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Abstract: Paraconsistent Annotated Logic (PAL) is a type of non-classical logic based on concepts that
allow, under certain conditions, for one to accept contradictions without invalidating conclusions.
The Paraconsistent Artificial Neural Cell of Learning (IPANCell) algorithm was created from PAL-
based equations. With its procedures for learning discrete patterns being represented by values
contained in the closed interval between 0 and 1, the [PANCell algorithm presents responses similar
to those of nonlinear dynamical systems. In this work, several tests were carried out to validate the
operation of the IPANCell algorithm in a learning from demonstration (LfD) framework applied
to a linear Cartesian robot (gantry robot), which was moving rectangular metallic workpieces. For
the LfD process used in the teaching of trajectories in the x and y axes of the linear Cartesian
robot, a Paraconsistent Artificial Neural Network (/PANnet) was built, which was composed of
eight IPANCells. The results showed that IPANnet has dynamic properties with a robustness to
disturbances, both in the learning process by demonstration, as well as in the imitation process. Based
on this work, paraconsistent artificial neural networks of a greater complexity, which are composed
of IPANCells, can be formed. This study will provide a strong contribution to research regarding
learning from demonstration frameworks being applied in robotics.

Keywords: paraconsistent annotated logic; paraconsistent artificial neural cell; learning from
demonstration; Cartesian robot; machine learning

1. Introduction

Innovation in the field of automation requires research into the area of artificial intelli-
gence, which includes other sub-areas to be studied in their individual or correlated forms.
Among these, we can cite research that is aimed at making machines more independent
from programming processes through expert systems, autonomous robotics, and machine
learning [1-3]. In this context, this article shows new alternatives in automation control that
require machine learning to add a higher level of efficiency by implementing algorithmic
structures based on paraconsistent logic—PL [4-6].
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Classical logic is based on strictly binary principles, and in some situations where
information is incomplete, contradictory, or redundant, the uncertainties contained in the
data can make its application impossible. To achieve results in the research dealing with
these new technologies, many works related to the study and application of non-classical
logics have aroused interest within specialists in the field of industrial automation [4-6].
In recent years, fuzzy logic has stood out in the research involving automation. However,
there are other non-classical logics that were created to be used in conditions in which
classical logic, with its binary principles, proves to be inoperative. Currently, paraconsistent
logic (PL), which is based on opposing the principle of non-contradiction (which is one
of the basic principles of classical logic), has stood out in applications of its algorithms in
various areas of knowledge [6,7].

Learning from demonstration (LfD) consists of making a machine perform new tasks,
imitating procedures that are shown to it without the need for a reconfiguration or re-
programming of its software [2]. The research related to the application of this technique
aims to find efficient ways in which to replace the manual programming work of machine
activities by an automatic programming process, one that is exclusively conducted to repeat
the task demonstrated by an expert [8,9]. As seen in [10], in the fundamental concepts of
LfD usage in robotics area, there is a problem of imitation as an entity tries to produce
a behavior similar to another entity [9,10]. Thus, a Tutor evolving in a world realizes
an observation () of this world. The Tutor can perform a set of actions A (A could be
empty) and follows a policy 7ytor that associates to any world state a particular action. It is
assumed that the optimal policy to satisfy the Tutor is:

Tlutor: ) — a € A. (1)

The Learner disposes of a set of observations O (named observation space) about the
world and its own set of actions B.

The Learner follows another policy 7tjeamer in order to produce a behavior similar to
the observed one, therefore

Thearner: O — b € B, Tearner = Titutor- 2)

Due to the condition that the Tutor and the system are involved in the same world,
there is a perception equivalence problem in LfD.

Since the interaction between the Tutor and the system takes place in the real world,
information is obtained by each of the actors through different means.

The world is observed by the system through sensors, whereas the human observes
it through its own senses. In this way, the Tutor demonstrating a particular behavior can
observe modifications of the world that the Learner cannot perceive. Therefore, with the
comparisons of information data between the Tutor and the system contaminated with
contradictions, thus generating uncertainties in the conclusions, the LfD process can reach
a low level of efficiency [10,11].

Considering the conditions in which the LfD processes operate, the application of
PL, which has the property of supporting contradictory information, can alleviate some
problems related to this technique. In this paper we present the application of the Para-
consistent Artificial Neural Cell (/JPANCell) algorithm based on Paraconsistent Annotated
Logic (PAL) integrated with the learning from demonstration process (LfD) [12-14].

1.1. Related Works

The presentation of task models in such a way that a robot is able to learn from
demonstration (LfD)—that is, without the need for new programming—is a challenge for
the field of robotics engineering. Several published articles bring results from research on
learning from demonstration (LfD), which aims to transfer task models to a robot through
demonstration. For example, in [8] the authors present several LfD approaches to allow a
robot to learn and to generalize complex tasks from demonstrations.
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In this article, we show a way that enables the learning of complex trajectories with
complex sets of states, which the Cartesian robot needs to reach in a certain sequence to
accomplish a task. Among the works related to the approach we developed in this research,
we can highlight the studies presented in [15-19], where the authors present approaches
in which robots learn task models through interaction with human tutors, and which
could identify the aim simply as a difference between the initial and final states. In other
approaches, as seen in [20], the task model includes not only the objective, but also a set of
ordering constraints between actions.

Other important works in the LfD process present classical artificial intelligence (AI)
techniques for knowledge representation, planning, and learning. Several methods have
been proposed in Al to improve planners by acquiring different types of knowledge of task
model planning. Among these we can cite the methods published in [21]. In [22,23], the
authors dealt with learning procedures that are related to planning speed and individual
action attempts, which were often used together.

Some works, such as the one seen in [24], the authors addressed the method of
inferring a generalized plan that works in all instances with a class of problems, efficiently
instantiating plans for certain types of problems.

Other works, as seen in [25], focused on learning Hierarchical Task Networks (HTN)
that are used to hierarchically represent the planning knowledge about a problem domain.
As demonstrated in several articles, for example in [26], planning task models and transfer-
ring them efficiently faces two main problems. The first is that, when the task is complex,
some extra knowledge about how to plan and create adaptive models capable of being
reproduced by the robot is needed. Additionally, the second is that, when there are different
alternatives to reach a goal, modeling can be performed under conditions that are based on
different constraints, mainly physical ones. Therefore, task planning systems often require
generic task models, ones which specify how tasks are to be correctly achieved.

In this work, we show a method based on artificial intelligence techniques that are
supported by non-classical logic; a method that brings algorithms and configurations to
be applied in model planning and that considers a robot equipped with a set of basic
skills. Thus, the contribution of this article will be a technique that can be applied based on
algorithms that are based on Paraconsistent Annotated Logic [6,27].

The usual symbols and PAL nomenclature used in this article are shown in Table 1.

Table 1. Symbols and abbreviations.

Symbols/Abbreviations

Meaning

PL
LfD
PAL

PAL2v
PANCell
IPANCel
IPANnet

IPANC_BLK

HMM
DMP

H

A
(1, A)
USCP

P

t
f
1
T

Dc
Dct
Dcr

HER
I

Paraconsistent Logic
Learning from Demonstration process
Paraconsistent Annotated Logic
Paraconsistent Annotated Logic with Annotation of Two Values
Paraconsistent Artificial Neural Cell
Learning Paraconsistent Artificial Neural Cell
Paraconsistent Artificial Neural Network
Paraconsistent Artificial Neural Cell Programmed with IEC 61131-3 Rules as Functional Block
Hidden Markov Models
Dynamic Motion Primitives
Favorable Evidence Degree
Unfavorable Evidence Degree
Annotation of Two Values
Unit Square in the Cartesian Plane
Proposition

True Logical State

False Logical State
Paracomplete Logical State

Inconsistent Logical State
Certainty Degree
Contradiction Degree
Certainty Degree of Real Value
Resulting Evidence Degree
Learning Factor
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As will be described in this article, we can build different configurations with structures
composed of Paraconsistent Artificial Neural Networks [28]. Thus, we developed LfD
strategies for representations dedicated to the modeling of tasks, ones that are represented
in complex trajectories.

1.2. Organization

This article presents the following organization: In addition to this introduction, we
present, in Section 2, the main concepts of the method of learning from demonstration,
highlighting the techniques that will be used in the tests and applications of Paraconsistent
Neural Cells. In Section 3, we present the fundamentals of Paraconsistent Annotated
Logic (PAL), as well as its equations and algorithms that form the learning Paraconsistent
Artificial Neural Cell (IPANCell). We finish Section 3 with the presentation of a network
algorithmic structure (/PANnet) composed of IPANCells that are interconnected in a cas-
cade. In Section 4, which refers to materials and methods, we present the techniques
and procedures used to build the IPANCell configurations and its implementation, thus
forming a IPANC_BLK block that follows the rules of IEC 61131-3; furthermore, this section
is dedicated to the learning from demonstration process. We conclude, in Section 4, by
presenting, with a network structure of IPANC_BLK blocks (IPANnet), the procedures that
are used by the linear Cartesian robot regarding the automatic machines that are used in
the tests of moving rectangular metal workpieces. In Section 5, we present the graphs
and tables that show the results obtained in this work related to the performance of the
Paraconsistent Artificial Neural Network (/PANnet) structure that is used in the process of
moving workpieces (which is carried out by the machine tool). In Section 5, we also discuss
the simulation results and the expected and obtained values in the workpiece movement
process. In Section 6, we present the conclusions and the possibilities for future work
applying this technique.

2. Fundamentals of Learning from Demonstration (LfD)

In systems dedicated to the control of automation, trajectories, and robot movement,
highly complex algorithms are used. The programming of the computational modules
of these machines uses dedicated and structured algorithms so that the machines can
perform tasks that are related to the movement and transport of objects with precision [29].
However, with each change in the machine trajectory or changes in transported products,
there is a need for the intervention of programming specialists to adapt the system to these
new tasks [29-31]. In industrial production systems where robots act in complex actions,
reprogramming to adapt the machines can make production unfeasible. Thus, learning from
demonstration (LfD) would be a method that would provide greater speed in modifying
machine movement strategies, where, in this case, the knowledge transfer process would
use the concepts of human learning. Thus, flexibility in machine programming would have
to be adapted with algorithms capable of transferring skills through direct intervention,
observation, goal emulation, imitation, and other social interactions [32-35].

2.1. Machine Learning

Machine learning is used to teach machines how to handle the data more efficiently. As
can be seen in [36], machine learning methods can be classified into four types: 1. supervised
learning; 2. unsupervised learning; 3. semi-supervised learning; and 4. reinforced learning.

2.1.1. Supervised Learning

Supervised learning, which is considered to be LfD with the support of a system
composed of artificial neural networks, can be classified into three stages: demonstration,
learning, and imitation. These steps will be described below [36,37].

(1) Demonstration—This is where the Tutor performs the desired activities for the
robot to learn. In a practical process, it is considered that the Learner and the Tutor are
exposed to a training vector. The Tutor, based on his knowledge of the environment, has the
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ability to provide a response to the artificial neural network, which represents the optimal
action to be performed by the learner according to the training vector;

(2) Learning—In this step supervised learning takes place. This is where the parame-
ters of the artificial neural network are adjusted based on the training vector and on the
error signal, which is defined by the difference between the desired response and the real
response of the network. In this step, the artificial neural network simulates the Tutor,
transferring the knowledge of the environment to the Learner. In general, the optimization
of the emulation is verified through statistical calculation to confirm that the knowledge of
the environment is transferred to the learner in a complete way;

(3) Imitation—At this stage, the learning condition is complete, and the artificial neural
network has finished its training process transferring the knowledge obtained from the
Tutor to the Learner. Therefore, the Tutor is no longer needed, and the Learner, after
receiving the information from the artificial neural network, is able to recognize and deal
with the environment without the need for external help.

Figure 1 shows a block diagram on the main steps of supervised learning [37,38].

ENVIRONMENT

SENSORS - TRANSDUCERS

Vector describing the state of the
environment

Desired Answer
Teacher/Tutor
/ + ANALYSIS
Learner

SYSTEM
LEARNING'SYSTEM Real Answer

Learnin§ Techniques

d

32

ERROR
SIGNAL

Figure 1. Block diagram of supervised learning.

The “Learning Techniques” block in Figure 1 is related to machine learning techniques,
therefore it is where we will use an LfD method that is applied with Paraconsistent Logic
algorithms.

2.1.2. Demonstration Step Approaches

In general, three forms of approaches are used for the demonstration stage.

The first is known as kinesthetic, which is where the Tutor physically demonstrates the
moving actions to the robot or machine through the desired movements or trajectories. In
this case, the robot states during the interaction are registered through its integrated sensors
(e.g., joint angles and torques), resulting in training information data for the machine
learning model [37,38].

The second form of demonstration is called teleoperation. In this category, there is no
requirement for the Tutor to be in direct contact with the Learner (which, in this case, is the
robot). For this demonstration technique, an external input is required to drive the machine
or robot; this can be via a joystick, a graphical interface, or other means. This mode allows
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LfD techniques to be applied in remote environments, and information about the robot’s
states during movement is registered through its integrated sensors.

The third demonstration approach is the Passive Observations or Motion-Sensor
Demonstration method. In this approach, the Tutor performs the task using their own body;,
which can sometimes be implemented with additional sensors to facilitate tracking [36-38].
Information data about the machine’s states and trajectories are registered by means of
tracking sensors.

2.2. Data Modeling for Feature Extraction

The demonstration learning technique brings numerous challenges to its application;
among these main problems is the data modeling mode for the extraction of features.
This phase encompasses two main issues that need to be discussed. The first is how to
interpret and understand the data arising from observed behaviors—in other words, the
problem is how to recognize human behavior (Tutor) from information data. To achieve the
robot (Learner) learning from the demonstration, it is necessary to address the matching
problem, which means finding ways to map links and joints from a human (Tutor) to a robot
(Learner) [39,40]. The second is how to integrate the systems of perception and movement
control to reconstruct what is observed. Therefore, methods must be found to structure the
motor control system for general movement and imitation learning capabilities. Faced with
these challenges, current approaches are divided into two trends: the first uses trajectory
coding, which is a low-level representation of skill, in the form of a non-linear mapping
between sensory and motor information; the second trend has used symbolic coding, which
is a high-level representation of a skill that breaks down a skill into a sequence of action
perception units [41,42].

2.3. Modeling

In this learning from demonstration system, generalization is important since it should
be possible to model a demonstrated movement with different goal positions. Another
important feature is that a learning from demonstration model must also be robust against
disturbances, as exactly repeating an observed movement is not realistic in a dynamic
environment in which obstacles can suddenly appear. Due to this and other factors, the
data collected in the demonstration approaches need to be mapped through a mathematical
model to compose the algorithmic models that will enable imitation acts. Therefore, systems
operating in LfD require a learning policy to extract and generalize the main features of
assembly movements [42]. In [39,40], Hidden Markov Models (HMMs) were used to code
and generalize the demonstration examples. In the normal Markov model, the state is
directly visible to the observer; therefore, the transformation probabilities between states
are the whole parameters. While the states are not visible in the Hidden Markov Model,
some variables that are influenced by the states are visible. Every state has a probability
distribution on a token of possible output; therefore, the sequence of the output token
reveals the information of the state’s sequence. The Hidden Markov Model (HMM) is a
robust probabilistic method that is used to encapsulate human movement; it contains both
spatial and temporal variables that are used for numerous demonstrations [40].

Another modeling method that has shown good results was included in [41-43], where
the authors used dynamic motion primitives (DMPs), which represent a fundamentally
different approach to representing motion, one that based on nonlinear dynamical systems.

Dynamical systems with global asymptotic stability define a function that represents a
global navigation map where all space trajectories converge to the target [41]. Therefore,
when used to code trajectories, this characteristic of dynamic systems ensures that every
trajectory, within the regions of asymptotic stability, collaborates with the correct direction
to reach the target from the robot’s current position. If the robot or machine suffers any
spatial disturbance that is caused by an actuation or sensing error that introduces small
deviations in the execution of its trajectory, it will still be able to reach the target if the
deviations do not remove it from the stability region [43]. Modeling with this technique
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also allows the system to be able to deal with the temporal disturbances that are caused
by communication delays and the dynamics of low-level controllers. An alternative for
the system to be robust to these temporal disturbances is that it be autonomous, i.e.,
independent of time [39,42,43].

As seen in [41-43], DMP is robust to spatial perturbations and is suitable for the
purpose of following a specific motion path, so it is one of the modeling techniques that
has responded robustly to perturbations in LfD architectures.

In this article, we aim to present an algorithm based on Paraconsistent Logic, the
Learning Paraconsistent Artificial Neural Cell- [IPANCell [44] algorithm, which holds the
characteristics of modeling by DMP, which is applied in the process of learning the range
movements of robotic machines from a set of demonstrations [41,45]. Each demonstration
is a trajectory in the linear Cartesian robotic machine’s workspace, which has the task of
moving rectangular metal workpieces in an industrial production process [46].

The information data corresponding to the trajectories are obtained through the robotic
machine being controlled by a joystick operated by a human, where the positions are col-
lected and transformed into learning patterns. After learning, the robotic machine will be
able to reproduce, without human interference, trajectories that are similar to the demon-
strations. In the imitation stage, the robotic machine, which has learned through the LfD
process, should show robustness to the temporal disturbances caused by communication
delays, as well as to the spatial disturbances caused by some actuation or sensing error. The
trajectories are similar to the demonstrations that are executed by the robot, even when start-
ing the movement from points that are different from the demonstrations, and even with
the change in the target position occurring during the execution of the procedure [46,47].

3. Paraconsistent Logic (PL)

Paraconsistent Logic (PL) belongs to a non-classical logic category, and its main feature
is the revocation of the principle of non-contradiction [48]. In [49], PL was described with its
equations and all its predicates being formalized; it was studied in completeness, and was
demonstrated to be an example of non-classical, propositional, and evidential-based logic.

In [6], the authors presented an extension of PL called Paraconsistent Annotated Logic
(PAL), which is associated with a four lattice system, wherein its vertices are considered
representations of the following logical states: t = true, f = false, T = inconsistent, and
L = paracomplete. In this representation, the logical states refer to a proposition P that is
under analysis. In this mode of interpretation, an annotation composed of two degrees
of evidence (i, A) assigns a logical connotation to a proposition P, such that u represents
the degree of evidence in favor of proposition P, and A represents the degree of evidence
against proposition P.

The degrees of evidence are extracted from different information sources and have their
values normalized, thus belonging to a set of real numbers. Therefore, u, A C [0, 1] € R.

Thus, the annotation (i, A), in the condition of maximum values, represents the
extreme logical states of the lattice vertices, which are according to the values of y and A
below:

(1,0)—favorable evidence degree to proposition P maximum and unfavorable evidence
degree to proposition P minimum resulting in a logical state t = true;

(0,1)—favorable evidence degree to proposition P minimum and unfavorable evidence
degree to proposition P maximum resulting in a logical state f = false;

(1,1)—favorable evidence degree to proposition to P maximum and unfavorable
evidence degree to proposition P maximum resulting in a logical state T = inconsistent;

(0,0)—favorable evidence degree to proposition P minimum and unfavorable evidence
degree to proposition P minimum resulting in a logical state L= paracomplete.

As the values of y and A can vary between 0 and 1 and belong to the set R, then
infinite logical states, with their variations, can be considered internally in the lattice.

Algebraic interpretations can relate to the degrees of evidence used in the logical states
of the PAL2v lattice.
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Through the representations of values, with favorable evidence degree y on the x axis
and unfavorable evidence degree of A on the y axis in a Unit Square in the Cartesian Plane
(USCP), it is possible to obtain a transformation (T), shown in Equation (3), that represents
these values in a lattice that is associated with PAL [6,49,50].

T(X,Y)=(x—yx+y—1) 3)

Relating the lattice associated with PAL with components of the transformation T(X,
Y) from Equation (3), we have

x = pu — degree of favorable evidence, with 0 < pn <1
y = A — degree of unfavorable evidence, with0 <A <1

The first term obtained in the ordered pair of the Equation 3)is X =x —y =y — A—,
which is called the degree of certainty (Dc), and the second termisY = x+y—1=pu+A—1
—, which is called the degree of contradiction (Dct). Therefore, the degree of certainty is
obtained by Equation (4).

Dc=pu—A 4)

and the degree of contradiction is obtained by Equation (5).
Det=pu+A-1 (5)

The resulting evidence degree (yg) is calculated by the degree of certainty normaliza-
tion, as is the case in Equation (6):

Dc+1
HE=—) (6)
Additionally, the normalized contradiction degree () is calculated by pctr = %
or by Equation (7):
+ A
Wetr = VT (7)

With these PAL2v-equations, we can build algorithms for the analysis and comparison
of signals through paraconsistent logic [4,6,49].

Based on Equations (5) and (6), a pair of values (Dc, Dct) is formed that provides a
single point located within the lattice associated with PAL, thus defining a paraconsistent
logical state [50-52].

Figure 2 shows a Unit Square in the Cartesian plane (USCP) with the evidence degrees
u and A exposed on the x e, and y axes, and with the PAL lattice with a paraconsistent logic
state composed by the pair (Dc, Dct).

The degrees of evidence originate from different sources, vary in the range between 0
and 1, and belong to a set of real numbers. Thus, this annotation of two values (y#, A) can
generate infinite points and can consequently generate infinite logical states (Dc, Dct) in the
associated PAL lattice [6,50,52].

3.1. Paraconsistent Artificial Neural Cell of Learning (IPANCell)

As the Paraconsistent Logic Annotated with Annotation of Two Values (PAL2v) model
has the ability to handle information that is considered incomplete and contradictory, then
some algorithmic structures built with its equations may indicate similarities with the
biological mental process.

In [6], a family of PANCells—Paraconsistent Artificial Neural Cells—was presented
to compose computational structures that are capable of showing results similar to some
behaviors of the human brain. Through an algorithm configured with Equation (4), a basic
Paraconsistent Artificial Cell (PACellb) was considered, which—from the signals received
at the input and from external adjustment factors—makes the decision, based on levels of
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resulting values in your output. Using PACellb as a basis, Paraconsistent Artificial Neural
Cells were built, which were of different types and with specific purposes [4,51,53].

PAL - Paraconsistent Annotated Logic

Physical
Variabl .
. aria tes Evidence Degree ) . PAL2v Lattice oy = Der +1
arameters Extractor Unit Square in y axis 2
A the Cartesian Det values Dct Contradiction
B G Unfavorable plane (USCP) T Degree
Information | 4 y Ly - Dct = (;l +A- 1)
Source 2 & =(De.Det)
Physical
quantity == Dct
Measure X, f | | t DC g - Dc+1
i 2
n X De X axis
Evidence Degree (0.0) (L0) Dc values | ——
Y2 Extractor Resulting
Certainty :
1 Evidence
-_Favorable
Information I'(X,Y)=(x-y,x+y-1 De =D:lgiei Degree
Source 1
(Dc,Dct)y=(u—A, uu+ A-1) L
0¥ Min,,. Max,,.. Physical

Measure X,

quantity

Figure 2. Unit Square in the Cartesian plane (USCP) with the evidence degrees i and A, and the PAL
lattice with a paraconsistent logic state composed by the pair (Dc, Dct).

In this work, we use the Paraconsistent Artificial Neural Cell of Learning (/PANCell)
model, which can be trained to learn patterns that are between the real values of 0 and 1.
Initially, it was considered that the pattern in a [IPANCell is defined as a binary digit, in
which 1 is equivalent to the “true” logic state and the value 0 means a “false” logic state.
From Equation (4), it is possible to obtain a single recurrence equation so that the degree of
unfavorable evidence A is obtained from the complement of the degree resulting from the
output [6,49-53]. Considering that i is the value of the learning pattern in the current state,
and pig (x4 1) is the value of the later state—that is, the learned value—then the [PANCell
equation to obtain the Resultant Evidence Degree yf is represented by Equation (8):

U1 — (yE(k)c) Ir+1
2

HE(k+1) = (8)
with pipyc =1 — pig k) and k as the number of iterations, and Ir = Learning Factor.

The IPANCell equation to obtain the normalized contradiction degree i is repre-
sented by Equation (9) [6,12]:

p1+ (VE(k)C> I

: ©)

Hetr(k+1) =
The IPANCell is considered completely trained when pp 1) = 1 and per(pq) = 0.
If the pattern applied to the cell input is unitary (#; = 1), then the output will converge
to pig(x41) = 1 with a monotonic variation, whose number of iterations (n) for the output to
reach this maximum value will depend on the I value [4,7,13].
With the values obtained in Equations (8) and (9) we can represent the learning state

of [IPANCell by Equation (10):
(.uE(k—H)/ Vm(k+1)) (10)

Therefore, the simplified algorithm with a learning factor set in /r = 1, for the learning
of any value between 0 and 1, is shown in the Algorithm 1 below [6,7,13].
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IPANCell

My

|

Algorithm 1: Paraconsistent Artificial Neural Cell of Learning—I/PANCell

1. Initial Condition

i =1/2and pp = pp = 1/2

2. Enter the value of the Learning Factor

(lp=1) */Learning Factor */

3. Transform the Degree of Evidence 2 into Unfavorable Degree of Evidence
A =1—12 */Unfavorable Degree of Evidence */

4. Enter the Pattern value (Degree of Evidence of input 1)

=1 */Degree of Evidence */

5. Compute the Resultant Evidence Degree (Equation (6)).

_ im—(A)lr}+1
= 2

HE(k+1)
6. Compute the Normalized Contradiction Degree (Equation (7)).

Hetr(k+1) = i +(2A2)ZF}

7. Present the current state of learning (Equation (10)).

HE(Kk+1)7 Hetr(k41)
8. Consider the condition
If pig(rp1) # 1 — Do pg(y1) = p2 and return to step 3
9. Stop

Figure 3 shows the symbol of the IPANCell, as well as the graphs with the curves
corresponding to the outputs (1)) that were obtained with 12 iterations of the pattern
u1 =1, with learning factor values adjusted to I =1, [ = 0.8, [ = 0.6, [r = 0.4, and Iy = 0.2.

Applied Discret Patterns
Patterns M,
Values

Input Signal p,

1.0 o o o 9 o e o o o o o

Paraconsistent
Analysis

T

A\ 4

Iteration
Numbers

Learned Patterns

Output Signal p .,

Hik+1)
1.0

0.9
0.8
0.7
0.6

Learning Factor
1:=0.2
IF= 0.4 ===

Hk+1)

0.5

0.4
0.3
0.2
0.1
0.0

1

2

3

4

5

1.=0.6
[;= 0.8 w—
[;=1.0 w—

Iteration

6 7 8 9 10 11 12  Numbers

Figure 3. Symbol of the [IPANCell and the graphs with the curves corresponding to the outputs
(#(k+1)), which were obtained with 12 iterations of the pattern yiy = 1 with Ip =1, I[p = 0.8, Ir = 0.6,
ZF =04, and ZF =0.2.
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It was verified that after repeatedly receiving its input, the value of the pattern
resulted in an ascending monotonic curve appearing, which demonstrates the cell’s learning
after the convergence in output p 1) = 1.0.

When the value of the learning factor is set to Ip = 1, the [PANCell will need more
steps (iterations) to complete a training; in this case, it is characterized as a natural learning
capacity [6].

Convergence for patterns of values between 0 and 1 only happens for the learning
factor set in Ip = 1. With the learning factor set to [r = 1, and by applying its input y; to
the value of 0 repeatedly, a descending monotonic curve appears that demonstrates the
unlearning of the cell when the convergence reaches in output (1) = 0.0 [6].

Table 2 shows the values obtained in the simulation of an [PANCell with the learning
factor set at Ir = 1 in the sequential application of five patterns with different values.

Table 2. Values in the output (3/(.1)) of the Paraconsistent Artificial Neural Cell of Learning (/PANCell)
model, adjusted with /g =1 in the sequential application of five patterns of different values, with 10
iterations each [6].

Pattern 1 Hk+1) Pattern 2 Hk+1) Pattern 3 Hk+1) Pattern 4 Hk+1) Pattern 5 Hk+1)
M1 0 0.5 M1 1 0.50048828 M1 0.4 0.6995122 1 0.8 0.60029249 M1 1 0.89980497
125} 0 0.25 1253 1 0.75024414 1253 0.4 0.5497561 1253 0.8 0.70014625 1253 1 0.94990249
U3 0 0.125 U3 1 0.87512207 U3 0.4 0.47487805 U3 0.8 0.75007312 U3 1 0.97495124
[ 0 0.0625 U 1 0.93756104 [ 0.4 0.43743902 jm 0.8 0.77503656 Uy 1 0.98747562
Us 0 0.03125 Us 1 0.96878052 Us 0.4 0.41871951 Us 0.8 0.78751828 Us 1 0.99373781
Ue 0 0.015625 Ue 1 0.98439026 Ue 0.4 0.40935976 Ue 0.8 0.79375914 He 1 0.99686891
Uz 0 0.0078125 Uz 1 0.99219513 Uz 0.4 0.40467988 Uz 0.8 0.79687957 Uz 1 0.99843445
Us 0 0.0039062 Us 1 0.99609756 Us 04 0.40233994 Us 0.8 0.79843979 Us 1 0.99921723
Uy 0 0.0019531 Uy 1 0.99804878 Uy 0.4 0.40116997 Uy 0.8 0.79921989 Ho 1 0.99960861
H10 0 0.0009765 H10 1 0.99902439 H10 0.4 0.40058498 H10 0.8 0.79960995 H10 1 0.99980431
The test was conducted with 10 iterations each.
Figure 4 shows the values obtained in the form of graphs [4,7,13].
" Applied leanerd L
Patterns  Patterns  pioo ot patterns Learned Patterns
Values
Values M, —o T
Hn Hik+1)

1.0 1.0

0.9 0.9

0.8 0.8

0.7 0.7

0.6 0.6

0.5 0.5

0.4 0.4

0.3 0.3

0.2 0.2

0.1 0.1 | i

0.0 0.0 - ¢seeoePW G N A I, Iteration

12345678 91011121314151617181920212223242526272829303132353343536373835404142434445464748435051. N b
i umbers
Applied Applied Applied Applied Applied
e Pattern Pattern [ | Pattern | Patten 1 Pattern
u=0.0 p=1.0 u=0.4 p=0.8 p=1.0

10 iterations 10 iterations | 10 iterations | 10 iterations 10 iterations

Figure 4. Answers in the form of graphs of the Paraconsistent Artificial Neural Cell of Learning
(IPANCell), adjusted with I = 1 in the sequential application of 5 patterns with different values, with
10 iterations each.
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When the Ip value is other than 1, the output will not converge to the input pattern
value if the ul pattern is different from 1. In this case, adaptations must be made to the
input values with a compensation in the output values [13].

3.2. IPANnet—Paraconsistent Artificial Neural Network

The IPANCell model can be interconnected and can form different configurations of
a paraconsistent artificial neural network for the purposes of an analysis of information
signals that are formatted into degrees of evidence.

As seen in [13], it is possible to build a configuration of IPANCells that are intercon-
nected in a cascade, and where the output of the first IPANCell (1)) is the same pattern
applied to the second, etc. In this case, the pattern applied to the first [PANCell will have a
response that is twice as fast as the second [PANCell, etc.

Figure 5a shows a structure of an /[PANnet composed of four IPANCells that were
configured in a cascade. Simulations were carried out where, initially, applications of
Pattern 31 = 0 were made in the first [IPANCell; these consisted of an unlearning process
and, soon after, pattern 1 = 1 was applied for 12 iterations.

PANnet
Applied
Pattern 1 Pattern 2 Pattern 3 Pattern 4
M=1 Ho= Heky) Ha= He(o) Hs= Heka)
= o] o] i
IPANCell 1 IPANCell 2 IPANCell 3 IPANCell 4
N
/ T T T
= Wan A / N
f t f AW f t f t
: 1 1 1
Megia) Hez) He(ks) He(ka)

Leanerd Patterns
Values W,

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

(a)

Applied Pattern p,=1 in PANCell1 only

Learned Patterns

PANCell2 ;) =l
PANCell3 s,

PANCelld  |yy) melpem

Iteration

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
Numbers

(b)

Figure 5. Structure of the Paraconsistent Artificial Neural Network with [PANCells interconnected in
a cascade. (a) [IPANnet configuration with cascading learning cells. (b) Graphical results obtained
from the patterns learned in the outputs of the four [IPANCells.

The values shown in Table 3 refer to the results obtained from the four outputs of the
IPANCell that make up the configuration [6,7,13].
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Table 3. Values of the results obtained in the training process of the configuration with four IPANCells
interconnected in a cascade, as shown in Figure 5a.

Pattern 1y, Hkn1) = Pattern 2 p,0) = Pattern 3 p,,3) = Pattern 4 M (knd)
M 0 0 0 0 0
U2 1 0.5 0.25 0.125 0.0625
U3 1 0.75 0.5 0.3125 0.1875
Ha 1 0.875 0.6875 0.5 0.34375
Us 1 0.9375 0.84375 0.671875 0.507813
Ue 1 0.96875 0.90625 0.789063 0.648438
Uy 1 0.984375 0.945313 0.867188 0.757813
Us 1 0.9921875 0.96875 0.917969 0.837891
U9 1 0.99609375 0.982422 0.950195 0.894043
110 1 0.99804688 0.990234 0.970215 0.932129
K 1 0.99902344 0.994629 0.982422 0.957275
H12 1 0.99951172 0.99707 0.989746 0.973511

Figure 5b shows the results, in graph form, that were obtained in the learning process
of the IPANnet configuration in 12 iterations.

4. Materials and Methods

In this work, the IPANCell algorithm was implemented, with non-classical logic charac-
teristics, in a Programmable Controller (PC) in the form of a functional block ((PANC_BLK)
to be used in the control device of a linear Cartesian robot (gantry robot). The program-
ming of the function block followed IEC 61131-3 standards [54], which aim to standardize
programming languages and its structure in programmable controllers.

4.1. Functional Block (IPANC_BLK)

In the construction of the function block ([PANC_BLK) that was based on the learning
Paraconsistent Artificial Neural Cell algorithm (/JPANCell), the Programmable Controller
(PC) from the manufacturer SIEMENS model S7-1500 was used. The program was devel-
oped using SIEMENS (TIA Portal)-Totally Integrated Automation Portal software [55].

The internal programming of the function block (IPANC_BLK) was carried out based
on the IPANCell algorithm, in which the Ladder language was chosen due to its wide use
by professionals in the industrial automation area.

Figure 6 shows the [IPANC_BLK symbol that was built based on the IEC 61131-3
standard [54] and the corresponding nomenclatures between the function block and the
IPANCell symbol.

To the left of the IPANC_BLK block are the inputs: EN (enable), input pattern ul,
learning factor I, reset signal, and refresh signal. The output variables, which are located
to the right of the block, are ENO (enable output), degree of the evidence of the output
(uE), and signaling signal (uE_Signaled). To provide a better analysis of the behavior of
the IPANC_BLK block, the values of IF, ul, and uE were normalized in the range between
0 and 100. Therefore, these three values were proportional to the normalized values of
IPANCell, which is between 0 and 1.

The function of the input and output variables of IPANC_BLK are described below:

(@) EN:Enable the block when its logic level is 1;

(b) uy: Input pattern to be learned by [IPANC_BLK in the range 0 to 100;

(c) IF: Learning factor that corresponds to an adjustment of how quickly the cell will
learn the input pattern—adjusted in the range of 0 to 100;

(d) Reset: Restart the block, assigning the value 50 to the output yr.
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Figure 6. Symbol of IPANC_BLK function block and the corresponding nomenclatures used with the
IPANCell symbol.

The IPANC_BLK block, when receiving a pulse on the reset input, generates at its
output uE the value 50, which corresponds to the value 0.5 in the [PANCell algorithm. The
cell is then ready to start learning (or unlearning).

(e) Refresh: Updates the input pattern after receiving a pulse at logic level 1;

(f) ENO: Provides logic level 1 when block is active;

(g) uE: Evidence degree, which corresponds to the block output in the range of 0 to 100;
(h) uE_Signaled: Signaling with a value of 100 when the block ends learning (or unlearning).

4.2. Linear Cartesian Robot and Pneumatic Machine Tool

The IPANC_BLK block was installed in the Programmable Controller (PC) of a linear
Cartesian robot (gantry robot), which operates in a pneumatic machine tool whose task is
to move metal workpieces in an industrial system [46,47,55].

The structure of the linear Cartesian Robot (gantry robot) composing the pneumatic
machine tool is shown in Figure 7.

We can see in Figure 7 that the pneumatic machine tool consists of a double-acting
rodless cylinder structure (1), whereby the gantry mounts a sliding crossbar to trigger the
movements that are performed on the X axis. In addition, a double-acting rodless cylinder
is fixed to the previous cylinder (2), which has the function of driving the support assembly
that moves on the Y axis, which is where a gripping device is coupled with magnetic
workpieces that are driven by a hollow through-rod cylinder with a suction cup (3). This
suction cup’s function is to move two linear transducers X and Y (4) along the Z axis, as
well as to operate an electropneumatic valve block (5), an air-compressed unit (6), and a set
of terminals (7) for the electrical control interface.
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Figure 7. Linear Cartesian robot (gantry robot) acting on a pneumatic machine tool that has the task
of moving metal workpieces.

4.3. Practical Application—Forms of Activation and Control

In practice, the IPANnet computational structure (composed of [PANC_BLK functional
blocks) acts in an LfD process to teach trajectories (on the x and y axes) to a linear Cartesian
robot (gantry robot) to be able to work on moving rectangular metallic workpieces on the
table of an electropneumatic machine tool.

As shown in Figure 8, the machine contains a triangular table with dimensions
670 x 890 mm. This is where the metallic workpieces are moved through the action of
the linear Cartesian robot (gantry robot). The dimensions that are useful for delimiting
the trajectories x and y through which the linear Cartesian robot (gantry robot) works
are 500 x 700 mm. Therefore, the drive assembly of the linear Cartesian robot, which is
composed of the cylinder-driven sliding crossbar, can move in a 700 mm extension, which
is the table length, on the X-axis. In addition, the support carrying the magnetic gripper is
driven by another cylinder and can move 500 mm on the Y-axis. The magnetic workpiece
gripper device captures one metallic workpiece at a time and is capable of moving around
20 mm on the Z axis.

For the LfD process, the pneumatic machine tool has a manual push button (joystick),
a programmable controller (PC), two displacement transducers, a flag device (5), and other
support devices, as shown in Figure 8. The electronic system composed of the PC and
electronic devices controls the movement of the workpiece magnetic gripping device from
a determined point as the origin (Xo, Yp) to the place of deposition of the workpieces, which
is stipulated as the objective point of the trajectory (X(target), Y (Target))- TWoO transducers
measure the distances traveled in moving the slider bar (X-axis transducer) and moving
the workpiece magnetic gripping device support (Y-axis transducer).

The pushbutton (joystick) has movements on the XYZ axes, and its activation can occur
manually through a remote control. The program inserted in the Programmable Controller
(PC) was made in such a way that when putting the system into manual operation the
IPANC_BLK Block will enter the learning mode.



Robotics 2023, 12, 69

16 of 28

H Trained Cell
Signalin
Auto/Manual & & Pneumatic Valve
-i‘_ Bank

o0

/

e,

-~
.

Manual
Activation
Teleoperation

Control and monitoring . R

interface

é_,

PANnet

0 a 10 volts i

Transducer 1 — —
0 a 10 volts r—l—s Ny
Transducer 2

Figure 8. The linear Cartesian robot drive control system used in the process of moving metallic
workpieces.

4.4. Paraconsistent Artificial Neural Network (IPANnet) Configured with IPANC_BLK Blocks

In the Programmable Controller, a program was installed that forms a structure
composed of a set of 8 IPANC_BLK blocks forming a Paraconsistent Artificial Neural
Network (IPANnet) that will operate in the LfD process.

Figure 9 shows the configuration of the IPANCells that were formed through the
IPANC_BLK blocks.

Each group of 4 IPANC_BLK blocks interconnected in a cascade will be trained separately.

The first group (/IPANnet Y) receives the pattern from the Y transducer and learns the
trajectory demonstrated by teleoperation on the y-axis.

The second group (IPANnet X) receives the pattern from the X transducer and learns
the trajectory demonstrated by teleoperation on the x-axis.

The imitation step can be conducted by choosing one of the 16 possible trajectories in
the x and y axes, established by the transition states (Xn, Yn) that are represented by the
output values of the second group (IPANnet X) and first group (IPANnet Y), respectively.

The I values of each [PANCell and the composition of the computational structure that
make up the [IPANnet allow for obtaining trajectory adjustments, as well as obtaining the
velocities linked to the transition period of the states, thus resulting in linear or non-linear
trajectories.
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Figure 9. Structure of the Paraconsistent Artificial Neural Network that was applied in a learning
from demonstration (LfD) framework to the linear Cartesian robot, with possibilities to select up to
16 trajectories in the x and y axes.

4.4.1. Planning

In this work, due to the characteristics of the machine tool, the trajectories were
planned as shown below.

X-axis trajectory: start Xo = 0 mm
Y-axis trajectory: start Yy = 0 mm

finish X targety = 700 mm
finish Y(Target) =500 mm

If the learning factor is set to Iz = 1, then 12 iterations are required for a complete
learning of (1) = 1.

The advance corresponds to the resulting degrees of evidence and, in this way, the
trajectory of the movement is fulfilled through the variations in the transition states. The Ir
adjustment values will influence the trajectory behavior where advances will be greater at
the beginning and will then decrease at the end of learning.

The training process was carried out with the button selected in manual mode (teleop-
eration).

Although the learning was estimated to be completed after 10 iterations, the occurrence
of interferences in learning can lead to more iterations being necessary for the output of
IPANC_BLK to better indicate the completed learning value. Thus, the system was adjusted
so that, after the necessary iterations, the IPANC_BLK indicated the maximum value of
H(k+1) = 1 with the “Trained Cell” signal. After this signal, the linear Cartesian robot, which
drives the machine tool, was available for the “Imitation” step, where the system works
without operator intervention.
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The “Demonstration Step” was performed in two stages:

1. Learning from demonstration on the x-axis determining the trajectory gx = X Targety — Xo;
2. Learning from demonstration on the y-axis determining the trajectory gy = Y (Targety — Yo

This makes the linear Cartesian robot activate the support assembly where the mag-
netic workpiece gripper device is attached, which fulfills the moving of the workpieces in
the trajectory that was established by the learning of advances in both axes.

4.4.2. Learning Stage (Teleoperation)

(a) First gx trajectory—Advance of the pneumatic cylinder on the x axis

In possession of the button (joystick), the Tutor activates the machine tool (Learner) n
times, causing the support with the magnetic grabber to capture the metallic workpiece at
point Xg and to move it to the indicated point X(arger). With the movement of the magnetic
grabber, the displacement transducer on the x axis brings the information of the cylinder
advance in the form of an evidence degree (a value between 0 and 1), which is applied in
the cells that are implemented in the JPANC_BLK x blocks.

In this step, the first [IPANCell cell programmed in the [PANC_BLK x1 block learns the
pattern corresponding to the advance distance of the trajectory gx, so its output after each
iteration will present a value corresponding to the advance distance gx = X(targety — Xo. In
complete learning, the value at the outputs of all 4 [PANCells will be maximum p(jcsnyxn = 1
that corresponds to the maximum permissible advance on the machine tool table (700 mm).

(b) Second gy trajectory—Advance of the pneumatic cylinder on the y axis

The Tutor activates the machine tool (Learner) n times causing the magnetic gripper to
capture the metallic workpiece at point Yy and move it to the indicated point Y (rarger)- With
the movement of the magnetic grabber, the displacement transducer on the y axis brings
the information of the cylinder advance in the form of evidence degree (value between 0
and 1) that is applied in the cells implemented in the IPANC_BLK y blocks. In complete
learning, the value at the outputs of all 4 IPANCells will be a maximum i nyyn = 1, which
corresponds to the maximum permissible advance on the machine tool table (500 mm).

Completing the procedures to IPANnet, which comprises the 4 [IPANC_BLK x blocks
and the 4 PANC_BLK y blocks, results in the 16 possible coordinates of the trajectories that
were learned via LfD to be stored in robot’s outputs. The signal that the learning has been
completed (uE_Signaled) is generated by the IPANC_BLK network and makes it such that
the procedures for moving the metallic workpieces are activated.

4.4.3. Imitation Step

After the information in the outputs (/(41)) of the [PANC_BLK function blocks indicate
that the learning by demonstration of the gx and gy trajectories has been completed, the
machine tool control system is activated and is responsible for activating the mobile device
with a magnetic grabber.

With the 4 IPANC_BLK x blocks that store the transition states in the x axis and the 4
IPANC_BLK vy blocks that store transition states in the y axis, it is possible to configure a
linear Cartesian robot actuation with 16 different trajectories.

5. Results and Discussion

In this work, the [IPANCells were arranged in a cascade forming two groups that
compose the Paraconsistent Artificial Neural Network (/IPANnet). This type of configuration
allows 16 different trajectories to be obtained, where the transition states are represented
by the values (X;,Yn) of the outputs of the [PANCells that were programmed in the form of
the functional IPANC_BLK x and /[PANC_BLK y blocks.

For this study, the 16 possible trajectories were classified into four types considering
their linearity:
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1. Linear trajectories (gln), which are obtained at the outputs (#gw21)x, HEK11)y), (HEK22)x/
HEK12)y) (HE®23)x, HEK13)y), and (MEg4)x, HEK14)y))

2. Non-linear trajectories that have a higher level of slope (gnlh), which are those ob-
tained at the outputs (ugoa)x, HEKI1)y) and (HEK21)x HE(K14)y);

3. Non-linear trajectories that present a medium level of non-linearity (gnlm), which are
those obtained at the outputs (123 HEK11)y), (HEK24)x, HEK12)y), (HEM22)x HE(K14)y)
and (ME@x21)x, HEK13)y):

4. Non-linear trajectories that have a low level of non-linearity (gnll), which are those ob-
tained at the outputs (1gxo2)x, HEK11)y), (HEM23)x HEK12)y), (HEM24)x HEK13)y), (HE®K21)x/
HEK12)y), (HE®22)xs HE®K13)y) and (HE@x23)x, HE(K14)y)-

5.1. Learning Stage Results—Demonstration by Simulation

Initially, the structure that forms the [PANnet shown in Figure 9 was simulated to
obtain the possible trajectories that could be learned by the linear Cartesian robot that
acts on the machine tool. In the simulations of the [PANnet x and /PANnet y groups, the
values of the patterns were applied directly to the input of the first cell programmed in
the [IPANC_BLK 1 function block. Initially, the pattern 31 = 0 was applied until all outputs
indicated zero (p 1) = 0). Then, after applying 11 iterations of the unit pattern (1 = 1), the
final condition of completed learning was considered.

Table 4 contains the values obtained in the learning process through simulation, and
the outputs of all [IPANC_BLK x and IPANC_BLK y blocks that make up the [IPANnet are
shown in Figure 9.

Table 4. Values obtained through simulation of the outputs from the JPANC_BLK x and /[PANC_BLK
y blocks that make up the IPANCnet that are shown in Figure 9.

Simulation Results—x-Axis (X(y)—IPANC_BLK x Simulation Results—y-Axis (Yo)—IPANC_BLK y

HE@21)x HEWK22)x HEK23)x HE@29)x HEGaDy HEK12)y HE®13)y HE(19)y
M1 0 0 0 0 0 0 0 0
U 0.5000000 0.250000 0.12500 0.062500 0.5000000 0.250000 0.125000 0.062500
U3 0.7500000 0.500000 0.31250 0.187500 0.7500000 0.500000 0.312500 0.187500
Ua 0.8750000 0.687500 0.50000 0.343750 0.8750000 0.687500 0.500000 0.343750
Us 0.9375000 0.843750 0.671875 0.507813 0.9375000 0.843750 0.671875 0.507813
Ue 0.9687500 0.906250 0.789063 0.648438 0.9687500 0.906250 0.789063 0.648438
Uy 0.9843750 0.945313 0.867188 0.757813 0.9843750 0.945313 0.867188 0.757813
Us 0.9921875 0.968750 0.917969 0.837891 0.9921875 0.968750 0.917969 0.837891
Uo 0.99609375 0.982422 0.950195 0.894043 0.99609375 0.982422 0.950195 0.894043
H10 0.99804688 0.990234 0.970215 0.932129 0.99804688 0.990234 0.970215 0.932129
H11 0.99902344 0.994629 0.982422 0.957275 0.99902344 0.994629 0.982422 0.957275
H12 0.99951172 0.997070 0.989746 0.973511 0.99951172 0.997070 0.989746 0.973511

These values from Table 4, which were obtained by simulation, will be compared to
the values obtained in practice, as shown below.

5.2. Learning Stage Results—Demonstration by Teleoperation

In the procedures performed for learning, the blocks were initially activated by teleop-
eration with a pattern of 0 in the first [PANCell until all outputs resulted in zero (p 41y = 0).
Then, through the button (joystick), the control system was manually activated n times
to move the sliding crossbar cylinder along the length of the table in the x axis until the
“learning completed” signal.

The patterns values applied to the input of the first cell programmed in /[PANC_BLK
1x function block were obtained from the x-axis transducer. After the learning procedure
for the x-axis, the cylinder of the mobile device movement with a magnetic grip on the
y-axis was manually activated through the button (joystick) until the “learning completed”
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signal occurred. The patterns values applied to the input of the first cell programmed in
IPANC_BLK 1y function block were obtained from the y-axis transducer.

Table 5 contains the values obtained in the learning process through teleoperation, and
in the outputs of all IPANC_BLK x and IPANC_BLK y blocks that make up the [IPANnet
shown in Figure 9.

Table 5. Values obtained through teleoperation in the outputs of the [IPANC_BLK x and [PANC_BLK
y blocks that make up the IPANnet shown in Figure 9.

Teleoperation Results—x-Axis (Xo)—I/PANC_BLK x Teleoperation Results—y-Axis (Yo)—IPANC_BLK y

HE@21)x HEK22)x HE23)x HE(24)x HEK11Dy HEK12)y HE®K13)y HEK19)y
M1 0 0 0 0 0 0 0 0
72 0.500000 0.250000 0.125000 0.062500 0.500000 0.250000 0.125000 0.062500
U3 0.750000 0.500000 0.312500 0.187500 0.740000 0.495000 0.310000 0.186250
Ha 0.875000 0.687500 0.500000 0.343750 0.852000 0.673500 0.491750 0.339000
Us 0.937500 0.843750 0.671875 0.507813 0.933500 0.836750 0.664250 0.501625
He 0.968750 0.906250 0.789063 0.648438 0.978750 0.907750 0.786000 0.643813
M7 0.984375 0.945313 0.867188 0.757813 0.978375 0.943063 0.864531 0.754172
ys 0.9921875 0.968750 0.917969 0.837891 0.9821875 0.962625 0.913578 0.833875
Moy 0.9960938 0.982422 0.950195 0.894043 0.9940938 0.978359 0.945969 0.889922
#10 0.9980469 0.990234 0.970215 0.932129 0.9970469 0.987703 0.966836 0.928379
11 0.9990234 0.994629 0.982422 0.957275 0.9990234 0.993363 0.980100 0.954239
Hi2 0.99931172 0.996970 0.989696 0.973486 0.99981172 0.996587 0.988344 0.971291

Figure 10 shows the graphical results of the learning stage of the 4 different linear tra-
jectories learned by the Linear Cartesian robot of the machine tool. Trajectories represented
by the transition states obtained in the outputs of the following cells (Figure 9): (pg21)x,
HEGay), (HER22)x HEK12)y), (HEK23)x HEKI13)y), and (HEa2a)x HEK19)Y)-

It can be seen in Figure 10 that, although the trajectories a, b, ¢, and d are linear, there
are fundamental differences in the distances of their transition states. This indicates that
each path has a different velocity.

Figure 11 shows the graphical results of the learning stage of the two different non-
linear trajectories that have a higher level of slope. The trajectories learned by the linear
Cartesian robot of the machine tool are represented by the transition states obtained in the
outputs of the cells (Figure 9): (ppaea)x, PEK1DY) a0d (HE®2DX HEK12)Y)-

Figure 12 shows the graphic results of the learning stage of the four different non-linear
trajectories that have a medium level of slope. The trajectories learnt by the linear Cartesian
robot of the machine tool are represented by the transition states obtained in the outputs of
the following cells (Figure 9): (#ga23)x, HE®11Y), (HEK22)% HEKI19)Y), (HEG24)x PEK12)y), and

(HEG2DX HEK13)y)-
Note, in Figure 12, that although the non-linear trajectories b and d are similar, there

are fundamental differences in the distances of their transition states. This indicates that
each trajectory has different velocities and accelerations.

Figure 13 shows the graphic results of the learning stage of the six different non-linear
trajectories that have a low level of slope. The trajectories learned by the linear Cartesian
robot of the machine tool are represented by the transition states obtained in the outputs
of the following cells (Figure 9): (ME22)x, HEKIDY), (HE®22x HEK13)y), (HEG29)x PEKI3)Y),

(HE®21x: PEK12)Y), (HEK23)x PEK12)y), and (BE®K23)x, PEK19)y)-
Note, in Figure 13, that the nonlinear trajectories exhibit fundamental differences in

the distances of their transition states. This indicates that each trajectory has different
velocities and accelerations.
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Figure 10. The graphic results of the linear Cartesian robot learning the linear trajectories. (a) Tran-
sition states (#px21x #EK1DYy)- (b) Transition states (#Ea2)x, #EK12)y)- (€) Transition states (upa23)x/
MEK13)y)- (d) Transition states (#Ex2d)x. HEX14)y)-
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Figure 11. The graphic results of the linear Cartesian robot learning the non-linear trajectories with a
higher level of slope. (a) Transition states (#gk2a)x, HEaa1)y)- (b) Transition states (#ewa2)x, HEa2)y)-
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Figure 12. The graphic results of the linear Cartesian robot learning the non-linear trajectories with a
medium level of slope. (a) Transition states (#Ew23)x #E®11)y)- (b) Transition states (up22)x, #EK12)y)-
(c) Transition states (#pq4)x, PEK12)y)- (d) Transition states (#gae1)x, HEK13)y)-

5.3. Imitation Step—Results

After the teleoperation learning stage, the linear Cartesian robot receives the signal
(uE_Signaled) warning that the imitation action is available. In this imitation stage, the
x and y axis transducers allow real-time monitoring. Therefore, in the operation of the
machine tool moving the workpieces, the transducers provide information about the real-
time trajectory that is being developed by the linear Cartesian robot.

Figure 14 shows the graphic results of the imitation stage that was performed by the
linear Cartesian robot in a test on the gpn1 (#gw2a)x, PEK1)Y) trajectory, which was classified
as the one with the highest level of nonlinearity.

Figure 15 shows the practical results compared to the simulated results.

As the graphs show in Figures 10-13, the trajectories not only differ in linearity levels,
but are also different in their relation to the distances between the transition states. This
variation between the distances of the transition states in the trajectories indicates that the
parameters of velocity and acceleration are intrinsic to the results. However, in this work,
where the tests were performed in a linear Cartesian robot driven by pneumatic energy,
these parameters were not possible to analyze.
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Figure 13. The graphic results of the linear Cartesian robot learning the non-linear trajectories with
a low level of slope. (a) Transition states (#gw22)x, PEG1Dy)- (b) Transition states (#Ex22)x, HEK13)y)-
(c) Transition states (#gu2a)x, PEK13)y)- (d)Transition states (#guaix, #EK12y)- () Transition states
(ME@23)x- HE®K12)y)- (F) Transition states (#p23)x, #EK19)y)-
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Figure 14. The graphic results of the imitation step after the linear Cartesian robot having learnt
the trajectory (#E2nx, #E14)y) With the highest level of nonlinearity. (a) Y-axis trajectory—pg1a)y
output learnt via simulation. (b) Y-axis trajectory—pg14)y output learnt via teleoperation. (c) X-axis
trajectory—pg21)x learnt via simulation. (d) X-axis trajectory—pgoa1)x output learnt via teleoperation.

The graphic results of the teleoperation learning stage showed that the linear Carte-
sian robot presented behaviors that were very close to the ideal results obtained by the
simulation.

The graphical results shown in Figures 14 and 15 indicate that, when learning the
trajectory via teleoperation, a recognition problem occurred in the first transition states.
This problem, presented in the learning stage, was reflected in the imitation stage. In
the example (Figure 15b), we can see that in the third transition state the simulated and
practical values are as follows:

Simulated Trajectory = (#px21x #EK14)y) = (0.75, 0.1875);
Practical Trajectory = (pgwanx, #E®K14)y) = (0.75, 0.3090).

When considering the simulated trajectory to be ideal, there is a maximum error of
64.8% in the practical trajectory toward the y axis. However, it appears that, both in the
learning and imitation stage, the linear Cartesian robot showed that it has the conditions
required to recover the ideal trajectory; this shows a robustness in the LfD process to
disturbances that are carried out by the [IPANCells being implemented in this type of
configuration.
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Figure 15. The graphic practical results compared to the simulated results. (a) Trajectory with the x
and y axes—outputs of the transition states (#gu21)x #EK14)y) l€amnt via teleoperation. (b) Comparison
between the trajectory learnt via teleoperation and the trajectory learnt via simulation.

6. Conclusions

In this article, we present a way of applying Paraconsistent Logic to the method
of learning by demonstration (LfD). Research on the LfD method has been developed
with the objective of making a machine perform new tasks by imitating procedures that
are presented to it, without the need for reconfiguration or for a reprogramming of its
software. Paraconsistent Logic (PL) is non-classical logic that is capable of processing
data with contradictory information. As shown in this work, algorithms that are built
based on Paraconsistent Annotated Logic (PAL), which is an extension of PL, can open up
promising paths in this area of knowledge. In this research, we used the Paraconsistent
Artificial Neural Cell of Learning (IPANCell) algorithm, which responds well to learning
normalized patterns that have values between 0 and 1 being applied repeatedly to its
input function. Thus, through recurrence techniques, IPANCell is able to gradually store
this information, thus presenting signals with asymptotic variation as an output response,
which are controlled by an adjustment of a learning factor (/r). For the application of the
LfD technique with PAL, an implementation of the [PANCell algorithm was made in a
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Programmable Controller (PC) in the form of a functional block called [IPANC_BLK, which
was available in a virtual library according to the IEC 61131-3 standard. The modularity
of the IPANC_BLK functional block guarantees that it can be used in the formation of
configurations that form Paraconsistent Artificial Neural Networks (/[PANnet), which are
used in industrial automation projects that involve Programmable Controllers. The practical
results were obtained with several tests being carried out to validate the operation of a
IPANCell operating in a network structure composed of 8 [IPANCells that were acting in a
learning from demonstration (LfD) process. The LfD method, with the proposed IPANCnet
configuration, was tested in a linear Cartesian robot, which worked as a machine tool for
moving metallic workpieces. The [IPANnet paraconsistent structure dedicated to “Learning”
and “Imitation” was divided into two sets of four functional blocks each: where one acts
in the learning process of linear Cartesian robot on the x-axis, and the other acts in the
learning process of linear Cartesian robot on the y axis. The LfD technique presented in
this work was the learning by teleoperation variant, where, at the end of the procedures,
transition states (Xn, Yn) for 16 trajectories of different linearity levels were created. The
results obtained in the various tests carried out showed that the [IPANnet configuration built
with [IPANC_BLK blocks is very efficient and responds adequately to all steps of the LfD
process. This indicates that the IPANnet paraconsistent structure is able to provide learning
dynamic properties; further, it has a robustness to disturbances that can be monitored in
real time, both in the learning process by demonstration and in the imitation process. Based
on the results obtained in this work, new studies will be conducted by applying other
different configurations with paraconsistent neural networks (IPANnet) in the LfD process,
thus covering more complex dynamic systems that are used in industrial plants and in the
areas of robotics.
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