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ABSTRACT

The paper presents the theory of wave probabilis-
tic models together with their important features like
inclusion-exclusion rule, product rule and entangle-
ment. These features are mathematically described
and the illustrative example is shown to demonstrate
the possible applications of the theory. The presented
theory can be also applied for modeling of quasi-non-
ergodic probabilistic systems. First of all we show
the new methodology on binary non-ergodic time se-
ries. The theory is extended into M-dimensional non-
ergodic n-valued systems with linear ergodicity evo-
lution that are called quasi-non-ergodic probabilistic
systems.

1. INTRODUCTION

The problem of complex probability functions was
strengthening in quantum mechanics [1,9] where the
phase function was recognized as necessary for in-
formation processing and quantum system modeling.
In [7] the contextual interpretation of phase functions
was presented and the wave probabilistic models were
introduced as necessary part of probabilistic multi-
models. More rigorous introduction into wave proba-
bilistic models was presented in [14] where phase pa-
rameters are interpreted as dependencies parameters
between events. The link between wave probabilistic
functions and complementarity principle was firstly
introduced in [10]. The quantization principle as the
consequence of phase parameters was defined in [6].

The goal of this paper is to continue in this way of
thinking and more rigorously define the wave prob-
abilistic models together with their basic features.
In session 2 the mathematical theory of wave func-
tions is presented together with their geometric in-
terpretation. Session 3 covers the link between wave
probabilities and entanglement. Session 4 describes
entanglement and its impact on consciousness. Ses-
sion 5 presents illustrative example. Session 6 to 11
present quasi-non-ergodic models together with illus-
trative example and Session 11 concludes the paper.
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2. MATHEMATICAL THEORY OF WAVE
PROBABILISTIC FUNCTIONS

A probability space consists of a sample space S
and a probability function P(.), mapping the events
of S to real numbers in [0,1], such that P(S)=1, and
if A1,A2,. . . is a sequence of disjoint events, than sum
rule is fulfilled:

P

(⋃

iεN

Ai

)
=

∑

iεN

P (Ai) (1)

In case the events A1,A2,. . . are not disjoint the
following (product and inclusion-exclusion) rules can
be defined:

P (A1 ∩A2 ∩ . . . ∩An) =
P (A1) · P (A2|A1) · P (A3|A1 ∩A2) · (2)
. . . · P (AN |A1 ∩ . . . ∩AN−1)

P (A1 ∪A2 ∪ . . . ∪AN ) =

=
N∑

i=1

P (Ai −
N∑

i<j

P (Ai ∩Aj) +

+
N∑

i<j<k

P (Ai ∩Aj ∩Ak) + . . . + (3)

+ (−1)N−1 · P (A1 ∩A2 ∩ . . . ∩AN )

Taking into consideration of the basic Laws of
probability defined above we can rewrite them with
help of complex representations (wave functions)
summarized in Theorem 1.

Theorem1:
Let us define N events Ai, iε{1, 2, . . . , N} of a
sample space S, with defined probability functions
Ai, iε{1, 2, . . . , N}, and let us define the N complex
functions:

ψ(Ai = α1 · ej·νi =
√

P (Ai) · ej·νi , iε{1, 2, . . . , N} (4)

with modules
√

P (Ai) and phases νi where the
reference phase assigned to the event A1 is chosen as
ν1 = 0 , than the inclusion-exclusion rule given in (3)
is resented by complex functions:
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P (A1 ∪A2) ∪ . . . ∪AN =

∣∣∣∣∣
N∑

i−1

ψ(Ai)

∣∣∣∣∣

2

(5)

where the phases νi are given by:

νi =

=a cos

(
−1

2
· P ((A1 ∪A2 ∪ . . . ∪Ai−1) ∩Ai)√

P ((A1 ∪A2 ∪ldots∪Ai−1)) · P (Ai)

)
+

+ν1,2,...,i−1 (6)

where ν1,2,...,i−1 is computed from1 :

ψ = (A1 ∪A2 ∪ . . . ∪Ai−1) = α1,2,...,i−1 · ej·ν1,2,...,j−1

Proof : It is presented in [15].
Theorem 2:
Let us define N events Ai, iε{1, 2, . . . , N} of a

sample space S, with defined probability functions
P (Ai), iε{1, 2, . . . , N}, and let us define the N com-
plex functions:

ψ(Ai) = αi · ei·νi =
√

P (Ai) · ei·νi , iε{1, 2, . . . , N} (7)

with modules
√

P (Ai) and phases νi are defined in
(6) where the reference phase assigned to the event
A1 is chosen as ν1 = 0, than the inclusion-exclusion
rule given for subset of events Ar, rε{k1, k2, . . . , km}
is given as:

P (Ak1 ∪Ak2 ∪ . . . ∪Akm)= lim√
P (Ak)→0

k 6=k1,...,km

∣∣∣∣∣
N∑

i=1

ψ(Ai)

∣∣∣∣∣

2

(8)

Proof:
The proof of Theorem 2 arises directly from The-

orem 1 which was proven for all probabilistic val-
ues

√
P (Ai), Ai, iε{1, 2, . . . , N} including zeros. The

zero probabilistic values have impact on phase param-
eters νi and change them in such a way that equation
(8) is fulfilled.

3. WAVE PROBABILITIES AND ENTAN-
GLEMENT

Quantum entanglement2 is a quantum mechanical
phenomenon in which the quantum states of two or
more objects have to be described with reference to

1 α1,2,...,i−1 and ν1,2,...,i−1 are modulus and phase of com-
plex wave function ψ(A1) ∪A2 ∪ . . . ∪Ai−1

each other, even though the individual objects may
be spatially separated. This leads to correlations be-
tween observable physical properties of the systems.
For example, it is possible to prepare two particles
in a single quantum state such that when one is ob-
served to be spin-up, the other one will always be
observed to be spin-down and vice versa, this despite
the fact that it is impossible to predict, according to
quantum mechanics, which set of measurements will
be observed. As a result, measurements performed
on one system seem to be instantaneously influencing
other systems entangled with it.

As an example of identically entangled (two dimen-
sional binary) events we can use the spin-up and spin-
down from quantum mechanics. If two electrons with
spins are entangled measurement of spin-up on first
electron yields into spin-up on second one. Contrary,
measurement of spin-down on first electron yields into
spin-down on second one.

Theorem 3:
Let us suppose we have N discrete values

Ai, iε{1, 2, . . . , N} with probabilities P (Ai), iε{1, 2,
. . . , N} and complex functions ψ(Ai):

ψ(Ai) =
√

P (Ai) · ej·νi (9)

where the phases νi are given in agreement with The-
orem 1, than all events Arε{r1, . . . , rn} are fully en-
tangled if the following form holds:

P (Ar1 ∪ . . . ∪Arn) =
lim√

P (Ak)→0

k 6=r1,r2,...,rn

|ψ(A1 + ψA2+. . .+ψ(AN )|2 = (10)

|ψ̃(Ar1) + . . . . . .+ψ̃(Arn)|2 ≡ 0

which means:

P (Ār1 ∩ . . . ∩ Ārn) = 1 (11)

where Āri means the inversion of event Ari (for binary
case Āri means that even Ari never happen).

Proof:
The Theorem 3 is coming-out directly from

inclusion-exclusion rules and from definition of wave
probabilities. Phase parameters assigned into wave
functions can be either positive or negative ones.

The limit in (10) modifies phases for the se-
lected subset of events {Ar1 , Ar2 , . . . , Arn} to com-
ply with inclusion-exclusion rule. For special cases
the inclusion-exclusion rule can yield into zero due to
wave resonances within phases of events. This special
case can be reached for special set up of phases.

2 We used for description of entanglement princi-
ple definition from Wikipedia available on web page:
http://en.wikipedia.org/wiki/Quantum entanglement
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Zero probability (10) directly yields into equation
(11) that defines that state characterized by Ār1 ∩
. . . ∩ Ārn

will surely occur. This state is not random
but fully deterministic and so spatially spread within
events {Ar1 , Ar2 , . . . , Arn}.

It can be stated that entanglement is logical result
of probabilistic wave functions and represents some-
thing like wave functions resonance yielding into de-
terministic states.

4. ENTANGLEMENT AND CONSCIOUS-
NESS

The entanglement has a lot of surprising features.
One of them is “entanglement swapping”. Let us have
four events A1, A2, A3, A4.

Let us suppose the entanglement exists between
A1, A2 and also between A3, A4. If A1, A4 have never
interacted, the result of entanglement swapping is
that A1, A4 will be also entangled in case there ex-
ists entanglement between events A2, A3. The more
entangled events the more swapping states exist in
our set of events. This feature can be used to explain
a lot of tasks.

For connection between entanglement and con-
sciousness, we use the arguments given at [13] de-
scribing the theory of consciousness: carriers of con-
sciousness are maximal coherently entangled states,
and all such states are carriers of consciousness. The
consciousness carrier based on this interpretation is
spatially distributed state whose separated parts are
entangled.

5. ENTANGLEMENT - ILLUSTRATIVE EX-
AMPLE

Let us take two events At and At+1 with wave
functions ψ0 and ψ1. Let us define the probability:

P (At = 0 ∪At+1 = 1) =
|ψo|2 + |ψ1|2 + 2 · |ψo · ψ1| · cos(∆ψ) (12)

where ∆ψ is phase difference between wave func-
tions ψ1 and ψ1. Suppose now with respect to Theo-
rem 3 that:

P (At = 0 ∪At+1 = 1) = 0 (13)

This case can happen for following values of ∆ψ:

∆ψ = a cos
(
−1

2
· |ψ0|2 + |ψ1|2

|ψ0 · ψ1|
)

(14)

If, for example, ψ0 = ψ1 = 1/
√

2 than ∆ψ = π
represents the entanglement.

As the result of entanglement we can write that
following events will surely happen (there are not ran-
dom values):

P (At = 1 ∩At+1 = 0) = 1 (15)

We can start also with following probability instead
of (18):

P (At = 1 ∩At+1 = 0) = 0 (16)

Than entanglement yields to:

P (At = 1 ∩At+1 = 1) = 1 (17)

Both equations (16) and (17) can be written to
quantum “bra-ket” representation:

|ψ〉 =
1√
2
(|01〉+ |10〉) (18)

Measuring the first event At (probability of mea-
suring 0 is 1/2 and probability of measuring 1 is also
1/2) fully determines the value of At+1 according to
(18).

6. WAVE PROBABILISTIC MODEL OF
NON-ERGODIC BINARY PROCESSES

We start our discussion with probabilistic binary
process and we will show the models of the zero or
one occurrence (probability and structure) in form
of wave probabilistic functions. The process is gen-
erally defined as the ensemble of multiple spatially
distributed events realized according to predefined
model (wave function). By other words it means par-
allel existence of spatially linked time processes.

Let us define the binary process in “bra-ket3 ” form
[17]:

|ψ〉
√

(1− p) · |0〉+
√

p · ej·ψ · |1〉 (19)

Parameter p defines the probability of occurrence
of state |1〉 in every distributed state. The probabil-
ity of occurrence of state |0〉 must be (1 − p). The
phase ψ plays the role of “structural” parameter that
expresses the rate of space ensemble randomness [16].

Process defined in (19) is time independent which
means that the spatially distributed states fulfill the
ergodic theorem because the time average of a series
along the time trajectories exists almost everywhere
and is related to the space (set of realizations) aver-
age.

In case the complex parameters of “bra-ket” model
will be time dependent we speak about non-ergodic
probabilistic binary process. Since the non-ergodic
processes are very difficult to model we will ease
our requirements only to quasi-non-ergodic processes
with linear time evolution of complex “bra-ket” pa-
rameters.
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If we add the time varying phase parameter we can
rewrite “bra-ket” function (19) as follows:

|ψ〉 =
√

(1−Aω) · |0〉+
√

Aω · ej·ω·t · |1〉 =

=
√

(1−Aω) · |0〉
√

Aω · ej·(ω·t+ψω) · |1〉 (20)

where parameter Aω defines the probability of oc-
currence of state |1〉. Parameter ψω expresses the ini-
tial structure of studied set of (spatially) distributed
states. Parameter ω represents the frequency of con-
tinual structuring and randomizing of (spatially) dis-
tributed states. Due to the time evolution of complex
parameters (20) the ergodic condition is not fulfilled.

The parameters for state |0〉 can be easily com-
puted from parameters assigned to state |1〉 because
Aω must be maximally equal to one to be probability
function and the phase assigned to state |0〉 is sup-
posed to be normalized reference phase (4) and equal
to zero. The frequency ω can be interpreted as the en-
ergy spent to “structuring” or “randomizing” the set
of distributed states with respect to chosen frequency
ω.

We use the notation Aω, ψω as modulus and ini-
tial phase parameters assigned to frequency ω. They
represent the frequency decomposition in same way
as Fourier transform. The (20) can be used as one
frequency component (modulus and initial phase) of
non-ergodic binary time series.

The general periodic non-ergodic behavior can be
expressed as the sum of different frequency compo-
nents:

|ψ, t〉 =

√√√√1−
(

1∑

i=1

√
Aωi · ej(ωi·t+ψω)

)2

· |0〉+

(
N∑

i=1

√
Aωi · e(ωi·t+ψi)

)
· |1〉 (21)

where the final modulus and phase assigned to
state |1〉 are:

N∑

i=1

√
Aωi · e(ωi·t+ψi) =

√
Ã(t) · ej·ψ̃(t) (22)

where Ã(t) is time evolution of probability of state
|1〉 and ψ̃(t) is the evolution of the link among differ-
ent spatially distributed processes (expressing struc-
turing and randomizing). The complex parameter
assigned to |0〉 is computed from the normalization
and reference condition:

|ψ, t〉 =
√

1− Ã(t) · |0〉+
√

Ã(t) · ej·ψ̃(t) · |1〉 (23)

3 “Bra-ket” notation is a standard notation for describing
quantum states in the theory of quantum mechanics composed
of angle brackets and vertical bars [9].

Equation (23) can be understood as the “bra-
ket” representation of general non-ergodic binary
probability process. We can see in (22) that for every
state |0〉, |1〉 the discrete modules and phase spectrum
can be defined. It means that time-evolution is mod-
eled by periodic function. The discrete spectrum can
be replaced by continuous one4.

7. NON-ERGODIC AND QUASI-NON-
ERGODIC N-VALUED PROBABILISTIC
PROCESSES

Let us generalize the binary process (10). The n-
valued process observed in time interval t in “bra-ket”
form can be expressed:

ψ(I, α, t) = α1(t) · |I1〉+ . . . + αn(t) · |In〉 (24)

where I1, I2, . . . , In is the set of possible values ap-
peared in studied process and α1(t), α2(t), . . . , αn(t)
are complex parameters normalized under form:

|α1(t)|2 + |α2(t)|2 + . . . + |αn(t)|2 = 1 (25)

The equation (24) can be interpreted as the exis-
tence of different spatially distributed n-valued states
in each time interval t. Modules |α1(t)|2, . . . , |αn(t)|2
represent the probabilities of falling I1, I2, . . . , In (in
time interval t) in every distributed state. The
phases of α1(t), α2(t), . . . , αn(t)assigned to values
I1, I2, . . . , In give us the order distribution (rate of or-
der or randomness) among spatially distributed states
(also in time interval t). Since the modulus and
phases of complex parameters α1(t), α2(t), . . . , αn(t)
are time-dependent than the equations (24) and (25)
can be understood as the instrument for the non-
ergodic processes description and modeling.

The time evolution of non-ergodic processes can
be transformed into time evolution of complex pa-
rameters’ vector α1(t), α2(t), . . . , αn(t). We de-
fine the quasi-non-ergodic n-valued process in such
a way that time evolution of complex parameters
α1(t), α2(t), . . . , αn(t) fulfils the linear time-invariant
(LTI) evolution trajectory. Let us extend (24) and
(25) into quasi-non-ergodic form:




α1(t + 1)
α2(t + 1)

·
α3(t + 1)


= k·








a1,1 a1,2 · a1,n

a2,1 · · ·
· · · ·

an,1 an,2 · an,n


·




α1(t)
α2(t)
·

α3(t)


+




b1

b2

·
bn








(26)

where complex parameters of studied probabilistic
process are given as α1(t), α2(t), . . . , αn(t), the ma-

4 In this case the sums in (21) are replaced by integrals.
This replacement means the transition from Fourier series into
Fourier transform.
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trix A and vector b are the evolution (generally com-
plex) parameters and constant k guarantees the nor-
malization condition (25) in each time interval t.

8. PROCESSING OF QUASI-NON-ERGODIC
SIGNALS

The evolution of complex parameters α1(t), α2(t),
. . . , αn(t) presented in (26) can be further extended
for more complex processing algorithms yielding into
probabilistic quasi-non-ergodic circuits covering e.g.
positive or negative feedback, filtering, etc.

Equation (26) can be seen as time evolution with
finite response (FIR - Finite Impulse Response). On
the other hand we can generally define the quasi-non-
ergodic processes with infinite response (IIR - Infinite
Impulse Response) as follows:




α1(t + 1)
α2(t + 1)

·
α3(t + 1)


= k ·




a1,1 a1,2 · a1,n

a2,1 · · ·
· · · ·

an,1 an,2 · an,n


·




α1(t)
α2(t)
·

α3(t)


+

+




b1,1 b1,2 · b1,n

b2,1 · · ·
· · · ·

bn,1 bn,2 · bn,n


·




β1

β2

·
βn


 (27)

where complex parameters of studied quasi-non-
ergodic process are given as α1(t), α2(t) . . . , αn(t), the
matrix A and B are the evolution (generally com-
plex) matrixes, constant k guarantees the normal-
ization condition (25) in each time interval t and
β1(t), β2(t) . . . , βn(t) is the vector of normalized com-
plex parameters assigned into input probabilistic pro-
cess:

ψ(I, β, t) = β1(t) · |I1〉+ . . . + βn(t) · |In〉 (28)

We can continue in this way of thinking and try
to move from the circuit concept into more gen-
eral quasi-non-ergodic system model. In next chapter
we will introduce SISO (single-input, single-output)
and MIMO (multi-input, multi-output) quasi-non-
ergodic system models.

9. SISO QUASI-NON-ERGODIC SYSTEMS

In this chapter we will describe quasi-non-ergodic
SISO systems based on the processing form (27).
The presented methodology enables us to build the
basic blocks in the same way as in classical sig-
nals and systems theory. The general description
of processing building block of quasi-non-ergodic pro-
cesses can be defined:




γ1(t + 1)
γ2(t + 1)

·
γ3(t + 1)


= k1 ·








a1,1 a1,2 · a1,n

a2,1 · · ·
· · · ·

an,1 an,2 · an,n


·




γ1(t)
γ2(t)
·

γ3(t)


+

+




b1,1 b1,2 · b1,n

b2,1 · · ·
· · · ·

bn,1 bn,2 · bn,n


 ·




β1

β2

·
βn








(29)




α1(t)
α2(t)
·

α3(t)


= k2 ·








c1,1 c1,2 · c1,n

c2,1 · · ·
· · · ·

cn,1 cn,2 · cn,n


·




γ1(t)
γ2(t)
·

γ3(t)


 +

+




d1,1 d1,2 · d1,n

d2,1 · · ·
· · · ·

dn,1 dn,2 · dn,n


 ·




β1(t)
β2(t)
·

βn(t)








(30)

where the matrices A, B, C, D are the LTI
(Linear Time Invariant) evolution n × n matrixes,
constants k1, k2 guarantee the normalization condi-
tions in each time interval t and complex parameters
γ1(t), γ2(t), . . . , γn(t) represent the inner parameters
of state-space process:

ψ(I, γ, t) = γ1(t) · |I1〉+ . . . + γ1(t) · |I1〉 (31)

The most general model for e.g. SISO systems
can be defined also through time varying evolution
matrixes A(t), B(t), C(t), D(t) of (29) and (30). Be-
cause of the difficulty in modeling time evolution of
matrices A(t), B(t), C(t), D(t) we can preferably in-
troduce the quasi-non-ergodic model and use the ap-
proach known in dynamical system theory like ex-
ponential forgetting, etc. [6]. This instruments en-
able us partly to model the slow evolution of matrices
A(t), B(t), C(t), D(t).

10. MIMO QUASI-NON-ERGODIC SYS-
TEMS

We can extend the SISO systems into more general
MIMO ones by generalizing of the vectors used in (29)
and (30) as follows:

α̃(t)=




1α1t
·

1αnt
2α1t
·

2αnt
·
·
·

Mα1t
·

Mαnt




, β̃(t)=




1β1t
·

1βnt
2β1t
·

2βnt
·
·
·

Mβ1t
·

Mβnt




, γ̃(t)=




1γ1t
·

1γnt
2γ1t
·

2γnt
·
·
·

Mγ1t
·

Mγγnt




(32)
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where we suppose to have M-dimensional input,
output and state vectors each of which is quasi-non-
ergodic n-valued probabilistic process.

The normalized5 MIMO quasi-non-ergodic system
can be described by:

γ̃(t + 1) = Ã · γ̃(t) + B̃ · β̃(t)
α̃(t) = C̃ · ·γ̃(t) + D̃ · β̃(t) (33)

Equation (33) can be considered as the most gen-
eral form of quasi-non-ergodic MIMO system. The
other above presented examples can be easily derived
from it. Dynamical systems described by (32) can be
reduced into more dimensional systems with diago-
nal matrix Ãin accordance to reduction method pre-
sented in [6]. The set of connected one-dimensional
models (in quantum way, e.g. entanglement, etc.)
evokes the brain functionality.

The state-space model represented by matrices
Ã, B̃, C̃, D̃ can be easily transformed into transmis-
sion function S(z) as follows:

S(z) = C̃ · (z · I − Ã)−1 · ˜̃B + D̃ (34)

where z is the complex parameter used in z-
transform [6] and I is unit matrix. The transmis-
sion functions enable to connect different blocks rep-
resented by matrices Ã, B̃, C̃, D̃ into serial, parallel,
feed-back, etc. ordering and build more and more
complex systems. The identification method of un-
known matrices Ã, B̃, C̃, D̃ is not part of this paper
and it will be studied in forthcoming research steps.

11. QUASI-NON-ERGODIC SYSTEMS - IL-
LUSTRATIVE EXAMPLE

Let us define the three valued I1, I2, I3 input quan-
tum object represented by:

|ξ, t〉η = β1(t) · |I1〉η + β2(t) · |I2〉η + β3(t) · |I3〉η (35)

Based on the above results we know that form (35)
characterizes the input time series that is supposed
to be the ergodic and fully random one. Than the
assigned input wave functions fulfilling these require-
ments must yield into constants:

β1(t) = β2(t) = β3(t) =
1√
3

(36)

We can suppose the quasi-non-ergodic processing:




α1(t)
α2(t)
α3(t)


=k(t) ·








a1,1 a1,2 a1,3

a2,1 a2,2 a2,3

a3,1 a3,2 a3,3


·




α1(t− 1)
α2(t− 1)
α3(t− 1)


+

+




b1,1 b1,2 b1,3

b2,1 b2,2 b2,3

b3,1 b3,2 b3,3


 ·




β1(t)
β2(t)
β3(t)






 (37)

5 Normalizing constants are parts of matrixes A,B,C,D.

with initial condition:

α1(1) = α2(1) = α3(1) =
1√
3

(38)

and numerical values:

A =




0 1 0
0 0 0

0.1 · j 0.1 + 0.3 · j 0.5 + 0.2 · j


 (39)

B =




1 0 0
0 1 0
0 0 1




The processing algorithm (37) transforms the in-
put process (35, 36) into output process characterized
by

|ψ, t〉η = α1(t) · |I1〉η + α1(t) · |I2〉η + α1(t) · |I3〉η (40)

of course, under the normalization conditions:

|α1(t)|2 + |α2(t)|2 + |α3(t)|2 = 1 (41)

Fig. 1 shows time evolution of wave function α1(t)
in complex plane without normalization by parameter
k(t) as it is shown in (37). Other two wave functions
can be presented in similar way.

Fig. 2 present time evolution of probabili-
ties P1(t), P2(t), P3(t) computed from wave functions
α1(t), α2(t), α3(t) of output process. We can see that
our approach enabled us to catch very complex time
evolution of probabilities of falling/measuring states
I1, I2, I3.

Fig.1: Time evolution of wave function α1(t) in
complex plane
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Fig.2: Time evolution of probabilities
p1(t), p2(t), p3(t) of output process

12. CONCLUSION

In the paper the wave probabilistic models were
rigorously introduced and the mathematical compar-
ison between usually used probabilistic models and
wave probabilistic models was presented. The math-
ematical theory point out on the applicability of wave
probabilistic models and their special features. The
quantum entanglement was explained as the conse-
quence of phase parameters and it can be interpreted
as the resonance principle of wave functions.

The results of wave functions resonance are fully
deterministic spatially distributed states with a lot
of properties. In paper the entanglement swapping
was briefly discussed as the possible carriers of con-
sciousness. The achieved entanglement interpretation
can yield in the new learning algorithm of quantum
systems. Based on training data the entanglement
among network components could be found. Gen-
eralization principle can be understood as e.g. the
entanglement swapping.

We can understand that the presented methodol-
ogy yields into new models taking into account the
structure of time series or by other words the time
series ordering. It was shown that for time evolution
models the theory of LTI dynamical systems can be
used together with all instruments like serial, par-
allel or feed-back ordering. Due to these features
very complex quasi-non-ergodic processes and sys-
tems could be modelled. We can speak about very
complex circuits covering a lot of feed-backs, etc.

The application of presented methodology was
shown on modelling of binary time series and three-
valued quasi-ergodic process. These examples only
show how the quasi-ergodicity can be represented and
how the analyze can be done. Good news is that the
instrument for modelling dynamical LTI systems [6]
is applicable. This instrument can be used to find the

stability of our system, its time response and trans-
mission function, frequency characteristics, etc.

The inspiration for the above defined problem
came from quantum physics [1, 4, 6, 7]. The anal-
ogy with quantum mechanics could be seen as very
interesting and is likely to bring a lot of inspiration
for the future work in statistical modelling area and
wave probabilistic models.
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