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Data and Relationship Representation
In Contemporary Computer Systems

Do we store data and relationships efficiently?



http://home.agh.edu.pl/~horzyk/index-eng.php

A\

Fundamental Questions @
N
The development of Artificial Intelligence and Computational Intelligence
depends on the ability to answer a few fundamental questions like:

Whatis it intelligence?

* How does intelligence work inside our brains?
* How is knowledge represented in our brains?

* How does intelligence use knowledge and
how is knowledge extended by intelligence?

* How do we learn the world?
* How objects and their features and relationships are represented in our brains?
* How do biological neurons work and how do they connect?

* If biological brains have no hyperparameters, no designers, and no supervision
in the learning process, how do they develop connections and adapt weights?

*  What is undiscovered and unused in Cl and Al systems?

* How can we use brain structures and processes
to develop artificial intelligence and
improve algorithms of computational intelligence?
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Data

Data is a collections of numbers, signs,
symbols, signals, stimuli, physical or
empirical measures, and raw entities

that describe various objects or actions,

e.g.: 36.6°C, T, $, ¢, 25cm, !

24 o

Unrelated data are not useful because
data take on the meaning when related.

Data might be raw, inconsistent,
unorganized...

They usually describe facts
and carries information.
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Are Data Tables Convenient? A\ @

In computer science, we mostly use tables K
to store, organize, and manage data,

ATTRIBUTES

SAMPLE | SEPAL | SEPAL | PETAL | PETAL CLASS

OBJECTS |LENGTH| WIDTH JLENGTH| WIDTH LABEL
o1 5.4 3.04 4.5 1.5 4 |Versicolor
02 6.3 3.3 4.7 1.6 Versicolor
03 6.0 4 2.7 5.1 1.6 Versicolor

04 6.7 3.0 X 5.0 1.7 Versicolor

o5 6.0 ) 2.2 5.0 1.5 Y | virginica
06 5.9 3.2 4.8 1.8 Versicolor
07 6.0Y 3.0 4.8 1.8 Virginica
(8 }:] 5.7 2.5 5.0 2.0 Virginica

09 6.5 3.2 5.1 2.0 Virginica

but common vertical relations like identity, similarity,
neighborhood, minima, maxima, number of duplicates
must be searched for if desired or required.

@t\ The more data we have, a greater loss of time loss we /ﬁ
get when we must search for such relationships! ////
S
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Relationships

Relationships are various way
iIn which two or more people or things
(data and objects) are connected.

Relationship (relation) can typically
be of different strengths which usually
come from the frequency of occurrence.

Often relationships are a goal of
our reasoning or computations,
S0 in computer science, especially
In computational intelligence,
we search for various relationships,
e.g., belonging to the classes or
establishing how data are related to
allow desired predictions or
find similar groups of them.
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Relational Databases

Relational databases relate stored data only horizontally, not vertically, so
we still have to search for duplicates, neighbor or similar values and objects.

Nurses NurseRoom Rooms Patients DoctorPatient Doctors
] - 1 -
¥ Nurse ID £ ¥ 1D Nurse f ¥ Room ID L ¥ Social Security No ;\ ? ID Doctor —_—— ¥ Doctor ID
% ID Room — Number of Beds First Name 2| 7 1D Patient
3 ame —— Type Last Name Last Name
Seniority |

Blood Group J Seniority |
i Age " Specialization
ID Room /
|j Nurses |j Doctors
Nurse ID ~ First Name - | Last Name - | Seniority ~ DoctorID - FirstName - | LastName - Seniority - | Specialization -

+ N1 12 + D1 Tom (Hanks 18 orthopedics

— — F 3

¥ N2 18 + D2 Jack 15

# N3 E£ Lisa Ford 23 pediatrician

# N4 Trump 35 pediatrician

% NS smith _y 7

# N6 (Hanks 12 i

Data are not perfectly related even horizontally, and many duplicates of
the same categories occur in various tables which are not related anyhow.
In result, we need to lose a lot of resources and computational time to search
for necessary data relationships to compute results or make conclusions.

Is it wise to lose the majority of the computational
time for searching for data relationships?! /%/ ,
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Biological Neurons and Brains

Biological neurons and brains:

* do not only calculate weighted sums, while the synaptic and neuronal
processes are much more complex and temporal,

 do not use non-linear activation functions as artificial neurons,
* do not use gradient descent algorithm to adapt weights,
» work in time parallelly (synchronously and asynchronously),

* process and store representation of data temporarily,

* do not use simple weights, thresholds and other
trainable parameters used in computational intelligence,

* don’t use supervision in the sense of computational intelligence, |

* automatically represent data and their relationships, » 1 /%
* automatically form knowledge on their basis, \Vp
* automatically generalize about the data and relationships, 3

@t\- enable the development of our intelligence, which is still out of /}
the reach of artificial intelligence and computational intelligence.
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Biological Neural Structures

https://physoc.onlinelibrary.wiley.com/doi/10.1113/EP085776
https://www.axolbio.com/page/neural-progenitor-cells-and-neurons
https://www.nytimes.com/2021/02/11/science/neanderthal-brain-or

Biological neural structures:

* are not so well structured as artificial (deep)
neural networks were everything is put into

layers of neurons of different kinds.

are complex graph structures of neurons
with sparse connection created dynamically
during the training process in time.
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Associative Graph Data Structures
(AGDS)

Can we create graph:structures which similarly

connect neurons and represent objects?
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f .;./// Associative Graph Data Structures W

ATTRIBUTES

SAMPLE
OBJECTS

SEPAL
LENGTH

SEPAL
WIDTH

PETAL
LENGTH

PETAL
WIDTH

CLASS
LABEL

01

54

3.04

4.5

1.54

Versicolor

02

6.3

33

4.7

1.6

Versicolor

03

6.0

2.1

51

1.6

Versicolor

04

6.7
Y

3.0

50

1.7

Versicolor

05

6.0 A

2.2

5.0

15’

Virginica

06

59

3.2

4.8

1.8

Versicolor

07

6.0

3.0

4.8

1.8

Virginica

08

5.7

2.5

5.0

2.0

Virginica

09

6.5

3.2

51

2.0

Virginica

(AGDS)

AGDS

X Attributes

\

Aggregated
apd Counted

01 02 03 04 05 06

ATTRIBUTES

Attributes

07

saHGHGsHED SHea

08

Values

09
Objects

5
Versicolor,

4
Virginica

\K\ AGDS allows us to represent any tabular data in the graph of connected /ﬁ/
nodes representing data, and connections representing relationships. 17 /
(/112

AN\
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A\

\é
Connections can represent various relations between AGDS

elements like similarity, proximity, neighborhood, definition etc.

AGDS Features

Aggregated
a‘nd Counted
< Values

1
3.2113.3

O1 02 03 04 05 06 o7 08 09

ATTRIBUTES

Objects

5 4
Versicolor Virginica
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N\
AGDS |

Associative Graph Data Structures consist of: K

» Nodes representing single-value data, ranges, subsets, objects,
clusters, classes etc.

» Edges representing various relations between nodes like similarity,
definition, sequence, neighborhood etc.

We can use it to represent any tabular data without any information
loss, i.e. the transformation of tables into AGDS structure is reversible,
so we can always transform the data back to the tabular structure.

This transformation enriches the set of directly represented
relationships between data stored in the transformed tables
in comparison to the directly represented relationships in tables.

They can be used for classification, clustering, predictions, search for
\i&\the missing values, outliers search, recommendations, etc. 7

_. \Q\ /,//// 14
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3 v Associative Transformation of Table A\

AGDS Construction Process K

SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS

OBJECTS |LENGTH| WIDTH [LENGTH| WIDTH | LABEL
o1 5.4 3.0 4.5 1.5 [Versicolor
02 6.3 3.3 4.7 1.6 |Versicolor|
03 6.0 2.7 5.1 1.6 [Versicolor
04 6.7 3.0 5.0 1.7 |Versicolor,
05 6.0 2.2 5.0 1.5 Virginica
06 5.9 3.2 4.8 1.8 |Versicolor,
o7 6.0 3.0 4.8 1.8 | Virginica
08 5.7 2.5 5.0 2.0 | Virginica
09 6.5 3.2 5.1 2.0 | Virginica

from the creation of an attributes node and the nodes representing labels of
the attributes. Labels of attributes will be linked to the unique attribute values
that will be sorted and counted during the insertion of next values.

S

The associative transformation process of a table into an AGDS structure starts

@ acps
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5

AGDS Construction Process \&

3’ v Associative Transformation of Table \\\\

SEPAL SEPAL
LENGTH WIDTH

AGDS

[DATASET] ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL CLASS I
OBJECTS |LENGTH| WIDTH | LENGTH| WIDTH | LABEL %)
5.4 3.0 4.5 1.5 [Versicolor L
02 6.3 3.3 4.7 1.6 [Versicolor| 5
03 6.0 2.7 5.1 1.6 |Versicolor] o
04 6.7 3.0 5.0 1.7 |Versicolor P_:
05 6.0 2.2 5.0 1.5 Virginica |<_(
06 5.9 3.2 4.8 1.8 |Versicolor|
o7 6.0 3.0 4.8 1.8 Virginica
08 5.7 2.5 5.0 2.0 Virginica
09 6.5 3.2 5.1 2.0 Virginica

Versicolor

CLASS

PETAL
WIDTH

To the previously created backbone structure, the first object (record, entity)
01 is added together with all defining features.
The features and the object are connected mutually and to the label nodes of /)

the attributes.
e
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value nodes

ATTRIBUTES

SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS
OBIJECTS |LENGTH| WIDTH |LENGTH| WIDTH | LABEL
01 5.4 3.0 4.5 1.5 |[Versicolor|
6.3 3.3 4.7 1.6 |Versicolor|
03 6.0 2.7 5.1 1.6 |Versicolor|
o4 6.7 3.0 5.0 1.7 [Versicolor|
05 6.0 2.2 5.0 1.5 | Virginica
06 5.9 3.2 4.8 1.8 [|Versicolor|
o7 6.0 3.0 4.8 1.8 | Virginica
08 5.7 2.5 5.0 2.0 Virginica
09 6.5 3.2 Virginica

—

The second object is added to the AGDS structure and all its defining features
are represented by values nodes that are connected to attribute labels,
this new object, and neighbor values nodes which were already in this structure. /ﬁ/

SEPAL SEPAL
LENGTH WIDTH

L

ek

L )p
Lt J 1

ATTRIBUTES [~

PETAL
LENGTH

\ersicolor

CLASS

y/A
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AGDS Construction Process

SEPAL
LENGTH

[DATASET] ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS |
OBJECTS |LENGTH| WIDTH |LENGTH| WIDTH | LABEL %
01 5.4 3.0 4.5 1.5 [Versicolor LU
02 6.3 3.3 4.7 1.6 [Versicolor '5 _pM[\P
6.0 2.7 5.1 1.6 |Versicolor] o —f)
04 6.7 3.0 5.0 1.7 |Versicolor i
05 6.0 2.2 5.0 1.5 | Virginica E
06 5.9 3.2 4.8 1.8 |Versicolor|
o7 6.0 3.0 4.8 1.8 | Virginica
08 57 25 5.0 2.0 | Virginica
09 6.5 3.2 5.1 2.0 | Virginica

Versicolor

PETAL
WIDTH CLASS

During the addition of the next object, we can notice that not all defining

features have created new values nodes (e.g. 1.6 of the petal width or Versicolor

of a class label) because some values had been already represented in this /ﬁ/
structure, so the duplicates (in blue) have been aggregated and counted. |

AN A
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5 :Q ” Associative Transformation of Table W Q

AGDS Construction Process \&

SEPAL
LENGTH

ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | cLAss |
OBJECTS |LENGTH | WIDTH [LENGTH| WIDTH | LABEL @
o1 5.4 3.0 4.5 1.5 [Versicolor L
02 6.3 3.3 4.7 1.6 |Versicolor '5
03 6.0 2.7 5.1 1.6 |Versicolo o
I - 3.0 5.0 1.7 |Versicolor i
05 6.0 2.2 5.0 1.5 | Virginica lz
06 5.9 3.2 4.8 1.8 |Versicolor
07 6.0 3.0 4.8 1.8 | Virginica
08 5.7 2.5 5.0 2.0 | Virginica =
09 6.5 3.2 5.1 2.0 | Virginica —_——

PETAL
WIDTH CLASS

The following object creates some new values nodes and uses two of the
existing values nodes, incrementing their counters of aggregated duplicates.
%\ The aggregation process of duplicates is very important from the knowledge /)
| representation point of view because it allows to draw deeper conclusions.
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': vl Associative Transformation of Table A\

£

SEPAL
LENGTH

ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS
OBJECTS [ LENGTH| WIDTH |LENGTH| WIDTH | LABEL
01 5.4 3.0 4.5 1.5 |Versicolor
02 6.3 3.3 4.7 1.6 |[Versicolor
03 6.0 2.7 5.1 1.6 |Versicolo
o4 6.7 3.0 5.0 1.7 [Versicolor|
G 60 | 22 | s0 | 15 |virginica
06 5.9 3.2 4.8 1.8 |Versicolor|
o7 6.0 3.0 4.8 1.8 Virginica L
08 5.7 2.5 5.0 2.0 Virginica =
09 6.5 3.2 5.1 2.0 | Virginica = = - - = > - — &

CLASS

Object 05 represents a different (new) class Virginica, so a new node

representing this class has been added. Notice, that symbolic (non-numerical)

values are not connected as numerical features that are always connected to f)

their neighbors and the connections are weighted. 17 |
e
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| "7 Associative Transformation of Table ' \ Q

AGDS Construction Process &

SEPAL
LENGTH

[DATASET] ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS ‘
OBJECTS |LENGTH| WIDTH [LENGTH| WIDTH | LABEL %
01 5.4 3.0 4.5 1.5 |Versicolor| L
02 6.3 3.3 4.7 1.6 [Versicolor| 5
03 6.0 2.7 5.1 1.6 |Versicolor m
04 6.7 3.0 5.0 17 |Versicolor i
05 6.0 22 5.0 1.5 | virginica b
DGR so | 32 [ a8 | 18 |versicolor
07 6.0 3.0 4.8 1.8 | virginica
o8 5.7 25 5.0 2.0 | Virginica
09 6.5 3.2 5.1 2.0 | Virginica

The more objects we add to this structure, the less number of new values nodes

are added when the transformed table (dataset) contains duplicates.

All object nodes connected to the mutually connected values nodes to other f)
object nodes automatically create indirect associations between such objects.
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| ’3‘ "” Associative Transformation of Table ' \ @
| AGDS Construction Process \&
AGDS

SEPAL
LENGTH

siHEaHG. 27 BoE2E3]
ATTRIBUTES *&Q ’/L/}/L

L] »\ '
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS ‘ e \—
OBJECTS | LENGTH| WIDTH | LENGTH| WIDTH | LABEL % ‘» 0”’4/
o1 54 | 30 | 45 | 1.5 |Vversicolor u ’m
02 6.3 3.3 4.7 1.6 |Versicolor| '5
03 6.0 2.7 5.1 1.6 |Versicolor E 01 m 06
04 6.7 3.0 5.0 1.7 |Versicolor|
05 6.0 2.2 5.0 1.5 | Virginica E \\\\\“é\ {" (
06 59 | 32 | 48 | 18 |Versicolor \\‘ N
G 6o | 30 | a8 | 1.8 |virginica X
o8 5.7 2.5 50 | 2.0 |Virginica =
09 6.5 3.2 51 | 2.0 |virginica

PETAL
WIDTH CLASS

In this case, object 07 is added without addition of any new values nodes

because all of them have been already added to this structure, so only new

connections to the existing nodes are added, and their counters of represented //

duplicates are incremented. It saves memory when there are many duplicates! 17
e



http://home.agh.edu.pl/~horzyk/index-eng.php
http://home.agh.edu.pl/~horzyk/index-eng.php

E 4 V4 Associative Transformation of Table N

AGDS Construction Process \;\g

SEPAL SEPAL
LENGTH WIDTH AG D S
1 1 3 1 1 1 3 1 1
5.7|ﬁ||ﬁ||ﬁ| 2.5|ﬁ||ﬁ||ﬁ||ﬁ|
[DATASET] ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | cLAsS
OBJECTS |LENGTH| WIDTH |LENGTH| WIDTH | LABEL T
01 5.4 3.0 4.5 1.5 |Versicolor| L
02 6.3 3.3 4.7 1.6 |Versicolor '5
03 6.0 2.7 5.1 1.6 |Versicolor| m o1 02 03 04 05 06 o7
04 6.7 3.0 5.0 1.7 |Versicolor i
05 6.0 2.2 5.0 1.5 | Virginica ':1
06 5.9 3.2 4.8 1.8 |Versicolor|
o7 6.0 3.0 4.8 1.8 | Virginica

H 57 | 25 | 50 | 20 |virginica
09 6.5 3.2 5.1 2.0 Virginica T 1 2 3 T 2 2 T 2 1 [ 5 1 (I 3 ]
[2.5 4.71M114.8 5.0]1(5.1 15 1.6 ]‘[ 1.7 ]‘[ 18| 2.0 [Versicolor]| [[Virginica]

; PETAL

LENGTH

Object 08 is also connected to the values node 5.0 which now defines three

objects (04, 05 and 08), so there is a visible similarity between these objects.
The similarity between objects 05 and 08 is bigger than between 04 and 08 //
because there is another shared feature (Virginica) between the first pair!
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+=="" Associative Transformation of Table ' \

AGDS Construction Process \;\g

SEPAL
LENGTH WIDTH AG D S
1 1 1 3 1 1 1 1 1 1 3 2 1
ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS
OBJECTS |LENGTH| WIDTH [LENGTH| WiDTH | LABEL @
01 5.4 3.0 4.5 1.5 |Versicolor| L
02 6.3 3.3 4.7 1.6 |Versicolor| '5
03 6.0 2.7 5.1 1.6 |Versicolor] 1] 01 02 03 04 05 06 o7 08
04 6.7 3.0 5.0 17 |Versicolor i
05 6.0 2.2 5.0 1.5 | Virginica E
06 5.9 3.2 4.8 1.8 [Versicolor|
07 6.0 3.0 4.8 1.8 | Virginica
08 5.7 2.5 5.0 2.0 | Virginica

; PETAL

LENGTH

Object 09 has added only one new feature to this structure because the other

feature values had been already represented.

Now, the transformation process for this small table is already finished, /ﬁ/
\\ and we can try to compare these structures and take advantages of this graph! / /

o 24

\\
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+=="" Associative Transformation of Table ' \

AGDS Construction Process \;\g

SEPAL SEPAL
] AGDS

[DATASET] ATTRIBUTES /
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS %)
OBJECTS | LENGTH| WIDTH |LENGTH| WIDTH | LABEL ',"_J
o1 5.4 3.0 a5 1.5 |Versicolor, -}
02 6.3 3.3 a7 1.6 |Versicolon| E o1 02 03 04 05 06 o7 08 09
03 6.0 2.7 5.1 1.6 |Versicolor] =
04 6.7 3.0 5.0 1.7 |Versicolor| |<_(
05 6.0 2.2 5.0 1.5 Virginica
06 5.9 3.2 4.8 1.8 |Versicolor]
o7 6.0 3.0 4.8 1.8 Virginica
08 57 | 25 | 50 | 2.0 |Virginica [_';| 7 H s HEHE ) HHI;'HHHH] — ) Y (——
09 o5 32 01 2.0 |Virginica 451M114.711]4.8 5.0]1(5.1 15 1.6 1.7 1.8]1/2.0 [Versicolor]| [[Virginica]

PETAL
LENGTH

Which structure of the two presented do you like more?
The tabular structure represents data and very basic relations between them.
&\ The AGDS structure additionally represents neighborhood, order, similarity, /ﬁ/
minima, maxima, counts of duplicates, number of unique values, and ranges of
N\\ all features. We will not lose time for searching for such relationships! /4///25
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SEPAL
LENGTH

ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL | CLASS
OBIJECTS |LENGTH| WIDTH |LENGTH| WIDTH | LABEL

01 5.4 3.0 4.5 1.5 [Versicolor

02 6.3 3.3 4.7 1.6 |Versicolor @
03 6.0 2.7 5.1 1.6 |Versicolor| |@
04 67 | 30 | 50 | 17 |versicolof [E
05 6.0 2.2 5.0 1.5 |Virginica| &
06 5.9 3.2 4.8 1.8 [Versicolor|

o7 6.0 3.0 4.8 1.8 Virginica

08 5.7 2.5 5.0 2.0 Virginica

09 6.5 3.2 5.1 2.0 Virginica

PETAL
LENGTH

ATTRIBUTES [DATASET| ATTRIBUTES [DATASET] ATTRIBUTES
SAMPLE SEPAL SEPAL PETAL PETAL CLASS SAMPLE SEPAL SEPAL PETAL PETAL CLASS SAMPLE SEPAL SEPAL PETAL PETAL CLASS
OBJECTS LENGTH WIDTH LENGTH WIDTH LABEL OBJECTS LENGTH WIDTH LENGTH WIDTH LABEL OBJECTS LENGTH WIDTH LENGTH WIDTH LABEL
CAT OFF AND SEPARATE DATA FOR EACH ATTRIBUTE SEPARATELY SORT DATA FOR EACH ATTRIBUTE SEPARATELY REMOVE DUPLICATES OF ALL ATTRIBUTES SEPARATELY

01 5.4 3.0 4.5 1.5 Versicolor| 01 5.4 2.2 4.5 1.5 Versicolor] 01 5.4 2.2 4.5 1.5 Versicolor]

02 6.3 3.3 4.7 1.6 Versicolor| 02 5.7 2.5 4.7 1.5 Versicolor| 02 5.7 2.5 4.7 1.6 Virginica

03 6.0 2.7 5.1 1.6 Versicolor| 03 5.9 2.7 4.8 1.6 Versicolor| 03 5.9 2.7 4.8 1.7

04 6.7 3.0 5.0 1.7 Versicolor| 04 6.0 3.0 4.8 1.6 Versicolor| 04 6.0 3.0 5.0 1.8

05 6.0 2.2 5.0 1.5 Virginica 05 6.0 3.0 5.0 1.7 Versicolor| 05 6.3 3.2 5.1 2.0

06 5.9 3.2 4.8 1.8 Versicolor| 06 6.0 3.0 5.0 1.8 Virginica 06 6.5 3.3

o7 6.0 3.0 4.8 1.8 Virginica o7 6.3 3.2 5.0 1.8 Virginica o7 6.7

08 5.7 2.5 5.0 2.0 Virginica 08 6.5 3.2 5.1 2.0 Virginica 08

09 6.5 3.2 5.1 2.0 Virginica 09 6.7 3.3 5.1 2.0 Virginica 09

R\ . \/ . ___“/ M
v We can create this structure in an alternative way when the dataset (table) is
"static and does not change in time (no records are added, removed or updated)yy//26
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Efficiency of Data Access

[DATASET] ATTRIBUTES
SAMPLE | SEPAL | SEPAL | PETAL | PETAL CLASS
OBJECTS | LENGTH| WIDTH |LENGTH| WIDTH | LABEL
o1 - 5.4 3.0 4.5 1.5 |Versicolor]
02 6.3 3.3 4.7 1.6 |Versicolor]
03 6.0 2.7 5.1 1.6 |Versicolor|
o4 6.7 3.0 5.0 1.7 |Versicolor]
05 9|4 6.0 2.2 5.0 1.5 | Virginica
06 5.9 3.2 4.8 1.8 |Versicolor|
o7 6.0 3.0 4.8 1.8 Virginica
08 5.7 2.5 5.0 2.0 Virginica
09 L 6.5 3.2 5.1 2.0 Virginica

\

sorted lists, hash tables or AVB+trees to provide quick access to them!
Notice, that the number of unique features for each attribute ‘
\\&s always less or equal to the number of all features in the dataset (table)/.%/27

-

ATTRIBUTES [~

Y

7 6

O
[y

02 03 04 05

06 o7 08 09

1 2 2 [ 5 | [ 4 |
1.7 ]‘[ 1.8 ]‘[ 2.0 ] [Versicolor]| [[Virginica]

B0 B0

PETAL
LENGTH

PETAL
WIDTH

5 2

Features of each attribute can be organized using: sorted tables,

#
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4 Direct Relationship Representation W @

AGDS can directly represent much more useful often used K
relationships than other structures, and these relationships are
immediately available similarly to what happens in our brains.

AGDS .
Attributes WIDTH Aggregated
and Counted
Values
1 1 1 3 1 1 1 1 1 1 3 2 1
5.4|115.7[15.9]1/6.011/6.3] 6.5 6.7] [2.2]‘[2.5]‘[2.7 3.0/13.2]1/3.3
n
w
5
E o1 02 03 04 05 06 o7 08 09
- .
7 Objects
5 4
) J Versicolor Virginica

Attributes
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- ° ° ° \
//Searchmg for the most similar objects\\\ | @
AGDS be used for searching for the most similar objects to ar&
given input data (combination of input features or objects):

In the direct stimulation of inputs, O5 is the strongest associated!

AGDS .
Attributes WIDTH Aggregated
and Counted
Values
1 1 1 3 1 1 1 1 1 1 3 2 1
5.4|115.7 [ 5.99%6.011/6.3] 6.5 6.7] [2.2]‘[2.5]‘[2.7 3.0/13.2]1/3.3
n
w
5
E o1 02 03 04 05 06 o7 08 09
- .
7 Objects
| 2 2 1 2 2 5 4
1.5 1.6]‘[1.7]‘[1.8]‘[2.0} Versicolor Virginica

)

Attributes
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4 : .. IR\
Searching for the most similar objects \ | @

" In not so clear situations, we can stimulate neighbor value nodxes&

and calculate their states (using connection weights), and stimulate

the connected object nodes and value nodes further:

AGDS Attributes Aggregated
and Counted
Values

1 1 1 3 1 1 1 1 1 1 3 2 1
5.4115.7 1 5.9/ 601 6.3][ (6.5 6.7 ] [ 2.2 ]-[ 2.5 ]-[ 2.71M3.013.2]3.3
= . S

09

ATTRIBUTES

' Objects

4
Virginica

y
14///30

5
Versicolor
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4 : .. IR\
Searching for the most similar objects \ | @

" In not so clear situations, we can stimulate neighbor value nodxes&

and calculate their states (using connection weights), and stimulate

the connected object nodes and value nodes further:

AGDS Attributes Aggregated
and Counted
Values

1 1 1 3 1 1 1 1 1 1 3 2 1
5.4115.7 1 5.9/ 601 6.3][ (6.5 6.7 ] [ 2.2 ]-[ 2.5 ]-[ 2.71M3.013.2]3.3
= . S

09

ATTRIBUTES

' Objects

4
Virginica

y
14///31

5
Versicolor
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\\\\'?

The simulation presents the stimulated nodes and their sequence:

How it works in practice?

We can also transform nodes into neurons and count up their spikes:

R:Setosa R:Versicolor| R:Virginica
Bax Tx

0% 0% 0%
O Ox [

000000000 HOHHOHHOOHHOS
0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Object nodes represent combinations of input features (value nodes).

E\\Q\ //,//32
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’/ Stimulate and get nodes representing\\\\ {%\
the most associated values or objects: \-"5

The simulation presents the stimulated nodes and their sequence:

Class Labels are treated and connected in the same way as other Attribute Values.

\? N Every combination of nodes can be used as inputs in such a network. / :‘?/

All other nodes can be used as outputs if activated frequently. //I/l/ 53
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’/ Stimulate and get nodes representing\\\\ 1
the most associated values or objects: \E,

The simulation presents the stimulated nodes and their sequence:

Class Labels are treated and connected in the same way as other Attribute Values.

R:Setosa | R:Versicolor R:Virginica |
6x { | 7x

0%

H H : 9 Y 0:10 : 0:11 0:12 0:13 0:14 0:5 0:16 0:17 0:18 0:19 0:20
0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
X X e X X

NN Every combination of nodes can be used as inputs in such a network. %

All other nodes can be used as outputs if activated frequently. //I// 34
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5 7/ Stimulate and get nodes representing\\\\ -

(oo

the most associated values or objects: Q

The simulation presents the stimulated nodes and their sequence:

The inputs [?, 3.4, 5.1, 2.3) were classified as Virginica!

R:Setosa R:Versicolor R:Virginica
6x Tx Tx
0% 0% PULSE
0x 0x 2

0:1 ° 0:2 0:3 N 0:4 B 0:5 S 0:6 0:7 0:8 0:9 0:10 ¥ 0:11 0:12 0:13 0:14 % 0:15 0:16 0:17 0:18 " 0:19 0:20
5% 15% 0% 0% 79% 0% 0% 79% 0% 19% 0% 0% 0% 65% 17% M AREFRE 18% 1% 1% 1%
ii 0x 0x 0x 0x Ox 0x 0x 0x 0x 0x 0x 0x 0x 0x 0x 2x 0x 0x 0x 0x ai

This network recognized training pattern No. 16 as the most associated.

E\\\ The missing leaf-length attribute on input was identified as 6.9. ////I/ 55
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Multi-Associative Graph Data
Relationship Structures

How to generalize this concept to databases?
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N

B /4 Multi-Associative Graph Data
¥ Relationship Structures (MAGDRS)

We can generalize
this concept to

‘ room; beds
;
L

Association of
Data and Object

Y
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N\

b
Let’s try to implement associative transformation to
a small relational database and construct an associative graph:

Associative Transformation of
Relational Databases

X B .y
/ DI 1 DI hOIriZ( | 1 D )bDjects)
Murses MurseRoom Rooms Patients DoctorPatient Doctors
; ; 1 ;
% Murse ID == 7 1D Nurse g % Room ID g ¥ social Security Mo ;\_ ? ID Doctor — ? Doctor ID
% ID Room Mumber of Beds First Mame — 7 ID Patient
Last Name Type Last Name Last Mame
Seniority Blood Group J Seniority |
| Age " Specialization
\ ID Room /
j Murses

j Doctors

Murse ID ~ First Name -~ | Last Mame - | Seniority - Doctor ID - | First Name - | Last Mame - | Seniority - | Specialization -

+ M1 12 + D1 Tom (Hanks 18 orthopedics
A

% N2 % D2 15

+ M3 23 pediatrician

+ N4 a5 pedlatrlman

+H N5 v 7 | surgery |

& o =

to additionally represent vertical relationships, sort data of all attributes
simultaneously, aggregate all duplicates and allow faster reasoning

and search for related data and relationships.

e
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Associative transformation of DB

(= Patients
Social Security Mo ~ | First Name - | Last Name - | Blood Group ~ | Age - | IDRoom =
17102595834 Jack Hanks ] ] R6
17102785603 MNina Rock AB ] R6
73040593020 Tom Kite A 44 R4
84021205010 Tom Ford AB 33 R1
90503029943 Emy Cruise A 27 R2
94051382054 Lisa White B 23 R3
94080633502 Paula Smith A B 23 R2
| E=:| Nurses.."-.__ | £z Doctors.-"-.__

MNurse ID - First Name - | Last Name -  Seniority - Doctor ID = | First Name - | LastName =~ | Seniority - Specialization -
N1 Amy Moon 12 Small hospital D1 Tom Hanks 18 orthopedics
N2 Rose Jolie 18 D2 Jack Brown 15 surgery
N3 Kate Ford 24 03 Lisa Ford 23 pediatrician
N4 Lisa Brown 9 data ba Se D4 Tom Trump 35 pediatrician
M5 Sara Pitt 4 D5 Kate Smith 7 surgery
NST Kate Lopez 12 D6 Amy Hanks 12 T surgery

I Murses MurseRoom Rooms Patients DoctorPatient I Doctors
% Nurse ID 2 [ % D Hurse C ? Room ID 8 ¥ Social Security No | ? ID Doctor = L ? Docor 1D
First Mame % 1D Room MNumber of Beds First Mame _\\2 ¥ 1D Patient First Mame
Last Name Type Last Mame Last Mame
seniority |steRomn v Blood Group =) DDclorPatient.."-._._ v SEFIIt.JI'ﬂ.:y )
e Age N Specialization

ID Nurse - | ID Room - |D Doctor ~ | ID Patient -

NO1 RO1 ID Room D1 73040593020

NO1 RO2 D2 84021205010

NO2 ROB D2 90503029943

NO3 RO3 D3 17102595834

NO3 RO4 | = Rooms.-."'-.. v D3 17102785603

NO3 RO5 RoomID ~ | Numberof Beds - Type - L LIALEEERES

NO4 RO1 R1 2 intensive care D4 17102785603

NO4 ROZ R2 2 intensive care b3 90503029543

NOS RO3 R3 3 therapeutic b5 34080635502

NO5 RO4 R4 3 therapeutic oé 17102595834

NOS RO5 RS 3 therapeutic 0e 73040593020

NOG6 RO6 R& 8 newbarns oe 94051382054

D& 84021205010

D& 94080639502
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Rule of Associative Transformation

Transforms only these tables for which all foreign keys are already

represented by the nodes in the associative MAGDRS structure:

Possible

sequence of
transformation

of tables

| ez NurseRoom \

ID Murse -

| ez Murses \
Murse ID - First Name - | Last Name -  Seniority -
N1 Amy Moon 12
N2 Rose Jolie 18
N3 Kate Ford 24
N4 Lisa Brown 9
N5 Sara Pitt 4
NGT Kate Lopez 12
Murses MurseRoom
¥ Murse ID 2 = % 1D Nurse
First Mame % ID Room
Last Mame
Seniority

ID Room -

RO1
RO2
ROG6
RO3
RO4
RO5
RO1
RO2
RO3
RO4
RO5

A\

| T Patients ",
Social Security Mo - | First Name - | Last Name -~ Blood Group ~ | Age - IDRoom =
17102595834 Jack Hanks 0 o RG6
17102785603 Nina Rock AB ] R6
73040593020 Tom Kite A 44 R4
84021205010 Tom Ford AB 33 R1
90503029943 Emy Cruise A 27 R2
4& 94051382054 Lisa White B 23 R3
94080639502 Paula Smith B 23 R2
| ez Doctors \,
. u Doctor ID - | First Name - | LastName - | Seniority - | Specialization -
ASSOClatlve + D1 Tom Hanks 18 orthopedics
+ D2 Jack Brown 15 surgery
Transformation + D3 Lisa Ford 23 pediatrician
+ D4 Tom Trump 35 pediatrician
+ D5 Kate Smith 7 surgery
Process + D& Amy Hanks 12 T surgery
Rooms Patients DoctorPatien I Doctors
? Room ID ¥ Social Security c % ID Doctor |2—1— 7 DoctorID
Number of Beds First Name — | @ ID Patient First Mame
Type Last Mame Last Mame
Blood Group =3 DoctorPatient’, Y Seniority
Age ID Doctor ~ | ID Patient - 3pecialization
ID Room D1 73040593020
D2 84021205010
D2 90503029943
D3 17102595834
D3 17102785603
|%§' = D4 17102595834
D4 17102785603
Room ID » Mumber of Beds - Type - - TIETENRETAE
+ R1 2 intensive care DS 94080639502
+ R2 2 intensive care D6 17102595834
+ R3 3 therapeutic D6 73040593020
+ R4 3 therapeutic D6 94051382054
+ RS 3 therapeutic De 84021205010
+ RO ] newborns De 94080639502

RO6
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4 MAGDRS construction for relational DB\\\\

8
Table NURSES is added to the empty network. k

Seniority
— ‘QE7 : By j Murses
\MIRA-K 4 A 12/ K24/ oy . I
Murse ID ~ | First Name -~ | Last Name - | Seniority -

)=(4)——(8 ) (12 ——(18)——)——() # N1 Amy Moon 12
+H N2 Rose lolie 13

+ M3 Kate Ford 24

' + M4 Lisa Brown 9

H M3 Sara Pitt 4

Kate Lopez 12
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42

EEEEEEEE

\

I
hop
gery
diat
diat
gery
gery

= o
A A

\

.......

Table DOCTORS is added to the network.

AGDRS construction for relational DB\

B N
. /
R M
Y 1\
P .4
!
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Table ROOMS is added to the network.

Seniority
i ‘*]Specialization j Rooms
=71 =
[\ ey \@/ \@-@' Room ID - | Number of Beds -
) @) Gegen)  (MIN)( 4 9 Yo{12){15)o{18)(23)(24 )>{(35 yo{AX * R1 2
H R2 2
+ R3 3
+ R4 3
+ R5 3
+ RO B
D2 D3 5
D4
N6
N3
N4 NS
N1
Amy, ack) (Kate) (Lisa Rosg) (Sara) (Tom Brow Ford) (Hanks) (Jolie Lopez) (Moon) (Pitt Smith)  (Trum
- = 7 oz | I e | e o) ey @
at Ros ‘ﬁ. | oon' mith!
First Name Dolie Last Name

" MAGDRS construction for relational DB\\\\

K

Type -

intensive care
intensive care
therapeutic
therapeutic
therapeutic
newborns



http://home.agh.edu.pl/~horzyk/index-eng.php
http://home.agh.edu.pl/~horzyk/index-eng.php

" MAGDRS construction for relational DB\\\\

’ \ i
Table NURSEROOM is added to the DASNG network. \K

1 Seniority
7 j NurseRoom
N K2 9 MM/ \@/ (357 [\way/ ID Nurse - | ID Room -

@;@ ey ) (MINYo( 4 Yo7 )o((9 )o(12)0(15)o(18)(23)o(24 (35 MAX NO1 RO1 IS

MO1 RO2

MO2 ROG

MNO3 RO3

MO3 RO4

MO3 ROS

MO2 RO1

MNO4 RO2

MOS5 RO3

MOS RO4

MO5 ROS

D1 MO6 RO6

D4) 53 N2
D6
N6
N3
R6
RS5
R4
N4 NS R3
N1
R2
R1

Amy; ack) (Kate) (Lis Rose) (Sara) (Tom Brow Ford) (Hanks) (Jolie Lopez) (Moon} (Pitt Smith)  (Trump) MIN }o{ 2 3 8 MAX
fom———fac) C oSy rom remy - e ANy | s
ate Ril |£n rmith !! No of Beds
First Name Last Name 44
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" MAGDRS construction for relational D
Table PATIENTS is added to the network.

B\

1 Seniority
7 E A ] Blood Group 23 33 Age
N = =

w5 5 = | = | e ©F | e e | F |

@@ e €ren)  (MNYo( 4 )o((7 {9 )(12)(15)(18)(23)(24)=(35)-(m¥) (0) (A) AB) (B MIN)o{ 0 }o{23)o{27)(33)o{44)o(NAX) (i) (eoms) (e
P14 (1.3
< UY 680 6o 3
7 039 (pg.2
D1
D2
D3 N2
D4
N6
R5
R4
N4 NS R3
N1
R2
R1

Amy) (Emy) (ack) (Kate) (Lisa) (Nina) (Pauld) (Rose) (Sara) (Tom Brown) (Cruise) (Ford) (Hanks) (Jolie) (Kite) (Lopez) (Moon) (Pitt) (Rock) (Smith) (Trump) (White MIN }oA 2 8 Jo{ MAX
rom) (iYoo) FrumdY —vnie) AR r 1 AR
!! No of Beds
First Name Last Name 45
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MAGDRS construction for relational D
Table DOCTORPATIENT is added to the network.

B\

Seniority

NP/ | pecializafion [ A ] Blood Group 23 33 Age
= o=
[

= =
= | T o7 | e ST | = |
) @) Gy (MNYo(4 Yo7 Y9 )o{12)(15)(18)(23)(24)(35)(0X) (0) (A) AB) (B) (MN)o{ 0 )o(23)o(27)o(33)(44)o(MAY) (i) Gevom) o)

&

P1.4
P1..3
2 (P9..2

D1
D2 D3
D4 N2
D5
D6
N6
N3
R6
R5
R4
N4 NS
R2
R1

Amy) (Emy) (ack) (Kate) (Lisa) (Nina) (Paula) (Rose) (Sara) (Tom Brown) (Cruise) (Ford) (Hanks) (Jolie) (Kite) (Lopez) (Moon) (Pitt) (Rock) (Smith) (Trump) (White MIN }{ 2 3 8 Jo{ MAX
e = e, | v | sl BN | COHEN
ac Paul ‘Sara | oon' mith) !! No of Beds
Lisa First Name Dot Last Name 46
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_ Seniority
ﬁ' 1 [§AY| Blood Group 23 33 Age
T wilkay | Ko N @/ 7 Ny w/ e <] (Ao \@/ a2}l w |
@@ fray) roen @ 4 )o(7 ){9 )o(12)(15)>(18)(23)(24)=(35 0) (A) @B (B @c 0 )o(23)(27)o(33) (AN | ) Eom) (omd)

P1.4) b1 3
-7 (P1.0) (pg.0 P3.3) (pg.4
-4) (p9.2

D1
D2
D3 D4 N2

D5
D6 e

R5
R4

N4 NS R3
R2

Amy) Emy) (ack) (Katg) (Lisa) (Nina) (Pauly) (Rose) (Sara) (Tom Brown) (Cruisg) (Ford) (Hanks (oé ‘ @ Smith @ Whitg @0 2 3 8 |

N1

== gg!lll 2 BHie

Sara 3 No of Beds

Last Name 47

First Name
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&

Retrieving associated pieces of information from the network! K

L
=
(=,
B
<)
)
o
7
27
Q
&
<
=
of
o
oys|
n
=]
7))
v
o
o
)
-
S
o
fd

MAGDRS filtering and inference for the initial context

e
50)
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&

Retrieving associated pieces of information from the network! K

A\

) (o

Last Name

loon i

MAGDRS filtering and inference for the initial context

ficiedy flopd)
\\ y /
N /
/

Inferences using MAGDRS network
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!! No of Beds
50

&

Retrieving associated pieces of information from the network! K

>
P

NN #

&

tﬁ\ﬂs

@k @ N ,.“ /

0%\%\%%
N

mi
frumd (o
Last Name

oon,
(Fred\ (o)

DRI

- W Z@
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o8

, », \

MAGDRS filtering and inference for the initial context

Inferences using MAGDRS network

s



http://home.agh.edu.pl/~horzyk/index-eng.php
http://home.agh.edu.pl/~horzyk/index-eng.php

N

B Y/ Multi-Associative Graph Data
i Relationship Structures (MAGDRS)

We can generalize it
+.4] to whole databases!

doctor: years_of experience

Association of
Data and Object

3
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Associative Recommendation
Systems

How to use associative graphs for

recommendation?
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Recommendation Systems \ @

&
Recommendation systems:

» searching through a large volume of dynamically generated information to provide
users with personalized content and services;

» should be able to find objects that satisfy input requirements (criteria) or
are as close as possible to them;

» are beneficial to both service providers and users, saving time and effort, as well as
increase the turnover and positive reactions of the users;

» enhance revenues, for the fact that they are effective means of selling more products;

* have also proved to improve decision-making process and quality.

Associative recommendation systems:

» use stored associations representing various relationships and their strengths to
search for the most associated (the associatively closest) data and objects
that meet the input criteria;

» use BFS trees to move over the associative graphs to calculate the associations of
the nodes until the final nodes of representing the desired objectives are achieved
and stimulated to a given extend, reproducing the level of recommendation. /

A\ s



http://home.agh.edu.pl/~horzyk/index-eng.php
http://home.agh.edu.pl/~horzyk/index-eng.php

4l Example Input Data for Candidate A\
Recommendation for a free Position

We want to find the best candidate for the open position “Job Offer”.
We have five candidates! Who is the best one?! Who will you recommend?

Technical Skills PersonalSkills LanguageSkills Education sall Time Work Field
alla
Name Years | Weight Name Level Weight] Name Level |Weight Level v Type Importance
C# >3 ((10/10) TechnicalSkills
- Communication (9/10)
. 60%-80% | (8/10) .
skills _— c1 (8/10) PersonalSkills
nglis >
entity | 2 | g/10) & (8/10)
Framwork | LanguageSkills
Job Offer Ability to work 80%-100%|(10/10) Bachelor | 7500 FullTime (5/10)
under pressure Education
T-sQL =2 | (8/10) (10/10)
Polish | > Native| (7/10) Sallary(10/10)
Decision making | 60%-80% | (7/10) TimeWorkType
Cloud d =1 6/10
oud dev (6/10) (10/10)
C# 2 Ability to work
70%
T-sQL 3 under pressure
Candidate 1 X c - X Polish | Native X Bachelor | 7000 HalfTime X
mmun n
Cloud dev | 2 ommunicatio 80%
skills
Entit Ci icati
ntity 3 ommu.nlca ion 70%
Framwork skills
Candidate 2 C# 1 X Decision making 90% X English B2 X Master | 6500 | FullTime X
Abili k
T-saL 1 bility to wor 0%
under pressure
Communication
| % Polish | Nati
Candidate 3 i 2 X skills 80% X olis ative X Master 6500 HalfTime X
C# 2 Decision making 90% English ci
Entit
nuty 1 Ability to work
Framwork 70%
under pressure
Candidate 4 C# 1 X X English| Native X Bachelor | 8000 FullTime X
T-saL 2 Decisi ki 50%
~ Cloud dov > ecision making o
Communication
Cloud dev 1 A 70%
skills ‘
Candidate 5 Entity X Ability to work X Polish ci X Bachelor | 7000 HalfTime X
2 80%
Framwork under pressure ° 54
T-saL 3 Decision making| 90% :
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Sample AGDS Structure \\\\

The charging level x of the internally stimulated node is defined as a weighted sum:

Sn

= . _ T;chmcalséllj.:{
xn—zxk'wk |
Reciprocal edges are created between value (o™ @ ' Y .

k Kk L
nodes Vi and V;* representing similar values

k k q
v and v/ of the same attribute a*

and forward stimuli in both directions
with the same weight:

! I
: ' a e h =1
O WA A N
X E s Thel [
' T
. | XS
B L . Y
E y Candidate 3 L
i Iy
A !

e
]

k k .
vit — v} (§ ]
2
w ak ok = 1 - k 5 T
vi Vj ra 5 g
where 2 s
k k k g S
a” — a __a,a &
r = VUmax — Vmin T

is a variation range of values of the attribute a*.
The weight of the edge that passes the signal
from the value node Vl-“k to T — ”
the object node 0,, can be calculated after: A RN I A\
1

Womon = 7
n
where the threshold 0,, is the number of values

knd objects that define the object nodes 0,
: and activate this node.

i \\\ The stimuli passing through the edge in the opposite direction: W .k = 1, wo,0, =1 //// 55
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AGDS models

and represents
knowledge about
the collected data
and the strength
of their
relationships.

We will search for
the most strongly
associated
candidate with
the job offer

in this graph
structure.

AN\

e

( PersonalSkirl_DecisionMaki n.g"'

|@ag uolesnp3
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V4 Associative Inference in AGDS

TechnicalSkill_C# |
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We go along
the edges in
the BFS order,
stimulating
next nodes
and calculating
their states
until at least
one candidate
node is
stimulated by
all connected
input nodes.

Candidate 2 is
recommended!

Associative Inference in AGDS
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Associative Graph Networks for
Sequential Data

Can we use associations to model sequences?
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is an example of
a set of facts
describing
this monkey:

. My is very small.
It is very lovely. It likes to sit on my head.
It can jump very quickly. It is also very clever.
It learns quickly. My is lovely.

| have also a small dog.”
What knowledge we have gained about this monkey on
the basis of the above description? Now let’s try to answer
the following question: What is this monkey like?




KNOWLEDGE
GRAPH

Construction of
the Associative
Neural Graph for
the following
set of sequential
patterns:

1x(S1] | | HAVE [A| MONKEY |
1x(S2 MY | MONKEY |IS| VERY | SMALL |

1x(S3]IT[IS] VERY JLOVELY)

1x(S4 ] IT] LIKES JTOJ SIT JONJ MY [ HEAD|
1x(S5 [ IT[ CAN[JUMP | VERY | QUICKLY ]
1x(S6 | IT]IS| ALSO | VERY | CLEVER]

1x(S7 | IT] LEARNS [ QUICKLY |

1x( S8 | MY | MONKEY JIS[LOVELY )
1x(S9 ] | [HAVE | ALSO JA|SMALL | DOG |




i Learn Monkey| |Leam Siower| 2  |Learn Faster| {Balance Graph|
—
Ask times: 1 a| INPUT: (Enter a new sentence!

|
l SIMTIM ) T: (Results will be brought back by the ANAKG after asking

mwm:lnmmmuw-mmwm" eng.php} to cooperate in developing associative knowledge-based artificial intelligence solutions: horzyk@agh.eduup!




Associative Neural Systems

What does it mean associative?
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Associative stands for

» aggregated - using various kinds of relationships like similarity,
sequence, suppression, negation, inversion, ...

» related - using various kinds of relationships like similarity,
sequence, suppression, negation, inversion, ...

» actively - because they should be triggered automatically
if a given input context happens

» with a defined strength because relationships maybe differently
frequent, may have different strength etc.

» over time because the objects and actions might be related
nevertheless their real time of occurrences.

» in a context of the other objects represented in the neural
associative system A

e
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