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Abstract

Games have historically been a fruitful area for artificial intelligence (AI) research, and
StarCraft in particular has been an important grand challenge because of its strategic com-
plexity, multi-agent dynamics, partial observability, large action spaces, delayed rewards,
and robust human competitive scene. These complexities mean that approaches common
in other game AIs, like Monte-Carlo Tree Search in Go or searching over the action space
in Atari, cannot be easily applied to StarCraft. Thus, though there has been significant
research, many approaches use handcrafted systems and no approach is competitive with
even strong casual players.

In this thesis, we go into detail on AlphaStar, the first AI system to reach the highest
tier of human performance in a widely professionally played esport. AlphaStar combines
new and existing approaches in imitation learning, reinforcement learning, and multi-agent
learning at scale in a general agent with minimal handcrafting. AlphaStar reached a rating
above 99.8% of active ranked human players.

In particular, designing an effective interface is an essential component of AI research in
games that has historically been under-explored. This thesis lists principles for designing
effective interfaces and human-like constraints for deep learning research in games, and
explores those principles with AlphaStar as a case study. Though the agent has minimal
handcrafting, it needs to interact with the game through an interface that is human-like,
expressive enough to capture the game’s complexities, and amenable to deep learning in
order to produce transferable research insights.
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Chapter 1

Introduction

Games have been a core domain for arti�cial intelligence (AI) research from its inception.
In 1959 AI systems could play checkers [72], and decades later computers started to match
or exceed top human players in games like Backgammon [86], chess [14], Jeopardy [30],
Go [77], and now StarCraft II [92]. Yet, superhuman performance in games is not a goal
in and of itself. These domains are a stepping stone to complex, real-world interactions
because they provide a way to make progress on key AI problems in simpli�ed environments
without dealing with the myriad engineering and research challenges involved in interacting
with the real world (from building a robot, to physical performance variations and limited
learning time [56]).

That is, games capture discrete problems humans �nd meaningful and interesting,
as otherwise they would not have been made. However, for insights from them to be
transferable and meaningful, it's important to approach game interfaces in the correct
way. For turn-based board games, this means following the rules and not playing, say, a
variant of chess where every piece can move anywhere on the board. Even for chess there
are more complexities though. Playing with no time limits turns chess into a much simpler
brute-force search problem, while playing with time limits of one microsecond makes it a
program optimization problem with minimal opportunity for planning. Giving the chess-
playing system access to expert-crafted observations can improve performance [14], but
it specializes the approach to a speci�c game and means that applying the system to a
di�erent domain where such observations are not available becomes signi�cantly harder.
In modern video-games, designing an interface only becomes more complex as human
interaction with the game becomes increasingly complicated. Alterations from how humans
interact with a given game distort the game itself, and therefore can shift the focus away
from what initially made it of interest to AI.
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The game that this thesis focuses on is StarCraft, a domain that involves strategic
depth, large state spaces, planning across thousands of timesteps, imperfect information,
and a structured action space [93], all properties shared with many other applications. It
has a thriving professional esports community with hundreds of tournaments every year,
yet has not yielded AI systems of comparable skill to humans despite signi�cant research
interest [29].

The main contributions of this thesis are:

1. AlphaStar, the �rst agent to reach the highest tier of human performance in a widely
professionally played esport (StarCraft II) [92]. AlphaStar uses a complex array of
new and existing state-of-the-art techniques within deep multi-agent reinforcement
learning. The author previously published AlphaStar in collaboration with many
others at DeepMind [92].

2. A novel examination of considerations for designing a game interface for fruitful AI
deep learning research, with our design of the interface for AlphaStar as a case study.

1.1 Outline

Chapter 2 will describe the background and prior work in StarCraft, deep learning, and
reinforcement learning relevant for understanding this thesis.

Chapter 3 gives a description of the entire AlphaStar system and how its various com-
ponents work together, along with results and analysis.

Chapter 4 presents the considerations and complexities of developing an interface for
a complex game like StarCraft II, and discusses how to develop interfaces suitable for
learning deep neural networks.

Chapter 5 introduces fairness in games, both various metrics of what it means to be
fair and why fairness is an important proxy for researching the correct problems.

Chapter 6 looks more in depth into the interface of AlphaStar, and how it was designed
in light of the previous chapters.

Finally, Chapter 7 presents the conclusions of this thesis and possible future work.
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Chapter 2

Background and Related Work

2.1 Deep Learning

Within the last decade, deep learning (DL) has arisen as a dominant �eld within machine
learning and AI research as a whole [51]. It has gained great popularity in domains such
as image recognition [49], speech recognition [35], recommendation systems [17], health-
care [28], and �nance [25]. Other research areas, like sociology [62], and law [15], have
adopted deep learning techniques. A full description of deep learning is far beyond the
scope of this thesis, and in fact may not be relevant for understanding many sections
which are layers of abstraction removed from the underlying mathematics. Therefore, we
will only present deep learning, and reinforcement learning, at a high-level.

Fundamentally, deep learning views a complex agent as a graph (called a neural net-
work), where each node of the graph is a real valued number. These nodes are grouped
into layers, where each node is a function of the nodes in all previous layers (e.g. the dot
product of all nodes in the previous two layers by some vector), the nodes on the �rst layer
are set to observations of the network (e.g. the red, green, and blue (RGB) values of an
image), and the nodes on the last layer are the outputs of the agent (e.g. an action the
agent will take, encoded as a real number). Some of the functions used to generate the
values of each node have trainable parameters (the vector that the previous two layers are
taken the dot product with in a previous example), which means we adjust those functions
to improve the probability of getting a better output. The most common way of doing this
is to evaluate the entire network on a series of examples, and adjust the functions in some
small way that shifts the output towards a correct output using gradient descent [9].
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Each layer builds on the computations and representations done in previous layers. For
example, when classifying an image, each subsequent layer could identify edges and lines,
tails and paws, bodies, and �nally entire dogs. Deep learning networks are composed of
many such layers, each of which relies on work done previously.

Central to deep learning research are:

1. Creating the functions that generate the values for each node. While neural networks
with single intermediate layers of su�cient sizes are universal approximators [40],
they require infeasible amounts of nodes and often lead to intractable optimization
objectives. Instead, research tries to impose priors that bias learning towards solu-
tions that are more correct, while still maintaining expressivity. Notable examples
of this include convolutions [53], which only looks at nodes from the previous layer
which are nearby in space and reuses the same trainable variables in many functions,
transformers [90], where a node weights nodes on a previous layer depending on rel-
ative importance for the current computation, and batch normalization [43], which
normalizes the inputs to have certain statistics to make the gradients of the network
more stable.

2. De�ning the inputs and the outputs of the network. Because of how networks are
de�ned and trained, certain inputs and outputs will work better than others. For
example, real-valued inputs should all fall within the same range of values, such as in
[� 1; 1]. Additionally, adjusting the inputs and outputs can add memory to a network,
like in long short-term memory architectures (LSTMs) [39] which takes the current
network's memory as input, transforms that memory through some functions, and
outputs the transformed memory.

3. Correctly adjusting the trainable variables within a function based on data. The
simplest way is stochastic gradient descent which computes the gradient of the out-
put on a batch of data with respect to each variable, and adjusts each variable to
make the output more correct [9]. There are countless extensions possible however.
Adam [48] adds momentum to gradient descent and improves convergence by track-
ing the gradients and their second moments, while second-order methods [57] instead
estimate the Hessian and use that to compute updates.

4. Applying the above more fundamental research and generating new insights to imple-
ment deep learning on a speci�c domain. WaveNet [66] for example uses scaled raw
audio waveforms (as well as conditioning information, like text if applied to Text-to-
Speech) as input, uses functions (including stacked dilated causal convolutions, gated
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activation units, softmax, and residual connections) for each node, and outputs new
audio samples corresponding to the next sound.

2.2 Reinforcement Learning

Reinforcement learning (RL) is a sub-�eld of AI where an agent acts within an environment.
More formally, reinforcement learning is typically modeled as a Markov decision process
(MDP) that consists of (S; A; Pa; Ra) [82]:

� A set of environment statesS.

� A set of possible actionsA that an agent can take.

� A transition function Pa(s; s0) = Pr( st+1 = s0jst = s; at = a) that de�nes the proba-
bility of transitioning to a state s0 2 S given that at time t 2 N an agent is in state
s 2 S and takes actiona 2 A.

� A reward function Ra(s; s0) = E[r t+1 jst+1 = s0; st = s; at = a] that de�nes the
expected immediate rewardr t+1 2 R from transitioning from state s to state s0 by
the action a.

In the case where the agent cannot observe the true complete environment state, like
Atari, StarCraft II, or the real world, this becomes a Partially observable Markov decision
process (POMDP) that consists of(S; A; Pa; Ra; 
 ; O) [82] whereS; A; Pa; Ra are de�ned
as above and:

� 
 is the set of possible observations.

� O(s0; a) = Pr( ojs0; a) is the probability of the agent receiving the observationo 2

 given the environment states0 and taken action a. A history is then ht =
(o1; a1; o2; a2; :::; ot ; at ), the combination of observations and actions taken since the
beginning of the environment.

An agent is then a policy function� (at jht ) = Pr( at jht ) that selects which actions to
take at each timestep. The objective of the agent is the maximize the expected future re-
wards Rt =

P 1
i = t r i , or in some cases expected discounted future rewardsRt =

P 1
i = t 
 i � t r i

to weight rewards that happen earlier more heavily by applying a discount factor
 mul-
tiplicatively. When applied to deep learning, the agent policy function becomes� � (at jht )
de�ned by a neural network with parameters� . This framework is, perhaps surprisingly,
applicable to almost all cases where an agent acts within an environment.
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2.2.1 Reinforcement Learning Updates

There are many ways of updating the parameters� , creating the objectives to adjust the
network outputs towards in order to improve the expected future rewards. These include
Monte Carlo methods [82], Deep Q-Learning [61], Proximal Policy Optimization [75], and
IMPALA [27]. Under reasonable assumptions, with su�cient exploration, and assuming the
policy function � � is a universal function approximator, these methods are guaranteed to
converge to the optimal policy eventually [74, 27, 82], however they di�er in their behavior
while converging, assumptions, and the rate of convergence. Because AlphaStar mainly
uses IMPALA, we will describe it in more detail.

IMPALA combines Asynchronous Advantage Actor-Critic (A3C) [60] with an o�-policy
correction method called V-trace [27]. Actor critic methods combine the policy function� �

with a value function V� (ht ) = E[Rt jht ; � � ] whose goal is to estimate the expected future
rewards the agent would get from its current state if it acts according to the function� � .
By running the policy � � on an environment many times, we can generate a trajectory of
experience and trainV� to produce the correct output reward on that trajectory, and then
use the value function as a critic to have the actor policy take actions that produce better
than average rewards more often, and worse than average rewards less often.

In more detail, the parameters� are updated to minimize the temporal di�erence errors
of the value function: r t + 
 � Vt � Vt � 1 whereVi = V� (hi ) which is a more stable objective
than the approximating the total rewards directly [82]. Parameters� also update the
reward through � � log� � (at jht )(Rt � Vt ), which is an unbiased estimate of� � E[Rt � Vt ],
whereRt � Vt is the advantage of taking the chosen action over the expected policy action
(using the advantage instead of the reward directly decreases the variance of the objective).

IMPALA modi�es this slightly by weighting the updates of the value and policy by
importance sampling weights, which takes into account how di�erent the behavior policy
� that generated a trajectory is from the current policy. This is necessary for distributed
computation and using a single trajectory for multiple training steps [82, 95]. These im-
portance sampling weights arect = min(�c; � (at jht )

� (at jht ) ); � t = min(��; � (at jht )
� (at jht ) ) for the value and

policy respectively, where�� � �c � 1.

2.3 StarCraft

StarCraft is a domain that consists of two real-time strategy video-games, StarCraft: Brood
War and StarCraft II, created by Blizzard Entertainment and �rst released in 1998. The
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Figure 2.1: Screenshot of a StarCraft II game in progress. Copyright Blizzard Entertain-
ment.

game is set in a science �ction universe in which three races (human Terran, insectoid Zerg,
and technologically advanced Protoss) interact to decide the fate of a sector of the Milky
Way galaxy. Over the decades, StarCraft has become the most popular real-time strategy
game of all time, with a thriving competitive esports scene and tens of millions of dollars
of prize money. An image of StarCraft II in progress, playing as Protoss, can be seen in
Figure 2.1.

In the standard competitive setting, two players select either one of the three races, or a
random race, in which case the opponent is not told the other player's starting race. Each
player begins with an initial home base and a dozen worker units seen in the upper-left of
Figure 2.1. The race decides the set of units and buildings available to each player, each of
which has its own abilities, advantages, and disadvantages. For example, the Zerg Infestor
can take control of enemy units or slow and deal damage to a group of enemy units, but
cannot attack. Over the course of the game, players mine resources (top-left corner), create
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new units and buildings (center), research new technologies, develop new bases to expand
their territory (visible in the minimap in the bottom-left), all while competing against an
opponent who is trying to do the same. A player loses if they no longer have any buildings.
In order to win, players must balance high level economic and research strategy, called
macro, with low-level control of hundreds of individual units, called micro, in a real-time
setting that necessitates issuing hundreds of distinct actions per minute.

2.3.1 Challenges of StarCraft

StarCraft is such a di�cult and appealing domain for AI research because it contains
many challenges not found in other games. Its raw complexity is extremely high (in our
representation there are1026 possible actions at each step), there can be tens of thousands
of timesteps within a single game, and the observations consist of many streams of data
including visual, entity, and scalar information [93]. The game itself is partially observable;
the only information visible to a player is information within a certain distance of a unit
or building the player controls, and the player only receives full information on a section of
the map that they focus on [93]. In Figure 2.1, the entire high-level map is in the bottom
left, and the opponent is too far away to be observed. StarCraft is also real-time and
actions are issued continuously, so unlike turn-based games there is no de�ned time for
planning. Players have to balance their attention between planning, gathering information
(by positioning units and by moving the camera), responding to unforeseen events, and
actually executing their plans.

Finally, StarCraft has a complex game-theoretic strategic landscape with cycles and
intransitive strategies. These strategies rely on planning across thousands of timesteps
often based on a single initial observation and theory-of-mind expectation of the oppo-
nents future interactions. This means that naive self-play exploration across the possible
action-observation histories will almost never develop useful strategies, and furthermore
any strategies developed by an agent that does not interact with humans may not be rel-
evant when deployed with humans. For example, to take advantage of someone who does
not build adequate defenses against the harassing air units called Banshees, a player would
need to scout an opponent to see what researches and defenses they have available, build
a series of buildings necessary to produce a Banshee and eventually produce the Banshee
itself, research Cloak so that the Banshee can turn invisible, and �nally position, retreat,
cloak, and uncloak the Banshee itself at the correct times. Executing this strategy with
any component missing is worse than avoiding the strategy entirely, so it must either be
discovered at once or not at all. This high-level description could span the entire game in
which many other strategies and tactics are used.
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The challenges present in StarCraft are also present for an agent deployed in the real-
world. Such an agent will also have to reason and plan across long time-horizons and
complex actions, integrate information from di�erent data streams, observe a limited part
of the true environment, and issue actions continuously, all while acting in a human-aligned
way.

2.4 Prior Work

2.4.1 AlphaStar's Implementation

AlphaStar depends on a massive body of prior work of deep, reinforcement learning. The
network architecture consists of deep learning techniques including transformers [90], con-
volutions [53], LSTMs [39], pointer networks [94], autoregressive actions [58], and residual
layers [36], albeit combined in novel ways di�erent from other applications. Beyond rein-
forcement learning techniques mentioned in prior sections [27, 82], the network parameters
are updated in other ways common to deep learning: a supervised cross-entropy loss to
imitate labelled data [33], a regularizing entropy loss [34], and concurrent work on priv-
ileged baselines [3, 16]. Similar to AlphaStar's conditioning on human data, other work
has used human preferences [63, 42] or human intervention [18] to create reinforcement
learning reward functions. The idea of training a supervised policy to imitate humans,
then using that policy as a prior was used by AlphaGo [77].

AlphaStar also arises from existing work in multi-agent research, in particular train-
ing a population of agents that compete against each other as in Quake III Arena [44].
More theoretically, league training is an extension of the Policy Space Response Oracle
framework [50].

2.4.2 Reinforcement Learning in Games

Creating policies for games has long been a focus of reinforcement learning and arti�cial
intelligence research. They de�ne natural MDPs and POMDPs (where the game has its
own logic that de�nes the state, possible actions, transitions, rewards, and observations
seen by the player), and therefore can often be approached in transferable ways. Computers
have achieved superhuman performance in games like chess [14], Go [77], Atari [61], and
Capture the Flag [44].
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Real-time strategy (RTS) games are a particular sub-genre of games which present a
grand challenge for AI [13], and many games in the genre share some of the complexities of
StarCraft. There has been research on particular sub-tasks of RTS games (e.g. controlling
units), or RTS games in simpli�ed environments [12, 19, 99, 89, 97, 73], and StarCraft
has become the focus of the overall RTS AI research in a complete game [93, 1]. Prior
work has looked at both StarCraft: Brood War and StarCraft II, examining strategy
selection [41], simulation [83], reinforcement learning for micro [89, 76, 7, 85], imitation
learning for strategies [47], search [88], game state prediction [84], and high-level hand-
crafted actions [80]. StarCraft: Brood War and StarCraft II have active AI development
communities [96, 1, 79, 78]. However, no prior work has overcome even strong casual
players [29], even though almost all of them ignore considerations of fairness or human-like
constraints (with some bots issuing tens of thousands of distinct actions per minute), or
have components speci�c to StarCraft II [20, 78].

OpenAI 5 recently beat top professional players and 99.4% of professional players in
Dota 2 [8], a recent video-game that shares several challenges with StarCraft II. In Dota 2,
two teams of �ve players who each control a single hero unit face o� against one another in a
setting with complex strategies, long time horizons, and imperfect information. The agents
within OpenAI 5 were trained together using PPO [75] and, in contrast with AlphaStar,
used hand-crafted intermediate rewards, scripted high-level actions, a limited rule-set, and
shared observations between all agents. They also used a technique they call surgery to
train a single agent over 10 months by resuming training from a previous checkpoint as
the domain shifted and new features were added [8].

2.4.3 Game Interfaces for Deep Learning

A game interface is the protocol through which an AI agent receives observations of a
game and sends actions. For example, in Atari the agent could receive at each frame a
2D 210x160 grid observation, where each element is one of the 128 possible color values,
and send an integer corresponding to the 18 possible actions with no delay or limit on
processing time.

There has been minimal work focusing on developing e�ective interfaces for deep learn-
ing research; most work has been within a paper and tried to demonstrate that a particular
agent or approach is fair. They tend to focus on reaction times, or present an interface
with minimal explanation. OpenAI 5 discussed hiding information that would not be vis-
ible to humans, the delays present within their agents, and how often their agents could
act in comparison to humans [8]. AlphaGo set time limits for the agents to be comparable
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to humans [77]. Work in Quake III Arena Capture the Flag compared agent and human
reaction times and reaction accuracies [44]. As far as we know, there is no standalone work
discussing interfaces and human-like constraints for deep learning agents.

Signi�cant work has also focused on developing safe interfaces for deep learning, where
there are safety or performance constraints that limit how much an agent can explore [31].

11



Chapter 3

Overview of AlphaStar

AlphaStar consists of di�erent systems and stages that work together to create a uni�ed
whole. An overview can be seen in Figure 3.1. The following sections will go into more
detail on each component, but at a high level an AlphaStar agent is a policy� � (at jht ; z) =
Pr(at jht ; z), de�ned as in 2.2 with the addition of a statistic z which encodes a general
strategy extracted from the record of a human game called a replay. This statistic could
be seen as an additional component of the initial observationso1 in the formal de�nition,
but is separated here for clarity. Each timestept, the agent uses the previous actionat � 1,
the current observationo, the statistic z, and an LSTM state from the agent processing
all previous observations and actionso1; a1; :::; at � 2; ot � 1 (thereby extending the memory of
the agent through the entire history) to decide which action to take next. The interaction
of the agent with the environment, modulated by action limits and delays, can be seen in
Figure 3.1a.

To do the processing, AlphaStar uses a transformer [90] to embed unit information, a
series of convolutions [53] to process the map, fully-connected layers [33] to embed scalar
information, novel scatter connections to combine spatial and non-spatial data, a deep
LSTM [39] to track memory, and an autoregressive policy with a pointer net [58, 94] to
select the �nal action. The architecture, though designed for StarCraft, does not contain
components that are speci�c to it, and it processes the multiple input streams and de-
composes the action in a way that makes the entire problem amenable to learning. An
opposing agent, or human, will simultaneously act.

The parameters of the policy were �rst trained in supervised learning to imitate a human
policy (Figure 3.1 b). We used a large dataset of human replays, generated the actions
the humans and observations the human saw each timestep, and trained the network to
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Figure 3.1: Overview of the training and evaluation of AlphaStar. a shows the agent
interacting with its environment, b shows supervised learning (bottom) and reinforcement
learning (top) training process, andc shows multi-agent league training. [92]
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