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Abstract - This concept paper gives a narrative about intelligence from insects to the human brain, 
showing where evolution may have been influenced by the structures in these simpler organisms. 
The ideas also come from the author’s own cognitive model, where a number of algorithms have 
been developed over time and the precursor structures should be codable to some level. Through 
developing and trying to implement the design, ideas like separating the data from the function 
have become architecturally appropriate and there have been several opportunities to make the sys-
tem more orthogonal. Similarly for the human brain, neural structures may work in-sync with the 
neural functions, or may be slightly separate from them. Each section discusses one of the neural 
assemblies with a potential functional result, that cover ideas such as timing or scheduling, struc-
tural intelligence and neural binding. Another aspect of self-representation or expression is inter-
esting and may help the brain to realise higher-level functionality based on these lower-level pro-
cesses.  
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1. Introduction 
This paper describes some neural representations that may be helpful for realising 

intelligence in the human brain. The ideas come from the author’s own cognitive model, 
where a number of algorithms have been developed over time. Through developing and 
trying to implement the design, ideas like separating the data from the function have be-
come architecturally appropriate and there have been several opportunities to make the 
system more orthogonal. Similarly for the human brain, neural structures may work in-
sync with the neural functions, or may be slightly separate from them. Having more than 
1 information flow actually makes the problem of how the human brain works much eas-
ier to solve. Another aspect of self-representation or expression is interesting and may 
help the brain to realise higher-level functionality based on these lower-level processes, 
maybe even natural language itself. The cognitive model is still at the symbolic level and 
so the neural representations are also at this level. The neuron discussion is therefore at a 
statistical or biophysical level rather than a biological one. 

The rest of the paper is organised as follows: section 2 describes some related work. 
Then the other sections discuss one of the neural assemblies with a potential functional 
result. Section 3 describes earlier work on a timer or scheduler. Section 4 describes how 
intelligence may be inherent in the neuron structure. Section 5 describes how the neural 
binding problem can be simplified. Section 6 describes some aspects of the author’s own 
cognitive model that have influenced the writing of this paper and section 7 describes how 
natural language may have evolved naturally from similar structures. Finally, section 8 
gives some conclusions on the work. 

2. Related Work 
This paper is based mostly on the author’s own cognitive model, who comes from a 

computer science background. It has been described in detail, in particular, in the paper 
series ‘New Ideas for Brain Modelling’ 1 – 7 [10][7]. Most of the Artificial Intelligence tech-
nology is therefore described in the following sections, but a background to supporting 
biological work is described here. Supporting biological work includes [14][19][28][29] 
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and also biophysical or statistical work, for example [16][30]. Having more than 1 infor-
mation flow has been studied extensively. For example, the paper [29] describes that more 
than one type of sodium channel can be created and that they interact with each other, 
producing a variable signal. Small currents are involved, even for Ion channels and they 
work at different potentials, etc. It is also described how neurons can change states and 
start firing at different rates. Memory is a key topic, where the paper [19] describes that 
positive regulators can give rise to the growth of new synaptic connections and this can 
also form memories. There are also memory suppressors, to ensure that only salient fea-
tures are learned. Long-term memory endures by virtue of the growth of new synaptic 
connections, which is a structural change. There is also some mathematical background, 
where the paper [28] was the basis for the simulation equation of [11] and the book [14] is 
a critical work on the neocortex and higher brain functions. The argument is still at the 
symbolic level, where the papers [16][30] both try to describe how the brain might organ-
ise itself through statistical processes. The paper [31] may have developed a synaptic 
model, based on the themes of this paper. The authors state that recent neuroscience evi-
dences indicate that astrocytes interact closely with neurons and participate in the regu-
lation of synaptic neurotransmission, which has motivated new perspectives for the re-
search of stigmergy in the brain. Also, that each astrocyte contains hundreds or thousands 
of branch microdomains, and each of them encloses a synapse, where distance between 
coupled branch microdomains is a critical factor. They also carry out tests to show the 
importance of regular distances between neurons. 

The pioneering work of Santiago Ramón y Cajal1 may be supportive, in relation to 
pacemaker cells and discrete units. Then a new theory by Tsien [27] suggests that peri-
neuronal nets, discovered by Golgi2 may be key to how the brain stores long-term mem-
ories and it is the basis for the cognitive model of this paper as well. The idea of an extra-
cellular matrix was actually rejected by Cajal, where a discrete brain function was pre-
ferred. Neural binding is discussed in one section, but with a view to making it less holis-
tic, where contrasting biological work might include [1][3]. Other biological work on sim-
pler organisms includes [15][18][22][24][25][26][32] and is noted in the following sections. 

3. Timing 
This was an early discovery for an automatic scheduler or counter [11]. It is not as 

relevant to the other sections, but it does offer an automatic construction for an intelligent 
process. The paper considered using nested structures, not only for concept ensembles, 
but also for more mechanical processes. If the structure fires inwards, then the rather ob-
vious idea would be that an inner section would fire inhibitors outwards that would even-
tually switch off the source to its activation. It may also fire positively inwards, when the 
process would repeat with the next inner section, and so on. This switching on and off of 
nested sections could lead to a type of scheduling or timing, if each section also sent a 
signal somewhere else. This is illustrated in Figure 1, which also shows how a circular 
arrangement can behave in the same way [20].  

 
1 http://www.scholarpedia.org/article/Santiago_Ramón_y_Cajal 
2 https://en.wikipedia.org/wiki/Camillo_Golgi 
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1(a) Nested timer, counter, or scheduler. 1(b) Circular firing can also schedule 

Figure 1. Nested Scheduling [11], or circular scheduling. 

A simulation of this process was run using equation 1 that processed at a pattern 
level, not a synapse level and is a simplified version of an equation from [28]. It showed 
the expected result of how the pattern excitatory values would flow through the nested 
levels, rather like a colonic movement, for example. These tests therefore only considered 
the excitatory/inhibitory part, to measure how the patterns would switch on and off 
through their interactions. The test equation, introduced in [11], is repeated next: 

Xit = ∑ 𝐸𝐸𝐸𝐸𝐸𝐸 − (∑ ∑ ∑ (𝐻𝐻𝐻𝐻𝐻𝐻 ∗  𝛿𝛿)𝑛𝑛
𝑗𝑗=1

𝑚𝑚
𝑦𝑦=1

𝑙𝑙
𝑘𝑘=𝑃𝑃j

𝑃𝑃i
𝑝𝑝=1 )  (1) 

where y ≠ t and  𝑖𝑖 ∈ 𝑃𝑃i and 𝑛𝑛𝑛𝑛𝑛𝑛 𝑗𝑗 ∈ 𝑃𝑃i, and 
Xit = total input signal for neuron i at time t. 
Ep = total excitatory input signal for neuron p in pattern P. 
Hjy = total inhibitory input signal for neuron j at time y. 
δ = weights inhibitory signal. 
t = time interval for firing neuron. 
y = time interval for any other neuron. 
n = total number of neurons. 
m = total number of time intervals. 
l = total number of active patterns. 
Pi = pattern for neuron i. 
P = total number of patterns. 
A schematic of the total signal input to each neuron over 3 time periods, is given in 

Table 1. To save space, repeating neuron values are not shown. 

Table 1. Relative Pattern Strengths after Firing Sequences. 

Neurons t = 3 t = 4 t = 5 
1 7.5 5.0 0.0 
2 7.5 5.0 0.0 
6 7.5 7.5 5.0 
7 7.5 7.5 5.0 
11 5.0 7.5 7.5 
12 5.0 7.5 7.5 
16 0.0 5.0 7.5 
17 0.0 5.0 7.5 
21 0.0 0.0 5.0 
22 0.0 0.0 5.0 

This is therefore one of the most basic processes in a human and other much simpler 
animals. The elegans worm is much studied, for example, because it has a brain of only 
about 300 neurons that can be mapped accurately. It has been found that ‘most active 
neurons share information by engaging in coordinated, dynamical network activity that 
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corresponds to the sequential assembly of motor commands [20].’ While the neural as-
semblies might not be nested, there is a circular arrangement to the behavioural network 
[32] that produces a sequence of behaviours. The worm also has pacemaker-like cells to 
activate some behaviours [18].  

4. From Neuron to Network 
It is proposed in this paper that the neuron and the brain network use a similar func-

tionality that derives from the structure. The architecture for the neuron is the standard 
one of soma body, dendrites as the input channels and the axon as the output channel. 
The input is an amalgamation of other neuron signals, which gets sorted in the dendrites 
and soma into a more specific signal that is then transferred to the axon for sending to 
other neurons. In essence, the process converts signals from being set-based to being type-
based. This would be a well-accepted filtering process and it is argued that the conversion 
from a set-based ‘scenario’ to more specific and local types in the output, is key to gener-
ating intelligence from the structure. This may also help with the author’s own ensemble-
hierarchy structure ([7] and earlier papers). Note that a type however is simply something 
more singular. It does not have to represent only one input signal, for example, but rep-
resents a consistent set of input values. With this architecture therefore, the signal from 
one neuron to another must also be type-based, but the ensemble input is a set of signals 
from several neurons. Each set may get sorted differently and therefore create a different 
set of output types, and so the neuron can be part of more than 1 pattern at any time, 
where the timing of receiving a signal type would be important. The neuron can therefore 
be part of several patterns, making it quite flexible with regard to the information flow. If 
the input has a chemical bias, for example, then that may allow the synapses related to 
that particular chemical type, to form and gather sufficient energy to release the signal to 
other neurons. This would be stigmergic [5][31] in nature. For example, if a neuron fires a 
signal of a particular type and that is then sent through a network and back to the neuron 
again, the neuron will already be able to reinforce its current state. It may also now be 
prepared for the signal [14] and be able to emit it more easily again. This means that the 
output from a neuron can be sent anywhere, but as with biophysics [30], where there are 
similar concentrations of a particular type, then the network will start to fire and form 
patterns relating to that type. Ants or termites, for example, are able to share information 
locally, from the stigmergic build-up of chemical signals and this is also optimised for 
journey time [24]. Another paper [15] discovered that the ant can use different chemical 
types to indicate 'road-signs' inside of the nest and they use this to spatially segregate. 

This type of architecture still does not require any intelligence. Thinking about sim-
pler organisms again, at the SAI’14 conference3, the speaker asked ‘why’ an amoeba has a 
memory and not just how. If it is not to think, then it must be for a functional reason and 
this function must have evolved from the genetic makeup of the amoeba, hinting that such 
a mechanism can evolve naturally. So, why did the amoeba develop a memory? The ob-
vious answer would be an evolutionary development for survival, but the author would 
like to postulate further and guess that it may also be because a living organism has a need 
to express itself. This desire may go back to the reproduction process itself. An earlier 
paper argued that true AI cannot be realised because we cannot simulate the living aspect 
of human cells [13], for example, and that may include this expressive nature. As with a 
stigmergic build-up, if the amoeba has set itself-up for a particular type of input, maybe 
it does not react to other input immediately but can only react to the specific input again, 
even after a short delay. The paper [25] models the amoeba behaviour as a memristor, 
which is a similar type of electronic circuit. They note that: the model however does not 
fully explain the memory response of the amoeba and does not take into account the fact 

 
3 Prof. Chen’s Talk, SAI’14. 
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that, at a microscopic level, changes in the physiology of the organism occur inde-
pendently of the biological oscillators. These changes also occur over a finite period of 
time and must be dependent on the state of the system at previous times. This last point 
is particularly important: it is in fact this state-dependent feature which is likely to pro-
duce memory effects rather than the excitation of biological oscillators. Therefore, at least 
2 processes are at work in this single celled organism, where one is slow moving and one 
is much quicker. The oscillators would be tuned by the viscosity channels, that would 
maintain a behaviour until the channels themselves changed and this slower change is 
more structural. Figure 2 illustrates how the amoeba looks like it may function like a neu-
ron, with regard to synaptic build-up. 

 

 
 

 

2(a) Neuron transposes from ensemble to 
type. 

2(b) Amoeba oscillators tuned by 
channels. 

Figure 2. Network of neurons, with a comparative amoeba. 

5. Neural Binding 
This is an important question from both the psychological and the mechanical aspects 

of the human brain. It asks why the brain does not confuse concepts like ‘red square’ and 
‘blue circle’ unless these are fully defined by brain patterns first [3]. Why is ‘red’ and ‘blue’ 
not confused, for example. The problem is that it would not be possible to store every 
memory instance combination in the brain and so (dynamic) linking of concepts is re-
quired. The paper [3] includes the idea of consciousness and how the brain is able to be 
coherent. Some models may include temporal logic or predicate calculus rules to explain 
how variables can bind with each other. Quantum mechanics is another plausible mecha-
nism for merging patterns [21]. The paper [1] is quite interesting, where they describe a 
framework called the Specialized Neural Regions for Global Efficiency (SNRGE) frame-
work. The paper describes that 'the specializations associated with different brain areas 
represent computational trade-offs that are inherent in the neurobiological implementa-
tion of cognitive processes. That is, the trade-offs are a direct consequence of what com-
putational processes can be easily implemented in the underlying biology.' The speciali-
zations of the paper correspond anatomically to the hippocampus (HC), the prefrontal 
cortex (PFC), and all of neocortex that is posterior to prefrontal cortex (posterior cortex, 
PC). Essentially, prefrontal cortex and the hippocampus appear to serve as memory areas 
that dynamically and interactively support the computation that is being performed by 
posterior brain areas. They argue against temporal synchrony, because of the 'red circle 
blue square' question and prefer to argue for coarse-coded distributed representations 
(CCDR) [17] instead. With CCDR, the concepts themselves can remain separate and it is 
not necessary to declare every binding instance explicitly, but it can be obtained from a 
local overlay coding scheme. The author has argued that patterns can be aggregated to 
some extent ([7] and earlier papers), when manipulation of them can then be done with 
much fewer neural connections over the aggregated representations. He has also argued 
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that simply 2 layers with the same node representations can produce the required circuits. 
But to realise these two concepts, still requires linked formations that either contain read 
and square, or blue and circle and so CCDR looks like a neat solution to this. But it might 
be a question of whether the links are permanent or created ‘on the fly’. There is also the 
problem with imagination that can create new images. If the ensemble structure does not 
exist, then it would have to be constructed dynamically.  

The author has also argued, or asked, why the senses are not part of the human con-
scious [8]. Recent science however, is beginning to suggest that the whole nervous system 
is the conscious. We have eyes, ears, voice box, and so on, which we use as external mech-
anisms to the brain function and the paper [8] argues that when the brain thinks, it sends 
signals back to these organs and that they are essential to realise what the brain is thinking. 
If we consider the ‘red square, blue circle’ problem again, then one problem with current 
philosophy may be that we assume the pattern formations are translated only by the brain. 
One problem with that is the fact that the conscious would have to see every pattern and 
pattern part as the same. It would then require additional intelligence to try to differenti-
ate. The ‘red’ concept has the same makeup as the ‘square’ concept to the brain conscious, 
for example. If it is possible to introduce different functions to the problem, then a solution 
may be easier to find and for the author, this would mean feedback to the external sensory 
organs. Considering the eye and for the sake of argument, let it produce only image shapes 
and colours. What if one signal could request the eye to produce an imprint of a shape on 
it and then a second separate signal requests that the eye gives it a particular colour. If this 
was possible, then the two signals would not necessarily have to be linked first, where 
that requirement has changed over to one about sending different function requests to the 
eye. This example is illustrated in Figure 3 and would make the neural-binding problem 
much easier, because the orthogonal function requests do not require all of the combina-
tions that the more holistic conscious might require. Part of the binding has been moved 
to the eye itself.  

 
Figure 3. The brain sends two signals to the eye to construct an image and receives the feedback of 
this. 

It may be the case that this is only for long-term memory, where a holistic memory 
store of recent images would still operate. Also with this setup, the functional signals do 
not need to be fully-linked patterns, but can be single links, for example, while the concept 
patterns can still be fully linked. The patterns are maybe more horizontal and the func-
tions more vertical.  

6. Cognitive Model 
The author has developed a cognitive model over several years. The original design 

[13] had an architecture of 3 levels of increasing complexity, but also a global ontology 
that any of the 3 levels could use. The idea of an underlying global representation raises 
some interesting ideas. The author’s background is in computer science, distributed sys-
tems and also the Internet, where the SUMO ontology [23] and others, have been previ-
ously suggested. SUMO (Suggested Upper Merged Ontology) has been created to be a 
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common language for the Internet. It is more expressive than object or semantic recogni-
tion, but not as much as natural language. Base concepts include ‘object’ and ‘process’, for 
example, but being an ontology, it includes relations between the different ontology enti-
ties. The author has worked on a cognitive model that is now at an early stage of devel-
opment, with an even simpler ontology at its base. It is not even an ontology, but levels of 
symbolic node clusters, where a lower-level contains more frequently occurring symbols 
or concepts. The clusters are not linked together, but they offer some kind of global order-
ing over the stored symbolic representations. One example may be the 3 short stories – 
‘fox and crow’, ‘fox and stork’ and ‘fox and grape’. If a basic word count is done on each 
story, then for the ‘fox and crow’ story, the crow word occurs more frequently and so if 
using the concept tree counting rule4, it would be placed as the root tree node. In a global 
sense however, the fox word is more common, because it occurs in all 3 stories. Therefore, 
the global ontology would in fact re-order the local ‘fox and crow’ instance, to place ‘fox’ 
at the root node and then ‘crow’ one level above that. For this architecture therefore, the 
local story instance provides what concepts are available, but they are then re-ordered by 
the global ensemble. It is the same idea as the natural ordering for concept trees described 
in [12], section 6.4. With that, a road would always be placed below a car, for example, 
because a car would run on the road. With the cognitive model implementation therefore, 
there is the global ensemble of concepts at the base as the memory structure. Each of the 
3 cognitive levels – pattern optimisation, tree-pattern aggregation and more complex con-
cepts – also write a simplified view of their structures to the memory database. Then when 
any level wants to read from memory, it uses the global database to retrieve whatever 
memory type it requires. The global memory structure therefore has different levels of 
representation that reference the ensemble clusters. It is also a common view of the infor-
mation in the system, where any module can read and understand what a memory node 
is, because the more complex functionality that may be specific to any module is missing.  

6.1. Natural Structure 
This is also in the context of the cognitive model. Considering the author's earlier 

work, the ReN (Refined Neuron) [10] has not been considered recently. The original idea 
was to make the signal more analogue, but it has become clear with biological modelling 
of the neuron that it can produce variable signals by itself. What may not be clear however, 
is if this is in discrete signal bands or a continuous signal. Discrete bands would match 
better with a type-based approach, when the ReN may still be useful. The other idea was 
that it is caused by repulsion of the signal down the input channels, which would be the 
axons and that would encourage new outlet paths to form. A third idea of balance is im-
plicit in any energy system, even before the biological world.  

The idea of frames (Minsky, [10]) is still interesting for the cognitive model. If it was 
used as part of the memory structure, then it would produce distinct units, including ter-
minal states. The author has suggested a frequency grid classifier [9], which is entropy-
based, reducing a global error, but one that is event or experience-based. It is a self-organ-
ising method that clusters elements with other elements that they are most often associ-
ated with. It was also suggested that it would be the base of a 'unit of work' that is a unit 
of ensemble-hierarchy structure. The ensemble-hierarchy structure [7][9] was originally 
intended to produce a more combined and analogue signal, but from Newtonian mechan-
ics rather than a Quantum effect. The hierarchy would repeat the ensemble nodes, but 
with an additional tree structure and then resonating between similar node sets in both 
parts would produce 'notes' that would be recognised by the conscious. This is really very 
similar to the relationship between astrocytes and neurons [31], for example. Resonating 
is not part of the current research, but the ensemble-hierarchy is still an important struc-

 
4 Concept Trees – any child node in a tree cannot have a larger frequency count than its parent 
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ture. The tree nodes might become abstracted representations of ensemble patterns in-
stead, where the structure adds meaning to what is otherwise a flat matrix or mesh. In this 
sense, the ensemble-hierarchy would probably be expected, rather than being novel and 
it also fits better with a tokenised memory. 

It may be interesting to note that Hill et. al.[16] discovered that the connectome of 
cortical microcircuitry is largely formed from the nonspecific alignment of neuron mor-
phologies, rather than pairwise chemical signals. This means that structure is preferred, 
whereas the signal is more dynamic. They also discovered that, although the specific po-
sitions of synapses are random, the restrictions caused by structure and neuron type, serve 
to ensure a robust and invariant set of distributed inputs and outputs between pattern 
populations. This would be grounded in biophysics. If the neuron synchronises more with 
static structure, then this will help it to maintain both form and lifespan [10], which is 
again a favourable conclusion for the ensemble-hierarchy relationship. The paper [11] 
then showed that it is more economic energy-wise, to produce a new neuron half-way 
between other neurons. This would also help to keep the path lengths regular, which 
again helps the neurons to synchronize their firing. If a particular region became active 
and started producing new neurons, that would change the path lengths, but the lengths 
would still remain quite regular and therefore recognisable as a type. Therefore, a lot of 
intelligence can be derived automatically from the structure, before even considering the 
neural functions. The author also wonders if distance between neurons is part of the pat-
tern type itself. If, for example, the same chemical travels round a network of closely 
packed neurons or sparsely packed neurons, would that represent a different type to the 
brain? It would certainly change the relative strength of the signal, but also firing rates 
and timing.  

6.2. Natural Function 
The world therefore appears to be typed, even at the lowest level. For an amoeba, it 

may be a single type, whereas for humans, it is ensembles of types, but it is necessary to 
be able to discriminate over this. Order is another low-level process, not a high-level one. 
Not only order, but also regularity, where there is a sense of learning from repetition. 
Worms for example, have a behavioural order and ants make use of both of these func-
tions, where collectively, they appear to exhibit intelligence. Feedback is also essential, 
where even at the cell level, there may be a necessity to express oneself. Thus far we have 
energy optimisation, object or type recognition, spatial awareness, feedback, timing and 
ordering. Then intelligence appears to be the evaluation of these lower-level processes, 
where there are obviously different levels of intelligence. The bee, for example, has a more 
developed brain with modules that are also recognisable in the human brain [22], but its 
reasoning process must surely only be at a logical level. 

7. Natural Language Development 
In the human brain, there are cells other than neurons, such as the more-simple glial 

and interneuron cells. More recently the perineuronal network [27] has received a lot of 
attention and may be exactly the memory structure that the cognitive model will now use. 
If the memory structure is sightly separate therefore, this can lead to at least two different 
information flows for both memory and function. If the Perineuronal network is made of 
the glial cells - astrocytes and deodendrocytes, for example, then astrocytes are also 
known to produce energy for neurons and so successfully syncing with the memory struc-
ture would also provide an energy supply. The author’s own cognitive model implements 
a similar type of architecture, described in section 6. Through implementing the cognitive 
model, it was interesting to note some separation between the global representation and 
the original sources, and also a little bit of autonomy for the global representation. To-
kenized text, for example, might be stored largely as nouns and verbs, without all of the 
natural language. The architecture also works with images. The author is using a new idea 
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called Image Parts [6], which scans an image and splits it up into parts, but is currently 
only useful for object recognition. The parts can then be stored in the global ensemble 
database and re-used. To re-construct an image representation, one part may be north of 
another part, for example. The algorithm is not very accurate, achieving only 80% accu-
racy, where neural networks would achieve closer to 100% accuracy, but it is also explain-
able. When other modules want to interface with the image, they can make use of the same 
ensemble parts, structured by an abstract tree representation.  

The author postulates that this is like the brain architecture itself making use of a 
common language, to allow the different modules to interact with each other. The homo-
geneous input is converted over to a different tokenised representation, that is then used 
to describe the input to any other part of the system. If that process is internal to the brain 
itself, then it may be a reason why humans have developed their natural language, in 
order to try to express this internal structure. Nouns and verbs are the basis of the real 
world as well, for example and the paper [4] concludes that: ‘The available studies on the 
neural basis of normal language development suggest that the brain systems underlying 
language processing are in place already in early development.’ This suggests that the 
structure for natural language is in place from a very early age. The paper [2] states that 
deep learning algorithms can produce, at least, coarse brain-like representations, suggest-
ing that they process words and sentences in a human-like way. Word vectors may be 
superior to tree linking, but it is still a distributed and tokenised AI algorithm that can be 
mapped to brain regions. Problems have also been found with the design. Bees are also 
thought to communicate using a symbolic language that results in their waggle dance. 
Like the amoeba then, did they reason that they should communicate this, or is it a reflec-
tion of their internal structure? Maybe it is just an evolutionary quirk. 

8. Conclusions 
This paper gives a narrative that outlines structural components of simpler organ-

isms that may have helped the human brain to evolve. More than that, the structures are 
so basic, they can be included in a computer model for Artificial Intelligence and are con-
sistent with the author’s own cognitive model. The design may not be 100% accurate, but 
there appears to be a consistency about it and some biological and mathematical evidence 
can help to validate the theories. An early idea about scheduling through nesting may be 
seen in action in worms, for example, but in a simpler form. Then, one idea may be that 
intelligence can be realised automatically by converting from ensemble input to type-
based output. This would occur automatically in the neuron network, where the realisa-
tion of types will produce some understanding and therefore intelligence. Amoebas are 
able to learn single types. The stigmergic processes of termites or ants, for example, have 
become interesting to explaining the neural structures for several reasons. Firstly, it is 
suggested that the neural microcircuitry is constructed primarily from the alignment of 
morphology or structure, rather than signal type and this includes synapse alignment and 
preparation. Although, the chemical signal will still change the type emitted by the cell. 
Secondly, the relationship between neurons and the substrate of glial cells, for example, 
also suggests stigmergic processes.  

It would be interesting if there is an underlying global memory structure to the brain, 
which is this perineuronal substrate and if it can abstract and even re-structure input sig-
nals. The uniformity of the substrate would allow it to communicate this to other modules 
and a computer model would be able to simulate it to some level. When modelling the 
biological structure, images may be stored as whole representations in the short-term 
memory, but when they are moved into long-term memory, they become tokenized and 
abstracted. One final idea is that the neural binding problem is constrained by current 
thinking about a holistic conscious and if it can be made more orthogonal and receive help 
from other organs, the problem will become much easier to solve.  

Most interesting then may be the idea that a cell or organism evolves, not only to 
survive, but also by expressing itself, where the expression is a result of its own internal 
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structures and processes. In this respect, the memory substrate would be a precursor to 
our own natural language and this might also be seen in bees. The structural transfor-
mation from input to tokenized ensemble results in a communication process that is akin 
to a common language. The higher cognitive processes, if you like, have built themselves 
on the lower-level structures and processes.  

References 
1. Cer, D.M. and O'Reilly, R.C. (2006). Neural Mechanisms of Binding in the Hippocampus and Neocortex: Insights from Compu-

tational Models, H.D. Zimmer, A. Mecklinger, and U. Lindenberger (Eds) Handbook of binding and memory: Perspectives 
from cognitive neuroscience, pp.193 - 220, Oxford University Press. 

2. Caucheteux, C. and King, J.R. (2022). Brains and algorithms partially converge in natural language processing. Brains and al-
gorithms partially converge in natural language processing. Communications biology, 5(1), pp.1-10. 

3. Feldman, J. (2013). The Neural Binding Problem(s), Cognitive neurodynamics, Vol. 7, No. 1, pp. 1-11. 
4. Friederici, A.D. (2006). The Neural Basis of Language Development and Its Impairment, Neuron, Vol. 52, pp. 941 - 952, Elsevier 

Inc. DOI 10.1016/j.neuron.2006.12.002. 
5. Grassé P.P. La reconstruction dun id et les coordinations internidividuelles chez Bellicositermes natalensis et Cubitermes sp., 

La théorie de la stigmergie: essais d'interprétation du comportment des termites constructeurs, Insectes Sociaux, 6 (1959) 41-84. 
6. Greer, K. (2021). Recognising Image Shapes from Image Parts, not Neural Parts, available on Preprints at https://www.pre-

prints.org/manuscript/202201.0259/v1. 
7. Greer, K. (2021). New Ideas for Brain Modelling 7, International Journal of Computational and Applied Mathematics & Com-

puter Science, Vol. 1, pp. 34-45. 
8. Greer, K. (2021). Is Intelligence Artificial? Euroasia Summit, Congress on Scientific Researches and Recent Trends-8, August 2-

4, The Philippine Merchant Marine Academy, Philippines, pp. 307 - 324. 
9. Greer, K. (2019). New Ideas for Brain Modelling 3, Cognitive Systems Research, Vol. 55, pp. 1-13, Elsevier. DOI: 

https://doi.org/10.1016/j.cogsys.2018.12.016. 
10. Greer, K. (2015). New Ideas for Brain Modelling, BRAIN. Broad Research in Artificial Intelligence and Neuroscience, Volume 

6, Issues 3-4, pp 26 - 46, December 2015, ISSN 2067-3957 (online), ISSN 2068 - 0473 (print). 
11. Greer, K. (2014). New Ideas for Brain Modelling 2, in: K. Arai et al. (eds.), Intelligent Systems in Science and Information 2014, 

Studies in Computational Intelligence, Vol. 591, pp. 23 - 39, Springer International Publishing Switzerland, 2015, DOI 
10.1007/978-3-319-14654-6_2. Extended version of the SAI'14 paper, Arguments for Nested Patterns in Neural Ensembles. 

12. Greer, K. (2014). Concept Trees: Building Dynamic Concepts from Semi-Structured Data using Nature-Inspired Methods, in: Q. 
Zhu, A.T Azar (eds.), Complex system modelling and control through intelligent soft computations, Studies in Fuzziness and Soft 
Computing, Springer-Verlag, Germany, Vol. 319, pp. 221 – 252. 

13. Greer, K. (2012). Turing: Then, Now and Still Key, in: X-S. Yang (eds.), Artificial Intelligence, Evolutionary Computation and 
Metaheuristics (AIECM) - Turing 2012, Studies in Computational Intelligence, 2013, Vol. 427/2013, pp. 43-62, DOI: 10.1007/978-
3-642-29694-9_3, Springer-Verlag Berlin Heidelberg. 

14.  Hawkins, J. and Blakeslee, S. On Intelligence. Times Books, 2004. 
15. Heyman, Y., Shental, N., Brandis, A., Hefetz, A. and Feinerman, O. (2017). Ants regulate colony spatial organization using 

multiple chemical road-signs. Nature Communications, Vol. 8, No. 1, pp. 1 - 11. 
16.  Hill, S.L., Wang, Y., Riachi, I., Schürmann, F. and Markram, H. (2012). Statistical connectivity provides a sufficient foundation 

for specific functional connectivity in neocortical neural microcircuits, Proceedings of the National Academy of Sciences. 
17.  Hinton, G.E., McClelland, J.L., and Rumelhart, D.E. (1986). Distributed representations. In D.E. Rumelhart, J.L. McClelland, & 

PDP Research Group (Eds.), Parallel distributed processing. Vol. 1: Foundations (Chap. 3, pp. 77-109). Cambridge, MA: MIT 
Press. 

18.  Jiang, J., Su, Y., Zhang, R. et al. C. elegans enteric motor neurons fire synchronized action potentials underlying the defecation 
motor program. (2022). Nat Commun, Vol. 13, page 2783. https://doi.org/10.1038/s41467-022-30452-y. 

19.  Kandel, E.R. (2001). The Molecular Biology of Memory Storage: A Dialogue Between Genes and Synapses, Science magazine, 
Vol. 294, No. 5544, pp. 1030 - 1038. 

20.  Kato S, Kaplan HS, Schrödel T, Skora S, Lindsay TH, Yemini E, Lockery S, Zimmer M. (2015). Global brain dynamics embed 
the motor command sequence of Caenorhabditis elegans, Cell, Vol. 163, No. 3, pp. 656 - 669. doi: 10.1016/j.cell.2015.09.034. Epub 
2015 Oct 17. PMID: 26478179. 

21.  Mashour, G.A. (2004). The Cognitive Binding Problem: From Kant to Quantum Neurodynamics, NeuroQuantology, Issue 1, 
pp. 29-38. 

22.  Menzel, R. (2021). A short history of studies on intelligence and brain in honeybees. Apidologie, Vol. 52, No. 1, pp. 23 - 34. 
23.  Niles, I. and Pease, A. (2001). Towards a Standard Upper Ontology. In Proceedings of the 2nd International Conference on 

Formal Ontology in Information Systems (FOIS-2001), Chris Welty and Barry Smith, eds, Ogunquit, Maine, October 17-19. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 November 2022                   doi:10.20944/preprints202210.0186.v3

https://doi.org/10.20944/preprints202210.0186.v3


 11 of 11 
 

 

24. Oettler, J., Schmid, V.S., Zankl, N., Rey, O., Dress, A. and Heinze, J. (2013). Fermat’s principle of least time predicts refraction 
of ant trails at substrate borders. PloS one, Vol. 8, No. 3, p.e59739. 

25.  Pershin, Y.V., La Fontaine S. and Di Ventra1, M (2009). Memristive model of amoeba learning, Physical Review E, ed. Gene D. 
Sprouse, Vol. 80(2), p. 021926. 

26.  Sanders, K. and Ward, S. (2006). Interstitial cells of Cajal: a new perspective on smooth muscle function. J Physiol. Vol. 576, Pt. 
3, pp. 721 – 726. doi:10.1113/jphysiol.2006. 115279. PMC 1890422. PMID 16873406. 

27.  Tsien, R. Y. (2013). Very long-term memories may be stored in the pattern of holes in the perineuronal net. Proceedings of the 
National Academy of Sciences of the United States of America, 110(30), 12456–12461. http://www.jstor.org/stable/42712612. 

28.  Vogels, T.P., Kanaka Rajan, K. and Abbott, L.F. (2005). Neural Network Dynamics, Annu. Rev. Neurosci., Vol. 28, pp. 357 - 
376. 

29.  Waxman, S.G. (2012). Sodium channels, the electrogenisome and the electrogenistat: lessons and questions from the clinic, The 
Journal of Physiology, pp. 2601 - 2612. 

30.  Weisbuch, G. (1999). The Complex Adaptive Systems Approach to Biology, Evolution and Cognition, Vol. 5, No. 1, pp. 1 - 11. 
31. Xu, X., Zhao, Z., Li, R. and Zhang, H. (2019). Brain-inspired stigmergy learning. IEEE Access, Vol. 7, pp. 54410 - 54424. 
32.  Yan, G., Vértes, P., Towlson, E. et al. (2017). Network control principles predict neuron function in the Caenorhabditis elegans 

connectome. Nature, Vol. 550, pp. 519–523. https://doi.org/10.1038/nature24056. 
 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 November 2022                   doi:10.20944/preprints202210.0186.v3

https://doi.org/10.20944/preprints202210.0186.v3

