTowerEnv 0.06K 3.61K 6
MineRLNavigateDense-v0 0.06K 3.39K 0
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Figure C.2: Mean episode return of the last 100 episodes for models with different
hidden sizes averaged over five runs.

C.5 Task Details

For all tasks described below, we add a penalty of −0.001 to the reward function if
the agent’s action did not advance the in-game timer, which, for example, happens
when the agent tries to move against a wall or navigates menus. For all tasks,
except the Gold task, we disable NetHack’s autopick option [142]. Furthermore,
we disable so-called bones files that would otherwise lead to agents occasionally
discovering the remains and ghosts of previous agents, considerably increasing
the variance across episodes.

Staircase The agent has to find the staircase down > to the next dungeon level.
This task is already challenging, as there is often no direct path to the staircase.
Instead, the agent has to learn to reliably open doors +, kick-in locked doors, search
for hidden doors and passages #, avoid traps ^, or move boulders O that obstruct
a passage. The agent receives a reward of 100 once it reaches the staircase down
and the the episode terminates after 1000 agent steps.

Pet Many successful strategies for NetHack rely on taking good care of the
hero’s pet (e.g., the little dog d or kitten f that the hero starts with). Pets are
controlled by the game, but their behavior is influenced by the agent’s actions.
In this task, the agent only receives a positive reward of 100 when it reaches the
staircase while the pet is next to the agent.

Eat To survive in NetHack, players have to make sure their character does not
starve to death. There are many edible objects in the game, for example food
rations %, tins, and monster corpses. In this task, the agent receives the increase
of nutrition as determined by the in-game “Hunger” status as reward [see 121,
“Nutrition” entry for details]. A steady source of nutrition are monster corpses,
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but for that the agent has to learn to locate and to kill monsters while avoiding
to consume rotten corpses, poisonous monster corpses such as Kobolds k or acidic
monster corpses such as Acid Blobs b.

Gold Throughout the game, the player can collect gold $ to, for example, trade
for useful items with shopkeepers. The agent receives the amount of gold it collects
as reward. This incentivizes the agent to explore dungeon maps fully and to descend
dungeon levels to discover new sources of gold. There are many advanced strategies
for obtaining large amounts of gold such as finding, identifying and selling gems;
stealing from or killing shopkeepers; or hunting for vaults or leprechaun halls. To
make this task easier for the agent, we enable NetHack’s autopickup option for gold.

Scout An important part of the game is exploring dungeon levels. Here, we
reward the agent (+1) for uncovering previously unknown tiles in the dungeon, for
example by entering a new room or following a newly discovered passage. Like the
previous task, this incentivizes the agent to explore dungeon levels and to descend.

Score In this task, the agent receives the increase of the in-game score between
two time steps as reward. The in-game score is governed by a complex calculation,
but in early stages of the game it is dominated by killing monsters and the number
of dungeon levels that the agent descends [see 121, “Score” entry for details].

Oracle While levels are procedurally generated, there are a number of landmarks
that appear in every game of NetHack. One such landmark is the Oracle @, which
is randomly placed between levels five and nine of the dungeon. Reliably finding
the Oracle is difficult, as it requires the agent to go down multiple staircases and
often to exhaustively explore each level. In this task, the agent receives a reward
of 1000 if it manages to reach the Oracle.

C.6 Baseline CNN Details

As embedding dimension of the glyphs we use 32 and for the hidden dimension for
the observation ot and the output of the LSTM ht, we use 128. For encoding the full
map of glyphs as well as the 9× 9 crop, we use a 5-layer ConvNet architecture with
filter size 3× 3, padding 1 and stride 1. The input channel of the first layer of the
ConvNet is the embedding size of the glyphs (32). Subsequent layers have an input
and output channel dimension of 16. We employ a gradient norm clipping of 40 and
clip rewards using rc = tanh(r/100). We use RMSProp with a learning rate of 0.0002
without momentum and with εRMSProp = 0.000001. Our entropy cost is set to 0.0001.
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C.7 Random Network Distillation Details

For RND hyperparameters we mostly follow the recommendations by the au-
thors [24]:

• we initialize the weights according to the original paper, using an orthogonal
distribution with a gain of

√
2

• we use a two-headed value function rather than merely summing the intrinsic
and extrinsic reward

• we use a discounting factor of 0.999 for the extrinsic reward and 0.99 for the
intrinsic reward

• we use non-episodic intrinsic reward and episodic extrinsic reward

• we use reward normalization for the intrinsic reward, dividing it by a running
estimate of its standard deviation

We modify a few of the parameters for use in our setting:

• we use exactly the same feature extraction architecture as the baseline model
instead of the pixel-based convolutional feature extractor

• we do not use observation normalization, again due to the symbolic nature of
our observation space

• before normalizing, we divide the intrinsic reward by ten so that it has less
weight than the extrinsic reward

• we clip intrinsic rewards in the same way that we clip extrinsic rewards, i.e.,
using rc = tanh(r/100), so that the intrinsic and extrinsic rewards are on a
similar scale

We downscale the forward modeling loss by a factor of 0.01 to slow down the
rate at which the model becomes familiar with a given state, since the intrinsic
reward often collapsed quickly despite the reward normalization. We determined
these settings during a set of small-scale experiments.

We also tried using subsets of the full feature set (only the embedding of the full
display of glyphs, or only the embedding of the crop of glyphs around the agent)
as well as the exact architecture used by the original authors, but with the pixel
input replaced by a random 8-dimensional embedding of the symbolic observation
space. However, we did not observe this improved results.
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We tried using intrinsic reward only as the authors did in the original RND
paper, but we found that agents trained in this way made no significant progress
through the dungeon, even on a single fixed seed. This indicates that this form
of intrinsic reward is not sufficient to make progress on NetHack. As noted in
Section 5.2, the intrinsic reward did help in some tasks for some characters when
combined with the extrinsic reward. Crucially, RND exploration is not sufficient
for agents to learn to find the Oracle, which leaves this as a difficult challenge
for future exploration techniques.

C.8 Dashboard

We release a web dashboard built with NodeJS (see Figure C.5) to visualize
experiment runs and statistics for NLE, including replaying episodes that were
recorded as tty files.

C.9 NetHack Bots

Since the early stages of the development of NetHack, players have tried to build bots
to play and solve the game. Notable examples are TAEB, BotHack, and Saiph [175,
121]. These bot frameworks largely rely on search heuristics and common planning
methods, without generally making use of any statistical learning methods. An
exception is SWAGGINZZZ [4] which uses lookups, exhaustive simulation and
manipulation of the random number generator.

Successful bots have made use of exploits that are no longer present in recent
versions of NetHack. For example, BotHack employs the “pudding farming” strategy
[see 121, “Pudding farming” entry] to level up and to create items for the character
by spawning and killing a large number of black puddings P. This enabled the bot
to become quite strong, which rendered late-game fights considerably easier. This
strategy was disabled by the NetHack DevTeam with a patch that is incorporated
into versions of NetHack above 3.6.0. Likewise, the random number generator
manipulations employed in SWAGGINZZZ are no longer possible.

We believe that it is very unlikely that in the future we will see a hand-crafted
bot solving NetHack in the way we defined it in Section 5.1.4. In fact, the creator
of SWAGGINZZZ remarked that “[e]ven with RNG manipulation, writing a bot
that 99% ascends NetHack is extremely complicated. So much stuff can go wrong,
and there is no shortage of corner cases” [4].
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Figure C.3: Mean score, dungeon level reached, experience level achieved, and steps
performed in the environment in the last 100 episodes averaged over five runs.

C.10 Viewing Agent Videos

We have uploaded some agent recordings to https://asciinema.org/~nle. These
can be either watched on the Asciinema portal, or on a terminal by running
asciinema play -s 0.2 url (asciinema itself is available as a pip package at
https://pypi.org/project/asciinema). The -s flag regulates the speed of
the recordings, which can also be modified on the web interface by pressing >
(faster) or < (slower).

https://asciinema.org/~nle
https://pypi.org/project/asciinema
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Table C.5: Metrics averaged over last 1000 episodes for each task.

Task Model Character Score Time Exp Lvl Dungeon Lvl Win
staircase CNN mon-hum-neu-mal 20 252 1.0 1.0 77.26

tou-hum-neu-fem 6 288 1.0 1.0 50.42
val-dwa-law-fem 19 329 1.0 1.0 74.62
wiz-elf-cha-mal 20 253 1.0 1.0 80.42

RND mon-hum-neu-mal 26 199 1.0 1.0 90.84
tou-hum-neu-fem 8 203 1.0 1.0 56.94
val-dwa-law-fem 25 242 1.0 1.0 90.96
wiz-elf-cha-mal 20 317 1.0 1.0 67.46

pet CNN mon-hum-neu-mal 20 297 1.0 1.1 62.02
tou-hum-neu-fem 6 407 1.0 1.0 25.66
val-dwa-law-fem 18 379 1.0 1.0 63.30
wiz-elf-cha-mal 16 273 1.0 1.0 66.80

RND mon-hum-neu-mal 33 319 1.1 1.0 74.38
tou-hum-neu-fem 10 336 1.0 1.0 49.38
val-dwa-law-fem 28 311 1.0 1.0 81.56
wiz-elf-cha-mal 20 278 1.0 1.0 70.48

eat CNN mon-hum-neu-mal 36 1254 1.1 1.2 –
tou-hum-neu-fem 7 423 1.0 1.0 –
val-dwa-law-fem 75 1713 1.5 1.1 –
wiz-elf-cha-mal 50 1181 1.3 1.1 –

RND mon-hum-neu-mal 36 1102 1.0 1.2 –
tou-hum-neu-fem 9 404 1.0 1.0 –
val-dwa-law-fem 55 1421 1.2 1.1 –
wiz-elf-cha-mal 14 808 1.0 1.1 –

gold CNN mon-hum-neu-mal 307 947 1.8 4.2 –
tou-hum-neu-fem 71 788 1.0 2.0 –
val-dwa-law-fem 245 1032 1.6 3.5 –
wiz-elf-cha-mal 162 780 1.3 2.7 –

RND mon-hum-neu-mal 403 1006 2.2 5.0 –
tou-hum-neu-fem 92 816 1.0 2.2 –
val-dwa-law-fem 298 998 1.8 4.0 –
wiz-elf-cha-mal 217 789 1.5 3.3 –

score CNN mon-hum-neu-mal 748 932 3.2 5.4 –
tou-hum-neu-fem 11 795 1.0 1.1 –
val-dwa-law-fem 573 908 2.8 4.8 –
wiz-elf-cha-mal 314 615 1.6 3.5 –

RND mon-hum-neu-mal 780 863 3.1 5.4 –
tou-hum-neu-fem 219 490 1.1 2.6 –
val-dwa-law-fem 647 857 2.8 5.0 –
wiz-elf-cha-mal 352 585 1.6 3.5 –

scout CNN mon-hum-neu-mal 372 838 2.2 5.3 –
tou-hum-neu-fem 105 580 1.0 2.7 –
val-dwa-law-fem 331 852 1.9 5.1 –
wiz-elf-cha-mal 222 735 1.5 3.8 –

RND mon-hum-neu-mal 416 924 2.3 5.5 –
tou-hum-neu-fem 119 599 1.0 2.8 –
val-dwa-law-fem 304 1021 1.8 4.6 –
wiz-elf-cha-mal 231 719 1.5 3.8 –

oracle CNN mon-hum-neu-mal 24 876 1.0 1.1 0.00
tou-hum-neu-fem 9 674 1.0 1.1 0.00
val-dwa-law-fem 18 1323 1.0 1.1 0.02
wiz-elf-cha-mal 10 742 1.0 1.1 0.00

RND mon-hum-neu-mal 32 967 1.0 1.1 0.00
tou-hum-neu-fem 13 811 1.0 1.1 0.00
val-dwa-law-fem 26 1353 1.0 1.1 0.00
wiz-elf-cha-mal 14 791 1.0 1.1 0.00
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Table C.6: Top five of the last 1000 episodes in the score task.

Model Character Killer Name Score Exp Lvl Dungeon Lvl
CNN mon-hum-neu-mal warg 4408 7 9

forest centaur 4260 7 11
hill orc 2880 6 8
gnome lord 2848 6 9
crocodile 2806 6 8

tou-hum-neu-fem jackal 200 1 3
hobgoblin 200 1 5
hobbit 200 1 3
giant rat 190 1 4
large kobold 174 1 4

val-dwa-law-fem gnome lord 2176 5 12
ape 1948 6 7
gremlin 1924 5 11
gnome king 1916 5 11
vampire 1864 4 10

wiz-elf-cha-mal dingo 1104 3 9
giant ant 1008 3 8
gnome mummy 988 3 8
coyote 988 3 9
kicking a wall 972 3 8

RND mon-hum-neu-mal rothe 3664 5 7
rotted dwarf corpse 3206 5 7
leocrotta 2771 5 11
winter wolf cub 2724 6 9
starvation 2718 6 6

tou-hum-neu-fem grid bug 1432 1 7
sewer rat 1253 1 4
bolt of cold 1248 1 3
goblin 1125 1 4
goblin 1078 1 4

val-dwa-law-fem bugbear 2186 6 9
starvation 2150 5 10
ogre 2095 5 9
rothe 2084 6 8
Uruk-hai called Haiaigrisai of Aruka 2036 5 6

wiz-elf-cha-mal cave spider 1662 2 7
iguana 1332 2 5
starvation 1329 1 5
starvation 1311 1 5
gnome lord 1298 5 9
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Figure C.4: Analysis of different causes of death during training, averaged over the last
1000 episodes and over five runs.
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