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Abstract

This work proposes a novel model-free Reinforcement Learning (RL) agent that is able to learn how to

complete an unknown task having access to only a part of the input observation. We take inspiration

from the concepts of visual attention and active perception that are characteristic of humans and tried

to apply them to our agent, creating a hard attention mechanism. In this mechanism, the model decides

first which region of the input image it should look at, and only after that it has access to the pixels of that

region. Current RL agents do not follow this principle and we have not seen these mechanisms applied to

the same purpose as this work. In our architecture, we adapt an existing model called recurrent attention

model (RAM) and combine it with the proximal policy optimization (PPO) algorithm. We investigate

whether a model with these characteristics is capable of achieving similar performance to state-of-the-

art model-free RL agents that access the full input observation. This analysis is made in two Atari

games, Pong and SpaceInvaders, which have a discrete action space, and in CarRacing, which has

a continuous action space. Besides assessing its performance, we also analyze the movement of the

attention of our model and compare it with what would be an example of the human behavior. Even with

such visual limitation, we show that our model matches the performance of PPO+LSTM in two of the

three games tested.

Keywords

Reinforcement Learning; Model-free; Attention Mechanism; Hard Attention; Active Perception; Visual

Attention;
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Resumo

Este trabalho propõe um novo agente de aprendizagem por reforço (AR) sem modelo que é capaz de

aprender como completar uma tarefa desconhecida, tendo apenas acesso a uma parte do ambiente.

Inspirámo-nos nos conceitos de atenção visual e perceção ativa que são caracterı́sticos dos seres

humanos e tentámos aplicá-los ao nosso agente, criando um mecanismo de atenção seletiva. Neste

mecanismo, o agente tem que primeiro decidir qual a região da imagem para onde deve olhar, e só

depois é que tem acesso ao conteúdo dessa parte da imagem. Os modelos de AR atuais não seguem

este princı́pio e não encontrámos este mecanismo de atenção aplicado ao mesmo propósito deste

trabalho. Na nossa arquitetura, adaptámos um modelo já existente chamado recurrent attention model

(RAM) e combinámo-lo com o algoritmo proximal policy optimization (PPO). Investigamos se um modelo

com estas caracterı́sticas é capaz de ter um desempenho semelhante aos agentes atuais de AR sem

modelo. Esta análise é feita recorrendo a dois jogos do Atari, Pong e SpaceInvaders, que têm um

espaço de ações discreto, e ao CarRacing, que possui um espaço de ações contı́nuo. Para além de

medir o seu desempenho, também tentamos compreender qual a evolução do foco de atenção do nosso

agente e se esta se compara ao comportamento humano. Mesmo com esta restrição visual, mostramos

que o nosso modelo iguala a performance do PPO+LSTM em dois dos três jogos.

Palavras Chave

Aprendizagem por Reforço; Sem Modelo; Mecanismo de Atenção; Atenção Seletiva; Perceção Ativa;

Atenção Visual;
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In our everyday lives, even though we are constantly being flooded with visual stimuli, we do not give

the same importance to everything in our field of view. Instead, we focus on small regions that attract

us the most. In those moments, we take advantage of a cognitive process called visual attention [9].

Unconsciously, we interpret those regions and extract meaning from them using another mental process

named perception [10]. The combination of both these processes allows us to solve complex tasks

because, from all the visual information we receive, we filter the most important to perform our activities

and not pay attention to irrelevant elements in our surroundings.

In Artificial Intelligence (AI), a field that has been the target of plenty of research is computer vision

[11]. Examples of typical tasks from this field of AI are image classification, object detection, object

tracking, and face recognition. In computer vision, the most popular models created take advantage of

deep learning [12], using neural networks that receive images as input and process them to learn how to

complete their tasks. One technique often used to train those models is Reinforcement Learning (RL).

In RL, an agent interacts with its environment and learns, by trial and error, an action-selection rule

(a policy ) that maximizes the agent’s reward over time. This learning technique has two classes of

algorithms: model-based and model-free. Model-based agents try to learn a model that represents how

their environment works. Then, they can use this model to predict how the environment will react in the

future, allowing them to build a plan with the best set of actions to perform. In opposition, model-free

agents do not know how their environment behaves and explicitly learn by trial and error.

Current RL models, even though they achieve excellent performance in a broad range of tasks, do

not follow the cognitive processes of visual attention and perception typical of humans. For example,

when learning to play a video game, RL algorithms typically process the whole input image, giving the

same importance to every region of the input game frame. Such design results in models that rely on

large Convolutional Neural Networks (CNNs) that process a large number of pixels, making the model

take too long to train, requiring high computational power, and potentially limiting their applicability [13].

To keep the training time reasonable, images are often preprocessed to reduce the size of the input,

losing some of its details. Using these low-resolution images can hamper the models from completely

understanding what is present in their input, which lowers their performance [14].

With these limitations in mind, researchers are taking inspiration from human cognitive skills, such

as visual attention and perception, to develop new architectures. In the literature [15–17], we find two

types of approaches to implement attention mechanisms:

• Soft attention: these models divide their entire input into multiple areas and then search for the

region that looks to be the most important for the task.

• Hard attention: before having access to a specific region of the input, these models already

choose the coordinates where they should look at.
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These new architectures allow us to better understand how neural networks make their decisions

since we can see which portions of the image they focus on to solve their task. In the case of the second

approach, the models do not even need to process the entire input because they discard the information

that is not useful.

Unlike soft attention which has already been widely studied, research on hard attention mechanisms

is more scarce [17], especially regarding RL agents that are capable of completing complex tasks, such

as playing video games. In this thesis we investigate attention and active perception in RL and contribute

with a model-free architecture that implements an attention mechanism similar to the one humans have.

Applying such a mechanism allows the model to only process the pixels it perceives as the most useful,

which makes it much more computationally efficient and able to use the original images without resizing

them.

In this work, we address the following research questions:

• Is it possible to attain state-of-the-art performance in complex control tasks with limited (but active)

perception?

• Is there any similarity between the attention movements of the model and human behavior?

• Is one type of attention mechanism better than the other?

1.1 Contributions

The major contributions of this thesis are:

• Development of a model-free RL agent that is capable of learning both a policy to solve the tasks

present in multiple video games and a policy to determine where to look while performing such

tasks

• Proposal of an architecture whose number of training parameters do not depend directly on the

size of the input

• Comparison with a widely studied state-of-the-art RL model such as Proximal Policy Optimization

(PPO) and a soft attention RL model available in the literature

• Proof that, in some games, a model that does not process the entire input image already achieves

similar performance to the agents that process it entirely

• Analysis of the model’s behavior when playing video games like Pong, SpaceInvaders, and Car-

Racing and comparison with human attention

4



1.2 Organization of the Document

This thesis is organized as follows: Chapter 2 introduces RL and deep learning theoretical concepts

used throughout this work. Chapter 3 provides an overview of the models available in the literature

related to the topic of this project. Chapter 4 covers in detail the architecture of the proposed model-free

RL agent. Chapter 5 describes the evaluation process and presents the experimental results for our

model and the others we are comparing it against. Finally, Chapter 6 makes the conclusion of this thesis

and proposes future work.
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In this chapter, we introduce core concepts of RL and deep learning that are used in the remainder

of the document. Additionally, definitions of active perception and attention in the context of AI are also

provided.

2.1 Decision Theoretical Models

There are many mathematical frameworks to represent decision-making problems. In this section, we

will look at two of them, Markov Decision Processes (MDPs) and Partially Observable Markov Decision

Processes (POMDPs).

2.1.1 Markov Decision Processes

An MDP is a framework to solve sequential decision-making problems in stochastic environments with

full observability. In these problems, an agent observes its surroundings—the environment—and de-

cides to execute actions. The environment reacts to those actions and gives feedback to the agent in

the form of rewards. The objective of the agent is to maximize its rewards over time. Additionally, MDPs

verify the Markov property, which says that any given state depends only on the previous state and on

the action that was taken.

Formally, this problem can be defined as a tuple (S,A,P, r), where S is a discrete set of states,

A is a discrete set of actions, P(s′ | s, a) represents the transition probability of going from state s to s′

performing action a, and r(s, a) is the reward function r : S×A → R. At each timestep t, the agent is in a

state st ∈ S and selects an action at ∈ A. Consequently, the agent receives a reward r(st, at) for choos-

ing action at and the environment transitions to state st+1 with probability P(st+1 | st, at). Figure 2.1(a)

illustrates this interaction.

Agent

Environment

Action
Reward

State

(a) Agent-environment interaction in MDPs

Agent

Environment

Action
Reward

State

Observation
Sensor

(b) Agent-environment interaction in POMDPs

Figure 2.1: MDPs vs. POMDPs. Adapted from Sutton and Barto [1]

In an MDP, the goal is to find a policy π, a function π : S → ∆(A) that is a mapping from states

9



to a distribution over actions, which maximizes the accumulated rewards through time. We define the

state-value function V π(s) as the expected return an agent can receive when it starts in state s and

follows policy π. We can also define the action-value function Qπ(s, a) to compute the expected return

an agent can receive when it starts in state s, takes action a, and then follows policy π thereafter. Both

functions use a discount rate γ ∈ [0, 1[. The optimal policy π∗ is a policy such that V π∗
(s) ≥ V π(s) for

all s ∈ S and all π. To compute the optimal state-value function, we can use a method called Value

Iteration, which arbitrarily initializes V (s) and recursively applies the Bellman equation

V ∗(s) = max
a∈A

[
r(s, a) + γ

∑
s′∈S
P(s′ | s, a)V ∗(s′)

]

until convergence. Similarly, to compute Q∗, we use

Q∗(s, a) = r(s, a) + γ
∑
s′∈S
P(s′ | s, a)max

a′∈A
Q∗(s′, a′).

2.1.2 Partially Observable Markov Decision Processes

Not every environment is fully observable, therefore, if the agent is in an environment where the state

cannot be fully observed, we can use the corresponding framework called the POMDP. This type of

problem also verifies the Markov property, but in this case, since the agent does not have access to all

the information about the states of the environment, it must rely on its own observations. Figure 2.1(b)

presents this interaction and we can see that the only difference to the MDPs is the addition of a sensor

between the agent and the environment, which extracts the observations from the latter.

Formally, this problem is defined as a tuple (S,A,Z,P,O, r), where it was added a discrete set of

observations Z and the observation probabilities O(z | s′, a), that represent the probability of receiving

the observation z, while being in state s′ after taking action a. The interaction between the agent and

the environment is represented in Fig. 2.1(b).

Since the agent cannot know exactly in which state the environment is in, it must build a set of internal

beliefs. These beliefs are represented as a probability distribution over S, bt. Then, Value Iteration can

be used to extract the optimal policy π∗:

V ∗(b) = max
a∈A

[
r(b, a) + γ

∑
b’

P(b′ |b, a)V ∗(b’)

]

However, representing V ∗(b’) is not trivial. But since this function is piecewise-linear and convex [18],

we can approximate it using a finite set of vectors, which can be computed using dynamic programming.
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2.2 Reinforcement Learning

RL problems can be modeled using either MDPs or POMDPs. However, the agent is not able to know

either the transition probabilities P or the reward function r. Therefore, it has to estimate both of them

or learn the optimal policy by trial and error.

We can make an RL agent learn using three different approaches: model-based methods, value-

based methods, and policy-based methods. The last two are also called model-free methods.

2.2.1 Model-based Methods

Model-based methods estimate the transition probabilities and the reward function. If the environment is

fully observable, the agent can know these two parameters, enabling it to understand everything about its

surroundings. To build those estimates, the agent interacts with the environment for some time, keeping

track of the rewards it receives and how often it visits each state. Then, we can use Value Iteration to

find the optimal policy, and as long as the agent visits every state infinitely often, P and r converge to

their real values.

2.2.2 Value-based Methods

Value-based methods do not learn estimates for P and r, instead, they discover the state-value or the

action-value functions. One of the most famous RL algorithms belongs to this category and is called

Q-learning. At each timestep of this algorithm, the agent gets a sample (st, at, rt, st+1) and updates Qt

using:

Qt+1(st, at) = Qt(st, at) + αt

[
rt + γmax

a′∈A
Qt(st+1, a

′)−Qt(st, at)
]

where αt ∈ [0, 1] is the learning rate.

Q-learning is an off-policy algorithm, which means it can learn the optimal policy while following a

different one.

2.2.3 Policy-based Methods

Instead of learning the transition probabilities or the value functions, policy-based methods try to directly

discover an approximation for the policy.

The two families of algorithms mentioned in this work are Policy Gradient algorithms and Evolutionary

Strategies.

Policy gradient methods learn a parameterized policy πθ(a | s) using gradients. An example is the

REINFORCE algorithm [19] that uses the following update rule, for each t = 0, ..., T :
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θ ← θ + αγtGt∇ lnπθ(at | st) , where Gt is the return at time t.

One problem with this algorithm is that it has a high variance.

Another policy gradient method is Actor-Critic, an algorithm that learns both the policy (actor) and

the value function (critic). It also uses the previous update rule but replaces the return Gt with the critic’s

estimate.

Evolutionary Strategies [20, 21], on the other hand, apply a completely different concept to learn

the policy r(a | s). They are a family of black-box optimization algorithms based on Darwin’s theory of

evolution by natural selection. In this approach, every possible solution interacts with the environment

and is evaluated using a fitness score. In each epoch, only the best solutions survive. After that, they

are recombined with each other (gene mutation) to create the set of solutions that will be evaluated in

the next epoch.

When we deal with large domains, finding the exact values for all the functions becomes too complex.

Therefore, in those situations, we have to adapt some of the algorithms presented and start calculating

function approximations using, for example, neural networks. This moment is when we start exploring

the field of deep RL.

In this thesis, we decided to train our model using an actor-critic. Besides being simpler, this method

is also more efficient than other policy-based methods such as the evolutionary strategies, which are

more computationally demanding. We opted for the proposal of a model-free RL agent instead of a

model-based because we decided to understand first if an RL model was capable of having good per-

formance with such visual restriction on the input. Building a complete model of the environment while

just seeing a region of it, is another challenge that we leave for future work.

2.3 Neural Networks

The study of neural networks was inspired by how our brains and the connections between their neurons

work. Neural networks are formed by multiple layers containing nodes, also known as artificial neurons

or units. The first layer is called the input layer, the last one is the output layer, and all the other layers

in between are the hidden layers. If the links between the nodes of each layer do not create cycles, that

is, if all the connections are from the current layer to the next ones, we call the network a Feedforward

Neural Network (FNN) or a Multilayer Perceptron (MLP). Figure 2.2 presents an example of such a

network.

Each node of a neural network works as a mathematical function that receives as input: a vector x

and a vector of weights w, where each parameter xi ∈ x is associated with its corresponding weight
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Figure 2.2: MLP with two hidden layers

wi ∈ w, and also a bias term b. The weighted sum of the input passes through an activation function,

and if its value is greater than a threshold, we say that the neuron “fires”. If the node is in the last layer,

this value will be the output of the network. Otherwise, the value will be propagated to the nodes of the

next layer.

Neural networks are function approximators that learn a correspondence between the input and the

output. In order to build the best match possible between those two, these neural networks need training,

which is done by minimizing the error between the given output and the expected output. If the activation

functions are differentiable, we can use backpropagation to train an MLP. This algorithm computes the

gradient of the error function with respect to the weights and biases of the network. Starting in the last

layer, it uses the chain rule to compute the gradient and update the weights and biases of each layer

individually until reaching the first.

2.3.1 Convolutional Neural Networks

Besides MLPs, there are more types of neural networks. CNNs are MLPs specifically designed to

receive images as input. These networks can have three types of layers: convolutional layers that extract

features from the input, pooling layers that reduce the dimensionality of the input, and fully connected

layers where the classification is done, based on the features extracted in the previous layers.
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2.3.2 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are neural networks that have a cycle, which means they have

nodes that receive information previously computed in earlier timesteps. This configuration allows RNNs

to have memory capabilities that can be used to process sequential or temporal data, like images and

text. However, RNNs can only memorize relatively recent information. If we want the network to learn

long-term dependencies between the input, we must use a special type of RNNs called Long Short Term

Memory (LSTM) networks.

2.3.3 Autoencoders

Autoencoders are another specific type of MLPs, formed by two components: an encoder and a decoder.

The objective of the encoder is to learn an efficient way to compress the input. Then, the decoder does

the opposite, learning how to reconstruct the encoded version of the input back into a representation

that is similar to the original.

2.4 Active Perception and Attention Mechanisms

In 1988, the concept of active perception was defined by Bajcsy as the intelligent acquisition of informa-

tion about an environment in order to understand it better [22]. In comparison to a passive perception

agent that statically senses its environment and takes actions accordingly, an active perception agent

can improve its performance by actively moving its sensors to better reason about its environment [23].

More recently, after collecting numerous ideas and methods developed by robotics, AI, and computer

vision communities, from decades ago to 2016, Bajcsy et al. [24] revisited the definition of active per-

ception, redefining it as the capability of an agent to know why it has the desire to sense and then select

what it should perceive, knowing how, when, and where, it will accomplish that perception. Therefore,

they considered an agent to be actively perceiving if it understands the motivation of its behavior and

knows at least one answer for the what, how, when or where questions.

In AI, active perception models can be implemented using deep learning methods such as CNNs [23].

Since the selection of what an agent should sense can take inspiration from the human visual attention

process, an attention mechanism can be used to replicate such behavior. In machine learning, attention

is a technique that consists in choosing which parts of the input are the most important, resulting in more

computational power being allocated to them. In the literature [15–17], we can find two categories of

attention mechanisms:

• Soft attention: is a mechanism that splits the input into multiple parts, assigning a weight to each

one of them. The weights represent the importance associated with each portion of the image,
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and since this model is differentiable, they can be updated using backpropagation.

• Hard attention: is a mechanism where the model does not go through some parts of its input

because the neural network itself stochastically decides which are the parts it should pay attention

to. However, this mechanism is not differentiable but can be trained using RL.

In the context of this work, hard attention is the most interesting mechanism because it is the closest

to human behavior. The model developed is capable of manipulating the stochasticity of its decision, by

changing the mean of the normal distribution responsible for the choice of the location to look at.
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Deep reinforcement learning is a field with numerous applications, one of them being the resolution

of complex control tasks. This section presents multiple algorithms that can solve such demanding

tasks. Almost all agents use RL, and some have attention mechanisms implemented, but in general,

every paper has a unique perspective and solution that helped us understand how the literature has

been dealing with similar problems to ours. The architectures shown in some of the papers are used as

a base for our agent, and other models will be the reference we are trying to match.

3.1 Regular Reinforcement Learning Models

The first RL models developed to solve visual tasks, such as playing video games, received the entire

image as input and did not have specific mechanisms to give the agents additional skills to help them

complete their tasks. For this reason, in their original version, these architectures are not aligned with

the objectives of this work. Since attention is just a mechanism to influence what the agent sees, the

models we show later are often based on the architectures we present in this section, which do not

implement such a mechanism. In addition, since one of our objectives is to compare the performance

of our agent with state-of-the-art models, this section also reports what these architectures are already

capable of accomplishing.

3.1.1 Model-Free Reinforcement Learning

Model-free RL algorithms are usually simpler to create because they do not need to build a representa-

tion of the environment. Therefore, they were the first to be widely studied.

The first algorithm to achieve human-level performance on Atari games was introduced by Mnih et

al. [2], and it was the popular Deep Q-Network (DQN), a model that combines a CNN with Q-learning. Its

neural network calculates an approximation for the parameterized optimal action-value function Qθ(s, a).

DQN takes advantage of a technique called experience replay [25], which saves the agent’s past ex-

periences (st, at, rt, st+1) into a memory, at each timestep. From that memory, a random minibatch of

experiences is selected to perform the Q-learning update. Additionally, the parameters of a target net-

work are updated with the parameters of the Q-network after a fixed number of timesteps. This model

receives as input from the environment its game frames and the latest game score. Since the DQN does

not memorize the past frames, instead of using just the last frame as input, it uses the last four in order

to understand the direction and speed of the objects present in the games. Regarding the outputs, the

model gives the Q-values for the individual actions of the agent. Figure 3.1 illustrates the neural network

architecture of a DQN. The network is a CNN that receives four images as input, and has three convolu-

tional layers and one fully connected layer. Moreover, the outputs given by another fully connected layer

are the Q-values for the individual actions of the agent.
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Figure 3.1: DQN architecture presented by Mnih et al. [2]. Adapted from Polvara et al. [3]

This paper was such an important breakthrough in RL that some of its implementation details, like

the CNN layout, and optimizations made to play the Atari games are still followed nowadays.

After the publication of this paper, many variants were developed to address different limitations of

the DQN. Some of the proposed modifications were the Double Deep Q-Network (DDQN) [26] that ad-

dresses the overestimation problem, which happens when the action values are estimated inaccurately,

and the Dueling DDQN [27] that presents an architecture that has two streams making estimations, one

for the value function and other for the advantage function, which computes the difference between the

Q-value and the value function of a given state. In particular, Hessel et al. created Rainbow [28], a

model that integrates six of those DQN modifications into a single agent. On the Atari 2600 games,

Rainbow outperformed each variant alone.

In [29], Mnih et al. attempted a different approach to deep RL. Instead of using experience replay,

they explored the asynchronous parallelization of multiple agents on multiple instances of the same

environment. Since more than one agent is running simultaneously, a lot more states can be explored

at each time step. This distribution allowed the models to be much less computationally intensive. The

best model presented in this paper was the Asynchronous Advantage Actor-Critic (A3C). This model is

a CNN that gives two outputs: the policy and the value function, taking advantage of parallelization and

accumulated updates. A3C achieved better results than DQN while taking half of the training time.

Schulman et al. [30] proposed a family of policy gradient methods called PPO algorithms. These

methods alternate between interacting with the environment to get data and updating the policy using

stochastic gradient ascent. In every policy update, this policy gradient method guarantees that the

difference between the new policy and the old policy is small, which prevents the algorithm from having

a high variance during training. Having the probability ratio

rt(θ) =
πθ(at | st)
πθold(at | st)

(3.1)

and Ât, an estimator of the advantage function at timestep t, PPO maximizes the following “surro-
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gate” objective:

LCLIP (θ) = Êt

[
min(rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât)

]
(3.2)

where ϵ is a hyperparameter. The clipping in Equation (3.2) prevents large policy updates and pe-

nalizes the probability ratio rt(θ) when it tries to move far away from 1.

When compared to the other algorithms, PPO is simpler and more data-efficient. Combining these

two reasons with the fact that this model is well studied and was already tried alongside the hard attention

mechanism we are using [31], made us choose PPO as the foundation for the model presented in this

thesis. Therefore, we are not only adapting PPO to our architecture but also comparing our model with

several versions of this algorithm.

3.1.2 Model-Based Reinforcement Learning

Although model-free agents are easier to build, they are also less sample efficient than model-based

agents because they take many more epochs to train [32]. Since model-based RL agents learn how

their environment behaves, they end up building their own world model, which makes them take much

fewer iterations to train. Nonetheless, this comes with the cost of needing to create more complex

architectures. These models condense all the past experiences of the agents and can be used to

predict the future states of the environment.

If the inputs are high-resolution images, it is beneficial to represent them in a compact manner. This

compressed and more efficient way of representing states is called a latent space. Since these models

can predict future frames, after some training they are even capable of dreaming, that is, creating their

own reality. Hence, they can be trained in a world created by themselves.

Taking advantage of the previous concepts, Ha and Schmidhuber [4] developed an agent that con-

sists of three components, which are represented in Figure 3.2:

• Vision: is a Variational Autoencoder (VAE) responsible for creating a latent space z of the input

observations. A VAE is a special autoencoder that, instead of returning single values, outputs a

probability distribution for each latent attribute;

• Memory: combines a Mixture Density Network (MDN) [33] with a recurrent neural network (MDN-

RNN) that stores what happened in the past and is capable of predicting the future. This module

estimates the probability distribution of the latent vectors;

• Controller: has access to the outputs of the other two components (z and h) and is able to select

the action to perform, maximizing its expected cumulative reward.
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Figure 3.2: Flow diagram of Ha and Schmidhuber’s agent. Adapted from [4]

The Vision and Memory models were trained using a backpropagation algorithm, unlike the Controller

whose parameters were optimized using an algorithm called Covariance-Matrix Adaptation Evolution

Strategy (CMA-ES). The authors tested this agent in two games, CarRacing and DoomTakeCover, and

it was capable of surpassing the required score to beat the game in both. In the first game, this agent

performed significantly better than models like DQN or A3C.

Following the previous model, Hafner et al. created DreamerV1 [34] and DreamerV2 [35], two mod-

els that are focused on learning long-horizon behaviors in their imaginary representation of the envi-

ronment. They can both be used to solve complex control tasks with continuous or discrete sets of

actions. DreamerV1 is an actor-critic model that uses the VAE from Ha and Schmidhuber, a Recurrent

State-Space Model (RSSM) [36] and three dense layers. DreamerV2 is more focused on discrete sets of

actions, beating Rainbow on 55 Atari games. This second version makes some improvements over the

first one and has six components that are neural networks: a recurrent model, a representation model,

a transition model, an image predictor, a reward predictor, and a discount predictor.

According to Zhu et al. [37], models like Dreamer that are focused on optimizing their policy on the

imaginary state space, take the risk of deviating from reality and getting stuck in local solutions that

are not optimal. With this problem in mind, Zhu et al. presented BrIdging Reality and Dream (BIRD),

a model that uses information from the real and imaginary trajectories, such that the resultant policy

learned using imagination can be a good generalization to the real world.

More recently, after the success that was AlphaGo Zero [38] and AlphaZero [39], Schrittwieser et al.

developed a more general model called MuZero [40]. Unlike its predecessors, this model did not have

the rules of games like Go or Chess incorporated into it. This meant it was capable of playing a wide

variety of games, even without having any knowledge about the environment dynamics. This algorithm
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accomplished such achievement by learning a model that, at each timestep, predicts three values: the

policy, the value function and the immediate reward. Given all past observations, this model can look for

future trajectories of actions using a search algorithm such as Monte Carlo Tree Search (MCTS). MCTS

is a probabilistic search algorithm that uses heuristics to efficiently search huge game trees. It combines

the previous three values using lookahead search and produces an improvement of the policy and the

value function. After that, we can use the policy to extract the set of actions to perform. When compared

to the other model-based RL agents, this model has a stronger emphasis on planning, which allows it

to play very complex classic board games such as Go, Chess and Shogi (Japanese Chess). In those

board games, MuZero matched the superhuman performance of its two predecessors, AlphaGo Zero

and Alpha Zero. Additionally, it also established a new state-of-the-art performance on 57 Atari games.

For example, when compared to Rainbow, MuZero achieved a median normalised score of 2041.1%,

while the first only got 231.1%.

After the presentation of all these models, we conclude that MuZero might be the current strongest

model, setting the benchmark for discrete action space games such as the Atari 2600 games. For games

with continuous actions like CarRacing-v0, the model from Ha and Schmidhuber has state-of-the-art

performance. Although they achieve such scores, all the previous models have too many parameters

and have to use low-resolution images of the environment, because they do not discard pixels having

irrelevant information for their task.

3.2 Reinforcement Learning Models with Attention

Although our eyes capture a large visual field, we have limited processing power, which means we need

to select which regions we want to allocate our resources to. Since computers also face the same

dilemma, our attention process has inspired the deep learning community to build similar mechanisms

to allocate better their resources. This research resulted in the development of models that are capable

of choosing which parts of the input are the most important, allocating more computational power to

them. Attention mechanisms already have a great impact on areas like natural language processing [41]

and speech recognition [42].

3.2.1 Soft Attention

Unlike hard attention, which is the focus of this work, soft attention has been more explored [17], so

there already exist some models we can use for comparison.

Mott et al. [43] developed a model that uses a soft, top-down attention mechanism to discover the

most relevant zones of the input image. The architecture of this model combines a CNN with LSTM
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networks and MLPs, resulting in a fully differentiable model that can be trained using backpropagation.

The attention mechanism produces attention maps that can be used to discover which parts of the input

the agent considered the most relevant for its task. This agent outperformed models like Rainbow across

multiple Atari games.

With a connection to the previous model of Ha and Schmidhuber [4], hereafter referenced as World

Models, Tang et al. [8] explored the concept of self-attention as a form of indirect encoding, enabling

the neural networks to have many fewer parameters. More precisely, this model has only 3,667 total

parameters, while World Models has 4,733,485. This model starts by resizing the input image, which

is slightly bigger than what World Models uses. Next, it divides the input into patches that are later

flattened. After that, the attention mechanism assigns a level of importance to each one of the patches

applying softmax, which can be seen as a voting mechanism. Then, the agent selects the K most

important patches and retrieves relevant features from them. These features are based on the location

of the patches and not on their contents. Finally, with this information, the controller, which is an LSTM

network, selects the action to perform. The authors decided not to use a backpropagation algorithm,

opting instead for CMA-ES. Like World Models, this agent was also tested on the CarRacing and

DoomTakeCover games, achieving slightly better performance on both. This model, unlike the other,

has good generalization capabilities, still being able to achieve competitive scores when deployed in

modifications of the two game environments, with color perturbations or different textures applied, after

being trained in the normal environments. This result is probably a good indication that a model with

attention mechanisms is more robust than one that has to process the entire input image.

There are also some variants of DQNs with attention mechanisms, such as the work of Sorokin et

al. [5]. Actually, their work is based on another derivation called Deep Recurrent Q-Network (DRQN) [44],

where the first fully connected layer of the DQN is replaced with an LSTM layer. The addition of a

memory component removes the need to use the last four frames as input every timestep, making it

use just the last one. Based on this change, Sorokin et al. presented the Deep Attention Recurrent Q-

Network (DARQN) with an architecture that has three layers: a CNN, an attention network, and an LSTM.

Figure 3.3 illustrates this architecture. Every timestep, the CNN receives a game frame st and produces

a set of feature maps vt. Then, the attention network receives vt, transforms it into a set of vectors,

and feeds the LSTM with their linear combination, calling them context vectors zt. The LSTM using its

previous hidden state ht−1 and the memory state ct−1, calculates the Q-value. The authors tested two

approaches for the attention network. The first one is a soft attention mechanism where different levels

of importance are given to each context vector, and it can be trained using backpropagation. The other

approach is based on hard attention, so it uses a policy to choose the attention location, which can

be trained using REINFORCE. In four of the five Atari games where both attention mechanisms were

tested, the soft attention network outperformed the hard. However, only in two of the five games, both
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attention mechanisms achieved higher scores than the DQN model.

CNN Attention

Network LSTM

CNN Attention

Network LSTM

Figure 3.3: DARQN architecture. Adapted from [5]

The fact that two of the previous soft attention models outperformed some well-established regular

RL agents is a good indication of the capabilities of attention mechanisms.

3.2.2 Hard Attention

Hard attention is the mechanism this work is focus on since it allows the model to control the reception

of its input. This is the condition necessary for the model to have active perception. In this mechanism,

the agent must choose where to look before having access to the context of the images, which makes it

discard the regions of the input that are not relevant. For this reason, hard attention is considered more

efficient and faster to train [15,17].

The paper that was found to replicate better the behavior of the human eye was the work of Mnih et al.

[7], where they present a model called Recurrent Attention Model (RAM). In their problem specification,

the agent does not have access to an entire image of the environment, so it uses a glimpse, a retina-like

representation of a portion of an image centered around a location l. The region of the image around l

has high resolution; regions further away from l have increasingly lower resolution. Such representation

is crucial to the performance of the agent and is what makes the complexity of the model not dependent

on the size of the input images. Instead, it depends on the size of the glimpses. This model has the

following components:

• Glimpse Network: receives the glimpse and its location and extracts into a vector a set of features

from them;

• Core Network: is an LSTM that builds the internal representation of the environment. It receives

the vector from the Glimpse Network and updates its hidden state;

• Action Network: uses the hidden state of the Core Network to predict the class label of the input;

• Location Network: uses the hidden state of the Core Network to select the coordinates for the

next glimpse location;
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The differentiable modules, which are the Glimpse, Core and Action Networks were trained using

backpropagation, while the Location Network used REINFORCE. This model was tested in image clas-

sification tasks on the MNIST dataset and playing the game of ”Catch”, outperforming a regular CNN in

both.

Later, Ba et al. [6] proposed an improvement on RAM called Deep Recurrent Attention Model

(DRAM), which was capable of dealing with multiple objects and real-world tasks. Figure 3.4 presents

the architecture of this model. Each timestep, the model receives an image xn and a set of coordi-

nates ln. In the Glimpse Network, a glimpse is extracted from xn and the features are transmitted to

the Recurrent Network, which has two LSTMs, r(1)n and r
(2)
n . To initialize the second LSTM, the Context

Network takes a low resolution image of the entire input that will help the Emission Network decide the

coordinates of the first glimpse. The output of first LSTM is used by the Classification Network to classify

the image received, while the output of the second LSTM is used by the Emission Network. The major

differences from RAM are the following:

• the addition of three convolutional layers to the Glimpse Network

• the inclusion of a second LSTM that receives the hidden state of the Core Network and outputs

the next location coordinates. This change allowed the separation between the representation of

the location policy and the representation of the classification/action policy;

• the introduction of a Context Network that uses a down-scaled image of the entire input to help

guide the model to the most relevant zones of the environment;

glimpse

classification

emission
context

Figure 3.4: DRAM architecture represented across several timesteps. Adapted from [6]

DRAM was tested on multi-object classification tasks in a cluttered and translated variant of the MNIST

dataset and transcribing house numbers from Google Street View images. The authors are confident

that their model is powerful and flexible enough to tackle other complex computer vision tasks.
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More recently, in his thesis, Zuur [31] tested a few variations of RAM and DRAM. The author created

two models, each one based on each architecture, where the Action (or Classification) Network and the

Location (or Emission) Network were separated from each other. This separation resulted in the use

of two Glimpse Networks, one that provided a smaller high-resolution image to the part of the network

that computed the next action, and another that gave a larger low-resolution image to help choose the

next glimpse location. Zuur also made several experiments: discovered the impact of computing the

Horizon-Aware value function instead of the usual state-value function; the effect of adding noise to the

exploration; and the difference between training the model using PPO or the REINFORCE algorithm.

The latter was the only experiment where a considerable difference was noticed. The author concluded

that when the tasks became more complex, PPO outperformed REINFORCE because its capacity for

extracting relevant information from a noisy environment was greater.

The previous architectures were mainly developed to complete image classification tasks. However,

there is also little research about models that were tested on video games.

Starting with [45], Gilmour et al. proved that is possible to adapt the DQN to choose not only an

action to take but also an image to look at. In their problem, the agent has to choose between three

different images of the input, each one of them having only one-third of the image not hidden. However,

outputting two different actions at the same time has the problem of combinatorial explosion. In order to

solve that problem, the CNN was branched into two different heads, each making one of the decisions.

The agent was trained using curriculum learning, learning first how to complete an easier task, and only

after succeeding on it, a more difficult task was given. The model was tested on the Atari game Pong,

and it showed worse performance than the regular DQN.

Gregor et al. [46] also adapted DQN to take advantage of visual attention capabilities, but now the

goal was to play the Pac-Man game. This solution implemented the concept of glimpses that we saw

on models like RAM, but unlike that paper, the authors assumed that the most relevant information

was always around Pac-Man. Hence, the agent did not need to choose where to look. This work

demonstrates that, at least in the Pac-Man game, an agent with attention outperforms another agent

without it, which receives an image of the entire environment as input. Additionally, they showed that

besides feeding the model with just a high-resolution glimpse, providing it also with low-resolution images

of the remaining surroundings, can improve the performance of the agent.

Recently, Sahni and Isbell [47] proposed a slightly different approach to implement a hard attention

agent. In their paper, the model tries, at every timestep, to reconstruct the full state of the environment

using only its partial observations while having the least possible reconstruction error. The authors

presented an architecture with two separate RL agents. Firstly, we have the Glimpse Agent that controls

the attention mechanism, choosing the location of the next glimpse. This choice has to reduce the

uncertainty of the internal representation of the environment state, in other words, it tries to maximize
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the amount of surprise, which leads to the maximization of the mutual information. In order to do

this, it uses a recurrent memory unit called Dynamic Memory Map (DMM), which is an adaptation for

partially observable environments of the SpatialNet [48], a model that learns the physical dynamics of

an environment, to predict them in the future. Since its only focus is to find the zones that the DMM

considers more difficult to reconstruct, this agent is independent of the task. Secondly, we have the

Environment Agent that uses its internal representation to select the next action to take. This architecture

was trained using PPO and tested in two games, whose objective was to reach a certain goal while

avoiding obstacles and enemies. In the end, the authors found out that this agent tends to get distracted

by random and unpredictable events in the environment.

The research on hard attention mechanisms applied to RL agents that play video games is scarce,

and from the papers presented here, we can see mixed results. In general, it is possible to note a

trend in all the presented architectures: the use of a CNN to extract features from the small region of

the input, and the use of two separate networks to deal with the selection of the action to take and the

location to look next. The use of LSTMs is also common in the majority of the models. After analyzing

all the models, RAM and its improvements, despite being mainly focused on image classification, looked

the most promising to be adapted to play video games. Combining this with the fact that the work of

Zuur [31] proved PPO is a good algorithm to be used in this type of architecture, we decided to choose

RAM as the base architecture of our model.

3.3 Active Visual Exploration

Although in this work we do not intend to build a model that is capable of reconstructing the entire

environment from its internal representation (model-based RL), we decided to have this section because

it proves that such task is possible and it could be useful for future work.

As we have seen in the last paper of the previous section, another solution to the problem of having

an agent with a limited vision of the environment is to build a model that is capable of imagining, from

the small glimpses it takes, how the entire environment is. This solution can take us to another type of

problem called active visual exploration. In this kind of problem, an agent is put in a new environment

and it must be able to explore it efficiently, in order to build a reconstruction of its entire surroundings.

In [49], Jayaraman and Grauman tackled this same problem. In their definition, the RL agent has a

limited number of timesteps to explore the environment. In the end, it has to output a representation of

the entire environment, which can be a scene or a 3D object. Since the agent has partial observability, it

cannot see the whole environment during the available time. This means it must choose the zones that

have the most amount of information, for it to make good generalizations of the unseen places. To solve

this task, the authors split their architecture into five modules, each one with a different function:
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• Sense: comprises a CNN, which receives as input an image of the environment, and a vector,

which stores proprioceptive metadata such as coordinates and relative motion from the previous

input. Sense outputs two vectors: one resulting from the processing of the image by the CNN and

the other is the metadata vector that was kept unchanged;

• Fuse: combines those two vectors and sends this information to Aggregate;

• Aggregate: is an LSTM that remembers the information from past observations. At each timestep,

it updates its encoded internal representation, sending it to Act and to Decode;

• Decode: translates the coded information and upscales it in order to build the predicted recon-

struction of the environment;

• Act: selects the next action to move its viewpoint.

This agent was trained using REINFORCE and was tested on the SUN360 [50] and ModelNet [51]

environments.

In [52], Ramakrishnan and Grauman showed another solution to the active visual exploration prob-

lem. The authors used the previous implementation from Jayaraman and Grauman and added what

they called a sidekick, an entity that complements the agent with alternative points of view, knowledge,

or skills. During training, the sidekick can see the full environment and solve a simpler problem. The

sidekick influences policy learning, accelerating the training of the agent and helping it converge to bet-

ter policies. In this work, two types of sidekicks are presented: a reward-based sidekick that defines a

set of views that can provide the most information about the environment; and a demonstration-based

sidekick that selects the trajectories that can be the most informative. The paper also presents a policy

visualization technique that displays a sequence of heatmaps showing the areas of the environment that

were most responsible for the actions of the agent.

Seifi and Tuytelaars [53] have the opinion that the agents from the previous two papers, despite

having the image coordinates of each glimpse, struggle to deduce the spatial correlation between them.

With this in mind, they proposed a model that does not use RL and where the LSTM layers in [49]

and [52] are replaced with spatial memory maps. The architecture of the agents is composed of three

modules:

• Local Reconstruction Module: receives glimpses and uses a super-resolution architecture to

upscale them to their full resolution

• Full Reconstruction Module: fits each upscaled glimpse in its correct location in a spatial memory

map. This map is a matrix that has the same dimensions as the input and is initially filled with zeros

• Attention Module: chooses where the agent should look next. The location that will be chosen is

the area of the input where the model’s reconstruction has the least information.
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This network was trained end-to-end with Adam optimizer [54].

In this topic, we saw that even while having limited vision of the environment, agents can still learn

how to fully reconstruct it.

From this chapter, we can conclude the works presented here show that regular RL agents achieve

state-of-the-art performance, surpassing even humans. However, those architectures are too complex

and take many hours to train because they do not avoid processing pixels that contain irrelevant in-

formation for their task. In order to minimize this problem, the existent models have been adapted to

comprehend attention mechanisms, creating more efficient solutions. In this chapter, we showed that,

when playing games such as CarRacing or DoomTakeCover, there already exist agents with soft at-

tention mechanisms agents capable of maintaining (at least) the performance of a model without those

mechanisms, being even more robust. However, the exploration of hard attention mechanisms applied

to this task has not been the focus of much research. This gap in the literature is what our work wants

to fill.
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In this chapter, we introduce a novel model called Glimpse-Based Actor-Critic (GBAC) that combines

a hard attention mechanism with a model-free RL algorithm. When compared to other RL models, GBAC

processes much fewer pixels, and its training parameters do not depend on the size of the input, which

makes it more efficient.

In our problem, the game environment gives, at each timestep, a frame of the game. Since our

model cannot have access to all the information of that frame, it has to select only a portion of it to be

its observation. That observation has the coordinates that were chosen by the model in the previous

timestep. During its interaction with the environment, our agent has to learn the best policy that selects

the action to be performed in the game. While doing this, the model also has to understand which

regions of the game frame have the most valuable information and learn another policy to choose the

set of coordinates to be taken in the next timestep.

As we have seen in Section 2.1.2, this problem can be seen as an instance of a POMDP. In our case,

the observations the agent takes are represented by the glimpses, and the history of past interactions

with the environment is stored in the hidden state of two LSTMs. When combining the memory, the

current glimpse, and the previously chosen location, the LSTMs have all the information needed to learn

the policies that select the actions and the locations to take next.

4.1 Architecture

The architecture of RAM [7] presented in Section 3.2.2 was the basis for our proposal, as a result, we

present it in Figure 4.1 and will describe it in more detail next.

Action 

Network

Location
Network

Core

Network+

Glimpse Network

Figure 4.1: Architecture of RAM. Image adapted from the original paper of Mnih et al. [7]

Every timestep, RAM receives the game frame st and a set of coordinates lt−1. Its Glimpse Network

takes a glimpse zt centered at lt−1 and extracts features, not only from zt, which are represented in

Figure 4.1 by kt, but also from lt−1. Using fully connected layers the two features are merged into

the vector gt. Next, this vector is fed to an LSTM, the Core Network, which stores all the previous
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information from the glimpses and the coordinates chosen, building its internal memory ht. After that,

ht is the input for two other networks, the Action Network and the Location Network, which are also

fully connected layers that select the next action at and coordinates lt, respectively. Since the Location

Network was non-differentiable, it was trained using the policy gradient method REINFORCE, while the

other components used backpropagation.

In contrast with this architecture, Figure 4.2 presents the architecture of our model where we can see

the modifications we have made to suit our problem. We start by receiving the same two inputs, a game

frame st and the set of coordinates lt−1, which our agent chose at the end of the previous timestep. The

Glimpse Network takes a glimpse from st centered at lt−1 and saves into kt the features extracted. After

that, the vector kt is used as the input of the Action Network. This network outputs not only the action

at the agent will take next, but also an estimate vt of the value function because we are now using an

actor-critic. kt is also used by the Location Network, which merges it with the features extracted from

the location lt−1 to select the next location coordinates lt. In opposition to RAM, instead of doing this

merging earlier, inside the Glimpse Network, we only do it in the Location Network.

Glimpse
Network

Action 

Network

Location
Network

Figure 4.2: Overview of the architecture of the Glimpse-Based Actor-Critic

We have already seen that after the publication of RAM, some papers, such as the works of Ba

et al. [6] and Zuur [31], proposed some improvements to that model. We also took some of those

refinements into consideration and adapted them to our problem. To start, we followed Ba et al. [6] and

added a CNN to the Glimpse Network (represented in Figure 4.3) because it was necessary for the

model to extract better features from the video frames. As one of the experiments done by Zuur [31]

suggested, we also found that it was beneficial to provide separate inputs for the Action and Location

Networks (Figure 4.2). Therefore, the configuration which performed best was the one that fed to the

Action Network only the features (kt) extracted from the glimpse, and to the Location Network the vector

resultant from the merge between kt and the features extracted from lt−1. Still with this idea of separating

the processes of choosing the next action and the next glimpse coordinates, we added an extra LSTM,

making the Action Network and the Location Network use their separate LSTM (Figures 4.4 and 4.5).

This separation destroyed the need for having an explicit Core Network like in RAM, avoiding the mix
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of information that is necessary for each task, and allowing us to fine-tune the parameters for each

LSTM. Before adding another LSTM to the model, we tested using just one, but our agent performed

poorly. The last change we made was the selection of PPO instead of REINFORCE to train the model

since it achieves better results in harder environments [31] and we found it simpler to train. This change

meant that in each timestep, our Action Network also needed to make a prediction vt about the quality

of performing the action at in the current state of the environment.

4.1.1 Glimpse Network

The Glimpse Network, represented in Figure 4.3, is the module responsible for extracting from the game

frame, the region the agent chose to focus its attention. With the image coordinates lt−1 chosen in

the previous timestep, this network extracts an observation zt from st, which is called a glimpse. This

glimpse can have multiple patches, each having double the size of the previous. For example, Figure 4.3

presents a glimpse with three patches. However, to simulate peripheral vision, all the larger patches are

downscaled to the dimension of the smallest. That smallest patch will have the highest resolution,

making it the focal point. Regarding the other patches, the larger they are, the further away they are

from the focus point, so the lower their resolution is. When compared to the original image, this process

results in a vector with fewer pixels.

After rescaling, the resultant vector passes through a set of convolutional layers and a fully connected

layer to extract a vector of features kt. The number of convolutional layers and their respective kernel

sizes and stride are changed depending on the size of the glimpse..

During this work, we assumed that the glimpses are always squares. If the coordinates of lt make

a patch catch pixels that are out of the bounds of st, that patch will be moved in order to fit inside the

frame. This mechanism proved to achieve better results than simply filling the pixels out of bounds with

a value.

CNN

Figure 4.3: Detailed diagram of the Glimpse Network of GBAC
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4.1.2 Action Network

The Action Network, depicted in Figure 4.4, is responsible to choose the game action at the agent should

perform in each timestep. Since we chose an actor-critic algorithm to train GBAC, the Action Network

also estimates the value function, which helps the agent to understand if it is performing well or not.

In this network, its LSTM saves the information kt extracted previously from the glimpse and com-

bines it with its hidden memory hg
t−1, which stores all the information gathered in earlier timesteps to

build an internal representation of the game environment. The new hidden state hg
t is fed to two fully

connected layers, the Actor and the Critic, that output the action at and the value vt, respectively.

LSTM

Actor

Critic

128

128

Figure 4.4: Detailed diagram of the Action Network of GBAC

4.1.3 Location Network

The Location Network, illustrated in Figure 4.5, is the module behind the hard attention mechanism and

is responsible to choose the image coordinates lt where the agent should look in the next timestep.

Those coordinates are sampled from a truncated normal distribution whose mean is given by this net-

work, being the standard deviation a fixed value.

In order to choose the mean value, the Location Network has a neural network that extracts features

from the coordinates lt−1, merging them with the features kt. The resultant vector gt is then used to

update the internal state of an LSTM. Its internal state hl
t is fed to the Locator, which is a neural network

with two fully connected layers and ReLU and Tanh activation functions, respectively. The Locator

chooses the mean value used in the truncated normal distribution from which the next set of coordinates

lt is extracted.

Since this model only uses a small portion of an image, its complexity is not dependent on the size

of the input image but rather on the size of its glimpses. This can be an advantage if the model has to

handle large images.
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LSTM

Locator
256

640

Figure 4.5: Detailed diagram of the Location Network of GBAC

4.2 Training

The training process of our model is very similar to the one presented by Schulman et al. in the PPO

paper [30]. We follow the suggestions they proposed, and the only difference is that we have two policy

losses, instead of just one. Like PPO, our model alternates between interacting with the environment to

get new information and updating both its policies with that new data.

When exploring the environment, in each timestep, the model saves the action and coordinates of

the glimpse it chose, the value function estimated by the critic, the reward received from the game, and

a flag that indicates if the current episode has finished.

After a predetermined number of timesteps, the model uses the collected data to update its policies.

For both policies, we use the “surrogate” objective already presented in Section 3.1.1:

LCLIPπ (θ) = Êt

[
min(rπt (θ)Ât, clip(r

π
t (θ), 1− ϵ, 1 + ϵ)Ât)

]
(4.1)

where ϵ is a hyperparameter and the advantage function Ât is computed recurring to Generalized

Advantage Estimation [55].

Besides the two policy losses, the objective has two more terms: an entropy bonus B that promotes

the exploration of the environment, and the squared-error loss of the value function, LV F
t . With these

additions, the objective’s formula is the following:

Lt(θ) = Êt

[
LCLIPa
t (θ) + L

CLIPg

t (θ)− αLV F
t (θ) + βB[πa](st)

]
(4.2)

where α and β are coefficients. Note that the entropy bonus is only calculated for the action policy,

not for both policies. Adding the same bonus for the location policy did not seem to improve the results,

thus we decided to keep the objective simpler.
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In this chapter, we present all the experiments that enabled us to test our model, establishing which

base PPO algorithm is the fairest choice to compare our model with, discovering which size of the

glimpses gives better results, and seeing how our model compares against another that uses a different

attention mechanism. In the end, we have all the information necessary to answer the questions in

Chapter 1.

5.1 Evaluation Process

In order to measure the performance of GBAC and compare it against state-of-the-art RL agents, we

selected three game environments with different characteristics. The comparison is made with three

versions of PPO [30] and the soft-attention agent from Tang et al. [8], measuring the episodic returns

the models get during training and testing.

5.1.1 Game Environments

The first two games are both from the Atari 2600 and have a discrete action space, while the third is

CarRacing [56] from OpenAI Gym [57] and has a continuous action space. We tried to select three

games that were not the easiest ones available and that required the agents to learn different sets of

skills, such that we could see how they were capable to adapt to each type of task.

Pong is a tennis-like game where we control a paddle vertically (in this case, the one on the left) and

play against another paddle controlled by the computer. The objective is to defend our side and deflect

the ball to the opponent’s side without it being able to catch it. The first player to reach 21 points wins.

In this game, the reward function gives +1 when the agent scores a point and -1 when the opponent

manages to score a point.

Space Invaders is a space combat game whose objective is to destroy all the enemies before they

reach the player. However, the enemies can also shoot lasers, so the agent has to be able to dodge

them too. The objective is to score the most amount of points by destroying enemies. The game ends

when the agent loses three lives or the enemies reach it. Depending on the distance to the enemies,

the reward to destroy them is different. For example, the enemies from the row that is the furthest from

the agent are worth 30 points, while the enemies from the closest row are only worth 5 points.

CarRacing is a top-down racing environment that consists in driving a car through a randomly gener-

ated track while taking the least amount of time. Being an environment with a continuous action space,

at each timestep, the agent has to choose values for the amount of steering input (-1 represents full left

and +1 full right), gas and breaking (0 is no input, +1 is maximum input). Being N the number of visited

tiles of the track, the agent receives as a reward +1000/N for every track tile that it visits and -0.1 for
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every frame that passes. The creator of this game environment considers the game is solved when an

agent consistently achieves scores ≥ 900 points.

In order to obtain the best performance in the Atari games, we used the same environment modifica-

tions proposed by Mnih et al. [2] and Machado et al. [58], thus leading to better results for these games.

Those modifications are well accepted and used in the literature and include:

• sampling initial states by taking between 1 to 30 no-ops actions when the environment resets to

create some stochasticity;

• always skipping four frames, repeating the agent’s last action and summing their rewards in those

skipped frames, in order to speed up the algorithm;

• marking the loss of one life as the end of an episode, in games that have a life counter like SpaceIn-

vaders;

• resizing the original image from 210x160 pixels to 84x84 pixels;

• clipping the rewards to +1, 0, or -1 depending on their sign;

• stacking four frames (when an LSTM is not used) to make the agent capable of understanding the

velocity and direction of moving objects;

• scaling the image from their [0, 255] original values to [0, 1].

5.1.2 State-of-the-art Reinforcement Learning Agents

We decided to compare GBAC with three different versions of PPO. The first one is the original PPO

agent presented by Schulman et al. [30] because it was used as the base for our model. However, since

our implementation uses LSTMs in its architecture and the version of PPO with an LSTM is also quite

common in the RL literature, we decided to choose the PPO+LSTM agent for comparison as well. The

third version of PPO we used is a modification of the PPO+LSTM algorithm where the restriction of only

using a small portion of the game frame was imposed. But, different from GBAC, the coordinates where

the agent looks are chosen completely randomly. This allows us to test if the perception mechanism

implemented in our model is better than one that makes its choices randomly.

The PPO implementation used in this work was not the original one provided by Schulman et al. [30]

in OpenAI Baselines [59], but rather a revised implementation presented by Shengyi et al. [60] that

closely follows the performance of the original. This implementation provides many versions of PPO

including one with an LSTM. To make the PPO agents capable of playing the selected games, we

added to their architecture a CNN with the same layout as the one presented in the DQN paper [2].
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By comparing GBAC with the first two versions of PPO, we can discover if it is possible to achieve

state-of-the-art performance playing video games, despite having a limited (but active) perception of the

environment, which was our first question.

Finally, in order to compare the two types of attention mechanisms, our model is also measured

against the soft attention agent of Tang et al. [8]. Consequently, we can answer the second question

and discover if one of the attention mechanisms is better than the other or if it depends on the task.

5.1.3 Evaluation Metrics

Evaluating RL models is never a straightforward task due to their high variance. For this reason, during

training and testing, we average the episodic return each agent achieved over the last 100 episodes.

In training, Pong, SpaceInvaders, and CarRacing learned during 15 million, 20 million, and 5 million

timesteps, respectively. Then, the agent that achieved the best performance over the last 100 episodes

is tested for another 100 episodes. For each configuration, the results are always the average over three

runs and their respective standard deviations are also presented.

Seeding is another aspect that can have an impact on the performance of the agent. Certain seeds

can make the agent perform significantly better or worse. Thus, in each run, the seed used in the

environment is chosen arbitrarily.

Regarding the policy that chooses the locations of the glimpses, in order to understand if our model

learns a behavior that resembles the human vision, we analyze the evolution of the policy throughout

the training phase and present a visual representation of the results. This is the information we need to

answer our third and final question.

Now that the entire evaluation process is detailed, we present, in the next sections, the results we

obtained.

5.2 Base Models Selection

In contrast to one of the modifications presented in Section 5.1.1, our model does not perform better

when the original image is resized. In fact, it never learned a way to beat its adversary in Pong when a

glimpse smaller than the resized size of 84x84 was used. This meant that with that setup, we could not

take advantage of the glimpse’s structure because the model needed the entire image to perform well,

which does not follow the restriction of our problem. An explanation for this result can be the fact that

since the glimpses taken by GBAC have multiple patches that end up being resized to a lower resolution,

and the input frame fed to the model was also resized, the loss in information might be so much that our

agent is not capable of solving the game.
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Therefore, to make the comparisons fair, we decided that the base PPO models should also use the

entire image as input. In order to discover how much this decision could impact the performance of the

base agents when playing the two Atari games, we studied the difference in performance between using

the original 210x160 image and the resized 84x84 input. In CarRacing, since the original image is just

96x96, we decided not to compare the base models with a resized version of the input. In addition, since

GBAC uses LSTMs, we compared PPO with PPO+LSTM to find out if they perform any differently.

PongNoFrameskip-v4 SpaceInvadersNoFrameskip-v4
Model Full Img. Max. Train Avg. Test Avg. Max. Train Avg. Test Avg.

PPO No 21.00 ± 0.01 20.98 ± 0.02 2090.00 ± 254.16 2013.07 ± 244.56
PPO Yes 20.91 ± 0.11 20.83 ± 0.13 2261.90 ± 295.87 2221.62 ± 201.31
PPO + LSTM No 20.11 ± 0.25 20.00 ± 0.31 1182.57 ± 259.03 1077.63 ± 245.82
PPO + LSTM Yes 20.03 ± 0.23 19.85 ± 0.39 900.20 ± 79.16 812.58 ± 111.51

Table 5.1: Comparison between the training and testing performance of PPO and PPO+LSTM, using a resized
frame (84x84) of the input and also the full game frame (210x160) in both Atari games

In Table 5.1, we show the training and testing performances that PPO and PPO+LSTM had when

using either the full image frame or the resized input (training graphics are also available in Appendix A,

Figure A.1 and Figure A.2). The results shown do not allow us to conclude with absolute certainty that

one way is better than the other. In Pong, there are not any significant differences in performance either

in regular PPO or in PPO+LSTM. In SpaceInvaders, for the regular PPO, the agent that uses the full

image achieves average returns that are around 200 points better than the agent that resizes the input.

This result indicates that, for this game, some useful information is lost during the resizing of the image.

However, for the model that uses PPO+LSTM, the opposite is verified. Since the size of the LSTMs was

the same in both cases, this suggests that for the full image, the LSTM needed to be bigger because it

could extract better data from fewer pixels.

CarRacing-v0
Model Max. Train Avg. Test Avg.

PPO 867.16 ± 6.64 824.31 ± 8.04
PPO+LSTM 783.62 ± 11.58 659.73 ± 24.42

Table 5.2: Comparison between the training and testing performance of PPO and PPO+LSTM using the full game
image (96x96) in the CarRacing game

Table 5.1 and Table 5.2 also present a comparison between the PPO and the PPO+LSTM agents

for the same type of input (the training graphic for the CarRacing game is also available in Figure A.3

from Appendix A). When analyzing their performance in the three games, we can see that the use of an

LSTM deteriorates the performance of the agent. Although in Pong, the difference is marginal because it

only means that on average instead of our agent winning most games with a 21-0 score, it wins them by

21-1. In SpaceInvaders, the performance drops by half, which is a significant reduction. This difference

in performance in SpaceInvaders can also be verified in the Stable-Baselines3’s [61] implementation
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of these two PPO versions. In CarRacing, there is also a drop in performance, even though it is less

accentuated than in SpaceInvaders. The major difference between the PPO and PPO+LSTM models

is that the former uses a stack of four frames as input, while the latter receives just one frame at a

time, counting on its LSTM to discover and store the information that is useful to the agent. Therefore,

in SpaceInvaders and in CarRacing, the LSTM is not able to store all the information needed, like the

velocity and direction of the objects from the game, which would allow the agent to perform better. In

CarRacing, the performance drop is less noticeable than in SpaceInvaders because the game frame is

smaller (96x96 vs. 210x160).

In short, from these results, we cannot conclude that using the resized frame is better than using the

full frame, and since our model utilizes the full image, in order to make the comparisons fairer, with as

many equal variables as possible, from here onwards, we will be referring to the version that uses an

LSTM and the entire frame as input when mentioning the base model.

5.3 GBAC Performance Analysis

In this section, we study the impact that different sizes of glimpses and different numbers of patches

have on the performance of our agent, as well as the evolution of the choices of the glimpse locations

and their comparison with human behavior.

5.3.1 Glimpse Sizes Study

(a) Example of a 40x40
glimpse with three
patches in SpaceIn-
vaders.

(b) Example of the resized patches the model receives from such
glimpse.

Figure 5.1: Representation of a glimpse with three patches in SpaceInvaders

45



In our architecture, each glimpse can have one or more patches. Since we stipulated that each new

patch has double the size of the previous, increasing the number of patches results in glimpses with a

smaller focus region. This means that if we want glimpses with two patches, the largest possible size for

the smallest patch is 80x80, with three patches it will be 40x40, and with four patches 20x20. Figure 5.1

demonstrates an example of a 40x40 glimpse with three patches and how the model sees the largest

patches after being rescaled.

The higher the number of patches, the larger the “peripheral vision” of our model. Nonetheless, this

increase in information comes with the price of it not being as detailed as the portions of the image

closer to the focal point.

With this in mind, besides their architectures, using glimpses with just one patch makes our model

no different from the base PPO agents. Therefore, the results from the agents that use glimpses with

one patch are just useful to compare the two architectures, and to discover how large the input image

has to be, in order for the agent to maintain its performance. Therefore, the results that are relevant to

understand the performance of our model are the ones given by configurations that use more than one

patch.

Tables 5.3 and 5.4 present the maximum training average and the testing performance of the best

glimpse size for each number of patches tried. A more detailed version where every possible glimpse

size is tested for each number of patches is available in Appendix A, in Table A.1 and Table A.2.

In the Pong Atari game, since the returns for this game are bounded between -21 and +21, when

analyzing the performance in the runs for each combination, we can see that one of three scenarios

occurred: the agent learned how to beat its adversary and ended up with scores close to +20; the

agent did not manage to learn anything useful, resulting in scores around -19; or the timesteps were not

enough for the agent to learn a good policy so it achieved a score between the previous two.

Regarding the glimpses with one patch, there is a clear difference in performance between the

glimpses with size 160x160 and all the others. In Pong, our agent did not manage to achieve scores

near +20 with the larger glimpse consistently because, in two of the three runs, the agent was still im-

proving its performance when the timesteps finished. Nonetheless, in SpaceInvaders the average score

of our model was closer to the one seen previously by the PPO+LSTM agent. In CarRacing, the glimpse

size with one patch that performed best was also the largest, 96x96, and it was capable of matching the

performance of the base agent in testing, beating it during training. Here, we see that the largest glimpse

size possible was the one that achieved the highest results for the three game. This trend is expected

since those are the sizes that gather the most number of pixels, which implies more information for the

agents to work with. Since we are just using one patch, the agent cannot gather the information that is

outside the glimpse size like it can when using glimpses with more than one patch.

Overall, these results prove that our agent is still capable of performing relatively well, even though
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not consistently, when the entire image is provided.

PongNoFrameskip-v4 SpaceInvadersNoFrameskip-v4
No. Patches Glimpse Size Max. Train Avg. Test Avg. Max. Train Avg. Test Avg.

1 160 7.61 ± 10.42 6.95 ± 10.89 741.45 ± 392.54 607.42 ± 287.84
2 80 7.15 ± 20.80 6.64 ± 21.14 444.18 ± 40.78 341.47 ± 25.71
3 40 20.06 ± 0.44 19.82 ± 0.88 596.50 ± 182.35 544.43 ± 166.79
4 20 -14.86 ± 5.39 -15.77 ± 4.82 439.72 ± 26.27 378.00 ± 28.70

Table 5.3: Training and testing performance of the best glimpse size for every number of patches tested in Pong
and SpaceInvaders.

CarRacing-v0
No. Patches Glimpse Size Max. Train Avg. Test Avg.

1 96 815.12 ± 5.75 660.02 ± 69.38
2 40 694.50 ± 107.94 641.11 ± 57.42
3 20 676.82 ± 84.89 564.00 ± 56.42

Table 5.4: Training and testing performance of the best glimpse size for every number of patches tested in CarRac-
ing.

Now, we will take a look at the results that are relevant to solve our problem, that is, the ones that

refer to using more than one patch. We see that in Pong, the performance when using glimpses with two

patches was slightly better than the previous because the standard deviation is much higher. The model

achieved a score of around +19 in two of the three runs. This slight difference might simply be due to the

random variance of the tests. However, in SpaceInvaders the results dropped almost by half. This drop

in performance from one patch to two, only happened in this game and we do not have a explanation for

it. In CarRacing, the achieved results maintain the performance seen while using one patch, although

with a much higher standard deviation during training.

In Pong, using three patches was the combination that achieved the best performance, being our

agent consistently capable of beating its opponent by 21-1. In SpaceInvaders, it was capable of per-

forming better than when using two patches but not as good as with one patch. However, in CarRacing,

we start to see the performance drop slightly in testing. In CarRacing, when compared to the Atari

games, the different in performance between each number of patches is very low. This may suggest

that this game might be easier to learn that the others.

Regarding the Pong game, after seeing the results until this point, we might think that the perfor-

mance keeps improving while we increase the number of patches of each glimpse. However, this is

not the case when we look at the performance when using four patches. In Pong, our model was not

capable of achieving a performance of +20 in, at least, one of the three runs, which was true in any

of the previous results. Regarding SpaceInvaders, the decrease in performance was not as severe as

in Pong, and the standard deviation in both training and testing was one of the smallest of any of the
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experiments. We believe this drop in performance is due to the fact that the model may have reached

the point where the glimpses start being so small and the larger patches have such lower resolution that

it has difficulties extracting useful information from them.

From this study, we can conclude that the performance of GBAC does not increase linearly with the

number of patches. It reaches a point where the information lost with the reduction of the glimpse size is

more significant than the information gained with the addition of another patch. The optimal number of

patches is three for the Atari games and two for CarRacing. Those numbers of patches proved to be the

right balance between having a patch size that discarded the irrelevant information, allowing the model

to just focus on the most important, and not being too small such that after rescaling the larger patches,

it was still possible to understand what was present in the ”peripheral vision” of the agent. Finally, we

saw that in most cases, the largest glimpse size possible for each number of patches is the one that

produces the best results. In CarRacing, for two and three patches this was not the case, and the sizes

48x48 and 24x24, respectively, did not give the best results, even though they were very close.

5.3.2 Glimpse Location Analysis

After discovering which glimpse sizes performed best, it is also important to understand how the location

of these glimpses is evolving throughout the training, and which behavior the model finds outs to be the

best. While making this analysis, we also compare the agent’s decisions with the choices we would

consider when playing the games.

(a) Glimpse coordinates heatmap for
Pong

(b) Glimpse coordinates heatmap for
SpaceInvaders

Figure 5.2: Heatmaps representating the amount of times during an episode that the agent chose a specific set of
image coordinates to be the center of the glimpse.

Regarding the regions that our best agents chose to look at during the episodes, we can see in Fig-

ure 5.2 that, for the Atari games, their distribution is relatively similar in both games. In SpaceInvaders,
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our agent keeps its focus near the center of the image, while in Pong, it chooses locations slightly up-

wards from the center. In general, the distribution of locations in both games has more choices closer to

the center and becomes more sparse the further they are from it.

Having the focus point almost near the center of the image, as we can see in Figure 5.2(a), means

that, in Pong, the agent gets the location of each paddle from its ”peripheral vision” (Figure 5.3). We

think that this choice is different from what a human would select to focus on in this particular game.

When we played, we paid more attention to the position of our own paddle and the ball.

Figure 5.3: Example of a 40x40 glimpse with three patches in Pong.

In relation to SpaceInvaders (Figure 5.2(b)), in our opinion, the choices are much closer to what a

human would do because the agent keeps its focus on the lower rows of enemies (Figure 5.1(a)), which

are the ones that need to be destroyed first.

Regarding Car Racing, our model presents quite unusual behavior during the training process, which

we could not find a plausible reason for. It starts similarly to the other two games with a circular normal

distribution for the location coordinates (Figure 5.4(a)). However, after a few training epochs, that distri-

bution starts dispersing over multiple parts of the entire image (Figure 5.4(b)). Then, it ends up in just

one region of the image but creates some kind of borders, which constrain the choice of coordinates,

and that do not correspond to the limits of the image (Figure 5.4(c)). This last behavior is the one that is

present in the best solution at the end of training.

In our opinion, even though in two of the three games, our model does not follow exactly what we

think is the human vision behavior when playing those video games, we would need a more systematic

way of analyzing the regions that we select to focus our attention, using, for example, an eye-tracking

device, to better compare the agent’s behavior in relation to humans.
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(a) Beginning of training (b) Right after the beginning (c) Rest of training

Figure 5.4: Heatmaps representing an example of the evolution of choices the agent made for the location of its
glimpses during training in the CarRacing game.

5.4 Base Models Comparison

In this section, we compare, during training and testing, GBAC and the three PPO models described

earlier. Besides comparing it with the two PPO versions discussed earlier, we also built a PPO+LSTM

variant that uses our glimpses as input, but the locations for those glimpses are chosen randomly.

Figure 5.5: Evolution of the average return over the last 100 training episodes of Pong across three different runs,
for the four models compared.

Table 5.5 presents a comparison between the performance of the PPO agents and our model in the

Pong game. From it, we can conclude that GBAC was capable of matching the performance of the

PPO+LSTM agent, consistently beating its opponent by 21-1. The difference to the regular PPO agent,

only means that our agents let the opponent score a point, while the other did not. In Figure 5.5, we see

that, during training, the two models that use an LSTM have a much higher variance in their average

50



PongNoFrameskip-v4
Model No. Patches Glimpse Size Max. Train Avg. Test Avg.

PPO - - 20.91 ± 0.11 20.83 ± 0.13
PPO + LSTM - - 20.03 ± 0.23 19.85 ± 0.39
GBAC 3 40 20.06 ± 0.44 19.82 ± 0.88
PPO Random Glimpses 3 40 -19.87 ± 0.05 -20.16 ± 0.11

Table 5.5: Comparison of the performance during training and testing achieved in Pong, by the four tested models.

episodic returns than the base PPO. Despite our model taking longer to reach good scores, it end ups

training between the two other models.

Regarding the PPO agent that took glimpses at random locations, we see that it performed very

poorly, not being able to learn an optimal policy to play Pong. Therefore, we can say that, in Pong,

choosing good glimpse locations matters.

Figure 5.6: Evolution of the average return over the last 100 training episodes of SpaceInvaders across three
different runs, for the four models compared.

SpaceInvadersNoFrameskip-v4
Model No. Patches Glimpse Size Max. Train Avg. Test Avg.

PPO - - 2261.90 ± 295.87 2221.62 ± 201.31
PPO + LSTM - - 900.20 ± 79.16 812.58 ± 111.51
GBAC 3 40 596.50 ± 182.35 544.43 ± 166.79
PPO Random Glimpses 3 40 516.62 ± 60.59 467.38 ± 50.53

Table 5.6: Comparison of the performance during training and testing achieved in SpaceInvaders, by the four tested
models.

Figure 5.6 and Table 5.6 present the results in SpaceInvaders. Besides already having a big loss

of performance when using an LSTM instead of stacking frames, our model is not capable of matching

the scores of the PPO+LSTM agent. However, we still consider it an interesting result, considering the
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viewing restrictions of our problem. While processing 86% fewer pixels than PPO+LSTM (4.800 vs.

33.600) in each timestep, GBAC only had a performance drop of 33%.

Unlike the previous game, this time the PPO model has a larger variance than the PPO+LSTM agent.

However, our model is still the one with the largest variance of the four.

In this game, the random agent has a performance that is on par with our model, which possibly

means that in SpaceInvaders the location of a glimpse is not that important. One possible reason

behind this proximity could be the fact that, in this game, GBAC can pay attention to a lot more things

that can improve the return received from the environment. As opposed to Pong, where our agent only

had three objects (two paddles and one ball) to keep track of.

Figure 5.7: Evolution of the average return over the last 100 training episodes of CarRacing across three different
runs, for the four compared models.

CarRacing-v0
Model No. Patches Glimpse Size Max. Train Avg. Test Avg.

PPO - - 867.16 ± 6.64 824.31 ± 8.04
PPO + LSTM - - 783.62 ± 11.58 659.73 ± 24.42
GBAC 2 40 694.50 ± 107.94 641.11 ± 57.42
PPO Random Glimpses 2 40 622.41 ± 17.89 589.87 ± 13.19

Table 5.7: Comparison of the performance during training and testing achieved in CarRacing, by the four tested
models.

Finally, Table 5.7 and Figure 5.7 show the performance of all the agents in CarRacing. We can see

that the performance drop from PPO to PPO+LSTM is much less accentuated, and our agent can match

the performance of the latter, having again the largest variance of the four models. However, in this

game, we see in Figure 5.7 that our model starts losing its good scores after the middle of training. This

may be due to that strange behavior when selecting the glimpse locations presented in the previous

section.
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Regarding the PPO with random glimpses, the performance difference is again not that far behind

our model. Since the generated track occupies a good portion of the image, it may be easier for the

random model to select good actions from every glimpse it receives.

In conclusion, we see that our model is capable of matching the performance of the PPO+LSTM

agent in two of the three games, while just using a portion of the game frame. An important fact we

should also mention is that, since the complexity of our model is independent of the size of the input, we

can achieve these results with a model that, in the Atari games, has 15% fewer total training parameters

(∼1.7M vs. ∼2.0M) than the PPO+LSTM model, and almost the same number has PPO. In CarRacing,

the model is bigger, but it still has 10% fewer parameters than PPO+LSTM (∼2.2M vs. ∼2.5M) and only

more 70k than PPO. If we use bigger environments having frames with many more pixels, this difference

between the number of training parameters required will only keep increasing.

5.5 Hard Attention vs. Soft Attention

In Section 3.2.1, we presented a soft attention model from Tang et al. [8] that divides the entire input

image into multiple squares, assigns a level of importance to each one, and selects the N most impor-

tant, which will be used by the model. Since this process refers to the other type of attention used in the

literature, we found it was relevant to compare our model to it too. Although the model was only tested

in CarRacing and DoomTakeCover, the code from the authors is available, thus we modified the model

to also support Atari games.

The model uses CMA-ES to train the controller, which is a very computationally intensive method

that takes several days to run. Since we did not have either the computational power or the time to

complete an entire session of training, we decided to run the soft attention model for as many hours as

GBAC took to train. Therefore, both models had similar computational time which allows us to test their

efficiency.

Table 5.8 compares the testing performance of the two attention models and shows the results pre-

sented by Tang et al. in their paper [8], as well as the scores we achieved with our training.

Model CarRacing-v0 PongNoFrameskip-v4 SpaceInvadersNF-v4
Soft Attention [8] (paper) 914.00 ± 15.00 - -
Soft Attention [8] (trained by us) 519.29 ± 293.53 -20.16 ± 0.87 67.66 ± 113.96
GBAC 641.11 ± 57.42 19.82 ± 0.88 544.43 ± 166.79

Table 5.8: Comparison between the average testing performance of each model during 100 episodes

From the results presented in Table 5.8, we can see that, regarding CarRacing, our model is not

capable of achieving the same performance as the soft attention agent, which beats the required score

of 900, established by the creator of the game. The version trained by us got a worse average than
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our model, but since it has such a high standard deviation, it might suggest that if we trained it for more

time, it would also be capable of beating our model. Figure 5.8 presents the top ten patches the model

found to be the most important during each frame, when playing each one of the games. Regarding

CarRacing, Figure 5.8(a) shows the model focuses its attention on the borders of the track and on the

car itself. This behavior matches the one presented by the authors.

(a) CarRacing (b) Pong (c) SpaceInvaders

Figure 5.8: Illustration of the 10 patches the soft attention model selected as the most important regions of the
frame to look at

In the two Atari games, while our model is capable of achieving almost the highest score possible

in Pong and has a decent performance in SpaceInvaders, we discovered that the soft attention model

performs poorly, not being able to learn a good policy to play either Pong or SpaceInvaders. In Pong,

Figure 5.8(b) shows that the model recognizes both paddles and the ball has the most important regions

to look at. However, it also focuses its attention on the top of the frame where the current score is

located. In SpaceInvaders, Figure 5.8(c) illustrates that the model, as opposed to GBAC, does not focus

on the bottom row of the enemies, preferring instead to pay attention to the top rows and the objects

that are between the enemies and our spaceship, which just serve as a place to get protection from the

shots fired by the enemies. Once again, we see the soft attention model focusing on the current score

at the top of the frame.

Since in the CarRacing game, we do not see the model focus on the bottom part of the frame where

the score and metrics (steering, gas, and braking) are, we suspect that one of the reasons for the poor

performance in the Atari games might be the focus on the scoreboard. Another suspicion might be

that, like we have seen in GBAC, the CarRacing game seems to be an easier game to learn, thus if we

made the controller in this model bigger, it might have been able to learn better how to play Pong and

SpaceInvaders. Our final suspicion is related to the hyperparameters used in both those games. Since

we did not make an exhaustive test for either the patch sizes to split the entire image frame or other

hyperparameters, there is also the possibility of existing more performance that we could not extract.
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Due to our limitations, from the results shown in this section, we cannot conclude that one attention

mechanism is better than the other because we have mixed results depending on the game. However,

we can say that attention mechanisms, which do not use the entire image as input, are showing promis-

ing results and are already capable, in some games, of at least matching the performance of regular RL

algorithms.
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This thesis proposed a solution for the problem of an agent that has limited vision, and for that reason,

besides deciding which action it has to take in the environment, it also has to choose which part of the

environment it should look at.

As far as we are aware, there are not many papers in the literature regarding this exact problem,

so we adapted a hard attention mechanism from an existing model called RAM, which applied it to

image classification. To train both that mechanism and the policy that chooses the actions to play the

game, we used PPO. Traditionally, this model-free RL algorithm has to receive the entire image as

input, forcing it to process information that might not be useful, which ends up increasing the number of

training parameters of the model because they are proportional to the size of the input. To minimize this

problem, these models use low-resolution images as input, which normally restricts them on the games

they are able to play and that are not representative of real-world tasks.

With the aim of trying to solve this problem, we proposed our model, whose number of parameters is

independent of the size of the input image, only depending on the size of the glimpses and their number

of patches.

Firstly, we proved that, for some games like Pong and CarRacing, our model is already capable of

achieving similar performance to the PPO version that more closely resembles our model, that is, the

variant that also uses an LSTM. On other games like SpaceInvaders, a drop in performance is verified,

with means, there still is room for improvement.

Secondly, we concluded that our model does not necessarily choose the same regions of the image

that we selected to look at when we played the video games ourselves. Only in SpaceInvaders we

considered this was verified. In addition, in CarRacing, we are not able to explain the reason behind the

unusual behavior of our model.

Finally, we understood that with the limitations we had, we were not able to conclude if a hard

attention mechanism is better than a soft attention mechanism, or vice versa.

6.1 Future Work

Future work could comprise a thorough study of the multiple parameters used not only by the PPO

algorithm but also by the attention mechanism. For example, during this work, we already realized that

changing the kernel and stride values for the CNN present in the Glimpse Network can have a significant

impact on the performance of the model, depending on the size of the glimpses used.

Another problem found that needs further investigation is the reason behind the high variance of this

model, when compared to the base PPO algorithms. In all the games tested, our model was always the

one with the highest variance. Therefore, solutions to reduce this variance could be addressed.

In addition, one suggestion that could improve our comparison between the glimpse movements of
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our model and human behavior, would be asking a group of people to play the video games used and

record their eye movements using an eye-tracking device. This approach would make this comparison

pass from only opinion-based to a more measurable and realistic metric.

Lastly, in this thesis we proposed a model-free agent and discovered that it already has an interesting

performance. We can now also question how would a model-based RL agent perform with these same

visual limitations.
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Figure A.1: Evolution of the average return over the last 100 training episodes of Pong across three different runs,
for PPO and PPO+LSTM, using either the full image frame or a resized version.

Figure A.2: Evolution of the average return over the last 100 training episodes of SpaceInvaders across three
different runs, for PPO and PPO+LSTM, using either the full image frame or a resized version.
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Figure A.3: Evolution of the average return over the last 100 training episodes of CarRacing across three different
runs, for PPO and PPO+LSTM, only using the full image frame.
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PongNoFrameskip-v4 SpaceInvadersNoFrameskip-v4
No. Patches Glimpse Size Max. Train Avg. Test Avg. Max. Train Avg. Test Avg.

1 160 7.61 ± 10.42 6.95 ± 10.89 741.45 ± 392.54 607.42 ± 287.84
1 150 -18.96 ± 1.67 -19.32 ± 1.38 384.43 ± 72.19 338.45 ± 59.50
1 140 -18.93 ± 1.80 -19.36 ± 1.47 386.50 ± 75.94 347.08 ± 99.27
1 130 -19.92 ± 0.04 -20.19 ± 0.03 330.76 ± 77.16 265.00 ± 53.71
1 120 -19.86 ± 0.04 -20.06 ± 0.05 343.98 ± 137.35 273.00 ± 113.99
1 110 -19.89 ± 0.11 -20.22 ± 0.08 381.66 ± 85.91 340.12 ± 77.90
1 100 -19.89 ± 0.05 -20.24 ± 0.11 321.91 ± 51.51 256.78 ± 77.16
1 90 -19.65 ± 0.42 -19.90 ± 0.36 285.76 ± 61.01 214.35 ± 23.69
1 80 -19.90 ± 0.01 -20.28 ± 0.05 244.53 ± 7.94 190.83 ± 26.97
1 70 -18.47 ± 1.30 -18.88 ± 1.08 243.08 ± 23.85 186.83 ± 19.25
1 60 -19.89 ± 0.05 -20.16 ± 0.09 232.95 ± 17.10 214.58 ± 13.55
1 50 -19.63 ± 0.54 -19.80 ± 0.56 251.46 ± 33.61 190.62 ± 22.40
1 40 -19.93 ± 0.04 -20.19 ± 0.11 218.78 ± 2.93 163.42 ± 14.12
1 30 -19.95 ± 0.03 -20.17 ± 0.17 221.73 ± 4.20 170.33 ± 21.35
1 20 -19.75 ± 0.32 -20.11 ± 0.25 244.51 ± 4.90 203.97 ± 23.26
1 10 -19.87 ± 0.07 -20.23 ± 0.06 238.90± 15.14 188.23 ± 32.58
2 80 7.15 ± 20.80 6.64 ± 21.14 444.18 ± 40.78 341.47 ± 25.71
2 70 -6.68 ± 22.92 -6.99 ± 22.80 371.68 ± 58.30 296.10 ± 36.34
2 60 -19.86 ± 0.05 -20.27 ± 0.18 371.21 ± 6.30 350.15 ± 10.13
2 50 -16.72 ± 5.48 -17.17 ± 5.20 283.81 ± 76.94 217.58± 62.06
2 40 -19.91 ± 0.03 -20.19 ± 0.07 252.58 ± 22.31 194.52 ± 26.93
2 30 -17.24 ± 2.34 -17.52 ± 2.43 248.98 ± 5.78 208.03 ± 7.23
2 20 -19.87 ± 0.07 -20.17 ± 0.16 241.50 ± 10.81 190.52 ± 31.40
2 10 -19.91 ± 0.06 -20.24 ± 0.09 243.51 ± 5.16 209.43 ± 32.67
3 40 20.06 ± 0.44 19.82 ± 0.88 596.50 ± 182.35 544.43 ± 166.79
3 30 -10.99 ± 10.42 -11.80 ± 9.05 274.38 ± 5.24 212.07 ± 34.62
3 20 -19.92 ± 0.01 -20.12 ± 0.10 293.12 ± 28.46 228.63 ± 28.06
3 10 -19.93 ± 0.03 -20.35 ± 0.39 251.60 ± 12.27 194.13 ± 31.28
4 20 -14.86 ± 5.39 -15.77 ± 4.82 439.72 ± 26.27 378.00 ± 28.70
4 10 -19.86 ± 0.05 -20.23 ± 0.08 297.45 ± 9.98 252.77 ± 13.72

Table A.1: Training and testing performance of every glimpse size for every number of patches tested in Pong and
SpaceInvaders.
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CarRacing-v0
No. Patches Glimpse Size Max. Train Avg. Test Avg.

1 96 815.12 ± 5.75 660.02 ± 69.38
1 90 675.12 ± 84.89 607.46 ± 39.81
1 80 741.03 ± 112.73 534.56 ± 72.77
1 70 747.12 ± 103.91 258.70 ± 274.03
1 60 692.40 ± 121.21 546.35 ± 40.01
1 50 559.05 ± 19.45 361.30 ± 73.27
1 40 539.68 ± 11.35 485.85 ± 9.80
1 30 187.67 ± 136.04 32.64 ± 81.82
1 20 155.15 ± 77.05 152.99 ± 75.43
1 10 138.51 ± 88.40 128.90 ± 94.17
2 48 748.70 ± 74.90 544.58 ± 132.04
2 40 694.50 ± 107.94 641.11 ± 57.42
2 30 616.74 ± 84.43 347.20 ± 243.31
2 20 465.76 ± 74.51 375.30 ± 164.83
2 10 161.44 ± 36.96 145.80 ± 48.40
3 24 700.53 ± 28.06 472.35 ± 295.73
3 20 676.82 ± 84.89 564.00 ± 56.42
3 10 545.18 ± 92.57 509.85 ± 70.74

Table A.2: Training and testing performance of every glimpse size for every number of patches tested in CarRacing.
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Table B.1 and Table B.2 list the parameters that were used during training for the two Atari games

and CarRacing, in the Glimpse-Based Actor-Critic and the soft attention model from Tang et al. [8].

Hyperparameter Value(s)

P
P

O

Advantage normalization True
Annealing learning rate True
Batch size [1024, 2048]
Clipping coefficient - action [0.1, 0.2]
Clipping coefficient - location 0.2
Clipped value loss True
Entropy coefficient [0.01, 0]
GAE lambda 0.95
Gamma 0.99
Grayscale True
Learning rate - action [2.5e-4, 3e-4]
Learning rate - location 3e-5
Locator normal distrib. variance 0.1
Maximum gradient clipping norm 0.5
Minibatch size [256, 64]
No. environments [8, 1]
No. minibatches [4, 32]
No. steps [128, 2048]
Optimizer Adam
Update k epochs [4, 10]
Value function coefficient 0.5

G
lim

ps
e

Glimpse scale 2
Glimpse FC layer size [384, 512]
Location FC layer size 256
LSTM size 128
No. glimpses 1

Table B.1: List of parameters used in GBAC, in the Atari games and CarRacing, respectively
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Hyperparameter Value(s)

C
M

A
-E

S init sigma 0.1
n repeat [5, 16]
population size 256
seed 0

M
od

el

activation Tanh
data dim 3
l2 coefficient 0
normalize positions True
num hiddens 16
output activation Tanh
output dim [6, 3]
patch size [20, 7]
patch stride [10, 4]
query dim 4
top k 10
use lstm controller True

Table B.2: List of parameters used in the soft attention model of Tang el al. [8], in the Atari games and CarRacing,
respectively
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