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Abstract - This paper aims to describe the main theoretical details of Reinforcement Learning (RL). RL is the closest to human 
learning among all the other learning methods. Just as an infant learns by itself without any teacher supervision, an agent learns 
through RL. A rational agent makes inferences between the effects and their consequences. The term state is used to defined 
one of the possible positions where an agent is in the environment. A Reward maybe defined as a credit or a penalty for each 
and every state. Actions are possible operations decided by an agent. As an example, an agent navigates through a maze. 
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I. INTRODUCTION 
 
For many years, researchers have always desire to 
design and manufacture machines that are able to learn 
and move by themselves by taking decisions 
exploiting what was learned before. If a goal of this 
caliber is achieved, it is obvious that all walks of 
human lives would get affected deeply. Currently, 
machines run exactly the way as they are programmed 
for. The capabilities of machines are limited with the 
capabilities and the imagination of their programmers. 
This dependence of the machines on their 
programmers prevent researchers from effective and 
expeditious solutions to complex problems. 
 
However, without the need for any human intervention, 
the machine may act spontaneously to perform its task 
from its own experience, which is different from the 
programmer's experience. This is known as artificial 
intelligence (AI). To this end, researchers have been 
inspired by nature on many applications. This 
inspiration named as biomimicry. AI, just like the 
approach on how infants learn, would present us with 
new opportunities. As for learning by itself, take 
infants for example, they learn by themselves, when 
they face a problem. If it is the first time, they cannot 
know how they handled it. First, they take a decision 
randomly and they expect good things would happen 
in the face of that decision. However, the randomly 
taken decisions could very well turn unpleasant. The 
assessment of these unsatisfactory or satisfactory 
consequences is evaluated by whether these 
consequences are suitable for their own purposes. This 
assessment is carried out all by themselves. For 
example, let us assume, it wants to taste a piece of 
chocolate. So, first, he has to grasp it and take it to his 
mouth. However, he has to find out a way he can 
control his arm muscles orderly. It is likely that at his 
first attempt he may not know how it is going. 
Probably, he will fail at his first attempt by 
involuntarily hitting the chocolate and causing it to fall 
down. These problems and consequences help infants 
learn.  However, one must note that feedback not 

always instantaneous. On the contrary feedback may 
very well be delayed, or even discernible. For 
example, a student has to pass an exam and for this 
reason she has to get a right decision for getting a good 
score. She is not able to know anything on her studies 
whether useful or not until seeing the exam result. The 
feedback of her decision delayed as long trm. In the 
reinforcement learning problems machine as infant 
named as agent and good or bad decision consequence 
named as reward. Actually, reward Rtis a feedback 
signal. [2] Agent wants to maximize the total reward 
as same as infant always wants to reach good taste.  
 
As an example of rewards [2]: 

 
• Defeat chess player at chess  

o +/- reward for winning /losing  
• Control a solar power station 

o + reward for producing power 
o – reward for exceeding safety thresholds.  

 
Understanding interaction between agent and its 
environment that have to be developed by some 
formulation. In the Figure-1 [2] the brain represents 
our agent and we have to be developed an algorithm 
that makes brain the free like individual. Taken actions 
at each step according to information received from 
the environment and at every step basically get some 
rewardsignal. [2] 
 

 
Figure-1 [2] 
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At every step-in time t the agent executes action At 
receives observation Ot and receives reward Rt. For 
next time agent will decide next action from a new 
state S that is the information what it could be 
happened. That information consists of history of 
sequence of observations, actions, rewards. [2] 

 
St=f (Ht)  State St is function of history Ht. 

 
If we are talking on machines, our reward will be a 
certain numeric value and the whole other things have 
to turn in to mathematical representation. We could 
divide our learning objectives into mainly three parts. 
First dynamic programming. It uses transition model 
to predict utility function. Second, absence of 
transition model. Monte Carlo helps us to reach 
state-utility function. And the system divided into two 
sections. One of them is passive system as method, 
another is active system as control. Third and most 
equivalent method for real life learning problems is 
Temporal Difference Learning and Q-learning. 
Before representation of reinforcement learning, in the 
order, it is needed to get sequential decision problems 
with Markov decision process to choose best policy 
that calculated with bellman equations. [3] 
 
III. DETAIL; ANDREY MARKOV & MARKOV 
DECISION PROCESS, DYNAMIC PROGRAMMING: [1] 
 
Andrey (Andrei) Andreyevich Markov (14 June 
1856-20 July 1922) was a Russian mathematician who 
is known on stochastic processes works. He defined a 
property that is called Markov property. This says that 
the future is independent of the past given the present 
[2] It means that the state is now that is dependent only 
from the state it was at t-1. His works later became 
known as Markov Chains and Markov decision 
Processes. This is consisted of; State-space S, a 
function A that gives the possible actions for each 
state, a transition probability function T and a reward 
function R [4].  
 
Transition probability is the probability of each 
possible next state s' that according to given any state s 
and action a, [1] 

 
p(s′ s, a) = Pr{s = s′ S = s, A = a}  (2.1) 
 

The expected value of the next reward according to 
given any state s and action a for any next state is; [1] 

 
r(s, a, s′) = 피[R |S = s, A = a, S = s′] 

 (2.2) 
 

According to Markov Property Markov Chain 
contains  
 

Possible States  S= {s ,s , … . . s } 
 

Starting State  s , 
Transition Model  T (s, a, s’) 

 
Transition model defines transition from s to s’ 
under actiona. 
 
In reinforcement learning decision making process is 
important. According Markov Chain as general 
Markov Decision process contains; 

 
Possible States  S= {s ,s , … . . s } 
Starting State   s , 
Possible actions  A= {a ,a , … . . a } 
Transition model T (s, a, s’) 
Reward function  R(S) 
 

Agent could be able to maximize the reward by 
choosing positive reward state and it has to avoid the 
negative reward state. Agent reach that aim it have to 
find a good policy π(s) that return the highest reward 
to agent. It is named as optimal policy. 

 
Agent can use Bellman Equation to reach optimal 
policy. 

 
Uh= R (s )+R (s )+  R (s )+…. +  R (s )    
                  (2.3) 
  γ ∈ [0,1] 
 
γ is discount factor that describe the choice of the 
agent for the resent rewards in the face of future 
rewards.Comparing the utility of single states 

 

U(s) = 피  R(s )
∞

                          (2.4) 

Utility of a state “s” is associated with the value of its 
nearby state s’ 
 
U(s) = R(s) + γmax

a T(s, a, s′)U(s′)
′

              (2.5) 

 
Bellman Equation algorithm is the basis of the value 
iteration algorithm. [3] 
 
Function Value-Iteration (T,R) returns a utility matrix 
Input T, a transition probability matrix 
R, a reward matrix 
Local variables: U, utility matrix, initially identical to 
R 
U’, utility matrix, initially identical to R 
Repeat  
U←U’ 
For each state ido 

   U′(s ) ← R(s ) + max ∑ T U s    
End 
 Until max U(s )− U′( ) < ε 

ReturnU 
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The algorithm gives us rewards of each state. However 
optimal policy π(s) is found for generating much 
reward than the other policies. By taking value 
iteration algorithm, we are able to estimate the utility 
of each state. Although we could do that we need to 
get optimal policy that will help us to maximize 
reward of each states. 
 
Function Policy-Iteration (T,R) returns a policy 
Input T, a transition probability matrix 
R, a reward matrix 
Local variables:  
U, utility matrix, initially identical to R 
π , a policy, initially optimal with respect to U 
Repeat  
U← VALUE-DETERMINATION (U, T, π) 

changed=false 
For each state ido 
 
Ifmax ∑ T U s > ∑ Tπ( )U s then 
 
 π(s ) ← argmax ∑ T U s  
 
changed=false  
end 
Until changed=false 

 
ReturnU 
At the end if the agent has transition model (matrix) it 
could be able to evaluate and find best policy to 
follow. If agent know the environment before it moves 
inside it the system is model based. However generally 
agents couldn’t know anything about the environment 
that the system called as model free. Real world 
conditions are the best example of the model free 
system. Therefore, an agent needs to approach the 
problem in a different way and it named as Monte 
Carlo Method and Control. 
 
III. MONTE CARLO METHOD [1] 
 
While saying Model Free System or Model Free RL it 
is defining particularly as passive RL and active RL. 
Both way in Model Free System there is not anything 
about transition model and reward function.  
 
In the passive RL agent has a policy π that helps to 
agent to move in the environment. Under the policy π 
the agent that in the state s always produce the action 
a. The aim in the passive RL is to learn the Utility 
Function Uπ (s). The function evaluates state by state. 

 

U (s) = 피  R(s )
∞

                          (3.1) 

 
Finding the utility function, we get the expectation of 
the returns.The monte Carlo Method has some 

advantages above the MDP, these are; 
• Interacting with the environment, it is allowed that 
learning optimal behavior  
• Monte Carlo Method is used with simulations or 
sample models. 
• Small subset of the states is easily focused by Monte 
Carlo Method. 

 
In the Monte Carlo method agent must have a model 
of the environment in order to make decision. 
Therefore, on-line or simulated interactions with an 
environment, it collects experience of states, actions 
and rewards. And it could reduce learning time end 
cost. Because, the learning process could take long 
time in real word and the process could be so 
expensive. 
 
IV. MONTE CARLO CONTROL [1] 

 
The active RL named as Monte Carlo Control and RL 
agent has not any information on reward, policy or 
utility function to predict best movement in the 
environment. In some way the Monte Carlo control 
could be more realistic, since the optimal policy is 
estimated by the agent who does not know this. Monte 
Carlo Control method is called Generalized Policy 
Iteration or GPI [1] and this method is similar as much 
as what explained at section two about the policy 
iteration. It consists of two concurrent connected 
processes:  
• First, policy evaluation  
• Second, policy Improvement 

 

 
Figure-2 [1] 

 
Policy evaluation section system is checked by current 
policy (evaluation). After that, under the current utility 
function second step greedily improvement the policy. 
After a period, the evaluation and the improvement 
process reach balance without any changes. The value 
function and policy are optimal at the equilibrium. 
Until now we used state-utility (state-value)function 
(Uπ(s)) to estimate value of state s under policy π. Now 
we have to use action-value function because this 
function is more sufficient than the state-value 
function to suggest a policy. 

 
Q (s, a) = E{Return |s = s, a = a}                    (4.1) 
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Expected return starting from s taking the actin a 
thereafter following policy π. Agent moves in the 
environment trying the different actions and wait its 
result of the actions until the end. The system update 
itself after reaching the final state. It means that if it is 
used on any autonomous equipment for control, the 
policy will be update after hit the wall inevitably. 
Because of avoiding this result Temporal Differencing 
Learning method improved due to expense of policy 
update in the Monte Carlo control. 
 
V. TEMPORAL DIFFERENCE LEARNING [5]  
 
In the Temporal Difference Learning (TD learning) 
we could obtain as much same result as Monte Carlo 
methods since utility function is updated after a single 
step. 
New Estimate← Old Estimate+ Step Size [Target 
−Old Estimate] [5] 

 
Where the step-size parameter describes the 
effect-size of changes from time step t to time step t 
+1. Step size is also called the learning rate (α). 
[Target −Old Estimate] is the error towards the 
optimal value Q∗. The optimal Q-value is guaranteed 
if Q t→∞= Q∗. In practice, the learning algorithm stops 
if Qk is believed to be sufficiently close to Q∗. One 
stopping criterion is explained with convergences of Q 
values. If the difference |Q t (s, a) −Q t−1 (s, a) | is lower 
than a threshold that could be understand convergence 
of Q values.    
In a single iteration, dynamic programming updates 
Q-value off-line for every possible state-action. 
Therefore, the main differences between Dynamic 
programming and Temporal Difference is the updating 
Q- value. That is why dynamic programming requires 
an explicit model of the environment with the 
probability of moving from any state s to another state 
s’ that is fully defined by the transition function.  
 
Generating the transition that is chosen by the action 
which is defined by the state transition probability P (s 
| s, a), and the reward function R (s, a) for the reward 
(as seen equation 5.1) 
 

Q (s, a)  
← R(s, a) + P(s′ s, a)max

a
′

Q (s′ , a′)       (5.1) 

 
On the other hand, temporal difference learning, since 
it is model -free, it is not needed that fully model of the 
transition function. Some sample episodes of 
state-action transitions are used by TD, on the contrary 
getting all possible transitions. Q∗ improved with 
estimation that is contribution of sampled transitions. 
The online exploration of sufficiently large number of 
state -action pairs is used by TD for reducing the error. 
 

Q (s, a) ← Q (s, a) + α[  R(s, a) + Q (s′ , a′)−

Q (s, a)
 

] (5.2) 

When TD learning implement as an on-policy or 
off-policy it is named as SARSA and Q-learning 
respectively. The policy is updated according to 
actions that taken by the agent for on-policy. On the 
other hand, off-policy could be learned other policies 
that is differ by currently followed policy by the agent. 
 
VI. SARSA(흀)  [5]  
 
The use of an eligibility trace shows as the λ. Visiting a 
state or taking of an action is an example of a 
temporary record of the occurrence of an event is 
named as eligibility trace. The current reward can be 
attributed to past states since the trace pointed the 
memory parameters that is about with the event.  
 
The name SARSA is stands for 
“State-Action-Reward-State and Action” and 
explaining of these words one by one that is: 
 

 
These explanation shows below the algorithm of 
Sarsa. 
 
The exploration -exploitation trade-off is defined by 
the degree of “greediness” for online policy training. 
By taking probability ε execute exploration moves at 
the same time probability (1−ε) uses for learning 
optimal action that is an ε-greedy policy. 
 
Algorithm OfSarsa [5] 

 
Q (s, a) ⇐ arbitrarily 
Repeat {for each episode:} 
Initializes 
Choose a from s using policy derived from Q (e.g. 
ε-greedy) for all steps in the episode doTake action a, 
observe r, s 
Choose a’ from s’ using policy derived from Q (e.g. 
ε-greedy) 
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Q(s, a)  ← Q(s, a) + α[r + γQ(s′, a′)− Q(s, a)] 
s←s’ ;a←a’; 
end for 
untils is terminal 

VII. Q-LEARNING [1] 
 

At 1989 Watkins developed one of the most importing 
methods in the reinforcement learning was that 
off-policy TD control algorithm known as 
Q-Learning. [1] 

 
The basic of Q-learning as one-step is defined by  

 
Q (S , A ) ← Q (S , A ) + 

α[ R + γmax
a Q(S , a)− Q(S , A )]           (7.1)      

 
The optimal action-value Q∗ is independent of the 
followed policy and that directly approximated by the 
learned action-value function Q. This is make simple 
the algorithm analysis and enable proof of early 
convergence. It is determined which state-action pairs 
are visited and updated by the policy which has effect 
on them. The Q-Learning algorithm is shown below; 
 
Algorithm Of Q-learning [1] 

InitializeQ (s, a); ∀s∈S, a∈A(s); arbitrarily,  
and Q (terminal-state,∙) = 0 
Repeat (for each episode): 
InitializeS 
Repeat (for each step of episode): 

Choose A from S using policy derived from Q (e.g., 
"-greedy) 
Take action A, observe R, S0 

 
Q (S , A ) ← Q (S , A ) + 

α R + γmax
a Q(S′, a)− Q(S, A)  

S←S0; 
untilS is terminal 
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