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Introduction: Due to its advantages, such as high flexibility and the ability to move heavy pieces with high torques and forces,
the robotic arm, also named manipulator robot, is the most used industrial robot. Purpose: We improve the controlling quality of a
manipulator robot with seven degrees of freedom in the V-REP program'’s environment using the reinforcement learning method
based on deep neural networks. Methods: Estimate the action signal’s policy by building a numerical algorithm using deep neural
networks. The action-network sends the action’s signal to the robotic manipulator, and the critic-network performs a numerical
function approximation to calculate the value function (Q-value). Results: We create a model of the robot and the environment
using the reinforcement-learning library in MATLAB and connecting the output signals (the action’s signal) to a simulated robot
in V-REP program. Train the robot to reach an object in its workspace after interacting with the environment and calculating the
reward of such interaction. The model of the observations was done using three vision sensors. Based on the proposed deep
learning method, a model of an agent representing the robotic manipulator was built using four layers neural network for the actor
with four layers neural network for the critic. The agent’s model representing the robotic manipulator was trained for several hours
until the robot started to reach the object in its workspace in an acceptable way. The main advantage over supervised learning
control is allowing our robot to perform actions and train at the same moment, giving the robot the ability to reach an object in
its workspace in a continuous space action. Practical relevance: The results obtained are used to control the behavior of the
movement of the manipulator without the need to construct kinematic models, which reduce the mathematical complexity of the
calculation and provide a universal solution.
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Introduction

The use of deep neural networks has been rising
lately in solving many different technical problems
in many fields, especially in robotics and automa-
tion control, where the aim is to build intelligent
systems that can operate without the need of hu-
man experts. The progress of unsupervised deep
learning has continued to rise in rank, aiming to
learn intelligent behavior in complex and dynamic
environments [1, 2]. Therefore, we will review the
methods of controlling a robotic manipulator using
kinematic control and machine learning control in
the field of reinforcement learning and examine
the problems that can face us in this procedure.
Learning control policies in different systems’ op-
erations have made reinforcement learning an op-
timal solution where it fits well with various tasks.
In addition, recent work in this field has progressed
towards capturing the state of the environment
through images, something developers are still try-
ing to achieve but in a different context.

Reducing continuous spaces of action would be
poorly scaled, as the number of discrete actions in-
creases exponentially with the action dimensional-

ity, so deep reinforcement learning operates with
continuous spaces of action to be convenient with
real-world control problems. Furthermore, having a
parameterized policy can be beneficial, since it can
generalize in the space of action [3].

Reinforcement learning is one of the most popu-
lar areas of machine learning [4—6]. Stimulated by
human behavior, it allows an agent (the learner and
decision-maker) to discover optimal performance by
experiment and failure interactions with its enclos-
ing environment to solve the problems of control.
The environment is everything outside of the agent
that can be associated with, while a learning task is
the complete specification of the environment. The
first method in the field of reinforcement learning
is dynamic programming [6]. Dynamic program-
ing uses value functions to structure the search for
good policies but needs a perfect environment mod-
el. The need to know the complete model of the envi-
ronment limits the dynamic programming method,
wherein many control problems, knowing the whole
aspects of the environment, could be impractical
because many problems give rise to huge state sets.
The next method is Monte Carlo (MC) one [6]. The
model-free MC method enables us to learn from the
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environment’s sample sequences of states, actions,
and rewards. MC method works by equating the
sample returns from the environment on an episode
by episode base, so we do not require the full mod-
el of the environment like in the case of dynamic
programming, but in MC method the agent must
consider the exploration-exploitation tradeoff in
order to get information about the rewards and the
environment. It needs to explore by analyzing both
previously unused actions and uncertain actions
that could lead to negative rewards. A new method
of reinforcement learning evolves from both dy-
namic programming, and MC method. This method
is called temporal-difference (TD) learning [6]. TD
learning combines dynamic programming’s ability
to learn through bootstrapping and Monte Carlo’s
ability to learn directly from examples selected
from the environment without access to the Markov
decision process. Alternatively, TD method only
waits until the next time-step by using temporary
errors to notify us how different the new value is
from the old prediction. Temporal difference learn-
ing led us to a method called state-action-reward-
state-action (SARSA) [4-6]. SARSA is an on-policy
TD control algorithm. This name is derived from an
experience in which the agent starts in certain state
performs an action, receives a reward, then trans-
fers to a new state, and decides to do a new action.
Based on SARSA, @-learning method appeared but
conversely to SARSA. Q-learning is an off-policy
TD control algorithm, which directly approximates
the expected reward independent of the policy be-
ing followed [4—6].

The main disadvantage of all of the above-men-
tioned methods is the need for a vast database of
samples and their need to train them before we
start to perform the process of control. On the other
hand, we need an algorithm that can be suitable for
continuous spaces, where the algorithm can learn
and perform simultaneously with sensor reading
and action executions. Deep deterministic policy
gradient or deep @-learning was developed to solve
this problem and to overcome all the mentioned
methods’ disadvantages by developing the architec-
ture of the agent to consist of a critic deep neural
network and an actor deep neural network. The crit-
ic and the actor can work in parallel to give us the
actions and the estimated rewards for these actions
while the training process continues.

Hence, we study deep reinforcement learning al-
gorithm, namely, deep deterministic policy gradi-
ent [3]. In order for robots to achieve a common ad-
vantage purpose, reaching objects is a fundamen-
tal ability to learn. Traditionally, human experts
are required to analytically produce an algorithm
for a particular task under adaptive control using
kinematic control and supervised learning control,
but this is a challenging and time-consuming ap-

proach. By applying deep learning, we overcome
these restrictions in generalizing robotic control
and demonstrating how building the actor-network
and the critic-network based on convolution neural
networks (CNN) increases the quality of the perfor-
mance compared with fully connected neural net-
works. We begin by showing the area of interest,
machine learning, focusing on deep learning and
reinforcement learning, and deep deterministic
policy gradient; we describe how to control a robotic
arm using deep learning.

Kinematics control of a robotic manipulator

Given the joint rotation angles and the lengths
of the manipulator’s frames, we represent the for-
ward kinematics [3]

X =F(q, Opiy), 1)

where X is the coordinates vector containing the
position and orientation of the robot’s end effector;
q is a matrix of joints’ angels; 6,,, is a vector of
fixed kinematic linking parameters. It consists
of parameters describing the robotic manipulator
lengths and angles, illustrating each joint axis’s
rotation relative to the previous joint axis.

Closed-form solutions of (1) are favored.
However, there are manipulator structures, for
which only iterative numerical solutions are pos-
sible. From equation (1) we get the equation of the
inverse kinematics given as

a=F (X, C, 0,;,) @)

where C is a vector containing some information
used to select a possible solution, and another
alternative is to let C be the previous solution and
choose the new solution as the closest solution.
When the robot’s end effector is in a fixed po-
sition, there will always be existing values for the
joints angles which led the end effector to be in such
position and direction, so a closed-form solution for
the forward kinematics problem is always assured
in comparing with the inverse kinematic making
it more comfortable to deal. This solution defines
the workspace of a manipulator. On the other hand,
there can even exist an infinite number of solu-
tions, like the case of a redundant manipulator [3].
When the dimension of the task-space is smaller
than the dimension of the joint space, the kinematic
structure is considered redundant. Here the inter-
est is in the inverse problem because we can calcu-
late the angels of the joints that will lead to reach-
ing a point in their workspace. As we can see, the
kinematic control needs to know the robot’s param-
eters and environment, which makes it a non-uni-
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versal solution for the controlling problem. Each
robot needs to rebuild the complete mathematical
model and recalculate all the inverse and forward
kinematics metrics, which will take a lot of process-
ing each time. The solution for finding a universal
solution for the controlling process is by using un-
supervised learning.

Advantages of reinforcement learning
in controlling a robotic manipulator

In unsupervised learning, we get a lower com-
plexity compared to supervised learning because
we are not expected to understand and then mark
the input data. This situation happens in real-time
so that all the input data must be analyzed and
marked, which helps us understand the various
training models and sorting of raw data [4—6]. It is
easier for us to get unmarked data from a comput-
er than marked data because marked data demands
human interface and understanding of the catego-
rization of such data to use in the learning process.
Experts should estimate the target output or part
of it in order to achieve the learning process. The
supervised learning makes this way time-consum-
ing and not flexible for various systems where some
changes to the environment or the robot could hap-
pen. Nevertheless, there are many systems where
we can not estimate the output, and we can not have
enough information to build the target output to
achieve the learning process.

In supervised learning, we would have a set of
coordination of some locations in the workspace
and the corresponding angles of the manipulator’s
joints. We can then feed those input frames through
a neural network that, at the output, can produce
the angles of the motors or joints by training on the
data set from the previous data of the locations and
the corresponding angles. Many approaches could
be used, like backpropagation, so we can train that
neural network to replicate human manual control
actions. However, when we want to do supervised
learning, we have to create a data set to train [6—8].
On which is not always a straightforward thing to
do, and on the other hand, if we train our neural
network model to imitate the actions of the human
control well only, then by definition, our agent can
never be better at executing the right action. When
we want to train a neural network to perform by it-
self a controlling process on a robotics manipulator,
where this controlling will take place in different
environments, it could face many new problems. On
the other hand, the offered method of unsupervised
learning achieves this goal [9, 10].

However, the only difference here is that now we
do not know the target label. Therefore, we do not
know the rotation of the manipulator’s joints in any

situation because we do not have a data set to train
on, and in reinforcement learning, the network that
transforms input frames to output actions is called
the policy network [11]. The approach in policy gra-
dients is that we start with a completely random
network, we feed that network the coordinates from
the environment, and it produces random action.
Send that action back to the joints motors and then
produces the next frame and this is how the loop
continues and the network, in this case, it could be
fully connected networks, but we can apply convolu-
tion network, in other words, deep neural networks
and from this, we get the name “Deep learning”.
Allowing our agent to randomly explore the envi-
ronment and discover better rewards and better be-
havior [12].

Within the task, the learning process is divided
into episodes. We usually use each episode as a con-
trol for a finite steps model, where it is essential to
operate in many steps until we reach the time where
we reset and restart.

When we move from a step to another under
making an action, the agent receives a reward de-
scribing the effectiveness of this step regarding the
task. The objective here is to maximize this collec-
tive reward during the learning process for the ro-
bot [13]. The equation of the collective reward R is
given as

K
R=r1+r2+r3+-"+"1{+1=Zrkﬂ’ 3)
k=0

were r is a reward for moving from the state 0 to
the state 1 in the step 1; ry is a reward for moving
from the state 1 to the state 2 in the step 2; (K + 1)
is the number of rewards or steps, which refers to
the end of the episode; %k is a counter for the sum
sign; (k + 1) is a step number.

As we can see from equation (3), the collective
reward could increase without any conversion,
making it not suitable for all the tasks [14, 15].
Therefore, we define a factor 0 <y < 1 that assures
the conversion and determines the value of the fu-
ture rewards that the robot might receive. By add-
ing this discount factor to equation (3) we get the
expected collective reward as

K
2 K k
R=r +yrg +yrg+- 47 g = D ¥ i1, @
k=0

where v is the discount factor.

We must take extreme caution when choosing an
appropriate value of y in equation (4) because it can
often change the form of the optimal solution where
different values lead to different performances
[16]. If y is small, the agent could select cases that
only increase the reward and lead to lower perfor-
mance in the long-term. In contrast, if y is big, the
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agent will lose the capacity to differentiate between
the policies that will get a reward in the future and
those directly get a big reward [17, 18].

Controlling a robotic manipulator
using deep learning

Deep learning is a field of reinforcement unsu-
pervised learning involved with deep neural net-
works. We used two types of deep neural networks
each time, the convolution neural network and the
fully connected neural network. In convolution neu-
ral networks, the connections are between the neu-
ron and its surrounding neurons from the previous
layer, and these connections share the same weights
and bias [19-21].

Let’s consider the method of deep deterministic
policy gradient with using deep neural networks as
an actor and critic. Set up the following notations
and variables: n(s/€) is the actor-network output
calculated on the basis of the actor neural network
having the input vector S; and the parameters vec-
tor &; j is the current step; S; is the state vector built
by the observation in step j; & is the parameters
vector of the actor-network; Q(sj ny Tc(sj 11/6)10) is the
output of the critic network having the input vec-
tor s.,;, which is obtained from state s; after action
a; of] the actor-network, and the parameters vec-
tor 6. On the basis of the TD learning, the updat-
ed parameters vector 0 of the critic-network results
from solving the optimization problem [6, 9]

inf(y—Q(S' a.|9))2—>min 5)
Mj:l i jr 4j 0

where L is the loss function; M is the maximum
count in the last step; Y; is the value function target,
output vector of deep neural network, which gives
the critic signal or the joint angels; a; is the action
vector in the given state s.. This output vector,
similar to the solution of the inverse kinematics
equation (2), is described as

Y= +YQ(SJ+1’ 7t(SJ'+1 |§)|9)’ ©

where r;is the reward in step j; j is the current step.

We train the network to decrease the mean
squared error concerning the @ function [22, 23].
However, the dependence of the @ targets on @ itself
can lead to instabilities or even divergence during
learning. We consider a policy that can be described
by parameters very beneficial for control because it
allows for learning when the sensory reading and
actions executions belong to continuous spaces. The
target value function Y; in (6) is proposed to be a
permanent value on learning a neural network by
the back-propagation algorithm.

After updating the parameters vector 6 of the
critic-network, to updat the parameters vector & of
the actor-network we use the following policy gra-
dient when maximizing the expected discounted
reward (4) [6, 9]:

1M
Ved x— > GGy, 7
& Mjgl nj FEj ()

Gn:j = VTEQ(Sj’ TI:(SJ- |§) | 0),
Ggj =Ven(s;|8),

where V&J is the policy gradient; an, Géi are the
gradient vectors of the critic’s and actor’s outputs
with respect to an actions and parameters of the
actor-network respectively; V_ is the gradient
ascent with respect to the policy of the action; V, is
the gradient ascent with respect to the parameters
vector & of the actor-network.

From equation (7), the resulting policy gradient
increases the expected discount reward, and we use
it to update the actor-network weights and bias. On
the other hand, from equation (5), after minimiz-
ing the loss function over all the experiences, we
use it to update the critic-network weights and bi-
ases. In consideration of the observation, we eval-
uate the gradient of the critic-network output and
the gradient of the output of the actor-network. We
perform a smoothing process to update the weights
and the biases of the target actor-network and the
critic-network:

0=10+(1-1)0, E=1E+(1-1)E,

where t is a smoothing factor equal to less than
one; 0, & are the updated parametes vectors of the
critic and actor networks correspondently.

Finally, we repeat performing equation (6) af-
ter we get the new observation for a new step in the
training until the end of the episode and the begin-
ning of new training episode.

The practical experiment of controlling
the robot manipulator

As illustrated in Fig. 1, the learning process
starts with taking the coordinates of the end effec-
tor and the cube on the three-axis from the cameras,
generating the state vector. We send the state vec-
tor to the actor-network. The critic network takes
both the action generated by the actor-network and
the state and gives us the expected reward from
this action or the @-value. In the next steps to im-
prove the performance, when we are in a state, and
the actor is proposing a particular action, we take a
slightly different action and see if the @-value a lit-
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B Fig. 1. The block-scheme of the deep deterministic
policy gradient used to control the robotic manipulator

tle higher we change the action to the new proposed
action. The robotic manipulator moves when it gets
the action signal. The cameras make the observa-
tions, generating a new state vector describing the
new situation of the environment. On each axis, if
the distance between the end effector and the cube
gets smaller than before, we add a positive reward.

On the contrary, if the distance gets bigger, then
before we add a negative reward. We sum the re-
wards to get the actual reward of the current action.
We calculate the loss by achieving a TD between the
actual reward and the estimated reward generated
by the critic (the @-value). We use the loss in com-
puting the gradient of the @-value with respect to
the action. We back propagate the gradient of the
®-value with respect to the action to train and up-
date the neural networks and to evolve our actor in
the right direction.

The simulation environment is built using
V-REP program. A robot arm model with seven de-
grees of freedom (7 DoF manipulator) is used. In ad-
dition, three cameras are added in different places
to use them in determining the state and the val-
ue of the reward function. A linkage library called
Remote API is used to connect V-REP program with
MATLAB language. This library provides a way to
create a connection between the programming lan-
guage and the simulation program, so it becomes
possible to take pictures from the cameras and pro-
cess them using MATLAB image processing func-
tions. The connection mechanism also allows send-
ing motion commands to the motors on the robot
joints, which makes the simulation environment so
close to the real implementation environment.

We want to enable our agent to learn entirely by
itself. The only feedback that was going to give it

is the distance between its end effector and the ob-
ject we want the manipulator to reach. Whenever
our agent manages to make this distance smaller, it
will receive a positive reward. If the gap gets bigger
than before, then our agent will receive a penalty of
negative reward. The target of the agent is to opti-
mize its policy to earn as much reward as possible.
To train our policy network, we will collect a bunch
of experiences by selecting random actions to feed
them back into the actor and create a whole bunch
of random movements in the environment. Since
our agent has not learned anything useful yet, it is
going to make arbitrary, not accurate movements.
Sometimes our agent might get lucky while it is go-
ing to random select of action. In this case, when
a sequence minimizes the distance, our agent will
receive a reward. We should note that every epi-
sode, regardless of whether we want a positive or
a negative reward, we can compute the gradients
that would make the actions that our agent has
chosen more likely in the future. Therefore, what
policy gradients are going to do is that for every
episode where we have a positive reward, we will
use the normal gradients to increase the probabil-
ity of those actions in the future. Whenever we got
a negative one, it is going to apply the same gradi-
ent, but we are going to multiply it with minus one,
and this minus sign will make sure that in the fu-
ture, all the actions that we took in a bad episode
are going to be less likely. The result is that while
training our policy network, the actions that lead
to negative rewards are slowly going to be reduced,
and the actions that lead to positive rewards will
increase.

To make observations of the state for the agent
of the reinforcement learning (the robotic manip-
ulator), we have used three web cameras that take
photos of the manipulator workspace from three
perspectives so we can analyses a 3D vision for the
environment on the three axes. Because of the lim-
itation of the hardware, we do not have the ability
to give the images as input to the neural networks,
so we performed image processing using MATLAB
to get the coordinates of both the robot and the end
effector. We added as well the angles of rotation for
each joint to form the state vector (the observations).
Thus, using simulated webcams with 128 x 128 res-
olution, the environment was observed. Before each
action, a picture is taken from each cam. Then using
image processing methods of segmentation and de-
tection in MATLAB system, we get the coordinates
of the end effector and the object we want to reach
to form our state. The original photos from three
vision sensors in the environment of V-REP with a
resolution of 128 x 128 showing the robotic arm as
a whole and the box we want to reach are depicted in
Fig. 2, a. The images obtained after the photos pro-
cessing in MATLAB and showing two green pints,
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a)

b)

B Fig. 2. The original photos from three vision sensors in the environment of V-REP with a resolution of 128 x 128 to
simulate real life web cameras (a) and the images obtained after the photos processing (b)

which are the end effector of the robot and the box,
we aim to reach, are depicted in Fig. 2, b.

Let us consider the simulation environment. The
robotic manipulator has seven motors; each motor
is related to two adjacent digits, respectively. The
motor rotates in a clockwise direction if the first
digit is bigger than the second one and vice versa.
Thus, the number of the action signal parameters
is 14. After that, we start taking pictures from the
cameras and discovering the green areas in them,
because the end effector and the element we want
to reach are made in green. Then, we determine the
coordinates of these two elements in the three im-
ages, as seen in Fig. 2, b. The state contains seven
values that reflect the motors’ angles, and 12 val-
ues reflect a pair of coordinates in each of the three
images. The total number of the state signal param-
etersis 19.

Two kinds of neural networks are chosen to
build the actor and the critic networks. In the first
case, the actor and critic networks are designed as
CNN and, in the second case, as the fully connected
neural networks. The actor-network includes four
layers and has a size of 200 x 200 x 38 x 14, where
every number means the number of neurons in a lay-
er. The actor-network has 14 output signals to give
the rotation of the joints with two pairs for each of

the seven joints. The critic-network comprises four
layers and has a size of 200 x 200 x 10 x 1. The out-
put signal is a value of the @-function.

The training process of the robot consists of a
maximum number of 600 episodes when using con-
volution neural networks and 1000 when using the
fully connected networks, where the episode is all
the actions, and the states that come in between an
initial-state and a terminal-state and each taken
action and state is considered to be one step inside
the episode. The episode consists of a maximum
number of 600 steps when using the convolution
neural networks and 1000 when using the fully con-
nected networks. Each episode ends when the robot
achieves the task of reaching the cube or when it
reaches its maximum number of steps without be-
ing able to reach the cube. After that, a new episode
begins with a new initial position for the cube in the
workspace of the robot. As a start of the training
process during the first step in the first episode,
the state vector is constructed by taking the coor-
dinates of the end effector of the robot and the cube
(the object we aim to reach) from three images in the
initial observations. We send the state vector to the
actor-network as its input. The actor-network gen-
erates the first action as an output, and we send it
to the motors’ joints to perform the first movement.
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We take the new observations constructing the new
state vector, and we send it to the critic-network
with the action vector. The critic-network takes the
state vector, and the action vector as an input and
generates the @-value is output. At the end of this
step, the reward of the taken action is demonstrat-
ed by calculating the distance in the three images.
Depending on the @-value and the reward, we up-
date the parameters of the actor-network and the
critic-network entering the next step. In the next
step, the actor-network gives the new action signal
for the join’s motor to rotate depending on the cur-
rent state vector, and the new observations are tak-
en constructing the new state vector. The new state
vector is sent with the action vector to the crit-
ic-network repeating the same process. If the taken
action in the step leads the robot to move far from
the cube, the reward takes a negative value in order
to reduce the repetition of such actions, and if the
action in the current step reduces the distance mov-
ing the robot towards the cube, the rewards take
a positive value to ensure repeating such actions.
The task is considered to be accomplished when the
distance is reduced to a certain level (very small
distance) in the three images at the same time. The
episode ends, and we give the reward a big positive
value, and the robot returns to its initial position,
a new position is determined randomly for the
cube (the element we want to reach). A new episode
starts, and a new action is taken from the output of
the actor-network repeating the same process in the
previous episodes. The training stops in the final
episode, where the parameters of the actor-network
always lead the robot to execute the actions, those
making it reaching the cube.

In our experiment, we achieved two training
process first using convolution neural networks to
build the actor and critic networks. The results are
represented in Table 1. Then, we repeat the training
using the fully connected neural networks to build
the actor and critic networks. The results are noted
in Table 2.

In table 1 is clear that, the larger the network’s
size, the higher the learning parameters, the high-
er the average reward, which leads the robot to exe-
cute more likely good actions to reach the cube and
to reaching high accuracy and lower elapsed time
quickly.

As follows from the analysis of tables 1 and 2,
the architecture of the convolution neural networks
gives the character to be more specialized and effi-
cient than the fully connected networks. In the ar-
chitecture of the fully connected neural networks,
there are connections between all the neurons in
previous layers with each neuron in the next lay-
er, with a unique weight to each connection. This
connection pattern increases the network param-
eters and makes no assumptions about the data’s

B Table 1. The number of parameters, average reward
and elapsed time on learning the actor and critic networks
in the form of convolution neural networks

Sizes of actor and Number of | Average | Elapsed

critic-networks parameters | reward | time, h
220000X>< 220000X>< 318() i 114 Sf 1420 100.02 >-10
ot | S e | s
118800X>< 118800><><318() ><>< 114 237';120 98.01 >51

B Table 2. The number of parameters, average reward
and elapsed time on learning the actor and critic networks
in the form of fully connected neural networks

Sizes of actor and Number of Average Elapsed

critic-networks parameters | reward time, h
A B | ma | e
119900xX119>900XX31% 1114 é‘é (2’91"1‘ 94.21 5.40
1188002118800131%2114 32 2811 90.46 559

features, increasing the expenses of the memory
and the computation. On the other hand, in the con-
volution neural network’s architecture due to its
convolutional layers, the connections are between
the neuron and its surrounding neurons from the
previous and the next layer, and these connections
share the same weights. This connection pattern
decreases the number of the network parameters
affecting its memory use (less memory use), the
computation (less time), and increases the accuracy
by producing more likely actions that increase the
average reward.

We trained the networks using back propaga-
tion of the loss error by taking the gradient of the
®-value with respect to the input. However, the
training process time depends on many factors; for
example, each neural network is initialized with
random values of biases and weights, giving dif-
ferent starting points per simulation during the
training process. Due to its architecture, fewer
connections and weights make convolutional layers
relatively cheap in memory and computation (less
time). In other words, CNN has a lower number of
parameters, making it quicker to achieve the train-
ing target.

Convolution neural networks have a connection
pattern that increases its accuracy in comparison
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with the fully connected network because this pat-
tern provides the characteristic of feature extrac-
tion allowing the data to be represented as spatial
with the locally and equally possible to occur ex-
tracted features at any input. This feature extrac-
tion quality produces a lower rate of decreasing
the average reward when reducing the parameters
of CNN over reducing the parameters of the fully
connected networks, which lack this property of the
feature extraction.

Conclusion

In robotic control, we trained the robotic arm,
using a typical robot with seven joints to move in
high action space, using deep reinforcement learn-
ing algorithms and deep deterministic policy gra-
dients. These methods have the advantage of allow-
ing our robot to perform actions and train at the
same moment. Therefore, we used them to control
our robotic manipulator to reach a cube in its work-
space; since these methods give the robot the ability
to perform in continuous space action (the sensory
reading and actions executions belong to continu-
ous spaces).

The results of the investigation show that using
convolution neural networks for designing the ac-
tor and the critic-networks has the following advan-
tages over the fully connected networks:

— higher accuracy by driving the actor-network
to perform more likely actions that led the robot to
increase the average reward during the training;

— the robustness over decreasing the network
parameters due to the feature extraction property,
where decreasing the network’s parameters, did not
affect the convolution neural network in the same
way it affects the fully connected networks.

— a quicker performance using less computa-
tion power and less memory than the fully connect-
ed neural networks.

The obtained results expand the possibilities of
reinforced learning used in control systems, in par-
ticular when controlling a robotic manipulator, by
combining the method of deep deterministic policy
gradient with deep neural networks. An essential as-
pect of the research results is the demonstrated ef-
fectiveness of using cellular neural networks for re-
inforcement learning on controlling a robotic manip-
ulator. This fact is important because cellular neural
networks are very popular and they are part of many
different structures of deep neural networks.
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aCaukTr-IleTepOyprecKkuii rocyfapcTBeHHBIN dJIeKTpoTeXHUUecKuil yauBepcuret «JIOTU », ITpodeccopa ITomosa yii., 5,
Caukr-Ilerepbypr, 197376, PO

Beenenue: B CUJIy BBICOKOI I'MOKOCTH U CIIOCOOHOCTU IIepeMeIlaTh TSAXKeJble IPEeIMEeTHI ¢ OOJbIINME BPALIAIOIUMUA MOMEHTaAMHU U
yCcuIusiMu poOOTU3UPOBaHHAA PYKa, HasbIBaeMasi pOOOTOM-MaHUIIYJIATOPOM, IBJISAETCI YACTO UCIIOIb3yeMbIM IIPOMBIIIIIEHHBIM POOOTOM.
ITesb: MOBBICUTH KAYECTBO YIIPABJIEHUSA POOOTOM-MaHUIIYJIATOPOM C CEMBIO CTEIIEHAMY CBOOOBI, IIPEJCTABIEHHBIM B CPefie CUMYJIATOpA
V-REP, npumMeHnsisi MeTof 00yUeHUs C MOJKPeIJieHreM IJIsi TJIYOOKUX HeMPOHHBIX ceTeil. MeToabl: OIeHKA CUTHAJIA IOJUTUKY JAeHCTBUA
TIOCPECTBOM IIOCTPOEHUSA YUCIEHHOTO aJITOPUTMA C UCIIOJIb30BAHUEM IVTYOOKUX HeHPOHHBIX ceTell. CeTh aKTOpa OTIIPaBJIsAET CUTHAJ Hei-
CTBUA B POOOTU3UPOBAHHBIN MAHUIIYJIATOD, & CETh KPUTUKA BBIIOJIHAET YUCJIEHHYIO alIIPOKCUMAIIUIO JAJIs BEIUUCIECHU OIleHKY QYHKITNN
(Q-omenku). Pe3yabTaTsl: MBI CO3aeM MO/eIb POOOTA U eT0 OKPYIKAIOIIYIO CPEY, UCIIONIb3Y A OUGIN0TEeKY 00yUIeHN ¢ IOTKPEIlJIEHIEM B
MATLAB u HanpaBJisisg BBIXOQHOM CUTHAJ (CUTHAJ JefiCTBUA) K CUMYJIATOPY poboTra B mporpamme V-REP. Po6oT o6yuaercsa JOCTHIKEHUIO
00BeKTa B paboueM IIPOCTPAHCTBE IIPY B3ANMOEUCTBUY C OKPY KAIOIIEell CPeNoi U IPU pacueTe BO3HATPAKACHUA 32 9TO B3ANMOIECTBHE.
Mogens HaOIIONEHUA CO3LaHa C IPIMEHEHNEM TPeX BULe0CeHCOPoB. C IOMOIIbI0 MeTofa IITyO0KOro 00yUeH A MOesIb areHTa, IPefCcTaB-
JISIIOIIEro co0o0i po6oT-MaHUIIYIATOP, IIOCTPOEHA Ha 6a3e YeTHIPEXCIOMHBIX HEPOHHBIX ceTell aKkTopa 1 KpuTtuka. Mozess arenra odoyda-
Jlach B TeUeHUe HECKOJIbKUX YaCcOB O MOMEHTA JOCTU)KeHUA POOOTOM 00'BEKTA B CBOEM PaboueM IIPOCTPAHCTBE C IIPUEMJIEMOI TOUHOCTHIO.
OCHOBHOE IIPEUMYIIECTBO IPeAIaraeMoro yIIpaBlIeHua HaJl YIPAaBIeHHEM ¢ YUUTEJIeM 3aKI0UaeTcsa B TOM, YTO POOOT OZHOBPEMEHHO 00-
y4JaeTcs U BBIIOJIHAET IepeMell[eHre B HeIPePhIBHOM IIpOCTpaHCTBe meiicTBuil. IIpakTuyeckas 3HAYUMOCTD: IIOJIyUeHHBIE PE3yJIbTATHI
IPUMEHAIOTCA [JIs YIPaBJIeHUA NBU)KEHUEM DPo0OTa-MaHUIYJATOpa 0e3 KOHCTPYUPOBAHUSA KMHEMAaTUUYECKHX MOJeJel, B pe3yabTaTe
YMEHBIIIAeTCA CI0KHOCTb PACUETOB U 00eCIIeunBaeTCA YHUBEPCAIbHOCTD PEIIeHN .

KaroueBsie c10Ba — KMHEMaTHUYeCKOe yIIpaBjeHue, o0ydeHue ¢ IIOJKPellJIeHreM, IITy0oKoe o0yueHre, po6OT-MaHUIIYJIATOD, TIIy00-
Kasd HeHpOHHAs CeTh, IIyOOKUI IeTePMUHUPOBAHHBIHM I'PAANEHT IIOJTUTHKH.
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