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Abstract: Deep reinforcement learning is giving us state-of-the-art algorithms and one of such algorithms from this field is deep 

q-learning. It uses CNN's and works directly on raw input images. This algorithm was applied on Atari games and evaluated 

under different environments. 
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I. INTRODUCTION 

Reinforcement learning is an emerging subfield of machine learning in which algorithms learn by using trail-and-error 

techniques. In these algorithms, there’s an agent which interacts with the environment, observes the result of these interactions and 

receives a reward based on these interactions. These rewards are later used to evaluate which actions are good or bad under particular 
environment conditions. This action and reward-based learning process comes from observing human learning process. 

Humans learn by observing the environment through their senses and over time become expert on how to use them properly. 

Unlike traditional RL algorithms where the input environment is highly preprocessed and features are precisely handcrafted, in 

humans, these observations are done directly on high-dimensional sensory inputs like vision and language. This means there’s still 

a lot of research needed to be done in the area of reinforcement learning. 

Recent advancements in deep learning where neural networks are used as a function approximators, has also opened a new 

window in the field of reinforcement learning. By combining deep learning with RL, a new algorithm known as Deep Q-Learning 

was developed. It takes a sequence of raw images as an input for the environment, just like humans, and outputs Q-values for each 

action and action with the highest Q-value is selected. Convolutional neural networks are used to understand complex environments. 

Each sequence and actions are stored in storage known as experience relay with their future rewards. Rewards may be obtained 

instantly or after some time. To train the DQN agent, stochastic gradient descended algorithm is used. Random samples are taken 
from the experience relay and batch trained on the agent. 

Further studies are required for this algorithm in order to identify the scenarios where it works well or where it works badly. 

We’ll apply this algorithm on Atari games using OpenAI Gym simulator in python language in order to test it. It’ll give us raw 

frames, rewards, scores, etc. as inputs and also whether the game is over or not. 

 

II. BACKGROUND 

The field of machine learning is a subset of artificial intelligence, which gives the computer systems ability to automatically 

learn a specific task without any human explicitly defining it for them. Computer systems create a model from machine learning 

algorithms and train them on some data. This data is known as training data. It can be labeled or unlabeled, or structured or 

unstructured. During the training process, the system finds patterns in the dataset and uses these patterns during prediction tasks. 

Formally machine learning algorithms can be stated as “A computer program is said to learn from experience E with respect 

to some class of tasks T and performance measure P if its performance at task in T, as measured by P, improves with experience 

E”. This field of machine learning is further classified into 3 categories: 

1. Supervised learning: In supervised learning, models are created on the data which has both inputs as well as corresponding 

output labels. These models can be considered as mapping functions. They learn how to map a particular set of input values to 

an output label. These models are fast to train but require the extra overhead of labeling the dataset. These algorithms are used 

for classification and regression tasks. 

2. Unsupervised learning: In unsupervised learning, models are created using data which only has input part and no output labels. 

This type of learning is used to discover hidden patterns in the dataset. It, as a result, helps in the clustering of data, and in 

reducing the number of features in the input dataset.  

3. Reinforcement learning: In reinforcement learning, models are known as agents which interact with the environment and take 

feedback from it. On positive feedback, agents will repeat those actions and on negative feedback, agents will avoid those 

actions. Our main focus will be on reinforcement learning in this paper. 

 

III. RELATED WORK 

A variety of work has been done in the area of deep reinforcement learning after the first publication of Deep Q-Learning 

algorithm [2]. This algorithm opened a new window of opportunity to make computer systems smarter. Many researchers have 

either proposed an improved version of this algorithm or their own implementation of deep reinforcement learning. 

DQN algorithm sometimes during training tend to overfit on a certain sequence of states. An effort was made by the same team 

to reduce it and, a new double Q-learning algorithm [3] was made. In this algorithm, two different Q-networks were used. 

Some researchers have also added a recurrent neural network in the algorithm [4] making it better in perceiving partial 

environments. 

http://www.jetir.org/


© 2019 JETIR May 2019, Volume 6, Issue 5                                                         www.jetir.org  (ISSN-2349-5162) 

JETIRBW06017 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 89 
 

Furthermore, it was also shown that some states are more important than others during the training process. To maintain their 

importance, prioritized experience relay was created [5]. It increased the training efficiency of the algorithm. 

Also, a new architecture was proposed in “Dueling Network Architecture” [6] paper, which resulted in faster executions. 

 

IV. REINFORCEMENT LEARNING 

In reinforcement learning, every algorithm has an agent, a set of states S, and a set A of actions per state. Agent transitions 

from one state to another by performing an action 𝑎 ∈ 𝐴. Each action gives a reward to the agent. This reward can be positive, 

negative or neutral and based on these rewards, the agent will optimize its future actions. The main goal of the agent in reinforcement 

learning is to maximize the total reward. Negative reward is termed as a bad action and positive as a good action. In our experiments, 

the environment for the agents will be the Atari games, states will be the sequence of frames, the reward will be whether the current 

move resulted in score or death. In RL, we have a trade-off between whether to explore or exploit the environment i.e. whether to 

randomly choose the actions or choose them based on the current best policy. 

One of the good algorithms in RL is Q-learning. For any finite Markov decision process (MDP), Q-learning finds an optimal 

policy such that it maximizes the expected value of the total reward over any and all future steps, starting from the current step. “Q” 

can be considered as a quality of the action taken on a given state. 

𝑄 ∶ 𝑆 × 𝐴 →  ℝ       1 

Before learning begins, Q is initialized to a randomly selected value. Then, at each time 𝑡, the agent performs an action 𝑎𝑡  

either randomly or based on the policy, observes a reward 𝑟𝑡 , enters a new state 𝑠𝑡+1, and Q is updated. 

  2 

where α the learning rate (0 < α ≤ 1) and γ is a discount factor. If discount factor γ is 0, the agent will only look at the current step’s 

reward, whereas, if γ if 1, the agent will endeavor for a long-term high reward. 

A Q function is considered to be an optimal action-value function 𝑄∗(𝑠′, 𝑎′) if it gives maximum expected return by following 

any approach. This function follows an identity known as Bellman equation.  

Adding deep learning to the Q-learning algorithm created a new algorithm known as deep q-learning, which is the main focus of 

our research in this paper. 

 

V. DEEP REINFORCEMENT LEARNING 

Neural networks caused a breakthrough in the field of computer vision. Adding NN with reinforcement learning resulted in 

AlphaGo system which beat the world champion, Lee Sedol in the Go game. This accomplishment was earlier considered to be 

impossible and would have taken years as per expert’s opinion until AlphaGo proved them wrong. This belief was there because 

it’s impossible to brute force all the combination of Go game’s board configuration. 

Deep Q-learning algorithm trains directly on raw inputs, using small updates based on stochastic gradient descent. With 

adequate training, it works better than handcrafted feature algorithms as it itself identifies all the important features in the training 

data. It stores training data in a buffer known as experience replay. In experience replay, at each row 𝑒𝑡 we have (𝑠𝑡 , 𝑎𝑡 ,  𝑟𝑡 , 𝑠𝑡+1) 

where 𝑠𝑡  is current state, 𝑎𝑡  is current action, 𝑟𝑡  is reward received after performing action 𝑎𝑡  and 𝑠𝑡+1 is the next state. The size of 

experience replay is taken to be one million in our experiments and it works as a queue. 
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Neural network Q is initialized with random weights. At each episode, a sequence of frames is taken. This sequence is converted 

into a grayscale resized image and passed through the network, to find Q-values of each action. Selected action is 𝑎𝑡 =

𝑚𝑎𝑥𝑎𝑄∗(𝜙(𝑠𝑡), 𝑎; 𝜃) i.e. action with maximum Q-value. This action is executed on emulator and new frame and reward is recorded. 

This experience is added to the buffer and the network is trained from randomly selected minibatch of transitions. 

 

VI. EXPERIMENTAL RESULTS 

Until now experiments are performed on 5 Atari games: Assault, Breakout, Crazy Climber, Space Invaders and Pinball. Each 

game has a different dynamic and requires different strategies to win or score high in the game. For all the games, we’ve used the 

same architecture and parameters. All the rewards are normalized as 1, -1 or 0. If the score is increased or the game is won, the 

reward will be 1. If health is lost or the game is over, the reward will be -1 and if nothing happens, the reward is 0. Size of each 

minibatch is 32 and experience replay buffer size is 1 million. The rate of exploration and exploitation is controlled by parameter 

ε. It decants from 1 to 0.1 till 1 million and remains constant at 0.1 thereafter. 

Each game is played in 3 different ways during the evaluation process: Random, Human and DQN. In random plays, actions 

were selected at random and scores of all random plays were averaged. In human plays, 4-5 different humans have played the games 

over many times and their scores were averaged. In DQN plays, the trained algorithm played on the emulator and its scores were 

averaged. 

During playtime of deep q-learning algorithm, ε was fixed at 0.05 for each step. 

 

Table 1 Results of the experiments 

GAMES RANDOM HUMAN DQN 

Assault 201.4 841.1 3580.4 

Breakout 2.6 22.5 285.5 

Crazy Climber 8465.5 46484.1 103763.1 

Space Invaders 138.0 1668.7 1578.1 

Pinball 13256.2 18767.9 199452.1 

 

VII. CONCLUSION 

In this paper, Deep Q-learning algorithm has been further evaluated on various Atari games and it’s tested on different 

environments. This variety in different environments also tested its capabilities and limits. Experiments have also verified the earlier 

results that were published with the algorithm.  

In the future, the comparison between this and other new algorithms will give more insight into deep learning architectures. 
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