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Abstract

In his book “The Computer and the Brain” von Neumann observed that the brain works efficiently using low arithmetical precision and very few logical steps. 
From this he made the remarkable conjecture that the brain’s internal logical system was non-standard. In this paper we prove von Neumann’s conjecture by 
considering a topological surface spin network brain model. Two theoretical arguments are presented. Both of which lead to testable predictions that suggest 
that the internal logical system of the brain is not standard as its logic does not obey the classical logical law of excluded middle of classical logic, which states 
that a logical proposition must be either true or false. We also show how the brain might function as a quantum computer when retrieving memories. This result 
explains how the brain can function efficiently with low arithmetical precision and few logical steps as a quantum computer requires very few steps to solve a 
problem. Observational support for the arguments and the reason for the existence of a quantum memory structure are discussed. The basic properties of the 
model used are explained. Thus we prove that the surface chosen for the model exactly captures the topological connectivity of the brain, sketch how that the 
model can produce all observed brain excitations using its global features and show that it has a natural way to store the information carried by signals as 
memory in a quantum spin structure.

INTRODUCTION 

In this paper we prove von Neumann’s conjecture [1], 
that the internal logical system of the brain is nonstandard 
using results established in a recently published topological 
surface spin network brain model [2]. The internal logical 
system of the brain in the model is proved to not satisfy 
the law of excluded middle of classical logic and is thus 
nonstandard. The law of excluded middle of logic states 
that any logical proposition must be either true or false. 
We also show how this departure from classical logic 
allows it to work efficiently using a small number of logical 
steps and low arithmetic precision. 

In his book, “The Computer and the Brain” von Neumann 
[1], suggested that the internal logic of the brain may not 
follow the rules of classical logic. He pointed out that just 
as language is a historical accident, as there is no logical 
necessity for the existence of a specific language such as 
Greek or Sanskrit, it is reasonable to assume that logics and 
mathematics are historical, accidental forms of expression. 
They may have essential variants. von Neumann was led 

to this conjecture by observating that the brain functions 
efficiently using shallow arithmetical and logical depth. 
Von Neumann was an outstanding mathematician of great 
insight who contributed more than any mathematician of 
his time to diverse areas of pure and applied sciences and 
made major contributions to many fields. Von Neumann’s 
started thinking about the brain after reading the work of 
Pitt’s and McCulloch [3], and he used some of the ideas of 
Pitt and McCulloch when he built the first digital computer. 
His clearly stated surprising conjecture about the brain’s 
logical system is worth investigating. 

Arithmetic depth reflects the accuracy of the arithmetic 
operations that are carried out required to make 
predictions while logical depth reflects the number of 
logical steps required to come to a conclusion. From these 
observations von Neumann concludes that” Thus logics and 
mathematics in the central nervous system, when viewed 
as languages, must structurally be essentially different 
from those languages to which our common experiences 
refer. “The results of this paper validate von Neumann’s 
conjecture. 
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The nature of incoming information received is identified 
by the brain by consulting memory. This means that the 
way to determine the brain’s logical system is by studying 
the combination rules of signals and their interaction with 
memory. We study these two brain features. 

We begin by formulating the law of excluded middle in 
terms of the combination rules of brain signals. Consider 
two brain signals. One carries a proposition P and the other 
carries its converse CP. Using combination rules of signals 
that we will explain we then combine these two signals. 
The law of excluded middle is then the statement: 

If the law of excluded middle holds it implies that a signal 
carrying a proposition and its converse, at the same time, 
cannot exist. 

Our next step is to explain the basic features of the 
topological surface spin network brain model which we 
use for our analysis. From now on we will refer to it as the 
brain model. 

BRAIN MODEL 

The topological surface network model of the brain 
used is a realistic model because in two ways. It is realistic 
because, as we will now prove it exactly captures the 
topological connectivity properties of the brain and its 
surface is taken to have the electrical properties of the 
brain membrane so that they contain spin half electrons 
and protons. It is realistic in another sense as it can 
produce all brain-like excitations, suggest how memories 
may be stored and retrieved. We will sketch how these 
features emerge from a study of the model. We now 
prove that the surface of the surface network is chosen to 
exactly captures the topo logical connectivity of any brain 
connectome and then note that, unexpectedly it also has 
a precise mathematical representation [2]. A connectome 
captures the connectivity of the biological brain by a linear 
graph where each brain cell (neuron) is represented 
by a point and nerve fibers, axons, connecting them as 
lines. If we replace the points by surface regions and the 
lines by tubes we will have a surface representation of a 
connectome. The neurons of the brain are now located at 
the junction regions of the Riemann surface. The surface 
thus constructed is a compact surface that can be visualized 
as a membrane cover of the brain’s individual nerve cells. 
In this picture the neurons are junction regions and axons 
are the tubes. We further require this membrane to have 
surface spin-half particles to captures a property of the 
biological brain membrane. 

A theorem of topology called the topological 
classification theorem of sur faces, enormously simplifies 

Other authors have suggested that the logical system 
of the brain may de part from classical logic [4,5]. These 
suggestions reflect the general belief that biological 
systems operate on the basis of seeking meaning in the 
information they receive rather than requiring overall 
logical consistency. 

Alternative logical systems do exist. There is, for 
example, the four valued Buddhist logical system and the 
seven valued logical system of Jain philosophy [6-8]. The 
ancient Indian logical systems rejected the law of excluded 
middle simply because the Indian philosophers felt that 
no empirical statement could hold for all time and under 
all conditions. Thus the statement that an apple is red is 
true at a give instant of time and in a given environment. If 
viewed using blue light the apple will appear to be black. 
If we leave the apple for a month it will no longer be red. 
There is growing interest in non-standard logical systems 
in Artificial Intelligence [9], in neural networks [10], and in 
addressing foundational questions of quantum mechanics 
[11]. In these approaches departures from classical logic 
are externally introduced. 

The internal logical system of the brain is not known. 
It cannot be found by studying the way the brain can 
learn and use abstract mathematics or use different 
system of logic. It can only be investigated by studying 
the combination rule of brain signals and the way they 
interact with and access memory. Such a study of signals 
and memory is only possible in a mathematical model of 
the brain. Unfortunately standard brain models cannot 
help. In these models input signals are not autonomously 
generated but are introduced through different types 
of “firing functions” and there is no attempt to study the 
constant interaction of signals with memories simply 
because the precise structures in which memories 
stored are not known [12-15]. Also the way signals carry 
information is not theoretically determined but has to be 
found by studying properties of signals [16]. Thus there 
is no theoretical method of studying the combination 
rule for signals. The only rule available is that when 
multiple signals enter a brain cell output signals emerge 
only if the combined voltages of the input signals cross a 
threshold. Similarly although there is growing evidence 
that memories are stored in the pathways between special 
brain cells, the way this is done is still under investigation 
[15], so that a theoretical study of memory storage is not 
possible. We thus need a non-standard brain model with 
the requires properties. 

We note that all the functions of the brain are responses 
to input information carrying signals where the information 
carried is encoded in the brain’s own self-generated code. 
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our model [17]. This theorem states that any com pact 
surface, no matter how complex, is topologically equivalent 
to an orderly collection of doughnuts joined together as 
shown in Figure 1. If we assume that the surface is smooth 
then such a surface with surface spin-half particles has a 
mathematical description as a Riemann surface with a 
spin structure. Thus the model introduced has classical 
topological properties because of its complex connectivity. 
Surface spin-half particles introduce an additional 
topological property to the surface called a spin structure 
and they also introduce a quantum feature to the model as 
spin-half particles obey the laws of quantum physics. The 
topological feature of surface spin-half particles comes 
from the fact that they have magnetic properties so that 
that they can link together to form distinct topological 
patterns. These are spin structures [18,19]. Spin-half 
particles also introduce a quantum feature to the model as 
they obey the laws of quantum physics [20]. 

MATHEMATICAL FACTS 

Before we can sketch how brain signals are generated, 
how memory structure are created and how the 
combination rules for signals and properties of memory 
structures studied in the surface network model we need 
to define properties of the Riemann surface and explain 
why we need to introduce a function associated with it 
called the Riemann Theta function.

Riemann Surface 

A Riemann surface has two properties. It has complex 
connectivity and it is smooth. Mathematically it is a 
geometric way to represent a polynomial equation in two 
complex variables [21]. This result was proved by Riemann. 
The topological connectivity properties of a Riemann 
surface are described by introducing loop coordinates 
round the surface of the g connected doughnuts as shown 
in Figure 1. There is a set of 2g of natural topological 
closed loop coordinates (ai, bi) as shown. The ai loops go 
round the tubes while the bi loops go round the central 
hole of the ith doughnut as shown in the figure. These 
loops reflect the multiple periodic nature of Σg. The sets of 
closed loops (ai, bi) (Figure 1) are said to be orthogonal. 

The variables of a Riemann surface are its sur face points 
z. They are complex numbers. The smoothness of Σg is 
captured by g mathematical objects called one-forms ωi(z)
dz, i =1,···,g. The existence of these g one-forms was proved 
by Riemann [22]. A one-form is an object that can be 
integrated. Its smoothness is captured by the smoothness 
of the coefficients ωi(z), where z is a point on Σg. 

Thus Σg, as a mathematical Riemann surface, is described 
by the choice of its 2g topological coordinates (ai,bi) that 
describe closed loops, (Figure 1), and its smoothness is 
described by a specific set of g smooth one-forms and its 
variables are its surface points z. We still have to explain 
how to describe its spin structure. We will define it in 
an indirect but precise way after we define the Riemann 
Theta function associated with the surface. 

The Riemann Theta function and Spin Structures

We next define the Riemann Theta function Θg [22,23].
Why is this function required? It is required to represent 
responses of the Riemann surface to sur face distorting 
input signals. Let us clarify this remark. Suppose we want 
to study oscillations of a circular wire. It is a geometric 
object and can be described in terms of its radius r 
and an angle θ. To study its oscillations we introduce 
trigonometric functions, (r sin(θ),r cos(θ). The variables 
of these functions are related to the variables of the circle 
and the functions satisfy a non-linear constraint that 
establishes that it is related to the circle. The constraint 
is (r cos(θ))2+(r sin(θ))2 =r2. The Riemann Theta function 
plays a similar role. It describes responses of the surface. 
As was the case for the trigonometric functions the 
parameters and variables are related to those of its 
associated Riemann surface and, as for the trigonometric 
functions, the Theta function is required to satisfy a non-
linear identity called the Fay trisecant identity so that it 
does represent the Riemann surface. We first define the 
parameters and variables of the Theta function and then 
define the function. 

We start with the parameters. An important set of 
parameters of Θg are in a symmetric matrix Ωij, with positive 
imaginary values, called the period matrix Ωij of the Theta 
function. It is defined by integrating the one forms ω(z)j dz 
over the closed loop bi. We thus have the expression, Ωij = 

ωj(z)dz, i,j = 1; g. It is a set of complex numbers. 
The period matrix of a genus g Riemannsurface has 
complex parameters.

The second set of parameters of Θg are a set of positive 
or negative integers that can range between (±∞). The 
integers can be interpreted as winding numbers that come 
from integrating one forms ωj(z)dz over closed the ai loops. Figure 1 Riemann Surface with marked coordinates (ai,bi).
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loops that represent spin-half particles on Σg. We next note 
an important property of the Theta function. We note that 
we can write Theta as,

where . It is an integer. It is the 
spin topology number of Σg reflected in the Theta function. 
It defines the spin structure of the Riemann surface. Thus 
the two topological integer numbers that capture the 
connectivity g and spin structure W are now defined. Both 
of them are explicitly present in the Theta function. A given 
set of characteristics is said to be even or odd depending 
on whether eiπW =±1. 

Pinch deformation input signals 

We next describe how signals are generated in the 
network by global means by local topology changing input 
signals called pinch deformations. These input signals can 
generate a wide variety of brain-like excitations. We will 
explain how this happens. 

Pinch deformations input signals reduce the 
circumference of ai loops and as a result change the 
topology of the surface as shown in Figure 2. As this 
process reveals junction regions of the Riemann surface 
pinch deformations reveal the neurons underlying the 
Riemann surface. † The figure shows how a pinch de 
formation changes the topology of a subunit to that the 
surface of a sphere. 

† It is known that a pinch deformation of a biological 
axon does indeed produce signals [24]. 

The sphere represents a collection of neurons. 
Mathematically pinch deformations of a Riemann surface 
deform the zi variables of the Theta function to become 
zi →Vix+Wit where (Vi,Wi)represent the Riemann surface 
deformation parameters and (x,t) variables represent two 
directions on an axon tube, space and time variables. The 
details of this happens are given in the cited papers [25,26]. 
We will comment on this result later. Here we simply 
note that the distortion parameters (Vi,Wi) are depend 

These integrals ωj(z)dz =δij, where δij is the Kronecker 
delta function. The integral represent integrating the 
jth one form once round the ith loop ai shown in Figure 1. 
Thus they produce positive or negative integer values as 
they “wind” round the ai loops of the Riemann surface in 
the clockwise or anticlockwise directions. We next turn to 
define the variables of the theta function. 

The Riemann Θg function has g complex variables zi that 
are all generated from the one complex variable z of Σg. 
They are defined by zi = ωi(w)dw. In other words, the 
variables, zi are generated by integrating the ith one form 
between a fixed point 0 on Σg to a variable point z on its 
surface. The Θg can be regarded as a smooth function in a 
space of g complex variables. The variables zi of the space 
have periodicity properties which they inherit from the 
periodicity of the variable z of Σg as it winds round the 2g 
closed loops (ai, bi) of Σg. This space of g complex variables 
with periodicity conditions is called the Jacobian, J (Σg) 
associated with Σg. The theta function, Θg is a locally smooth 
function on J (Σg). A theorem, called the Jacobi inversion 
theorem [23], tells us that the Jacobian J (Σg) provides an 
alternative description of a Riemann surface [23]. 

Finally Θg has 2g discrete variables called theta 
characteristics or simply characteristics, (αi,βi), i = 1,2,...g, 
that describe the spin structure of Σg, in a precise way. 
Topologically distinct spin structures of Σg correspond to 
different choices of characteristic values [18,19].We will 
make this link clear shortly. Each characteristic αi or βi can 
take one of two values, namely zero or half. 

We now write down the defining expression for the 
Riemann theta function Θαi,βi (zi,Ωij =Θg, it is,

Notice the characteristics, (αi,βi) are related to the loops 
(ai,bi) of Σg. Thus the αi characteristics are associated with 
the ai loops and the βi characteristics with the bi loops of 
Σg. This observation allows us to give characteristic a 
geometric interpretation. A traversal round the ai loop 
adds  to zi while one round the bi loop adds  to ni 
variables of the theta function [19]. We interpreted the 
integer numbers ni as the windings number of a one form 
round the ai loops then the fraction can be interpreted as 
the winding of a “half form” that changes sign after a 2π 
rotation can be associated with a spin-half particle [18]. It 
is known that a quantum spin-half particle does changes 
sign under 2π rotation [20].Thus by relating spin-half 
particles to “half-forms” a geometric interpretation can be 
given that links characteristics associated with integrals 
over ai loops of Σg to the integral of “half-forms” over ai 

Figure 2 Pinch Deformation reduce topology of subunit to that of a sphere.
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on the Riemann surface. They represent the model’s self-
generated information code. 

Signal Generation 

Unexpectedly brain signals are generated in the model 
by exploiting the surface network’s topological properties. 
Let us explain the process. A subunit that generates a signal 
with topology numbers (k,w), representing its genus and 
spin, is deformed by k pinch deformation input signals as 
shown in Figure 1 to a topo logical sphere with (k = 0,w = 0) 
topology numbers. We interpret this sphere as a collection 
of neurons. These pinch deformations produce k one 
dimensional non-dissipative voltage pulse that carry with 
them a spin topology phase eiπw and these excitations can 
be represented by explicit analytic expressions in terms 
of Theta function which are solutions of the non-linear 
Schroedinger differential equation [2]. Depending on the 
nature of the deformation parameter values all observed 
brain signals can be generated by pinch deformation input 
signals [25,26].

Let us explain how this happens. A number of 
mathematical discoveries underpin the result. The first 
discovery [27,23] was to find the non-linear identity, 10 
the Fay trisecant identity, that a Riemann Theta function 
must satisfy if it is to represent a Riemann surface [23]. 
This was done by Mumford.

The next result was that the brain excitations must 
carry spin topology phases with odd values of the spin 
topology number w. This is because the Fay identity only 
holds when Theta functions have odd integer values 
for W. The next unexpected discovery was made by 
Mumford [23]. He found that under pinch deformations, 
two things happen: the variables of the Theta function are 
deformed, as the variables of Theta are related to those of 
the Riemann surface, and the Fay identity gets deformed 
to becomes a non-linear differential equation. Finally 
Arbarello [28], showed that the non-linear differential 
equation produced by pinch deformations is the one 
dimensional Schroedinger equation only if the Riemann 
surface is described by the real hyper elliptic equation 
defined by the equation. We are interested in solutions of 
the non-linear Schrodinger equation as they can describe 
all observed brain excitations. The hyper elliptic equation 
is defined by the equation, 

where y,z are complex but xi are either real or they 
occur as complex conjugate pairs, that is, if  
is a complex zero of the equation then x∗

i = is also 
a zero. ‡ 

Key properties of signals 

We list the key properties of brain signals we need 
for our discussion of brain logic. All brain signals are 
generated by reducing the topology numbers of a subunit 
from (k,w) to (0,0). This means that the signals must carry 
away this topological information. The number k shows 
up as k pulses and the number w shows up as the phase 
factor eiπw that multiplies the expression describing the 
excitation. We pointed out that the Theta function naturally 
has this phase. The next important feature of signals is that 
different information carrying signals can have the same 
spin topology phase factor. This statement is clear from 

‡The Riemann surface associated with this equation 
can be constructed by showing how starting from the 
equation the ωi(z)dzi = 1·,g and the 2g loop coordinates 
(ai,bi) can be determined from the equation. They are 

defined by  and the 2g 
cycles represent choices of branch cuts that make the 
square root function well defined on the complex plane 
[25]. the expression for k pulse solution we now write 
down [26], 

where mi summed over. Each mi can be either zero or 
one. The subunit has genus k and spin topology number 

 Different signals with the same eiπw 
are possible. They will have different pinch deformation 
parameter values for (Ai j, ηi, φi ,) and. The term ηi = (Vi x + 
Wi t ). The k pulse excitation is produced by a subunit of 
genus k in response to k input pinch input signals. Thus 
two different signals with the same spin topology number 
must produce the same number of pulses and these pulses 
reflect the number of neurons firing in the subunit.

We next turn to explain how quantum memory 
structures are created by propagating signals [2], and 
prove that quantum memory states are topologically 
entangled.

MEMORY STATES ARE EXTENDED QUANTUM 
STATES

Memory structures are created by the magnetic 
fields generated by moving charged pulse signals [29], 
acting on and aligning the surface spin-half particles 
present. A quantum calculation shows that these weak 
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transient magnetic field can result in the formation of a 
stable helical structure of aligned spins on the surface 
of pathways traversed by the pulse [2]. It is an extended 
quantum memory structure. It is quantum because spin-
half particles obey the laws of quantum theory and it is a 
memory structures as it records the nature of the transient 
magnetic field produced by the voltage pulse signal as 
the magnetic field completely determines the original 
voltage pulse signal [30]. The stability of the structure 
was carefully investigated and proved to hold at body 
temperature provided certain conditions are satisfied [2]. 
The key determinant of stability was that the path contains 
loops. But a loop of paths means multiple neurons must be 
involved in the structure as neurons are junction regions 
and a path loop requires at least two junction regions 
to form. Thus the model predicts that a stable memory 
structure must involve a collection of neurons connected 
together by paths that form closed loops. But this predicted 
structure is precisely the structure of observed memory 
engrams [15].

An unexpected property of the magnetic memory 
structure is that it does not have any macroscopic 
magnetism. This is because in a helical structure of aligned 
spins neighbouring spin-half particles are related by 2π 
angle rotations and spins related by 2π rotations have 
opposite orientation. It is a quantum property of spin-
half particles [20]. The quantum structure calculation also 
shows that each memory structure has a memory specific 
excitation frequency [2].

We next prove that the quantum memory structures 
are topologically entangled. This is a technical argument 
but we include the proof as it is an important result and 
does not require prior knowledge of topology.

Memory structures are topologically entangled

Entanglement in topology means that points or 
collection of points in a given space cannot be separated. Let 
us explain what this means. Topology studies properties of 
a space that do not change under continuous deformations 
this means its basic building blocks must unchanged under 
such deformations. A region of space such as a points 
inside a disc in two dimensions have this property. Under 
continuous deformation the shape of the disc will change 
but the collection of points inside do not change. The 
interior points in a disc define an open set. Using open sets 
of discs we can separate two points on a two dimensional 
surface. We simply introduce two discs so that each disc 
contain one of the two points and make sure that the discs 
chosen do not intersect. This is possible. It means the 
two points are not entangled: they can be separated by 
discs. Spaces where points or collection of points can be 

separated in this way are called Hausdorff spaces [17]. We 
now show that the space of memories does not have this 
property. Memories are helical structures of aligned spin-
half particles on a Riemann surface. They are extended 
quantum states that have a one-dimensional helical shape. 
Such a shape can be described by the algebraic equation Mi 
= xi (zi)2 + yi (zi)2 = R2, 0 < zi < Li where (Xi(zi),yi(zi)) are points 
on the surface of the Riemann surface Σg and zi describes the 
length of the memory which can range over closed loops 
of the Riemann surface. The total brain memory structure 
M is the superposition of all quantum memory states Mi. 
We define a topology for this space of memories using the 
fact that each memory is a helical structures embedded in 
a Riemann surface. We then prove that these memories are 
topologically entangled. 

Recall a topology of a space X with null space φ is a 
choice of open sets in X that have the property of the union 
of these open sets is an open set, the finite intersection 
of open sets is open and X and φ are regarded as open 
sets. Our space of memories M are closed sets in Σg. A 
natural way of constructing open sets from them is by 
considering the complements of these closed sets. Thus 
the open set associated with Mi is Σg −Mi. These open sets 
were introduced by Zariski [31], and provide the space 
of memories a topology. But now open sets of any two 
memories always intersect as they both contain Σg with just 
a curve removed from it. This means the space of memories 
cannot be separated. A Hausdorff separable space [17], is 
one in which any two points of the space can be placed 
in open sets that do not intersect. A spaces with Zariski 
topology is non-Hausdorff. Memories are topologically 
entangled. Thus the surface network predicts that coherent 
quantum memory states that are topologically entangled 
should exist in the brain. Indeed the model speculates that 
these structures are formed by helically aligned proton 
spins located in myelin sheaths of axons. Indirect evidence 
for this is discussed in Sen [2]. 

With these results in place we are now ready to start 
our study of how brain signals combine. We key result is 
a combination rules for the spin topology phase factors 
carried by signals discovered by Frobenius. Frobenius 
found that spin topology phases obey combination rules, 
when W is an odd integer. Let us explain his rules. 

Combination rules for spin phase factors 

Frobenius [32,33], studied the combination rule 
of of spin topology numbers associated with sets of 
characteristics of a Riemann theta function where each 
set of characteristics was assigned a spin topology phase 
factor eiπW. From these he selects those with the property 
eiπW = −1 and shows that a set of these can be chosen, which 



Sen S, et al. (2026)

Comput Sci Eng 5(1): 1016 (2026) 7/10

Central
Bringing Excellence in Open Access





he called the fundamental set, in terms of which all other 
characteristics can be is expressed. Many different choices 
for the fundamental set are possible [32]. We do not need 
to consider these sets. We only need Frobenius’s rules for 
combining the spin topology numbers of two arbitrary odd 
characteristics. They are [33],

where wi, wj are two sets of odd characteristics 
(α1,α2·,αg,β1,β2,·,βg)n, n = i, j, and the labels, i, j represent the 
spin topology numbers of each set, and e(w) = eiπW ,with 

, the associated spin topology number, 

with (−1)W. Thus when two different spin topology number 
with odd characteristics are combined they produce an 
odd spin topology number but when they are the same 
they combine to give W = 0. We write, W = i + j +1, where 
i, j are odd numbers, and when wi = wj the spin topology 
number becomes W =0. When wi = wj it means the two 
sets of characteristics are the same and that both signals 
are generated by subunits containing the same number 
of neurons. As any two subunits with the same value of W 
have the same genus. 

THE LOGICAL RULES OF THE BRAIN 

We are now ready to investigate the brain’s internal 
logical system. We will use two separate approaches. The 
first approach is based on the combination of signals. The 
second has to do with the quantum nature of the memory 
structures. Both approaches lead to testable predictions. 

The internal logic of the brain is unknown. But it is 
reflected in the way brain signals combine and interact 
with memory since the brain functions to tally depend on 
using the information it receives from entering signals. 
There is no external logical rules that are imposed on the 
way this is done. The rules the brain follows have emerged 
as a result of evolution. Input signals are first encoded by 
the brain using its own unknown self-generated code, they 
are processed and result leads to responses in a person 
that could be emotional or/and motor. The processing 
depends on the interactions between signals and with 
memory. Such a study is only possible in a brain model. 

The law of excluded middle for signals. 

The idea is that brain signals can carry information 
containing propositions. If one signal carries proposition P 
and another its converse and if the law of excluded is valid 
then combining these two propositions to form a signal 
that contains both propositions should not be possible. The 
combination rules for spin topology phases tell us that if 

the two signals carry different spin topology numbers then 
when they combine a spin topology number that is odd 
is produced and an associated viable signal is produced. 
But if the two contrary information carrying signals have 
the same spin topology number then when they combine 
they produce a spin topology number W =0 and no signal 
is produced as all signals must carry a spin topology phase 
with W an odd integer. We now recall the law of excluded 
middle and its formulation in terms of the combination 
rules of brain signals stated in the introduction. We have: 

The law of excluded middle is the statement of logic 
that a proposition P of logic is either true or false. We now 
formulate the law in terms of the combination rules of 
signals, as: 

If the law of excluded middle holds it implies that a signal 
carrying a proposition and its converse, at the same time, 
cannot exist. 

We have just shown that for the law of excluded middle 
to hold the signal carrying proposition P and one that 
carries the converse proposition must have the same spin 
topology number and as discussed must be generated by 
identical subunits. This means both signals are produced 
by exciting the same number of neurons as a multivoltage 
signal of g pulses is created by exciting g neurons present 
in a signal generating subunit. 

Thus the question whether the brain’s internal logic 
does or does not satisfy the law of excluded middle can 
now be experimentally determined by studying if the size 
of excitations created by a propositions and its converse 
are the same or not. 

Observationally it is found that a proposition and its 
converse produce signal excitations of different sizes [34].
This is found by means of multivariate pattern analysis 
(MVPA) that can distinguish between brain activities for a 
proposition and its converse. It found that while both types 
of concepts are processed in overlapping brain regions, 
their representations are not identical, particularly when 
influenced by negation. Thus it follows that the law of 
excluded middle is absent in the brain’s logical system if 
the theoretical results of combining signals of the TBM are 
valid. We end with a quote from the conclusion section of 
the paper: 

“The overall picture emerging from this set of results is 
largely compatible with the view that sentential negation 
polarity operates by modulating the neural activation 
patterns coding for concepts, to an extent that is sufficient to 
make the processing of affirmative and negative sentences 
with either an abstract or concrete content distinguishable 



Sen S, et al. (2026)

Comput Sci Eng 5(1): 1016 (2026) 8/10

Central
Bringing Excellence in Open Access





by means of MVPA. We suggest that the negation polarity 
modulation occurs in distributed representational 
semantic networks, through the functional mediation 
of syntactic and cognitive control systems [34]”. Thus 
negative propositions can be observationally distinguished 
from positive propositions. They do not use the same 
number of neurons. Hence the law of excluded middle is 
not valid for the brain’s internal logic system. 

The law of excluded middle for memory states 

We now give a second argument that suggests that 
also leads to the same conclusion. In the TBM memory 
structures are superposition of extended quantum states 
of helically aligned quantum spin-half surface particles. 
We sketched how they can be created by the magnetic 
field generated by moving voltage pulse signals acting on 
and aligning surface spin-half particles to create a non-
transient records of the information carried by signals. 
Since spin-half particles obey the laws of quantum theory 
this structure is a extended helical quantum structure. 
The conditions for this structure to be stable at body 
temperatures have been investigated [2]. 

In quantum theory the law of excluded middle does not 
hold as wave functions that are superposition of states can 
carry contrary propositions. An ex ample will clarify this 
point. Consider the quantum memory state of faces that a 
person recognizes. In this state all faces, as quantum states, 
are present. This means the state contains the face A and 
the face not Ain it and thus it does not satisfy the law of 
excluded middle. For this idea to be acceptable evidence 
for the existence of a extended quantum structure in the 
brain is required. Recent experimental results suggests the 
existence of an extended quantum structures in the brain 
[35,36]. Kerkens and his collaborators found that proton 
spins in bulk water in the brain have quantum coherent 
structures. We quote: 

“Recent proposals in quantum gravity [37,38], 
have suggested that unknown systems can mediate 
entanglement between two known quantum systems, if 
the mediator itself is non-classical...Our findings suggest 
that we may have witnessed entanglement mediated by....
brain functions that operate non-classically.. which would 
mean that consciousness is non-classical”. 

Our comment is that the scale of quantum coherence 
required for quantum gravity to be effective is not 
supported by observations [39], and the possibility of 
gravity induced quantum effects is speculative because 
currently there is no accepted theory of quantum gravity. 
Penrose [40], has explained why constructing such a 
theory is not possible using standard methods of quantum 

field theory. We suggest that Kerkens’s [35], observation of 
quantum coherence can be understood from the suggested 
quantum brain memory structure. 

Kerskens found that proton spins in bulk water were in 
an entangled quantum state. They get entangled because 
both of them interact with the proton spins of the extended 
memory structure by spin-spin interactions. Symbolically 
if (p1,p2) are two bulk water proton spins in quantum states 
(|p1,y1 > , |p2,y2 >) and |M >=
; Nj is the superposition of K memory states with x j 

a(j) the 
location of an aligned proton spins in the jth myelin sheath. 
Then the spin entanglement term is given by 

The entanglement is due to both of the bulk water 
proton spins interacting with all the spins of the extended 
quantum memory state. However this entanglement 
expression is time dependent as the proton spin magnetic 
moments of both bulk water and memory structure proton 
shave oscillatory time dependences. This means a time 
average over these cycles will give a zero value for the 
entanglement. The only way a non-zero entanglement 
value is possible is if all the time dependences are the same. 

We now explain that the memory structure proton 
spins have a heartbeat induced frequency which is always 
present. This means that if the bulk water protons are 
tuned to this frequency then the entanglement will be 
non-zero and will be observed as a coherence oscillation 
of buk water proton spins synchronized to the heartbeat 
frequency. 

The synchronized proton spin oscillations observed 
with heart beat cycles can also be understood from the 
entanglement of bulk water proton spins. It has been 
established that heartbeat-induced blood pressure 
changes directly affect neuronal activity in the brain 
through mechano-sensitive ion channels like Piezo2, 
[41], that convert mechanical pressure in to electrical 
signals that have voltages of a few mV. Thus heartbeats 
generate oscillating voltage signals which can excite the 
memory structure as it has excitation frequencies in the 
range (1−20+)2Hz [2].These memory spin oscillations 
induced by hear beat, that are always present, will in turn 
lead to synchronized proton spins oscillations of the same 
frequency due to their spin-spin coupling to the memory 
structure. Al though these results are promising the 
existence of the quantum memory structure still remains 
conjectural. A direct proof that proton spins align to form a 
quantum memory structure is missing. 
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Does the brain function as a quantum computer? 

We now explain how the process of memory recall in the 
model is similar to the way a quantum computer works [2]. 
We recall the argument. In the TBM memories are encoded 
in the superposition of extended quantum structure of 
aligned quantum spin-half particles. We pointed out 
earlier that memories have a memory specific excitation 
frequencies that overlap with those of EEG waveform, and 
that the EEG frequencies were determined by the brain 
excitations that co-produce them. EEG waveforms are 
associated to special surface oscillations on neurons [2], 
not as dipole loop currents on dendrites [42]. 

Let us put these pieces of information together and see 
how the process of memory retrieval works like a quantum 
computer. Consider the process of identifying a person A’s 
face. It is a two step process. An incoming mix of signals 
with the face details of A is received by the eye, leading 
to the generation of brain signal, these signals in turn 
generate a specific mix of EEG waveforms [2], associated 
with the incoming face pattern signals. The mix of EEG 
frequencies generated thus acts as a bar code for the 
collection of signals and excites the memory of face A from 
the quantum memory state of stored faces by a frequency 
resonance mechanism. There is observational support that 
EEG waves accessing memory states as soon as a signal 
enters the brain [43]. The process described is similar to 
the working of a quantum computer. 

In a quantum computer a superposition of states 
contains all possible outcomes. To extract information a 
probe wave function is introduced that projects out and 
find out if a required result is present or not in the system. 
For the brain the space of memories is the quantum state 
of all possibilities and the EEG waveform mix generated by 
incoming signals is the probe wave function. 

The suggested method of memory recall also explains 
how the brain can function efficiently with shallow 
arithmetic and logical depths. A quantum computer needs 
a small number of logical steps to carry out its function as it 
uses massive amount of parallel processing. Consequently 
great arithmetical precision is not required. But this 
exactly what von-Neumann conjectured. He had the insight 
to link departure from classical logic to the shallow logical 
and arithmetical depth observed in the functioning of the 
brain. In this paper we have shown that the topological 
surface model suggests that the internal logic system 
is non-standard as it does not obey the law of excluded 
middle of classical logic and this includes the suggested 
quantum memory structure which, as shown, allows the 
brain to function efficiently with shallow arithmetic and 
logical depth. 

CONCLUSIONS 

The surface network model we used has two special 
features. First its surface is a topological surface 
representation of any brain connectome. We proved this 
result. It means that the topological connectivity structure 
of the brains of all creatures whether a fly or a frog or a 
human can be represented by a Riemann surface with spin 
structure. The difference between their brains is in the 
value of the genus of the Riemann surface. Hence all such 
creatures should produce similar excitations and have 
similar EEG wave forms [2]. The second unexpected feature 
of the model is that the processes of signal production, of 
memory storage in a quantum structure of aligned spin-half 
particles. Usually spin-half particles play no role in signal 
production or in storing memories in the way suggested 
by the mode. Our proof of von Neumann’s conjecture 
was only possible because of the topological features of 
the model where we found that a spin topological phase 
was carried by all signals with well-defined combination 
rules, and these spin-half particles linked together to form 
a quantum memory structure with each memory having 
a characteristic excitation frequency that allowed it to 
function as a quantum computer for information retrieval 
with the help of EEG waveforms. The observational 
challenge is to find if the brain has the predicted quantum 
spin memory structure spin-half particles. We conjecture 
that they are proton spins in the myelin sheaths of axons 
of the central nervous system [2]. 
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