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Abstract: The paper presents a theory of information systems based on advanced
analogies with both classical and quantum physical models. In the first step the
information analogies with magneto-electric circuits are introduced and the information parameters are defined under this inspiration. Well-known potential and
flow values (e.g. potential and kinetic energy, voltage and electrical current, etc.)
are transformed into information values, “information content” and “information
flow”. In the second step the quantum information models are introduced together
with values “wave information flow” and “wave information content”. By using
these variables, the complex information models are described in more detail together with illustrative examples.
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Introduction in information epistemology

A basic information unit represents a “change of state/signal” from 0 to 1, or vice
versa. The change is equal to one-bit of information. Information flow [15] means
the frequency of state/signal changes in bits per second or how often the change
is carried out (quantity of information). Information content [14], on the contrary,
characterizes the quality of information or how valuable the content is, measured
in Joule per bit (or dollars per bit).
In [22] the extended Frege’s concept of information modelling was presented
based on results [9, 14]. Basic information quantities were given:
– Oi (t) – a set of rated quantities on an object,
– Pi (t) – a set of states,
– Φi (t) – a set of syntactic strings (data flow),
– Ii (t) – a set of information images of state quantities (information content).
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The Frege’s diagram can be also used to describe the deep perception of information by humans [25]. Psychologists accepted that it is possible to study the world
around us from four points of views: physical, emotional, rational and spiritual.
Physical representation corresponds to changes of a real system (events Oi ).
The human mind categorizes a perception into different clusters called states Pi
which cover a mixture of intellectual and emotional stimuli assigned to a specific
situation that occurred in a real system. The packet of such stimuli specifies the
state of our perception that we try to characterize by words through thinking
(generally by symbols according to the grammar).
Within this process the string of symbols Φi is produced to best capture the
perception of the state Pi . Thinking has limited (often sequential) instruments
for expression of the complexity of the world but it tries to provide an answer
to the question “how”? Thinking is a conscious activity that can be unlike other
conscious activities shared, written or published and it is a good background for
further understanding of the whole.
The higher (spiritual) level means the link to the whole (higher order) and to
other available knowledge like comparisons with similar situations in history and
with knowledge from the other specializations, etc. This part of cognition looks for
an answer to the question “why” the system behaves like that? It can be called
wisdom, which is a higher level of knowledge stated generally as the spiritual level
of the perception.
Let us give one easy example of music; an orchestra playing some composition.
In the physical world we can see a lot of instruments that create sounds of different
frequencies (Oi ). If the sound is coordinated, we can extract some feeling and
emotions as a state of our mood (Pi ) that the music placed us in. Intellectual
analyze can describe our mood by words (Φi ) and think about links to a higher
order (Ii ) – i.e. what the author wanted to say if he composed this song, etc.
Understanding of all of the details yields to a better perception of the details of
the song if we listen to it once again. A better perception a better understanding
more details. The perception process could be repeated until a stable knowledge
is accumulated and the song is understood to a given distinguished level.
We can go deeper and suppose that due to our model we can expect new
features of reality and our perception can aim to this direction. Such a function
could be called the insight sensor, which can direct us to correct details based on
accumulated information. The more accumulated information the higher details
we can register.
From the system point of view, we can not only go into more deeper layers, but
we can extract an archetypal knowledge that is given as the stable state of continual
information observation, perception, processing and creation of the appropriate
model of reality on a given distinguishing level. Archetypal knowledge represents a
clearly defined piece of knowledge that can be understood as the base component
from which complexity can be composed. It is a new way for the description of
a reality rather than the creation of a more and more complex high dimensional
model.
The goal behind this discussion is to have available a set of simple archetypal
models carrying extracted bases of knowledge. For example, in psychology we
can go deeper and deeper in describing a person’s behavior. But there are other
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possible ways to specify archetypal psychological personalities and suppose that
the psychological profile of everyone is weighted with a mixture of these archetypal
models. Each specialization can be tackled in this way. Instead of building a
complex model the archetypal knowledge could be extracted, and the diversity can
be studied through an archetypal knowledge composition.
Archetypal knowledge in music, for example, means the extraction of different
moods represented by a set of features of the song. All other songs could be
a mixture of archetypal songs together with the different moods they produce.
Similarly this applies to architecture, religion, etc.
We can continue with our description of epistemology and suppose that there is
only one reality Oi studied by many specialists. Each of them has their own insight
sensor registering different details. If someone has their insight sensor working on
a given level of resolution the expert has a chance to understand themselves and
share their information Φi .
String of symbols Φi is the only instrument we have at our disposal to communicate and to express our accumulated knowledge. It is necessary to understand
both the syntactical part (it is easier task) and the semantical content that requires
the insight sensor to be working on a given distinguishing level.
The sharing of information among experts extends their horizons and yields
to combinations of knowledge from different areas (sharing archetypal knowledge).
The characteristic called exaptation1 could be achieved, which means to make use
of the knowledge from different specializations to make progress in our area of
interest.
Let us imagine that we study a city as a complex system [12] and an architect
understands the city from the urbanist point of view and looks at the urbanist
details (in his perception the set of urban archetypal models exists), a sociologist
uses its insight sensor and observes a lot of details about population, a business
specialist looks at the market potential, etc.
Every expert can create his Frege’s diagram [22] of the reality (knowledge component), which means to identify different scenarios Pi in its specialization as the
optimized simplification of observed (cutout) reality Oi .
With respect to the identified scenarios Pi the clear understanding (rational
description) Φi is available and each scenario should be included into the context [1]
of higher knowledge Ii . The multi-dimensional Frege’s diagram assigned to different
scenarios can be constructed. All Frege’s diagrams are connected through the
reality Oi , which is of course unique for all scenarios.

2.

Information circuits

2.1

Classical information event

Let us suppose that information is clustered into a higher semantic structure like
our language. For simplicity, we can imagine a set of different events ui each of
them is generally described by a syntactic chain e.g. {0, 1, 1, 0} of different lengths.
1 For example, the analogy between electric, magnetic and informatics was used to make
progress in complex system theory.
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In practical terms, one event can mean e.g. a recommended scenario of future
behavior.
In such a case we have an information signal of a syntactic string of events
{u1 , u2 , u3 , . . . } encoded into information flow of {0, 1}. The value of the event is
hardly the same, so we must count with different qualities assigned to each event.
The scenario of the critical situation is more valuable than the scenario for a normal
situation. Some events carry a low content, some a bit higher.
In the theory of information analogies, the link between the information source
and the recipient must be better analyzed and generalized for the purposes of
complex behaviors. On the side of the source, each event u can be described by
source information content and flow IS (u), ΦS (u). The recipient tries to process
the event u in its environment, provides its registration and its understanding.
This process results in the representation of received information content and flow
IR (u), ΦR (u) on the side of the recipient.
For a lot of events u we can suppose that there is no difference between the
information source and the received information. We rightfully suppose that:
IS (u) = IR (u),
ΦS (u) = ΦR (u).
For more complex events this assumption is not valid. In social sciences, for
example, we must have a lot of data available (information flow) to identify some
social event (information content). The link between the events originated in society and registered by observers having a dynamic time evolution.

2.2

Quantum information event

An occurrence of one event u = 1 can be represented in quantum informatics by a
unique wave function as:
ψ (u = 1) = 1 · ej·ϕ1,1 .
And the non-occurrence of the event u = 0 by a different wave function:
ψ (u = 0) = 1 · ej·ϕ1,0 ,
where numbers 1 or 0 means that the event u has happened or not happed and a
phase ϕ describes how the environment accepts the event u.
The phase difference can be caused either by measurement equipment such as
quantum mechanics, or by an error of the human observer (he/she has glasses and
badly registers the trials), or by natural resistance against the event (the receiving
system does not freely accept the event u) [17, 18]. These situations cause basic
discrepancies between the reality (the event u has happened) and the environment
(the event u is or is not registered by its environment).
Using this method of thinking we can add a phase parameter to each realization
of unique event u. Generally, the phase can be different for each registered event
because the environment can be time-varying, and the conditions cannot be the
same in different time intervals.
If we conduct more trials in which the event u happened (and did not happen)
we can count the statistics as an average of these complex numbers. If all events are
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accepted in the same way we can compute the frequency of right trials (probabilistic
description).
On the other hand, if each trial has different phase parameter this situation is
reflected by a value of modulus and phase of the sum of wave representations and
the wave probabilities could be computed as:
ψ1 =
ψ0 =

√
√

p1 · ej·ϕ1 ,
p0 · ej·ϕ0 .

The quantum system representation in Bracket or Dirac notation [24] can be written
as:
ψ = ψ0 |0i + ψ1 |1i .
It tells us that even though we observed m right fallings of separate events u = 1,
in summary, if we look on N trials as the whole (not separately) we will observe less
or more than m right fallings due to phase interferences among trials. The Holistic
view expresses a slightly different reality than the sum of individual observations
[16, 19].
Let us present an illustrative example of five unique observations:
ψ ∝ ej·ϕ0,1 |0i1



ej·ϕ0,2 |0i2 + ej·ϕ1,1 |1i1 + ej·ϕ1,2 |1i2 + ej·ϕ1,3 |1i3 =


= ej·ϕ0,1 + ej·ϕ0,2 |0i + ej·ϕ1,1 + ej·ϕ1,2 + ej·ϕ1,3 |1i =
r
r
2 j·ϕ0
3 j·ϕ1
·e
·e
=
|0i +
|1i ,
5
5
+

where ∝ means equality up to the normalization factor. We can look at the combination of wave properties (wave probabilistic functions assigned to different states
|0i , |1i) and at the corpuscular behavior (falling of different states |0i , |1i). This
interpretation given for macroscopic systems is very close to “ghost waves” studied
in quantum mechanics [2]. According to this theory, “ghost waves” continuously
create the space of possibilities according to the quantum wave principles in which
the particle behaves (falling one of the states) as a mechanical object.
Because we can register only the falling 0 or 1 (modulus of wave parameters)
the phases could only be measurable based on statistics (an aggregation of the
set of many realizations). Final phase parameters ϕ0 , ϕ1 describe the dependence
between statistics of falling 0 or 1. Unfortunately, they do not carry a phase
information about the unique phases ϕ0,1 , ϕ0,2 , ϕ1,1 , ϕ1,2 , ϕ1,3 . Such information is
lost during an aggregation.

2.3

Classical information gate

The information sources can have the information content assign to the event u
but it cannot be presented because the event is very personal, secret, etc. Such a
situation can be characterized:
I(u) 6= 0, Φ(u) = 0.
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There could exist ways of how to make such information partially visible e.g.
through non-linear information processing2 that can cause the modulation of this
event into other events.
On the other hand, the information source may not have any relevant information content, but it presents the event u through the information flow (fake news).
In such a case we use the following description:
I(u) = 0, Φ(u) 6= 0.
There are other situations where any reasonable function between information
flow and content cannot be found:
I(u) 6= 0, Φ(u) 6= 0, I(u) 6= f (Φ(u)).
The information component with such a feature is called “information norator”
[3].
On the other side, the “information nullator” guarantees zero values for every
situations:
I(u) = 0, Φ(u) = 0.
Transmittance Ri or conductance Gi assigned to i-th component represents a
linear dependence between information flow and content (analogy to well-known
Ohm’s Law) [22]:
Φ(u) =

I(u)
= I(u) · Gi .
Ri

Other information components can include different information sources. Contentoriented information source means that information content is a constant independent of any requested information flow – it is typical for informatics. A Floworiented information source can be defined as a constant information flow even if
the information content is varying.
For the sake of simplicity, let us imagine an information subsystem as an inputoutput information gate that issues from a matrix representation in the following
form [9, 17]:
  
  
 
I2
ta tb
I1
I1
=
·
=T·
,
Φ2
tc td
Φ1
Φ1
where the matrix T is called the transmission matrix.
The basis of information systems is the ability to interconnect individual information subsystems, or in our case, input-output information gates. It is very easy
to imagine the serial or parallel ordering of these subsystems into higher units. A
very interesting model is feedback of information subsystems because this leads to
non-linear characteristics, information systems defined at the limit of stability and
other interesting properties.
2 If you would like to know about this kind of information, you cannot ask for it. It is necessary
to discuss the story in which this information appears. Emotions play a very important role.
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It is hard to find an appropriate system to combine the characteristics of the
different information subsystems described above, but it is possible to create a
group of subsystems – system alliance [26], where these characteristics can be
combined appropriately.

2.4

Quantum information gate

Let us define the wave information flow and the wave information content [20]
assigned to input-ouput information gate:
ψΦ = αΦ,1 · |Φ1 i + αΦ,2 , · |Φ2 i + · · · + αΦ,N · |ΦN i ,
ψI = αI,1 · |I1 i + αI,2 |I2 i + · · · + αI,N · |IN i ,
where Φ1 , . . . , ΦN and I1 , . . . , IN are possible values of information flow and information content3 , respectively. Complex parameters αΦ,1 , . . . , αΦ,N and αI,1 , . . . , αI,N
represent wave probabilities [20].
The information power can be expressed as follows [24]:
ψP I = ψΦ ⊗ ψI = αΦ,1 · αI,1 · |Φ1 , I1 i + · · · + αΦ,1 · αI,N · |Φ1 , IN i + . . .
· · · + αΦ,N · αI,1 · |ΦN , IN i + · · · + αΦ,N · αI,N · |ΦN , IN i ,
where symbol ⊗ means Kronecker operation [5] for vectors transformed into multiplication, each i, j-th component |Φi , Ij i represents a particular value of information power that characterizes the falling / measuring of the information flow Φi
and the information content Ij .
Multiplication of different combinations of the information flows and contents
|Φi , Ij i, |Φk , Il i can achieve the same information power Kr :
Φi · Ij ≈ Φk · Il ≈ Kr .
Finally, an information power in renormalized form can be expressed as:
ψP I = β1 · |K1 i + β2 · |K2 i + · · · + βr |Kr i + . . .
This approach yields to the resonance principle between the information flow and
information content.

3.

Classical physics – information analogies

3.1

Electrics – information analogies

In the current state of information analogies, an electric circuit with its electric current [coulomb per second] and voltage [Joule per coulomb] represents the analogy
of an information model with quantities:
3 Different variants of information flow and content mean the different point of view on the
studied system.
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5

542

Svı́tek M.: Physics-information analogies

assigned to a real physical system (to distinguish the right side of Fig. 1 we use the
term ‘knowledge-based’):
– Knowledge-based action A [Joule-second per bit] – Magneto motive force
(mmf) can be interpreted in magnetic-information analogy as an action that
describes the amount of energy4 that could be obtained from a real system
based on one-bit of information during one second. Different changes of a
real system yield to different values of physical actions. Information flow Φ
from an information model identifies actions in the real world. On the other
hand, new actions (in the real system) can generate new information flows
or, in other words, a new modification of the information model.
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the original traffic model Φ1 , I1 . The better input information Φ1 , I1 the better
control strategy Φ2 , I2 and so on. The performance parameters [21] can be used
for complex system assessment.
The illustrative example presents the links among information gates and the
behavior of a real physical system. The advantage of electric / magnetic analogy is
that it can easily be combined with both the real and the information components
of studied system. We can order these components into more complex structures
including feedbacks. Using this approach, we can model complex systems covering
both their real and virtual parts.

4.

Quantum physics – information analogies

4.1

Quantum features

The quantum approach is appropriate for quantum logic that combines the parallel
existence of different events or processes. We can use this instrument for modelling
the synergies among different parts of reality. For example, in our brain we have
a lot of incomplete information obtained in different time intervals under specific
conditions.
There exists a lot of paths with similar characteristics. Due to high redundancy
of the neural networks we can find many parallel paths with the same measurable
probabilistic characteristics (same modulus of input / output probabilities). The
observer cannot distinguish among them; however, each path can carry different
phase. Switching among parallel paths leads to information coding known in radioelectronics as phase modulation.
Other question asked related to quantum information system is how to use the
inner quantum states. Due to quantum features we have not only two states 0,
1 like in classical informatics but due to phase parameter we have four possible
variants of q-bit: registered 0, registered 1, registered neither 0 nor 1 (empty set),
and registered either 0 or 1 (both variants). Even if we cannot register the pure
values 0 or 1, it is still possible to distinguish between the other two variants:
empty set (neither 0 nor 1) and both variants (either 0 or 1). It means that the
inner states could also be used for quantum information coding.

4.2

Quantum superposition

Let us have N variants of the available information flows Φ̃i and the information
contents Ĩi assigned into the event or process7 :
Φ̃1 , Φ̃2 , . . . , Φ̃N , Ĩ1 , Ĩ2 , . . . , ĨN
Due to the assumption of linearity we can sum them up to achieve the final values
of the information flows and the information contents as follows:

7

|Φ1 i =

|0, 0, . . . , 0i = |0i ,

|I1 i =

|0, 0, . . . , 0i = |0i ,

We do not distinguish in this example between the source and recipient of information
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E
|Φ2 i = |1, 0, . . . , 0i = Φ̃1 ,
E
|I2 i = |1, 0, . . . , 0i = Ĩ1 ,
E
|Φ3 i = |1, 1, . . . , 0i = Φ̃1 + Φ̃2 ,
E
|I3 i = |1, 1, . . . , 0i = Ĩ1 + Ĩ2 ,
...
E
|ΦN i = |1, 1, . . . , 1i = Φ̃1 + Φ̃2 + · · · + Φ̃N ,
E
|IN i = |1, 1, . . . , 1i = Ĩ1 + Ĩ2 + · · · + ĨN .
The quantum information flow and the information content can be represented
as a superposition of above defined N -variants:
ψΦ = αΦ,1 · |Φ1 i + αΦ,2 · |Φ2 i + · · · + αΦ,N · |ΦN i ,
ψI = αI,1 · |I1 i + αI,2 · |I2 i + · · · + αI,N · |IN i .
Widely accepted criterion is the information power that requires optimization of
both information flow and information content. For example, the i, j-th combination yields to the following information power:
E
 

.
|Pi,j i = |Φi , Ij i = Φ̃1 + 0 + · · · + Φ̃i + . . . · Ĩ1 + 0 + · · · + Ĩj + . . .
The values |Φ1 i and |I1 i need not be strictly zero. We can suppose that there
exists some positive or negative information background given e.g. by common
culture, education, experience, evolution. Observers do not perceive the information background behind the events, but it has an impact on the events’ energy. If
we imagine a negative information background it takes more energy to achieve the
positive information content that orders the system. Maybe we can define the term
information ecology that guarantees the positive information background.

4.3

Illustrative example – Quantum information gyrator

In [10] the information gyrator was firstly introduced. The gyrator is composed of
information components like information nullors, information norators and information conductancies.
The information gyrator shown in Fig. 6 was used for the representation of the
brain linear and nonlinear resonance phenomena [6]. A top-down expectation I2 is
flowing to the short-term memory (STM) as information flow Φ1 . The bottom-up
information flow Φ2 carry the more relevant information content I1 to long-term
memory (LTM).
If the output of the information gyrator is terminated by the information capacitance8 , then the input of this gyrator behaves as an information inductor.
8 The
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Fig. 6 Resonant connection with information gyrator [9]

If the input information flow  is connected to short-term memory (capacitance C ) then the resonant connection
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radio-electronics it is known that except for pure resonance frequencies assigned
9

9 Their

number is i multiplied by j.
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to the combinations I1,i , Φ1,i , I2,j , Φ2,j there are also created combined frequencies
known as higher harmonic components. The more variants of information gyrators I1,i , Φ1,i , I2,j , Φ2,j the more different frequencies can occur and the ability of
information coding is increasing.
Considering all frequencies’ variants, it is evident that a complex web of frequencies can be created. If we take each frequency as the carrier of modulated information we can bring the speculative hypothesis that our consciousness is modulated
in this brain network.
The problem of high redundancy in the brain [4] is often solved through time
resolution. It is expected that the fastest reply is the best one because of the shortest processing line based on accumulated knowledge. Such a situation is typical
for the left- and the right-hemisphere. Both hemispheres can process the same
information but due to specialization the proper one gives the fastest result.

5.

Conclusion

In this paper a theory of a complex system was presented by using information
analogy with both classical physics (electrics and magnetic circuits) and quantum
physics (quantum mass parallelism and logic). The key idea is that we recognize the
information flow and the information content as the main quantities in informatics
as e.g. electrical current and voltage is used in electrical engineering. With respect
to this idea the known mathematical instruments of electrical / magnetic circuit
modelling can be applied to the modeling of complex systems.
Quantum extension of information model enables the simultaneous tackling of
many superposed variants (different points of view on studied system) or in other
words can work with many mutually dependent scenarios. The complex systems
can be modeled as serial, parallel or feedback ordering of different quantum information gates. The achieved results can be seen as a feasibility of these analogies
to tackle difficult complex system models.
Another result is the clear separation between an information source and an
information recipient. The recipient sometimes cannot be able to process the
transmitted information and it uses only its part. The interconnection between
an information source and an information recipient could be very complex and
may include non-linearity, hysteresis and also resonance relationships [10]. The
presented model can consider such situations.
The achieved results shown on illustrative examples can be seen as a feasibility of
these methods to tackle difficult complex systems [11,13]. The illustrative examples
given above can be extended into more dimensional case. Time varying parameters
could be also included. Due to high redundancy there are many variants available
of solutions that can occur.
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