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Abstract

Given the author’s decades of publications in neurophysiology, this text proposes a brief conceptual synthesis
intended to be useful for educational purposes. The following article is not a research paper; rather, it serves
as a commentary on the current state of knowledge. The article offers a concise synthesis of fundamental
neurophysiological concepts, aiming to bridge neuroscience and artificial intelligence for educational use.
Instead of presenting original research, it provides an intuitive overview of how the human brain performs
perception, mental imagery, problem-solving, and self-awareness — presented in a manner accessible to both
medical professionals and computer scientists. Key models are highlighted, including neurons as “integrate-
and-fire” wunits, hierarchical neural circuits underlying perception and memory, dual memory loops
(hippocampal-cortical and limbic); and the distributed function of the brain’s speech areas. The author also
reviews theories positing the brain’s endogenous electromagnetic field and the controversial hypothesis of
quantum processing in neuronal microtubules (Orch OR) as possible substrates of consciousness. The paper
draws explicit parallels between human cognitive processes and contemporary Al systems. For example, certain
Al models can now generate images from language in ways that functionally resemble the brain’s translation
of words into mental imagery—though, crucially, Al lacks consciousness and embodiment. The author proposes
that comparisons between brain function and Al systems should focus on four priority processes: language and
speech, problem-solving mechanisms, the formation of mental images, and Al-driven image generation from
linguistic prompts. This synthesis provides a practical, conceptual framework for understanding and comparing
cognition in brains and machines, advocating for interdisciplinary clarity and intuitive understanding over
excessive technical detail.
1. INTRODUCTION necessary for education and interdisciplinary

Thousands of studies have been published research.

explaining the structure and function of the brain
[1-5]. However, in the context of the rapid
development of so-called artificial intelligence,
there is now a need for a concise, illustrative, and
intuitively understandable overview — one that
would enable individuals with limited
background in neuroscience to engage
meaningfully with the growing body of
discussions comparing the nature of brain
function to the operation of Al systems. Such a
need arises especially among people with
medical education, who are familiar with the
basic structure and functioning of the brain, and
who are now also users of artificial intelligence
systems.

Understanding “how the brain works” is central
also to neuroscience, cognitive science, and
medicine. A clear, intuitive model is particularly
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This article draws from a series of previous
works by the authors, providing a coherent and
visually supported explanation of the neural
underpinnings of memory, perception, mental
imagery, functioning of the brain’s language
areas, problem solving and self-awareness [6-12].

The article is not a research paper, nor is it even
a comprehensive review. Its purpose is merely to
compile and juxtapose fairly general descriptions
of how the human brain and Al systems carry out
selected, important, analogous cognitive
processes.

The aim of this comparison is to stimulate inquiry
into the extent to which these mechanisms may
lead to comparable results. Such inquiries should
be helpful both for neuroscientists and computer
scientists.
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2. NEURONS AS
ELEMENTS

INTEGRATE-AND-FIRE

All neurons maintain a resting membrane
potential via ionic pumps. Incoming synaptic
inputs modulate this potential; when the
threshold is reached, an action potential (a
~1 ms voltage spike) is generated and propagated
along the axon to downstream synapses.This
“integrate-and-fire” mechanism underlies all
neural signaling. Repeated high-frequency firing

-y

(up to ~500 Hz) encodes stimulus intensity,
while synaptic “weights” are adjusted via
plasticity, forming the basis of learning.

Contemporary knowledge about information
transmission during this “firing” is extensive, but
for the educational purposes of this article, a
symbolic, simplified illustration of this process
using Figure 1 will suffice. Such a simple model
of the neuron derives from the original concepts
proposed by M.S. McCulloch and W. Pitts [13].
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Figure 1. The resting potential of a neuron is altered by impulses arriving through synapses from lower-level
neurons. The release of neurotransmitter by the presynaptic synapse causes a certain increase (or decrease) in
the resting potential of the receiving neuron's interior. The neuron continuously “sums up” these changes
occurring across its entire surface and over a certain time interval. If the sum of these changes exceeds the
excitation threshold, an action potential is generated in the region of the axon hillock and then propagated along
the axon and its branches.

3. HIERARCHICAL NEURAL CIRCUITS AND
“OBJECT NEURONS”

foundations for the findings concerning these
hierarchical structures tuned to detect specific
patterns within the receptive field were

Perception and memory in the brain are realized established as early as the 1960s [14].

via hierarchical networks. The experimental

Figure 2. 4 neuron connected via active receptive synapses to two “neurons” sensitive to the image of a line will
itself become sensitive to the image of a “crossing of lines.” Experimental work on cats by David Hubel and
Torsten Wiesel demonstrated that neurons in the striate cortex of the visual pathway — at the third level of the
hierarchical structure — process information in this manner.
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Sensory information, for example visual input,
ascends from primary sensory cortices (such as
the occipital lobe for vision) to higher-order areas
in the temporal and parietal lobes. At the apex of
this hierarchy reside so-called “object neurons”

visual pathway

(also referred to as “concept neurons”) —
specialized neurons that encode complex

representations, such as familiar faces or objects
[15-18].

The occipital cortex,
calied aiso as the
projection area is a kind
of a "space -~ volume
modeling processor”

geniculate body

Figure 3. The visual pathway proceeds from the retina to the occipital cortex, then continues to the anterior
temporal lobe where object neurons are found. These neurons are interconnected with memory loops, allowing

both recognition and recall.

Importantly, these high-level neurons are not
single units; multiple functionally equivalent
neurons may represent the same object, enabling

Perceptions of different aspects of the source pattern and their diffuse
representations

parallel processing of various features such as
shape, color, or texture.

Stimuli reaching the retina (source pattern of information)

Figure 4. Parallel processing of object features occurs. Visual information is processed in parallel streams —
shape, color, texture, and size. At the top of this hierarchy, multiple “concept neurons” encode different aspects
of the same object, supporting robust recognition and flexible recall.

4. THE DUAL-LOOP MODEL: MEMORY
CONSOLIDATION AND MENTAL IMAGERY

Memory and imagery depend on two interacting
neural circuits:

Loop 1: Hippocampal-Cortical Loop

Essential for the temporary recall of mental
images (working memory, episodic memory).

ARC Journal of Neuroscience

Activation of object neurons triggers oscillatory,
recurrent excitation with the hippocampus,
sustaining imagery and problem-solving.

Loop 2: Amygdaloid/Limbic Loop

Involved in consolidation of long-term memory,
especially when emotions are engaged. Pathways
from the hypothalamus and amygdala facilitate
the strengthening of synaptic connections.
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Figure 5. The illustration how two loops connect object neurons with both the hippocampus (for recall and
working memory) and limbic structures (for emotional encoding and long-term memory consolidation). Three
layers of the hierarchical structure of neurons integrating sensory information, are discerned. The traces of long
term memory are consolidated under the influence of connections from hypothalamus and amygdale (A). There
are consolidated through two mappings: weights of receiving, ascending synapses (s10, s11, s12) and synaptic
weights of reproducing connections (s1, s2, s3). The second, cortico - hippocampal loop (B) is necessary for
temporary recalling of the mental image. The activation of the object neuron by this indexing loop causes the
recurrent reactivation of neurons in lower layers. The dotted line indicate the pathways of repetitive circulations
of stimuli in the upper layers of the hierarchical structure, what is the essence of mental imaginary. The object
neuron can be activated also from the side of speech area (C). Mental imagery is the essence of episodic memory,
short term memory and is used for working memory activity.

Top-down pathways from the prefrontal cortex hippocampal  loops.  Emotionally  salient
and other higher cortical regions enable the brain memories engage the amygdaloid loop,
to activate lower levels of the hierarchical consolidating  information  for  long-term
structures, which is essential for mental imagery retention.

[19-24].
5. THE NEURAL BASIS OF MENTAL IMAGERY

6. COMPLEX SCENES AND SELF-IMAGINATION

o o _ Mental imagery is not limited to simple objects — it
Neuroimaging and electrophysiological studies also  encompasses  complex  scenarios,
confirm that mental imagery and actual  autobiographical memories, and future event
perception share largely the same neural  simulation. Neural correlates of these processes

substrates. When an object neuron is activated
(e.g., by hearing the name of an object), impulses
circulate up and down the hierarchy, reactivating
the perceptual “trace” of that object. The
oscillations (circulation) through top-down
pathways are the physical substrate of
imagination [19-24]. Key evidence for such a
model comes from fMRI, EEG, and MEG
studies, which show overlapping in neural
processing during perception and imagery,
particularly in visual, parietal, and frontal cortex
[25]. The vividness of mental imagery depends
on the excitability of early visual areas. The
maintenance of mental images (even in the
absence of stimuli) relies on the cortico-
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include the hippocampus, prefrontal cortex,
posterior cingulate cortex, angular gyrus, and
other association areas. Construction of future
scenarios is mediated especially by the right
anterior hippocampus. It should already be noted
here that the concept of “imagining a particular
object or a complex situation” can be generalized
to include “imagining oneself.” Such self-
imagination requires the activation of brain
regions responsible for storing autobiographical
data [25, 27].

7. THE SPEECH AREA IN THE HUMAN BRAIN

The speech area consists of three structures of the
cerebral cortex located in the dominant
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hemisphere (most often the left): (1) the Broca’s
area (Brodmann 44/45, posterior part of the
inferior frontal gyrus), (2) the Wernicke’s area
(Brodmann 22, posterior part of the superior
temporal gyrus), and (3) the arcuate fasciculus
[28, 29].

Broca’s area is responsible for speech production —
it plans, coordinates, and sends neural impulses to
the muscles of the speech apparatus (the tongue,
lips, and larynx). Wernicke’s area, on the other
hand, is responsible for speech comprehension — it
analyzes sounds, decodes words, and assigns them
meaning. Damage to Wernicke’s area causes a
type of aphasia in which speech remains fluent
but loses sense and is accompanied by difficulties
in understanding language. The third structure,
the arcuate fasciculus, connects both centers,
enabling repetition and the smooth exchange of
information  between  “understood”  and
“produced” speech. Both main centers also
cooperate with other brain regions, such as those
responsible for memory, emotions, and motor
functions.

8. THE FUNCTION OF SPEECH AREA
STRUCTURES IN LIGHT OF CURRENT
KNOWLEDGE

The structures of the speech area (mainly Broca’s
and Wernicke’s areas) are not repositories for
word patterns — these patterns, both written and
phonetic, are stored in other specialized regions
of the brain, such as the temporal cortex and
occipito-temporal areas [28].

The speech area instead serves as an integrator

and coordinator — it is responsible for
analyzing, processing, and assembling perceived
language elements into meaningful,

grammatically correct utterances. In particular,
Broca’s area is crucial for recognizing and
constructing the grammar of sentences, both
during comprehension and production of speech.
Wernicke’s area analyzes the meaning of words
within the context of the sentence.

In summary, the speech area does not store
words or phrases, but integrates received
patterns and ensures that both the comprehension
and production of sentences comply with the
rules of natural language grammar [28,29]. To a
large extent the meaning of words and sentences
in natural language is determined by the mental
images evoked by their perception, but not
exclusively.

science and
indicate that the

Contemporary
neuroscience

cognitive
increasingly
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meaning of words and sentences is linked to
perceptual and experiential imagery. For
example the word ““apple” activates not only
language-processing areas in the brain, but also
those responsible for vision, taste, touch, and
even movement - like reaching for a fruit. What
we understand as “meaning” is, in fact, a network
of sensory, motor, and emotional associations —
triggered when perceiving a word or sentence.

When you receive a sentence, your brain
“simulates” the situation it describes. If you hear,
“The cat lay down on my bed” not only your
language centers are activated, but also your
imagery — related areas — you can “see” this scene
in your mind’s eye. The meaning of sentences or
some words can also be purely abstract (for
example, “democracy” or “number”), and in such
cases, the imagery may be less clear, though still
often based on prior experience or metaphor. For
people who are blind from birth, the meaning of
words like “to see” or “brightness” is built on
experiences other than vision. “To see” may, for
them, mean “to understand something,” “to get to
know,” or “to experience” through touch,
hearing, or even conversation. “Brightness” may
be associated with something pleasant, light,
warm, or with a feeling evoked by a voice or a
sound—for instance, a “bright” sound produced
by a musical instrument.

It can be said that the meaning of words and
sentences in the brain is largely determined by
imagery and a network of sensorimotor
associations that are activated when these words
are perceived. This explains why language
comprehension is so deeply rooted in our
experience

9. THE ROLE OF THE BRAIN’S ENDOGENOUS
ELECTROMAGNETIC FIELD

There is growing recognition of the theories of
consciousness related to an electromagnetic field
[30-35]. Recently Johnjoe McFadden published
in a trustworthy journal the convincing
justification for his theory, developed over
twenty years, which he denotes as “the conscious
electromagnetic information field theory (cemi)”

[31].

An endogenous magnetic field is created within
the brain, which is recorded during
magnetoencephalography. There are closed
electrical circuits in brain tissue. They are
considered when we take into account the
pathways running backwards to the lower levels.
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Figure 6. Schematic symbolic illustration highlighting the existence of the brain’s endogenous electromagnetic field.

The authors of theories of consciousness related
to an electromagnetic field assume that the basic
process evoking this phenomenon should consist
not only in actions occurring over time but also
causing the formation of a certain spatial
wholeness [31].

Johnjoe McFadden points out that neural
networks realize step by step time-progressive
process. He argues that when looking for a
physical medium supporting something that has
the feature of a spatial structure, one can appeal
to the endogenous brain’s electromagnetic field [31].

The electric phenomena are routinely recorded
by electroencephalography (EEG) and the EM
field is also routinely detected, assessed and
recorded by magnetoencephalography (MEG).
The authors of “the conscious electromagnetic
information field theory” indicating the role of
the brain’s electromagnetic field emphasizes also
that there is a massive synchronization of
neuronal activity and that the repetitive
oscillations in neuronal circuits occur. They
emphasizes the significance of the “re-entrant

circuits, essentially closed loops of neuronal
activity whereby neuronal outputs are fed back
into input neurons” [31, 12].

10.MICROTUBULE QUANTUM PROCESSING -
HAMEROFF AND PENROSE’S ‘ORCH OR’
THEORY

Stewart Hameroff and Roger Penrose promote
their “Orchestrated Objective Reduction (Orch
OR) Theory”, which is based on the assumption
of the existence of quantum processes within
neuronal microtubules — tiny structures
composed of tubulin protein dimers capable of
forming quantum superpositions (qubits) [36-45].

In Orch OR, it is proposed that these
microtubules undergo cycles of quantum
coherence (“orchestration”), interrupted by
abrupt “objective reductions” (OR), which
correspond to discrete moments of conscious
experience (so-called “conscious moments”).
These events are thought to occur at rates of
roughly 24-90 Hz, aligning with gamma

oscillations and other brain rhythms observed in
EEG.

Figure 7. Symbolic presentation of a microtubule, composed of tubulin dimers existing in three different states.
The tubulin dimers due to the positions of delocalized electrons can be in two different states and additionally in
a quantum superposition state. On the left a symbolic presentation of a microtubule composed of tubulin dimers

existing in three different states.
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Figure 8. Symbolic illustration of the essence of Roger Penrose and Stuart Harmeroff’s ‘Orch OR’ theory. The
authors assume that in the microtubules of neurons repetitive, cyclic quantum information processing is realized,
which consists in increasing the quantum coherence of the tubulin dimers, interrupted by the OR operation,
causing the conscious moment. In larger synchronized sets of neurons, the termination of orchestration by OR

moment occurs after approx. 300 to 500 ms.

A unique aspect of the theory is the claim that
quantum entanglement and tunneling may
synchronize activity across large regions of the
brain, facilitated by structures such as gap
junctions. This quantum synchronization is
proposed to be critical for the emergence of
unified consciousness and the generation of
qualia — the vivid sensory qualities of experience.
The theory contends that these non-computable
guantum effects are necessary for consciousness
and cannot be replicated by classical
computational systems. Critics often highlight
the difficulty of sustaining quantum coherence in
the “warm, wet, and noisy” environment of the
brain; however, the authors point to evidence of
quantum effects in biological systems (e.g.,

photosynthesis,  avian  navigation)  and
experimental data showing  microtubular
resonance.

Ultimately, Orch OR posits that consciousness
arises not just from classical neural computation,
but from orchestrated quantum events within
microtubules, leading to the subjective richness
of conscious life and possibly accounting for self-
awareness.

All general discussions of brain function should
take into account — and attempt to evaluate — the
validity of Hameroff and Penrose’s ‘Orch OR’
Theory, due to the necessity of addressing the so-
called Chalmers’ hard problem. Chalmers’ “hard
problem” of consciousness refers to the question
of how and why subjective experiences —
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feelings, sensations, and qualia (for example,
colors, tastes, and smells) — arise from physical
processes in the brain.

While neuroscience can explain brain functions
and behaviors (“easy problems”), it struggles to
explain why these processes are accompanied by
vivid “colorful” subjective experiences.

11. EMERGENCE OF SELF-AWARENESS AND
CONSCIOUSNESS

The feeling of identity, also the understanding of
the word “I” is based on autobiographical
memory [26, 27, 46]. The comprehension of the
word “I” requires to recall “who I am”. This,
nonetheless, is established by the memorized
biography.

The proposal of the nature of the feeling of one’s
self can be derived from the presented above
theoretical model of imagery. We described a
structure forming the mental image of a certain
object. Probably the feeling of one’s self appears
when there is a perception of one’s own body and
environment. In order to accurately imagine
yourself, it is additionally necessary to imagine
one’s past and recall images of one’s
environment, which also allow a person to
imagine his foreseeable future.

On the other hand, Rodolfo Llinas and Georg
Northoff ~ convinced most  contemporary
neuroscientists that one of the basic mechanisms
of consciousness consists in the self-excitation of
a neuronal network composed of thalamo-
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cortical pathways. They describe this activity as
re-entrant processing [47, 48]. Probably the
existence of neural circuits which trigger
themselves is a very basic rule of nervous
systems. It should also be noted here that
McFadden, the author of the cemi theory,
emphasized that the key “signature of
consciousness” is re-entrant processing in the
parietal and frontal areas [31, 35].
Metaphorically speaking, one could propose that
the equivalent of "object neurons" for the word
"I" are structures located "high up" - that is, in the
parietal, prefrontal and frontal lobes.

Thus, the integration of the theories mentioned
facilitates a conclusive answer to the questions
about the nature of self-awareness. Only multi-
level hierarchical data processing, embracing the
areas placed in the parietal and prefrontal lobes
makes it possible to pass the mirror test
successfully. It appears that a persuasive
explanation of the phenomenon requires, apart
from an indication of neural substrates, also a
description of the role of a spatial field, namely
of an electromagnetic field, which carries energy
and has a particular shape.

Moreover, the attempt to explain what self-
awareness is leads to the conclusion that first it is
indispensable to explain how mental images are
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realized. Next, it involves the necessity for an
explanation of what the ‘image of oneself” is.

12.THE PROCESS OF SEARCHING FOR SOLUTIONS
TO PROBLEMS THAT ARE PERCEIVED OR
PRESENTED IN INTERACTIONS

The processes of searching for solutions of
perceived or externally presented problems
involve the coordinated activation of several key
brain areas [1, 2, 3, 6, 49-51]. The most important
is here the prefrontal cortex, especially the
dorsolateral prefrontal cortex, responsible for
planning, abstract thinking, hypothesis testing,
and working memory. The default mode network
becomes engaged during introspection, analysis
from various perspectives, and creative idea
generation. Other regions — including the parietal
cortex (for information integration), the
hippocampus (for recalling memories and
experiences), and the anterior cingulate cortex
(for attention control and strategy selection) —
also participate.

Throughout problem solving, oscillatory loops
between higher-order association cortices and
lower brain areas, mediated by top-down
pathways, enable the generation and testing of
mental solutions. The moment of sudden insight
is linked to increased activation in the right
temporal lobe and transient synchronization
across multiple brain networks.

™
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—
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Figure 9. Schematic symbolic illustration highlighting the sophistication of the process of searching for
solutions

In summary, problem solving relies on dynamic
cooperation among distributed brain areas,
especially the prefrontal cortex and associative
networks, using neural oscillations and recurrent
circuits to create, test, and select solutions. The
essence of data processing in the course of
problem-solving can be understood as searching
for a “pathway” from the perceived current
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situation (reinforced by its mental image) to the
mental representation (mental image) of a desired
situation, which constitutes the sought-after
solution to the problem [6]. Typically, such a
“transition” from the current situation to the
desired situation is not achieved through a single
action. Usually, it is necessary to reach
intermediate stages that establish a so-called

Page | 30



How the Brain Works — Insights for Al Systems Analysts

“transition path,” which is implemented through
a sequence of actions bringing one closer to the

desired situation. This is illustrated

metaphorically in Figures 10 and 11.
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Figure 10. There are connections between object neurons or neurons of the highest-level structures representing

perception and mental imagery of different situations
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Figure 11. The diagram will help clarify the presented inference, provided the reader engages in an act of
imagination. First, it is necessary to recall the key message of Figure 2, which illustrates how the image of a
particular object is perceived within a hierarchical neural structure. Next, one should refer to Figure 10 to
understand that there are "horizontal™ connections between the highest-level neurons of these hierarchical
structures, linking them to other top-level neurons within the cortex. Only then, by examining Figure 11, can we
understand that it is possible to distinguish structures representing both the current situation (S actual) and the
desired situation (S desired). The mental process of problem-solving consists in searching for actions (al, a2...)
that gradually transform the current situation into imagined states (S) that increasing Iresemble the desired situation.

13. EXAMPLES OF ONGOING CONTEMPORARY
REFLECTIONS ON THE COGNITIVE PROCESSES
OCCURRING IN THE HUMAN BRAIN AND Al
SYSTEMS

In the scientific literature — whether in the natural
and medical sciences or in technical and
computer science fields — there are not many
works comparing the mechanisms underlying
cognitive processes in the human brain with those
occurring in Al systems. Therefore, even to such
a fundamental and crucial question as whether
the essence of human brain function, which
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involves operations on mental imaginations first
activated by verbalizing them through
appropriate words, phrases, or sentences in
natural language, also takes place in Al systems
—we do not find a definitive answer.

Explanations encountered on this subject usually
go as follows: When a person hears or reads a
sentence, their brain not only decodes the
grammatical structure, but almost automatically
activates a network of mental images, sensory
associations, and emotions. For example, the
sentence “A child is eating ice cream on the
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beach” evokes in the mind images of taste,
texture, smell, the sound of the sea, and even
memories of personal experiences. Thus,
meaning is deeply embodied — it is based on
one’s own experiences, imagination, context, and
emotions. Mental images can be very vivid: the
word “to run” may evoke in the imagination the
image of one's own legs in motion, the rustling of
grass, or even a slight acceleration of heartbeat.

The phrase “heated discussion” will be
understood not only as a conversation, but also as
a situation of tension, emotion, sometimes even a
“charged” atmosphere. An analogous process in
artificial intelligence systems works differently.
A so-called Large Language Model (LLM), when
it receives a prompt or sentence, does not activate
imagination, but form its vector representation
and analyzes the statistical correlations between
similar representations learned during training on
huge text corpora. Here, “understanding” is
indirect — it derives solely from the analysis of
language patterns, without any physical
grounding for objects. The essence of data
processing may be somewhat different in
graphical, image-generating artificial
intelligence systems. The undersigned, the author
of this article, perhaps as one of the first, puts
forward the possibility of considering whether
those Al systems that generate images based on
linguistically expressed prompts are not, at least
in an embryonic form, performing a process
analogous to the formation of mental imagery.
The present attempt — made within this article
— to address this question begins from providing
a description of the "data processing operations”
that occur during such image generation. In
general, one can arrive at the following
description of this operation:

14. IMAGE GENERATION BY Al SYSTEMS BASED 4,

ON LINGUISTIC DESCRIPTIONS

The process of generating images from textual
prompts in contemporary Al systems involves
several key stages [52-55]:

1. Textencoding

The user provides a description (prompt) in
natural language (e.g., ““a woman reading a book
in a park on a sunny day”). This prompt is
processed by a language encoder, often based on
so called “transformer” architecture, to extract
semantic features and encode them into high-
dimensional vectors in a shared latent space.

Transformers process entire sentences or
paragraphs at once (rather than word by word),
allowing them to capture the relationships and
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context between words effectively. Semantic
features are elements of meaning extracted from
text. When a model analyzes a sentence, it
identifies the core ideas, topics, objects,
relationships, and attributes — essentially, what
the text is ‘“about”. Latent space is a high-
dimensional mathematical space where complex
information (like images or text) is represented as
vectors (arrays of numbers). In this space, similar
concepts are positioned close together. By
mapping both language and images into the same
latent space, an Al can “translate” between them
— for example, turning a sentence into an image
that matches its meaning.

2. Conditioning in Latent Space

These text-derived embeddings guide the
generative model, aligning semantic concepts
from text and images within the model’s latent
space. This step ensures that similar ideas are
located near one another, making it possible for
the model to “translate” language into visuals.

3. Image Generation Via Some Kinds of
Artificial Networks

3.1. Diffusion Models: State-of-the-art systems
like DALL-E 2/3 and Stable Diffusion use
diffusion models, which start from random noise
and iteratively “denoise” the image, each step
guided by the text embedding.

Earlier models used Generative Adversarial
Networks (GANSs), where a generator and
discriminator compete; however, GANs are now
less common for text-to-image generation.
Cross-attention layers enable the model to
directly link textual phrases to corresponding
image regions, improving compositionality and
fidelity.

Output and User Feedback: The final image is
produced and presented to the user. If necessary,
the user may adjust the prompt or select among
multiple outputs. In deployed systems, post-
processing steps (such as upscaling or content
moderation) may be applied.

One May Therefore Ask: Do LLM systems that
cooperate with image-generating Al produce
something analogous to the mental imagery
created in the human brain? This is a very timely
and important question, touching the core of
modern Al research and the boundaries between
“simulated imagination” and the genuine mental
imagery known from the human mind. The
current answer seems to be as follows:

Modern large language models (LLMSs), such as
GPT-4.1, Gemini, or Claude, are capable of
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generating highly detailed scene descriptions and
instructions, which are then passed on to image-
generating systems (like DALL-E, Midjourney,
or Stable Diffusion).

Based on these instructions, a graphic is
produced that corresponds to the prompt’s
content. This process does resemble, to some
extent, the way the human brain creates an image
based on language.

15. THERE ARE NOTABLE SIMILARITIES TO
HUMAN IMAGINATION

When transforming language into images, the
LLM analyzes the prompt, breaks it down into
meaningful elements (objects, relationships,
attributes), and passes these as a set of
instructions to the image model. Similarly, the
human brain can generate a mental image from a
sentence.  Additionally, Al systems are
increasingly integrating text, image, and even
sound processing — creating a form of
multimodal representation, much like the human
brain does when imagining a scene described in
language.

16. HOWEVER, IT IS ESSENTIAL TO EMPHASIZE
THE DIFFERENCES

Al has no consciousness or introspection — it
does not “see” these images nor does it
experience them. It creates a symbolic (vector)
representation, which “the image generating
system” converts then into a picture, but there is
no “mental image” — “seen” as it happens in the
human mind.

Furthermore, Al lacks embodiment: for humans,
imagination is grounded in sensory, emotional,
and motor experience. Al operates only on
statistical patterns memorized in a high-
dimensional mathematical space. It does not feel
color, movement, taste, or the atmosphere of a
scene.

In the human brain, imagery involves activation
of perceptual areas, such as the visual cortex; so
the neuronal structures the same which
participated during perceptions. In Al “image
generation systems” it is simply the processing of
data in an abstract feature space.

One could say however that Al creates a
“functional equivalent” of imagination: a
complex, internal representation of the
description that can be transformed into an image
— even though this process is symbolic and
statistical only, not phenomenal — there is no
experience of “seeing.”
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So, LLMs combined with image-generating Al
create a functional equivalent of imagination, but
do not experience it as the human brain does —
they lack subjectivity and embodiment.
Nevertheless, their ability to translate language
into images is increasingly approaching the
human capacity for “visualizing” word content.

17. THE ESSENCE OF PROBLEM-SOLVING
OPERATIONS IN CONTEMPORARY Al
SYSTEMS

Data processing in Al systems during the search
for solutions to presented problems is described
in numerous scientific articles [56-58]. This
process typically consists of several stages and
can be generally described as follows:

1. Al systems first analyze the tasks they are
given by a textual description, command,
question, or a combination of inputs (e.g.,
text and image). The formulation of the task
is referred to as the “prompt.” Advanced
language models take into account the
context, intent, and constraints of the
problem.

2. Modern Al models leverage vast knowledge
bases. They process the prompt by mapping
it into semantic representations
(embeddings), which enable comparison,
classification, and link various aspects of the
problem.

3. Al systems use mechanisms of sequential
reasoning, such as chain-of-thought,
scratchpad, generating intermediate
reasoning steps. They may use planning tools
and act step by step and use internal “agents”
that decompose the problem into smaller
parts.

4. Based on the inferred solution pathway, the
model generates a response — this could be
text, image, code, an action plan, etc. In
multimodal systems, different modalities
(text, image, audio, code) can be combined.

5. The most advanced systems can iteratively
assess their own solutions through self-
consistency checking, reflection, RLAIF
(Reinforcement Learning from Al Feedback)
and improve them until a satisfactory result
is achieved.

6. Learning from mistakes and fine-tuning is
often used. The systems use mechanisms
such as reinforcement learning from human
feedback (RLHF) and fine-tuning on specific
tasks are employed, allowing the Al to solve
increasingly  difficult or  specialized
problems.
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The way Al systems search for solutions
especially highlights the ongoing efforts by
computer scientists to make the representation of
objects and entire situations more similar to
analogous phenomena occurring in the human
brain. These improved methods of implementing
representations are often referred to as the neuro-
symbolic approach [59].

However, it appears that, at present, there are still
no efficient Al systems based on neuro-symbolic
representation that would closely resemble
human-like mental imagery. Some authors
believe that these newly proposed alternative
systems for representing objects and situations
are, in essence, very similar to the vector-based
representation in latent space [60]

18. SELFFAWARENESS AND THE POTENTIAL
CONSCIOUSNESS OF AI SYSTEMS

The issue indicated in the title of this chapter has
been so extensively discussed in both popular and
scientific articles that we will not devote much
space to it here, instead referring readers to
numerous works by other authors. In particular,
important are the studies that consider the two
main competing theories known as the
"Integrated Information Theory (IIT)" and the
"Global Neuronal Workspace Theory (GNWT)."
[61, 62].

We have addressed the phenomenon of human
consciousness in depth in one of our recent
papers [11]. This paper was well received and
read by several thousand people. In it, we present
the reasons why a theory that successfully
explains the essence of consciousness should
integrate three distinct contemporary theories.
Such integration of all three is necessary in order
to propose an explanation for the so-called
Chalmers’ "hard problem" and to answer the
question of “who perceives” the images
generated during mental imagery. Here, we will
focus on two specific aspects of this topic that we
consider particularly important. First, authors
frequently ponder how to determine whether a
particular entity (being or system) is self-aware
(63). Since classic tests such as the mirror test are
difficult to apply to Al systems, we propose a
simpler and more natural approach. Namely, we
suggest that one should start by recalling the
dictionary definition of the concept and then
consider whether the features listed in such a
definition are present. If we refer to such a
description, we generally find the following
explanation:

“Self-awareness” is the ability for introspection —
that is, the capacity to recognize and understand
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one’s own thoughts, emotions, motivations, and
behaviors. It encompasses:

1. Recognition of one’s own internal states:
The ability to notice what is happening in
one’s mind and body, forming the basis for
consciously  regulating emotions and
reactions.

2. Awareness of identity: The sense of oneself
as a distinct entity, which enables evaluation
of one’s actions and the impact they have on
the environment.

3. A basis for personal development: Self-
awareness is a key element of emotional
intelligence, allowing for reflection on one’s
own behavior, identification of strengths, and
areas for improvement.

In the psychological literature, “self-awareness”
is analyzed both in the context of everyday self-
reflection and in studies of brain function and
mechanisms of conscious thought. Scientific
works in this field often indicate that a high level
of self-awareness promotes better emotional
management and more effective decision-
making.

Thus, the consideration of whether a particular
Al system is self-aware comes down to
determining the presence of the features listed
above. Such an evaluation is, in fact, an example
of the comparative procedure for analyzing
similarities and differences between the
processes under consideration, as proposed in
this work. Within the realm of possible or
problematic self-awareness in Al systems, we
believe it is also crucial to clarify one further
point. It is always necessary to consider to what
extent the Al system in question operates only
locally, or whether it receives information and
has access to a wide environment. It is possible,
after all, to imagine non-local Al systems [64]. If
we assume that the reasoning component of a
large, futuristic Al system has access not only to
images, photos, and films, but also to cameras
installed on the planet’s surface and astronomical
telescopes, then we could say that such an Al
system is perceiving its environment. Such a
system would, by its very nature, also have
insight into the essence of all existing software.
On that basis, such a system would be able to
construct an “image of itself”—the equivalent of
a human’s self-concept, that is, the equivalent of
the concept of “I”.

19. CONCLUSION

1. A description of how the human brain
performs perception, imagery, problem-
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[1]

[2]

[3]

solving, and the acquisition of self-
awareness — in such a way that the presented
theoretical model could be considered by
computer scientists constructing artificial
intelligence systems, as well as their users —
must be based on selectively chosen
descriptions of findings made Dby
neuroscientists that are not overly detailed
and allow for intuitive understanding.

The key sequence of cognitive phenomena
that must be explained to enable an intuitive
understanding of how the brain functions
includes the following theoretical models:
Models of neurons as "integrate and fire"
elements;  Hierarchical structures and
neuronal circuits responsible for perception;
Mechanisms of memory consolidation and
the distinction between two types of
connections of object neurons with the
thalamus and the hippocampus; The way
mental imagery is generated; The role of the
language areas in the human brain; Cognitive
mechanisms involved in problem-solving;
The significance of theories concerning the
brain’s endogenous electromagnetic field, as
well as m icrotubule quantum processing —
specifically Hameroff and Penrose’s "Orch
OR" theory — for explaining the emergence
of self-awareness.

It seems that the following cognitive
processes, carried out both by the human
brain and by A.l. systems, should be
thoroughly understood and compared with
each other as a priority, so that their essence
is clear to medical professionals, natural
scientists, and computer scientists alike: the
function of the brain’s speech areas,
problem-solving mechanisms in the brain
and in A.l. systems, the formation and
manipulation of mental images
(imagination), and image generation by A.l.
systems based on linguistic descriptions.
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