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Abstract

There are mainly used two basic approaches for probabilistic modeling of motion: stochastic
in which the object literally makes succeeding random decisions using arbitrarily chosen by
us probabilities or ergodic in which we usually assume some chaotic classical evolution and
probabilities appear while averaging over infinite trajectories. Both approaches assume we
know the exact way the system evolves.

In contrast, in this thesis we will focus on thermodynamical motion models assuming max-
imal uncertainty. Specifically, in the space of possible choices of transition probabilities, we
take the optimizing entropy or free energy one. Equivalent condition appears to be calculating
transition probabilities as proportions between single steps in canonical ensemble of trajecto-
ries going through a given point. This makes these probabilities depending on the whole
space - the walker cannot directly use them. This model is thermodynamical: only we use it
to predict the most probable behavior. Standard diffusion models like Brownian motion can
be seen as obtained by locally maximizing uncertainty. For regular space it agrees with fully
maximizing entropy choice of transition probabilities, but, while local approximation leads to
nearly uniform stationary probability, presented approach in general has strong localization
property. Specifically, its stationary probability density is the square of coordinates of the min-
imal energy eigenvector/eigenfunction of a Hamiltonian for given situation, for example used
in Bose-Hubbard or Schrodinger approaches - finally getting agreement with thermodynami-
cal predictions of quantum mechanics. It also provides us natural intuition about the squares
relating amplitudes and probabilities: amplitudes correspond here to probabilities on the end
of ensembles of half-paths toward the past or the future, while to get probabilities on constant
time cut of ensemble of full paths we have to multiply both amplitudes.

We will mainly focus on deep understanding of discrete case, which is mathematically
simpler: the space is a graph and the question is how to assign probabilities to its edges. The
basic Maximal Entropy Random Walk (MERW) choice will be derived and discussed in general
form - including asymmetric graphs, multi-edge graphs, periodic graphs and various transition
times.

Next MERW will be first extended by using potential to assign weights to paths. Within
such an extension, after making infinitesimal limit, we will get the Schrédinger’s case. Con-
sidering time dependent potential will lead to probability current similar as it is in quantum
mechanics, or to thermodynamical analogues of Ehrenfest equation, momentum operator and
Heisenberg principle. Next we will generalize presented approach to multiple particle case by
considering ensembles of histories of configurations instead of trajectories. We will focus on
fixed number of particles and then by introducing creation/annihilation operators we will get
the Bose-Hubbard Hamiltonian for varying numbers of particles.
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Chapter 1

Introduction

There are two mostly used probabilistic approaches to modeling the motion. From one
side there are diffusion/stochastic approaches in which we assume that the object literally
makes succeeding random decisions, accordingly to local transition probabilities we arbitrar-
ily choose. From the other side there are classical chaos models, in which we usually assume
some deterministic evolution and probability density appears on ergodic level: while aver-
aging position over infinite trajectory. These models assume that we know and control the
exact way the system evolves, while in real physics there is usually additional large number
of degrees of freedom, hidden for us, which in practice can be considered only as thermal
fluctuations.

Above approaches use strong assumption that we know the exact evolution model. In
contrast, in thermodynamics we assume maximal uncertainty - for example if there is no
base to emphasize some scenarios, we should assume uniform probability distribution among
possibilities. So thermodynamics is not able to predict the exact situation, but only the most
probable set of probabilistic parameters like a density function. Standard application of this
philosophy is the static picture - canonical ensemble of possible configurations in a single
moment.

In this thesis thermodynamical approach is applied to model the motion - to find the most
probable probabilistic description of dynamics in situations when there is no base for strong
assumptions like for models which use diffusion or chaos approaches. Our considerations
will be based on thermodynamical principles like maximizing entropy production or generally
minimizing free energy. This condition appears to be equivalent to assuming canonical en-
semble of possible scenarios, which this time are not static, but dynamical instead - we will
assume Boltzmann distribution among dynamical scenarios, like trajectories or histories of
configuration.

We base our considerations on local transition probabilities like it is in diffusion mod-
els. However, there are essential differences between values and interpretations of both ap-
proaches. This time the local probabilistic rules are not arbitrarily chosen as usually, but they
are found accordingly to thermodynamical principles - as a proportion between infinitesimal
steps in canonical ensemble of possible paths going through a given point, like in the Fig. 1.1.
Considering ensemble of whole paths requires to know the whole space - in opposite to diffu-
sion approach, this time the object cannot have this nonlocal knowledge. Generally direct use
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Figure 1.1: Different philosophies of probabilistic approaches to motion.

by the object of calculated probabilities is not the essence of thermodynamical models - the
latter assume that the object just chooses a trajectory in too complex or uncontrollable way, so
we should assume uniform or Boltzmann distribution among possible trajectories which the
object could choose. The obtained probabilities are only to be used by us to find the most
probable behavior.

We will see that the standard "static" statistical physics picture and diffusion models can
be seen as local approximation of maximal uncertainty principle. In many situations, like
regular space or lattice, both approaches lead to the same predictions. However, irregularities
make that, while locally they might look similar, they usually have drastically different global
behavior. For example, while diffusion leads to nearly uniform stationary density, densities in
fully maximizing entropy models usually strongly localize in the largest defect-free region. The
Figure 1.2 shows example of such surprising difference for two basic models we will consider
- Generic Random Walk (GRW) as a representant of standard approach locally maximizing
uncertainty (leading to Brownian motion in infinitesimal limit) and Maximal Entropy Random
Walk (MERW) as the basis of thermodynamical motion models we will consider.

The natural question is: which approach corresponds better to the reality? If theoretical
reasoning is not convincing enough, let us compare this huge difference in predicted dynami-
cal thermal equilibrium with expectations of another basic tool used to model reality, namely
the quantum mechanics. It predicts that a system in rest releases abundant energy and
finally deexcitates to the ground state thermal equilibrium. We will see that the stationary
probability densities predicted by the MERW-based models are squares of coordinates of
the lowest energy eigenvector/eigenfunction of the Hamiltonian for a given situation. For
example, in opposite to the standard approach, stationary probability density agrees with
thermodynamical predictions of quantum mechanics for Bose-Hubbard or Schrédinger cases.
In analogous experimental situation, strong localization property can be seen for example
in recent STM measurements of electron density in a semiconductor defected lattice [1].
The general conclusion is that if we want to get agreement between statistical physics and
thermodynamical predictions of quantum mechanics, we should not use ensemble of static
scenarios, but dynamical ones: trajectories or histories.

The base of MERW approaches is the maximum uncertainty principle - that when we have
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Figure 1.2: Two of possible ways of choosing transition probabilities on given graph and
example of probability density evolution they produce for 2D lattice with cyclic boundary
condition, in which all vertices but marked defects have additional self-loops (edge to itself).

no additional information, we should assume uniform probability distribution among possible
scenarios. If we would like to model our system using some parameterized family of statistical
models, this principle translates to that there should be used the set of parameters which
maximize entropy. For example, if there is some completely unknown length n sequence of
0/1 symbols, the number of possibilities is 2". Restricting to sequences such that p € [0,1] of
symbols are "0", asymptotic behavior of their number is:

(pnn) r 2"P) where h(p) := —plg(p) — (1 - p)lg(1 —p)
is Shannon’s average entropy production and has single maximum: 1 (bit of information per
symbol) for p = 1/2 and where we will use Ig(x) :=log,(x) notation. So if among all possible
0/1 sequences we restrict to only those having p very near 1/2, this looking generic subset in
fact asymptotically contains practically all sequences. Assuming a different probability or some
unjustified correlations would reduce the average entropy production which is the parameter
in the exponent above - statistical model which maximizes entropy asymptotically completely
dominates all the others. Such universal purely combinatorial domination is much stronger
than only representing our knowledge - if there are no physical reasons to emphasize some
patterns, complex uncontrolled evolution should lead to any of possible sequences with the
same probability. For example, while counting patterns in some created by nature sequence of
noninteracting objects, average number of patterns should asymptotically lead to conclusion
that the sequence is uncorrelated (so called asymptotic equipartition principle). The situation
becomes more complicated if there is dynamics involved - we will see that what standard
approach to stochastic modeling unknowingly do, is analogue to assuming here that p is not
equal to 1/2, but it is an approximate value.
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Figure 1.3: Left: Shannon entropy for (p, 1 — p) probability distribution (Ig(x) := log,(x)).
Right: schematic distribution of subset size while restricting set of length n sequences of 0/1
to having p of "0" - Gaussian distribution degenerates to Dirac delta in n — oo limit.

We will start our considerations with discrete situation, obtained for example by discretiza-
tion of a continuous system, like assigning vertices to subsets of possibilities and choosing
adjacency matrix describing possible transitions (M;; € {0, 1}). For this graph, we would like
to choose transition probabilities - as follows: for each allowed transition (i, j): M;; = 1, we
choose a probability S;;, normalized for each vertex O ;Sij = 1). Obviously there is a large
freedom in the choice of the matrix S. Standard approach maximizes uncertainty locally by as-
suming that for each vertex, each outgoing edge is equally probable - this choice is sometimes
called "a drunken sailor", here we will call it Generic Random Walk (GRW). In infinitesimal
limit it leads to the Brownian motion. It can be seen that for each vertex we maximize en-
tropy production for the next choice. However, it appears that this local approximation does
not maximize average entropy production H(S) := — ., m; 3., S;;18(S;;), where 3, m;S;; = m;
is the stationary probability distribution which this stochastic process leads to. H(S) can be
seen as average entropy per step in ensemble of paths produced by this choice of transition
probabilities. So maximizing H(S) in the space of all possible S for a given graph denotes
choosing probabilities such that all possible paths on this graph become equally probable. We
will see that, like in Fig. 1.1, we can find S also by direct calculation of proportions of single
steps inside uniform ensemble of full paths, infinite in both directions. Such choice of S will
be called Maximal Entropy Random Walk (MERW) and it can be determined for example by
condition that for each two points each path of given length between them is equally probable.

So while we should use GRW only if the walker indeed uses exactly given transition
probabilities, MERW should be used (by us only) if there is no base to assume any local
probabilistic rules. Obviously, there are cases where it is not true: for example if the walker
indeed throws a dice in each intersection in order to use GRW directly. Generally this "no
contraindications" condition is extremely subtle and there are rather no simple rules to
answer if there are no hidden local probabilistic rules involved. One suggestion when to
use maximal uncertainty is to compare its results with predictions of other theories. The
above mentioned agreement with thermodynamical equilibrium of quantum mechanics
suggests to use it for quantum scale objects. Another criterion can be using that while GRW
emphasizes a concrete discrete distance to the neighboring vertices, we will see that MERW
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can be derived as its scale-invariant limit in which this characteristic length goes to infinity.
So if the walker is a person, he, among other details, thinks in category of single discrete
choices suggesting to shift toward GRW-like local models. From the other side, an example
is provided by an electron in a crystal lattice - it behaves mainly accordingly to electromag-
netic field generated by all atoms, so even if there is a discrete lattice there, the system
remains deeply continuous, suggesting to use the MERW-like approach. Of course, there re-
mains a large spectrum of possibilities between these extremal choices, for example we could
maximize entropy under some local probabilistic constraints to model some concrete situation.

Abstract ensembles of four-dimensional scenarios also bring natural intuition about Born
rule: amplitudes and probabilities become related when we focus on a constant-time cut of the
ensemble. For a given moment, when past and future half-paths of abstract scenarios meet,
we will see that the lowest energy eigenvector of Hamiltonian (amplitude) is the probability
density on the end of separate one of these past or future ensembles of half-paths. Now the
probability of finding particle in a given point in that instant of time, is the probability of
reaching this point from the past ensemble, multiplied by the same value for the ensemble of
future scenarios under consideration. Clearly it is the square of amplitude.

In physical applications uniform distribution among scenarios is usually replaced by the
Boltzmann distribution - for this purpose we will introduce a potential to the graph. Thanks of
it, while taking infinitesimal limit of graphs being regular lattices, the Hamiltonian becomes
as it is in the standard Schrodinger equation. For example the model implies that from purely
thermodynamical point of view, while considering corpuscular electron in a proton potential,
the best assumption is dynamical equilibrium state having probability density of the quantum
ground state.

The latter consequence of assuming only canonical ensemble of possible trajectories cor-
rectly brings in mind the Feynman euclidean path integrals [2]. While they are mathematically
very similar, there are also differences. One of them is the philosophy behind - euclidean path
integrals are seen as obtained assuming axioms of quantum mechanics and then making philo-
sophically problematic Wick rotation. From the other side, the presented approach uses only
mathematically universal principles of thermodynamics - we do not assume axioms of quan-
tum mechanics, but derive their thermodynamical consequences. Another difference from the
path integral approach is that these considerations start with continuous physics, while here
we rather focus on the discrete case, what allows for additional intuitions and understanding
of mathematical nuances. There is also essential mathematical difference between propaga-
tors in these two approaches - the one obtained from euclidean path integral is not properly
normalized to be stochastic propagator. In the presented approach there appears required
additional term (Y ,(y)/vo(x)) implying nonlocality of this effective model: depending on
the ground state eigenfunction it depends also on the information about the whole system.
Besides nonlocality we will face also other problematic effects of quantum mechanics, like
retrocausality in recently confirmed Wheeler’s experiment [3]. We need to remember that
these models are effective - they only represent our knowledge and we cannot imply that such
effects come directly from the underlying fundamental physics. Nonlocality/retrocausality of
a model representing our knowledge denotes only that some additional experience may bring
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missing information about some distant/past situation.

Different concept which might seem connected is Nelson’s stochastic interpretation of
quantum mechanics [4]. I would like to distinct models considered here from such ambitious
approaches to recreating the whole quantum mechanics. The goal of this thesis is only to
improve stochastic modeling by not arbitrarily choosing transition probabilities as usual,
but finding them accordingly to thermodynamical principles instead. Resulted models are
in agreement with predictions of quantum mechanics only when their domains intersect
(thermal equilibrium), but generally there are essential differences between them, for
example deexcitation process is continuous here. Mathematically closer to the MERW-based
approach is so called "euclidean quantum mechanics" of Zambrini [5] - similar formulas
can be found there for single particle in time independent continuous case. There are also
essential differences, mainly: similarly to Nelson’s interpretation, the Zambrini motivation is
pure resemblance to quantum mechanics and instead of standard evolution, he uses so called
Bernstein process: situation in both past and future (simultaneously) enables him to find the
current probability density.

The disagreement of standard stochastic models (approximating thermodynamical prin-
ciples) with thermodynamical predictions of quantum mechanics is one of many reasons of
reluctance for imagining electron as a particle - undividable charge carrier, of radius so small
that it is practically unmeasurable in particle collider experiments. Orthodox view on quan-
tum mechanics lead physicists to ignoring this half of wave-particle duality. However, seeing
electron as only a wave does not longer apply to macroscopic physics - for example in defected
lattice of semiconductor or optical lattice, there is some concrete spatial density of particles
- we should be able to imagine electrons or atoms hopping between sites like in the Bose-
Hubbard model. And so there should be also some stochastic description of such hopping,
finally naturally appearing using presented dynamic thermodynamical approach. Similar im-
portant issue here is understanding universality of quantum mechanics, which nowadays is
often being extended to larger scale objects like quasiparticles/solitons. For example an object
carrying a quantum of magnetic field in type II superconductor (called Abrikosov vortex) is
about a micron radius cylindrical structure which path can be directly observed, but interfer-
ence still applies to them, what was observed in the Aharonov-Casher configuration [6].

Orthodox view on wave-particle duality is that the particle has just one of these natures in
a given moment, but there are only vague conditions which one. For example electron is seen
as a wave near nucleus or while traveling through an unknown path. It is seen as a corpuscle if
we know something about this path to prevent interference. Even more difficult would be the
question of mechanism of changing this nature in continuous physics. Much less problematic
view was started by de Broglie in his doctoral thesis [7]: with particle’s energy (E = mc?),
there should come some internal periodic process (E = hiw) and so periodically created waves
around the particle. This adds the wave nature to the corpuscle, so effectively it has simul-
taneously both of them. Recently it was observed by Gouanere as increased absorbtion of
81MeV electrons by silicon crystal, while this "clock" synchronizes with regular structure of
the barrier [8]. Similar interpretation of wave-particle duality (using external clock instead),
was recently used by group of Couder to simulate quantum phenomena with macroscopic clas-



CHAPTER 1. INTRODUCTION 7

sical objects: droplets on vibrating liquid surface. The fact that they are coupled with waves
they create allowed to observe interference in statistical pattern of double slit experiment [9],
analogue of tunneling [10] (that behavior depends in complicated way on the history stored
in the field) and finally quantization of orbits [11] (that to find a resonance with the field,
while making an orbit, the clock needs to make an integer number of periods).

Like for tunneling in Couder’s paper, the complex dependence of the field from the history
can be often seen as practically unpredictable fundamental noise - thermodynamical models
are used to handle such situations. While using MERW for such purpose there is a freedom of
choosing two parameters: a controlling proportion between time and space lattice steps in
infinitesimal limit and thermodynamical . To obtain agreement of thermal equilibrium with
the ground state of the Schrodinger equation only the proper choice of a is required. The
choice of B controls the speed of thermalization which is much more difficult to verify or even
to expect that 8 is constant. However, similarity to quantum formalism for time dependent
considerations suggests to choose 3 = 1/h, but it can be misleading. In thermodynamics 3
is related to the temperature (T), namely 8 = kBLT In standard approach the temperature

describes average energy per microscopic degree of freedom, which equals to %kBT. In our
case it is not standard energy, but energy of path (action): energy multiplied by time. If
we would choose this time as period (1/v) of some periodic process like internal clock, we
get average energy %ﬁv - the level of uncertainty provided by the wave nature of particles.
Surprising observation is that while these thermodynamical models completely ignore the
wave nature (which seems to be required for orbit quantization condition), they already "see"
the structure of eigenstates.

The basic MERW formulas were known at least since 1984 to generate uniform path distri-
bution required in Monte Carlo simulations [12]. However, it seems that using them for just
stochastic modeling has appeared in recent years ([13], [14], [15]). A simplified derivation
for basic expansions: adding potential and making infinitesimal limit to get the Schrédinger
equation, can be found in [13]. Some discussion about its connection with quantum mechan-
ics can be found in [16]. In present thesis the considerations are presented in a more formal
way and there are discussed some generalizations - for multi-edge graphs, directed graphs,
periodic graphs, various transition times, time dependent case and multiple particle case.

The second chapter contains preliminary definitions useful in graph theory, stochastic mod-
els on graphs and the Frobenius-Perron theorem, supplemented with discussion of periodic
graphs. It also introduces to convenient interpretation of multi-edge and weighted graphs, in
which the number of paths can be defined in two ways, for distinction called paths or pathways
respectively.

Chapter 3 concentrates on the basic MERW and its comparison with GRW. It contains
two different derivations of MERW. The first one sees MERW as scale-invariant limit of GRW,
while the second is based on assumption of uniform probability distribution among possible
paths. Next combinatorial entropy is discussed, especially from the point of view of random
walks. It is also shown that a convenient way to see the essential difference between these
two approaches to random walk is through their localization properties - there are presented
and discussed numerical simulations for defected lattices. These examples introduce potential
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in combinatorial way in order to adopt the formalism for more physical approach given in
succeeding chapters. To make this chapter purely combinatorial, it is the only chapter where
multi-edge interpretation of weighted-graphs is used.

Chapter 4 introduces more physical interpretation of weighted graphs, which are used
in later chapters; the Boltzmann distribution among possible paths is assumed. To make
infinitesimal limit, there are considered lattice graphs with physical potential, what leads to
derivation of deexcitation to the ground state probability density of the Schrodinger equation.

Generalizes to time-dependent case is considered in the Chapter 5. First there is considered
(using time-dependent eigenvector analogues) a discrete case and then there is discussed in-
finitesimal limit. When the potential changes rapidly there appears a difference between past
and future amplitudes. Like in stationary case, these amplitudes should be nearly equal while
evolution is relatively slow, maintaining thermal equilibrium - such an assumption is called
adiabatic approximation. Time evolution allows to define thermodynamical analogue of the
momentum operator (f1V), which is not self-adjoined. While considering Ehrenfest equations,
there appears a very surprising result - one gets the second Newton’s law with opposite accel-
eration. Fortunately, it appears to be natural in thermodynamical case: if probability density
needs to get to a different potential minimum, it first has to accelerate uphill the potential,
then decelerate downhill to finally stop in the new global minimum equilibrium state. In
adiabatic approximation we also introduce analogue of the Heisenberg uncertainty principle.

While previously there were considered single particle systems, in chapter 6 there are dis-
cussed generalizations to multiple particles. Assuming the approximation that these particles
mutually do not interact, obtained probability density is also expected to be actual density of
such large number of particles. Interaction appears analogously as in quantum mechanics.
The fact that amplitudes are real and positive now causes that we cannot perform antisym-
metrization to directly include the Pauli exclusion principle. However, the Coulomb repelling
itself is enough to forbid particles to choose the same state of dynamical equilibrium. There
is also presented combinatorial point of view on annihilation/creation operators to recreate
finally the Bose-Hubbard model. Taking infinitesimal limit should lead to quantum field theory
analogues as a further perspective.

The last chapter briefly concludes the results and suggests ways for further development.
While quantum mechanics focuses on the wave nature of particles practically ignoring cor-
puscular one, presented approach does exactly oppositely - there is also briefly discussed an
approach to combine both pictures using soliton particle models with topological charges as
quantum numbers.



Chapter 2

Preliminaries

2.1 Basic definitions and properties of graphs

We will start our considerations with the general discrete case: the walker makes succeeding
transitions on some discrete set of locations. Generally this set could be infinite like for
a lattice, but for simplicity let us assume that it is finite, like a part of lattice with cyclic
boundary conditions. Time required for different transitions generally could be various, but
for simplicity let us assume for this moment that it is constant, so we can describe time as the
set of integer numbers (t € Z).

Let us assume that we have a graph (¥, &) with some finite number of vertices ¥ : #¥ =
N € N identified by their number and some set of edges & € {1,2,..,N}2. Generally we will
allow to put real positive weights on these edges - natural numbers can represent multiple
edges between given vertices. Later there will be introduced potential of vertices by using
edge weights like e ™.

In any case, we will identify the graph with real positive N x N matrix M. Adjacency matrix

of graph M is defined as:

Ay = { 0 if M;; =0 ((i,j) ¢ &; there is no edge from i to j) 2.1)

1 if M;; >0 ((i,j) € &; there is an edge from i to j).
We will generally distinguish three types of graphs:

e simple graphs for which there can be only single edge between vertices:
A;; =M;; €{0,1},

e multi-edge graphs for which there are also allowed multiple edges between two vertices:
M;.eN
ij >

e weighted graphs for which 0 < M;; € R.

Mathematical formalism will be general, so this distinction has practically only interpretational
meaning. Weights being natural numbers can be seen as the number of edges, but we will see
that general weights can also be imagined this way.

9
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Transition from i to j vertex in multi-edge graphs can be made through one of M;; edges -
edge (i, j) corresponds to M;; ways of transiting through it. To handle with such situations, we
will distinguish paths made on adjacency matrix from pathways corresponding to the number
given path can be realized:

Definition 1.
(v:)!_, is length [ path or pathway on graph M, if V;M.

Yi¥iv1
l .
(v:);—, path contains M, . M, . ..M, . pathways.

> 0,

Notation: The index range in obvious cases will be omitted.

Observation 2.
(A));; is the number of length [ paths from i to j,
(M l)ij is the number of length [ pathways from i to j.

For example (M'); =3, M, ..M,;.
For simple graphs there is no difference between path and pathway. In opposite to multi-
edge graphs, for weighted graph above interpretation seems strained, but still it will lead to
self-consistent mathematics.
Above definitions for length [ path ((yi)ﬁzo) for time from O to [ can be naturally extended
to different time segments, like [t,t + [ — 1] and also to infinite paths: one-sided infinite to

the past ([—oo, t]) or to the future ([t,00]) and finally full paths ([—o0, 00]).

Let us define the basic concepts for graphs:

Definition 3.

Graph is called indirected, if V;; M;; = Mj;,
Neighbors of vertex i are N(i) := {j : M;; > 0},

Degree of vertex i is d; := ., Myj,

j is accessible from i, if EIZ(Ml)ij > 0,

Distance from i to accessible j is the minimal l € N : (M!), ;>0

(v:)'_, path is length [ loop, if o, =7,

Self-loop is length 1 loop,

Graph is called strongly connected, if for all i, j, vertex i is accessible from j,

Period of strongly connected graph is the greatest common divisor of {l : (M"),; > 0},

i and j are in the same periodic component, if their distance is divided by period p,

Vector v is called nonegative (v > 0), if V,0 <v, € R,

Vector v is called positive (v > 0), if V,0 <v; €R,

Matrix M is called nonegative (M > 0), if V;; 0 < M;; €R,

Matrix M is called irreducible, if 3,V;; (M");; > 0,

Graph is called irreducible, if is strongly connected and has period 1 or equivalently if its
adjacency matrix is irreducible.

Restrictions for self-loops are not required - there can be allowed transitions from vertex
directly to itself, adjacency matrix may have nonzero values on the diagonal.
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aperiodic (p =1) bipartate (p = 2) periodic (p = 3)
indirected indirected directed
regular graph graph graph

C, d=4

Figure 2.1: Some examples of graphs divided into periodic components. We will later see that
constant vertex degrees (d) inside components will make that GRW and MERW is the same
on these graphs (generally not true).

We will consider general directed graphs: in which edge can work in both or single direc-
tion, but it is worth to distinguish indirected graphs, for which if there is transition from i to j,
there is also transition from j to i - the adjacency matrix is symmetric. For simplicity we will
use stronger condition: that M is symmetric. This symmetry simplifies the situation: among
others it means that the space of paths is time symmetric, M matrix is diagonalizable, Markov
process will fulfill detailed balance condition.

Another important graph property is connectiveness - that for each two vertices, there exists
a path between them. Situation is simple for undirected graph - path from i to j means that
backward path is from j to i. If such graph is not connected, random walk would remain
in maximal connected subset (connected component) - we could divide the graph into such
independent connected components and consider them separately.

Situation is more complex for directed graph - path from i to j does not imply existence
of path from j to i. In this case there can be vertices from which the walker should finally
get to a subset, from which he cannot return to the initial state. We will be mainly interested
in probabilistic equilibriums, so we can forget about these transient vertices he cannot return
to - their probability will quickly drop to zero. So without loss of generality, we can focus on
strongly connected graphs, for example chosen as maximal strongly connected subgraph of
the original graph, which is called its strongly connected component.

More complex property which also can be removed without the loss of generality is graph
periodicity: the greatest common divisor of {n : (M");; > 0} is called the period of vertex i. In
strongly connected graph all vertices have the same period p € N, so we just talk about the
period of graph - the length of each loop in this graph is a natural multiplicity of p. Standard
example is bipartite graph - the set of vertices can be divided into two disjoined subsets, such
that edges are only between these subsets (no internal edges), so all its loops have even length
(p = 2). For indirected graphs each edge can be seen as length 2 loop, so they cannot have
larger period than 2, in which case it is bipartite graph.

Generally, if p > 1 we can divide the graph into disjoined subsets (periodic components) of
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the same distance modulo p from any fixed vertex v:
C,:={u:3,(M"),,>0 A n=imod p} (2.2)

So while making single step from C;, the walker gets to Ciiymod p)- BY focusing on a
single periodic component and using M? matrix instead, these components can be treated
independently: we get p separate multi-edge/weighted aperiodic graphs. We will use this
reduction to be able to focus only on irreducible graphs. Using the original M matrix later, we
can connect back the behavior of these components.

We are now ready to remind the basic theorem for our considerations - about the dominant
eigenvector of M. It was first proven by Perron [17] for positive matrices and later general-
ized by Frobenius [18] for nonnegative ones. In this case, uniqueness requires that graph is
strongly connected and aperiodic - fulfilling these both conditions is called irreducibility or
primitiveness in literature. We will use the first name here:

Theorem 4. Perron-Frobenius theorem (PF): for nonnegative irreducible square matrix M, the
dominant eigenvalue (having largest absolute value) is nondegenerated and the corresponding
eigenvector can be chosen as positive.

If a matrix fulfills these conditions, they are fulfilled also by its transposition, which has
the same set of eigenvalues. Finally for the largest A > 0, there exist exactly one positive
normalized right and left eigenvectors:

M2y = A ©o'M = ApT (2.3)

If the matrix is symmetric, ¢» = . For asymmetric matrices it is more convenient to use
¢ "1 = 1 normalization.

The fact that the other eigenvalues have smaller absolute value, allows to use approxima-
tion:

M~ AT forl — oo AapoT p =2l , o7 - Alapp” = AT 2.9

Situation for periodic graphs is more complicated. Like previously, instead of the original
matrix, let us use M? first. The graph becomes aperiodic, but looses connectivity. So we can
use PF theorem for its single connected components, getting unique eigenvalue A? for some
A > 0 and corresponding eigenvectors (v)’) on each of these subsets:

W MP = A (p))TM = 28(p0)T (¢C=>y]=9]=0)

Any linear combination of these right/left eigenvectors would be corresponding eigenvector
of MP. Returning to the original M determines the connection between these components:

: J : J
Pl =20, (9N =(°)" - Z5. Now

Y= . —].1/)0 vi=, (T — (2.5)
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are corresponding eigenvectors of M, for example

MM Ly Ve
- .0 0 _ A0
2 Z i 2

j=0 j=0
Combinations (2.5) for A being different complex p-th root of A? would be also eigenvector
of M to this eigenvalue - in periodic case there are p dominant eigenvalues (with the same
absolute value), but there is only one real positive. By writing dominant positive eigenpair,

we will refer to this one.

2.2 Markov process on a graph

Let say we would like to model some system using a graph - divide the space of possibilities into
disjoined subsets, assign a vertex to each of them and choose edges accordingly to possible
transitions. For example we have a semiconductor lattice of atoms and we would like to
imagine electrons jumping between such potential wells - one way to represent it as a graph
could be assigning a vertex to each atom and connect it with its neighbors. We could also
choose different discrimination, like into larger regions the electron could be in given moment.

We rather cannot precisely say to which region given electron will jump now - the com-
plexity makes that the only reasonable approach seems to be some stochastic. The question is
how to choose probabilities of transitions between vertices of such discretised system. Direct
measurement of these probabilities is usually difficult, so let us assume that our knowledge is
only the precise structure of such graph - we would like to find the most appropriate stochastic
process for it.

In such situations of limited knowledge, there is used maximum uncertainty principle -
among all probability distributions we could assume, the most appropriate is the one maxi-
mizing entropy. In simple words: which assume as little as possible. If we know only the graph,
we rather do not have a base to assume some dependence of the history - entropy is maxi-
mized for Markov presses: in which probability of transition depends only on the vertex/state
the walker is currently in. We also usually have also no base to assume that such probabilities
vary with time, so we should focus on time homogeneous processes: these probabilities are
chosen as time independent.

In this thesis we will mainly focus on time homogeneous Markov processes. Analysis of
entropy of more complicated stochastic processes on graphs can be found for example in [20].

Definition 5.
S matrix is called stochastic on graph M, if V;; 0 <S;; <1 and V, Z]. S;=1and M;;=0=
S;;=0
ij g
Nonnegative vector p = (p;)Y_, is probability density on this graph, if d.pi=1

Probability density 7 is stationary for stochastic matrix M, if V; > S =T

S;; is the probability that while being in vertex i, the walker will choose to jump to vertex j.

The second condition above normalizes the probabilities and the third one restricts transitions
to edges of the graph. The knowledge of the walker’s position is usually incomplete, so we
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need to work on probability density representing our knowledge. It usually reduces while time
passes and it should approach some limit - stationary probability density in given connected
component, which is eigenvector of S to eigenvalue 1. We would like to use PF theorem to
get this uniqueness. For this purpose we will require that vertex accessibility of the stochastic
matrix is the same as for the original one (M¥);; > 0= (5%);; > 0):

Definition 6. Stochastic matrix S on M is nondegenerated, if V;; M;; >0=S,;; > 0.

To handle with situation that the graph is periodic, like previously let us consider its par-
tition into periodic components - disjoined subsets of fixed distance modulo period (p) from
some chosen vertex (2.2) - probability density visits these subsets cyclically. As previously,
using stochastic matrix S? instead, the walker remains in a single component - stochastic
matrix restricted to such subset is aperiodic, so we can use PF theorem to get some unique
stationary probability density. Let 7t° be stationary probability density on the first component
(n°SP = 1%). Now ©°SP*! = 7°S is the unique stationary probability density on the second
subset and so on (A = 1). Finally

1585
_ 0i
T=- Z TS
P

is the unique stationary probability density on the whole graph:

Observation 7. Nondegenerated stochastic matrix on strongly connected graph has unique sta-
tionary probability density.



Chapter 3

Derivations and properties of MERW

Let us assume that there is a strongly connected graph and without any additional knowledge,
we would like to choose a stochastic matrix on it. The standard approach is that the walker
chooses where to jump with uniform probability distribution among possible single transitions.
We will call this choice Generic Random Walk:

Definition 8. Generic Random Walk (GRW) on graph M is called stochastic process given by

(SiGjRW(M) E) Sfj — ]Zij (di — ZMij) 3.1
j

i

If the graph is default(M), we will use an abbreviation S¢ for GRW and SM for MERW, in
other case we will use full notation like above.

Observation 9. For symmetric M (indirected graph), stationary probability density of GRW is

(n?RW(M) z) nC d (3.2)

1 L

J

dj
i 4

D
Proof: ). d;S;; =2, dil\g—::j =2 My =M, =d;, X, T

3.1 MERW as scale invariant limit of GRW

The walker in GRW makes random decisions accordingly to the knowledge about the nearest
neighbors - GRW emphasizes distance corresponding to a single transition. The graph we are
using could be created as discretization of a continuous system, which usually does not have
such characteristic lengths - we would rather expect scale-invariant model. Here we will find
such limit of GRW and call it MERW - later on we will see that it also maximizes entropy
among all possible random walks on a given graph.

We will start from a generalization of GRW in which instead of assuming uniform proba-
bility distribution among single edges (length 1 paths), we will choose uniform distribution
among length [ paths and call it GRW,, like in Fig. 3.1:

15
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GRW ~ GRW, GRW, GRW, -—> MERW

821=prob('?)z 0.5 0.333 04 0.375 0.382
@ @

> (), = 1 2
Q (@)

> (M) = Vs
3 3
(4) (4)

Figure 3.1: Example of generalizations of GRW - the number of length [ paths starting from
given edge is written on its left. Above the graph there are written approximate probabilities
of going up from vertex 2, obtained by normalization of the numbers of paths. The length [
paths from vertex 2 are symbolized on the right side of graphs.

e ele GRW,;(M) My 2 (M) +
S = S
Definition 10 S M S, forleN

We would like to calculate these probabilities for [ — oo limit. For this purpose we need
asymptotic behavior of (M), = (M'"'-(1,1,..,1)"); for all vertices j. For irreducible
matrix we can directly use (2.4):

Observation 11. For strongly connected aperiodic graph, the normalized number of one-sided
infinite pathways from j to the future (or past) is proportional to Y ;(¢;):

Zk(Ml)jk _ & ( . Zk(MZ)kj _ (Pj)

lim lim (3.3)

=00 3 (MD)W =00 3 (MO @y

where My = A, ¢ "M = AT is the dominant positive eigenpair.
If the graph has period p > 1, equation (3.3) is fulfilled if j and j’ are in the same periodic
component (p divides their distance).

For periodic graph, as previously, we take MP adjacency matrix first. As long as j and j’ are
in the same periodic component, we can use equation (3.3) for M? aperiodic matrix. This way
we have shown the above limit (3.3) for [ being natural multiplicities of p. For a general [, let
us observe that we can write Y, (M®*?); = (M - (M"(1,1,..,1)"));, which leads to some
dominant eigenvector of M. There are p of them (formula (2.5)), but division of their co-
ordinates inside a single periodic component does not depend on this choice of the eigenvector.

Returning to the scale-free limit of GRW, all neighbors of given vertex are in the same
periodic component, so we can use above observation: in the [ — oo limit, probability of
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adjacency matrix |Generic Random Walk Graph Maximal Entropy
0100\ oo ([0 1-00) 0.167(0.138 Ra”gon; ngko
M=|1010}| S =[1/20120 Ty werw [0 7
0101 01/2 01/2 03%;003%2 - 0/ 01y
0o10 00109 0.5¥0.618 0 010
useful constant: | 7 = (1,2,2,1)/6 0540618 V=G 11D /V6+27

0.3330.362 My =(1+ /)y =" =(y,)’
P2 152)=172 09Y0382 " po_,1.,2)=1-

(2%3e2)—1/4 01670138 P2>352)= /2

f=(5-1)/2~0618
fi=1-f

Figure 3.2: MERW and GRW for simple graph. Probabilities of paths2 -1 —-2and2 -3 — 2
are equal in MERW and in GRW the first one is twice more probable.

jumping from vertex i to vertex j is ptoportional to M;;2p;. The normalization is > j M, =
A, so finally we obtain the stochastic matrix:

Observation 12. For strongly connected graph, in the limit [ — oo of GRW, we get

MERW(M) _ M iJ' 1pj
(s S§=7 v (3.4)
(n?AERW(M) = = i, (=4? for symmetric M) (3.5)

where My = A, ¢ M = Ay are the dominant positive eigenpairs, Zi pY; =1

Let us check that above 7™ is the unique stationary probability distribution:

SRSy =Sy = 7 M=o = @0

This time we have guessed this density, but it will be derived while considering ensembles of
full paths.

We can now calculate stochastic propagator: if the walker is in vertex i, probability that
after [ steps it will be in vertex j is

3.7)

! _ Min,(/Jl M172¢2 MY171]' lp _(Ml)lllj
((SM)).._ Z A 1;1 ; 1/):1 A 1/%/1]_1_ lljl,l)_z

Y1--Yi-1

It can be imagined that there are (M’ );; pathways and each of them has w . probability.
Whlle in GRW the walker can choose transition probabilities using only local knowledge,
the ¥ term in MERW probability transition formula depends on the situation of the whole

system this effective model is nonlocal. It does not mean that the walker directly uses these
nonlocal rules, but they are used only by us: to make the best predictions, we need to know
the whole space of possibilities.
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3.1.1 Equally probable pathways

Calculating MERW probability of (yi)ﬁzo pathway, we get interesting observation that it does
not depend on internal vertices:

SM SM SM — MYoYl wh . MYle ’(’[JYz . . MYl—lYl wh — MYoh"MYZ—1Y1 l/))fz (3 8)
YoYi Yi¥z2 Yi-1Yi A wYo A 1/)}/1 A ’(/)Yl—l 7Ll wyo

For simple graph it means that for fixed length and ending points, all paths of this length be-

tween them are equally probable (;; LY ) For multi-edge (and weighted) graphs, we have to

remember that they consist of many pathways and so probabilities of paths should be propor-
tional to these numbers of pathways:

Definition 13. Pathways (y,,..,v;) and (yy, ..,y;) are equally probable if

SYoYlele"SYl 1 MYoYlMYle"MYl 171

SyoriSvivy SY? 171 My My MYZ N

(=1 for simple graph) (3.9)

Observation 14. Maximal Entropy Random Walk is the only random walk in which for any
length and two vertices, each given length pathway between them are equally probable.

We already know that MERW fulfills the above condition. To see that the condition (3.9)
determines stochastic process in an unique way, for each vertex (i) and its two outgoing edges
(to j,j"), we should find a vertex (k) and length (1), such that there exists two length [ paths
between i and k: starting with the first and with the second edge. In such case, counting
corresponding pathways and using the condition (3.9), we get unique S;;/S;; proportion.

Let p > 1 be the period of M. Now M? is irreducible inside each periodic component, so
some its power (M™) is positive inside all components. Now because j and j’ are in the same
component, taking k as any point in this component and [ = np + 1, we get the existence of
required paths.

Generic Random Walk is usually different than MERW and so the condition (3.9) is no
longer valid - GRW prefers paths through vertices of lower degrees, like in Fig. 3.2:

G G G MYoh MYz 171 (3.10)

roriTrr2 v T 4 d d
Yo~ Vr1° -1

3.1.2 Renormalization

Another view on scale invariance is some freedom in choosing spatial discretisation of con-
tinuous system, like in Fig. 3.3. Transforming the graph M (for example representing single
transitions) into multi-edge graph M' which edges correspond to some fixed number of tran-
sitions, should not change the stochastic model:

((SMERW(M) ) Z Minsz_MYzYBQ’bYs' _Mrzjﬂ:(Ml)ijﬁ:(SMERW(MI)) (3.11)
A A by, A Y, AL Yy i

Y2,-571
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Figure 3.3: Renormalization of some defected lattice graph - the original simple graph is
transformed into corresponding multi-edge graphs on sublattices of v/2 times larger constant.
Above self-loops there is written the number of them. In opposite to GRW, MERW is consistent

z
with such change of discretization scale: SMERW(M') — (SMERW(M)) .

z
For GRW analogous relation usually is not satisfied: (S GRW(M)) has stationary probability

1 ..
density 7°*Y, while SERW(M ) = 2](1\(47)1]) thanks to (2.4) for aperiodic strongly connected graph
j/ i’
Mpip; 3 . Ly
goes to Z;l;—f]w o (p; (it can be also seen from observation 11), which is usually completely
j/ i j/

different stationary probability.

3.1.3 When GRW=MERW?

GRW and MERW are usually different, so let us now characterize cases they are the same:

1 1] J L
0L T Ay T Ag

1

=1, (3.12)

For vertex i, this condition has to be fulfilled for all its neighbors, so ¢; has to be constant
inside neighborhood of any vertex. If neighborhoods of two vertices are not disjoined, 1) has to
be constant in their union and so on - we can expand this set with not disjoined neighborhoods
of succeeding vertices. This way we get division of all vertices into disjoined components, such
that the neighborhood of each vertex is a subset of one of them. Transitions from all vertices
of such single component lead to the same different component, so above construction is
exactly dividing the graph into periodic components (or we get single component for strongly
connected aperiodic graph).

Knowing that 4 has to be constant inside periodic components, (3.12) means that vertex
degrees also have to be constant inside components. Multiplying the eigenvector by M?, the
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coordinates are multiplied by succeeding degrees, so the eigenvalue is

p
A= P\/ l_[ di_th component (=d for regular graph)
i=1

For symmetric M, constant Z]. M;; means that > j Mj; is also constant inside periodic com-
ponents. For directed graphs the situation can be more irregular, like in Fig. 2.1. Finally

Observation 15. GRW and MERW are the same for strongly connected graph, if this:

- indirected graph is regular (has constant degrees) or bipartite with constant degrees inside both
periodic components,

- directed graph has constant d; = ) i M inside each periodic component.

3.1.4 Detailed balance condition

The probability that the walker uses (i) edge is the probability of being in i vertex multiplied
by probability of using (ij) edge then: it is 7;S;; normalized to 1:

Znisij :an =1
ij J

We can now look at symmetry condition for stochastic matrix:

Definition 16. Stochastic matrix S with stationary probability density 7 fulfills detailed balance
condition iff
Vl-j 7'Cl~Sl-j == TC]S]l

It is natural for indirected graphs:
Observation 17. If M is symmetric, SS*M) and SMERWM) £,1fills detailed balance condition.

Proof: For symmetric M,

GG _ d; Mii_ Mii _ - GeG
nS; = 7= =755
Z]-/dj/ 1 Z]'d]/

_ zMiiﬂ

M;; MM
=¥y, T 2 YT S

So if M is symmetric, the walker uses edges equally frequent in both directions. It usually is
not true for nonsymmetric M, for example the walker could prefer one circulation direction

in ring-like graph.

MM
T, Sl.j

For nonsymmetric M, there appears some imbalance of probability flow in stationary situa-
tion - in analogy to electric current, we can define antisymmetric probability current describing
resultant flow:

Iij = ﬂ’-iSij - ﬂ:]S]l == _I]l
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It vanishes for symmetric M and generally fulfills analogue of the first Kirchoff law (continuity

equation):
ZIU == ZTCISU —ZTL'JSﬂ - TCi - TCi =0
J J J

3.2 Entropy of random walks

Entropy can be seen as the amount of information required to describe given system. Quan-
titatively it can be represented in many units, usually multiplied by Boltzmann constant in
physics. We will use it later, but for better intuition in this chapter we will count entropy in
bits of information. The choice of one of 2" elements generally requires n bits of information,
so in this chapter we use entropy as base 2 logarithm (lg = log,) of the number of possible
choices (Boltzmann formula up to multiplicative constant).

Assume there is some long sequence of 2 symbols and we know the probability of the first
one: p € [0,1], p := 1 — p. The number of such sequences behave asymptotically:

nn+1/26n

n !
= — ~ (27 -1/2 _ _
(pn) (prn)!(pn)! (27) (pn)Prt1/2(pn)Pntl/2en
= (2nnpp) V2p PrpP" = (2mnpp)~ V22 n(Plepthlsh)

lg()

h(p) := —plgp —plgp = lim (3.13)

where we’ve used the Stirling’s formula: lim, _, mﬁ—'(%)n =1.

If we do not know anything about a length n sequence of two symbols, the number of
such sequences is 2". We see that also while assuming p = 1/2, we get the same asymptotic
- these sequences completely dominate the space of all sequences like in Fig. 1.3. It is an
example of maximum uncertainty principle - that if we do not know anything about proba-
bility distribution among some events, the best is to assume uniform probability distribution.
Generally average entropy is the coefficient in exponent, so again assuming probability distri-
bution maximizing entropy (uncertainty), means focusing on sequences which asymptotically
dominate the rest of them - almost all sequences fulfills maximizing entropy probability dis-
tribution. It is generally called Asymptotic Equipartition Property in information theory - for
more information see e.g. [20].

Analogously for more symbols/events with (p;); probability distribution, average entropy
per symbol is:

h((p:):) = — Zpi lg(p;) (3.14)

where we assume 01g(0) = 0.

Let us take it now to a stochastic process (S) on a simple graph (M;; € {0,1})): if the walker
is in the vertex i, his next step will contain — )| i Sij 1g(S;;) bits of information. The walker is
in the vertex i in asymptotically 7; of cases, so finally average entropy production is H(S) =
— 2. 7 25, Si;18(S;;) per step. For multi-edge graph situation is a bit more complicated: now
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there are M;; € N identical edges from i to j of probability S;;/M;;. So S;;1g(S;;) term in
entropy formula changes into

M::
LSy (S, S
(i) -on(3)
=My \My M;;

Definition 18. Average entropy production for stochastic process S with stationary probability

T is
i J

: I /o Si _ —0) -
where for simple graph S’ := S and generally S = - (=0for M;; =0):

H(S)= —Zﬁizsijlg(
i j

ij
S..
MJ]) = —Z m; ZSU 1g(S;;) + Z niZsU Ig(M,).  (3.16)
The last formula can be mathematically used also for weighted graph with M having not
natural values. In this case, we will see the additional term (with Ig M;;) as the average energy
and so the whole formula as minus average free energy per step.
To show that among all stochastic processes on given graph, the Maximal Entropy Random
Walk is indeed the only one maximizing this formula, let us calculate entropy for probability
distribution of length [ pathways expected in this stochastic process:

Z(h)i -0 Yo YoYlSYle ‘SYI 171 (lg(s; Y1 )+1g(5; o Yl 17’1)) =
o Zyoyl Yo Yoh lg(S}//(,yl)ZyZ..yl SY]YZ"SYI—N’I -

B (Z T SYOYl) ZYl i SYIYZ ran lg(s)/’ﬂ’z Ti- 1)’1) -
- H(S) Z(y )1 Y1 Y1Y2 Yl 111 lg(S}/’ﬂ’z Y- 1YI)) - -
2H(S) — Z(mﬁ .Sy Sy p 18(S! ) =...=1H(S)

Yar3’ S Yi-171

where S; ;=S /M;; to include e.g. multi-edge graphs.

We see that the average entropy production of stochastic process is exactly the entropy
growth per symbol of the probability distribution of pathways it generates. Without additional
constrains, the only probability distribution maximizing entropy is the uniform distribution,
so average entropy production is maximized only for stochastic process generating uniform
probability distribution among pathways. For finite paths we already know from observation
14, that MERW is the only random walk having uniform probability distribution among path-
ways of fixed length between fixed vertices. In the next chapter we will see that there is also
analogous condition for infinite pathways.

Let us now find the maximal average entropy production available for a given graph and
check that MERW really achieves it. Assume there is some set of pathways ending in given
point, such that v; of them ends in vertex i. Expanding this ensemble a single step in all possi-
ble ways, we get vI' M vector of number of pathways. So the maximal increase of the number
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of pathways per step is multiplying by the dominant eigenvalue(A) - their number asymptoti-
cally grows like A!. Uniform distribution among them maximizes the entropy, leading to upper
boundary:

Observation 19. For stochastic process S on graph M,
H(S) <1g(A) (3.17)
where A is the positive dominant eigenvalue of M.

Let us check that MERW indeed achieves this boundary:
SM
HSM) = - M SM ) =
. Z (Ml’f)
Ml] ’Lp] 1 '(/)j —1 1 1/)].
wT Y

= = 1gA+XiZj(cpi(lgwi)Muwj—«piMijwjagwj))=

—_ 1 —_
= lgA+ XZ(@i(lgwi)Al/)i — i Ai(lgy;)) =1g A

The fact that random walk cannot have larger entropy leads to interesting inequalities. For
example for GRW while M is symmetric:

N M, (i) 2. di1g(d)
HEO=-25 g 2ug 8(g) =Ty =™

for any nonnegative matrix M. Assuming uniform distribution among the nearest neighbors
in GRW can be seen as local maximization of entropy - for each i maximize — Y, i Sij 1g(S;;),
while in MERW we maximize the average entropy production.

In [15] there are other useful inequalities between some effective degrees of graph:

Zi d; (Zl d; ln(di)
<exp| —=——
N 2o i

In (3.18) the first and the fourth inequalities are trivial, the third is equation (3.17). The
second inequality can be derived using convexity of F(f) :=In (Zl diﬁ

Zi d;In(d;)
C de
There was not required any additional assumptions for inequality (3.18), so it is fulfilled not

only for indirected simple graph like in [15], but also for general multiple-edge or weighted
graphs.

mind; < <
4

) < A <maxd,; (3.18)

=F/(1)>F(1)—F(0)=In (Z&dl) .
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3.3 MERW from the point of view of full paths and Born
rules

Up to now we were considering one-sided infinite paths, now we will look at ensembles of full
paths - infinite in both directions: past and future. It leads to better understood derivation
of MERW formulas. We will see why considering statistical ensemble of full scenarios leads
to the Born rules for constant time cuts - that to translate amplitudes into probabilities we
do need to "square" them. Intuitively, amplitudes correspond to probabilities on the end of
past/future half-spaces and we need to multiply them to estimate probabilities of events in a
given moment.

Observation 14 says that MERW is the only random walk in which while fixing vertices on
the ends of a time range, all pathways between them are equally probable. Let us extend it to
full paths: (y,)®__ and (y;)22__ . If the graph is periodic, y, and y; could belong to different
periodic components for all t - in such a case it is enough to shift indexes to synchronize them.
Let us make general observation implying that all full pathways on a strongly connected graph
are intuitively equiprobable for MERW:

Observation 20. Assume there is a strongly connected graph and an equivalence relation, in
which subpaths are equivalent if they have the same length and ending points. For two full paths
(r )2 . and ()% __, such that y, and y, are in the same periodic component, for any large
enough finite time interval ([t,,t,]) we can find full path ((y”)®__), which is equivalent to

t /t=—00
(v}):2 _,, and on the chosen time segment is equal to (y, ) __ .

Proof: Let us focus first on aperiodic graph (y, and y; are always in the same periodic
component) - there is some n € N such that V;;(M");; > 0. Let us choose any length 2n
subpath of (y})?2__ - for its beginning point there exists a length n path to any vertex and
then there is always further path to the original ending point. So this subpath is equivalent
to subpath having any vertex in the middle - let us choose it as the corresponding vertex of
(ro )2 _ like in Fig. 3.4. Now doing it for two such subsets: [t; —n,t;+n], [t,—n, t,+n] and
using the equivalence relation third time (between their middle vertices), we get (}/'t’ )‘t’i_oo as
required (dashed line in Fig. 3.4).

For periodic graphs, thanks of that y, and y; are in the same periodic component, we can
make above construction for MP.

We will now focus on the opposite route - assume that all full pathways are asymptotically
equally probable to derive MERW formulas and get better intuition about them. Let us imag-
ine that everything is happening in discrete space-time: ¥ X Z - the graph is our space and the
time is the set of all integer numbers. We are interested in finding correlations - probabilistic
dependence between situations in different times. Let us assume that there is a length [ € N
segment of time (for example [0,1]) and we are interested in probability of situations on its
endings. For [ = 0 it corresponds to probability distribution of events in single moment (mea-
surement outcomes), for [ = 1 it corresponds to transition probabilities, which for Markovian
process determine situation for larger [.

The situation looks like in Fig. 3.4: growing finite length ensembles of paths to estimate
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past future ~ Prob(i) Prob(j)
halfplane halfplane for k —oo: P, Xy,
S5 K~ SR S
a k- (pattern) k=3 b a  k+1 (pattern) k%1 b

Figure 3.4: Top: schematic picture for Observation 20 of exchanging any large enough subpath
using equivalence relation for finite intervals. Bottom: calculating probability of patterns from
ensembles of all allowed paths on interval growing in both directions.

probability distribution of situations inside some fixed length time segment. Let us choose
some pattern (path (v,)!_):

kK’ — E
(Nv )ab T MY—kY—k+1MY—k+1Y—k+2"'MYz+k/—1Y1+k’

(Yt)l+kk Y0=Vo, Y1=V1,Y 1=Vl Y-k =0, Yo/ =b

Nl("rl,k/-'rl — M .N‘i(k/ . M ka/ — Mk . N‘?O . Mk/

Now for strongly connected graph, using Observation 11 twice: to make k — oo and k’ — oo
limit for v and some other pattern (wi)ﬁzo, we get

Prob) o X (M) S (M Moy Mo M (M),
PI’Ob(W) Kok =00 Zab (Nkk/) fok'—o0 Z:ab(]wk)aWo]V[WowlMW1W2 Wi 1W1(Mk/)

Z (Mk)avo Mvolevlvz le W Zb(Mk/)vlb _
PSS Z (Mk)awo MW0W1MW1W2"MW1_1W, Zb(Mk/)wlb
(P M M MV[ 11 : /L/)V[

VoV1~ ViV ©

= (3.19)

(p MWoW] MW1W2" wi_1w; ' /l/)Wl

where M1 = A, "M = A" are the dominant eigenvectors.
We see that probability of pattern v is proportional to the number of pathways it contains
M,, M, ,,..-M, ., (1 for simple graphs) and to probabilities of ending points of past/future

halfplanes: ¢; and v;.
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Previously stationary probability formula was guessed and checked (3.6), now we can
derive it using [ = 0 - past and future halfplanes "glues together":

T, O PP, (7r;  4p? for symmetric M) (3.20)

For [ =1 we get transition probabilities:

Prob((ij)) Y Y;

o M;;—
i Y,

from which using normalization condition (D ;jSij =1) we get the missing 1/A coefficient for
MERW formulas - that assuming uniform probability distribution among full pathways, indeed
unequally leads to MERW.

For | > 1 we get probability of pathways as previously (3.8), so equiprobability assumption
leads to Markovian process as expected.

Prob((ij)) o< ¢;M;;4p; = SM x
L] 7.[:

The most interesting from this derivation seems to be clear understanding of Born formulas
(3.20). In the next section we will see that ¢ corresponds to the ground state of discrete
Schrodinger’s equation (or Bose-Hubbard Hamiltonian for single particle) and later of the
original Schrodinger equation after introducing potential and making infinitesimal limit.

The intuition about Born rules is that amplitudes describe probability distribution on the
end of past/future halfplanes and if we want to translate them into probability distribution on
constant time cuts, we need to multiply both amplitudes. Intuitively, to draw some event in
given time, we have to draw it twice: from the past and from the future of abstract trajectories
we consider in our ensemble. Time dependent case will bring more intuition.

3.4 Examples and localization property

For better intuition about MERW and its difference from GRW, we will now look at simple
examples. For connection with physics, there will be used lattice-like graphs which can be e.g.
imagined as crystal lattice or discretization of a continuous system. Standard lattice is regular
graph, making that GRW and MERW are the same - to observe the difference we can remove
the regularity by introducing some defects. We will see that in opposite to GRW, MERW has
strong localization properties. Its stationary probability corresponds to quantum mechanical
ground state probability distribution, for which Lifshitz argument [19] says that probability is
localized in the largest defect-free spherical region. It was used to make some predictions of
statistical behavior in [14] and [15] and will be presented here briefly.

3.4.1 One dimensional segment-like graph

Let us start with one-dimensional case: length N segment-like graph for which we assume that
in a single step the walker can jump to one of two neighboring nodes or stay in given position.
The last possibility denotes that there are self-loops in vertices - we can introduce defects by
removing some of them. In presented numerical simulations we will choose randomly the
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Figure 3.5: Stationary probability distribution in logarithmic scale for MERW on 1000 node
segment-like graph with cyclic boundary conditions and self-loops from which some small
portion was randomly removed: correspondingly 0.002, 0.01 and 0.03. Above the last one,
there is presented completely different situation after shifting one defect a single position.

positions of these defects, like in Fig. 3.5 - choose some probability p;, which is independently
used for each node as probability that it is defected. Physical intuition for such simplified
model could be that there are randomly distributed two types of atoms in the lattice: most are
potential well for electrons, while the defects are rather repelling. In the next chapter we will
get freedom for choosing these potentials in more physical way.

Let us introduce the potential representing the positions of self-loops:

V. = 0 if self-loop at position x is present,
S B | if self-loop at position x is absent.

The eigenequation becomes:
()ﬂ/))x = (M'l/))x = ’lpx—l + (1 - Vx)'l/)x + ¢x+1 / - 31/)3( / -—1

where (AY), =Y, — 22, + 1, is standard discrete Laplacian and E := 3 — A is ana-
logue of quantum mechanical ground energy - maximizing A is equivalent to finding minimal
eigenvalue of the found discrete analogue of Schrodinger’s operator (—A + V). Like for the
quantum ground state, stationary probability distribution is p(x) = ¥?(x) () > 0). Later
we will use more physical potential and make infinitesimal limit, getting thermalization to the
quantum ground state probability density of the standard continuous Schrédinger’s equation.
The fact that obtained Hamiltonian is minus adjacency matrix up to linear transformation,
allows to connect it also with Bose-Hubbard Hamiltonian for single particle without potential.
We will look later at the general case, but for single particle the space of possibilities becomes
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the vertices of lattice/graph and so the Hamiltonian — Z(i, es d;di +h.c. is equivalent to minus
adjacency matrix.

The choice of value 3 in E = 3 — A formula was arbitrary - different choice would change
the values of V, such that E — V would remain the same. The reason for the used choice is to
make that most of V; are zero and E became a small positive number. For general lattice of
dimension D we will use for example 2D + 1 instead of 3.

The (3.18) inequality allows to see A as some effective average of degrees of the graph. In

our case:
. _%d _
—pd—TSASm_axdi—S 0<E=<py
L

A describes the optimal growth of the number of paths while elongation by a single step
(Mvy = A)). For paths ending in given vertex, this growth of their number is the degree of
this vertex - vertices above this average (d; > A or equivalently V; < E) produce more paths
than average. Intuitively it acts as there was attractive potential and repulsive for V; > E
vertices.

For regions of constant potential larger than E, like in quantum mechanics the local solu-
tion of (3.21) for such energy barrier has leading to tunneling-like exponential behavior:

(Vv —E)?
+ -

_ Kx —Kx — V-E ~ —
YP(x)=Ae"* +B where K =arccosh |1+ 2 ~+VV —E 24

for some local parameters A and B. Such situations would be natural for example in opposite
model: in which most of vertices would not have self-loops.
In our case we are rather interested in the solution for regions of constant V below E:

E-V

(E—-V)*?
YP(x)=Acos(k(x —x,)) where k = arccos (1 — T) NVE-V - ——

24

Aand x, are some local parameters, x, is the position of maximal value which is not necessarily
in the region. The value of v cannot drop below 0, so x € (x, — %,xo + ﬁ). ForE—-V > 2,
k > m/2 makes that the region of positive i) completely degenerates, so E — V has to be
smaller. For example in our case E can be bounded from above asymptotically by p;,. The
Lifshitz argument says that 1) is approximately zero out of the largest defect-free region, like
in Fig. 3.5. Let us denote the width of this Lifshitz region by 2R. Probability of 2R succeeding
nodes without defects behaves like (1 — p,)*®. Such region could start in any node, so for the

largest of them N(1 — p,;)?® should be of order of unity, making 2R ~ | lnl(nl(N; T In this case x,
—Pd

is approximately the center of this region, kR ~ 7t/2, so

2

T T m|1n(1 — 2
ENZ—ZCOS(—)N s |In(1 — po)|
2R/ 4R? In(N)

Stationary probability in GRW is proportional to the degree of given vertex, so here it
would be just constant for most of vertices - it has practically no localization properties. We
see that situation in MERW is completely different - each defect influence the whole system.
The right hand graphs in Fig. 3.5 shows how strong this effect is by presenting surprising
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Figure 3.6: Comparison of evolution of probability density of MERW and GRW on 40 x 40
lattice graph with cyclic boundary conditions and self-loops in all vertices but some randomly
chosen 0.1 of them (represented by squares). The initial situation is probability localized in a
single vertex (known position) and the graphs represent probability density after correspond-
ingly 10, 100 and 1000 steps.

agreement with the Lifshitz argument while shifting one defect a single position. This rapid
change seems nonintuitive, but it does not mean that the eigenvector changes so drastically,
only that there was changed the order of eigenvalues of the first two eigenvectors.

3.4.2 Two dimensional defected lattice

Let us now look at constructed in analogous way two dimensional lattice with self-loops in
all but some randomly chosen portion of vertices. The dominant eigenvector is again the
ground state of the discrete Schrodinger equation (3.21), but using two-dimensional discrete
Laplacian:

(A'L/J)x,y = wx—l,y + ’L/Jx,y—l + I’*/}x+1,y + 'L/Jx,y+1 - 4¢x,y

Lifshitz argument suggests that probability distribution should be localized in the largest
defect-free sphere. From presented numerical results we see that situation is more compli-
cated now, but intuitively it localizes in the largest nearly spherical defect-free region.
Two-dimensional example makes it more convenient to compare dynamics of GRW and
MERW. In Fig. 3.6 there is example of such comparison of evolution of probability density
starting with known walker’s position - probability density concentrated in a single point.
We see that after ten steps for both models we can expect similar probability distributions -
there is not large difference between their local behavior and transition probabilities (up to
a few percent). However, while time passes the difference grows. GRW behaves like there
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Figure 3.7: Plots of absolute values of the first four eigenvectors of graph from the previous
figure. The first one is positive, while the rest of them have regions of constant sign, which
are separated by boundaries of near zero values, represented by white color.

was practically no defects and finally thermalize on nearly uniform distribution. Dynamics of
MERW is much more complicated. The defects create some entropic landscape - the probability
localizes first in some defect-free region of large local entropy production and soaks to finally
get to the deepest entropic well. The discrete propagator (3.7) can be written:

t (M)ltlpo A" Yo,
(SM)U = A,(t) ! w—o'z = (Z (A_O) (Pk,j'ﬁbk,i 1/1_01 (3.22)

k

where we have used eigenvalue decomposition of M = Y, A, - ¢, (¢,)". Eigenvectors ¢;, Y
are real and fulfill:

(%JTM = Ak(‘Pk)T, My = Ay, ((Pk)T Y= 0y,

)L:)Lozllz"‘ZAN—h d):l/)Os ¥ = ®o

For symmetric M, ¢, = ¢Y,. In quantum mechanics they would be stable eigenstates, while
here higher states deexcite toward lower ones and finally thermalize in the ground state.

For one dimensional defected lattice the second eigenvector was previously localized in
the second largest defect-free region. Figure 3.7 suggests that this intuition may continue to
a few further eigenvectors - in this figure the first three eigenvectors visually correspond to
three largest defect-free regions. However, the fourth one seems to disagree with this rule, so
generally we should be careful about it. The intuition about MERW dynamics it provides is
that temporary domination of given coordinate is responsible for localization in corresponding
local entropic well - for example MERW density after 100 steps in Fig. 3.6 is similar to k = 1
eigenvector and finally later it deexcitate to the ground state. The initial coordinates in this
eigenvalue decomposition depend on overlapping of given eigenvector with the initial proba-
bility distribution. While evolution, the speed of dominance of larger eigenvalue coordinates
depends on proportion between eigenvalues. Finally, the intuition is that probability will first
localize in the nearest defect-free region (local entropic well), then it will relaxate into suc-
ceeding larger Lifhsitz regions and finally thermalize in the ground state. If because of some
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0.02

Figure 3.8: Stationary probability of MERW on 40 X 40 lattice graph with cyclic boundary
conditions and self-loops in all vertices but some randomly chosen of them: correspondingly
0.02, 0.05, 0.1, 0.2. In the upper row the graph is indirected, while in the lower row all
horizontal indirected edges were replaced with directed edges toward right of the plot, to
simulate conductance in this direction.

additional constrains lower energy states are somehow restricted, presented picture suggests
evolution should be "stochastically shifted" toward near (overlapping) eigenstate.
Assuming that the defect-free region is indeed approximately a sphere, like previously we

would expect that N(1 — p,)™ is of order of unity: R~ ,/ %,
—Pd

Eigenvector v should have maximum near the center of this sphere and has approximately
spherical symmetry - such local eigenfunction solution is approximately Bessel function J,:
Y(r) ~ Jy(jr/R), where r is the distance from the center and j ~ 2.404825 is the first zero of

J,. Finally we obtain:
i _ m%lin(1 - py)|
Ex|= | ~
R In(N)

For the general dimension of lattice D, skipping lattice-dependent multiplicative constants, the
above estimates becomes:

In(N) \"? [ In(1 — p)\**
. (|1n(1—pd)|) F ( In(V) )

The previous examples were using indirected graph and so symmetric M. Let us now
briefly look at MERW on modification of these graphs: each indirected horizontal edge is
replaced by directed edge toward right hand side of the plot. Examples of numerical results
are in the bottom row of Fig. 3.8. The asymmetry makes that left and right eigenvectors
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Figure 3.9: Top: example of construction of square root analogue of graph. Bottom: example
of construction of graph to handle various transition times.

are no longer the same (in practical cases their difference seems to be rather insignificant).
Thanks of the previous symmetry, there was fulfilled detailed balance condition: for each
edge, probability flow in both direction was equal. This time probability flows only in one
horizontal direction - there is nearly uniform flow for low defect rate and it localizes near low
defect paths for larger rates. The stationary flow allows to imagine this situation as simplified
conductance model. While in GRW the flow would be nearly uniform, in MERW there appears
some analogue of avalanche breakdown. For more realistic models, instead of forbidding some
transitions, there should be introduced potential gradient. In the next chapter there will be
introduced required methodology.

3.5 Various transition times

It was essential in the used formalism that all transitions last the same amount of time. We
will not use it further, but for generality let us expand these considerations to situation in
which edges could require different times of transition. There will be presented construction
for transition times being natural multiplicities of some chosen unit time, so it can be also
used for rational proportions by dividing the time unit by the lowest common denominator.
Irrational proportions would rather require approximating by rational ones.

Let us first look at the upper part of Fig. 3.9 - for given graph we can construct period 2
(or p generally) graph, which second (p-th) power is the original graph while restricting to
the connected component of main vertices. For multi-edge or weighted graph, the weights on
such path replacing an edge should be chosen to multiply to the original weight, for example
as corresponding root of the weight of the original edge.

Like on the lower part of Fig. 3.9, we can analogously replace edges with one-directional
paths of chosen length and calculate MERW formulas for such extended graph. Now while
fixing two vertices and some length, each pathway of this length on such extended graph is
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equally probable. Original edges correspond to subpaths on these paths, with lengths being
their transition times - the pathway equiprobability condition become as we would expect.
Obtained stationary probability distribution would have nonzero values in auxiliary vertices
- it denotes probability of situations that specific transition was already chosen, but it was
not yet finalized. If we are interested in probability distribution among the main vertices,
we can for example interpret auxiliary vertices as preparation to transition and so move their
stationary probabilities to the corresponding starting main vertex.

For multi-edge or weighed graph the weight of edges should be chosen to multiply to the
original edge weight. There is some freedom of such choice, but these weights are not used
independently - weights of full paths would not depend on this choice (with fixed product)
and so derivation from 3.3 would always lead to the same MERW formulas for all such weight
distributions.

In contrast, GRW choice of transition probabilities uses only degrees of the main vertices -
changing transition times would not affect it.

3.6 Summary
GRW MERW
characteristic length 1 00
— My Mij %;
5= d; A
T = complicated eY;
for symmetric M: Zdi y Y?
;45
Syorr Sy = Moy My, 1y, MYOYI.-..IIWY171YI ¥y
dyoody, 2 . Yo
simple graph: 1 1on
pie gtap dyoeody Ay,

_ | Myor My 4y Myory My 1w
n)’oSYoYl Tt SY1—1Y1 - dh‘"'dn—l'z; d; (Sym. M) 2N 2 = "‘/”y,
(SHi= complicated UV;% %
scaling, generally SCRW(M') £ (S GRW(M ))l SMERW(M') — (SMERW(M ))l

d; 1g(d;
H(S) = Y 1g(%)

GRW is appropriate for a walker which indeed makes succeeding random decisions, using
exactly uniform probability distribution among the nearest possibilities. MERW should be un-
derstood in completely different way: the walker does not have to make random decisions -
the randomness represents only our lack of knowledge. The walker chooses a path in practi-
cally any allowed way (can be deterministic) and because we do not know which path he is
choosing, we assume some natural thermodynamical ensemble of possible scenarios - paths.

Obtaining MERW transition probabilities requires knowing the eigenvector, which depends
on the whole system - this effective model is nonlocal. It cannot be interpreted that there
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is required nonlocality in walker’s behavior - the walker can choose the path in any way he
want. Nonlocality is only a natural feature of models representing our knowledge - distant
event may give us missing information, like thanks of angular momentum conservation, spin
of one particle gives us information about the spin of a coupled one in EPR experiment. In
MERW case, nonlocality means that to make the best predictions, we should know the whole
space of possibilities. Later considering time dependent case we will see that we should also
know future potential. Models representing our knowledge can have also retrocausality like
in Wheeler’s experiment - it only means that further event may give us missing information
about past events.



Chapter 4

Boltzmann paths and infinitesimal limit

In this chapter we will make basic expansions of mathematical constructions from the previous
chapter to make them more physical - add potential and then make infinitesimal limit.

4.1 Adding potential - Boltzmann paths

If there is no reason to emphasize some of scenarios, the best assumption is to choose uniform
probability distribution among them. Standard way of emphasizing some scenarios in physics,
is by assigning them energy - for example trajectory remaining in potential well should be
more probable than trajectory tunneling through a barrier, which should be still more prob-
able than trajectory remaining on the top of this barrier, like in Fig. 4.1. In such situations
we maximize entropy while fixing total energy, or equivalently: assume some compromise be-
tween maximizing entropy and minimizing average energy. It leads to Boltzmann distribution:

max — In(p;) — :BE; | =In e PE: for p; oc e PEi 4.1)
(pa:zipi:l( Zp (p) Zi:pﬁ ) (Z ) p

1

where 8 = 1/kzT, kz &~ 1.3807 - 10"2J /K is Boltzmann constant and T is temperature. f3
controls this compromise: the higher it is (the lower T), the more important choosing low
energy is. In zero temperature there would be chosen only lowest energy states, while in
infinite temperature energy differences would vanish. Minus maximized expression is free
energy up to constant.

Let us define the weights using energy required for given transition:

Mij :Aije_ﬁvij (4'2)

where V is some potential - usually it will be scalar potential: depending only on the position,
like V;; = (V; + V;)/2, but we can also use vector potential from electromagnetism, for which
V;; could be essentially different from V;;. If we would be interested in random walk in phase
space, this term could be used to additionally introduce kinetic energy to the considerations.
Eventual lack of edge between some vertices can be seen as that there is infinite potential
barrier.

35
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Figure 4.1: Expansion toward Schrédinger equation - emphasizing paths using potential en-
ergy and making infinitesimal limit.

Thanks of (4.2) convention, formula (3.8) for MERW probability of (yi)ﬁzo path becomes:

BV +Vy g otV )
gM gM oM _ M,y My Yy, e e e Yy, (4.3)
ror1oriva T Tvien Al Y, - Al Y, :
So in this interpretation, instead of calling it uniform probability among pathways, we have
Boltzmann distribution among paths by using:

Definition 21. Energy of path (y; i:o sV, ., +V,,,+-+V, .

Let us now look at the previous entropy formula (3.16):

H(S)=— Z TT;Sij lg(sij) + Z T Sij lg(Mij) =- Z Ui Z 1S(Sij) -p 1g(€)2 7;:Si; Vi
ij ij ij j ij

The left hand side sum is already entropy of given random walk. The right hand side sum was
previously required to take into considerations that there can be multiple edges between given
vertices: a choice of probability S;; was in fact M;; choices of S;;/M;; probability. For weighted
graphs this interpretation is far-fetched, so we will further use more physical one (4.2) - that
values of M does not longer represent the number of edges, but correspond to the energy of
given transitions.

In this interpretation transition probabilities correspond to single choices, so entropy pro-

duction per step is just
S:=—ks Y m > .5;In(S;)
i J
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where instead of previous base 2 logarithms, we have used more appropriate for physics Boltz-
mann’s normalization. 7;S;; is probability of (ij) situation, so the second sum in H(S) is
average energy per step:
U:= Z 7'Ci5ij ‘/l]
ij

Finally, we see that in this energy interpretation of weights (4.2), H(S) is up to constant just
minus average free energy per step:

F=U-TS=—k;TIn(2)H(S) (4.4)

For the complete picture, let us look at the partition function

Z; = Z e_ﬁ(vroﬁ+VY1Y2+"+VY1—1”) = Z(Ml)y(m

(g YosY1

it is asymptotically proportional to A!, so we can check that the free energy per step is as
expected in thermodynamics:

1. In(zH

F=——1lim
/31—>oo l

= —k; T In(})

For simplicity we will further call both approaches as MERW, but for better intuition here
are gathered differences between these mathematically equivalent interpretations - for this
and further chapters we will use the second one:

MERW Boltzmann paths

maximizing entropy

minimizing free energy

perfect for

multi-edge graphs

weighted graphs

M;; number of edges energy of transition
i — j transition | M;; choices of S;;/M;; probability | choice of S;; probability
M,. .M, . pathways in path energy of path

for full paths or

all pathways are

assume Boltzmann

fixed endings and length equally probable distribution among paths
H(S)=1g(A) entropy minus free energy
simple graph single edges potential is zero
Chapters 3 4,5,6

If instead we would construct GRW from M (Sg = M;;/d;), the walker would also assume

Boltzmann distribution - this time not among full paths(scenarios), but only among the nearest
neighbors (single steps) - minimizing free energy locally, in a way depending on discretization.
If M is symmetric like M;; = e P(*%)/2 as previously there is simple formula for stationary
probability distribution:

n¢ ocd; = Z e B2 — e—ﬁvi/zze—/sv,-/z
j j

(4.5)
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4.2 Boltzmann paths on lattices

In the previous chapter we have seen analogy between the dominant eigenvector and quantum
ground state for lattice type graphs. Having energetic interpretation of weighted graphs, we
can take it further. Such lattice can for example represent regular lattice of a crystal or defected
lattice of a semiconductor. It can also represent discretization of a continuous system - later we
will make infinitesimal limit to get to the continuous case. Lattices considered in practice are
often finite - to approximate infinite lattice, there can be used finite one with cyclical boundary
conditions. For simplicity let us assume we use a finite one, but the considerations can be also
generalized to infinite graphs.

So let us assume that we want to model a part od R”, where usually dimension D is 2
or 3. We cover its part by a lattice {0,..,m — 1}” - it could overlap with a crystal lattice, or
just represent discretiztion of a continuous problem. For simplicity let us assume that it is
rectangular lattice with the same constants in all directions (& > 0), so (x;)?, € Z" represents
for example x := (6x;)7_, € R”. Another simplifying assumption is that in a single step there
is allowed transition to at most the nearest neighbors. Let as also assume cyclic boundary
conditions - that 0 and m — 1 coordinates are adjacent, so "+1" and "—1" below will be made
modulo m. Finally all vertices have exactly 2D 4 1 neighbors (including itself).

Now we have to choose the potential function - for this moment depending only on posi-
tion. To model electron in crystal lattice, it may represent tendency to remain near given atom
(like electronegativity). For discretization of a continuous system, it can be just the average
potential in given cell (integral of potential divided by volume). Let us choose time discretiza-
tion: single transition corresponds to € > 0 time . Finally allowing the walker also to remain
in given vertex, for D = 1 case weights can be for example chosen as:

v+vl+1

(M)iis1 =My =€ P2 (M) = e PY (4.6)

Where index arithmetics is modulo m. It was chosen to make M symmetric - such that energy
of path {y;}!_, is

v, v,
?+V VAV

For simplicity physical dimensions will be omitted in this thesis, but physically € is time, V is
energy, so Boltzmann distribution instead of energy uses energy multiplied by time (action) in
this case. Analogously 3 is not one over energy as usual, but one over action.

To find MERW in this case, let us look at eigenvector equations for this M:

ll+l Vit 1+1

A’E,5I/)i = (Mell))l = e_ T2 1/)1 1 +e /36‘//{/) + e—ﬁe 1/)1+1 (47)
We can make a few approximations like e™¢ ~ 1 — € for small €:
l 1 +V; + Vl+1
Api Ry i+ i — eB | =i + Viah 1

Solving this kind of equations would be required for lattice of atoms in which the potential
could vary from site to site. If the lattice was made to discretize a continuous system, for small
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lattice constant (), in € order we can assume that V and v are nearly constant:

Db = (M) My + 0+ e —3eBVih, /=30, /-3_/5—16 “.8)

3—2, 1Y =29+ ¢,
-V p— Vb
3/36 "‘/)l 3[)) € + l/lpl

Y1 —2v; +1;,; is used as a discrete Laplacian. If we divide it by 52, it becomes approxima-
tion of continuous Laplacian. Average distance in diffusion grows with square root of passed
time, so for infinitesimal limit there have to be assumed some relation between time and space
step, like
52
= ——
(2D +1)a
where a > 0 is some parameter we can freely choose. Using this substitution and making
above derivation for general dimension D, above "3" coefficient becomes 2D + 1 and finally
we get:

4.9)

D
a l/) X550 Xi—1,.0, _2¢x+¢ X+
Ee",bx ~ __Z (x1,X2,--,;—1,..,Xp) = (x1,%2,--,%;+1,..,Xp) +Vx”~/)x (4.10)
b=
where x = (x4, ..,xp) € ZP,
2D+1- A, a1

E,:=———

7 (2D+1)Be

Because of multiplying by negative number, maximizing over A becomes minimizing over E

- for properly chosen a and f: such that % = %, the eigenvector 1) would be the ground state

amplitude of discretization of Schrodinger’s equation and the stationary probability density
would be the same as for quantum mechanical ground state.

4.3 Infinitesimal limit - Boltzmann trajectories

We would like now to make ¢ — 0" limit to get Boltzmann distribution among continuous
trajectories:
P(path y) is proportional to e~ BVt

As it was mentioned, this time in Boltzmann distribution we use energy of path instead of
energy - multiplied by time like for action. The choice of 3 is arbitrary, but considering time
dependent case, similarity to quantum formalism (5.19) will suggest to use § = 1/h.

The eigenvector becomes a function such that

U(X) ), where X := (6x,)7_, €R” (4.12)

The right hand side of (4.10) becomes

HY(X) := —%A\p(x) +V(X)¥(X)



CHAPTER 4. BOLTZMANN PATHS AND INFINITESIMAL LIMIT 40

where A = 2?21 0;; is Laplacian. If we choose

hZ

a=5P

(4.13)

H becomes Hamiltonian of Schrédinger equation (—%A + V).
Finally eigenvector equation (4.10) becomes in the limit:

EVv =Hv¥

where E is the lowest possible eigenvalue (the ground state energy):

_ . 2D+1-A,
E=limE, = lim ————
e—0" e—0" (ZD + 1)ﬁ€

The stationary probability density for such MERW limit is
p(X) :=¥3(X) for normalized W : f vi(X)=1 (4.14)

Let us now find the continuous propagator. The S;; matrix looses its meaning in infinitesi-

l .
mal time step limit, but we can use (Sl)l-j = ((%) ) Y MERW propagator:
ij Yi

» B %)1/6 &_ ( Me_le)l/e ﬂ,\,( (Me_le)) ﬂ
(Se )ij - ((Ae ’ Y, o 1+e e, i Y; A | exp €A, ij P,

In the ¢ — 0% limit, eigenvector 1) becomes eigenfunction W. Let us focus on MZT_AE fraction

using (4.8) approximation for D = 1:

M. -2, . Vi i +pig —3efVih — A, . Vi =2+ 3-3efV— A,
Y| = = +
eA, ; e, €A, e,

using (4.11) definition (A, = 3 — 3€E,), the first fraction above leads to a/\, the second to

3—3eBV,— (3—3BeE.) 3
= —Zﬁ(Ee—W)

€

For general D, as previously above 3 changes into 2D + 1, so finally

M, — A, R
= ¢ tends to (aA— BV +BE) Y =p(E—-H)¥

€

M, -2, A
exp tendsto ~ ePE-HD
€A,
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To obtain coordinates of a matrix, we can multiply it both sides by canonical vectors (M;; =
eiTM e; where e; = (8;),). In continuous limit we analogously multiply them by Dirac deltas -
let us use notation from quantum mechanics to write the final propagator ((¥|x) = ¥(x)):

—tﬁH \/j
Stx, y) = (XIZ_tﬁEIy) \ng 4.15)

It can be imagined that if we know that in given moment the walker has position x, probability
density of that it will be in y after time t is S*(x, y). It seems that there is a problem with
points where ¥ vanishes, like inside an infinite energy barrier - stationary probability density
there is also zero and infinite propagator means that the walker would immediately escape
from there.

The (x|e~*P*|y) term is the propagator from euclidean path integrals - it is called the kernel
and it describes local evolution. The additional % term is required to make the propagator
stochastic and it depends on the whole system, making this model nonlocal - to make the best
predictions, we should know the whole system. This stochastic model only represents our
knowledge - the walker does not directly use it, there is no need for nonlocality governing its
behavior.

The graph is regular, so for constant V propagator becomes the same as for GRW - lead-
ing to the Brownian motion with a/f diffusion coefficient. Generally it has much stronger
localization properties.

Let us check that this propagator is properly normalized, compose correctly and leads to
the expected stationary probability density:

f (xle= P y) (y1®)  (x|W)e tFE
f ) (x’y)dy:f e R e

—tH N, —tBA N,
JSt(x,J’)SS(y,z)dy = J <X|ee—tﬁE|y> \Pg; <y|:—s[3’E Gl q/((j/))dy =S (x,z)

—tBH /]
f p(x)S'(x, Y )dx = f O
[ e ) ) 1)
= g X = o—tPE =py)

We have used that W is real function, what is also essential for p(x) = ¥?(x) formula, which
in opposite to quantum mechanics does not require using absolute value. For this purpose
there was previously used Frobenius-Perron theorem - let us take it to the continuous case.
This uniqueness and positiveness of the ground state eigenfunction can be found for example
in Faris [21] - here is Theorem 10.3 from this book:

Theorem 22. Let # = L*(M,u). Let A: # — # be a bounded self-adjoined operator. Assume
that A < a where a is eigenvalue of A. Assume also that A is positivity preserving. Then A
is indecomposable if and only if the eigenvalue a has multiplicity one and the corresponding
eigenspace is spanned by a function u which is strictly positive almost everywhere.
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Positivity preserving condition corresponds to nonnegativity of matrix: for all real u > 0, Au
is also real and Au > 0,
Indecomposability of operator A corresponds to connectiveness - there is no projection operator
(P? = P) onto a non-trivial closed subspace, such that AP = PAP.
We are interested in dominant eigenvalue of the operator, so assumption that it is bounded is
necessary. This time there is no longer a problem with periodic graphs - discrete lattice can
have period 2, but intuitively it degenerates while taking infinitesimal limit. In our case the
operator is obtained as a limit of nonnegative matrices, so we automatically get the positivity
preservation and so the main question is about the indecomposibility condition. For example
on page 72 of cited book, above theorem is used for the ground state of Schrodinger equation
as we require:

Observation 23. Let ¢ = L*(R",dx). Let Hy = —A and let V > 0 be a function on R"
which is locally integrable on the complement of a closed set K of measure zero. Assume that the
complement of K is connected. Then the ground state of H = Hy + V (if exists) is unique.

So infinite energy barriers could generally divide the space into independent components,
but inside them the ground state is unique and real, nonnegative.

On the end of this section, let us look at the propagator decomposed in the eigenbase of
Hamiltonian (assuming discrete energy spectrum):

.H\I/i = Ei‘I’i Where E - EO S El S .
(W ]w)) =6, D=1
i
where all ¥ can be chosen as real functions, but usually only ¥, = ¥ is nonnegative. Now we

can write
S, y) = D e PR W) (W) ()
Y e tFko Wo(x)

Let us imagine that there is some idealized model preferring some concrete solutions like
orbits of classical mechanics. We would like to add to these simplified considerations
small perturbations we cannot directly control, like caused by the wave nature of particles.
Analogous natural thermodynamical approach would be instead of considering a single
idealized solution, use canonical ensemble of perturbed ones. The presented simplified
approach uses nowhere differentable diffusive trajectories, which are not very physical and in
this moment do not allow for additional restrictions. There is required further work, but the
general suggestion of above propagator is that if idealized solution is additionally somehow
restricted, adding thermodynamical perturbations would stochastically shift it toward "near"
low eigenstate: having relatively large projection on the probability density. This restriction
could be also that lower eigenstates are already occupied by repelling particles, preventing
from choosing these dynamical equilibriums by such thermodynamical analogue of Pauli
exclusion principle.

(4.16)
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Local behaviour .  Future trajectories Full trajectories
(GRW) (/] (MERW)

(/)

[1(x) < ¥(x)

Past trajectories

A

M(x) o« e PY®

: [1(x) x ®(x)
"static” (= ¥(0) : M(x) « CIJZ(x)‘P(x)
statistical physics (=¥2(0)
stationary density for infinite potential well on [0.1]:  W(x) = d(x) = sin(mx)
T LN
MNx)=1 | (x) = gsin(nx) | M(x) = 2 sin?(mx)

Figure 4.2: Comparison of different ensembles and their stationary probability densities for in-
finite potential well. Nonlocality required for such effective models does not imply nonlocality
of the original model we are trying to predict.

Thought-provoking observation from above derivation of Schrodinger’s Hamiltonian is that
Laplacian term is not (like in its quantum mechanical interpretation) a result of kinetic energy,
but of using lattice as discretization like in Bose-Hubbard model - corresponds only to freedom
of moving in the space. We will later introduce momentum operator in analogy to quantum
mechanics, but it describes only density flow, not the real momentum of the particle. To
include kinetic energy we would need to include velocity of particle first - consider random
walk in phase space like in Langevin equation.

4.4 Comparison of ensembles and interpretations

If we make analogous infinitesimal limit of GRW instead, from (4.5) we get stationary proba-
bility density:
P (x) o e AV 4.17)

While characteristic length in MERW remains infinite, in GRW case it is the distance corre-
sponding to the nearest neighbor (6), so it drops to zero in infinitesimal limit - the walker
makes succeeding random decisions accordingly only to situation in given point. In compari-
son, MERW randomness represents only our knowledge and the walker could even make de-
cisions in an unknown complex deterministic way. There is also completely no need he knows
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this (nonlocal) model we use - it appeared by our assumption of thermodynamical ensemble
of possible scenarios he could choose - asymptotically dominating all other assumptions we
could make.

Figure 4.2 compares three basic approaches to statistical ensembles we could choose. The
first one has practically no localization properties. The last one is MERW-based leading to
probability density localized exactly as in quantum mechanics. The middle one has first power
relating amplitudes and probabilities, so it would not violate Bell inequalities. However, such
assumed ensemble changes while time passes, so there is no direct way to infer transition
probabilities for it (connecting different ensembles). The MERW situation can be seen as two
glued middle situations - leading to squares required to predict probability on constant time
cut of such ensemble of abstract four-dimensional scenarios.

To conclude this chapter, let us think how to interpret obtained continuous probabilistic
models. Standard view on Brownian motion is stochastic: that the object literally chooses
succeeding steps of nowhere differentable trajectory using locally maximizing entropy transi-
tion probabilities, like a particle drifting in a fluid. On the other side there is ergodic picture
of classical chaos - the object travels through some concrete trajectory, governed for exam-
ple by classical mechanics and this trajectory effectively covers the whole space, allowing to
introduce density function by averaging over infinite time.

Imagining a particle, it should travel through a differentiable and generally more deter-
mined than diffusive trajectory. Standard assumption of chaos theory that our model can fully
describe the evolution is often also not appropriate, because there are usually plenty of hidden
from us degrees of freedom there, which in practice can be included to considerations only
as thermodynamical fluctuations. So what we would like is something intermediate - model
physical trajectories and include thermodynamics.

The MERW-based approach is intended to be thermodynamical model - because we do not
know what is exactly happening, we assume Boltzmann distribution among possibilities: tra-
jectories. Like in stochastic picture, it is defined by local transition probabilities, but this time
they are calculated not assumed - to fully optimize entropy/free energy. In section 3.3 we have
seen that MERW formulas can be obtained by calculating proportions between occurrences of
patterns in ensemble of all full paths. These transition probabilities are no longer defined by
only local conditions, but require the knowledge about the whole situation - they should not
be interpreted that the walker uses them directly as in stochastic model, but only we use them
to predict its probability density. Transition probabilities for single steps fully determined the
process (Markov property), so it is enough to focus on finding probabilities for single steps -
calculate transition probabilities as proportions between single steps in canonical ensemble of
trajectories going through a given point like in Fig. 1.1.

The problem is that trajectories we use in the ensemble are diffusive, while we would rather
expect restricting this ensemble to more physical ones - differentable, approximately preserv-
ing energy (up to thermodynamical fluctuations). Because in this moment we are interested
only in probabilities of single steps, which become infinitesimally small in continuous limit,
one could expect that such restriction to physical trajectories should practically not change
local transition probabilities - let us call such assumption restricted ensemble hypothesis:
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Hypothesis 1. Averaging over ensemble of all trajectories to obtain probability distribution of
infinitesimal steps, practically does not change while restricting to physical trajectories.

There remain a question of defining what we mean by physical trajectories - we should not
focus just on classical deterministic ones like in classical chaos, but remember that they are
usually idealized: neglect many hidden degrees of freedom. However, including such ther-
modynamical perturbations should not affect proportions between infinitesimal steps while
averaging over ensemble, leading again to above restricted ensemble hypothesis assumption.

The real difference between diffusive and physical trajectories appears on larger than in-
finitesimal time scale - physical trajectories in space do not fulfill Markov property, but their
behavior depends on additional degrees of freedom like velocity. It could be improved us-
ing Markov process in phase space instead, getting more complicated optimizing entropy/free
energy analogue of Langevin equation.

Observe that even if obtained model is not a Markov process, transition probabilities de-
scribe average behavior from a given point - while we should be careful about using Markov
propagator, the stationary probability distribution is always the dominant eigenvector of
stochastic matrix. The fact that the expected probability distribution agrees with thermo-
dynamical equilibrium predicted by quantum mechanics, suggests that presented approach
with above hypothesis is reasonable interpretation.

To summarize, using MERW-based models to generate stochastic trajectories is not the
proper intuition. The transition probabilities should be rather seen as averaged local behavior
over all possible scenarios. The stochastic propagator assumes Markov property, so generally
we should be careful while interpreting it. The most essential conclusion from these mod-
els is that the equilibrium probability density is universal thermodynamical effect, especially
because it is in agreement with thermodynamical equilibrium of quantum mechanics.



Chapter 5

Time dependence

We will now focus on situation when the M matrix can vary in time. There will be consid-
ered the general discrete case first. These considerations can be used if there are added or
removed some graph edges while time passes. Later we will use them for lattice graphs and
vary only weights of edges, representing evolution of potential. Finally we will look at contin-
uous limit situation and find analogues of probability current, momentum operator, Ehrenfest
equation and Heisenberg uncertainty principle. These considerations improve intuition about
time symmetry of this thermodynamical model.

For simplicity in this chapter we assume that graph is aperiodic, but this restriction can be
easily removed.

5.1 General discrete case

Let us generalize previous results to M varying with time, what can represnt the change of
potential like:

vipyitl
gyt : _pitl
Vi =V,(t) M, =Aje B (or symmetric M/, =e 3 )

Previously powers of matrix represented behavior on time segments, now there are required
time dependent analogues. In this chapter we will use upper index as time instead of power.
For Boltzmann distribution among paths, by extending definition 21 we would like that:

energy of path (v, Y41, 75) 18 V. o+t VL (5.1)

where for this chapter we will assume that s > t.

For this generalization we can retrace one of the original derivations:

- by expanding path ensemble in both time directions, automatically getting normalization like
in 3.3, or

- by expanding in single direction looking at its first step and then make normalization like in
3.1

46
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5.1.1 Generalized dominant eigenvectors

In any case, we need analogues of right and left dominant eigenvectors (real, nonnegative):
probability distributions for final situation of ensembles of infinite one-sided paths - into the
future (1) and eventually into the past (¢):

Z‘(Mt_lMt_H_l"Mt_l)ij Zj(MtMt+1..Mt+l_1)-~

= lim = = L= lim J >0
= A i % M) (20)
(5.2)

where 4, 4 are some normalizing functions - as previously @ will correspond to prob-
ability of i (in time t), so it would be useful to make that that V, Y. ¢ ¢! = 1. It could be
achieved using A (1) = /(1) = \/Zij ML M1 but it could make one eigenvector van-
ishing while the second goes to infinity. Anyway, these formulas using propagator from plus
or minus infinity are rather impractical - more useful are analogues of eigenvector equations:

Zj(MtMt+1Mt+2.-Mt+l)i‘

(Mg, = fim =y = A (53)
. Zi(Mt—lMt—H-l“Mt—lMt) .
(¢ M"); = Jim A = &4
. t ~ ) 7t+1
where A" =1lim,_, “}Sf;ll)), At =lim,_ < jt((ll;rl)
Let us assume that ), ¢i1; remains constant for normalization:
t¢t+1 ’l/)tH it
(P = () ——=(p)'M = (et (5.5)

So assumption that (¢f)T¢* = const is equivalent to A = A as expected (also for different
eigenvectors). Other view on this condition is through making below multiplication in two
ways:

(@H)TMpttt = At (generally: (i)' Myt =21)) (5.6)

5.1.2 Generalized further eigenvectors

Choosing M as constant in time, we see that these generalized eigenvector equations should
have N orthogonal solutions (for this short part, lower index denotes the number of solution
of eigenequation):

M wt+1 wk ((Pk)TMt At(¢t+1 T fOI‘ A,t A,t > A,t A’]t\[_1
which is fulfilled by decomposition analogous to the stationary case:
= Zkiwi(cpiﬂf for orthogonal ¢,y : V, (¢0)" ! =&,
k

For locally stationary situation we can use standard diagonalization, then there can be used
the eigenvector equations to obtain their evolution. In our case we are only interested in the
dominant ones: ‘=g, ¢' = ;. They can be also directly calculated using (5.2), which
can be seen as generalization of the power method for finding the dominant eigenvector.
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5.1.3 Time dependent MERW

With A = A assumption we know that (¢*)74)" is constant in time, so the exact choice of A only
determines balance between ¢ and 1, such that their product remain constant. We are mainly
interested in 7 vector depending on their product and S matrix depending on division of v
coordinates, so this balance between ¢ and v is in fact irrelevant - this means we could choose
practically any A. The only problem of choosing it in not optimal way, is that 1/ could grow
exponentially to infinity while ¢ would drop to zero or oppositely, what could be inconvenient
in practical calculations.

There are some situations allowing to "calibrate" A, for example if potential is practically
constant on some time segment, both ¢ and 1) should tend to the stationary situation in
which they are left and right dominant eigenvectors of this locally constant M - choosing A as
corresponding eigenvalue allows to make these eigenvectors constant. If potential evolution
is slow enough, we could assume that such equilibrium is constantly maintained - in such
adiabatic approximation probability density in given time should be nearly the same as if
potential would remain constant in time.

Now considering ensembles of paths growing in both time directions, (3.19) becomes:

t t t+1 s
PrOb((vi)?zt) _ (p"t MVtVr+1MVr+1Vr+2 ) Vs 1Vs /l/)Vs (5 7)
s Tt LAt t+1 s :
PrOb((Wi)i:t) Lth MWtWt+1MWt+1Wt+2 ) Ws 1Ws l/)Ws

As previously, for s = t we get dynamical analogue of stationary probability density - without
additional knowledge, the optimal assumption of probability density in given moment is:

T = @i for Z pipi=1, A=21 (5.8)

For s =t + 1 we get time dependent S matrix:

M.t. ,lp§+1
ij rj
Required normalization constant (1/A") is consequence of (5.3):
My

E E J _ t+1
TCI l] 7(,[ _ﬂ:j

The analogue of power of S matrix now depends on time segment this propagator corresponds

to:
+1 -1 s
(MMM )8

— 1 os—1y  _
(Sts)ij - (Stst ..SS )l] —_— Afkf‘f‘l")f—l $ (5.10)
1
The Botzmann distribution among finite length paths became:
t t+1 s —[5 VST s
t t+1 s—1 MYth+1MY[+1Yt+2 : 1Ys les _ ( rereet T IY) /lp)/s (511)

YeYerr YesrVesz ™" Vsoa¥s ALAEHL s~ 1 Pt - ALALHL ps-1 s
Yt Yt
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Figure 5.1: Example of segment graph with cyclic boundary condition on which there is
switched potential well. Amplitudes are normalized to one, so they can be interpreted as
densities on the end of past/future ensembles of one-sided paths like in Fig. 4.2. Their non-
adiabatic evolution start from stationary state in past/future and evolve toward future/past.

Fig. 5.1 brings some intuition about the situation. 1) represents estimation of the future
behavior and evolves backward in time and ¢ represents knowledge about the past situation
and evolves forward in time. This situation has time symmetry: transposing M and negating
time would switch ¢ and ¢. The retrocausality of this effective model means only that to make
the best estimation of the walker’s position, we should know how the system will change in
the future. It cannot be interpreted that the walker needs to know the future.

5.2 Continuous limit

As previously, we would like now to find the continuous limit for lattices. Knowing the dom-
inant eigenvectors in some moment, we can use analogues of eigenvector equations to get
their evolution:

Mtl/)H_l — Atwt, (Mt)T(pt — AtQOH_l (512)

In addition to stationary situation, there appears time dependence of these generalized eigen-
vectors now - difference between succeeding ones will lead to time derivative in continuous
limit.

The fact that v represents ensemble of possible further evolutions allowed previously to
understand the requirement of squares relating amplitudes and probabilities. In opposite to
¢, natural direction of evolution of 1) is into the past. We are usually interested in evolution
into the future, what leads to some inconvenience - for this purpose we should iterate M ~*
matrix instead, but it diametrally changes the attractors (A — 1/A). For example the attracting
dominant eigenvector becomes the most repelling one - of the least absolute value. We will
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derive and use these unstable equations in theoretical considerations, but one has to be careful
about using them especially in numerical calculations. For this purpose, it is better to start with
some equilibrium in future and evolve 1) backward in time like in Fig. 5.1.

In opposite to thermodynamics, quantum mechanics has unitary evolution in which this
inconvenience disappears. Instead of exponentially vanishing/exploding coordinates (eigen-
values on real axis), the absolute coordinates remain constant (eigenvalues on unit circle).

This time (4.8) approximation for D = 1 becomes (unstable):

Alapt = (M), m S ] — 3epVi /= 3yi

The last ¢ should originally have t+1 upper index, but we are again interested in infinitesimal
limit, in which terms of higher than epsilon order will vanish. As previously let us connect
eigenvalue with energy: Al = 3 — 3eE!, getting

-1
3yl =) = BeBEN: map = 2p T H it —Be VI /- 3h
1 ’(,/Jt+1 _ th 1 t+1 _ 2¢t+l + t+1
—;‘FEt t%—— x—1 X x+1+Vt t
ﬁ E,L/)X 3/3 6 X’l’bX
Now as in 4.3, the infinitesimal limit for general D becomes:
1d R
Ed—T\y(X, T)+ E(T)¥(X,T) = H(T)¥(X, T) (5.13)
where T = €t, X = 6x, € = (ZDi:)a’ E(T) =lim,_, E! and as previously

H(T)Y(X,T) := —%A\p(x, T)+V(X,T)¥(X,T)

We can make the same route for ¢ or just look at (5.12) - now time derivative is with opposite
sign and we should use transposed matrix instead. The matrix is real, so this transposition
corresponds to conjugation of obtained Hamiltonian. It is usually self-adjoined (A" = H), but
let us look at the general situation:

1d 3t
_Eﬁq)(x’ T)+E(t)eX,T)=H"(T)2(X,T)

Finally we can write these equations for evolution probability densities for past and future half
planes:

1 d d=(E—H"N® L d U=(H-E)WV (5.14)
Bdt Bdt '
In quantum mechanics (Y|y) = const for complex v because "bra" rotates in one

direction ((¢)] — e™/"(xp|), while "ket" rotates in the other (|¢)) — e ™/f]1))). Here
(®|¥) = const for real positive ®, ¥ because one drops exponentially while the other rises
(@] — e =], [W) — P U] )).
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As it was commented for the general time dependent case, the choice of E does not affect
probability density or propagator, so if we do not care that eigenvectors goes to zero and infin-
ity, we could choose even E = 0. For numerical simulations eigenvectors can be synchronized
to ¥ = & for self-adjoined H while locally stationary situations, by using E as the ground state
energy. As previously, we can also make adiabatic approximation - calculate ¥(t), ®(t) and
E(t) as the potential was not going to change:

E(t) = (®(0)|HY(t))

Having ¢ and ¥ we can calculate the expected probability density:
plx,t)=®(x, t)¥(x,t) if f ®(x,t)¥(x,t)dx =1 (5.15)

Hamiltonians having different potentials generally do not commute, so formally like in quan-
tum mechanics to calculate propagator there is required time-ordering operator (7):

ST(x,y) = llgingf ST+ (5, x,)STHOTH20 (x  x,)...dx,dXy.. =
_ limg_o{x|e PO BORT+0) o=FOH(S-0)|y) y(y,5)  (x|Te PIrH0d|y) g(y,s)
B AN (T,S) w(x,T) H(T,S)  ¥(x,T)

where A4 can be obtained from fS LS(x,y)dy = 1 normalization condition.

5.2.1 Probability current

The probability current is much simpler to obtain:
d . .
- (®w) =B ((E—-HA")®)¥ + &(H - E)¥) =

=a ((A®)¥ — d(AV)) =aV - (V¥ — (V)
So probability current and continuity equation became:

d
J=a(®(VV)— (Vo)D) T P="V-J (5.16)
Let us find correspondence between this formula for real ¢, ¥ and its quantum mechanical
analogue: j = % (qﬁvw — 1/)V1[r) for complex . Substituting for example ) = %(@ +iv)
for some phase y, we get:
R

4mi

j= (@ —iV)V(®+iV) — (®+iV)V(P—iV)) = % (dVY —UVP)

It is exactly the equation (5.16) obtained from MERW for a = % Generally above choice
of 1 changes probability density (Jy|* # ®¥), but we get equality if ¥ = &, what can be
obtained for self-adjoined H when the system evolves so slowly, that we can assume constant
equilibrium (adiabatic approximation).



CHAPTER 5. TIME DEPENDENCE 52

5.2.2 Ehrenfest equations

Like in quantum mechanics, we can introduce operators acting on states in fixed time - we
will look at their expected values here. This time they are not necessarily self-adjoined, so we
need to clearly describe which side they apply to:

(0) := (3|OW) = f ®(x)(OW(x))dx

Probability current allows to calculate time evolution of the expected position:

J— xpdx_— X—dax = — X( J) X Jdx =

= aJ (V) — (Vo)Wdx = 2af d(V)dx = iJ d(pY) = —
m m

where we have used partial integration twice, assuming vanishing at boundaries and
h
p:=2maV (=hV fora=—) (5.17)
2m

This time momentum operator is not self-adjoined, but antihermitean (p* = —p) - to apply it
to ® we would use —AV instead. Intuitively & is the one evolving forward in time (stable) -
the momentum operator can be imagined that the increase of density, brings thermodynamical
flow in opposite direction to equilibrate densities.

For not self-adjoined p, usually p? also is not self-adjoined - we can repair it using p'p
instead. Now the choice a = % as previously allows us to write our H in more physical way:

AT A

g=Lt? +V (5.18)
2m
This choice of a means that
2m 1 h
= Fa = % for a= % (519)

Let us now find time evolution of the expected value of a general operator - analogue of
Ehrenfest equation:

d R o a0 A~
E@IO‘P) = B(®I(E —H)O¥) + (‘PIE\P) + [ (2|0(H — E)¥)

d . 20 -
—(0) = <—> +B([0,A]) (5.20)

for example
[X,p]l=2ma=h (5.21)
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density potential
- \ —

\

/

Figure 5.2: Simulation showing time-symmetry and that acceleration is opposite than in New-
ton’s equations. While switching potential, probability density travels from thermodynamical
equilibrium in the first well to the second one - first accelerating uphill the potential, then
decelerating downhill. The acceleration grows with (VV).

. a d(z) )
[x,H] —ZEV = 4 = (2av)=—
[p,H] =[AV,V]=hVV =
d
7; By =BAVV) =(VV) = J P (x)VV(x)dx (5.22)
Surprisingly, we get
d2
m——(x) =({VV)

what is opposite acceleration than in Newton’s law. Example in figure 5.2 gives intuition
that this looking contradictory result, is in fact expected. The system constantly searches for
the thermodynamical equilibrium - while evolution is slow enough and the current entropy
well remains optimal, probability density remains there. However, when a different local
potential minimum starts dominating like in Fig. 3.5, probability density has to get out of the
current potential well - accelerating uphill, then decelerating downhill to finally stop in the
new optimal minimum.

This example also provides educative demonstration of time-symmetry of this thermody-
namical model. Our best estimation of particle’s probability density in plus or minus infinity is
the ground state of corresponding potential well. The switch is symmetric, so our prediction
of intermediate densities is also time-symmetric.

5.2.3 Heisenberg uncertainty principle

Having momentum operator, we can derive Heisenberg uncertainty principle analogue for
adiabatic approximation (® = ¥). This time p is not self-adjoined, so (p?) does not have to be
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nonnegative. Instead, like for Hamiltonian we need to use:
(p'p) = (¥Ip'p¥) = (p¥|pW)
Now for any A:
0 < ((X +Ap)¥|(% + Ap)W) = (¥|(X — AP)(X + Ap)¥) = (x*) + A*(p'p) — AR

This quadratic equation must have nonpositive discriminant, getting analogue of Heisenberg

uncertainty principle:
V() vV (p'D) = (5.23)

N S



Chapter 6

Multiple particles

In this chapter there will be discussed extensions of MERW methodology for multiple walkers
on a single graph. It will be made in analogy to quantum mechanics, but these considerations
are purely thermodynamical. The original graph of positions needs to be extended to graph of
particle configurations on it - for distinction in this chapter we will call vertices of the original
graph as nodes, while of the extended graph as vertices.

6.1 Noninteracting particles

The stationary probability density from the previous chapters was originally obtained as the
best assumption we can make (maximizing uncertainty) for a single particle on the graph. It
is also the dominant eigenvector of the stochastic matrix S, so in time-independent case it can
be also seen as time average of particle’s position over a long period.

Another general view is for multiple noninteracting particles - if they behave independently
and each of them is expected to agree with this prediction, their actual density (current dis-
tribution among nodes) should asymptotically be near this expected probability density. More
precisely, asymptotically this agreement improves exponentially with the number of particles
and the coefficient is Kullback-Leibler distance between these distributions.

To see it, let us look at the simplest case of n € N particles on 2 node graph: there is
a random variable with binomial probability distribution (p,1 — p) and we are interested in
asymptotic probability that if we use it n times, the first possibility will happen gn times

(p,q €[0,1]):

( n )pq”(l —_ p)(lfq)n ~ 2(—a1g(@)-(1-9)1g(1-q)+qlg(p)+(1-q)1g(1-p)) — 2—”(‘118(%)“1—‘1)18(%))
n

where we have used asymptotic approximation of binomial coefficients from section 3.2.
Straightforward generalization is: while using n times probability distribution (p;);, asymp-
totic probability of getting (nq;); distribution is:

Pr(n, (g)lI(p;)) = 27 "Pral@lie) where Dy ((g)II(py)) == qu' Ig (%) (6.1)

55
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is called Kullback-Leibler distance of these probability densities, but usually it is not symmetric.
It is nonnegative and is zero only when (p;) and (q;) are equal - as expected, in n — oo limit
(q;) = (p;) case completely dominates all the others.

Approximation that particles does not interact should be appropriate when their density
is relatively low. In other case, there could be used some mean field approximation. For
example: find the ground state probability density for single particle, assume such density
of e.g. electrons to correspondingly modify the potential, then find the ground state for this
modified potential and so on until stabilizing such iterative procedure.

6.2 Fixed number of interacting particles

Let us now extend the MERW methodology to directly work with fixed number of interacting
walkers/particles.

6.2.1 Distinguishable particles

We will start these consideration with two distinguishable particles on the same graph, but it
can be simply generalized for larger fixed amount. Position of such couple can be denoted as
(x1,x5) €V x¥. One way of choosing the adjacency matrix is that there is allowed transition
from (x,,x,) to (y;,y,) vertices if and only if there is allowed transition from x; to y; and
from x, to y, nodes. A different choice is used in Bose-Hubbard model: such transition is
allowed only if a single particle jumps to its neighbor, while all the others remain in their
positions.

The next step is to assign energy to these transitions. If we would choose it as just the sum
of energies of the two original edges, we would make these particles completely independent
(assuming that simultaneously only one of them can make transition, would only change time
scale). As in physics, to introduce interaction between them, we can use potential energy
depending on both positions like Coulomb attraction/repulsion. So finally the .# matrix for
this extended graph is not just the tensor product of two copies of the original matrix (M ® M),
but it additionally have term describing their interaction, like

B ( V0 )V HV(x2)+V (y2)
2

‘//t(xl’xz),(yl,}’z) =€ +V1(x1,x2,y1,y2)) (62)

where for example V;(x1, X5, Y1, Y5) = VG 1):‘/10()(2’}' 2) for some symmetric potential V.
Now random walk in such extended space (¥ x ¥) corresponds to thermodynamics of coupled
evolution of these two particles - the dominant eigenvector of .# determines stationary proba-
bility in this extended space like in Fig. 6.1. If we are only interested in e.g. probability density
of one of these particles, we can sum the joint probability density over some coordinates.

In continuous limit we would analogously use eigenfunction equation for ¥,,(x, y):
PiP1 | P3P
2m 2m

H|Vy,) =E[¥;,)  where H= +V(x)+ V() +Vilx,y)
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attracting potential independent repelling potential
-1 -1
Vi=-(b - y+1) V=0 Vi=t(x - y[+1)

distinguishable

' 4 types of
additional
%— edges

.\ _to compensate
~_ these vertices | —

1 /\0_1_ 0.1

Figure 6.1: Example of stationary probability distributions for two particles on segment graph
with self-loops (8 = 1). The bottom row shows 7t(x) = Y. y 7(x, y) and its last graph has addi-
tional probability density for the second eigenvector to compare with Pauli exclusion principle.

indistinguishable

m(x)

i)

and lower index in momentum operators denotes variable it applies to. Like in quantum
mechanics, for noninteracting particles the eigenfunction can be seen as tensor product

(P15(x, y) = U1 (x)T,(¥)).

6.2.2 Indistinguishable particles

For particles we cannot distinguish, (x, y) vertex is for us equivalent to (y, x). It can be used
to reduce considered number of vertices nearly twice or generally factorial of the number of
particles times. For this purpose we would use only vertices of coordinates sorted in some
linear order (like x < y) and identify them with all possible permutations. This reduction of
the number of states in this effective model is not compulsory. Symmetrization is only abstract
way for representing our information and it does not imply that underlying physics cannot
distinguish particles having different positions.

In discrete case the number of corresponding permutations decreases when some coordi-
nates equalize (e.g. x = y) - we need to be careful there. These vertices have neighbors of
not ordered coordinates - the weights of edges to these vertices cannot just vanish. Instead
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these weights should be added to weights of edges to corresponding vertices of ordered
coordinates, like in Fig. 6.1. Additionally, one need to remember that obtained probabilities
of nondiagonal vertices correspond to both permutations (n! generally) - to make that density
is just restricted density of distinguishable case in Fig. 6.1, these diagonal probabilities were
divided by 2.

The diagonal degenerates in continuous limit, so in this case we can neglect above com-
plication. If Hamiltonian is invariant with respect to particle exchange, the fact that ¥,,(x,y)
is the dominant eigenfunction (minimizing energy), implies that ¥,,(y, x) also fulfills eigen-
function equation to the same eigenvalue. This eigenfunction is unique, so ¥, is symmetric
(W1,(x,y) = ¥,(y,x)). This symmetry is characteristic for bosons in quantum mechanics.
Positivity of ¥ coordinates in MERW does not allow for direct antisymmetrization required
for fermion formalism, but we could for example artificially remove vertices with multiple
particles in the same position (the diagonal for two particles) and edges to them.

However, even without artificially including some Pauli exclusion principle, the repulsion
makes that the dynamical equilibrium state has already anti-correlated positions of these
two particles. It applies to both MERW approach and two particle quantum wavefunction
(4 (x, y)). The latter is usually approximated by tensor product of single particle states, but
the repulsive potential makes that the complete two particle wavefunction avoids configu-
rations with electrons being close to each other (because of barriers of 3 4+ 3 dimensional
potential) - probability density should be much larger when electrons are on the opposite
sides of the nucleus. Placing three electrons in analogous way seem to be much less stable,
especially if one takes magnetic moments into considerations - it suggest that even without
Pauli principle, one electron should search for a different orbital.

6.3 Harmonic oscillator and creation/annihilation opera-
tors

Let us briefly look at the standard harmonic oscillator example - one dimensional continuous
model with V(x) = %mw2x2 potential for some angular frequency w. Its simplicity, existence
of analytic solutions and equidistance between energy levels made it standard way to intro-
duce multiple particle formalism, usually called second quantization. For example for lattice
we could model its nodes as approximated by such potential. Like in quantum mechanics,
in MERW formalism the harmonic oscillator Hamiltonian can be decomposed into first order
annihilation(a;)/ creation(d;r) operators:

. p'p 1 1 X X 1
HZ%—I—Emwzch:Ehw(d‘d—kdd‘)=hw(a‘€l—|——)
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because in our case p = AV = —p".
Eigenfunctions of this Hamiltonian are known:

~1/4
(xln) = ™2 1) aln) = v |n— 1) a'ln—1) = v n)

where £, is n-th Hermite polynomial. This time for single particle only the lowest state is
thermodynamically stable (|0)) - excited states would deexcite to this ground state. However,
when there are multiple repelling particles, they should choose distant thermodynamical equi-
libriums. For example figure 6.1 suggests that for two repelling particles, probability density
for each of them is similar to of the second lowest energetic eigenstate (|1)). However, we
should have in mind that quantum or MERW amplitudes for interacting particles are a bit
different than for noninteracting ones.

Annihilation/creation operators and |n) states can be also used as purely abstract way to
work on multiple particle states/nodes. So let us disregard underlying physics for now and
find the universal combinatorial coefficients by considering a graph of single node which can
contain various number of particles (n). For clearer picture, let us assume for a moment that
they are distinguishable - transition to from n to n — 1 particle state can be made by removing
one of n particles - in n ways. Transforming back one of these subsets into the original n
particle state can be made in only one way:

alm) = njn—1) a'fn—1) = [7)

where |n) is nonstandard normalization of n particle vertex - this time it represents the sum
of n! permutated states. However, it already leads to the proper commutation relations:

iln) :=a'aln) =n|n) aa'ln) =(n+1Dn) [a,a'] =1 (6.3)

Standard normalization of these states is % times the sum of n! permutation states: |n) =

vn!|n), leading to relations used in quantum mechanics:

aln) = VA In—1) 6 —1) = ¥ In) @110) = %m 6.4)

6.4 Varying number of particles and Bose-Hubbard model

To consider n particles on graph (¥, &), there can be used ¥" extended graph with corre-
spondingly defined transitions. To include varying number of particles, the final graph be-
comes union of such graphs, between which we need to define allowed transitions (e.g. using
d"/a formalism). Then the potential allows to choose new M matrix for such extended graph.
Additionally, there could be required chemical potential (or rest mass in QFT) to include the
change of energy of system while the number of particles increases. Finally, for example the
dominant eigenvector of M determines stationary probability distribution among all vertices
of this union of ¥" .
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Figure 6.2: Example of extended graph for fermions on 4 node segment-like graph, such that
in one step single particle can move by one position or be annihilated/created. Each of 2* = 16
vertices represent situation in some moment, stationary probability distribution is among these
16 vertices.

For indistinguishable particles there appears more convenient way of representing multi-
ple particle states: by storing only the number of particles in each vertex - vertices of such
extended graphs are functions from ¥ to the set of possible number of particles in a single
vertex. For fermions there should be at most one (¥ — {0, 1}), for bosons there can be any
natural number of particles in a node (¥ — N). The boson picture is also used with repulsive
interaction to approximate fermion behavior.

We are now prepared to look at the Bose-Hubbard model [22] proposed and used for
example for solid state physics or optical lattices. The main interest is the only stable: ground
state to which other would deexcite. The simplest used Hamiltonian for (¥, &) underlying
graph (usually a regular lattice) is:

- U
Hyyo=—t ) d}ai+52ﬁi (A, — 1) (6.5)

(i,))eé icy

Model parameter t chooses transition probability (the larger t, the less important are other
terms), U is additional energy for two particles being in a single node. There is usually also
added Hermitian conjugate of the first term - it can be made by just using indirected graph
((i,j) e & = (j,i) € &), so presented form is more general. This first term defines adjacency
matrix of the extended graph of possible situations - there are allowed transitions shifting
single particle to a neighboring node.

The second term introduces local repulsion for this bosonic model (used as approximation
for fermions) - that there is required additional energy to place more than one particle in a
single node. There is often added chemical potential term to compensate for varying number
of particles, but the fact that the number of creation and annihilation operators in each term
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is equal, makes that the number of particles is constant in this case. This model can be ex-
tended for example by including local energy of nodes (V(i)) or interaction between particles

Vi (@, j)):
D Va+ Y Vi, A
ey i,jeV

Let us now look at the situation from MERW perspective. If there is only a single particle,
the graph of possibilities is exactly the original graph (¥, &). In such case interactions vanish
and the original Bose-Hubbard Hamiltonian becomes equivalent to —tM, where M is stan-
dard adjacency matrix used in the basic MERW and this purely thermodynamical model also
predicts the statistical equilibrium to be as for the quantum ground state of the Hamiltonian.
The other terms do not change the vertex - their direct interpretation is self-loop like in section
3.4: that using only transition terms costs zero energy, but each time the particle would like
to stay in a vertex, the system would have to pay in energy.

MERW approach suggests to realize these terms in a bit different way. Specifically, Boltz-
mann distribution among paths requires multiplying Hamiltonian transition terms by e ~¢f"
where € is time step and V generally may depend on the whole configuration of particles be-
fore and after the transition, for example expressed using 7 operators like interactions in the
Bose-Hubbard model. In analogy to making continuous limit of lattice in section 4.2, for small
lattice constant we can approximate it in € order to Bose-Hubbard Hamiltonian:

HMERW o — Z a;( a, e—eﬁv(conﬁguration before and after transition) ~
(i,j)e&

N — Z d;‘fdi +epd Z V (configuration after transition) d;fdj
(i,j)e€ jev

where d is constant for lattice degree of vertices. The first approximation is using only linear
expansion of exponent e ¢#V &~ 1—€efV, the second that V is smooth - has practically the same
values in neighboring vertices. The third approximation is that the dominant eigenvector is
nearly constant in neighboring vertices - it becomes more complicated now: requires modifi-
cation of indexes of annihilation operators (dj.'di A aj.'aj), but it should not essentially change
the dominant eigenvector we are interested in. By choosing V we can now get Bose-Hubbard
Hamiltonian as required.

To summarize, MERW approach leads to Hamiltonian which is practically equivalent
to Bose-Hubbard Hamiltonian if there is no potential/interaction or in continuous limit.
In general case they only approximate each other. Bose-Hubbard Hamiltonian seems to
be introduced by direct analogy to continuous case, while for MERW it is derived from
model which mathematically is nearly Feynman path integrals in imaginary time. Obtained
difference suggests to investigate the process of translation continuous models to discrete
cases.

The next step should be making infinitesimal limit for varying number of particles to get
thermodynamical analogue of Quantum Field Theories. There appears technical difficulties for
direct approach, like that eigenstates of thermodynamical analogue of momentum operator
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(V) are exponentially growing or vanishing - are very different from plane waves, which
for MERW are unavailable (¥ > 0). It suggests using Laplace transform instead of Fourier
transform momentum space, but it seems problematic. Future development of such MERW
expansions could bring some better intuition about many problematic infinities appearing in
QFT. Anyway, from mathematical point of view, the MERW approach is very similar to using
quantum mechanics in imaginary time, which is popular while finding the ground state. For
example the expansion into Feynman graphs expressed by a sequence of annihilation/creation
operators, in imaginary time becomes canonical ensemble of situations described as graph
and its parameters - Boltzmann distribution among four-dimensional scenarios what MERW is
constructed on.



Chapter 7

Conclusions and further perspectives

There was introduced and discussed basic formalism, properties and intuitive examples of
MERW-based thermodynamical modeling. These thermodynamical motion models still re-
quire a lot of work to develop it into a mature complementation of standard approaches, but
already they seem to provide explanation why in some situations standard thermodynamics
disagrees with experimental and quantum predictions, moreover these models suggest the way
for correction. The standard approach to improve the inconsistencies of stochastic models is
to introduce some anomalous diffusion, usually without proposing any explaining mechanism.
Explanation of the presented approach is that the standard models only seem to fulfill thermo-
dynamical principles, while in fact they are often biased: in contradistinction to the maximal
uncertainty principle they unknowingly prefer some possible scenarios without any base for
such assumption. Equivalently, instead of using ensembles of static scenarios, for agreement
with thermodynamical predictions of quantum mechanics, we should consider ensembles of
dynamical ones: trajectories or histories.

There was not required fixed noise level for the MERW Hamiltonian to became the
Schrodinger operator, but similarity to quantum formalism for time dependent case suggested
to choose 8 = 1/hA. The main source of this fundamental noise seems to be the wave nature
of particles, for example resulting from de Broglie’s internal clock. This thermodynamical
model completely ignores other effects related to the wave nature, generally seen as the
essence of quantum mechanics: required for interference or orbit quantization. However,
surprisingly in MERW appears the structure of the eigenstates of Hamiltonian, but in a
different way: as temporary attractors for probability density, which might occur permanent
if lower eigenstates are somehow restricted, for example by being occupied by repelling
particles. Deep understanding of such thermodynamical analogue of the Pauli exclusion
principle is one of the most important lines of the further work. Another essential property
ignored by thermodynamical approach is the energy conservation, which results in photon
production while deexcitation. These lacks could be reduced while instead of considering
nowhere differentable trajectories (diffusive) one would consider more physical ones - smooth
and being perturbations of classical trajectories. Another possible line of development is the
infinitesimal limit of Bose-Hubbard-like model to get a better understanding of for example
problematic infinities occurring in Quantum Field Theories.
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Some time ago Richard Feynman has written "I think I can safely say that nobody under-
stands quantum mechanics". While recent experiments of Couder ([9]) showed that double-
slit interference can be observed and understood for classical macroscopic objects having
wave-particle duality, the surprising agreement of the presented approach with thermody-
namical predictions of quantum mechanics seems to complement the picture. There appears
new hope to make quantum mechanics not only a calculation tool, but also to see it as a the-
ory with deeply understood foundations. The Schroedinger cat gedankenexperiment already
suggests that quantum mechanics is a theory representing information possessed by a subjec-
tive observer - while for an external observer the cat may be in the quantum superposition, a
different observer inside the box may finally get out and show recording what has objectively
happened inside the box. The interpretation of de Broglie’s and the MERW-based approaches
suggest that we can see quantum mechanics not as fundamental axiomatic theory, but as emer-
gent effective one - a result of the wave nature of particles and thermodynamics representing
the most probable behavior according to our limited knowledge. While the modulus of wave-
function describes probability, its argument can be imagined as describing expected relative
phase of a particle’s internal clock.

While the Schrodinger equation focuses on the wave nature and ignores the corpuscular
one, presented approach does exactly opposite - it would be useful to construct something to
combine them. For this purpose one does need a model with energy conservation, in which
there can naturally appear various number of local particle-like constructions, constantly creat-
ing waves of the surrounding field like Couder’s walking droplets do. Their wave nature would
lead to effects typical for quantum mechanics like interference, while MERW-based thermo-
dynamical view suggests additional stochastic shift toward probability densities of quantum
eigenstates. Particle quantum numbers, more or less conserved properties being integer mul-
tiplicities of some quantities, suggest where to search for the corresponding mathematical
constructions. Specifically, topological charges, like winding number are also integer multi-
plicities and are restricted by corresponding conservation laws. Such topological solitons can
be created/annihilated in pairs of opposite "charges", there can appear attraction/repulsion
for opposite/the same topological charge, they have stored some characteristic minimal rest
energy (mass) required to glue such nontrivial boundary conditions, some of them like the so
called breathers may have the "clock": internal periodic process creating waves around and so
on. Skyrme ([23]) made topological solitons popular as effective models of hadrons. Couder’s
experiments and presented thermodynamical approach suggest to make an afford to use soli-
tons as constructs for all particles. For example there exists such electron model (Faber [24])
in which naturally appears electromagnetic interactions, but this approach does not include
the wave nature. Recently there was introduced model which can be seen as its extension by a
single degree of freedom interpreted as quantum phase, which adds the possibility of includ-
ing an internal clock (ellipsoid field in [16]). This additional degree of freedom enlarges the
family of topological solitons, which becomes qualitatively similar to that known from particle
physics: three families of solitons resembling correspondingly neutrinos, leptons, mesons and
baryons which can finally combine into nucleus-like structures. Qualitatively it has surprising
agreement with expected quantum numbers, interactions, decays and mass hierarchy. There
is required a lot of more quantitative considerations to verify this promising approach.
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