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ABSTRACT

Reinforcement Learning (RL) had been attracting
attention for a long time that because it can be eas-
ily applied to real robots. On the other hand, in
Q-Learning, since the Q-table is updated, a large
amount of Q-tables are required to express continu-
ous“states,” such as smooth movements of the robot
arm. There was a disadvantage that calculation
could not be performed real-time. Deep Q-Network
(DQN), on the other hand, uses convolutional neu-
ral network to estimate the Q-value itself, so that it
can obtain an approximate function of the Q-value.
From this characteristics of calculation, this method
has been attracting attention, in recent. On the other
hand, it seems to the following of multitasking and
moving goal point that Q-Learning was not good
at has been inherited by DQN. In this paper, to
confirm the weak points of DQN by changing the
exploration ratio as known as epsilon dynamically,
has been tried.

KEYWORDS

Reinforcement Learning, Deep Q-Network, Explo-
ration Ratio, Object Tracking Ability, Maze Prob-
lem.

1 INTRODUCTION

Over the years, many studies have been
conducted with the objective of facilitating the
working of robots in dynamic environments
[1, 2, 3]. Various robots have been devel-

oped to assist humans in workspaces, such as
a house or factory [4]. In general, robots are
required to work effectively and safely in a dy-
namic environment to achieve their tasks. In
addition, the robots should recognize state as
similar as Human. However, it is not easy to
make a robot behave like a human in dynamic
environments [5, 6]. When they are work-
ing in a certain environment, humans select an
appropriate course of action through subcon-
sciously predicting all the changes in the envi-
ronment and their next state. For achievement
these problems, in recent years, various ma-
chine learning methods have been suggested.
In reinforcement learning, it attracts attention
as the technique that often use in the actual
robot [7, 8, 9, 10]. Reinforcement Learning
(RL) had been attracting attention for a long
time that because it can be easily applied to
real robots. On the other hand, in Q-Learning,
it has some problems; since the Q-table is up-
dated, a large amount of Q-tables are required
to express continuous‘‘states,” such as smooth
movements of the robot arm. From the table
amount, there was a disadvantage that calcu-
lation could not be performed real-time. An-
other one of the problems, a robot does not
cope with changing purpose in RL. RL has
been demanded to achieve various purposes,
because what request to robot is diversifying
and to achieve various purposes in robot have
been wanting, as mentioned above.
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Deep Q-Network (DQN), on the other hand,
uses Convolutional Neural Network (CNN) to
estimate the Q-value itself, so that it can obtain
an approximate function of the Q-value[ll].
From this characteristics of calculation, this
method has been attracting attention, in re-
cent. On the other hand, it seems to the follow-
ing of multitasking and moving goals that Q-
Learning was not good at has been inherited by
DQN. In this paper, to confirm the weak points
of DQN by changing the exploration ratio as
known as € dynamically, has been tried.

Rest of this paper is organized as follows: In
section 2, we explain the how to obtaining or
deciding the optimal action for agent in situa-
tion of utilization DQN. In parallel, we provide
details about the proposed method. In Section
3, we explain about the setting for the experi-
ment. Finally, in Section 4, we present the con-
clusions of this study.

2 THE FLOW OF LEARNING OF DQN

Deep Q-Network is based on Q-Learning
of an ordinal Reinforcement Learning, where
problems are typically stated as Markov Deci-
sion Processes (MDP). The MDP consists of a
pair: state s, and action a,. Transitions between
states are performed with transition probabil-
ity p, reward r and a discount rate y. Proba-
bility transition p shows the number of transi-
tions and rewards occurrence from one state to
the other, where the sequential state and reward
depend only on the state s, and action a, taken
at the previous time step (¢ —1). Reinforcement
Learning defines environment for the agent to
perform certain actions that according to pol-
icy, to maximize the reward. The basis of op-
timal behavior of the agent is defined by Bell-
man equation, that is a widely used method for
solving practical optimization problems.

Reinforcement Learning can be sufficiently
applicable to the environment in case of the
all achievable states can be manged and stored
in Random Access Memory (RAM) of a com-
puter. However, the environment where the
number of states overwhelms the capacity of
computational environments ordinary RL ap-
proach is not very applicable. Furthermore, in

real environment, the agent has to face with
continuous states and continuous variables and
continuous action problems[9]. It will be
needed to consider that the complexity of en-
vironment has to operate in the standard well
defined RL, that Q-space will be built based
on states and actions. Network architecture
using CNN, choice of network hyper param-
eters and learning is performed during training
phase. In DQN, it allows the agent to explore
unknown environment and acquire knowledge
which over time makes them possible for imi-
tating human behavior.

The main concept of DQN was depicted on
below fig. 1, where Q-network proceeds as a
as nonlinear approximation which maps both
state into an action value.

During the training process, the agent,
interacts with the environment and receives
data, which is used during the learning the
Q-network. The agent explores the environ-
ment to build a complete picture of transi-
tions and action outcomes. At the beginning
the agent decides about the actions randomly
which over time becomes insufficient. While
exploring the environment the agent tries to
look on Q-network that approximated in or-
der to decide how to act. It called that this
approach that combination of random behav-
1or and according to Q-network, as an e-greedy
method, which just means changing between
random and Q-policy using the probability hy-
per parameter €.

The core of presented Q-Learning algorithm
is derived from the supervised learning. Here,
as it was mention above, the goal is to approx-
imate a complex, nonlinear function Q(s;,a;)
with a CNN. Similarly, to supervised learn-
ing, in DQN, we can define the loss function
E(6,) as the squared difference between the tar-
get and predicted value, and we will also try
to minimize the loss by updating the weights
(assuming that the agent performs a transition
from one state s, to the next state s,,; by per-
forming some action a, and receive a reward

r).
E@©,) = {I’ + ymaxg,,, QO (S+15 Arr15 041)

—-Q (s, at;gt)}z M
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DQN Loss
Gradient
w, r, t, Loss
max Q (81, A1 6r41)
QO (s, a5 0,)
argmaxQ (s, a;; 6;)
) Copy ever Target
Environment Q-network Py oy &
. k steps Q-network
t
(s, ar) St+1 -
Store Reolay Buff
<Sl‘9atar’ St+1 >. ep ay utter

Figure 1. A Concept of DQN Algorithm[12].

During the learning process we use two sep-
arate Q-networks to calculate the predicted
value (weights 6,) and target value (weights
0,+1). The target network is frozen for sev-
eral time steps and then the target network
weights are updated by copying the weights
from the actual Q-network. Freezing the tar-
get Q-network for a while and then updating its
weights with the actual Q-network weights sta-
bilizes the training. In order to make training
process more stable, this method would like to
avoid learning network on data which is rela-
tively correlated, which can happen if we per-
form learning on last transition. To achieve
this, it had applied replay buffer which memo-
rizes experiences of the Agent behavior. Then,
training is performed on random samples from
the replay buffer. From this viewpoint, that re-
duces the correlation between the agent’s expe-
rience and helps the agent to learn better from
a wide range of experiences. The DQN algo-
rithm can be describes as follows:

(1) Initialize replay buffer O to capacity N.

(2) Pre-process, the environment, and feed

3)

4)

)

(6)

(7)

(8)

state s to DQN, which will return the Q-
values of all possible actions in the state.

Select an action using the e-greedy with
the probability €, we select a random ac-
tion a and with probability 1 —e. Select an
action that has a maximum Q-value, such
as a = argmax(Q(s, a, 0).

After selecting the action a, the agent per-
forms chosen action in a state s and move
to a new state s,,.; and receive a reward r.

Store transition in replay buffer as <
Sty Qpy Ty Spr1 >

Next, sample some random batches of
transitions from the replay buffer and cal-
culate the loss using the formula (1).

Perform gradient descent with respect to
actual network parameters in order to
minimize this loss.

After every k steps, copy our actual
network weights to the target network
weights.
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Figure 2. Simulational Environment for Experiment 1.

(9) Repeat these steps for M number of
episodes.

3 VERIFICATION EXPERIMENT
3.1 The Outline of Experiment

We verify the characteristics up to the previ-
ous section by computer simulation. The char-
acteristics are evaluated by comparing the dif-
ference of the convergence speed of Deep Q-
Network with Reinforcement Learning. At this
time, each techniques are to learn the shortest
path that reaches the goal while avoiding walls
through trial and error. The behavior will be se-
lected according to facing the state. Also con-
sider the maze environment with walls and pit-
falls consisting of a grid of 10 X 10 shown in
fig. 2 or 3 as the experimental environment.

Moreover, the agents implemented two tech-
niques will be affected by transition of goal
grid during task execution. In figures 2 and 3,
the black grid is the wall, ‘S ’-marked grid and
‘G’-marked grid are each start grid and goal
grid. The agents that applied two techniques
are perfect perception and can move up, down,
left and right of the grid. The agent will be get-
ting a reward 100 when agent reaches the goal
grid.

~

5 6 7 8
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—_
[\
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— <
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j

. : Wall

Figure 3. Simulational Environment for Experiment 2.

S : Start

3.2 Simulation Conditions

In this experiment, we mainly deal with
episodic tasks: an agent is an agent that op-
erates with RL and another agent is an agent
that operates with DQN. Treat the following as
one episode: when each agent reaches the goal
grid from the start grid, the reward is obtained
and the process returns to the start grid. In this
experiment, 20,000 episodes have been oper-
ated each techniques. Setting of experimental
parameters is as shown in the following tables
1 through 3.

Table 1. Learning Parameters of RL for Verification Ex-
periment

Property Value

Discountratey 0.9
Learningrate @« 0.2
Explore ratioe 0.2
Initial Q-value 0.0
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Table 2. Network Layer of DQN for Verification Exper-
iment

Layer Output

Dense 128
Flatten 256
Dense 128
Dense 128
Dense 1

Table 3. Learning Parameters of DQN for Verification
Experiment

Property Value

Discount rate y 0.9

Learning rate a 0.0001
Initial explore ratio €y; 1.0
Final explore ratio &g, 0.0

600

4001

Number of Actions

0 2500 5000 7500 10000 12500 15000 17500 20000
Number of Episodes

Figure 4. Number of Action per Episodes using RL (1).

3.3 Discussion on Simulated Results

3.3.1 Verification Experiment 1 — In Case
of Goal Grid is Fixed

In this experiment, the goal grid is fixed dur-
ing episodes.

Figures 4 and 5 are the transition of the be-
havior in each episode by two techniques. The
initial value of learning is the number of the be-
haviors. From these results we can confirm that
almost converging to minimum steps. How-

1000 1

800 A

600

400

Number of Actions

200 4

L

0 2500 5000 7500 10000 12500 15000 17500 20000
Number of Episodes

Figure 5. Number of Action per Episodes using DQN
().

ever, the behavior that applied RL seems ran-
domly than DQN. This symptom is caused that
RL had fixed exploration ratio during the sim-
ulation. On the other hand, exploration ratio
of DQN will be decreasing to zero during pro-
ceeds of episodes. From the above, the behav-
ior was realized and affected from exploration
ratio, will be confirmed.

3.3.2 Verification Experiment 2 — In Case
of Goal Grid is Changed per Episode

In this experiment, the goal grid will be
changed per episodes. In detail, initial posi-
tion of goal is on (6, 6). Next episode, the goal
position will be moved to (5, 6) or (7, 6). Then,
the goal will be moved from (5, 6) to (6, 6) or
from (7, 6) to (6, 6).

Figures 6 and 7 are the transition of the
behavior in each episode by two techniques.
The initial value of learning is the number of
the behaviors. From these results we can con-
firm that steps of each agents are divergent or
oscillate. However, the behavior that applied
DQN seems explosion in latter half of episodes
than RL. This symptom is caused that RL had
fixed exploration ratio during the simulation in
strong contrast to fixed goal grid. In explo-
ration ratio of DQN will be decreasing to zero
during proceeds of episodes. In the situation,
the agent applied DQN will be lost sight the
goal grid transition in latter half of episodes.
From the results of each goal grid position, it
will be demand that a method to dynamically
adjust the action-decision strategy based on be-
havioral results. In detail, it will be needed the
evaluation mechanism that the exploration ra-
tio will be increase or decrease for adjust to the
current situation.

Number of Episodes

0 2500 5000 7500 10000 12500 15000 17500 20000
Number of Actions

Figure 6. Number of Action per Episodes using Q-
Learning (2).
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Figure 7. Number of Action per Episodes using DQN
(2).

4 CONCLUSION

This paper has focused on the goal tracking
ability of Deep Q-Network. In conventional
Reinforcement Learning, the exploration ratio
is fixed during certain episodes. On the other
hands, in case of DQN, the exploration ratio
will be decreased per episodes in certain step,
have been defined. From these methods, RL is
better in case of moving goal grid, is confirmed
by fig.6. On the other hands, DQN is optimize
the shortest path finding per episodes by de-
creasing an exploration ratio during progress of
episodes. Thus, this method is better in case of
fixed goal grid, is confirmed by fig.5.

As the result of verification simulation, Deep
Q-Network had been not good at tracking the
goal transition, have been confirmed. There-
fore, it will be needed that a method for the
exploration ratio will be increase or decrease
dynamically adjust the action-decision strategy
based on the agent’s behavioral results.

As the future works, it is necessary to inves-
tigate the following points:

e Improvement of the learning speed by ex-
changing information technique between
each agents applied DQN, and consid-
eration an exploration ratio’s correction
mechanism|[13].

e Evaluation of task execution result under
imperfect perception, whether task execu-
tion is fast by information exchange when
incomplete perception and complete per-
ceived agents coexist[14].

e Verification experiment on actual environ-
ment when the implementing DQN on
mobile robots mounted with LiDAR and
Jetson Nano.
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