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Abstract
Deep learning, a technique used for learning in a more complex
neural network with many layers of abstraction. It was able to
produce best solutions in computer science problems such as
computer vision, image recognition, speech recognition, and
natural language processing. A deep learning network contains
multiple layers of abstraction and as such tends to be more
powerful than shallower networks. On the other hand, self play is
an artificial game that plays itself repeatedly in order to acquire
training and skills. It is enforced through a technique called,
reinforcement learning. In this work, we investigate deep
learning and self play and answer some promising questions.
Moreover, we provide an analysis and conclusions for both deep
learning and self play that address symbolic Artificial
Intelligence look-ahead search, machine learning mechanisms,
and uncertain reasoning.
Keywords: Deep Learning, Self Play, Artificial Intelligence,
Reinforcement Learning

1. Introduction
Deep learning, a machine learning technique that employs
many layers of hierarchy in the exploitation of information
[1], has been used by many researchers to improve the
state of art in areas that include but not limited to speech
recognition [2], visual object recognition [3], and image
recognition [4]. A deep learning network contains multiple
layers of abstraction and as such tends to be more powerful
than shallower networks. For example, in a network that
recognise pattern of objects. The first layer can recognise
edges; the second layer can recognise shapes like circle,
triangle etc. while the third layer can recognise complex
objects. The multiple layers give deep network advantage
in learning. However, deep networks are hard to train
because different layers are learning at different speeds [5].
Self play, on the other hand is an artificial game that plays
itself repeatedly in order to acquire training and skills. For
example, a set of 50 neural networks can be played and the
one that produces the best possible result is selected and
used to train the network. In such a situation where a
network trains itself, is regarded as self play. However, self
play can be enforced through a technique called
reinforcement learning [6].

In reinforcement learning, the agent learns what to do in
the absence of training example. As an example, in a game
of chess, in supervised learning the agent would be told
what to do and what not to be done. However, in the
absence of feedback from a teacher the agent has to decide
the correct move to defeat the opponent. It will be difficult
for the agent to decide on which move to be executed if he
has no idea about what is right or wrong. This kind of
information is refers to what is called reward or
reinforcement. In some games like chess, the reward comes
at the end of the game while in others, the reward comes
more frequently. The reinforcement learning is used to
observe reward and suggest the best solution for the
environment by rewarding for better play and penalising
for loses. Reinforcement learning is the best way to train a
program because; human cannot predict accurate and lack
consistent evaluation of some large positions [6].
In this work, we investigate deep learning and self play and
provide an account of how a single layered feed-forward
network learns and produce output using back propagation.
Second, we investigate the extent to which self play can be
applied to variety of games and answer the question; if self
play can allow Artificial Intelligent, AI game player to
acquire expertise beyond the rules of the game? Third, we
investigate if deep learning has been successfully applied
to self play? Furthermore, we provide analysis that address
symbolic look ahead search, machine learning mechanism,
and uncertain reasoning for both deep learning and self
play.

2. Literature Review
2.1 Deep learning
Neural network, a network that mimics the human brain
have been used for many years to solve problems in areas
such as speech and image recognition, natural language
processing, game theory to mention but a few. It uses high
level of computation, instead of using program of
instructions as in Von Neumann computers. It employs
parallel nets connected via links with variable weights. The
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weighted input passes through any of the three non
linearities; hard limiters, threshold logic elements and
sigmoid non linearities and may include temporal
integration or other mathematical operations depending on
the complexity of the network. Neural network is
characterized by network topology, node properties and
training rules that specify initial state of the weight and
how they can be adapted to ensure improved performance.
Furthermore, it has the ability to learn and adapt to
environmental challenges [6][7][8].
Until 2006, deep multi layered neural networks were not
successfully trained, instead focus was on shallower
architectures. Complex computations that involve human
information processing mechanisms such as speech and
image recognition suggest the need for deep architectures.
It is believed that if efficient and effective deep learning
algorithms were developed there would be significant
development in these areas. The concept of deep learning
was originated from artificial neural network research.
Feed-forward network with more than one hidden layer is a
good example of deep architecture. Single feed-forward
architecture are normally trained using back propagation,
unfortunately, back propagation has some limitations as
regard to deep learning. However, there is currently high
level research in the area of deep learning [9].

2.2 Feed Forward Network
A feed-forward network with a single hidden layer consists
of three layers and like every other feed-forward network,
it has no feedback loop. The layers are as follows:
Input Layer: In this layer, no processing takes place.
However, it supply input signals to the second layer.
Hidden layer: Processing starts from the hidden layer. For
this kind of neural network, the hidden layer consists of
only one layer. The output signals of the input layer are the
inputs to the hidden layer. Both the input and the output of
the hidden layer cannot be seen from the outside world.
Output Layer: The output layer constitutes the overall
decision of the network. It receives its input from the
hidden layer.
A feed-forward network is said to be fully connected when
every neuron in a particular layer is connected to every
neuron in the preceding layer. The weight would be
represented by W with subscript 1 for input layer, 2 for
Hidden layer and 3 for Output layer. The weight, W i
would be multiplied by the input, X i and the Summation of
all the products and an external bias, b k on each neuron are
parsed through an activation function, which is either hard
limiters, threshold or sigmoid. The activation function,
defines the output of the neuron. Different algorithms exist
for training neural networks, for this paper the back
propagation algorithm was adopted [7].

The Back propagation consists of two phases. In the
forward phase, the input is propagated from layer to layer
until it reaches the output, the weight of the network are
fixed. However, the activation potential and the output of
the neuron are affected by the changes in this phase. In the
backward phase, the output of the network is compared
with a desirable response. The difference is taken as the
error, which is propagated across the network from layer to
layer in backward direction. The weights are adjusted
based on some calculation procedure [10].

2.3 Back Propagation Training Algorithm
To adjust weight’s in a neural network. Its effect to the
output and the error has to be known, which is calculated
using the derivative of the error with respect to the weight.
A non-linear output function that is differentiable is used;
in this case we used the function called the sigmoid
function.
The following is the algorithm that trains the neural
network by minimizing the mean square error between the
actual output and the desired output [7].
Step1: set weights and nodes to small random values.
Step2: inputs and desirable outputs are presented.
Step3: using sigmoid function, the actual output is
calculated
Step4: weights are adjusted.
Step5: repeat Step2 until the algorithm converges using set
criteria.

2.4 Similarities and Differences between Deep
Learning Networks and Feed Forward Networks
On the one hand, both feed-forward networks with a single
hidden layer and deep learning neural networks acquire
knowledge through learning algorithms from their
environment. They modify the weights in the network to
acquire desirable results. Secondly, they can change their
network topology similar to that of the human brain. And
can adapt to their environment by changing their weight to
deal with minor environmental conditions. Additionally,
since they are built based on neuron biological analogy,
they both have fault tolerant parallel processing
capabilities [5].
On the other hand, while, the feed-forward network with a
single hidden layer consist of only one hidden layer. The
deep learning network can have multiple layers of
abstraction. Additionally, the deep learning network
encounters the vanishing gradient problem. When there are
many layers, an unstable situation occurs, in which the
earlier neurons tend to learn much slower than the latter
layers. Therefore, in order to remedy the problem the
standard gradient based learning techniques should not be
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used. The feed-forward network with single hidden layer
does not experience inconsistency in neurons. Therefore,
standard gradient based learning techniques can be used
[5]. Lastly, sigmoid activation functions can be used in
feed-forward network with single hidden layer. As argued
by Glorot & Bengio [11], in deep learning network,
sigmoid activation function can cause training problems,
because it causes the final hidden layer to saturate at 0,
which is the beginning of the training.

3. Analysis
Wiering [12] experiment Backgammon game with
temporal difference learning and uses three different
methods of learning namely: (1). learning by self play, (2).
learning by playing against an expert program and (3).
learning from viewing experts play against themselves. The
results shows that learning from viewing experts play
against each other presents better results at the start as
when compared with the initial random games from self
play. Second, if a game involves the use of database,
learning from self play would not be more advantageous.
Although, the third options has its own disadvantages.
Kwasnicka & Spirydowicz [13] designed a program called
checkers, which is based on the game checkers. The
program contains neural network and is trained by playing
against itself. They argue that the program can play
checker at intermediate level and it is easier to get better
program that can play checker without learning
possibilities. Considering the result of the two experiments
above, in this work, it is our position that self play can be
applied to train games but learning experts play against
themselves should be considered if the game contains
database because it will be easier for the training since the
game can easily learn how to manipulate the database.
Secondly, in classic deterministic games learning by
playing against an expert would be better option since the
game can monitor the moves of the expert and easily adapt
the skills.
On a second note, the AI game cannot get continuous
expertise using self play in the above stated games because
knowledge is power, if you don’t have it you don’t have it
and even if the game can acquire skills it will take longer
period of time to train as in comparison to when other
learning methods were used.
We argue that analysis and conclusions of different types
of games should be different because some games uses self
play while others are complex to implement self play.
Additionally, different games use different AI techniques.
Look ahead search for example are implemented in games
like chess. With the recent development in deep learning, it
will be useful to compare the performance of deep learning

as applied to self play. Van De Steeg et al. [14] compared
five different structures of multilayer perceptrons for
learning a Tic-Tac-Toe 3D game when trained using self
play and when trained using fixed opponent. Three of the
perceptrons have different number of hidden layers while
the two are structured ones. It was found that the deep
structured neural network produced the strongest output as
compared to the others both through the self play and the
fixed opponent. Reinforcement learning was used to learn
from the experience of the agents. After some training, the
agent should be able to choose actions that can maximize
its future intake. The reinforcement learning was
implemented using TD-learning, an algorithm that uses
temporal difference error. The algorithm updates the value
of states before the opponents turn. At the end of the game,
the player receives a 1 if it wins, -1 if it lose and 0 for draw.
Two experiments were performed for each of the five
multilayer perceptrons. In experiment one, the multilayer
perceptron was trained using self play and was tested
against a fixed bench mark player. In the second
experiment, the network was trained by playing against the
same bench mark player without learning the moves of the
opponent.

4. Conclusions
Deep learning uses the concept of neural networks to
process hierarchical architectures. In the case of look
ahead search, I will argue that the deep learning don’t use
such concept because the idea of deep learning is to
provide solutions through learning process. Machine
learning concept is fully applied in deep learning because
the neural network is trained using reinforcement learning.
It gets a reward when it wins and penalise when it loses.
After training, the deep learning acquires skills and is able
to maximize its reward. Several layers of nodes exist in
deep leaning, the network has to decide which node or
layer to be expanded, uncertainty is used to decide on the
node to expand. The deep learning algorithm has to use
probabilistic theorems to decide the best node that
maximize its reward. Additionally, uncertainty is used to
solve the problems of settling on local minima rather than
global minimum in a Hopfield network [7].
A neural network for classic deterministic games such as
Go, Chess can use look-ahead search towards the end of
the game to maximize the chances of winning. Machine
learning concept can be used to train the network either by
studying the moves of the opponent or when experts play
against themselves. The program can learn by playing
against itself but the speed of the training will be low as
compare to the other methods.
Classical deterministic games don’t use uncertainty.
Classical games like Backgammon cannot use look-ahead
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search because uncertainty is used to predict their moves.
However, uncertainty is applicable to this kind of games.
Machine learning techniques are used to train the network
by allowing it to play itself.
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