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Abstract 

his paper deals with a new algorithm for solving the problems of reinforcement learning in 

continuous spaces. For continuous states and actions, we use a new method based on self-

organizing neural network, DIGNET. Two self-organizing neural network, DIGNETs, are used 

in this method, which having simple structure, can give an appropriate approximate of state/action 

space. The network is able to adapt inconsistent nature of reinforcement learning environments fine 

since the system parameters in DIGNET are self-adjusted in an autonomous way during the learning 

procedure. Automatic and competitive production and elimination of attraction wells, considering 

parameters of attraction well, threshold, age and depth, lead to flexibility of proposed algorithm to 

solve continuous problems and finally, the attraction wells of output DIGNET (action) will concentrate 

on the areas with high reward, providing an appropriate illustration for a continuous state space. At the 

end, we also present the results of evaluating proposed method on several problems. 
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1. Introduction 

Machine learning is the science of designing and developing algorithms that allow computers to 
learn.  Learning techniques are often divided into supervised, unsupervised and reinforcement 
learning (RL). Supervised learning requires the explicit provision of input-output pairs and the task is 
one of constructing a mapping from one to the other. Unsupervised learning has no concept of target 
data, and performs processing only on the input data [1]. In contrast, RL uses a scalar reward signal 
to evaluate input-output pairs and hence discover, through trial and error, the optimal outputs for 
each input [2-3]. While reinforcement learning has led to good results in solving small problems with 
several hundred states and a few discrete actions in each state, problems often have variables with 
large or infinite possible values (e.g. continuous variables). For this reason, generalization and 
approximation is used to encounter this challenge. In this case, function approximators are applied to 
represent value, policy or Q functions. Combination of these approximators with reinforcement 
learning will form Approximate RL. Reinforcement learning with the help of algorithms based on 
approximation has increased its successes in many applications such as simulated treatment of HIV 
infections [4], autonomous helicopter flight [5], robot control [6], interfacing an animal brain with a 
robot arm [7] and decision-making in games [8]. One approach to dealing with continuous 
environments is to simply discretize the world and use standard explicit state space methods on the 
discretized model.  Although useful for some domains, discretization doesn't scale well to high 
dimensional spaces, and, despite some work on adaptive discretization, choosing the discretization 
can be problematic [9].Traditionally, in Q-learning algorithm, a decoder pre-partitions the input 
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space into grid called boxes that map input vectors into activated boxes. However, the way of pre- 
partitioning the input space might not be suitable for all systems, especially for unknown systems 
[10]. Applying CMAC provides discretization of continuous space [11-12]. With the distinction that 
using plain lines for separating is not necessary. The advantage of this method is its fast computation 
along with simplicity and ability to local generalization. In addition, it assures that compared to whole 
estimators, leads to more successful results. But along with these advantages, it also requires 
previous knowledge about bounds with large and small tiles. Classical RL algorithms require exact 
representations of value functions. Some methods use function approximators to represent value 
functions. Approximators can be separated into two main types: parametric and nonparametric. 
Parametric approximators are mappings from a parameter space into the space of functions they aim 
to represent. In contrast, the structure of a nonparametric approximator is derived from the data [13]. 

Parametric models such as neural nets or local averagers have often been used for continuous 
environments. However, these parametric models have the problem of "forgetting" where all 
representational power can be co-opted by new examples. Many problems of reinforcement learning 
have been performed by means of neural net. However, using function approximators requires 
making crucial representational decisions (e.g. the number of hidden units and initial weights of a 
neural network). Poor design choices can result in estimates that diverge from the optimal value 
function and agents that perform poorly. Even for reinforcement learning algorithms with 
guaranteed convergence, achieving high performance in practice requires finding an appropriate 
representation for the function approximator[14].  

The greatest disadvantage to using a feed forward neural net with back propagation is that the 
problem of neural net design is not yet well understood, especially for continuous input problems. 
There is no standard method for choosing the number of hidden nodes or setting the learning 
parameters, and the process is largely trial and error subject to the intuition of the researcher. 
Furthermore, the nonlinearity of feed forward neural nets entails that convergence can be achieved 
only to a local optimum, and not necessarily to a global one; and not even that convergence is 
guaranteed in general. Finally, a neural net large enough to solve an interesting problem is usually 
computationally expensive and slow to converge if it converges at all. On the contrary feed forward 
neural nets are relatively well suited to accepting continuous input without the need to discretize 
and the back propagation algorithm is a convenient way to compute the gradient of a feed forward 
neural net, allowing us to perform a gradient descent on the output error [15]. 

On the contrary, there are advantages like good high calculation costs and slow convergence        
(if any). In problems with goals varying by time, when a model learns according to a goal, emergence 
of new goal results in deleting these weights and substituting for new weights. Tile coding is an 
established function approximator with local generalization. It is a linear function approximator, 
which is preferable to non-linear ones because of theoretical convergence issues [16]. Generally, 
linear function estimator is more consistent than its nonlinear type, but on the contrary, nonlinear 
estimators don't have any limitation on the number of combined particulars to develop function 
output. So far non parametric methods such as Gaussian regression [17], support vector regression 
[18] or methods based on decision tree have also been presented. 

When convenient features for state aggregation are not available at all, there is the possibility of 
trying to find similarities among states through a clustering or expanding method based on a 
statistical analysis carried out in parallel with the training process. Actually, clustering was originally 
suggested as an alternative to handcrafted encoding, which proposed a method founded on 
empirically tested rules based on similarity among state features or action values [19]. Also, in this 
regard, self-organizing map (SOM) has been used. Since SOM has a predefined topology and 
dimensions, when the dimensions of state and action spaces exceed the limit on corresponding 
maps, these methods encounter some problems. Applying growing self-organizing map (GSOM) for 
optimal map from a continuous state space to a continuous action space in [30], compared with 
previous method, has led to better results; so, the results of proposed method in this paper will be 
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compared with this method. The proposed method can be used for reinforcement learning problems 
with continuous states and actions. This method attempts simultaneously to provide an appropriate 
representation for a continuous state space; to concentrate automatically the attraction wells of 
output net in continuous space of actions on areas with high reward; to make a Q table with non-
fixed dimensions to handle the growing nature of the state/action maps through automatic changes 
of attraction wells by time, and to get an appropriate approximation for Q values. In following of the 
paper, reinforcement learning and Q learning and self-organizing neural DIGNET will be presented 
briefly in section 2. Section 3 defines the proposed reinforcement learning method. Section 4 gives 
the results from applying proposed algorithm in several problems. Section 5 analyzes the result and 
in section 6 conclusions will be explained. 
 

2. Background  

2.1 Reinforcement Learning  

Reinforcement learning has been done base on simple idea of learning by means of trial and error 
while interaction with environment. In every episode and state st, the agent performs the action at, 
and depending on the starting state, the action and the environment, receives the reward rt+1. In fact, 
at the same time, attempts to gain new knowledge and improves its decision based on the present 
knowledge. The agent learns to choose actions that maximize the sum of all rewards in the long run. 
The resulting choice of an action for each state is called a "policy" and finding optimal policies is the 
primary objective of reinforcement learning [20]. Q learning algorithm [21-24] is one of common 
algorithms in reinforcement learning which its improvement in continuous space has been 
considered. This method begins from an initial and arbitrary Q function, Q0, and brings it update 
without using any model. Q learning algorithm has been shown in fig. 1. Q function in each time step, 
becomes update by the following learning rule (1): 

 

𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼 [ 𝑟𝑡+1 + 𝛾 𝑚𝑎𝑥
𝑎

𝑄(𝑠𝑡+1 , 𝑎𝑡) − 𝑄(𝑠𝑡 , 𝑎𝑡)]                                              (1) 

 
Figure 1: Q learning algorithm [2] 

 
2.2 Self-Organizing Neural Network: DIGNET 

DIGNET is a self-organizing network based on competitive learning and is able to perform fast and 
stable learning and clustering of new input patterns. In this network, there's a concept called 
"attraction well", which is developed or eliminated according to the results of competition in the 
pattern space [25]. The reward-penalty learning concept is applied during the update process; so 
centers of those losing attraction wells are pushed away from the winning cluster. The threshold 
value of each attraction well in DIGNET is determined from a desired initial lower-bound of tolerable 
signal to noise ratio (SNR). In this method, a simple type of "adaptation with forgetting" and 
elimination state attraction wells are performed by a parameter called "state age". Inner-product is 
used in DIGNET to compare the similarity between the normalized input pattern vectors and the 
exemplar vectors, and is consistent with applying all metric kinds. Attraction well depth presents a 
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certainty criterion on stored clusters and affects attraction well center inertia. Fig.2 shows the 
learning cycle of this method in clustering process. 

 
Figure 2: DIGNET algorithm [27] 

 
Also, stability and convergence analysis and capacity of neural network DIGNET has been presented in [29]. 

 

3. Proposed Algorithm 

The proposed method is suitable for reinforcement learning problems with a continuous space of 
states and actions, and is composed of two DIGNETs, which input DIGNET is responsible for 
presenting state space and output DIGNET, is applied for discovering in action space and finding 
suitable action( while presenting action space). These two networks are connected through a Q 
table. Each row in Q table represents an attraction well of input DIGNET and each column represents 
an attraction well of output DIGNET. Fig. 3 shows the proposed model diagram. 

 

Najmeh Alibabaie et al. / Vol. 4(13) Oct. 2014, PP. 1999-2014              
 

http://www.aeuso.org/


 
2003 

 
International Journal of Mechatronics, Electrical and Computer Technology (IJMEC) 

Universal Scientific Organization, www.aeuso.org 
 

 
Figure 3: Proposed model diagram 

 

Learning process include three parts; to learn state map, to learn action map, and to learn Q 
table. At the beginning of learning process, the attraction wells of input DIGNET are formed 
according to agent place. The purpose of learning in the input map is to find the best representation 
of state signal distribution. At the end of learning, it is expected that output map attraction wells 
settle on action space areas with high received reward. Initial values of Q table will be determined by 
zero, while it is expected that finally each element of this table is anticipated to appropriately 
approximate the expected value of the corresponding return. 

Since there is not any directed feedback from environment, in order to find the most appropriate 
action, actions map should explore in the actions space. For this reason, each attraction well which is 
selected to be applied to the environment is perturbed using a random noise. This action with noise 
is the one which is actually applied to the environment. Whenever environment shows a positive 
feedback as the result of noisy action, winner attraction well in output DIGNET will be updated 
towards noisy action. Finally output DIGNET converges to the highly rewarded regions. It's necessary 
to mention that action DIGNET data, similar to state DIGNET, is non-stationary. Learning agent 
improves its policy during learning therefore this agent chooses different actions in learning process. 
Hence action map will confront with different sequences of action signals with time. 

The purpose in the process of Q table learning is to approximate the expected return for each 
state-action couple. The updating manner is as follows: 

The actual values of state vector are presented to state map. State DIGNET, determines winner 
attraction well based on the highest amount of similarity to the state vector. Then, one of action 
attraction wells are selected according to ε –greedy policy. In this policy, with possibility of 1-ε, an 
attraction well with the highest Q value is selected and a random attraction well interaction map is 
selected with a probability of ε for exploring. Actual vector related to the selected attraction well is 
used for applying in environment, and just as said earlier, for exploration, a uniform random noise 
will be added to each of its components. This noisy action is applied in environment and its reward is 
received. In order to update Q table, the criterion of Q learning is not used for previously selected 
attraction well, but also an attraction well which has the most amount of similarity to noisy action 
applied in environment will be considered. Q value related to state attraction well and attraction well 
related to noisy action will be updated by Q learning update rule.  
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Considering DIGNET ability to automatic develop and eliminate attraction well, it can be used to 
afford presenting state/action map growing. After adding an attraction well in the state DIGNET, a 
row is added to Q table and similarity when an attraction well is added in the action spaces, a column 
is added to Q table. When an attraction well is deleted in the state/action spaces, correspondent 
row/column is also deleted from Q table. These particulars have not been yet taken into account in 
common methods of Q learning. The proposed algorithm pseudo-code has been shown in fig 4. 
 

% I is the input signal.    𝑠+, 𝑎+are the added attraction well in the state and action spaces.  
%  𝑠−, 𝑎−are the deleted attraction well in the state and action spaces 
Repeat (for each episode) 
𝑠𝑡 ←InputMap. Get Winner Attraction well(I) 

 ( 𝑠+, 𝑠− )   ←  𝐼𝑛𝑝𝑢𝑡𝑀𝑎𝑝. 𝑈𝑝𝑑𝑎𝑡𝑒(𝐼) 
𝑄.𝐷𝑒𝑙𝑒𝑡𝑒𝑅𝑜𝑤(𝑠−)                                                                        % delete row Q(𝑎−,*) 

𝑄. 𝐴𝑑𝑑𝑅𝑜𝑤(𝑠+) 
𝑎𝑡 ← 𝑎𝑟𝑔max

𝑎
𝑄(𝑠𝑡, 𝑎) 

          With probability of  p 
                            L   ←     𝐶𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠𝐴𝑐𝑡𝑖𝑜𝑛𝑆𝑝𝑎𝑐𝑒. 𝐺𝑒𝑡𝑅𝑎𝑛𝑑𝑜𝑚()% epsilon-greedy policy 
𝑎𝑡  , [𝑎

+]  ←OutputMap.Get Winner Attraction well(L) 
 

          For each 𝑎𝑡
𝑖  component of 𝑎𝑡 

𝑎𝑡
𝑖         ←     𝑎𝑡

𝑖 +   𝑟𝑎𝑛𝑑(−1,1) ×  𝜀      % 𝜀 controls the amount of exploration  
                                                                                           % in the action space 

(𝑠𝑡+1 , 𝑟𝑡+1)    ←   𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡. 𝐴𝑝𝑝𝑙𝑦(𝑎𝑡) 
          If 𝑟𝑡+1 +  𝛾 max

𝑎
𝑄(𝑠𝑡+1, 𝑎) > 𝑄(𝑠𝑡 , 𝑎𝑡) 

 ( 𝑎+, 𝑎− )     ←          𝑂𝑢𝑡𝑝𝑢𝑡𝑀𝑎𝑝. 𝑈𝑝𝑑𝑎𝑡𝑒(𝑎𝑡) 
𝑄.𝐷𝑒𝑙𝑒𝑡𝑒𝐶𝑜𝑙𝑢𝑚𝑛(𝑎−)                          % delete column Q(*,𝑎−) 

𝑄. 𝐴𝑑𝑑𝐶𝑜𝑙𝑢𝑚𝑛(𝑎+) 
�̃�𝑡  ←   𝑂𝑢𝑡𝑝𝑢𝑡𝑀𝑎𝑝. 𝐺𝑒𝑡𝑊𝑖𝑛𝑛𝑒𝑟𝑊𝑒𝑙𝑙(𝑎𝑡) 

𝑄(𝑠𝑡 , �̃�𝑡) = 𝑄(𝑠𝑡, �̃�𝑡) +  𝛼 (𝑟𝑡+1 +  𝛾 max
𝑎

𝑄 (𝑠𝑡+1, 𝑎) −  𝑄(𝑠𝑡, �̃�𝑡)) 

 

Figure 4: Proposed algorithm 
 

4. Empirical Results  

In this section, the proposed algorithm will be applied in three problems. In the first problem a 
continuous two-dimensional input space is mapped to a continuous two-dimensional output space. 
Then, in order to evaluate its function in a problem which its goal changes with time, the proposed 
algorithm is assessed in second problem. In third experiment, the proposed algorithm is applied for a 
Two-Jointed Arm Control Problem In a Stationary Environment. In this problem, the agent has a two-
jointed arm which moves in a signal square [30]. As fig. 5 shows, the arm base is fixed in position (0.5, 
0), and its end position is determined by the lengths of two parts of the arm, L1 and L2 and also 
angles θ1 and θ2 which are measured with radian and place in the bound [-π, π]. In each episode a 
random goal position in circle is selected and its particulars are given to the agent as input.  
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Figure 5: Control of two-jointed arm [31] 

 
The angles θ1 and θ2 are the agent output. These are angles to which the agent is transferred. The 
agent should determine the angles (θ1, θ2) so that the tip of the arm reaches goal position. After 
choosing an action, the agent is given a direct reward and this direct reward is obtained simply by 
negative distance between the arm tip and goal position. Learning purpose is to map from goal space 
to arm space (fig. 6). 

 
Figure 6: The task is to learn a mapping from goal space to joint-angle space using an immediate reward signal. 

 
 

Input DIGNET places on input space and its attraction wells are explained as dynamic states of 
environment, and action DIGNET attraction wells place on action space and are explained as dynamic 
actions in learning process. Action DIGNET explores in actions space by using a uniform random 
noise. Action DIGNET attraction well becomes update towards a noisy action which has had the 
expected improvement of estimating return reward. The parameters used in this problem are 
showed in table 1. 
 

Table 1: An empirically derived set of appropriate parameters for the proposed model.  

Value Parameter 

0.3 Maximum for -greedy exploring 

0.01 Minimum for -greedy exploring 

4 db State DIGNET SNR 

10 db Action DIGNET SNR 

30 State age of state network attraction wells 

100 State age of action network attraction wells 

0 Depth threshold for elimination of state network attraction wells 

10 Depth threshold for elimination of action network attraction wells 

Inner-product State/Action DIGNET measure of Similarity 

f(t) Q learning rate, α 

f(t) Probability of Q learning exploration, p 
1/((t/1000)+1) f(t) 
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Fig. 7 show the results of performing proposed algorithm in this problem over 10 independent trials 
in comparison with the results of an algorithm applied previously by means of a growing self-
organizing map. 

 
Figure 7: Average reward again sttime using the parameters of Table 1. 

 

 
Figure 8: Results improvement percent in Two-jointed arm Control 

 

 
4.1 Non-Stationary Two-Joined Arm Control  

In order to evaluate proposed algorithm performance in a problem in which goal changes with 
time, proposed algorithm is tested in a non-stationary two-jointed arm which moves in a single 
square just like previous problem. Here, a learning agent should be able to pass this robot on goal by 
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starting from any input place, and finally, should choose angles for arm so that it can arrive at one of 
four determined points in the square. The defined structure in this test is consistent with previous 
test. Fig.9 shows this testscheme. 

 

 
 

Figure 9: Time variant two jointed arm robot problem. 

 
Since goal position changes during time, an appropriate method should be selected that by 
performing exploration it consists itself with this change. In this problem, the input can be selected 
randomly from any point inside of Single Square, but goal will be one of four determined points. This 
structure performs a multiple-to-one map from states to actions; which is appropriate for adjusting to 
an environment changing in time (as in fig.9). Each goal position should be selected based on the 
placement area of input. For instance, if initial position of the arm in square is up and left side, goal 
position in square center will be up and left side. But goal will change after passing of 50000 
episodes. Rewarding policy and parameters in this problem is like previous problem. For example 
reward can be equal to negative of the distance between the location of the tip and goal point. Fig.10 
shows the results of performing proposed model in this problem and the results of an introduced 
algorithm [30] in 10 trials. 

 
Figure 10: The average received reward of 10 different experiments during the time. 

 
4.2 SubmersibleVehicle Controller 

Function of a vehicle is to guide submersible toward goal position, and this is done by the engines 
placed in its two sides. The thrusters produce continuously variable thrust ranging from full forward 
to full backward. In each time step, reinforcement learning agent controlling vehicle, obtains some 
information such as position, direction of the body, velocity, and angular velocity. This model has 
been considered for submarine vehicle shown in fig.11. 
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This vehicle includes 3 parts; 2 parts are thrusters and one part is its body. Bodyweight is M1 and its 
length is L1. The weight of each thruster is M2 and the distance between the centers of mass of the 
thrusters is L2. The vehicle moves in a planar world. This means that in the particulars of vehicle 
position, z value is deleted and only particulars x and y is considered. 
 

 
Figure 11: The schematic model of submersible vehicle. 

 
This submersible has two kinds of movement; translational and rotational movement. In the latter, 

the vehicle position and velocity is for example 𝑋𝑡+1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  and 𝑉t+1

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  in next time step, which is obtained by 

vehicle current position or 𝑋𝑡
⃗⃗⃗⃗  and its current velocity or 𝑉t

⃗⃗  ⃗ and the thrusts’ vectors 𝐹1
⃗⃗  ⃗ and 𝐹2

⃗⃗⃗⃗  resulted 
from vehicle lateral thrusters (2), (3). In other words: 
 

�⃗� 𝑡+1 = 
𝐹 1+ 𝐹 2− 𝛾𝑇�⃗⃗� 𝑡

𝑀1+ 2 𝑀2
 ∆𝑡 + �⃗� 𝑡             (2) 

 

�⃗� 𝑡+1 =  
�⃗� 𝑡+1+ �⃗� 𝑡

2
 ∆𝑡 +  �⃗� 𝑡              (3) 

 
Where𝛾𝑇 is transitional friction coefficient. In rotational movement, value resulted from inertia, I, is 
calculated as below: 

𝐼 =  
𝑀1

3
( 3𝐿𝑋 + 

𝐿1
2

4
) +  2𝑀2 ((

𝐿1

4
− 𝐿𝑋)

2
+ 

𝐿2
2

4
)          (4) 

 
Where𝐿𝑋 is the distance between body mass center and vehicle whole mass center. Body direction 
value and angular velocity can be calculated for next time step (θ𝑡+1,ω𝑡+1) by having inertia value 
and current value of body direction θ𝑡 and angular slopeω𝑡.Following equations show the calculation 
method of these values: 

𝜔𝑡+1 =  
( |�⃗� 1|−|�⃗� 2| )(

𝐿2
2⁄ )− 𝛾𝑅𝜔𝑡

𝐼
 ∆𝑡 +  𝜔𝑡         (5) 

 

𝜃𝑡+1 =  
𝜔𝑡+1+ 𝜔𝑡

2
 ∆𝑡 +  𝜃𝑡                (6) 

 

where 𝛾𝑅  is rotational friction coefficient. 
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Figure 12: The average number of time-steps elapsed to reach the goal point 

 for 10 different experiments. 

 
The agent selects two values as thrusts for its action; these values are between full forward and 

full backward force values. The agent receives a big positive reward signal which is 10 when the 
vehicle locates on the goal position. In addition, the agent receives an average reward according to 
its movement toward the goal and its distance with the goal. This kind of delayed reward makes the 
agent get to the goal position as fast as it can. Fig. 12 shows the averagenumberoftime-
stepselapsedtoreachthegoalpointfor10 different experiments.  Average reward in fig.12 means the 
number of time steps from beginning of continuation to its end. Whatever the number of time steps 
to reach the goal be lesser, the method function is the better. 

It is necessary to mention that this learning problem is difficult and has a fair state space. Hence, 
the agent needs to try a great deal of varieties of continuous actions to reach the goal position. In 
learning process, sometimes it's possible that agent doesn't reach the goal even in 100 or more 
continuations. The sample in fig.13 starts from the point (2, 2) and point (0, 0) has been considered 
as goal position. If the agent cannot reach the goal in 200 time steps, it will fail and the episode will 
end. A number of vehicle transition tracks during learning process have been shown by using our 
proposed model in fig.13. 

   A 

 

B     
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C      

 

D      

 
 

Figure 13: The sample trajectories of vehicle movement for different times in the learning process.  

 
Trajectory shown in (A) is for a trial at the beginning of the learning and the one in (D) is for a trial 
after the agent has learnt the task. The ones shown in (B) and (C) are in between. In part A of fig.13, a 
test with 128 time steps has been shown. This time step is from the beginning of agent learning in an 
episode to the time that it reaches the goal. The track in part B includes 84 time steps; this figure 
shows that agent has learned how to reach goal position, but cannot control it well. In part C, the 
agent knows how to control the vehicle appropriately, but the number of time steps is not optimal. 
Part D shows the last result of learning. The reason that passed track from start point toward goal is 
not straight is that vehicle direction at the start point has been considered as 180◦. So if the agent 
wants to reach the goal as soon as possible, should pass such a curved path. Another point is that the 
agent speed has decreased at the approach of goal position; because it's probable that vehicle with 
high velocity passes goal position, even if it is in vehicle direction. 
 

5. Results Analysis  

What causes the predominance of this method results over the other method, is embedded in 
DIGNET function. In previous method, using growing self-organizing map leads to gain better results, 
but in this map, addition of a new neuron is done with regard to the number of inputs, while in 
DIGNET, adding new attraction well does not depend on the number of inputs, just as input is outside 
of other attraction wells' threshold, a new will be created. In GSOM, neuron deletion is done based 
on age, while in DIGNET, deletion act, in addition to attraction well's age, also depends on its depth; 
which this causes proposed method more efficient. In order to evaluate this claim carefully in a test 
on non-stationary 2-jointed arm control problem, random goal (0.75, 0.75) has been considered. 
After changing, goal is transferred to position (0.875, 0.875). In this sample test, L1 is equal to 0.5 and 
also L2 is equal to 0.5. Attraction well centers have been shown in table 2, their depth and dispersal, 
before and after changing goal position, have been shown in fig. 14 to 17. 
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Table 2: Attraction well centers before (after the 50,000 episodes) and after (after the 100,000 episodes) 
changing goal position 

 

a  

 

b  

 
Figure 14. The attraction wells depth (b)and dispersal (a) of action space after the 50,000 episodes 

 

As in fig. 14 (a), exploration results in searching for continuous action space in order to find the best 
action. In addition, according to fig. 14 (b), also the closest attraction well from output DIGNET to the 
goal has the most depth. 

Output DIGNET  Input DIGNET 

 Attraction well Center 
Attraction well 

Center 
Attraction well 

Center 
Attraction well 

Center 

 After 50000 Episode After 100000 Episode After 50000 Episode After 100000 Episode 

In
d

e
x 

X Y X Y X Y X Y 

1 1.907753 -1.31811 1.906656 -1.31469 -0.46803 0.198789 -0.53973 0.276083 

2 1.642242 0.534346 0.854966 0.622117 -0.65759 -0.25275 -0.67895 -0.27172 

3 1.522683 -3.11053 0.625486 1.067988 0.251405 0.74884 0.313439 0.813237 

4 -2.41993 -3.04022 1.061054 0.211024 0.41135 -0.43477 0.437005 -0.41666 

5 2.784495 -0.85407 -2.97137 0.846501 -0.1276 -0.61738 -0.09143 -0.56752 

6 -1.49226 1.701329 1.273184 -2.05599 0.710952 0.025337 0.651786 0.094673 

7 2.802061 2.038916 -2.48168 -1.91429 -2.95994 4.950541   

8 -0.04459 1.307796 -1.90036 3.102412     

9 0.464818 1.281296 -0.3125 -2.61713     

10 -0.92483 -2.39115 -2.32797 -0.4575     

11 -2.97437 -1.39011 -0.27774 1.894576     

12 -2.16772 0.224571       
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a 

 
b 

Figure 15: The attraction wells depth (b)and dispersal (a) of action space after the 100,000 episodes 
 

After changing the goal position, three attraction well centers are Close to the goal "(0.875, 0.875)" 
and as in fig. 15 (b) the first among available attraction wells has the maximum depth. 

 
a 

 
b 

Figure 16: The attraction wells dispersal of state space before (a) and after (b)changing goal position. 

 
Also in state space of this test, exploration effect can be seen (fig. 16); furthermore, among 

available attraction wells, one has the most distance to others. This is for the reason that if several 
attraction wells have overlap, winner attraction well sends away other attraction wells in 
competition. If this happens many times for well center, finally its depth decreases regularly and 
after some steps, with regard to its age, will be deleted from attraction wells. Among available 
attraction wells of input network, one has the most Similarity to the goal which has the maximum 
depth (fig 17). 
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a 

 
b 

Figure 17: The attraction wells depth of state space before (a) and after (b) changing goal position. 

 
An important point in this test is that although the proposed algorithm result is better than previous 
method, it seems that this result can be better. And its reason lies in the updating method of 
attraction wells centers in DIGNET. In fact, measure used in this net for updating attraction wells is as 
follows: 

𝑒𝑗,𝑛 = 
𝑐𝑗,𝑛

𝑑𝑗,𝑛
𝑥𝑗,𝑛  +  

𝑑𝑗,𝑛−1

𝑑𝑗,𝑛
𝑒𝑗,𝑛−1      (7) 

 
It's clear that in proposed model, when 𝑟𝑡+1 +  𝛾 𝑚𝑎𝑥

𝑎
𝑄(𝑠𝑡+1, 𝑎) > 𝑄(𝑠𝑡 , 𝑎𝑡), means that agent has done a 

better action, while in updating attraction well center by DIGNET updating rule, and in a transition, 
more proportion is assigned to previous actions and less proportion is assigned to current action. 
 

Conclusion  

In this paper, a new algorithm for a reinforcement learning problem with continuous state/action 
spaces was presented. Applying DIGNET in this method results in using the advantages of this net in 
order to solve reinforcement learning problem. Among cases which resulted in better efficiency for 
this method, can be referred to attraction well addition and deletion and exploration. According to 
what was presented in third experimentation, it is expected that by replacing a more effective rule 
for updating attraction wells in DIGNET, results better than current result can be obtained. 
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