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ABSTRACT 
 

This paper shows that a system with two link arm can obtain arm reaching movement to a target object by 
combination of reinforcement learning and dynamic self organizing map. Proposed model in this paper 
present state and action space of reinforcement learning with dynamis self organizing maps.  
Because these spaces are continuous.  proposed model uses two dynamic self-organizing maps (DSOM) 
to estimate the state and action space by addition and reduction of neurons. It has been showed that 
DSOM has a better execution in conservation of network topology, error reduction and processing speed 
than the SOM, a new reinforcement learning algorithm based on these maps are presented which has 
variable Q-table that initialization, changing the nuerons and update the Q-table has been studied. In this 
paper, a new reinforcement learning algorithm based on dynamic self dynamic map has been presented 
that it’s Q-table is magnified over time.  
KEYWORDS: Reinforcement Learning, Dynamic Self Organizing Map, Countinuous state and action 

spaces, Robot Arm Control 
 

INTRODUCTION 
 

Reinforcement Learning (RL) is a subarea of machine learning that can be described as a 
computational approach to learning through interacting with the environment and attempts to find the 
optimal outputs for each input through trial and error[Sutton,1998]. 

 RL is an effective approach to improve adaptability of autonomous robots and has been applied to a 
variety of problems such as robot arm control[Albers,2010], humanoid robots[Peters,2003] robot path 
finding[Smith,2001], etc. 

 This paper presents a continuous state/action space reinforcement learning approach to a robot 
reaching movement to a target object. 

  The majority of RL theories assume discrete state/action spaces, but in real world most problems 
have continuous state/action spaces, and State/action space of our problem is continuous. There are 
different procedures For solving Continuous problems of RL, like multilayer perceptron (MLP) 
networks[Gaskett,2003], and Self organizing map [Touzet,1997]. the important work is done in this 
basis,is smith’s method. Smith’s algorithm quantized state/action map using two SOMs ,separately. The 
first SOM maps the input space in response to the state information,and the second SOM is used to 
represent the action space The Q-table is constructed on these maps. each unit in input map interpreted as 
a discrete state of the environment and has its own column in the Q-table. Each unit of the second map 
corresponding to a discrete action and has its own row in the Q-table.and Q-table is updated by the Q-
learning algorithm. In this paper, we propose a procedure to find an optimal mapping from a continuous 
state space to a continuous action space in the reinforcement learning context based Smith procedure 
[Smith,2002],but we use dynamic self organizing map instead self organizing map,[Menhaj,2005]  

      In SOM,if input probability space is intricate or unwelcome wrong changes are unfolded in 
network,SOM can not generate final map correctly.DSOM improve the SOM behavior and solve these 
problems. 

The model consists of two DSOMs. The input DSOM is for quantization the state space and the 
output DSOM is for quantization and exploring the action space to find optimal actions.These two maps 
are connected from one to the other via a Q-table.the rows of Qtable belongs to each unit in the state map 
and the columns of the Q-table belongs to each unit in the action map. 

 Since DSOM is used to quantize the state/action space in this suggested procedure and the units of 
DSOM changes with time, the dimensions of the Q-table is not fixed.Therefore,the rows and the columns 
of Q-table are added or deleted and dimensions of the Q-table change with time. 

    This paper is organized as follows.Section 2 briefly introduces RL and Q-learning and the 
standard and dynamic self-organizing maps. Section 3 devoted to introducing the proposed learning 
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architecture. Section 4 presents the results of applying the proposed algorithm to our application and 
Section 5 gives the concluding remarks. 
 
Background 

Reinforcement Learning  
Reinforcement Learning problems are based on the interaction between an agent and its 

environment. The agent is the learner which interacts with the environment, making decisions according 
to observations made from it. The environment covers every thing outside the agent[Sutton,1998]. The 
agent receives a scalar signal or reward in response to the selected actions. The ultimate goal of the agent 
is to learn a policy for selecting actions such a certain objective function, called long term reward or 
return, is maximized. Usually, the RL problem is studied under the assumption that this optimization is 
performed using only information from the state of the environment, without any external advisor 
(Markov property). 

The most commonly used reinforcement learning algorithms for robot applications is Q-learning. Q-
learning works by incrementally updating the expected values of return for each state-action pair. For 
each state-action pair, a value is assigned which is a function of both the immediate reward for taking that 
action and the expected return of the next state, which is called Q-values. A lookup table is often used to 
store the Q-value. 

Q(s , a ) ← Q(s , a ) + α r + γmax ́ Q(s , á) − Q(s , a )       (1) 
 
Where st is the state of the environment that means available information to define the environment at 

time t. at is action taken by the agent at time t. rt+1 is immediate reward that means value returned by 
environment to the agent depending on the action at time t +1. α is a learning rate. γ is a discount factor 
that determines the importance of future reward in the Q-value estimate, its value is between 0 and 1. Qt 
stands for the action-value function for a particular state before being visited at time t. Qt+1 is the updated 
value of that state once it has been visited. This method learns values of all actions, rather than just 
finding the optimal policy. 

 
Self Organizing Map  

The SOM is an unsupervised neural network. It is consisted of a number of neurons which belong to a 
(high dimensional) vector space and are arranged in a grid. The grid usually has one, two or three 
dimensions. 

 Each neuron has a weight vector w = [w1,w2, . . . ,wn] , where n is the dimensionality of the input 
data. The goal is to find an appropriate set of weights for each unit in order that the network estimates the 
distribution of the input data. The operation of SOM can be summarized in two steps: 
1) For a given vector x = [x1, x2, . . . , xn], the distance between this vector and all neurons are 
computed.The closest neuron to the pattern input is the winner, (wwinner) 
2) The weights of the winning unit are then updated in order that the new set of weights in the 
neighbourhood around winner and the input pattern x is improved. 

Wwinner = wwinner + β(x – wwinner)     (2) 
where β is the learning rate. In addition to the winning unit being updated towards the pattern input 

vector, the neighbours of winning neuron are also updated in this direction but by an amount that decays 
with the distance of those neighbours from the winning neuron. The neighbourhood function which 
controls this is often Normally distributed around the winning neuron.  

Thus, the weights of the network form a new data space where adjacent neurons have similar 
properties according to the primary distribution of data. This is vector quantization,where the number of 
characteristics required to recognize an input pattern is decreased by selecting some typical models which 
are tuned by the Self Organizing Map. therefore, SOM has been applied to quantize input spaces in 
Reinforcement Learning structures [Smith,2002]. In this paper, the transaction data set is used as the input 
patterns to train a SOM network.So, the dimensionality of the state space is decreased, and neurons that 
have similar behaviours are situated in areas of the map that are near to each other. 

 
Dynamic Self Organizing Map  

One development that has been done on the self-organizing map network is Dynamic self organizing 
map. In DSOM algorithm, Entry the input to the network like it is forced 

to a part of the network and moved it. Because this force enters to all parts of the network with equal 
probability Thus the neurons are distributed uniformly in the input space,With time and more uniform 
distribution of neurons, The input force to the neurons is reduced. After sufficient time of the network 
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lifetime,because the distance between neurons is almost identical,input resultant forces on each neuron in 
a large time interval is approximately zero. Consequently, the neurons motion will be in order to reduce 
the input resultant forces exerted on the neurons. But there is another way to reduce these forces, that is 
adding new neurons at the appropriate positions and removing the neurons from the inappropriate 
situations. 

This model corrects the basic algorithm to improve the network behavior and to increase the quality 
of mappings. The main idea of this model is to add and decrease the number of neurons over time that 
reduces the amount of displacement Network status in the input space. 

 
The Proposed Model 

The proposed model comprised of two DSOMs,the first DSOM is used to quantize continuous input 
(state) space into a discrete representation and the second DSOM is used to represent the action space. the 
two maps are connected to each other via a Q-table. each unit in state map occupying its own column in 
Q-table and each unit of action map occupying its own row in Q-table. 

To achieve the optimal mapping (maximizing the expected total reward following each possible 
state), the following procedure is used in upper layer : In the first DSOM(state map),the update is 
accomplished as follow, the unit of the input map with smallest distance from that state vector is 
identified as the winner.next,one of the units of the action map is selected according to the usual Q-
learning criterion- ie.the action map is decided by the ϵ-greedy method,that the action neuron with the 
highest Q-value is selected with a probability of 1- ϵ  for exploiting and a random neuron in the action 
map is selected with a probability of ϵ for exploring. then selected action is perturbed using a random 
noise,and it is this perturbed action which is actually output by the learning system. 

whenever the environment shows a positive feedback as a result of perturbed action,the action map 
will be updated toward this action. In our model,we use the algorithm similar smith,but we use DSOM 
instead SOM,and because DSOM is used to quantize the state/action space in this suggested procedure 
and DSOM neurons number changes with time,and two DSOM is connected to each other via a Q-
table,for this the dimensions of the Q-table is not fixed.Therefore,when a neuron is added to the state 
map,a row is added in the Q-table and when a neuron is deleted from the state map,a row is deleted in the 
Q-table.and in a similar manner when a neuron is added or deleted in the action map,a column is added or 
deleted in the Q-table. The initial Q-value of added row (column) is average of two rows (columns) 
corresponding to two neighboring neurons of added neuron in the state (action) map.this average Q-value 
of the new neuron is because of topology conservation property in DSOM. 
 
Experiment 

General Setting 
In this experiment, we want to use the proposed algorithm in a delayed reward problem. The task is 

to guide a two link robot arm to a target position. The model considered for the robot arm is showed in 
fig.1 . 

The joint torques, provide the force required for the robot arm to reach to the target. At each time 
step, the agent control the arm with receiving the state information which this informations included angle 
and angular velocity of two links. So the system has two control inputs ( joint torques) and four outputs 
(links angel and angular velocity). 

 

 
 

Figure1. The robot arm reaching task [Shibata,2000]. 
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The start point of robot arm is (0.24,0.24) and the goal point is (0.06,0.06). The base of the arm (joint 
1) is fixed at (-0.12,0). The both joint angles are limited in the range of,	0 ≤ 휃 ≤ 휋 and joint angular 
velocities are limited in the range of −휋 ≤ 휃̇ ≤ 휋. The target is fixed during the trial. 

 
Dynamical Arm Model 

The differential equation that describes the arm dynamics is as follows. 
 
τ = (퐼 + 퐼 + 2푀 푙 푠 푐표푠휃 + 푀 (푙 ) )휃̈ + (퐼 + 푀 푙 푠 푐표푠휃 )휃̈

− 	푀 푙 푠 2휃̇ + 휃̇ 휃̇ 푠푖푛휃 + 퐵 휃̇ 																																													 
τ = (퐼 + 푀 푙 푠 푐표푠휃 )휃̈ + 퐼 휃̈ + 푀 푙 푠 (휃̇ ) 푠푖푛휃 + 퐵 휃̇                   (3) 
 
Here Mi, li, si and Ii represent the mass, the length, the distance from the joint to the center of mass, 

and the rotary inertia of the link i around the joint, respectively. 
The parameters are shown in Table 1. The equation is numerically solved by Runge-Kutta 

method[Shibata,2000]. The sampling time is 0.02sec in the learning period, and 0.01sec after learning.                           
                                   

Table1. parametrs used in the dynamical arm model. 

 
After receiving system state, agent will select values for torques (actions). After the action is used, if 

the robot arm is reached to the target position, th eagent will receive as much as 10 large positive reward. 
Moreover, during the path the agent is received immediate reward from environment in proportion to the 
distance from the robot arm to target. This kind of delayed reward is caused object to find the target 
location faster. 

 
RESULTS 

 
We applied the proposed model on the robot arm. This problem is one of the most difficult problems 

in reinforement learning and has the large state space. Furthermore, the agent requires to try a wide range 
of actions, to be successful and reach the goal. Sometimes the robot in the learning phase, in 1000 first 
iteration or even more is not reach to the target. 

Fig.2 showes a graph of reward during learning. As shown in the figure, in the start of algorithm, the 
robot path is completely random and the robot exits from limitations so it has received negative reward. 
But over time, the agent learning is more and more. After 10000 time steps, the agent is nearly learned the 
path but it has failurs until 16000 time steps. After 16000 time steps, the agent is learned the path 
completely. Each time agent reach to the goal, it receives a great reward 10. 

 
Figure2. Reward received by the robot during the learning in time steps using proposed model. 
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Fig.3 shows the movement of the robot arm to reach the goal during the learning time. If one 
episode take more than 200 time steps and dose’nt reach to the goal, we say that the agent is losted and 
finish the episode. Several robot arm path to reach the goal, is shown in the fig.3 which is controlled with 
proposed method in this paper. 

Fig.3-a shows a path that experiment has lasted more than 62 time steps. This test is taken in the first 
of the learning (when the agent has learned a few episodes to get to the goal) . The path shown in fig.3-b 
is lasted 45 time steps and it is evident that agent has learned how to reach the target but still not to 
control robot arm truly. Figs 3-c,d show that in this experiment, the agent has learned how to control 
robot arm properly, but still not optimal. The experiments lasted 27 and 17 time steps and the robot 
dosen’t find the most suitable path. The last path in the fig3-e shows the final result of learning which the 
goal is reached in 8 time steps. 

 

 
Figure3. Sample paths of the robot arm toward the target for different time steps  

in the learning process. 
 
Fig.4 shows reward graph during learning for the method of Smith (Self Organising Maps in 

Reinforcemnt Learning). As shown in the figure, learning speed in proposed method is more than 

117 



Jafari et al.,2013 
 

learning speed in Smith method. In Smith method the agent is learned the path completely in 17000 time 
steps, but in proposed method the agent is learned the path in 10000 time steps. This is due to the lower 
number of neurons that are used in each iteration. 

 
 Figure4. Reward received by the robot during the learning in time steps using Smith  model. 

 
Conclusion 

 
In this paper we peresented a novel model for the combination of reinforcement learning and dynamic 

self organizing map. The main idea of this paper was using of dynamic Q-table. Q-table changed it’s 
structure with changing the number neurons in the input or output map. Initial value of Q-table after 
changing in rows or columns was added with using of previous values of Q-table and the topology 
preserving feature of self organizing maps. Gradual growth of Q-table was caused this kind of initializing 
was better than the random intialization. It had been showed that DSOM had a better execution in 
conservation of network topology, error reduction and processing speed than the SOM in robot arm 
control to reach the goal. 
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