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Abstract— This thesis focuses on the challenge of decoupling
state perception and function approximation when applying
Deep Learning Methods within Reinforcement Learning. As a
starting point, high-dimensional states were considered, being
this the fundamental limitation when applying Reinforcement
Learning to real world tasks. Addressing the Curse of Dimen-
sionality issue, we propose to reduce the dimensionality of data
in order to obtain succinct codes (internal representations of the
environment), to be used as alternative states in a Reinforcement
Learning framework.

Different approaches were made along the last few decades,
including Kernel Machines with Hand-crafted features, where
the choice of appropriate filters for each particular task
consumed a considerable amount of research. In this work,
various Deep Learning methods with unsupervised learning
mechanisms were considered.

Another key thematic relates to estimating Q-values for large
state-spaces, where tabular approaches are no longer feasible.
As a mean to perform Q-function approximation, we search
for supervised learning methods within Deep Learning.

The objectives of this thesis include a detailed exploration
and understanding of the proposed methods with the imple-
mentation of a neural controller. Several simulations were per-
formed taking into account a variety of optimization procedures
and increased parameters to draw several conclusions.

Several architectures were used as a Q-value function ap-
proximation. To infer better approaches and hint for higher
scale applications, a trial between two similar types of Q-
networks were conducted. Implementations regarding state-of-
the-art techniques were tested on classic control problems.

I. INTRODUCTION

Deep Learning arose to popularity as a field at the
ImageNet Large-Scale Visual Recognition Competition
(ILSVRC) of 2012 when a conv-net had victory, with a
state-of-the-art top-5 error of 15.3% from 25%, against other
methods, as sparse-coding [1], with the latest competitions
achieving errors close to 3%.Both traffic signs classification
[2], enhanced localization and detection on images used
convolutional networks [3]. Probabilistic reasoning through
classification had also been applied with success in auto-
mated medical diagnosis. Besides image recognition, speech
recognition has seen overwhelming improvements with a
drop of error rates after a decade of stagnation [4]. Since
then, the complexity, scale, and accuracy of deep networks
have increased and the complexity of tasks that can be solved
has grown. For instance, neural networks can learn outputting
chains of letters and numbers taken from images, instead of
only proposing one object [5]. Another interesting neural
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network designed to model sequences, LSTM (Long Short-
Term Memory) has arisen in popularity with the application
of machine translation [6]. Creative applications of neural
networks shown a neural network could potentially learn
entire programs, leading to revolutionary [7] (but still in
a embryonal stage) self-programming technology. In rein-
forcement learning, recent research included Deep Learning
architectures to obtain succinct state representations in a
data efficient manner with Deep Auto-Encoders [8]. Recently
Google published in nature a reinforcement learning frame-
work, where the same model was used to learn different
ATARI games, achieving human performance in half of the
tested games [9]. Research by Google DeepMind, using a
Deep Neural Network and tree-search, allowed the creation
of an algorithm capable of beating a master at the game
GO [10]. Furthermore, asynchronous methods for Deep Re-
inforcement Learning have been used for neural controllers,
namely in tasks of navigation in 3D environments with even
greater success than previous methods [11]. In robotics,
Deep Learning was successfully applied to solve classical
control tasks, such as an inverted pole, directly from raw
visual inputs [12]. End-to-End training of deep visuomotor
policies using a convolutional network and several fully
connected layers, from raw visual inputs to the motors at the
joints, demonstrated higher performances when compared to
previous methods [13]. At the end of the writing of this
thesis, Deep Learning was also applied to self-driving car
technology [14].

This extended abstract is organized as follows: Section II
enumerates the reinforcement learning challenges ahead.
Section III describes the framework of the problem and
outlines the underlying concepts used. Section IV develops
the methodologies applied for state reduction, based around
several architectures, supported by simulations. The results
from these are presented. Section V considers the exploration
of two main Q-value approximations with several tests.
Section VI contemplates a partial DQN (multilayer-network
at the output layer) similar to our previous Q-networks, to
be tested on two MDP classic control problems. Conclusions
and ideas for future work are reported in Section VII.

II. PROBLEM STATEMENT

The application of reinforcement learning rises several
challenges. Information about the environment, when consid-
ering real world or complex tasks, is often overwhelming.
Implementations considering raw unprocessed data from
perceptions are often infeasible, due to the massive data
availability, corresponding to memory usage and processing
power. A second concern resides upon entering the realm of
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large state-spaces. Identifying and classifying similar states
and their properties, thus generalizing the environment with
a sufficient model, is quintessential.

Therefore, this thesis approaches two reinforcement learn-
ing challenges: encoding raw input into meaningful states;
and generalizing the environment from a proper model.

To tackle the previous, deep learning methods were ex-
plored as an instrument alongside state-of-the-art reinforce-
ment learning considerations.

The first problem was approached by considering unsu-
pervised learning such as auto-encoders and stacked auto-
encoders to perform dimensionality reduction on high-
dimensional images from a toy problem. Several compre-
hensive experiments were performed, adjusting the number
of neurons and the optimization procedure. The aim of the
former mentioned tests were to verify the impact of choosing
different architectures for the specific task.

The second problem was firstly tackled with two similar
neural networks, depicting two Q-function approximations.
An offline method to train both networks under the same
conditions was used. A battery of tests was conducted to
achieve a conclusive result on better practices. Furthermore,
the best Q-function architecture was used on a much larger
state-space. To accomplish this, a more efficient algorithm,
was employed along side better procedures. Results are final
drawn within two classic control tasks.

III. DEEP LEARNING APPROACH
This thesis aims to explore a solution started with

algorithms inspired in the works of recent Deep Learning
applications ([8] and [15]) with efficient practices elaborated
regarding the genesis of a Q-value function [9]. Deep learn-
ing will enhance reinforcement learning, solving (in some
degree) the Curse of Dimensionality by doing unsupervised
learning on input data to obtain state representations and
supervised learning on a Q-value function approximation.
Starting with a raw data input vector, which could be black
and white pixels from an image, a music, or electromagnetic
signals of any kind. In sum, information our agent receives
from the world:

xinput ∈ RD (1)

where RD is the dimension of the input vector. The anal-
ysis proceeds by extracting properties with a unsupervised
learning algorithm, where we extract the components with
the highest variance from the data.

Auto-Encoders are feed-forward neural networks. A Lin-
ear Factor model only specifies a parametric encoder,
whereas an auto-encoder specifies a decoder and an encoder.

We will use Neural Networks with non-linear activations,
Stacked Auto-Encoders and denote each hidden layer as a
composite function of other hidden layers, by the following
notation:

z =h(g1(xinput)) ∈ RB

x̃ =g2(z) ∈ RD
(2)

and space RB might be in a higher dimension than RD in
the case of an over-complete Stacked Auto-Encoder. In this

thesis an under-complete Auto-Encoder is used to compress
raw data into more manageable states. This is specially
important for reinforcement learning, since data efficient
methods to perform a large amount of iterations and deal
with learning in real-time are paramount.

Defining the problem as a Markov Decision Process, our
states are vectors of features with a finite action space, and
actions will be deterministic, hence:

st = z ∈ RB π(st) = at with at ∈ RA (3)

Starting with the Bellman expectation equation, we may
compute a value function Qπ for a certain policy π, thus:

Qπ(st,at) =Est [rt+1 + γrt+2 + γ2rt+3 + ...|(st,at)]
=Est+1

[rt+1 + γ Qπ(st+1,at+1)|(st,at)]
(4)

or the Bellman optimality equation, unrolling an optimal
value function Q∗:

Q∗(st,at) = Est+1
[rt+1 + γmax

at+1

Q∗(st+1,at+1)|st,at] (5)

From here, one could directly search for the optimal pol-
icy, on the policy space, solving iteratively the Equation. (4),
known as policy iteration. In a deterministic environment the
expectation simplifies to:

Qi+1(st,at) = rt+1 + γ Qi(st+1,at+1) (6)

or directly solving Equation. (5) by value iteration:

Qi+1(st,at) = rt+1 + γmax
at+1

Qi(st+1,at+1) (7)

Since our state space might still be very large, an approx-
imation for Qπ(st,at) is considered. We will use a neural
network, which might be refereed as a "Deep Value func-
tion", in analogy to Deep Neural networks, thus obtaining a
non-linear value iteration:

Q∗(st,at;θ) ≈ Q∗(st,at) (8)

the parameters of the neural network, i.e, weights and biases
are represented by θ. Finally, after stipulating a neural
network to represent our value function, one needs to define
an objective function (loss function) to define train. To
accomplish this, tuples of experiences (st,at,st+1,rt+1) from
the gathered data set (also referenced as replay memory) D
have to be sampled. Since it is a regression problem, we will
use mean square error to propagate parameter changes, on
the following manner:

Li(θi) = E(st,at,st+1,rt+1)∼D[(rt+1

+ γmax
at+1

Q(st+1,at+1;θi−1)−Q(st,at;θi))
2] (9)

therefore r + γmaxat+1
Q(st+1,at+1; θi−1) is the network

target [9] (critic term) and Q(st,at; θ) is the current output
of the network (actor term) after a forward-pass. Our goal is
to lower the expectation of them being different after every
iteration. The gradient of Eq. (9) is presented:

∇θiLi(θ) = E(st,at,st+1,rt+1)∼D[(rt+1

+ γmax
at+1

Q(st+1,at+1;θi−1)

−Q(st,at;θ))∇θiQ(st,at,θi)]

(10)



The objective function is then optimized end-to-end, ac-
cording to an optimization procedure, using ∇θiLi(θi).

A Neural Fitted Q-funcition [15] was elaborated and a
small variation [9] considered a fully connected network of
different output layer dimension (one Q-value per action to
increase overall computational performance).

Both Networks (Stacked Auto-Encoders and Feed-Forward
Network) are connected, although they are pre-trained and
trained separately. The final architecture is tested on a mini-
game.

For the construction of the Neural Fitted Q-iteration we
revised [15] with a small variation inspired in [9] fully con-
nected network (one Q-value per action to increase overall
computational performance).

Both Networks (Stacked Auto-Encoders and Feed-Forward
Network) are connected, although they are pre-trained and
trained separately, the final architecture is tested on a mini-
game.

In addition, the fully connected network regarding Q-
function approximation is also tested according to [9] (same
hyper-paramaters, optimization procedures, non-linearites
but different dimensions) in two classic control problems III-
B .

A. Purposed Deep Reinforcement Framework

In this thesis, a stacked auto-encoder was selected,
as suggested in [8] and for the Q function-aproximation
[15] with a small alteration inspired on [9] to lower the
computational costs by a factor of the number of actions
(each time we access the maximum Q-value for every state
in every iteration). In sum, the pre-training of stacked auto-
encoder was applied for the state reduction and appling
alongside NFQ algorithm. Furthermore, a partial DQN (the
fully connected structure) is presented as a less compu-
tational expensive alternative to NFQ. Nevertheless, other
supervised/unsupervised methods might emerge in the forth-
coming years. A general scheme Fig. 1 and an algorithm
Alg. 1 are both presented. Moreover, specific implementa-
tions are designed and described in Sec. III-B and finally
tested at Chap. V.

B. Test Bed Environment

1) Toy Problem:Maze:

• A finite set of states S, each image (100 × 100 pix-
els used, resulting in 10000-dimensional input vectors)
produced by the interaction between the maze and our
learning agent.

• A finite set of actions A, four actions, (at = 0 : left),
(at = 1 : right), (at = 2 : up) and (at = 3 : down).

• A reward function r = R(st,at,st+1), the immediate
reward of performing a given action at in the maze:
r = 0, if the agent moves to an empty space; r = −1,
if a wall is met; and r = 1, if the agent reaches the
goal.

Algorithm 1 Deep RL Pseudo Algorithm

1: Initialize Neural Network
2: Initialize Pattern Set P
3: Initialize Memory Replay D
4: for each episode step do
5: Observe ot and convert to st
6: Select at according to ε-greedy((nnetQ,st,ε))
7: Take action at, observe rt+1, ot+1

8: Store Experience in D
9: Use unsupervised learning method with o

10: observations from D
11: Use encoder F : X→ Z to convert
12: observations o into s = z
13: P.sit ← s
14: P.sit+1 ← st+1

15: P.ri ← r
16: P.ai ← a
17: if s == terminal then
18: Break
19: end if
20: run(SupervisedLearningMethod(nnetQ,P ))
21: Reset Pattern Set P
22: end for

Collecting Samples
• Do actions according to

an ε- greedy strategy
• Gather full experience

samples, the image before
and after the action and
corresponding reward
(ot,at,ot+1,rt+1) into a
set D

Converting samples
• Convert each ot,ot+1 into
st = h(ot), st+1 =
h(ot+1) using unsuper-
vised learning.

• Collecting each
(st,at,st+1,rt+1) into a
P set.

Unsuper. Learning
Train a
unsupervised
learning algorithm
with the gathered
set of images

Supervised Learning
Using the P set, we
will use Deep neu-
ral network as fuc-
ntion aproximation
to the Q-function
until a convergence
criteria is met

Fig. 1: Deep Reinforcement Learning Scheme.

2) Mountain Car: This classic problem was first de-
scribed in [16]. A car starting from the bottom of a two-
hill mountain aims to reach the top of the right hill. The
car is not able to reach the top applying only one action
(right velocity), it has to balance to the left first and gain
momentum on the descent.

xt+1 = xt + vt+1τ , x ∈ [−1.2,0.6](m)

vt+1 = vt + (a− 1)0.001 + cos(3xt)(−0.0025)τ

, v ∈ [−0.07,0.07](m/s)

(11)

Where τ = 1 second/step and a varies from (0,1,2).
image of the car here
• Environment dynamics st : (x = position,v =



velocity) ∈ S, which represents a vector of position
and velocity, following the dynamics presented above
Eq. 11. The starting position is x0 = −0.5(m) at the
middle of the hill. The goal is met if the cart is able to
reach x > 0.5(m).

• A finite set of actions A, three actions, apply left thrust
(at = 0 : left), no action (at = 1 : NoAction) and
right thrust(at = 2 : right).

• A reward function r = R(st,at,st+1), the reward is
r = −1 across all the state-space.

3) Cart Pole: Simplified cart pole problem without fric-
tion [17] (between cart/pole and cart/track). The angle be-
tween the pole and the verical axis is θ and x is the horizontal
position of the cart. The problem dynamics can be converted
to by the following equations:

xt+1 = xt + τ ẋt

ẋt+1 = ẋt + τ ẍt

ẍt =
F +ml(θ̇2t sin(θt)− θ̈tcos(θt))

m+M

θt+1 = θt + τ θ̇t

θ̇t+1 = θ̇t + τ θ̈t

θ̈t =
gsin(θt) + cos(θt)(

−F−mlθ̇t
2
sin(θt)

m+M )

l( 4
3 −

mcos(θt)2

m+M )

(12)

where τ = 0.02(seconds/step), the length of the pole l =
0.5(m), F = ±10 is the magnitude of the force applied by
our agent. The mass of the pole is m = 0.1(kg), mass of
the cart m = 1.0(kg) and gravity g = 9.8(ms−2)

• Environment dynamics st : (xt, ẋt, θt,θ̇) ∈
S, consisting of a state for the agent, following the
dynamics presented above Eq. 12. The starting position
is s0, a uniform randomized 4-D vector with boundaries
for each variable of [−0.05,0.05]. The goal is to balance
the pole as long as possible. Each episode stops when
||xt|| > 2.4(m) or ||θt|| > 24

360 (rad)
• A finite set of actions A, two actions, apply left thrust

(a = −1 : F = −10(N)), or right thrust(a = 1 : F =
10(N)).

• A reward function r = R(st,at,st+1), in the used
model, the reward is r = 1 in every state.

IV. STATE REDUCTION DESIGN

Comprehensive tests varying the number of neurons, num-
ber of layers, and testing with two different optimization
procedures were performed. A random dataset was provided
(simulating data set D) with one hundred images from
different frames of the maze shown in Fig. 12. In sum these
tests, lead us to the selection of the final architecture. Based
on this results, this architecture will be coupled with the NFQ
for Deep Reinforcement Learning at Section V.

A. Auto-Encoders varying the number of neurons

The number of neurons at the bottleneck have a strong
impact in the reconstruction error. Each neuron increases

(a) SCG with Mean Square
Error.

(b) Corresponding Boxplot of
the final iteration.

(c) RPROP with Mean Square
Error.

(d) Corresponding Boxplot of
the final iteration.

Fig. 2: Tests performed on AEs varying the number of
neurons from five to ten at the bottleneck using SCG and
RPROP. Boxplots show the median and variance of the error
at the last Epoch on one hundred tests.

the complexity of our model by adding more degrees of
freedom to the reconstruction. Many neurons could be added
to the bottleneck (middle low dimensional hidden layer)
as in the case of an over-complete auto-encoder, requiring
increased computational and time efforts. Approaching the
Curse of Dimensionality [18] problematic, a reduced number
of neurons at the bottleneck is desirable. Starting with only
five neurons at the first shallow auto-encoder, which will then
be increased up to ten neurons on the pre-training phase. In
order to have statistic relevance within these experiments,
weights are randomly initialized. One hundred full trainings
were preformed until convergence (low absolute value of
the training criterion) or with a maximum of one thousand
epochs, to reveal robustness in the optimization procedures.

Increasing the number of neurons has a strong impact
in the performance measured (as seen in Fig 2). Adding
additional neurons give our model extra degrees of freedom,
capturing the data distribution accurately.

B. Auto-Encoders varying the optimization procedure

In this section, a comparison between both training proce-
dures used, RPROP and SCG, was elaborated, when applied



(a) SCG vs RPROP with MSE. (b) Boxplot of the final
iteration.

Fig. 3: Comparing different optimization procedures with a
AE of ten neurons.

to the ten neuron shallow Auto-Encoder, which had the
lowest reconstructions errors on the previous section. As
illustrated in Fig 3 and stated at [19], the convergence is
accelerated by using RPROP. A limit of one thousand epochs
was kept, since most RPROP tests converged below this
number.

Furthermore, the results obtained here, corroborate [20],
in which was stated that RPROP is superior to SCG (in
achieving a small MSE error amongst the training data set),
when the objective function contains discontinuities or the
number of patterns is small.

C. Stacked Auto-Encoder Resolution

It was mathematically demonstrated [21] and empirically
put in practice with [22], that a properly trained Stacked
auto-encoder could compress deeper information. Deeper
architectures are indeed exponentially more prolific in linear
regions [23] than shallow ones. As stated before, a short
internal representation of each state is desirable in order
to increase our Q-value approximation performance. Since
our test bed environment is rather simple Sec. III-B the
hypothesis of a two neuron seems sound (as an analogy of
(x,y) coordinates to describe the position of our agent). A
stacked auto-encoder is obtained according to by stacking the
auto-encoders are re-training end-to-end. A second shallow
auto-encoder was trained with the features (forward-pass on
the input) generated by the first auto-encoder Fig. 4b chosen
in the previous sections and the final train of the Stacked
Auto-Encoder was obtained Fig. 4 in order to guarantee a
meaningful two-dimensional code.

Both the feature training on the second auto-encoder and
the full Stacked Auto-Encoder training revealed satisfying
results when comparing Fig. 5 to the shallow auto-encoder
. From Fig 4 the necessity of a Stacked Auto-Encoder

(a) Two neuron Auto-Encoder
trained in features. (b) Stacked Auto-Encoder.

Fig. 4: Pre-Training and Full Training of the SAE. The ten
neuron AE is used to convert the observations into features
by using the resulted encoder. Afterwards, a two-neuron
AE is trained in features and full training is performed by
copying the weights of the two-neuron AE into the hidden
layer of the SAE. Finally full training is executed and the
results shown.

(a) Example of an image retrieved from a two-neuron shallow Auto-
Encoder after convergence.

(b) Example of the same image, retrieved from a Stacked Auto-
Encoder with a two-neuron bottleneck.

Fig. 5: Comparison between a 2-AE and a 2-SAE about the
reconstruction of an image from the dataset.

Fig. 6: Deep Encoder from raw images. The input
represents a 10000by1 vector, W represents a matrix of
weights and b represents the bias of each block. Each

number bellow a box represents its quantity within each
layer.



was acknowledged in order to achieve a meaningful two
dimensional code of every image within dataset D.

V. EXPERIMENTAL RESULTS: NFQ

This sections aims to validate the proposed framework in
III by implementing and testing it on our maze. The encoded
states produced by the Stacked Auto-Encoder allow for
increased computational speed, since we will have to iterate
thousands of times during the training of our Q-value neural
network, and about a dozen times (meaning 3000×12) more
using the fitted Q-iteration to propagate rewards through Q-
values. The starting structures were initially thought with
[24] in mind.

One of the main concerns when applying Deep Learning
as our function approximation is the impact of a bad ini-
tialization has on the Q-function itself. However, in DNN’s
there is an exponential number of good local minima due
to the existence of saddle points [25], close to the global
minimum.

A concern rises from clipping the rewards between [0,1],
turning impactful rewards indistinguishable from average
ones. Also, if the back-propagated error by the network is
large at some point, the policy diverges from the optimal
policy.

Another issue is related to a known Q-value oscillation
(thus policy) caused by a biased data set D. An imbal-
anced set of transitions across the state space will lead
to suboptimal policies or overwhelm the impact of some
transitions across the state space in the training phase. This
is partially solved by a sampling strategy (as for example an
sampling heuristic from the goal [24]) or a better exploration
algorithm.

The generalization of Q-values for different regions of the
state space that were not initially intended, might also be
problematic, since the network is fully connected.

Therefore, an architecture flexible enough is required to
deal with the above mentioned problems. Such a design has
to keep a low error across every iteration in order to con-
verge to an optimal policy. Furthermore, experimental results
from the two structures presented are used for comparison
and further validation and understanding of different valid
options.

A. First NFQ variant (NFQ1, one Q-value at the output)

Fig. 7: Neural Fitted Q Network with states and actions as
input and one Q-value output (interchangeably named

NFQ1).

• 3 inputs, 2 hidden Layers and 1 output, the inputs
correspond to the states and actions and the output
corresponds to Q(s,a;θ). Each hidden layer has 80
units, and each hidden unit is composed by Φ(a) =
tanh(a) = 2

1+e−2a − 1 non-linearity. Our output layer
has a sigmoid activation, since the rewards are clipped
from [0;1].

• Loss function, mean squared error, between r +
γmaxat+1

Q(st+1,at+1;θi) and the output Q(st,at,θi).
• A training criterion and regularizer, simply the loss

function, since the state-space is small.
• Define an optimization procedure, RPROP optimiza-

tion algorithm explained in detail.
One hundred tests were performed by iterating 10 times
(needed to solve the maze from the starting point to the
goal) a data set of 10 different episodes including the goal
on the maze III-B. The median value of each iteration is
shown above:

Fig. 8: Training error on the NFQ1 7 architecture, after fif-
teen FQI iterations (where there are more Q-values different
then zero). The median error of each Epoch is presented with
a statistic relevance of one hundred tests.

B. Second NFQ variant (NFQ2, one Q-value per action)

Fig. 9: Neural Fitted Q Network with states and actions as
input and one Q-value output (interchangeably named

NFQ2).



• 2 inputs, 2 hidden Layers and 4 outputs, the inputs
correspond to the states, and actions correspond to four
outputs Q(s,a;θ). Each hidden layer has 80 units, each
hidden unit represents a Φ(a) = tanh(a) = 2

1+e−2a −1
non-linearity. Our output layer has four sigmoid activa-
tions, since the rewards are clipped from [0;1].

• Loss function, mean squared error between r +
γmaxat+1 Q(st+1,at+1,θi) and our output Q(st,at,θi).

• A training criterion and regularizer, simply the loss
function, since the state-space is small.

• Define an optimization procedure, RPROP optimiza-
tion algorithm explained in detail.

Fig. 10: Median of the training error on the last iteration of
the NFQ2 9 architecture, after fifteen FQI iterations (where
there are more Q-values different then zero). The median
error of each Epoch is presented with a statistic relevance of
one hundred tests.

C. Final notes on NFQ
Both architectures converged to an optimal policy, leading

from the starting point to the goal. The last structure (NFQ2)
clearly surpassed the first one (NFQ2) in a performance
perspective, illustrated by Fig 11.

Furthermore, the variance in the first structure NFQ1 is
also lower when comparing to the variance of the second
structure NFQ2, pointing towards a more stable version
of the non-linear Q-value approximation. Since finding
maxaQ(st+1,at+1) for every Q-value update requires a
linear amount of cycles proportional to the number of actions
for the first structure NFQ1, there are far more computational
costs to be considered.

Nevertheless, the first Q-approximation is fairly inter-
esting, once it does not limit the number of actions. If
the number of actions was unknown or the same structure
needed to be used for different problems, the aforementioned
architecture would be the only solution. However, the fitted
Q-algorithm has an inherent disadvantage: re-learning the Q-
function, each time more information is gathered, becomes

costly. In the next section, a highly efficient method to
perform Deep Reinforcement Learning with batch-learning
on an increasing replay memory is addressed.

Fig. 11: Boxplot of both NFQ1 and NFQ2 on the last epoch.
NFQ presents a larger median and variance error, pointing
towards a more stable version.

VI. EXPERIMENTAL RESULTS: PARTIAL DQN

To further test the hypothesis, a deep feed-forward
network is able to perform supervised learning on a larger
dataset, for Q-learning purposes, several classic control prob-
lems Sec. III-B were chosen.

Since a certain precision on Q values has been reached
in the former experiments, by both NFQ1 and NFQ2, an
architecture of similar dimensions was employed. Moreover,
compact states are used (states from the emulator) for this
endeavor, instead of using the whole perceptual information
(frames).

Although batches of frames could have been used as a
higher-dimensional input representation, the Stacked Auto-
Encoders tests were considered to be successful and the
employment in this setting would rise the computational
resources much further. Nevertheless, the effectiveness of

Fig. 12: Sequence of images retrieved from the game, using
the Deep NFQ, after convergence.



Stacked Auto-Encoders and variations has been recently
researched and employed with a high degree of success [14].

The reasoning behind this experiment is to verify how
the Q-approximation (fully connected network) stands on
a much larger state space. Leveraging the former proposed
architecture, a simplified version of DQN was elaborated,
approximately corresponding to the final fully connected
layers of the Google’s DQN [9] (double hidden layer of 256
units). In addition, the amount of hidden units was lowered to
be closer to our former architectures (one hundred units each
hidden layer). The first convolutional layers (of the DQN
architecture) aimed to compress pre-processed frames into
meaningful features, serving a similar purpose of a Stacked
Auto-encoder, but with a much higher efficiency in the case
of images.

In this particular set-up, all figures were obtained with
the same hyper-parameters, under the same computational
tests. The choice of hyper-parameters is partially learning
independent, meaning the algorithm is robust to changes,
once it will only hinder the speed/efficiency of learning.
Nevertheless, the most impactful changes are enumerated as
follows:

• N inputs, 2 hidden Layers and N outputs, the inputs
correspond to the states values for each problem and
one output Q(s,a;θ) per action. Each hidden layer has
M units, each unit has a Φ(a) = ReLU(a). Outputs are
linear activations, once rewards are no longer clipped.

• Loss function, mean squared error for each mini-
batch between our output Q(st,at,θi) and r +
γmaxat+1 Q(st+1,at+1;θi−1).

• Training criterion and regularizer, coupled with a L2
weight decay λ = 0.001.

• Optimization procedure, ADAM [26] as a faster
method than RPOP. The ADAM hyper-parameters used
were: α = 0.001; β1 = 0.9 ; β2 = .999 ; ε = 1 · 10−8.

• Fixed Target-Network, a copy of weights and biases
of the current network every N iterations.

A. Problem: Mountain Car

After two thousand episodes, the Q-agent obtained an
average rewards of -332 per last 100 episodes Fig. 13.
According to [16] the Mountain Car problem is considered
solved when an agent achieves -110 rewards per last 100
episodes. Despite the agent’s inability to solve the task
in two thousand episodes, the result was considered to be
a reasonable starting point of a free-model architecture.
Nevertheless, further tests and more computational resources
could be spent to guarantee resolvability.

The cost at each training step was gathered for further
inference of our agents performance Fig. 14. The median
and minimum cost within each episode are considerably
low (mainly due to the impact ADAM has on accelerating
propagation) and the maximum cost was highlighted at
red. The red spikes reflect each cost immediately before

the transfer of parameters between the current and target-
network, when predictions differ the most. A slight decrease
in these jumps is expected, since the Q-network parameters
should change in a slower rate as learning progresses.

The Q-values at the beginning of each episode reflect
the agent’s initial policy around the starting state. From
Fig. 15 there is no clear choice from our agent, corroborating
the belief that an optimal policy was not found (further
propagation should be performed to guarantee convergence,
since Qi = Q∗ when i→∞, but the former would also be
no guarantee since the approximation error would hinder this
convergence). Nevertheless, a mean value of -68 for the three
Q-values was reached, forcing our agent to balance from the
bottom of the two-sided hill.

An average of the last one hundred Values (max operation
of the output after a forward pass) at the end of each episode
was recorded for further inspection Fig. 16. At the beginning,

Fig. 13: Average Rewards over every 100 episodes on the
MC problem

Fig. 14: Cost over each episode on the MC problem



Fig. 15: Q-values at the start of each episode on the MC
problem

Fig. 16: Value function of the last episode on the MC
problem

around the first one hundred episodes, our Q-values are
further bellow -1. This correlates with the fact of our agent
first 5-20 episodes end without the goal being met. After a
certain number of concrete episodes ending with a goal met,
our Network prediction approaches to -1. The former leads
to the conclusion that the agent learns the optimal policy
around the goal and correctly propagates change through the
rest of the state-space.

B. Problem: Cart Pole

As a generalization test of the former Q-learning frame-
work, a second task: Cart Pole Problem Sec. III-B was
chosen to access the validity of the approach. According
to [27], the problem is considered "solved" after achieving
an average reward of 195. The code and hyper-parameters
are equal to the Mountain Car task and the code is exactly
the same, except in the definition of the OpenAI gym
environment and the target-network transfer rate. Since each
episode has a random starting point (initial angle), early
episodes ended with an average of 10-20 steps. A target

network rate of one thousand would make for an extremely
slow learning. The rate was changed to ten to achieve a
higher average reward earlier.

Fig. 17: Average Rewards over every 100 episodes on the
CP problem.

One noticeable change when comparing Fig. 17 to the
former problem is the increased oscillation of our agent’s per-
formance. As mentioned this oscillation is due to our stochas-
tic optimization procedure, considering different state-spaces
within each step. Nevertheless, the trend (considering a mean
of the average) gathered rewards per episode was increasing,
achieving an average of 311 rewards after one thousand
episodes. The cost within each episode has the same in-

Fig. 18: Cost over each episode on the CP problem.

terpretation of the Mountain Car Problem, but the decrease
in maximum cost is more abrupt, this fact is also related
with the reduced target-network update. Q-values from both
actions are gathered and presented in Fig. 19. The starting
state in each episode is not static as in the previous problem.
The Cart-Pole spawns on a random position, generating
different starting dynamics each time. Nevertheless, our Q-



Fig. 19: Q-values at the start of each episode on the CP
problem.

Fig. 20: Value function of the last episode on the CP problem.

network predicts about two hundred steps until failure, which
is above the "solved" flag consideration.

From Fig. 20 the value function varies from 0 to 2.5 (the
correct value should be around 1). The oscillation is also due
to the update-rate and the fact the optimization procedure
derives from a stochastic sampling.

VII. CONCLUSIONS
This thesis approached the challenge of designing methods

to improve from classic reinforcement learning to "Deep"
reinforcement learning by allowing different state represen-
tations and function approximations. Unsupervised learning
methods were used on high dimensional inputs. Several
architectures to approximate Q-function and consequently
Q-iteration algorithms were designed, specifically to apply
supervised learning alongside a replay memory D. Future
work will include mainly the incorporation of memory
to deal with long term dependencies in a reinforcement
learning framework as a whole. One of the solutions might
be introducing a LSTM (Long Short Term Memory neural
network) already being very popular in translation. An atten-
tion window mechanism could also be incorporated to look
at only a part of the high dimensional input and process
sequences of actions-states instead of just one at a time. The
second solution could be using a LSTM as an approximation

of the Q-value function, which could interpret long term
dependencies and enhance correlations within sequences of
states, creating a deep interpretation (a history rich one).
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