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Abstract

Machine learning methods can generally be categorized as supervised, unsupervised and reinforcement learning. One of these methods,
Q learning algorithm in reinforcement learning, is an algorithm that can interact with the environment and learn from the environment
and produce actions accordingly. In this study, eight different on-line methods have been proposed to determine online the value of the
learning parameter in the Q learning algorithm depending on different situations. In order to test the performance of the proposed
methods, these algorithms are applied to Frozen Lake and Car Pole systems and the results are compared graphically and statistically.
When the obtained results are examined, Method 1 has produced better performance for Frozen Lake, which is a discrete system, while
Method 7 has produced better results for the Cart Pole System, which is a continuous system.
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Q-Learning Algoritmasimin Ogrenme Hizi Parametresi icin Kendine Uyarlamal
Yontemler parametresi

Oz

Makine 6grenmesi yontemleri genel olarak denetimli, denetimsiz ve takviyeli 6grenme olarak siniflandirilabilir. Bu yontemlerden biri
olan takviyeli 6grenme igerisinde bulunan Q learning algoritmas: ortamla etkilesime girerek ortamdan Ggrenebilen ve ona gore
aksiyonlar tiretebilen bir algoritmadir. Bu ¢alismada Q learning algoritmasi igerisinde bulunan dgrenme parametresinin degeri igin 8
farkl1 yontem onerilmistir. Onerilen ydntemlerin performanslarinin test edilebilmesi i¢in donmus gél ve ters sarkag sistemlerine bu
algoritmalar uygulanmis ve sonuglar1 grafiksel ve istatistiksel olarak karsilagtirilmistir. Elde edilen sonuglar incelendiginde ayrik bir
sistem olan Donmusg Gol sistemi i¢in Metot 1 daha iyi performans sergilerken siirekli bir sistem olan Ters Sarkag Sistemi i¢in Metot 7
daha iyi sonug gostermistir.

Anahtar kelimeler: Takviyeli Ogrenme, Q Learning, Makine Ogrenmesi

face of new situations by analysing the sensors on the

1. Introduction system or the data sources given to it before

(Grefenstette n.d.). Especially in recent years, the

~ Machine learning methods, a sub-branch of artificial development of computer, software and information

intelligence, have many application areas today systems along with technology has enabled artificial

(Angiuli, Fouque, and Lauricre 2022). Machine learning intelligence and machine learning to be widely used in

methods can produce the most appropriate results in the fields such as economy (Jogunola et al. 2020; Meng and
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Khushi 2019; Sarizeybek and Sevli 2022), medicine
(Bayraj et al. 2022; Cimen et al. 2021; Pala et al. 2019,
2021, 2022), biology, chemistry, informatics (Ekinci
2022; Omurca et al. 2022; Togacar, Esidir, and Ergen
2021) and engineering (Akyurek and Bucak 2012;
Bucak and Zohdy 1999; Chen et al. 2022; Cimen et al.
2019; Singh, Kumar, and Singh 2022). Machine
learning methods can generally be grouped as
Supervised Learning, Unsupervised Learning and
reinforcement learning. These structures are shown in
Figure 1.
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Figure 1. Machine learning classification

The Supervised Learning method is to create a
function that establishes a cause-effect relationship
between input and output and to learn this function
(Cunningham, Cord, and Delany 2008). Supervised
learning is often used a lot in classification and
regression. Unsupervised, on the other hand, allows
learning the existing relationships in the data. In this
method, inferences are made according to the distances,
densities, and neighbourhood relations in the data.
Unsupervised learning is especially used in clustering,
that is, in separating data into each other or in size
reduction by removing unnecessary variables from the
data (Barlow 1989; Sathya and Abraham 2013).
Reinforcement learning, on the other hand, is inspired
by the behaviour of living and non-living beings in
nature. The action of an agent in any situation in the
environment by interacting with the environment causes
a new state to occur. It is based on the fact that the agent
learns the next behaviour that he will perform in an
environment with a new situation, with a reward or
punishment value. The agent tries to choose the best
action he can take to achieve his goal. Thus, the goal of
the agent interacting with the environment is to learn the
sequence of movements that produce the greatest total
reward (Angiuli et al. 2022; Peng and Williams 1996;
Watkins 1989). Therefore, here the algorithm learns
how to react according to the determined reward and
punishment. This structure is given in Figure 2.

Action .
Agent m Environment
£
T Reward r, -* 1 _ gy
State s;

Figure 2. Reinforcement learning approach.

Model-free  (model-independent)  reinforcement
learning is a type of learning that utilizes the Q-learning
approach (Watkins and Dayan 1992). When using
agents identified using the Q-learning approach, users
may avoid having to map out the Markovian spaces in
order to learn how to behave best there (Watkins and
Dayan 1992). Instead, users can learn by experiencing
the results of their choices. The application of these
learning algorithms is widespread, and they may be
utilized in a wide range of industries and fields,
including marketing (Jogunola et al. 2020), finance
(Meng and Khushi 2019), time sequence estimate
(O’Neill et al. 2010), robot control (Singh et al. 2022),
and control of autonomous vehicles (Elallid et al. 2022).

In this study, 8 different online-tuning method are
proposed for the learning parameter of the q learning
algorithm. The g learning algorithm is applied on Frozen
Lake and Cart Pole Systems, and performances of the g
learning algorithm are compared based on the cases
where the learning parameter is constant, changes
depending on iteration, and changes depending on the
reward. It has been seen that Method 1 has produced
better results for Frozen Lake and Method 7 has
produced better results for Car Pole than other methods.

The structure of the paper as follows: In the second
section, some preliminary information on reinsforment
learning is given. In the third section, the proposed on-
line tuning methods and application of them for Frozen
Lake and Cart Pole Systems are presented. In the fourth
section, the simulation results are depicted. Finaly, in
fifth section, some conluding remark are given.

2. Preliminaries

Reinforcement learning (RL) is a method for solving
sequential decision-making issues in a variety of
domains in the natural and social sciences, as well as
engineering, by having an agent interact with the
environment and learning an optimum policy via trial
and error (Angiuli et al. 2022; Smart and Kaelbling
2000; Wang, H., Emmerich, M., & Plaat n.d.). In
reinforcement learning methods, learning is usually
carried out over Q-table (Wang, H., Emmerich, M., &
Plaat n.d.). There are many methods for learning this
table, such as dynamic optimization, monte Carlo, Q-
learning, and SARSA (Akyurek and Bucak 2012;
Candan et al. 2048; Peng and Williams 1996). In the
structure given in Figure 3, there is an environment, for
instance the Frozen Lake, in which the agent and agent
can move. The agent performs an action (a,) in
evironment (Frozen Lake) according to the information
it has (s;, a;). The action performed by the agent (a;)
causes the agent's state in the environment to change
(s¢+1) and this change will also create a reward (r;,4). AS
a result of its interaction with the environment, the agent
starts to learn an environment by using values such as
(S, @ty Ser1, 7). In this study, Q Learning algorithm
will be implemented over this learning Q-table.
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Figure 3. Q Table for Frozen Lake Game

Bellman Equation used in updating the Q table used
in Figure 3 is the formula expressed by Equation 1. In
Equation 1, state at time t obtained from s, environment,
the action that a, agent will take in the environment, the
reward obtained at time t as a result of the action of r,
agent, the new state obtained from the environment at
time t + 1 as a result of the action of s;,; agent, o
learning factor, y is the reduction factor. The expression

mgx(Qt(stH, a)) provides the highest value for any

action in s,,, state. This approach, called on-policy,
constantly updates the Q table in interaction with the
environment. The psoudecode of Q-Learning is given in
Algorithm 1.

Qe+1(5e,ar) = Qe(se, ar)

1)
+a (rt + YmZX(Qt(StH' a)) — Q¢ (s, at))

Algorithm 1. Q learning Psoudecode

Input:
1: State (s)
2:  Action (a;)
3:  Learning rate (a)
4: Discount factor (y)
5. Reward R(s,, a,)
6: Updated table Q(s,, a,)
Output:
7: Selected action according to updating table
Q(spar)
For episode 1, M do
Initialise state s,
For t=1, T do
Choose a, with € greedy
probability
Execute a; and observe state s;,;
and reward r;
Update table Q:.q1(ssar)
with equation 1
End for
End for

3. Main Methods and Results

3.1. Tuning Methods for Learning Parameter

In this study, different methods have been proposed
according to the learning parameter of the Q learning
algorithm. Instead of a parameter given in Equation 1,
the use of x parameter in Equation 2 is preferred. The
reason for this is to avoid the confusion that the changing
parameter will create with the action (a,) variable.

Qe+1(se,ar) = Q¢ (s, ar)
e <rt + VmZx(Qt(Stﬂ' a)) — Q¢(se, at))

Different methods have been proposed according to
the variation between equations 3-11. In order to
distinguish the method according to the equations used,
nomenclature was made between Method 1 and Method
9. When Equation 3 is used for the change of a from
these methods, the parameter used is §; and its value is
chosen as 0.01. When this equation 3 is used, this
method is named as Method 1. Similarly, when Equation
4 is used, 3, is constant and its value is chosen as 0.05.
This method, in which Equation 4 is used, is hamed as
Method 2. Equation 5 and Equation 6 are used to change
the learning parameter depending on iteration. The use
of Equation 5 is named Method 3. In Method 3, the
learning factor is reduced depending on the iteration.
The use of Equation 6 is named Method 4. In Method 4,
the value of the learning factor increases depending on
the iteration. $5=0.04, 8,=0.05 used in Method 3 and
Method 4 are used as parameters. On the other hand, the
positive change of the learning parameter depending on
the changing value of the state of being in the Q table is
modeled in Equation 7. This method is given as Method
5. Similarly, its negative change is given in Equation 8
and named as Method 6. The parameter of Method 5 and
Method 6 is 5 = 0.05. With an approach similar to
Method 5 and Method 6, depending on the increase and
decrease of change, the learning parameter was
modelled as in Equations 9 and Equation 10 and named
as Method 7 and Method 8. In Method 7 and Method 8,
Be = 0.005. In addition, Equation 11 is used to
constrain the p_t parameter in Method 5, Method 6,
Method 7 and Method 8. In Equation 11, the parameters
are selected as 8, = 0.001, 8z = 0.01.

O]

Hes1 = Pa 3)

Hev1 = B2 4)

Hevr = P1+ Bs (1 - t:ax) ®)
A1 = P14+ B3 <tmtax> ©

Hepr = Ue — ﬂS(Qt(St+1l a) — Q¢(ss, at)) @)
Her1 = Ue T :BS(QL‘(SL‘+1' a) — Qt(st'At)) ()]
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3.2. Application to Frozen Lake

Frozen Lake is an environment designed for an agent
moving on a frozen lake to reach its desired destination
(Goal). This environment is shown in Figure 4. In simple
terms, there are 4 different A = («, -, T,1) movement
abilities that the agent can move in this game. The agent
acts depending on its location. Each position it moves
corresponds to a state. Therefore, the moving agent
provides transition from one state to another. In the map
given in Figure 4, S: safe, F: frozen, H: hole and G is
goal. While the agent is moving on the ice, he tries to
reach the Goal without coming to the Hole. If the agent
starting from S reaches the G point with his actions, then
reward 1 is rewarded as reward value.
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Figure 4. Frozen Lake

A sample Q table obtained when the Q table is trained
by applying the Q learning algorithm to the Frozen Lake
game is obtained as in Table 1. When the initial
parameters of the training number change, the values of
this table change, especially when the number of
iterations increases, the changes in the table have
decreased.

Table 1. Q Table for Frozen Lake

State Action, Action Number (a)
Number
«,0 1,1 -,2 1,3
0 5.13e-2 5.01e-1 5.11e-1 5.09e-2
1 3.63e-1 3.106e-1 3.68e-1 4.8e-1
2 4.32e-1 4.34e-1 4.18e-1 1.45e-1

13 4.63e-1 5.52e-2 6.53e-1 4.75e-1
14 7.28e-1 8.42e-2 7.91e-1 7.75e-1
15 0 0 0 0

The agent uses the Q Table that it learns by interacting
with the environment, and when the learning phase ends
in the next steps, it chooses his actions based on the
value with the highest state of being value in the relevant
state.

3.3. Application to Cart Pole

One of the most common systems used to test the
validity of any proposed method is the Cart pole system
(Cimen and Yalgin 2022). Since the Cart Pole system is
non-linear in nature, it is the most commonly used basic
system for testing a new controller in control systems
(Adigiizel and Yalgin 2018; Adigiizel and Yalgin 2022).
The structure of this system is given in Figure 5. The
mathematical model of the system is given in Equation
12 (Barto, Sutton, and Anderson 1983). The parameters
used in the mathematical model are also given in Table
2 (Barto et al. 1983), and the Sampling Time (T,) is
taken as 0.02 sec with the discretization Euler Method.
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Figure 5. Cart Pole Sistemi

g =
_ _ '2 . .
cos(@)[ F —mlB°sin(0) + ucsgn(x)]
m+mg
I [ﬁ _ mcosz(H)]
3 m+m
6
gsin(6) — %
+ (12)
4 mcos?(0)

l3 m+m,

. F+ml [ézsin(e) - écos(@)]
x= m+mg
_ Hesgn(x)
m+m,

Table 2. Parameter of Cart Pole System
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Parameter Value

Gravity (g) 9.8 m/s2
Mass of cart (m,) 1kg
Mass of pole (m) 0.1kg
length of half-pole (1) 0.5m
coefficient of friction of 0.0005
cart (uc)
coefficient of friction of 0.000002
pole (up)
Force applied to cart's +10.0N

center of mass (F)

Since Q learning algorithm runs discretely, the control
signal to be used and the situations to be observed must
be discrete. In this case, the action space for the Cart
pole system is given in Table 3 and the observation
space is given in Table 4.

Table 3. Action space

Action Space Action
Number (a)
Push cart to the left -10 0
Push cart to the right 10 1

Table 4. Observation Space
Action Space

Cart Position (x) —-48<x<48
Cart Velocity (x) —00 < x <o
Pole Angle (6) —0.418 < 0 < 0.418
Pole Angle Velocity (8) —0<fh <o

At Table 4, action space for the cart pole is A =
(—10,10). Also, It is expressed as state S = (x %, 6, 6)
in the Cart Pole system. However, the system state is
continuous. To adapt this to the q learning algorithm, the
action space obtained when dividing into 10 parts for the
parameters —2.4 <x <2.4,—4 <x <4,—-0.2095 <
6 < 0.2095,—4 < 6 < 4 is as in Table 5. The Q table
obtained as a result of these transformations is given in
Table 6.

Table 5. Observation Space for Cart Pole System for 10
discrete value

State (x,%,6,0) Space
Number
0 (0,0,0,0) (—2.4,—4,—-0.2095,—4)

1 (0,00,1)  (—2.4,—4,—0.2095,—3.1)
1742 (1,3,4,4) (-1.8,-2.2,-0.06,—2.2)

1743 (1,3,4,5) (-1.8,-2.2,-0.06,—1.3)

(2.4,4,0.2095,3.1)
(2.4,4,0.2095,4)

14640  (10,10,10,9)
14641 (10,10,10,10)

Table 6. Q table for Cart Pole System

State Action
Number Number
0 1
0 0 0
1 0 0

1742 5.50 6.01

1743 9.14 12.28
14640 0 0
14641 0 0

In this case, the reward value to be used is calculated as
in Equation 13. In addition, the done function is given in
Equation 14 to stop the system under certain conditions.
(24 <x<24)and

reward = {1 (=0.2095 < 6 <0.2095) (13
0 other
(m24<x<24)or
done =40 (=0.2095 <6 <02095) or (14

iteration < 200
1 other

4. Simulation Studies

In this study, the proposed methods for the Q
learning algorithm were carried out on a computer with
Intel(R) Core(TM) i5-9400 CPU @ 2.90GHz, 64 Bit,
8GB RAM. The study was carried out using Anaconda
IDE. In addition, tests were performed on Frozen Lake
and Cart Pole environments using the pygym library.
Method 1- Method 8 methods proposed for Q learning
algorithm have been trained for 30000 iterations. Each
method was run independently 20 times for statistical
comparison. The suggested methods were applied for
each system and the results were explained in graphs and
tables. In addition, the best values in the tables are
written in bold font.

The average values of the results produced by the Q
learning algorithm are shown in the graphs. When
Figure 6 is examined for the Frozen Lake system, the
values obtained by Method 1 during 30000 iterations are
shown in blue in the graph. In addition, the average
value obtained in the last 100 steps using these values is
shown in green. The statistical results of this system are
calculated as in Table 7. When Method 1 was examined,
it was calculated as a minimum of 0, a maximum of 1,
an average of 0.35, and a standard deviation of 0.47 for
the average value in the last 100 steps. In addition, in
Figure 6, the variation of the learning parameter
examined in this study is given in each iteration.
However, since it is constant for Method 1, it appears to
be constant. Similarly, Method 2 results are
demonstrated as in Figure 6 graphically. Statistically, it
is given in Table 7. The results of Method 3 and Method
4 are depicted graphically in Figure 6. Statistically the
results are calculated as in Table 7. The results of
Method 5 and Method 6 are depicted graphically in
Figure 8. Statistically the results are also given in Table
7. The results of Method 7 and Method 8 are depicted
graphically in Figure 9. Statistically the results are also
calculated as in Table 7. When Table 7 was evaluated
numerically, all methods produced the best results in
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Statistically the results are also given in Table 8. The
results of Method 7 and Method 8 are depicted
graphically in Figure 13. Statistically the results are also
calculated as in Table 8. Considering Table 8
numerically, Method 7 produced the best result in terms
of maximum, Average value, average value over the last
100 steps as avg_100 in Table 8 are given.
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Table 8. Statistical Results of Method 1-Method 8 for Cart
Pole System

min  max avg avg_100 std

Method1 118 200 161.3 153.97 28.27
Method 2 169 200 196.6 187.85 9.24
Method 3 163 200 193.4 187.78 13.10
Method 4 102 200 182 187.72 324
Method 5 11 75 40 187.65 17.62
Method 6 57 137 93.5 187.52 25.59
Method 7 200 200 200 187.65 0

Method 8 49 100 67.3 187.65 15.65

5. Conclusions

In this study, 8 different methods have been
proposed for the learning parameter of the Q learning
algorithm. The proposed methods have been applied to
the Frozen Lake system, which is a discrete system, and
the Cart Pole System, which is continuous time. The
proposed 8 methods have been applied to these systems
over 30000 iterations. Each method has been run
independently 20 times and their performances were
tested statistically. When the results obtained are
examined, it is seen that Method 1 have produced better
results for Frozen Lake system, which is a discrete
system, while Method 7 have produced better results for
a discrete system, Cart Pole.
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