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Abstract

Reinforcement learning (RL) algorithms are often used to compute agents capable of acting in environ-
ments without prior knowledge of the environment dynamics. However, these algorithms struggle to
converge in environments with large branching factors and their large resulting state-spaces. In this
work, we develop an approach to compress the number of entries in a Q-value table using a deep auto-
encoder. We develop a set of techniques to mitigate the large branching factor problem. We present the
application of such techniques in the scenario of a real-time strategy (RTS) game, where both state
space and branching factor are a problem. We empirically evaluate an implementation of the technique
to control agents in an RTS game scenario where classical RL fails and provide a number of possible
avenues of further work on this problem.

1 Introduction

Reinforcement learning (RL) is a subfield of machine learning that focuses on maximizing the total reward
of an agent through repeated interactions with a stochastic environment (Sutton & Barto, 1998). An agent
learns the optimal action for each state (a policy) as it interacts with the environment multiple times,
exploring the environment and evaluating the reward of executing different actions. In order to converge to
an optimal policy, an agent using traditional RL approaches must explore the entire state space, executing
every possible action. Consequently, these algorithms can take a long time to find optimal actions for all
configurations of the environment in environments where the state space, or the number of possible actions
in each state, is very large. Multiplayer games are often a challenging case of study due to the difficult of
predicting and adapting to the opponent action (Wendel et al., 2014). Thus, learning an optimal policy by
visiting all possible state-actions pairs is intractable for complex problems such as multiplayer computer
games. In many multiplayer games, the number of possible states is so large that there is neither sufficient
memory to store, nor sufficient time to visit all possible states (Tesauro, 1992).

To avoid dealing with large state spaces, it is possible to create a compact state representation of an
environment focusing only on the most important features, as long as they closely represent the actual state
of such environment. With compact state representations, it is possible to learn complex tasks in high-
dimensional spaces, if the compact state represents the most important features of the state. However,
creating a compact state representation to represent very large state spaces is a challenging task and
requires an expert in the domain to properly select the important features. There are two common ways two
overcome this limitation. First, we can apply machine learning techniques to generalize the state, assuming
we can define features capable of representing the state. Second, we can map similar states into the same
state in an alternative, smaller, state-space so that an agent can learn to act in states it has never visited
using information from such similar states. Recent developments on deep learning (Vincent et al., 2008)
have yielded mechanisms to reduce dimensionality and find efficient encodings, using auto-encoders. In
this article, we develop an approach that uses a deep auto-encoder to compress the state-space and create
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an efficient encoding capable of efficiently representing the state-space. Even with a smaller state-space,
reinforcement learning systems must try almost every pair of state-action multiple times before they have
confidence on a learned policy. This, in turn, subjects the system to a combinatorial explosion when stored
actions represent combinations of multiple agent’s actions, so the auto-encoder technique alone does not
ensure that the algorithm can visit all combinations of actions from multiple agents. In this paper we
address this problem by sharing the experience of multiple similar agents spread over the state-space.

Our contribution is a set of techniques to use RL in environments with multiple agents, and large state-
space and branching factor. These techniques can be summarized in two different approaches: reducing
state space by compressing the state representation using neural networks to decide the important features;
mitigating the branching factor by learning the best action of each agent as a singular problem and sharing
the learned information between agents. Recent research applies RL to simpler games that allow the input
to be the raw low resolution image output from the game. However, these games still have a relatively
simple state-space, which is not the case of RTS games. We thus apply RL using all available information
in a complex game where traditional RL algorithms fail to converge due to the large state and action space.
The usage of an auto-encoder in RL is not novel on its own, however using it to compress a large binary
state-space instead of the raw video signal distinguishes our work from existing approaches. We evaluate
these approaches empirically in a multi-agent domain with a large state-space generated by the scenario of
a real-time strategy (RTS) game called MicroRTS (Ontafién, 2013).

This work is structured as follows. We provide the necessary background to understand this paper in
Section 2. We describe the MicroRTS game and provide a brief explanation of RTS games in Section 3.
We develop our approach for multi-agent RL (MARL) using a compressed state-space in Section 4. In
Section 5, we explain our implementation and the experiments we use to validate and evaluate our
approach. Finally, we compare our approach to related work in Section 6, and conclude the paper dis-
cussing potential future in Section 7.

2 Background

In this section, we briefly review the necessary background used to develop our RL technique. First, we
provide a brief introduction to neural networks and deep auto-encoders. Then, we introduce the Q-learning
algorithm and briefly discuss generalization in RL.

2.1 Neural Networks and Auto-encoders

Artificial neural networks (ANNs) are a class of machine learning models composed of multiple nodes,
organized in layers, responsible for computing an output based on the activation of nodes mediated by
weights in the connections between such nodes. ANNs can solve multiple machine learning task problems,
such as classification, regression and dimensionality reduction. For example, in the case of a classification
task, a neural network will train using provided training data, adjusting the weight of connections to
properly predict the class of an input data. As the weights adjusts, the neural networks builds a model to
represent the data and predict next inputs. To solve different tasks, ANNs can use supervised, unsu-
pervised and RL algorithms.

A deep neural network (DNN) is an ANN with multiple hidden layers between the input and the output
layers. There are several types of DNNs, based on the architecture of the connections, such as deep belief
networks, deep auto-encoders, convolutional neural networks and deep Boltzmann machines (Zhang &
Zong, 2015). Most networks are trained using variations of the back-propagation algorithm (Rumelhart
et al., 1988).

A deep auto-encoder is a type of DNN capable of converting inputs to a more compact representation of
itself (Vincent et al., 2008). A deep auto-encoder is composed of two connected symmetrical neural
networks. The first network encodes the input into an internal, latent, representation and the second
decodes the internal representation back to the original input. We illustrate the architecture of an auto-
encoder in Figure 1, which comprises two neural networks connected by a middle layer containing a
compressed representation. Here, X represents a variable number of nodes for both the input and the output
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Figure 1 Deep auto-encoder architecture.

layers, N represents a variable number of nodes for the latent layer that the connects both networks. Blue
nodes represent the nodes of the encoder network, transforming the input in the compressed representa-
tion. Green nodes represent the nodes where the input becomes its latent encoding. Red nodes represent the
nodes of the decoder network, which, from the encoded representation, incrementally transform the
encoded data back to the original form.

As an example, consider the encoding of an image that has 784 grayscale pixels (a 28 x 28 image). The
image is fed to the neural network as an array of binary values, where each pixel is fed to one of the input
nodes. A sketch of the encoder is determined as follows:

784 (input) — 1000 — 500 — 250 — 100 — 30

In this sketch, the first hidden layer has more nodes than the actual image input. To represent the
decoder, we provide the following sketch:

30 — 100 — 250 — 500 — 1000 — 784(output)

Once we train a deep auto-encoder, the decoder network is no longer necessary, since this part of the
network is only used to compute the error of the decoded data during training. Since it is impossible to
know the expected output of an encoder (we want the encoder to solve this problem), we train the network
to return the exact input as output. After training the auto-encoder, we can retrieve the compressed feature
vector from the values computed by the hidden layer in the middle of the network, i.e. the green nodes in
Figure 1.

2.2 Reinforcement Learning

A Markov decision process (MDP) is a mathematical framework used to model decision making in
environments where the outcomes are not entirely controlled by the agent. MDPs are formally composed
of actions, states and rewards (Puterman, 1994). Actions are responsible for transitioning the environ-
ment from one state to another. States are a representation of the environment state. The reward is a
numeric value that represents how desirable a state is. RL algorithms usually operate on MDP
environments.

Q-learning is a model-free RL algorithm that does not need the transition function to learn the
optimal policy (Watkins & Dayan, 1992). The agent learns to act in the environment by testing the
possible results of performing an action in a certain state, learning the utility of performing an action a
in a state s. The main idea of Q-learning is to learn the utility of executing an action when the agent is
in a particular state, rather than learning the utility of each state directly and then computing a policy.
The pair of state-action is represented by a Q-value. A Q-value Q(a,s) represents the utility of
executing action a in the state s considering the future utility that can be achieved by execution such
action.

Since the agent does not know the transition function, the agent learns how to act by trying the possible
results of performing an action in a certain state, thus the algorithm learns the utility of performing an
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Algorithm 1: Q-Learning pseudo code.

Input: percept, a percept indicating the current state s’ and reward signal r’
Output: An action a.
Persistent: ), a table of action value indexed by state and action, initially zero ;
Ngq, a table of frequencies for state-action pairs, initially zero ;
s, the previous state, initially null;
a, the previous action, initially null ;
r, the previous reward, initially null;
if isTerminal(s’) then
| Q[s’, None] « 1" ;
end
if s is not null then
N[s,a] < N[s,a] + 1;
Qls, a] ¢ Qls, a] + o(r + 7 max Qls', ] ~ Qls, )
end
s sir 1
a < arg max f(Q[s',a'], N[s', a']) ;
a

return a

action a in a state s. The utility of a state can be described as the highest reward that is possible to obtain in
a state. The utility of a state can be written as the following equation:

U(S) = max,0(a,s) (D

Using Equation (1), we can compute the maximum utility a state can achieve without knowing the
transition function. With this we can update the Q-value using the following equation:

O(a,s)=0(a,s)+a(R(s)+ ymaxa/Q(a,, s,)—Q(a, 5)) 2)

Here, a is the learning rate, which ranges between 0 and 1. When a =0, nothing is learned, and when
a=1, new learned values are fully considered. y is the discount factor, which ranges between O and 1.
When y =0, future rewards are irrelevant, and when y = 1, future rewards are considered as being worth the
same as immediate rewards. Equation (2) implements the Q-learning update as part of Algorithm 2.2,
based on the specification from Watkins and Dayan (1992).

The Q-learning algorithm requires a trade-off between exploration and exploitation. The algorithm can
either choose to continue exploring different actions on states, or exploit the current computed policy to act
in an environment. The exploration function can differ in each implementation, such as a balance between
exploration and exploitation developed by Tokic (2010), but in most cases it forces the agent to explore
actions that were never tried in certain states, trying to execute every possible action in every state at least
once. The exploration function controls how the agent behaves until the algorithm converges. Since every
Q-value starts without any value, Q-learning relies only on the exploration function to start exploring the
environment. We denote the exploration function in Algorithm 2.2 as function f.

RL can struggle to converge when dealing with huge state-spaces. Even after some training, if the basic
Q-learning algorithm is executed and a new state is found, the algorithm will have to experiment all
possible actions to be able to attest the utility of all possible state-actions pairs for such state. This problem
comes from the fact that RL algorithms we saw so far are unable to generalize information from the
domain. By generalizing, we mean estimating the utility of a state, by using information of similar states
that have been previously visited. Thus, if the agent visits a new state that is very similar to a previously
visited state, it has no way of estimating the utility of the new state, regardless of the number of times other
similar states have been visited.

Function approximation can be used to generalize information from the state values, by using other
representation methods for the Q-function, instead of the Q-table. Using only linear functions, the repre-
sentation is an approximation because with only a linear function it is impossible to guarantee that the
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function represents the true utility function (Boyan & Moore, 1995). In a scenario with n features, the
algorithm must learn a weighted linear function of the set of features f1,....fn:

Up(s) = 01y + Orfa + ...+ 0,f, 3)

where U is the estimated utility. A RL algorithm can determine the weights for the parameters 6,
approximating U to the real utility function. Instead of having a large number of values on a table, we have
a function based in a much smaller number of parameters. With this function, an agent is capable of
approximating the utility of a state it has never visited.

To apply this concept to RL, we must adjust the parameters based on the real utility after each try. To do
so, we use an error function to determine how much we must change each parameter. We define u;(s) as the
observed total reward from state s onward in the jth trial, then the error is the half of squared difference of
the predicted utility and the actual utility:

E;(s) = (Up(s)—u;(5))* /2 @
For the linear function approximation Uy (s), we have a simple update rule for each parameter:
6o — o +a(u;(s)~Us(s)),
01 — 01 +a(u;(s)—Uy(s))fi,
O, — O+ a(u;(s)—Upy(s) )fn.

Finally, using Equation (3) and the update rule described above, it is possible to derive an update rule
based on the Q-values of a domain. This update rule can be written as:

0; — 0;+a(R(s)+ymaxy Q(d',s')—0(a, s))f; 5)

With this equation, it is possible to compute a function capable of assigning weights to each feature of
the state space. With such function, we can compute the value of a new state only based on it’s features,
without the need of experimenting the outcome of performing different actions in such state.

3 MicroRTS

We now provide a quick overview of what a RTS game is, detailing a specific instance of such type of
game called MicroRTS. We then proceed to formalize the problem of playing MicroRTS as a RL problem.

3.1 RTS Games

RTS games are complex domains that try to simulate a scenario of war between two or more factions.
Normally played by two adversary players RTS games are complex because the huge amount of units to
control and large amount of actions to take in each moment. In RTS, both players can perform actions
simultaneously rather than taking turns as modeled by most computationally-studied games. For example,
it is possible to issue an order to multiple units at the same time, creating a combinatorial explosion of
action choices at every decision point. Due to these characteristics, building automated players for such
games is a well known challenge. Modern games, such as Starcraft, are being subject of study to create
complex artificial intelligence (AI) implementations.

In most RTS games, the player starts with a base, a supply of resources (minerals, trees, gas), and
workers that can harvest resources and build structures. The main objective of an RTS game is to destroy
the enemy base, leaving the enemy with no way to rebuild its base. Starting with only workers, the
objective is to build an army. Workers can build structures, like barracks, that can train military units to
fight. When a player is ready to fight, he sends his units to find the enemy base. In Starcraft, for example,
there are a vast number of buildings, for each of three factions, that can build different units, and allow
workers to create other buildings. The number of possible units is vast, leading to multiple ways of playing
the game.

MicroRTS was created with the intent to be a simple tool to test theoretical ideas before implementing
them in full-fledged RTS games, like Starcraft. Programmed in Java, MicroRTS is simple, but preserves
the main components of an RTS game.
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Figure 2 MicroRTS game state. RTS =real-time strategy.

3.2 MicroRTS

MicroRTS is a simple implementation of a RTS game, designed for the sole purpose of Al research.
Developed by Ontafién (2013), MicroRTS is a well structured implementation of an RTS game in Java.
The advantage with respect to using a full-fledged game like Starcraft, and the main reason we choose
MicroRTS, is the fact that MicroRTS is much simpler, becoming a useful tool to quickly test theoretical
ideas, before trying on to full-fledged RTS games. There is a frame work for implementing machine
learning algorithms in Starcraft, called Torchcraft (Synnaeve et al., 2016). We decided to use the
MicroRTS due to the simplicity of the game.

MicroRTS consists of two players trying to eliminate every single structure and unit of the enemy.

Figure 2 illustrates a MicroRTS game state. There are 4 types of units in MicroRTS:

1.

Worker. This unit is represented by the gray circles, and is responsible for harvesting minerals and
constructing structures. Although this unit can also fight, it does very little damage.

. Light. This unit is represented by a small orange circle. Light units do little damage, but are extremely

fast, having only the ability to attack.

. Ranged. This unit is represented by a blue circle. Ranged units have the ability to attack from afar,

having only the ability to attack.

. Heavy. This unit is represented by a large yellow circle. They do high damage, but are extremely slow,

also being able to sustain many attacks.

Units requires resources to be produced, but more than that, they require structures. There are three

types of structures in the MicroRTS. Those are:

Base. The base is the main structure of the game and is responsible for creating workers, being
represented by the white squares. This structure is also where the workers return the minerals they
harvested. When the game starts, each player starts with a base and 5 resources.

Barracks. The barracks are an auxiliary structure capable of producing all units except workers,
represented by a gray square. The barracks can be built by the workers by using resources.

Minerals. Minerals are single resource in MicroRTS, represented by a green square. Minerals can be
harvested by the workers to obtain resources, they are not an exactly structure, as they have no owner or
can be attacked. Minerals are finite, and each player starts near one source.

In this work, we work the totally observable version of MicroRTS, so the player can see every

enemy action. With those components, MicroRTS provides a good simplification of a full-fledged
RTS game.
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3.3 Problem specification

The goal of a RL algorithm is to compute an optimal policy 7z :S — A that maps the current states s to an
action a to be performed in s. RL algorithms, and Q-learning in particular, are well known for their ability
of retrieving optimal policies in environments with no previous knowledge. However, RL algorithms
converge very slowly in complex environments. This usually happens because the state-space of the
environment is large and the number of possible actions is also very large.

RL problems can be modeled as a four-tuple (S,A,T,R) (Kaelbling et al., 1996). To encode the
MicroRTS scenario as a RL problem, we must define three components:

e A representation of the MicroRTS states S.
e A set of possible actions A the player can perform in state s.
e A reward function R, that returns a numeric value for each state in S.

In the scenario of MicroRTS, a possible state representation is to list every unit, their position, their
health and the player resources. Units can carry resources and have different types. The state must
represent both the player units and enemy units. A player unit can be represented as pu; and enemy units
are represented by eu;, where i is a numeric value to distinguish each unit. Each unit is on a position of the
map, so the state representation must account every tile of the map. We represent the positions with xy,,;,
where xy is the position in the grid, p is the player and i is the unit id. Tracking every unit health can be hard
to represent in a binary state representation, so it is best to only track the base health, as pby,, and eby,,,
where hp is the number of health points of the base. Since there can be multiple bases, we track only the
first base health. The state representation must account for the resources of each player, which can be done
using p,. and e,., where p,, is the amount of resources the player has and e,, is the amount of resources the
enemy has.

Having defined the state space of the problem, we must define the possible actions of each state. In the
scenario of MicroRTS, the possible actions in a state can be represented as a list, containing each possible
action for unit of the player. A possible action a of the set of actions A, is the union of each action applied to
each player unit, denoted as a;j,, where a denotes a unit action, i is the unit type, j is the unit id and p a
possible action applicable to this unit. An action a in a state with three units can be defined as
a= [ayp, Qjp, axp)-

The last component to be defined is the reward function. A reward function R maps every state s to a
numeric value r that represents how desirable is to achieve such state. On the MicroRTS scenario, defining
a reward for each state can be a challenging task. To do so, we modeled the reward function as R(s,a,s’),
where s’ is the actual state, s the previous state and a the previous action. With the information of the
previous state and action, we can define how a single agent should be rewarded based on the impact of its
actions. Looking at the previous and current state we can determine if it was the agent actions responsible
for a certain outcome, for example, killing a certain unit.

4 Approach

In this section, we discuss our approach as two distinct techniques. First, we introduce the application of
Q-learning individually to each agent. Second, we explain the architecture of the auto-encoder we built and
the state representation used.

4.1 Unit Q-learning

At each state, a single unit in MicroRTS has approximately five possible actions. This is manageable for
relatively large state-spaces for a single agent, but it becomes a problem when learning combinations of
actions for multiple agents simultaneously. During a game of MicroRTS, it is very likely for a player to
control 5 units, resulting in 3135 possible actions for a single state. Computing an optimal policy is very
complex for larger state-spaces with this branching factor, and the problem becomes intractable as the
number of units increases. For example, when ordering 10 units simultaneously, we have 9 765 625
possible actions, providing a combinatorial explosion. To avoid dealing with such huge branching factor,
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Figure 3 Unit Q-learning diagram.

we apply Q-learning to each unit individually, executing parallel Q-learning updates at each training
episode, one for each unit. At the end of the training episode, units with the same role (such as workers)
share their experience, building a new set of Q-values. The algorithm updates the Q-values of the units at
the start of each training episode, similar to Jaidee and Munoz-Avila (2012). This process is illustrated in
Figure 3, where the units are the Agents, the Agent table is a dedicated Q-table to each unit, the normalize
table is the process of normalizing all tables of each specific role, and the role table is the normalized table
of such role.

The experience sharing between the units is accomplished by merging the Q-tables of the units of the
same role and normalizing the Q-values of states that both agents visited. We define the normalization
function as follows:

agents

Z Qi(s,a) * frequency(Q;(s,a))
0(s,a) = =

frequency(Q(s,a)) (6)

where Q(s,a) is the new Q-value for all units for state s and action a, and Q,(s,a) is the Q-value of unit for
state s and action a. The frequency function returns the number of times a state-action pair was visited. The
idea is that agents who visited a Q-value pair more often are better able to determine the value of such
Q-value, so we value their experience more than agents who visited the same state-action-pair less often.

In Algorithm 2, the mergeTables method implements the update described by Equation (6). The
algorithm consists of three steps:

e Assign a Q-table to a unit based on its type.
e Compose an action for the state, using one action for each unit.
e In the terminal state, merge the Q-tables of the units with the same type.

In Algorithm 2, the first loop assigns to each unit a Q-table based on it’s role, and selects an action for
such unit by using this table. The second loop merges the tables of units with the same type at the end of a
simulation (at a terminal state). Finally, the algorithm returns the composed action.
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4.2 State encoding

To mitigate the state space of the MicroRTS we develop an encoded representation of the game state space.
To create such representation of a MicroRTS game state, we follow three steps. First, we design a binary
representation for the state space we would traditionally store in the Q-table. We define this as the raw
encoding, which is responsible for faithfully representing most aspects of a MicroRTS state. Second, we
design an auto-encoder that takes as input the number of bits we chose for the raw encoding and narrows it
into 15 number of neurons, creating a canonical encoding. Finally, we train the network using state
samples. We execute Q-learning using the canonical encoding to store values in the Q-table, applying the
Q-learning algorithm in a encoded version of the state space.

Algorithm 2: Unit Q-learning pseudo code.

Input: s, The actual game state.
Output: An action Action.
Persistent: QT ables, a set containing one QQ-table to each unit type ;
U, set of player units ;
s, the previous state, initially null;
Action = 0 ;
for unit u € U do
if u.QTable = () then
| w.QTable := QT ables(u.type) ;
end
Action.add(QLearning(u,s)) ;
end
if isTerminal(s) then
for type € U do
Q := mergeTables(type) ;
QT ables(type) := Q ;
end

ot

end
return Action

Our raw encoding consists of a 156-bit binary representation. These 156 bits are based on the formal
description we provided in Section 3.3 We use the 64 first bits to represent the player units position, each
bit represents a position in the grid. This considers only a 8 x 8 scenario. Thus, if the scenario is bigger we
must train another network. Using Figure 2 as example, the following bit representation would represent
the blue units:

Blue =

=N NeoloNe k=
S oo~ OO~ O

ecNeoNoNoNeoloNeoNel
S OO OO O -
cNeloNoNe N ==
eNoNeNeoNe N =l
ecNeololoNoBoNe S
eNeoloNoNeoloNoNel

We use the next 64 bits to represent the enemy units, using the same concept as described before.
Furthermore, we must represent the health points of the units. Since the auto-encoder has a fixed input size,
we want to avoid a variable-sized matrix for all possible combinations of units health points, we decided to
represent only the health points of the bases. We assign four bits to represent the health points of the player
base, and four bits to represent the health points of the enemy base, since the base unit has 10 health points.
To represent the resources a player has, we use five bits, where if the resources are higher than 25 in value
they all use one for every bit. Five more bits must be used for the resources of the enemy player. To
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represent the unit carrying a resource, we design one bit if any unit is carrying a resource, and one bit if any
enemy unit is carrying a resource. We do not define unit type in the representation. However, we design 1
bit to represent if the player has a barracks, and one bit to represent if the enemy has a barracks. The last six
bits represent the action executed in that state, where the three first bits represent the type of the action, and
the three other bits the direction.

To avoid dealing with a large Q-table and be able to model Q-learning in complex environments, we
aim to build a state representation that focuses on only the most important features of the environment. To
discover theses features, we model a deep auto-encoder capable of reducing the state representation to a
compact form, representing only the most important features.

The first layer of the network receives a binary state-representation corresponding to our raw encoding.
Traditional Q-learning that relies on unfactored state representations tend to converge only when the state
space stored in the Q-table is relatively small Tesauro (1995). Since we are working with binary repre-
sentations, it would be ideal to compress to a number of bits that represent less than 10 000 states. The
number of bits to create a representation with less than 10 000 numbers is 13, as 213 results in 8192
possible combinations of state. Since many states are impossible to reach, and will not be visited (since it
depends on enemy behavior to generate all states), we increased the canonical representation to 15. Given
the fact that we now know the exact number of bits to represent our compressed state, we model an auto-
encoder that compress the state representation to a 15 bits representation. Having defined the canonical
representation size, and the raw encoding, we must define the auto-encoder architecture.

We develop an auto-encoder to compress the 156 bit representation into a smaller representation. The
auto-encoder has the following architecture:

156 — 160 — 100 — 50 — 25 — 15
— 25 — 50 — 100 — 160 — 156

where each number represents a layer and the number of the nodes in this layer, and 15 is the size of the
canonical encoding. To train the network, we fed 15 100 states using the raw encoding. These states were
generated from matches from two random strategies. We used random strategies matches because they are
able to provide a much greater variety of states, given us more states to train the auto-encoder, providing
better generalization. To ensure a binary representation in the auto-encoder, we use binary transformations
after each RBM. If we used competitive strategies, we would get a much smaller number of visited states,
since these strategies tend to follow one single strategy.

In Figure 4, we illustrate the architecture of the auto-encoder we designed. We only illustrate the input
layer, the output layer, and the layer responsible for the canonical encoding for simplicity.
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Figure 5 MicroRTS reward example. RTS = real-time strategy.

S Implementation and experiments

In this section we detail how we implemented our approach and analyze the results of our approach against
multiple approaches.

5.1 Implementation details of the approach

In the MicroRTS the worker unit has the ability to harvest resources and deliver them to the players base.
However, this unit has also the ability to attack. Since the worker is the only unit the player can produce
without constructing a barrack, it is a good unit for both harvesting and attacking. This means we can have
workers performing different roles. If this strategy is to be followed, we must have workers performing
two distinct tasks: harvesting resources, attacking the enemy base. We call them harvesters and attackers
respectively.

In the previous section, we explained how different units have different Q-tables. The same applies to
different roles. Since both attackers and harvesters units have completely different tasks but are the same
unit type, we must assign different Q-tables for these units. The workers is the only unit that suffers from
this problem, since other units have a only purpose. We could make workers only harvesters, and make the
other units responsible for attacking. However, this could lead our approach extremely vulnerable to rush
tactics, since there is a delay time to construct a barrack and produce stronger units.

Since we are designed two separated roles, we must design different reward functions for each of them.
Each role must have a reward that teaches how to properly perform such role. Both are rewarded for
winning the game and killing an enemy unit, but the harvester also receives a positive reward for gathering
a resource and for delivering to the base. Furthermore, harvesters are rewarded for constructing new
structures.

To apply RL to any scenario, we must design a reward function (Mataric, 1994). To translate events in
the simulated environment into a numerical perception representing the desirability of an individual state
of the game. Such reward function must meaningfully represent the relative desirability of all possible
states in the environment. In the case of MicroRTS, the reward function must be an approximation of how
close to victory the agent is.
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However, since we are training each agent individually to reduce the combinatorial problem of possible
actions, we must also design the reward for each agent individually. Suppose we design a reward function
R(s) that rewards the agent using the current state. In the Figure 5, the units assigned by the red numbers 1
and 2 are attackers. The unit 2 in going to attack the red unit in front of it, killing it. In the next state, the
enemy player has one less unit, so the next state is better than the previous state. The unit 2 will be
rewarded for its attack. However unit 1 did not attack any unit. Since both units use the same reward
function, both units are going to be rewarded for killing this enemy unit. With this reward, unit 1 will be
rewarded erroneously, not learning how to properly act in the environment. To fix this issue, we must
design a reward function R(s,a’,s"), where a’ represents the previous action, s’ the previous state and s the

T: 0, Po: 1 (0.0), P12 1 (0.0)

Figure 6 MicroRTS movement trace. RTS =real-time strategy.
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Figure 7 Convergence of attacker and harvester.
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Figure 8 Q-table size of attacker and harvester.

actual state. This reward function individualizes the agent’s contribution to an outcome. The reward
function rewards an unit based on the actual state and the last action this unit performed, avoiding
erroneous rewarding an unit for an alteration in the state not performed by the unit.

Using a reward function of the R(s,a’,s’) from, we develop three distinct reward functions, one for each
type of unit. One reward function for the Base unit, responsible for producing other units with a similar
reward function for barracks. A reward function for the harvester workers and a reward function for
attackers, which include workers and every other unit. Ranged units are not included in this work. The
attacker is rewarded by attacking an enemy and the harvester for delivering a resource. The objective of the
base is to build harvesters and attackers. The base is rewarded by producing any unit, but is also rewarded
when an enemy unit is killed and when an a resource is delivered to it.

In Figure 6, we display the behavior of each role learned using these reward functions. The yellow line
represents the behavior of the harvester unit, and the red dotted line represents the behavior of the attacker
units. The base behavior is not displayed since the base is unable to move. As we can see, the harvester unit
will stay only close to the base, harvesting and delivering resources to he base. The attacker unit will
consistently move towards the enemy base, circling in it, trying to find an angle to attack it.

5.2 Experiments

Using the implementation described in Section 4, we now evaluate our approach in terms of its ability to
converge to a policy in the MicroRTS domain, and how competitive the resulting policy is. To evaluate our
encoding, we test the ability to train both an attacker and harvester work. To test this, we use our Al against
a tweaked passive Al. The passive Al does not execute any action, however, our tweaked passive Al
produces one worker that moves randomly through the map. The idea of this worker is to force our
approach to explore states where there are enemy units besides the enemy base. We limit the amount of
workers our base can produce, to two workers of each type. Figure 7 illustrates the convergence rate of
both unit types in an 8 by 8 grid, the default used in our experiments. The values represent the variation of
the sum of all values of the Q-table over training steps. As we can see, the variance spikes at some points,
possibly because of a new state found with a very positive reward, or a very negative one. At the end, both
the Q-table growth and the variation stops, converging to a policy. Figure 8 shows the Q-table size as the
number of matches increases, indicating that both units have a very close Q-table size once it converges.
We test our approach against seven different approaches available in MicroRTS, namely:

e Passive: An approach that does not perform any action. We use it to test convergence time.
e Random: An approach that selects a random action for each unit.
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Table 1 Results training with passive.

Strategies Wins Draws Losses Win rate Score
Passive Al 20 0 0 100% +20
Random Al 20 0 0 100% +20
Random biased Al 20 0 0 95% +20
Heavy rush 20 0 0 100% +20
Light rush 20 0 0 100% +20
Ranged rush 20 0 0 100% +20
Worker rush 0 3 17 0% -14
Monte Carlo 12 0 8 60% +4
NaiveMCTS 0 2 18 0% -18

Al =artificial intelligence; NaiveMCTS = Monte carlo tree search.

Table 2 Results training with random.

Strategies Wins Draws Losses Win rate Score
Passive Al 20 0 0 100% +20
Random Al 20 0 0 100% +20
Random biased Al 20 0 0 100% +20
Heavy rush 20 0 0 100% +20
Light rush 20 0 0 100% +20
Ranged rush 20 0 0 100% +20
Worker rush 4 1 15 20% -11
Monte Carlo 15 0 5 75% +10
NaiveMCTS 0 1 19 0% -19

Al = artificial intelligence; NaiveMCTS = Monte carlo tree search.

Table 3 Results training with light rush.

Strategies Wins Draws Losses Win rate Score
Passive Al 20 0 0 100% +20
Random Al 20 0 0 100% +20
Random biased Al 20 0 0 100% +20
Heavy rush 20 0 0 100% +20
Light rush 20 0 0 100% +20
Ranged rush 20 0 0 100% +20
Worker rush 0 0 20 0% =20
Monte Carlo 17 3 0 85% +17
NaiveMCTS 0 1 19 0% -19

Al = artificial intelligence; NaiveMCTS = Monte carlo tree search.

e Random biased: An approach that selects a random action for each unit. However, this approach
prioritizes attacking and harvesting over the other actions.
e Heavy/ranged/light rush: A hard-coded strategy that builds a barracks, and then constantly produces

“heavy”, “ranged” and “light” military units to attack the nearest target (it uses one worker to mine
resources).
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Table 4 Results training with worker rush.

Strategies Wins Draws Losses Win rate Score
Passive Al 20 0 0 100% +20
Random Al 20 0 0 100% +20
Random biased Al 20 0 0 100% +20
Heavy rush 20 0 0 100% +20
Light rush 20 0 0 100% +20
Ranged rush 20 0 0 100% +20
Worker rush 9 4 7 45% +2
Monte Carlo 20 0 0 100% +20
NaiveMCTS 4 7 9 20% -5

Al =artificial intelligence; NaiveMCTS = Monte carlo tree search.

Table 5 Results against multiple Als.

Strategies Wins Draws Losses Win rate Score
Passive Al 20 0 0 100% +20
Random Al 20 0 0 100% +20
Random biased Al 20 0 0 100% +20
Heavy rush 20 0 0 100% +20
Light rush 20 0 0 100% +20
Ranged rush 20 0 0 100% +20
Worker rush 9 4 7 45% +2
Monte Carlo 17 3 0 85% +17
NaiveMCTS 6 6 8 40% -2
Al = artificial intelligence; NaiveMCTS = Monte carlo tree search.

Table 6 Response time for each approach.

Strategies Average time (s) Maximum time (s)
Passive Al 0s 0s

Random Al ~0s ~0s

Random biased Al ~0s ~0s

Heavy rush 0.001s 0.05s

Light rush 0.001s 0.01s
Ranged rush 0.001s 0.03s
Worker rush 0.05s 0.1s

Monte Carlo 2.0s 2.303s
NaiveMCTS 2.0s 2.545s

Our approach 0.3s 0.511s

Al = artificial intelligence; NaiveMCTS = Monte carlo tree search.

e Worker rush: This approach only uses worker units. One worker is assigned to harvest resources while
the other workers attack. It is a very effective strategy due to the very high pressure it applies to
opponents very early on in a match.

e Monte Carlo: An approach based on Monte Carlo tree search (Ontafién, 2013).

e NaiveMCTS (Monte carlo tree search): The approach built by Ontafién (2013). We use the default
values set in MicroRTS.
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We evaluate our approach under five different testing scenarios. We train our approach against one
specific strategy and then we use our trained Al to play against each of the available strategies. We use this
train method for the following strategies: passive, random, light rush and worker rush. We do not train
using heavy rush, ranged rush and Monte Carlo because they are very similar to light rush. Furthermore,
worker rush behaves similarly to NaiveMCTS, and acts much faster than NaiveMCTS, leading to shorter
training times. Finally, we perform a scenario where we train against each strategy and face this strategy in
a face-off match. In each match, we trained our agent against the opposing approach by playing 200
matches. After the 200 matches, we stopped learning new information and only followed the current
learned policy. After training our approach, we evaluated 20 matches, analyzing wins, losses, draws, win
rate and the score. The score is the number of wins minus the number of losses. All games were played in
the standard 8 x 8 grid, the same used in all images of MicroRTS in this work. Tables 1—4 show the results
when training with only one approach. Table 1 we show the results when training with only the passive
strategy. As expected, the approach performs poorly against the most complex strategies (Worker Rush
and NaiveMCTS), but win consistently against the others. In Table 2, we train only against the Random
approach. Since the random approach generate many different states with enemy units (especially work-
ers) the results were better against the most competitive approaches. In Table 3, we train only against the
light rush strategy. The light rush strategy builds a barrack as soon as possible, the same as Monte Carlo
approach. This yields good results against the Monte Carlo approach, but performs poorly against
approaches that use workers to attack. In Table 4 we train only against the worker rush approach, the most
competitive of the rushes approach. The approach performs well overall, only losing to the NaiveMCTS.
Finally, Table 5 shows the results of our approach when trained with each approach and played against the
same approach.

Tables 14 indicate that our approach performs best when trained against the worker rush strategy. As
we can see in Table 5, our approach consistently outperforms all competing approaches besides Ontafién’s
NaiveMCTS, against which we lose slightly more often. Our Al constantly defeated all Als that required
building barracks, due to high early pressure using workers as attackers. Most draws were due to our
workers were unable to follow a clear policy to destroy the remaining units after destroying the enemy
base, and ended up dying fighting the remaining enemy units in single combat.

To further evaluate our metric, we analyze the response time for acting of our approach and every other
Al strategy. In these tests, the opponent was always the Worker Rush strategy. We used the worker rush
because it is a fast strategy that performs well. This should lead our approach to act slower, since the
Q-table will be larger.

In Table 6, we show the response time of each strategy. As we can see, our approach was very fast and
never surpassed the 1 s of response time. Most approaches compute an action nearly instantaneous, except
for the Monte Carlo and NaiveMCTS, that are slower than the other approaches. Combining the victory
results with the time of response of our approach, we believe our approach is very competitive against the
NaiveMCTS and the worker rush strategies.

6 Related work

In this section, we discuss and compare related work. First, we discuss work done on distributed RL.
Second, we introduce work done MARL. Third, we summarize transfer learning. Finally, we discuss the
reduction of state-space using deep learning.

6.1 NaiveMCTS

NaiveMCTS is the algorithm develop with MicroRTS in Ontafién (2013) to play RTS games. RTS games
are domains where two players can simultaneously issue actions, affecting the state. Traditional adversarial
algorithms, such as minimax, might underestimate or overestimate the value of a state because it acts using
the assumption that each player acts on different turns. However, in Ontafién (2013), empirically analyze the
results of this assumption when dealing with MicroRTS, and it has small practical effect on the NaiveMCTS
performance. So NaiveMCTS operates under the assumption that each player act on its own turn.
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Furthermore, actions are durative in MicroRTS. This means an action can take more than a time step to
complete, leading to states where neither player can issue an action. When expanding the search tree,
NaiveMCTS takes into account durative actions and how much time steps each action takes, preventing
from issuing an action when the unit is not available. NaiveMCTS is designed to perform on environments
that are deterministic and the zero-sum two player games, where one player acts as the max and the other
player acts as the min. The max player must maximize a reward function R, while the min tries to minimize
it. The difference of NaiveMCTS to standard Monte Carlo algorithms, is how NaiveMCTS expands the
next node of the search tree. The process for defining the next node receives a node and define if it is a max
or min node. After defining the type of node, the process must select one of the possible player action for
this game state. To do so, NaiveMCTS uses naive sampling to select of the possible actions of the game
state. If the action is already expanded in the search tree, then the same process is applied to that node,
going down the tree. Otherwise, a new node is created by computing the affect of the selected action a in
the state s, until a decision point (a point where any of the players can issue an action).

Therefore, the two main differences of NaiveMCTS and MCTS algorithms is the naive sampling, and
dealing with durative actions. With these two approaches, NaiveMCTS is capable of competitively
playing the MicroRTS.

6.2 Distributed RL

Q-learning and State action reward state action (SARSA) algorithms ensure that they will eventually
compute an optimal policy (Watkins & Dayan, 1992). However, in some environments, this computation
can take too long. Mnih et al. (2013) develop a new RL architecture, the deep Q network (DQN). Using a
DNN to encode images as input, DQN was able to outperform a human professional in many Atari 2600
games. These images are directly extracted from the Atari games, with the purpose of feeding it to an agent
capable of learning by only receiving game image as the input, similar to a human being. Training the
DQN in a single machine took a long time, on the order of 12—14 days to train an agent using a GPU to play
a single game.

To improve convergence time in complex environments, Nair et al. (2015) describe a distributed
architecture that enables to scale up DQN by exploiting massive computational resources. This archi-
tecture, called Gorila (General RL Architecture), is composed of four main components:

e parallel actors consisting of agents responsible for performing new actions on the environments,
generating new behavior;

e parallel learners consisting of agents trained from stored experience obtained from the Parallel Actors;

e a distributed neural network to represent the behavior policy; and

e a distributed replay memory to store the sequential acts of each Parallel Actor.

To speed up convergence, multiple agents are instantiated to act in multiple instances of the same
environment. Each agent is given a slightly different exploration policy, to ensure that the agents explore
different states, providing more useful data. After each episode, the data of each agent, called replay memory,
is stored on a distributed database. With this procedure, more data is generated, due to the use of multiple
agents, and the state space is explored more efficiently, since the exploration policies are slightly different.

Unlike parallel actors, the parallel learners read the stored replay memory, and update the policy,
according to a given offline RL algorithm. In Nair ez al. (2015), Nair uses a variant of the DQN, focused on
distributed computation. After updating the policy, the Parallel Actors receive this policy, generating new
exploration policies.

) (R0 ) () T

Figure 9 Tracking problem.
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To prove the ability of learning faster, Gorila was compared to the DQN used in Mnih et al. (2013), that
trained within 12—14 days. With 6 days of training, Gorila was able to obtain better results than the single
machine DQN, outperforming it in 41 of 49 games. In Mnih er al. (2015), Mnih further extends this work,
discussing the similarities of this architecture with ability of learning of the human brain.

Regarding distributed RL, Mnih et al. (2015) and Nair ef al. (2015) works share many similarities with
ours, such as the usage of DNNs to encode the state space. Unlike their work, we use a pure binary
representation of the internal game state as well as a reward function we designed instead of the raw game
screen. Additionally, we have multiple units as agents, which vastly increases the number of possible
actions. Our approach is more centered around relaxing the problem to fit RL in, than emulating the
difficulties of playing with the same information a human player would have.

Finally, Vinyals et al. (2017) develop a framework for training RL agents in the Starcraft II game.
Starcraft II is a full-fledged RTS game containing multiple units, three distinct factions and complex
scenarios. The early approach using RL is unable to compete with standard built-in agents of the game.
However, the approach is able to learn distinct tasks for each unit, such as using harvesting resources.

6.3 Multi-agent RL

MARL is a technique applied to environments where multiple agents interact with each other and the
environment. Such environments are usually cooperative and include agents who have individualized
perceptions and policies. In cooperative environments, the goal of RL is to compute an optimal policy that
coordinates the actions of every agent. As the number of agents increase, so does the number of possible
combinations of actions. The main difficulty of applying RL in multi-agent systems is the need to compute
a global policy for all agents (Guestrin et al., 2002). A global policy is a policy that provides actions for
every agent simultaneously in each possible state. Computing a policy that takes account of every action of
every agent can slow convergence substantially in environments with multiple agent, because the policy
must compute every possible combination of actions.

In Zhang and Lesser (2013), each agent has its own policy, and coordinate to compute a global policy. Each
agent applies its own Q-learning algorithm, acquiring experience from acting in the environment, without
communication or coordination. This is called independent learning (Kok & Vlassis, 2006). With only inde-
pendent learning, it is impossible to ensure that an optimal policy is going to be achieved. To illustrate the
limitations of independent learning, Figure 9 illustrates a target tracking problem consisting of four sensors.
Each sensor can scan in one of the four cardinal directions: North, South, West, East. The objective is to track
targets in one of the locations in Figure 9. Tracking a target in each location has a reward. For locationl and
location3 the reward is 40, and for location2 the reward is 60. However, to track a target, two sensors must be
scanning the same area simultaneously. If location1, location2, and location3 always have targets to be tracked,
then, by using the independent learning approach, sensor2 and sensor3 will potentially learn to sense location2,
which has average expected reward is 60. However, the optimal policy is that sensorl and sensor2 always
sense locationl and sensor3 and sensor4 always sense location3, whose global expected reward is 80.
Therefore, without the coordination of the sensors is not possible to ensure an optimal policy.

The MicroRTS case study fits the idea of this work. However, we do not deal with coordinating
multiple agents. All agents have the same goal, and each agent type have it’s own reward function. Our
goal is not to coordinate agents with different goals, but rather use techniques to enable the use of RL
techniques, by compressing the Q-table.

6.4 Transfer learning

RL algorithms are often slow due to the necessity of exploring the entire state space. When the domain is
slightly changed, the algorithm requires a complete new training to adapt to those changes. The idea of
transfer learning is that this complete re-training can be simplified, as knowledge acquired in a previous
situation can be used as heuristics, speeding up the learning procedure on the new domain.

Transfer learning can be defined as follows (Pan & Yang, 2010): given a source domain (Dy) with its
task to be performed on this domain (7y), and a target domain (D,) with its related task (7}), transfer



Q-Table compression for reinforcement learning 19

Encoded by a
Image deep auto-
encoder
H Low-dimensional
’L Feature Space

Reinforcement
Learning

Action

Figure 10 Image encoding framework

learning aims to improve the performance of learning the task’s policy in the target domain, using
knowledge obtained on learning the policy in D and T, where Dy/D, or T/T,. Transfer learning algorithms
can be summarized by two main characteristics (Pan & Yang, 2010):

1. Which information is transferred. In the case of RL, it could be the policy or the rewards, for instance.
2. How the information is transferred. This refers to which transfer learning algorithm is going to be used.

In Bianchi et al. (2015), Bianchi describes the construction of a transfer learning algorithm based on
SARSA. To transfer the knowledge, the actions of the source domain D, are mapped to the actions of the
target domain D,. Using the Hebbian Rule (Hebb, 1949), a neural network performs this mapping. The idea
of this rule is that the weights that connect two neurons should be increased when their output is similar,
and decreased when they are dissimilar.

Although transfer learning is fundamentally different from our work, there are some similarities to our
approach. Transfer learning aims to simplify computing a policy by using an already computed similar
policy on a similar domain, or using existing policies to accelerate training in different tasks within the
same domain. Conversely we use multiple sources of training information and merge them, accelerating
the training of an agent. We could use transfer learning to learn different tasks within the domain of an RTS
game, segregating similar tasks of the MicroRTS domain, much like Sharma et al. (2007).

6.5 Deep Learning state representation

To ensure that a RL algorithm converges to an optimal policy, the algorithm must explore the entire state
space. Most RL algorithms are limited to solving tasks in which the state space has low dimensionality
(Legenstein et al., 2010). Recent research tries to address this challenge using deep learning (Lange &
Riedmiller, 2010) to find states that can be considered similar.

In Lange and Riedmiller (2010), Lange introduces a framework for combining deep auto-encoders and
RL algorithms. The framework receives images as input, and feeds the images to a deep auto-encoder. The
encoder converts the images to a lower dimensional feature space, representing the encoded image. This
representation is then fed to the RL algorithm, that returns the best learned action for this representation.
This process is shown in Figure 10.

Since the feature space is low-dimensional (2 features ranging between 0.0 and 1.0), the number of
possible encodings is smaller than the number of possible images. This ensures that images that are too
similar will be converted to the same feature space representation, avoiding creating a new state for images
that have small noise captured by the camera. We use a deep auto-encoder to encode our state space.
Different from the works described in Lange and Riedmiller (2010) and Mnih et al. (2015), we do not
encode high dimensional images. We design our own binary state representation.

Finally, Barriga et al. (2017) use a deep convolution neural network to select the best action of an RTS
game in a limited set of choices, and then utilize game tree search to improve low level tactics. The usage
of CNN could benefit our work as a model to represent the state instead of our auto-encoder.

7 Conclusion

In this work, we developed a set of techniques to reduce the number of entries in the Q-table of the
Q-learning algorithm. Recently, much research has been done to use DNNSs to improve the performance of
RL algorithms. However, most such efforts (Mnih et al., 2013; Mnih et al., 2015), focus on solving
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simpler domains, using only the image as agent perception, increasing the similarity of how humans learn
to act in such domains. Our approach, however, focuses on a very complex domain using all information
available from the game.

We believe we achieve promising results, at a substantially lower computational cost, as our Al was
competitive throughout all of the tested opponent strategies. Although our approach requires training
while others do not, the response time of our learned agent was much faster than the approaches that did
not follow a hard-coded strategy.

We managed to use RL in a very complex domain using two approaches that mitigate the problem of a
large state-space combined with a combinatorially exploding number of actions due to multiple concurrent
agents. Both approaches could be adapted for other complex scenarios where exploring the entire state is
intractable. The auto-encoder can be used in any reinforcement scenario. However, the unit Q-learning
would require a multi-agent scenario where there are roles defined for each agent.

For future work, we intend to improve our approach in at least two ways. First, we aim to evaluate more
advanced auto-encoders and their impact in the quality of the learned policy; and second, we aim to
obviate the need to model the reward function for each unity by learning it. Specifically, our auto-encoder
is one of the simplest possible types available, and the quality of the compression could be improved by
using a denoizing stacked auto-encoder. Furthermore, instead of using the game state as the internal
representation, as it possibly provides more explicit information than a human player would have, we aim
to compare the results of our current approach to one that uses graphics rendering of the state shown to the
players and thus generalize the approach to any RTS game. This can be a very challenging task due to the
high dimensionality of the MicroRTS game image in particular, and of commercial RTS games in general.

We currently need to design a complex reward function for each of the roles using domain knowledge.
To avoid building a new reward function, we aim to use inverse RL techniques to learn the reward function
from examples. Inverse RL allows an agent to learn the reward function of a domain by watching another
agent perform in such domain. In the MicroRTS case, we have many computer controlled players already
competitively playing the game. Our own RL Al became very similar to the worker rush AIl. We could use
the worker rush strategy to extract a reward function. However, using a single reward function for both the
harvester and the attacker can be a challenge.
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