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Abstract 

Principal directions of developing the methods for designing intelligent systems of robot 

control assume technologies based on the use of artificial neural networks. The neural networks, 

where the model of a neuron was developed  as the simplest processor element,  performing the 

computation of the transfer function of a scalar product of an input data vector and a weight vector, 

can give interesting results regarding generation of dependencies and forecasting. However, their 

obvious drawback is the lack of an explicit algorithm of action. Memorization of information in the 

learning process occurs implicitly as a result of selection of the weight coefficients of the neural 

network, therefore the problem of cognition (the formation of new knowledge) on the basis of those 

obtained earlier in the learning process seems difficult to resolve. A positive solution to this problem 

will open the way to the creation of the full-fledged artificial mind. From this point of view the 

promising area is where the mathematical model of the neural networks is built on the basis of 

mathematical logic. The intelligent control system  in this case is a software and hardware complex, 

where the mathematical model of the neural network identifies the control system as an intellectual 

one.  
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Introduction 

 

The search for promising approaches to increase performance of modern robotized 

technological complexes (RTC) on the basis of the use of full-programmable manipulator robots 

determines the need for new engineering methods of designing robots’ control units. The increasing 

complexity of the objectives that robots need to fulfill in modern production facilities (adaptation to 

unusually changing environmental states, automatic self-learning in the on-line mode, etc.) reduces 

the efficiency of the rigid deterministic control algorithms [Bocharov, Burkovsky, 2016]. 

The area of designing robot control systems based on the use of methods of artificial 

intelligence seems to be very promising. [Yurevich, 2016; Zhdanov, 2014]. 

The intelligence is determined by the possibility to make effective controlling decisions not 

provided by logic that has been formed by mathematicians and programmers. Under  conditions of 

uncertainty of input influences on the control system, i.e. in a situation when the control system is 

not taught to respond to the input influence, the decision is made as a result of generating  new 

knowledge  (logic generating) on the basis of knowledge obtained in the process of  learning  (logic 

synthesis). 

The main specific feature of intelligent systems is the capacity to solve weakly structured 

and badly formalized problems [Gromov et al., 2013]. At the same time, the essential indicators  of 

intellectual level of the control unit is the generalization level of environmental models, on the basis 

of which the assessment of specific situations takes place and forecasting development as well as 

opportunities for self-improvement, including active interaction with the external environment. That 

is why, the most promising systems in robotics were  the systems taught with reinforcement, which 

allow one to model the robot’s behavior automatically in the interaction with the environment in 

which there are hindrances or other robots [Stankevich, Yurevich, 2012]. 

Theoretical and especially applied fundamentals of designing intelligent control systems 

(ICS) are far from being completed, also in part of monitoring and controlling complex technical 

and human-technical objects,  which include artificial neural networks and expert systems operating 

under difficult conditions.  

By difficult conditions we mean a large dimension of the object to be controlled, its non-

stationarity, long-term dynamic storage memory, the distribution of parameters, nonlinearity, 

significant time-lags, a variety of situations, external inputs slack of control, output actions and item 

related states, the presence of fluctuation and coarse  interferences, the variability of goals, criteria, 

restrictions.  

Modern industrial machines, units, operation lines, manufacturing areas, workshops of 

mining, metallurgical, chemical, nuclear, machine-building and other industries in the majority 
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belong to a class of complex objects. One can achieve a significant increase in the efficiency of 

controlling them through the use of equally complex data management systems, such as intelligent 

systems [Trofimov, Kulakov, 2016]. 

The evolution of ideas about the development ways of robotics, its purposes and objectives, 

is very similar to what is observed in such a field as artificial intelligence [Ostroukh, 2015]. Current 

domestic and foreign ideas for solving the problem of artificial intelligence [Smolin, 2007] used in 

control systems can be divided into two different, though linked areas. 

The first, more academic area - symbolism [Taze, Gribaumont, Louis, 1990] - is connected with the 

cognitive science of human thinking and means the simulation of the thinking processes flowing in 

the human brain. Here certain brain functions (methods of knowledge representation, heuristic 

programming, expert systems, etc.) are modeled. 

Herewith, the issues related to the structures that generate these processes are not studied. 

At the same time,  in a computational aspect this approach to the majority of real problems is 

characterized by high labor intensity due to going through variants while looking for evidence.   Due 

to a possible "combinatorial explosion"  the classical variant of this approach provides the problems 

solution only at a relatively small size database and requires an effective implementation of the 

computing process [Chinakal, 2008]. 

The second, strictly practical and pragmatic area – connectivity  is connected with aspiration 

to obtain the intellectual (cognitive) network on the neural-like elements [Rutkovkaya, Pilinski, 

Rutkovsky, 2013]  - a mathematical model capable to make effective operation decisions in unstable 

changing environments and a priori uncertain disturbances. 

Neural networks were considered, mainly, to be an unpromising area during the first thirty 

years of  researches in the field of  artificial intelligence. From the 1950-s until the end of the 1980-

s  the symbolic AI model  dominated. It assumed that the work of the data processing system like 

the human brain can be understood through the manipulation of symbols, the structures and rules of 

processing these symbols and structures. Only in 1986 a serious alternative to the symbolic AI model 

appeared - the authors used the term "Parallel Distributed Processing"[McClelland, Rumelhart, 

1986], but the term "connectivity" or connectionism is more often used today. One of the most 

famous techniques of connectionism modeling is artificial neural networks (ANN). 
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1. Neural network technology of  designing ICS 

 

The application of  neural network technologies is useful while solving problems that have 

the following characteristics [Gromov and others, 2013]: 

 the lack of problem solution algorithms  in the presence of a sufficiently large number of 

examples; 

 the presence of a large amount of input information which characterizes the problem being 

investigated; 

 noise, partial inconsistency, incompleteness or shortage of the initial data. 

The form of artificial intelligence which is based on the networks of neural-like elements is 

called neurointelligence. Engineering implementation  of neuro-intelligence  models is called 

neurocomputers (neuroprocessors, neurochips,  neurotechnical systems, etc.)  Science which studies 

the properties of such networks is called neuromathematics.  

Traditional neuromathematics comes to the creation of neural networks relying on the 

principle which says that the more difficult the problem is, the larger neural networks or their 

conglomerates need to be used. However, this is not always true. The use of the formal neuron as 

an elementary item of modern artificial neural networks leads to the fact that technical limitations 

on the possibilities of such neural networks emerge due to the complete abstraction from a complex 

biological neuron. But the use of bionic neuron, made as close as possible to the biological one, is 

also not possible due to its multi-structural complexity. Thus, there is a need to search for the 

universal neurobionic paradigm directed to the analysis of the mechanisms, regularities and 

principles designed for creation and work of the new framework of neurocomputers, which 

incorporates the simplicity design of classical neural networks and baseline complexity and 

multifunctionality of bionic neurons. 

In the middle of the past century the first model of a neuron was developed [McCulloch, 

Pitts, 1943] as the simplest processor element  performing the computation of the transfer function 

of the scalar product of an input data vector and a weight vector. A network design of such elements 

was proposed for performing logical and arithmetic operations and  the fundamental assumption 

was made that such a network is able to learn, to  recognize patterns, to generalize the received 

information. Frank Rosenblatt's simplest perceptron was one of the first such implementations 

[Rosenblatt, 1958], which he proposed and studied in 1957-1959 to identify visual images [Marr, 

1987]. Later this direction progressed into the theory of pattern recognition or "artificial neural 

networks". Convolutional neural networks (CNN) came into widespread use for designing ICS. 

CNN are radically different from other networks. They are used mainly for image processing 

[Savchenko, 2017], sometimes for audio and other kinds of input data. A typical method of 
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application is the classification of images: if an image of a screwdriver is applied to the input, the 

network will give out a "screwdriver" if this is a picture of a  hammer then it gives a "hammer". The 

input data are transmitted through convolutional layers, in which not all nodes are interconnected. 

Instead, each node is connected only to its nearest neighbors. These layers have the property of 

shrinking with depth, and usually they decrease on any of the divisors of the amount of input data 

(for example, 20 knots in the next layer will turn into 10, in the next - to 5), the powers of two are 

often used. In addition to convolutional layers, there are also so-called merging layers. The 

unification is a way to reduce the dimensionality of the data received, for example, from the square 

2x2 the most red pixel is selected and transmitted. In practice, a fully connected perceptron is docked 

for further data processing at the output of a convolutional network, [LeCun et al., 1998]. 

CNN succeeded very well in recognizing patterns, voice [Kipyatkova, Karpov, 2016], a text, 

including handwritten one [Soldatova, Garshin, 2010], and also in winning in some intellectual 

games such as chess and Go*. These successes are due to the use of large computing capacity and 

the availability of huge, manually-marked databases of teaching data [Krizhevsky, Sutskever, 

Hinton, 2012]. To create such huge databases of annotated images, for example ImageNet 

[Russakovsky et al., 2015], scientists all over the world and other enthusiasts even had to unite their 

efforts. 

ResNet [He et al., 2016]. Residual Network became the winner in the ILSVRC of 2015. The 

key feature is an intensive use of batch normalization. There are no fully connected layers at the end 

of architecture. ResNet currently is a piece of art in the world of CNN and is frequently used. 

In parallel with the filling in of the aforementioned annotated images database, the ILSVRC 

project (ImageNet Large Scale Visual Recognition Challenge) is conducted in which different teams 

compete annually in the classification and recognition of objects and scenes in the ImageNet 

database. Let us review the winners of recent years in these competitions: 

 AlexNet [Krizhevsky, Sutskever, Hinton, 2012]. This is the work of Alex Krizhevsky, Ilya 

Sutzkever and Jeff Hinton, who played a significant role in popularizing CNN in the field of 

computer vision. The architecture of AlexNet was presented at ImageNet ILSVRC Challenge in 

2012 and it was superior to all the works of competitors (16% of errors compared to 26% for 

architecture, which took second place). 

 ZF Net [Zeiler et al., 2010]. But the winner of ILSVRC 2013 was the convolutional neural 

network by Matthew Zeller and Rob Fergus, which is known as ZF Net (abbreviation for Zeiler 

and Fergus). This architecture was an improved version of AlexNex: here they increased the 
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average size of the convolutional layers and reduced the step and size of the filter on the first 

layer. 

 GoogLeNet [Szegedy et al., 2017]. In 2014, the CNN developed by Szegedy and others - 

employees of Google company won the above-mentioned competition. The main merit of this 

architecture is the development and implementation of a special input module (Inception 

Module). 

 VGGNet [Simonyan, Zisserman, 2014]. Right after GoogLeNet, the network of Karen 

Simonyan and Andrew Zisserman comes second at ILSVRC 2014, which clearly demonstrated 

that the depth of the network is the key factor for productivity. Their network contains 16 

convolutional and fully connected layers and has an extremely homogeneous architecture. 

 ResNet [He et al., 2016]. Residual Network, became the winner of ILSVRC 2015. Key features 

- intensive use of packet normalization. At the end of the architecture there are no fully 

connected layers. ResNet as of today is a real work of art in the world of convolutional neural 

networks and is used most often. 

It should also be noted that, convolutional neural networks have always been in the top line of the 

ranking at international image recognition competitions held by ImageNet.  As far as the 

manipulation of objects is concerned[Popov, Yurevich, 2008], then neural networks are still very 

far from human mastery even in such basic sensor-motor skills as grasping and moving objects, not 

to mention the  use of more sophisticated instruments of labor [Levine et al., 2016b]. 

Important indicators of the intellectual level of the control system of the RTC is the level of 

generalization of the external environment models, on the basis of which the assessment of specific 

situations and forecasting of their development, as well as the opportunities for self-improvement, 

including active interaction with the external environment. 

  It is impossible to provide all possible situations in the programming code of the control 

system, that can arise when the RTC is in contact with reality, that is why, one has to resort to the 

use of neural networks and control feedback from the vision system, which in total serves to improve 

the quality of performing the following tasks: 

• processing sensory information and pattern recognition; 

• forecasting based on the information received from sensors, as well as making decisions on 

adequate behavior and its planning; 

• motion control to implement these plans. 

Accordingly, the methods to solve the above mentioned problems are reduced to the 

following stages of the ANN design: 
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1) the choice of a modeled dependence (formalization of the problem), definition of input and 

output data. 

2) the choice of the structure of a neural network - determination of the number of inputs, 

outputs, hidden layers, neurons in each layer, activation functions, teaching method. 

3) scaling of variables - determination of ranges of change of inputs and outputs in accordance 

with the level of the activation function. 

4) initialization of network parameters - determination of initial values of weight coefficients 

(usually randomly), threshold levels. 

5) neural network teaching - is to adjust the weight coefficients. 

6) neural network testing on previously unknown data. 

Thus, it can be pointed out that mathematical models of ANN are used to construct 

mathematical models of ICSs of modern RTC, the main advantage of which is that they make it 

possible to synthesize the control law with the help of a single sample of training information. 

 

2. A typical ICS structure based on ANN 

A typical ICS based on ANN is given in Fig.1. In case of applying ANN incorporated in 

the structure of ICS in the RTC [Timofeyev А.V., 2013] it is insufficient to merely recognize the 

object on an image received from a camera, it is also required to complement the object with 

information about its location and the way of grasping it. If we speak about a manipulator, then the 

typical approach to the  robotized gripper and movement control incorporates  [Pastor et al., 2011] 

the following:  

 methods of computer vision to assess the position of an object. 

 methods of calculating the configuration for grasping the target. 

 planning algorithms of motion trajectory. 

 algorithms to track this trajectory. 

 

 

Fig. 1. Typical structure of ICS based on ANN 
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The process of robot control starts with video surveillance, that is, we speak  about the 

video information, and this is the most important sensory information, both in the animal world and 

in technology in general, including, of course, robotics. That is why, to provide the RTC with one 

of the senses the technical vision systems  (TVS) have become widespread which are focused, first 

of all, on servicing the executive systems. 

In the TVS, in general, the following problems of visual information processing are consistently 

solved [Yurevich, 2013]: 

 obtaining an image; 

 preliminary image processing; 

 image segmentation; 

 characterization of images; 

 pattern recognition. 

 

All the necessary operations for the tasks of designing the TVS are implemented in the OpenCV 

library (Open Source Computer Vision Library). OpenCV is one of the most popular libraries of 

machine vision. It is written in C / C ++, its initial code is open. The library includes more than 1000 

functions and algorithms. 

There are, of course, libraries more advanced in functionality, for example, Halcon. There 

are more specialized libraries that focus on a particular task, for example, libmv. But OpenCV - the 

largest library in the breadth of the subject. 

An interesting alternative approach to the localization of objects in the image is implemented 

in YOLO (You Only Look Once) [Redmon et al., 2015]. The problem of localization is formulated 

as a one-step regression problem: the only neural network takes the entire image to the input and 

gives the coordinates of the bounding rectangles and the probability of belonging to the classes for 

them. YOLO divides the image into a grid. Only that grid cell is responsible for the detection of an 

object, into which its center falls. Each cell searches for a series of bounding rectangles of the same 

class. YOLO imposes strong constraints on the spatial location of objects. Because of its grid 

structure, the system cannot cope with the search for small objects located in dense groups. 

To construct neural networks, one can use the following popular frameworks and libraries: 

 

 TensorFlow is an open Google framework for machine learning, on which, for example, Google 

Translate operates; 

 Theano is a popular framework for machine learning; 

 Caffe is another framework; 

 Torch is a framework for scientific computing that uses graphics processors; 

 MXNET is a scalable system for machine learning, created by Amazon and several universities. 
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 Keras - a high-level library for working with neural networks, running on top of TensorFlow or 

Theano; 

 Lasagne is an easy library for creating and learning neural networks. 

To design the motion control systems various virtualization media can be used like rViz and 

Gazebo, frameworks for planning and controlling robots’ movements such as “MoveIt” which are 

supplied together with metaoperation system based on OC Ubuntu. After the object has been 

identified the learning to grasp is carried out in two main strategies –a neural network’s independent 

learning to grasp objects by the trial and error method with the accumulation of the database of 

successful graps for relevant objects in the database of objects and learning by a human- operator. 

 

3. Designing ICS based on ANN training by trial and error. 

 

The ICS of the RTC based on  CNN, which is independently trained to grasp different 

objects and supported with continuous feedback through a video channel [Gu et al., 2017], is given 

in Fig. 2. 

 

 

Figure 2. Typical structure of ICS based on ANN by trial and error. 

 

In the picture given above ICS is learned by the trial and error method. At first a known object in 

the scene is segmented and recognized, and the data obtained in the past about the experiments with 

this object are retrieved, and a new hypothesis of grasping  is generated  or it is chosen among those 

that have already been checked. After performing the chosen grasp the performance is evaluated 

and the memory of the previous experiments with the object is updated [Herzog et al., 2014].  

Despite the fact that control and manipulation of the RTC with the help of feedback from 

TVS is fairly broad and have been studied in robotics for a long time [Espiau, Chaumette, Rives, 

1992; Jagersand, Fuentes, Nelson , 1997; Wilson, Hulls, Bell, 1996; Yoshimi, Allen, 1994], the 

issue of how to interpret a sensor signal remains sufficiently complicated, especially for such tasks 

as manipulating objects. That is why, instead of selecting the rules of behavior for a robot 

beforehand which often happens manually it is quite advisable to program a robot for independent  
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knowledge acquisition from “scratch”, studying the extensive experience in the real world in the 

course of observations for one’s own actions [Levine et al., 2016a]. 

This approach was suggested by nature, because unlike robots, humans and even animals 

orient themselves in any unfamiliar situation quickly, confidently and often with extremely little 

preliminary planning of their actions relying on highly developed and intellectual mechanisms of 

feedback which use sensor signals to correct mistakes of behavior. That is why, if we want robots 

to cope with complicated and unpredictable situations in the real world, the need to use ANN in 

them with the application of identical feedback mechanisms from external sensors processing them 

in  real time.  

The example of architecture of CNN for grasping with video feedback has been presented 

in the work of [Pinto, Gupta, 2015]. Since the object can be perceived from different angles, the 

output layer of the model was presented as an 18-bit binary classifier. After a convolutional neural 

network (CNN) receives a zone of an image, it determines the possibility to grasp an object in the 

center of the zone for 18 possible values of the grasp angle  (0◦, 10◦, . . . 170◦).For each area of an 

image there are 18 values in the output that correspond to 18 possible grasping angles. Grasping is 

done in the zone of an image which has the maximum value in the output of CNN for coordinates 

and values of the grasping angle. 

In order to train to grasp by trial and errors in the work of [Levine et al., 2016b] a large 

convolutional network was trained [LeCun, Bengio, Hinton, 2015] to foresee the probability of a 

successful grasp using monocular images of a camera only, irrespective of the camera’s settings or 

the current position of a robot. It was trained to foresee the probability of a successful grasp only 

with the use of an image from one camera directed to the zone of interest. Regardless of the camera 

setting or the current position of the robot, the network could observe the spatial relationship 

between the successful grasp of an object and shooting in the scene, thereby learning to coordinate 

the actions of the manipulator with the image received from the camera. Then this pre-trained 

network continued training in grasping objects in real time and on a real device to achieve more 

successful attempts. 

To do this, the initial attempts to grasp are performed randomly by the robot and it succeeds 

extremely rarely, but every successful experience of grasping an object is used to train a deep 

convolutional neural network in order to further learn how to predict the result of a successful grasp 

in view of an image from the camera and which commands for the engines contributed to it. In fact, 

the robot constantly predicts, watching the movement of its hand, which subsequent movement 

maximizes its chances of success. The result is a continuous feedback: in other words it can be called 

as the coordination of "hands and eyes". The robot watches its grasping and corrects its movements 

in real time. It also demonstrates interesting behavior before grasping, for example, highlighting one 
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object from a group. All these types of behavior arose, naturally, from training, and were not 

programmed into the system from the very beginning. 

To train the CNN it has taken more than 800,000 attempts to grasp for two months, using from 6 to 

14 manipulators, with different camera positions and differences in design. The presented network 

contains three convolutional layers, followed by a layer of spatial function softmax (generalization 

of the logistic function for the multidimensional case). It converts pixel information into numerical 

values that are convenient for spatial computations. Then this information passes through three final 

fully connected layers in order to synthesize the commands for the engine. Thus, the entire network 

consists of 7 layers and has about 92000 parameters [Levine et al., 2016a]. 

 The method provides effective control in real time, the successful grasping of new objects 

and correction of grasping by developing further experience. This method teaches to make the 

manipulator’s movements in such positions that are most likely to produce successful grasp 

attempts, with reinforcement directly from the perception of pixels of an image from one video 

camera directed to the zone of interest where the manipulator moves in space and there are objects 

themselves to be grasped. Constantly reviewing the most promising motor commands, this method 

constantly processes sensory signals from the environment, which allows one to react to external 

factors of influence and adjust the grasping method to maximize the probability of success. In 

addition, the engine commands are given directly in the robot’s field of view, which initially does 

not know what form of object it can see there. 

 This means that the system, unlike many other analogs, does not require that the camera 

should be accurately calibrated relative to the manipulator. Instead, it uses only one video camera 

to determine the spatial connection between the manipulator and the objects to be grasped on the 

scene. To this end, two components were used: the grasp success predictor, which uses the above-

mentioned deep CNN to determine how successful this grasping motion can be, and the continuous 

servo mechanism that uses the CNN to constantly update the robot's motor commands. Owing to 

the continuous prediction of the best way for a successful grasp, the servo mechanism gives the 

robot a quick feedback in relation to the motion of the object, as well as sustainability to inaccurate 

operation. 

 

 

 

4. Designing the ICS based on the method of training ANN  by imitating the operator’s 

actions. 

A typical structure of the ICS based on the training an ANN by imitating the operator’s 

actions is given in Fig. 3. 



   12__________________________________________________________________________________ 
 

                                                             © European Society of Computational Methods in Sciences and Engineering 

 

Figure 3. A typical structure of the ICS based on the training an ANN by imitating the operator’s actions. 

 

In the work [Liang et al., 2017], the authors proposed a method for in-depth training of the 

industrial robot ABB YuMi [Guo et al., 2017] using Da Vinci manipulators [Krishnan et al., 2017] 

(2 high-precision manipulators with 6 degrees of freedom) and a stereo vision system of two 

Logitech C270 cameras, providing video resolutions of 640x480 and switched on via USB 2.0 

connection. The interaction takes place through the DY-Teleop interface developed by the authors 

and the YuMiPy open source library in Python language. 

The main objectives of the DY-Teleop interaction algorithm are to allow the operator to 

quickly transmit to the two-handed robot successful demonstrations of precise manipulations and to 

keep synchronized information about the movement trajectories, manipulator positions, and work 

area images for in-depth study of control mechanisms by the robot. 

The whole system works with a delay of 194 milliseconds and executes commands with a 

frequency of 6 Hz, the control of the robot is performed over the Ethernet protocol. The operator 

controls manipulators with 6 degrees of freedom and robot grasps using the Da Vinci Masters 

manipulator. The robot executes the operator's commands and at the same time uses this information 

for training. 

The complete architecture of the system comprised: 

• 3 computers running Ubuntu, 

• robot YuMi, 

• two Logitech C270 cameras, 

• manipulator Da Vinci Masters, 

• 2 switches TP-Link Gigabit Ethernet, 

• Neewer CN-160 torch for lighting the robot's work area. 

The commands from the Da Vinci manipulator are converted into positions of robot 

manipulators. Images from the robot's stereo cameras are integrated into the graphical user interface 

and display settings and system information on the Da Vinci visual interface. 

The neural network used for training had the architecture proposed by [Laskey et al., 2016] 

and implemented on the basis of Tensorflow (an open software library for machine learning, 

developed by Google to solve problems of building and training a neural network for the purpose 
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of automatically finding and classifying images), consisting of one convolutional layer and two fully 

connected layers, with a truncated linear transformation (ReLU). Network factors were calculated 

on a GeForce 980 GPU based on the stochastic gradient descent method. The input of the neural 

network was supplied with RGB images measuring 100x250 pixels, and for supplied images, a 

binarization algorithm was previously applied to ensure stability to changes in lighting. 

But it is not necessary to use a joystick as controls.  For example, a suit like "Xsens MVN", 

which generates data in absolute three-dimensional coordinate space, may well serve as a motion 

sensor. If the user is standing in the same position, but in a different place, then the output values 

given by the suit will be different. To reduce the flow of data and ensure the stability of use of the 

robot’s remote control system, the preliminary data transformation is applied from the sensors of 

different limbs relative to each other, similar to the recalculation of the angles of their rotation 

[Kuipers, 2000]. 

As a result of the data collection, mutually corresponding sets of commands are obtained 

for the robot motors and a set of angles between different parts of the human body. Each robot’s 

motor uses a separate neural network for training, in the experiment, each network contained one 

hidden layer of 20 neurons. Each such network was trained to approximate the value of the signal 

on the motor based on the relative rotation of the corresponding sensors on the suit for data 

collection. The translation function is a matrix of values, with weights in each node. These weights 

are optimized for the function (training) conformance as accurately as possible using the particle 

swarm method (numerical optimization method, for which it is not necessary to know the exact 

gradient of the optimized function) [Kennedy, Eberhart, 1995]. Due to this, the learning process of 

each network passed extremely quickly, within just a few seconds on a standard personal computer. 

Each movement of the robot is coded as a corresponding combination of signals for the robot’s 

motors. The weight of neural networks obtained during the training is used to monitor the robot in 

real time. In the course of the experiment such complex movements as lifting cardboard boxes, 

hitting objects, repetition of boxing movements were performed. The user had sufficient control to 

perform all these operations.  

The method considered in the work of [Stanton, Bogdanovych, Ratanasena, 2012] can be 

used for robots with any number of degrees of freedom, the authors applied it to a robot with 25 

degrees of freedom. An alternative approach would be to use more relative rotations from the neural 

networks’ input sensors, which would allow the user to learn more complex patterns of control over 

the robot. 

In the imitation mode, the robot observes how a person grasps a known object either during 

remote control with the help of the grip handles or when the object is directly grasped by the 

manipulator of the robot. In this experiment, the person's participation was quite active, he gave the 
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robotic system the information how to position the wrist and fingers of the robotic arm to perform 

a successful grasp. Of course, this information can be transmitted to the robotic system in another 

way, for example, through a camera or through interaction in a virtual view, the experiment will 

then become more scalable, since it can be conducted on a computer, and it will be enough just to 

click where the robot will need to grasp an object instead of the need for physical interaction between 

the human and robot manipulator. Such a training option was previously considered by [Saxena, 

Driemeyer, Ng, 2008]. The authors state in it that at the time of publication their robot was the first 

one that could automatically grasp not previously seen objects which were randomly located. Here, 

two recognition processes are simultaneously performed: recognition of the object and recognition 

of the grasping configuration. Then, the object models and grasps are saved and stored together. 

This process can replace or supplement the trial and error method described above, where the RTC 

learns itself to grasp objects.  

 

5. Problems of the neural network approach to the design of the ICS. 

 

Initially, critics put forward two arguments [Fodor, Pylyshyn, 1988] against the fact that  

ANNs will help us better understand intelligence. Firstly, ANNs with a fixed size of the input data, 

apparently, are not capable of solving the problems with input data of a variable size. Secondly, it 

seems that ANNs cannot attach values to a specific location in data structures. The ability to write 

and read from memory is a critical one in the information processing system. In this case, what can 

you say in an answer to these two arguments? 

The first argument was refuted by the creation of recurrent NNs (RNN). They can process 

input data of variable size without the necessity to modify or add a time component to the processing 

procedure - when translating a sentence or recognizing a voice [Graves, Jaitly, 2014] and a 

handwritten text [Izotov, Sukhanov, Golovashkin, 2010], the RNC repeatedly receives input data of 

a fixed size as many times as required. 

Some researchers try to disprove the second argument by the creation of a neural Turing 

machine (NMT) [Graves, Wayne, Danihelka, 2014], which provides an ANN access to external 

memory and the ability to learn, how to use it. Unlike most models with the working memory, this 

architecture can learn to use its working memory instead of deploying a fixed set of procedures over 

the symbolic data. 

Neurobiological models of brain memory and digital computer architecture suggest that 

the functionality of the system can depend on the presence of external memory. Neural networks 

supplemented by external memory offer a possible answer to a key critical argument in the direction 
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of connectivity, that neural networks are not able to attach values to a particular location in data 

structures (variable binding). 

Thus, a NTM resembles a working system of memory, because it is intended for solving 

problems that require approximation of rules to "quickly created variables". "Quickly created 

variables" [Hadley, 2008] are the data that are bound to memory slots for a short time [Minsky, 

1968]. 

 The researchers also [Graves, Wayne, Danihelka, 2014] bring up the question of the 

possibility of a neural network to learn the simplest algorithm, demonstrating the input data and the 

expected result. So, the authors teach the neural network to cope with the task of copying the data 

sequence. In this task, a sequence of elements is given to the network input, it is required to 

reproduce this sequence at the output from the network. Experiments with this algorithm 

demonstrate that a NTM has a greater generalizing ability than conventional recurrent networks. So, 

sequences of different lengths were used at the training stage, but all the sequences were shorter 

than 20 elements. During the testing phase, sequences of significantly longer length were fed to the 

network input, for example, sequences of 50 and 100 elements. For sequences of short length, both 

the recurrent network and the NTM showed almost an ideal quality, but as the sequence length 

increases, the recurrent one stops working correctly, while the NTM continues to copy the sequences 

almost without errors. In addition to a more generalizing capacity, NTM is trained faster than 

conventional recurrent networks. When the algorithm works, it is clear that working with the 

memory of a neural Turing machine is similar to what a programmer would write in a low-level 

language if he had a task of writing a program that copies a sequence of elements. The neural 

network selects the memory cell and starts recording the element, after which it moves to the next 

cell. At the playback phase of the sequence, the neural network puts the reading head on the first 

record of the sequence, reads it and moves the head to the next cell. 

Unfortunately, there aren’t any prerequisites for a Neural Turing Machine (NTM) to learn 

a really complex algorithm, such as sorting a great number of objects, which is actually quite 

evident. The fact is that it is extremely difficult to understand a complex dependence based only on 

a large number of examples of input and output of the algorithm. In connection with this, NTM can 

be considered only as the first of many steps on the way of researchers to create a machine capable 

of constructing complex algorithms independently. 

Neural networks can give interesting results on generation of dependencies and forecasting. 

However, their obvious drawback is the lack of an explicit algorithm of action. Memorization of 

information in the learning process occurs implicitly as a result of the selection of the weight 

coefficients of the neural network, respectively, the problem of cognition (the formation of new 

knowledge) on the basis of those obtained earlier in the learning process seems difficult to be 
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resolved. A positive solution to this problem will open the way to the creation of the full-fledged 

artificial mind [Stankevich, Yurevich, 2012]. 

From this point of view the promising area is where the mathematical model of the ANN 

is built on the basis of mathematical logic [Kozhevnikov, 2015]. The description of the structure of 

the neural network (NN) serves as the initial block diagram of automaton, and the logical function 

"NOT-AND-OR" is used as the model of the neuron. In this case, the logic of the components of 

the block diagram is not initially determined. The mathematical apparatus of Petri nets (PN) is 

proposed as a tool for constructing the mathematical model: marked graphs, inhibitory PNs and PNs 

with programmable logic (PLPN). 

The peculiarity of the proposed mathematical model of cognitive digital automata (CDA) 

is that the procedure of training the initial structure of an NN can be performed on a limited number 

of training sets in a copy mode with a given degree of generalization, which in turn is achieved as a 

result of preliminaries of the source NN structure. In addition, a quality index that provides 

advantages of the CDA model over existing analogs is a complete absence of errors not only for a 

priori certain training data sets, but also for a multitude of indefinite sets. The presence of errors 

indicates a failure of the CDA or insufficient completeness of the formula (network algorithm) of 

relational calculus, which is formed in the learning process. Formation of the formula of the 

relational calculus (network algorithm) is performed on the basis of the results of synthesis 

(training). In this case, the possibility of forming a formula for a relational calculus depends on the 

critical mass (quality) of training sets and learning algorithms, i.e. the possibility of cognition, is 

laid down at the learning stage.  

 

Conclusion 

Designing the ICS based on the ANN trained by trial and error requires huge computing 

resources, large databases of training sets and time, and is more suitable for universal robots that 

will have to work with a huge number of different subjects, nevertheless, if it is planned to create 

highly specialized robots there are less costly methods of building an ICS of the RTC, based, for 

example, on copying the operator’s actions. 

The approach based on the copying of the object and, at the same time, the actions of the 

operator has advantages in the case when it is necessary to manipulate a small number of objects, 

the more it is not necessary to allocate separate time resources for training the ICS of the RTC, the 

operator can simply perform his work in the usual mode, and the ICS in this time, as it were, is 

watching from the outside  through the video camera and is learning how to correctly perform certain 

manipulations with objects. It is of fundamental importance to memorize the actions of the operator 

and to reproduce them with a given degree of generalization. 
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The ICS by a robot can be implemented (built) on the basis of the mathematical model of 

cognitive digital automata (CDA) [Kozhevnikov, 2015]. The ICS in this case is a software and 

hardware complex, where the mathematical model of the CDA identifies the control system as an 

intellectual one. The cognitive capacity of the mathematical model is determined by the possibility 

of generating new knowledge based on the knowledge gained at the learning stage. The creativity 

of a mathematical model is determined by the ability to construct sequences (logical chains) of 

generating new knowledge. The possibility of cognitive control, in its turn, provides a transition to 

a new level of controlling complex objects.  

A special advantage of the mathematical model of CDA is in ensuring the possibility of 

additional training and multifunctional training of the initial structure of the NN. The training time 

of the original neural network can serve as the main quality indicator that provides advantages of 

the CDA model,  which is especially important in the case of using the copying control method of 

the RTC, because memorizing the actions of an operator with a given degree of generalization must 

be performed (ideally) from the first attempt. 

* This work was supported by the Ministry of Education and Science of the Russian 

Federation, project RFMEFI57417X0173. 
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