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Simple Summary: This perspective article examines the differences between memory, information,
and knowledge. It is proposed that the creation of knowledge is not simply the extraction of
information or sequencing and storage of memories, but its contextualization that offers a point of
advantage for survival within a decision-making framework; outside these contexts there are no
useful memories and therefore no relevant knowledge. A constellation of neural networks spread
across multiple brain regions must work together to grow knowledge over time. Knowledge must be
stored in such a way that it can be accessed by multiple tokens, or handles, at any time. The emergence
of knowledge networks underlies the evolution of complex brains that can predict outcomes, induce
imagination and expand knowledge. Attention and sleep play important roles in creating and
protecting knowledge.

Abstract: The brain receives information via sensory inputs through the peripheral nervous system
and stores a small subset as memories within the central nervous system. Short-term, working
memory is present in the hippocampus whereas long-term memories are distributed within neural
networks throughout the brain. Elegant studies on the mechanisms for memory storage and the
neuroeconomic formulation of human decision making have been recognized with Nobel Prizes
in Physiology or Medicine and in Economics, respectively. There is a wide gap, however, in our
understanding of how memories of disparate bits of information translate into “knowledge”, and
the neural mechanisms by which knowledge is used to make decisions. I propose that the concep-
tualization of a “knowledge network” for the creation, storage and recall of knowledge is critical
to start bridging this gap. Knowledge creation involves value-driven contextualization of memo-
ries through cross-validation via certainty-seeking behaviors, including rumination or reflection.
Knowledge recall, like memory, may occur via oscillatory activity that dynamically links multiple
networks. These networks may show correlated activity and interactivity despite their presence
within widely separated regions of the nervous system, including the brainstem, spinal cord and
gut. The hippocampal–amygdala complex together with the entorhinal and prefrontal cortices are
likely components of multiple knowledge networks since they participate in the contextual recall of
memories and action selection. Sleep and reflection processes and attentional mechanisms mediated
by the habenula are expected to play a key role in knowledge creation and consolidation. Unlike a
straightforward test of memory, determining the loci and mechanisms for the storage and recall of
knowledge requires the implementation of a naturalistic decision-making paradigm. By formalizing
a neuroscientific concept of knowledge networks, we can experimentally test their functionality by
recording large-scale neural activity during decision making in awake, naturally behaving animals.
These types of studies are difficult but important also for advancing knowledge-driven as opposed
to big data-driven models of artificial intelligence. A knowledge network-driven understanding of
brain function may have practical implications in other spheres, such as education and the treatment
of mental disorders.

Keywords: neural network; learning and memory; attention; adaptive action; knowledge acquisition;
education; artificial intelligence; decision making; goal-directed behavior; sleep

Information 2024, 15, 487. https://doi.org/10.3390/info15080487 https://www.mdpi.com/journal/information

https://doi.org/10.3390/info15080487
https://doi.org/10.3390/info15080487
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/information
https://www.mdpi.com
https://orcid.org/0000-0002-4529-3631
https://doi.org/10.3390/info15080487
https://www.mdpi.com/journal/information
https://www.mdpi.com/article/10.3390/info15080487?type=check_update&version=2


Information 2024, 15, 487 2 of 34

1. Introduction
1.1. Motivation

Some humans are very good at memorizing facts and others have uncanny imag-
inative abilities that can be translated into beautiful works of art. Still others are very
knowledgeable, i.e., they have a deep understanding in a particular information domain
that can lead to insights on solving nontrivial problems. The term “knowledge” can be
construed to represent a working model of a particular aspect of the real world. Acquiring
this knowledge takes time and is built on processes involving cross-validation and justi-
fication in an attempt to arrive at the “truth”. It is not merely a memory gained through
sensory experience or through repeated association of a stimulus with a reward or punish-
ment. Though typically applied to human domains of information, knowledge is equally
important, however, for any organism to gain insights from their social and environmental
interactions to make informed decisions.

In this perspective article, I extend neuroscientific findings on memory acquisition,
storage and recall to propose a neurological framework within which to define knowledge
as a wide-area neural network. Such a network can be referred to as a knowledge network
(KN). KNs participate in creating and storing knowledge and have several key properties.
These properties include interconnectivity between multiple brain regions, such as fronto-
cortical cognitive and limbic emotive structures. KNs are considered to be highly dynamic
networks, portions of which link up transiently depending upon the context, an explicit
query or a physiological state or drive. KNs also need to transiently link up with attentional
brain circuits to extract current information either from an incoming sensory stream or
from memory. KNs eventually direct their output to decision-making and action-selection
networks. Catastrophic events, such as “9–11” for humans in the US, can transiently crash
KNs, causing confusion and the need to create a new real-world model.

Speech perception, reading and language can be considered as types of developmen-
tally entrained, sapient KNs that acquire cross-validation via explicit instruction and are
designed to rapidly gain new knowledge [1–6]. Acquiring a navigational map equates to
developing a KN of one’s surroundings within which to make quick decisions about escape
from predators, foraging and to find mates. A navigational KN undergoes cross-validation
and certainty or truth-seeking via repeated, direct interactions with the environment and
has been partially elucidated for navigation in rodents [7,8]. KNs are important for decision
making and survival. A navigational KN must be reliable for making split-second decisions
for survival. This becomes obvious when observing a rabbit swerving in seemingly random
directions to dodge a wild cat or a dog, and still able to find its rabbit hole while running at
top speed on a rough terrain.

Below, I first briefly describe the philosophical idea and usage of the term “knowledge”
and show how it relates to well-defined concepts of information and memory at the
phenomenological level. I then elaborate on some of the neuroscientific attributes of
knowledge and propose the building blocks and mechanisms for knowledge acquisition,
storage and recall. Furthermore, I conceptualize the formation of KNs in an equation form
and show where they fit in our current understanding of the evolution of the nervous
system. Finally, building on recent studies on neural mechanisms for attention and sleep
for memory formation and consolidation, I clarify their role in acquiring knowledge that
gets embedded within KNs.

1.2. From Information to Knowledge

Ever since the formulation of information theory [9,10], a lot has been written on infor-
mation processing from informational and neuroscientific perspectives [10–14]. Knowledge,
however, remains less well defined from both a neurological and a computational perspec-
tive. Neither are there any mathematical definitions of knowledge or a knowledge theory.
Lynn et al. [15,16] have recently provided a formulation of the perceived information
(cross-entropy) within a communication system as being the sum of the large amount of
information produced (having high entropy) and the efficiency of the observer’s representa-
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tion of that information (low divergence from expectations). The brain’s ability to store and
retrieve information, i.e., learning, memory and recall, is of fundamental importance for the
elaboration of goal-directed behaviors that frequently involve decision making [17]. This
requires querying the brain and extracting bits of relevant information simultaneously from
various loci to direct and question decision-making and goal-setting tasks. We may term
this contextualized information set as “knowledge”. Neural networks that are required to
perform these functions have not been clearly identified either in the neurobiological or
computational domains. In this brief review, I provide a nonformal overview of the differ-
ences between information, memory and knowledge from a neurocognitive perspective.
I propose a conceptual framework for describing KNs as a dynamic grouping of realistic
neural networks different from those needed to extract information and create a memory.

A theory for information processing was first formulated to quantify the information
load that the human mind can encode, store and retrieve over the short term, emphasizing
capacity limits without external aids or techniques [18]. Its formulation was based on
experimental data generated by others from the presentation of auditory, taste and visual
stimuli to human subjects. Further mathematical elaboration was focused on the coding
and decoding of signals for transmission and reception [19]. Work on cognitive and
neural mechanisms for long-term storage capacity and the contextual linkage with existing
information required animal experimentation using sophisticated techniques that were
not available at that time. One way to do so is to integrate relevant information bits as
synaptic connections whose strength or “weight” within local and global networks can
be continuously modified. The configuration and patterns of activity generated by this
network, when queried by inputs (in the form of either real or virtual stimuli), function as a
model of the world in which an organism exists. This model can be equated to what we term
as “knowledge” and the neural networks that participate in creating, consolidating and
modifying knowledge can be referred to as knowledge networks or KNs. KNs incorporate
the core memory networks described by others [20,21], but also include cross-validation
(for truth seeking), organizational (sequencing and timing), contextualizing and attentional
networks [22]. Parts of these nonmemory networks remain less well-defined anatomically
but must come online via their interconnections during query (recall) and reflection. In this
context, it is noteworthy that even simple memories need to be reactivated before they can
be modified or erased, emphasizing the inbuilt labile nature of a KN [23–25].

1.2.1. Feature Extraction

Behavioral and cognitive psychology can go only so far in providing mechanistic
insights into the way brain networks accomplish the task of developing and implementing a
knowledge-based model of the world for decision making and action selection. For that, we
need to take a step back and first understand how information is created from the sensory
environment. A necessary step in the process of information creation via sensory perception
is feature extraction. Naturalistic signals or stimuli in the environment are complex and
typically have multiple elements and parameters by which they can be specified. From
these, the brain uses parallel–hierarchical processing to extract features of varying levels of
complexity [26]. Feature extraction is perhaps one of the most universal and useful aspects
of sensory processing regardless of stimulus modality. Some of these features contain
information that contributes to stimulus discrimination and object recognition [26–31]. A
defining feature of an object does not solely depend on the physical properties of an object
but also is the outcome of neural processing governed by the receptive fields of higher-
order neurons [32–35]. A large amount of research on sensory processing and cognition has
focused on feature identity and extraction and this is also a central theme of deep learning
in artificial neural networks [13,36,37]. It should be noted that, at a more abstract level,
cognition also involves terms like thinking, knowing, understanding, reasoning, judging
and problem-solving. This review does not attempt to tackle all of these concepts from
a neuroscientific perspective, though in some cases they may be intimately connected to
and rely on knowledge embedded within KNs. An understanding of how neural networks
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learn, recognize and problem-solve has led to major advances in artificial intelligence
(AI) models for face, handwriting and voice recognition—problems that were seemingly
impossible to solve by conventional programming and engineering approaches [38–40].

Restating the argument made above more succinctly, a physical entity is intrinsically
recognized as a feature depending on its relevance for a particular function or goal, such as
for food and mate recognition or selection for reproduction [41,42]. A feature may consist
of simpler elements that can be easily synthesized and experimentally tested, such as
orientation columns in the visual cortex [34,43]. From a behavioral perspective, simple
elements within a feature are referred to as information-bearing elements or IBEs [44,45].
They contain information that is critical for computing a feature and its variants. Non-IBEs
within a signal can usually vary without affecting the perception of a particular feature but
may carry other types of information. Furthermore, an IBE can be quantitatively defined
based on any number of physical parameters. Those parameters that are behaviorally
meaningful or communicate information to an organism (low surprise), and by design
are extracted and encoded by the relevant sensory system are referred to as information-
bearing parameters or IBPs [44,45]. IBEs and IBPs were first defined to provide a framework
for identifying and studying the acoustic elements in the pulse–echo combinations in the
vocalizations produced by bats for echolocation [45].

In the neuroethological studies of bats, empirical studies yielded putative IBEs that
could be meaningfully attributed to the substructures or components of the acoustic struc-
tures of the naturalistic pulse–echo signals used for echolocation. These readily identifi-
able components, such as constant-frequency (CF) tones with harmonics, and frequency-
modulated (FM) sweeps, were shown to play a critical role in the computation of important
acoustic features, such as relative target velocity and distance, and wingbeat frequency
and the amplitude of insects. Relative target velocity, wingbeat frequency and amplitude
are IBEs for a bat tracking a target, such as an insect [46]. In our example, the IBPs would
be the values of relative target velocity as a function of the Doppler-shifted frequency
(60.6 to 62.3 kHz in mustached bats), with the wingbeat frequency resulting in an ampli-
tude modulation rate of 50 to 500 Hz in the range of 48.2 ± 10.7 dB SPL, corresponding to
particular insects that are a good (nontoxic) food source [47–49]. Key elements or putative
IBEs and IBPs are also present in the sounds produced for social communication in bats and
other species [50–52]. For vision, IBEs may corresponded to the combination of a particular
shape, color and/or texture of an object, and for the olfactory system the combination of
a mixture of odorants that can be used to identify a flower [53–56]. IBEs and IBPs can
be determined by performing behavioral studies and estimated by determining receptive
fields of neurons.

Neurophysiological and computational studies show that the IBEs are represented in
the responses of neurons in many brain regions [57–61]. Cortical neurons and those present
within hidden layers of multilayered, artificial neural networks exhibit high activation
levels to either identifiable or abstract, low-dimensional representations corresponding to
the principal components of the physical measures of an object [62,63]. They constitute
IBE-like representations within real neurons and networks. Studies on the visual system of
nonhuman primates identified a representation of IBE-like basis functions in the response of
cortical neurons [64]. These basis functions do not necessarily represent easily identifiable
elements within a naturalistic stimulus. Rather, they are statistical formulations of the real
elements that are extracted as useful information. Features represent the building blocks
of objects, and objects make up a scene [65,66] (Figure 1). Clearly, association between
features is critical for computations that guide decision making and flight behavior, such as
insect-tracking and capture, and the recognition of a food source. However, the memory
of a feature that may help to identify a target or one that could be useful in identifying a
social call does not in itself constitute knowledge.
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lemniscal pathways in the brain. Thalamocortical loops facilitate egocentric selection by neurons
tuned to the parameters of an incoming stimulus, and signal amplification occurs via descending
projections (see arrows) [67].

1.2.2. What Is Knowledge?

To be meaningful, information must exist in the form of knowledge. The study of
knowledge borders the domains of educational science, cognitive science and philoso-
phy [68,69]. Knowledge is mainly acquired from sensory inputs to the brain, though even
at the very first step of sensory transduction of various forms of energy into electric or
neural energy, knowledge acts like a filter, biasing what reaches the neural networks deep
within the brain. In other words, the creation of new knowledge and learning is itself
influenced by existing knowledge. Thus, knowledge is much more individualized than
information. Two people may be given identical information, but the knowledge it creates
in each of their brains may be quite different.

It is useful to also consider the meaning of knowledge from a philosophical perspective
since a concept of knowledge has existed from a long time before a conception of mind and
brain. Wikipedia defines human knowledge as “an awareness of facts, a familiarity with
individuals and situations, or a practical skill” [70]. This type of definition of knowledge
exists more within the domain of philosophy rather than neuroscience or information
science. From an epistemological perspective, propositional or declarative knowledge has
been proposed to have three essential features or components. These features are individ-
ually necessary and jointly sufficient for achieving a state of declarative knowledge [71].
Knowledge of facts, also called propositional knowledge, has been characterized as true
belief that is distinct from opinion or guesswork by virtue of justification. Belief involves
various levels of certainty about an observation or thought [72]. A low level of certainty of
an event or a relationship may be equated to imagination by others, whereas an elevated
level of certainty indicates a strong belief in a perception. If a belief happens to accurately
represent reality, then it is taken to be true. The process of testing is important for obtaining
evidence to justify that a belief is true. The process of justification protects against a lucky
guess becoming knowledge. This suggests that KNs must involve neuronal processes that
test for the level of certainty and establish certainty or belief in a perception go through a
process of justifying that belief and check for the presence of evidence in memory circuits
or find a way to seek that evidence. This makes knowledge, unlike memories, more robust
and less prone to forgetting. In neural terms, this means that knowledge about an issue
may have a fractured, distributed representation so that knowledge can be evoked in
many different situations. In other words, there are multiple entry points to activating
KNs or their subsets and their activation can impact decision making in many related
circumstances. How exactly certainty is tested and justified at the neural level remains
unclear (however, see [73]).

A KN’s representation of knowledge, i.e., a species-specific model of the world, may
guide decision making in many circumstances, e.g., the strategy an animal adopts to
find food or to interact with conspecifics to facilitate various aspects of social behavior.
Neural networks that represent knowledge are more difficult to define and usually require
simultaneous recordings of the activity of neurons in multiple brain regions in awake-
behaving animals exhibiting naturalistic behaviors. For example, neurobehavioral studies
of a laboratory rat, mouse or a primate species maintained or placed within a small cage
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or apparatus where the animal has limited degrees of freedom of movement and decision
making are not well-suited to explore their KNs. A naturally enriched environment offers a
much greater opportunity for an organism to create and use KNs for action selection. Thus,
the use of neuroethological approaches to study animals under natural or semi-natural
environments has a greater potential to identify KNs and the neural mechanisms underlying
knowledge processing [74–76]. With a few exceptions, such as social vocalizations in the
house mouse and bats, and spatial navigation studies in rats and bats, neuroethological
and neuro-ecological studies are easier to perform in invertebrate species. Advanced
invertebrate brains likely contain rudimentary KNs, supporting limited reflection and
justification processes that are difficult to extract. The technology to examine neural network
activity at a large scale in vertebrate species has recently become available, however, and its
application to study KNs via appropriately designed experiments should be feasible [77,78].

Knowledge of the environment in which an organism functions is critical for accom-
plishing multiple activities that are essential for survival. These include territorial, social
and foraging forays on a regular basis. Figure 2 captures the periodic, behavior-driven
incorporation of epistemological aspects (e.g., reinforcement, trust and belief) and mech-
anisms (associative memories) that define knowledge in general, within a navigational
framework. During navigation, a cognitive route map within networks (e.g., using place
and grid cells) is automatically created by an animal’s behavior, and brain mechanisms
(oscillations, excitation, inhibition, facilitation and spike-time-dependent plasticity) embed
context-driven network properties within a navigational KN. Place cells fire maximally at
a particular location based on multimodal sensory cues, whereas grid cells compute the
vector from the starting to goal location. A cognitive map, typically created by strategic,
free-exploration and probabilistic associations, is a neural model of the external spatial
world which represents the distances and directions between locations.

Training animals on stereotypic actions, such as nose-pokes, within a constrained
environment is important for examining the physiology and pharmacology of specific local
circuits involved in either aversive or reward memories. Chronic neural recordings during
free exploration behavior, such as for navigation, offer a more open-ended approach to
finding key neuronal and network properties [79,80]. These types of studies led to the
discovery of place neurons within the hippocampus and of grid cells within the entorhinal
cortex (EC), important findings that were recognized with a Nobel prize [81]. In the last
decade, research on networks and neurons underlying navigation continues to be a source
of groundbreaking new findings, such as of ring and toroidal structures, border cells, stripe
cells and head-direction cells in rats and free-flying bats [82,83] (Figure 3A). We still need to
understand how navigational knowledge is generated, contextualized, and recalled within
different contexts.

Within a KN concept, the understanding of navigation can be further advanced by
adopting techniques of chronic recordings of positional information and neural activity
from multiple brain regions while animals engage in navigation within different contexts
(Figure 3B). Activity-dependent mapping, e.g., using c-FOS and ZENK as markers of early
gene expression, has been used in songbirds to identify neurons for song discrimination and
production [84–87]. The use of two-photon imaging and neural activity markers, such as
CaMPARI, in freely behaving animals can also facilitate the identification of sensorimotor
networks that are co-activated, and show how they engage a core KN to accomplish
different phases of navigation [88]. These approaches can also explain how contextual
queries are initiated and how they might reconfigure particular networks for multiple
functions, e.g., shifting the excitatory–inhibitory balance in core networks and engaging
new networks. This is important to know because the brain evolves as a whole, and
while reductionist approaches are useful for identifying gene and receptor function and
pharmacology, they also take us away from achieving a holistic understanding of the brain.
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Figure 2. A schematic showing behavior-driven flow of information to extract object- and scene-
specific cues for creating navigational knowledge. Associative memories are typically created via
valence-driven idiothetic cues, or show statistically significant coincidence of occurrence in the form
of allothetic cues. KNs are expected to play an important role in top-down modulation for sensory
selection by sustaining attention at various levels of sensory processing and may be modified by
reward- and aversion-driven associative memory mechanisms.

In common terms, knowledge is often understood as an awareness of facts (declarative
knowledge) or as practical skills (procedural knowledge) and may also mean familiarity
with objects or situations. The same terms have been used to categorize memories. Episodic
memories require the activation of action-related networks that are associated with an
activity or an event. For a long time, it was debated whether memories are stored within
specific areas in the brain or distributed as information bits throughout the brain. Current
data support the latter scenario [89,90]. If so, then, as in a computer, one also needs a
directory of sorts to point to the address of each information bit. This means that to access
a bit of information, one first needs to look up the registered address and then utilize the
information in memory. This could mean first accessing another memory to locate the
directory to in turn locate a bit of pertinent information. Theoretically, this sequencing of ad-
dresses and memories could lock up the neural access within an infinite loop. While loops
are important components of information processing, they do not represent an efficient way
to store information. Also, it is energetically costly to not only “remember” a certain bit of
information but then also go to a location to recall where that information is stored. This
further complicates recall by the number of instances or bits of information that need to be
retrieved. In real life, one can equate this to finding a user manual for an electronic device,
such as a television set. If one wants to obtain some information on the location or function
of a port or connector, then it will be best if one can either look directly at that device or
look up relevant information in a user manual sitting next to the television set rather than
first locating and retrieving it from a different location. Moreover, this process involves
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the need for additional memory storage that can greatly increase the cost of obtaining
information by a factor proportional to the number of bits accessed, slowing down recall. It
may also trigger an infinite loop making the system crash. Alternately, directory informa-
tion may be stored at a central location and automatically channeled to the source of the
query. How this is accomplished within the brain without the involvement of an outside
agent, as in the case of an individual using their brain to access the memory and physically
locomoting to retrieve it, is still unclear.
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Figure 3. (A). Networks and cell types discovered for navigation in rodents, bats and primates,
including humans. Lines connect to the brain structures where they are located and arrows show the
directionality in which networks and one cell type carves the receptive field of another. (B). Examples
of research questions that can be addressed using a KN-driven approach to provide a foundational
understanding of the neuroscience of knowledge. These approaches can help us to define the
physiological properties, configuration, extent and plasticity of KNs. MEC: medial entorhinal cortex.

1.2.3. Memory vs. Knowledge

Memory remains a vital component of knowledge, and considerable progress has been
made towards understanding memory formation, consolidation and recall. Short-term
memories are first transiently stored within the electrophysiologic activity of neurons and
networks [91]. Some memories are then consolidated within neural networks throughout
the brain via the modification of dendritic spines and synapses that are only just beginning
to be delineated [92–95]. Over the long term, the relevant networks somehow become
activated to access a specific memory each time a decision is to be made. It is as if the
brain has the capacity to “dial-in” to different networks within a knowledge domain to
extract information.

As a real-world example, to communicate with others to share and/or obtain informa-
tion, one may access a digital phonebook and click on a number to be dialed. These actions
require energy so that there is a cost–benefit ratio not only for movement but also of network
usage within the brain. Many mental disorders, such as depression and schizophrenia,
can be considered, respectively, as a high perceived cost of action and decision- making
going array. These disorders can be triggered by chronic anxiety and stressful states that
release hormones in the bloodstream via the activation of the hypothalamus and other
endocrine organs, such as the adrenal glands [96]. Chronic release of these hormones
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can result in changes in the wiring of the brain [97–100]. It can also disrupt metabolic
processes and deteriorate telomeres or the endcaps of chromosomes [101–103]. Knowledge
not only lowers the basal state of energetic cost by providing access to previously obtained
information, i.e., via experience, but also allows an organism to make decisions and take
action in the interest of lowering energy consumption over the long term and increasing
the probability of survival. But, what is knowledge in contrast to information and memory,
and how is it created and stored in the brain? Semantic or conceptual knowledge has been
defined and studied only loosely from a neurobiological perspective [69,104], and studied
in a very limited way from a computational perspective [17]. Computationally, structured
knowledge is thought to reside in long-term memory as a distributed activity pattern and
accessed via partial retrieving cues. According to a proposed model, sequences of memories
can be potentially stored as single attractors within recurrent neural networks [17,105]. To
gain a more tangible sense of KNs, let us now consider brain structures that are well known
to play a role in memory mechanisms.

1.3. Brain Structures Involved in Memory Formation and Recall

Memories, such as those used for face recognition, may be purely experiential [106], or
they may be created via association with either reward or punishment [107]. Experimentally,
memory formation can be studied in animals only via either reward or fear associations, i.e.,
within an emotive context. While an emotive context is a powerful mechanism of memory
formation given the direct relationship of emotions with survival, not all memories are
formed in this way. Associations can happen within any two temporally bound sensory
inputs, provided those associations occur at a statistically significant level over other
chance associations.

The hippocampus, a seahorse-shaped brain structure, stores information transiently
until it is contextualized and stabilized, and then channeled to a neural network at a specific
location for long term storage. In this scenario, memory may be accessed by reactivating
the memory in a context-driven manner. In other words, context may activate a specific
section of the “phonebook” to automatically “dial-in” to a particular network to access a
specific memory and/or to transform it, given a new set of contextualized inputs. In the
phonebook analogy, the same brain structure, the hippocampus, cannot however function
both for long-term storage and as a pointer to the correct location of a phone number entry
since the information represented by each phone number may change with time. We are,
however, concerned less here with details of information storage and more about what that
information represents and what it accomplishes for an organism’s survival.

The hippocampi can be divided into a dorsal and a ventral subregion [108]. Whereas
the ventral hippocampus receives information from the basal nucleus of the amygdala (BA),
the dorsal hippocampus sends information to the basolateral nucleus of the amygdala,
which also receives sensory information from the cortex and thalamus [109–111]. The
reciprocal connectivity of the ventral hippocampus with the amygdala plays a central role
in creating contextual memories, as summarized in Figure 4. The hippocampus binds
together item and context information related to a study event. It receives information
from the amygdala, an almond-shaped brain structure consisting of multiple nuclei, as well
as the perirhinal and parahippocampal, including entorhinal, cortices. These structures
transfer information to the hippocampus, respectively, about an event from the emotive
value stream, and the “what” and “where” streams. The BA also projects to both the
medial and lateral regions of the entorhinal cortex (EC). The BA receives projections back
from the CA1 region and the subiculum as well as from the lateral EC (LEC). The LA
sends excitatory output to the inferior colliculus (IC) that inhibits both the medial and
lateral nuclei in the central amygdala (CeA). The LA also sends excitatory output to the
BA, which in turn can excite both medial and lateral nuclei in the CeA. The baslolateral
amygdala (BLA) has reciprocal connectivity with the prefrontal cortex [112]. Theta and
gamma oscillatory activity within the hippocampus plays an important role in creating
and retrieving navigational knowledge. Theta–gamma phase coupling encodes navigation-
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related functions, and spike timing within theta oscillations is important for memory
consolidation and recall (Figure 3). With respect to navigation, e.g., during free exploration
in a familiar environment (Figure 2), and during memory recall, CA1 pyramidal neurons
respond most effectively to CA3 input [113]. Eventually, all information is transmitted to
the central nucleus of the amygdala for action-related decisions.
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Figure 4. Schematic showing the localization of oscillatory activity (top-left) in the ventral hip-
pocampus within a navigational context (see Figure 2) and for memory functions, and its complex
interconnectivity with the amygdala for context-dependent associative learning. The lateral amyg-
dala (LH) receives processed sensory inputs from the cortex and thalamus. These inputs contain
information about features and objects in the sensory landscape. The subiculum, presubiculum
and parasubiculum are extensions of the CA1, CA2 and CA3 regions of the hippocampus and they
all receive outputs from the basal amygdala (BA). The basolateral amygdala (BLA) has reciprocal
connections with the prefrontal cortex. Projections to the hypothalamus trigger hormonal changes,
and those to the periaqueductal gray in the brainstem control respiration, heart rate and vocalization.

Finally, the prefrontal cortex (PFC), particularly the dorsolateral PFC, is heavily in-
volved in working memory functions. It is also clearly important for maintaining and
updating information, as well as for emotional regulation and motor control. The PFC, in
general, plays a central role in orchestrating complex cognitive processes, such as executive
functions, which include planning, decision making, problem solving, and controlling
attention [114,115]. Therefore, KNs are expected to be intimately connected with and con-
tinuously interact with the PFC, though knowledge itself is likely distributed in wide-area
networks extending to higher-order sensory cortices as well as diencephalic structures,
such as the habenula.

Episodic memory for navigational and other tasks involves the conversion of sensory
inputs into working memory. A working memory activity pattern in the hippocampus must
be transferred to long-term memory stores, such as in the neocortex, to process the next
set of events or sensory inputs. By definition, navigation is a sequential event. Therefore,
it is not surprising that the hippocampus plays an important role in both functions and
has been studied as such. Building on the adaptive resonance theory (ART) family of
neural models, Grossberg and colleagues have advanced hypotheses to explain both the
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working memory and navigational functions of the hippocampus [116,117]. Their model
stresses the importance of mass action-induced theta rhythms [118] in both mapping
and extracting the information of an organism’s spatial environment for navigation. As
indicated earlier (see also Figure 3A), time- and distance-encoding cells, together with
head-direction cells, project to grid cells in the entorhinal cortex (EC), which, in turn, project
to place cells in the hippocampus [7,116]. In this scheme, the theta period represents
a temporal metric for sequence learning [119] and also allows activity in widespread
hippocampal and neocortical networks to be temporally coordinated [116]. The idea is that
theta activity results in either gamma or beta oscillations, depending on match (resonance)
and mismatch (reset) between expected vs. actual inputs. Altogether, the KN for navigation
in mammals contains idio- and allothetic sensory, working memory, long-term memory,
emotive–limbic, and action-selection modules. These reside in interconnected anatomical
structures, namely, the thalamus, sensory and parietal cortex, hippocampus, subiculum
and EC, amygdala, as well as the prefrontal cortex and subthalamic nucleus for action
selection and the motor cortex/basal ganglia for motor output—for details see Figure 1 in
Bermudez-Contreras et al. [120]. The retrosplenial cortex is a key structure that receives
both head-direction and allocentric information. Most recently, Rolls and colleagues have
expanded their quantitative theory of hippocampal function for short-term memory storage
and recall without invoking mass action in the form of oscillations [121,122]. They include
the orbitofrontal cortex as a source of reward-related input that is used to bind multimodal
information within the hippocampal circuitry and invoke “concept” and “spatial view”
cells within the hippocampus to explain goal-directed navigational behavior [121,123].

As with mirror neurons in Broca’s area [124], it is becoming clear that the initial termi-
nology developed to identify neurons and networks that conduct a specific function can
usually explain a general class of functions. Thus, a part of the navigational network can also
contribute to other cognitive processes based on associative thought [121]. This stresses the
multifunctional nature of cortical, and possibly subcortical, neurons and networks [125–129].
Recent findings that expand the interconnectivity of a working memory module to its ap-
plication to a task-directed navigation network are a prime example of the need to establish
a viable and reliable KN where cross-validation can occur on a daily basis as an organism
roams its environment under different environmental conditions and physiological states.
Similar cross-validation and certainty-seeking processes can also occur via reflection-driven
fronto-cortical activity.

2. Proposition
2.1. Knowledge Equation

The brain is essentially a complex and highly plastic network of neurons. Therefore,
we presume that knowledge is stored as a state of synaptic interconnectivity within neural
networks, partially as what we term as a memory of some information. To be meaningful
(for survival), new information must be contextualized, linked up with existing information
and tested for consistency or coherence before being stored as knowledge. In philosophical
terms, knowledge of “facts” is often defined as true belief that is distinct from opinion or
guesswork by virtue of justification. The process of justification is what delineates knowl-
edge from a piece of factual information or a memory of it. The generation of knowledge
involves the summation of cross-validated information over time and potentially across
multiple timescales.

In this section, I propose a mathematical formulation of knowledge and of KNs. The
motivation to do so is two-fold. First, it should allow those working in the domain of AI
to incorporate a concept of KNs and develop new processes that go beyond using brute
force, big data approaches to train artificial neural networks. Once established, the idea of
KNs will allow systems and robots to learn from their interactions with the environment as
humans and other animals do. Second, a mathematical conceptualization of KNs together
with enabling technologies, in turn, can stimulate a more rigorous and comprehensive
understanding of human cognition as well as predict the effects of neurological disorders,
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aiding in the development of diagnostic tools and treatments. I hope this will enable the
simulation of knowledge-driven brain networks, such as for a better understanding of
navigation, language learning and education in general (e.g., incorporating the role of
emotional, motivational and movement networks to generate trust and belief). This will
allow researchers to test hypotheses and explore the effects of different variables included
in the mathematical formulation. Additional details of the mathematical extensions for
these applications are beyond the scope of this review, but I hope will be picked up by
others working in their respective fields.

First, let us try to formulate, in rigorous terms, the concept of knowledge residing
within KNs. For knowledge to remain relevant, forgetting is as important as incorporating
additional information. This is in fact critical for planning and efficient decision making.
The state of knowledge at any time therefore can be given by a knowledge equation, where
the information is updated by integrating new with existing information, and outdated or
irrelevant information is deleted via forgetting to keep knowledge viable. Later, we will
discuss how and when the forgetting happens in neurobiological terms.

To mathematize the idea that knowledge is a result of integrating new incoming
information while forgetting old information, we can model knowledge as a dynamic
system that changes with time. Some variables relevant to such a model are as follows:

1. K(t): the cumulative knowledge at time “t”;
2. G(t): The rate of incoming new information at time “t”. G(t) is modeled as a function

of time, depending on how information is received. For instance, it could be constant,
exponentially growing or influenced by other factors like attention or exposure;

3. L(t): The rate of loss or forgetting old information at time “t”. This can be transient,
triggered by distraction or change permanently via neuronal or synaptic degradation,
as in Alzheimer’s disease;

4. α: the integration rate constant, which determines how efficiently new information is
integrated into the current knowledge state;

5. β: the forgetting rate constant, which determines how quickly old information
is forgotten.

α and β are constants that quantify the efficiency of integration and the rate of loss
of information via forgetting, respectively. In terms of memory, these can be determined
either empirically from learning curves or theoretically based on the context.

The change in the state of knowledge over time, dK(t)/dt, can be expressed as a
first-order linear differential equation, where

dK(t)/dt = αG(t) − βK(t) (1)

where αG(t) represents the gain in information or contribution of new information to
knowledge, and, within the context of memory, βK(t) represents the loss of information
due to forgetting.

If we assume G(t) for memory networks, we have to set up the initial condition where
M(0) = M0, and K(0) is the initial knowledge at time t = 0. Then, we arrive at a form of the
equation for memory:

M (t) = e−βt(α
∫ t

0
I(s)eβsds + M0) (Memory equation)

where the integral term,
∫ t

0 I(s)eβsds + K0, represents the cumulative effect of incoming new
information over time, adjusted for the forgetting rate. “s” represents a process reducing
the contribution of memory modules’ contribution weight. It should be noted, however,
that knowledge is less prone to forgetting, and this equation applies strictly to the memory
components of knowledge.
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Assuming, for simplicity, that G(t) is a constant G0, we can find the explicit form of
K(t) by solving the differential equation

dK(t)/dt = αG0 − βK(t) (2)

The general solution, using an integrating factor, µ(t), where µ(t) = e−βt (an exponential
nature of information decay over time, assuming G(t) is not constant), is

K(t) = αG0/β + (K0 − αG0/β) . . . (Knowledge equation)

• The term αG0/β represents the steady-state knowledge level when the rate of integrat-
ing new information and the rate of forgetting are balanced.

• The term (K0 − αG0/β) represents the transient behavior of knowledge over time,
showing how it approaches the steady-state level. The rate at which K(t) approaches
the steady-state is governed by β.

Overall, the Knowledge Equation captures the dynamic nature of knowledge accumu-
lation and decay over time. It provides a mathematical framework for understanding the
dynamics of knowledge as a function of new information integration and forgetting. This
model can be adapted or extended based on specific contexts or additional complexities in
the real-world scenarios being modeled. The variables and constants used are intuitive and
can be adjusted based on empirical data or specific scenarios to reflect different learning
and forgetting processes.

2.2. Knowledge Networks

Within a neural net framework, it is presumed that knowledge is embedded within
a network that, when activated, will produce a set of outputs different from what it
might in its nascent or initial state. A network carries information by its activity and the
properties of the neurons within the network, but the knowledge it imparts depends on
the context within which it is queried. The same network can produce different sets of
outputs depending on how it is queried, that is, how other inputs activate this network.
Thus, a generic information network can be a storehouse of multiple knowledge sets. This
conception of a knowledge network is supported by the multifunctional nature of many
neurons and networks [127–130].

Locally re-afferent and looping circuits are much more likely to be a component of KNs
that store category-specific object knowledge [131,132]. An example of this type of network
is shown in Figure 5A. That means that KNs will likely have neurons that show either tonic
firing or bursting as the information loops between different networks as a representation
of knowledge. This indeed appears to be the case when recording single-unit activity from
neurons in the frontal cortex in response to complex, naturalistic sounds [60,62,133,134].
In contrast, neural responses to the same sounds from the primary auditory cortex are
phasic and time-locked to stimulus onset. Also, because of their dynamic nature, the
representation of knowledge within neural networks requires an activity component that
is difficult to define a priori and is best studied using naturalistic stimuli [135]. These
properties are not yet incorporated within artificially trained, deep learning networks, but
in time hopefully AI will utilize an integration between multiple networks, each of which
is trained for a specific task but relies on inputs or knowledge from other networks for
justification. The knowledge could be related to ethics and other such constraints that can
be independently updated. Presumably, the next generation of artificially intelligent agents
will rely on knowledge-based models rather than generative language ones that are driven
largely by statistical features. KNs have been alluded to previously from the viewpoint
of social networks. Within this context, “KNs” are collections of individuals and teams
who come together across organizational, spatial and disciplinary boundaries to invent and
share a body of knowledge [136]. From an educational perspective, a network that provides
knowledge to an organism is more representative of what we think of as “understanding”.
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Therefore, KNs need to be continuously updated, are multifunctional and are more highly
distributed than an information-extracting or a specific-memory network.
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Figure 5. Knowledge network construction and distinction. (A) A generic multilayered network
for signal extraction or associative learning, including recurrence (looping back arrows on green
circles) that can be either excitatory or inhibitory, and feedforward (arrows) and feedback (filled
circles) connections. The green, blue and orange circles belong to hidden layers of the network.
(B) A series of modular networks showing the bottom-up flow of information to extract IBEs, features
and objects from the sensory landscape (see Figure 1). (C) A putative knowledge network consisting
of multiple distributed memory modules, predictive and attentional, and multimodal cross-validating
networks as the basic components. This type of network contains multimodal representations, and
has long-distance connections with inputs that can modify as well as query the network via sensory
and cephalic triggers. Information is expected to flow bidirectionally (gray arrows) between these
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networks for decision making and action selection. The entire network can be triggered by either
query or contextual signals. Transient coupling between networks (dashed arrows) can occur via
oscillatory activity (see text for details). Physical dissociation via synaptic degradation or temporal
unbinding over time is also possible via the de-correlation of neural activity. Prediction mismatch
triggers large mismatch negativity-evoked potentials, leading to error signals and potential re-learning
that may result in a reconfiguration of the knowledge network.

KNs can be considered as both valance-driven and referential. A simple example of a
contextualized KN involves circuits within both the hippocampus and the amygdala. For
example, if one walks into a dark alley, the hippocampus provides spatial information,
whereas the amygdala provides valence information from either past experiences or from
“instructional” inputs. This “knowledge” then guides one’s decision about a choice to
enter the alley, or once there to leave it as soon as possible. If this knowledge is based
on experience, then the hippocampus plays a role in embedding this in memory within
the entorhinal cortex where valance appears to be represented within spatial coordinates.
Figure 5B shows neural activity flowing through a sequence of generic information net-
works where each network holds a specific memory or bit of information. A KN would
constitute a cluster of smaller networks that are typically accessible via a query or con-
textual input (Figure 5C). Intuition is a form of intrinsic knowledge that is spontaneously
activated, and is less under the control of conscious inquiry and rational analysis. The
components of intuitive KNs are expected to be present within the enteric nervous system
and subcortical brain structures, such as the reticular formation.

Neural networks filter, process, code and decode signals as information either in the
form of sensory, recurrent or feedback signals [137–139]. KNs, as formulated here, do not
necessarily perform any of the low-level functions, but they can modulate, gate and facilitate
activity within neural networks, including memory modules. KNs store the information as
knowledge that can later prove useful to the organism. Hence, unless genetically encoded,
KNs are created over time, taking into account the consequences of prior action and
information processing. KNs tend to be distributed globally and need to be dynamically
interconnected, especially when a decision needs to be made and/or an action taken. Whole
brain networks have previously been constructed using graph theory [140,141]. Thus, KNs
and the neurons within them can be thought of as being multifunctional. This is not a
requirement for purely sensory neurons, though they may also process multiple types of
signals. Information can reside within static networks. Knowledge, however, requires
information to be stored in contextualized networks (Figures 2 and 5C). Since the context
can change with every instance, knowledge cannot be represented by a static network.

2.3. Mathematical Formulation of KNs

As with knowledge, the state of a KN must also evolve with time. One can consider a
KN to be a sum of multiple transient networks that are updated by new external (allothetic)
and internal (idiothetic) sensory inputs and states. This may be represented symbolically as

KNt = NN1t + NN2t+1 + NN3t+2 + . . . NNxt+x. . . . (Network equation)

where KN = knowledge network, NN = refers to a neural network and t = time at which the
KN and NNs are accessed; NN’s can be memory, cross-validation, context or organizational
networks that are transiently linked during knowledge creation and access.

To mathematize the concept of KNs rigorously, we need to model the dynamics of these
networks, their interactions and how they contribute to the overall knowledge state [142].
First, we make the following assumptions:

1. The activity of neural networks, including memory modules, can be described by
continuous functions of time.

2. The connection weights between neural networks and memory modules are constant
over time.
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3. The contribution weights of neural networks and memory modules to the knowledge
network are dynamic and vary with time.

The following components, including variables listed, are an integral part of
model formulation:

1. Neural Networks and Modules:

• Nj (t): the activity level of the i-th NN at time t;
• Mj (t): the activity level of the j-th memory module at time t;
• wij: the connection weight between the i-th NN, and the j-th memory module.

2. Knowledge Networks (KNs):

• K (t): total knowledge at time t;
• αi (t): the weight of the i-th NN’s contribution to the KN at time t;
• βj (t): the weight of the j-th memory module’s contribution to the KN at time t.

3. Dynamics and Interactions:

• G (t): the rate of gain of new information at time t;
• F (t): the rate of forgetting old information at time t.

Furthermore, a mathematical model of KN has the following properties:

1. Neural Network Dynamics: The activity level of each NN, Ni (t), represents the
dynamic activity levels of different neural circuits that contribute to knowledge. This
can be influenced by incoming information and interaction with memory modules.

2. Memory Module Dynamics: The activity level of each memory module Mj (t) repre-
sents the activity levels of memory storage systems that interact with neural networks,
which can be influenced by the activity of a neural network.

3. Connection Weights, (wij), represent the strength of interaction between neural net-
works and memory modules.

4. Contribution Weights Dynamics: the weights αi (t) and βj (t) represent the dynamic
importance of each neural network and memory module to the KN.

5. Total Knowledge Dynamics: The total knowledge at time t, after adjusting weights, is
a function of the contributions from neural networks and memory modules. The final
solution for total knowledge within a KN at time t, can be modeled as

K(t) = ∑i αi j(t) Ni (t) + ∑i β j (t)Mj (t) (KN knowledge equation)

A model incorporating the above features captures the dynamic nature of knowledge
networks, integrating new information, and the forgetting process, with contributions from
both neural networks and memory modules.

Using partial differential equations (PDEs) can make the model more realistic by cap-
turing the spatial and temporal dynamics of KNs, reflecting how knowledge is dynamically
structured and represented in the brain [143]. Specifically, sparse connectivity contributes
efficiency, robustness and flexibility to the KN model [144]. Efficiency reduces the computa-
tional and energetic load on the brain by minimizing unnecessary connections. Robustness
enhances the brain’s ability to isolate damage or dysfunction, as fewer connections mean
that problems in one area are less likely to propagate widely. Flexibility allows the brain to
adapt and reorganize more easily in response to learning and new experiences, as specific
pathways can be strengthened or weakened without affecting the entire network. The
mathematization of a PDE model is beyond the scope of this review, but PDE equations
allow one to model how knowledge, neural activity and memory activity evolve not only
over time but also across different regions of the brain. Hence, as noted earlier, to test these
types of models, it is necessary to record neural activity over time and across different
regions of the brain in actively behaving animals.

2.4. Evolution of Knowledge Networks

The identification and quantification of naturalistic, unimodal stimuli and binary
motor behaviors have played an important role in advancing neuroethological approaches
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to understanding neural organization and mechanisms. Although such approaches will
continue to be of benefit, given the present-day technologies and those that will be avail-
able in the near-future, it is timely to consider neural organization within more complex,
integrative multimodal frameworks. It is time to address the fundamental integrative
unit of brain organization and potentially its evolution. This unit almost always has to
be multimodal because organisms function and evolve within a multimodal environment
even though sometimes one sensory system may play a dominant role, e.g., the auditory
system in bats and dolphins, and the olfactory system in rodents. Dogs have excellent
olfactory and auditory capabilities. Even within a single sensory modality, neurons can be
multifunctional, switching their role depending on the context, such as for echolocation vs.
communication in bats [129,145]. Similarly, memory networks may be transformed with
context via neuromodulators, such as dopamine and oxytocin, as happens for pair bonding
vs. maternal bonding in prairie voles [146]. The conceptualization of KNs offers a more
robust, naturalistic and adaptive way that may govern not only the organization of brain
networks but also its evolutions as such. A KN-based model emphasizes the acquisition
and processing of information to gain knowledge as a real-world model and the primary
and urgently needed goal for survival of a newborn. A KN must consist of and engage
with multiple and multimodal networks for decision making and action selection. As the
brain matures, specific memories may be lost or become inaccessible having served their
function of creating knowledge and this knowledge is both essential and sufficient for
an organism’s survival in its adopted environment and ecological niche. Thus, one way to
think about the evolution of the brain is to consider that it was gradually configured over
millennia towards a dynamic, knowledge-directed system to enable information storage
and processing over increasing timeframes.

KNs incorporate distant memories and the present context for building predictive
models of the social and physical environment. In humans, knowledge can sustain motiva-
tion and goal-directed action over a timeframe of several years. A long-term goal stored
within a separate network can periodically query KNs and act as a planning and “decision
center” for action selection as needed. A query can be triggered by either a sensory cue
in the environment (a physical change or a conspecific interaction) or an internally gener-
ated, imaginative signal. It may also be triggered by the physiological state of the body,
such as sleep, arousal and hunger, driving the organism to retrieve information based on
knowledge about the location of a food source and activate a behavioral algorithm that will
bring that organism to its food source [147–149]. Thus, a KN may connect with components
of sensory, attention, goal-setting/planning and motor networks that work together for
decision making and action selection (Figures 2 and 6).

Foraging strategies and many other adaptive behaviors depend on the complexity
and size of the information-processing and storage system that an organism is endowed
with. Single-celled organisms and simple multicellular organisms, such as sponges and
coelenterates, respond to stimuli by orienting and translational movements that are both
directed and random [150–152]. These organisms require only a sensor and a motor el-
ement to react reflexively in a preprogrammed manner with a built-in, limited range of
tolerance for environmental change (Figure 7). They do not require a knowledge network.
Alternatively, in more complex organisms, particularly vertebrates as well as some inverte-
brate groups, such as cephalopods with a well-organized brain, a goal-driven process may
involve querying many networks that can extract knowledge before triggering a sequential
decision set that ultimately gets converted into a sequence of actions [153].
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Figure 6. A line diagram depicting the relationship between sensory inputs, motor control and
behavior within a sense of self (idiothethic) in both physical (time and space) and physiological
terms. The reciprocal interconnectivity of the various functions emphasizes the importance of and
role of various neural states and mechanisms that constitute components of KNs. The behavior or
motor output is typically triggered in response to a query generated by signals from the internal
or the external environment. Physiological states, such as hunger, drive an organism to attend to
contextual or allothetic cues in its environment and activate central motor programs in the brain to
trigger behavioral actions. These in turn become the source of sensory inputs that allow an organism
to monitor its movement and location within its relevant region of space. Some of this feedback
leads to contextual learning through motivational cues related to reward and fear. Direct idiothetic
feedback (diagonal arrow) can modulate coordinated and directed motor activity.

In vertebrates, action sequences are embedded within brain structures, such as the
basal ganglia and motor (including pre-motor) cortex for bodily movement, and the amyg-
dala for autonomic functions and physiological activity of the internal organs [154,155].
Thus, neural networks are proposed as having gradually evolved from simple, non-
overlapping reactive nerve nets, dedicated to specific functions of neuroids in sponges, to
hydra-like organisms, more complex, bilateral brains in worms and to a multilobed, dis-
tributed central nervous system in insects and cephalopods. These advancements led to the
emergence of primitive to advanced KNs present within proactive and imaginative brains,
respectively (Figure 7). Some knowledge elements become embedded within neural net-
works through genetic encoding, especially in invertebrates and lower vertebrates [156,157].
Recent findings on the organization of the lamprey brain support this possibility [158,159].
Eventually, increases in complexity and connectivity led to the development of imaginative
brains where scenarios could be simply imagined with or without follow-up with action
selection [160]. Here, KNs became critical for providing top-down information via pre-
dictive computations [16,161–164]. Predictive networks enable “fact/error-checking” and
the justification for decision making and action selection without reference to incoming
sensory information [165].
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Figure 7. Flow-chart showing the evolution of organisms with or without “brains” (shaded boxes)
within the animal kingdom. Early forms of life (over 540 million years ago) did not require knowledge
to adapt to their environment. Their action selection was directly determined by sensors and effectors
operating at either molecular, cellular or simple reflex levels. Later, as organisms and their brains
became more complex, just-in-time information availability was supplanted by KNs that allowed
a brain to be proactive in terms of evaluating its environment, goal-setting and action selection. Some
molluscan species with large brains, such as the octopus, and protochordates are expected to have
rudimentary KNs, whereas the neurally advanced species, such as cetaceans and primates, have
the capacity of knowledge abstraction and manipulation. Humans are assumed to have the most
advanced KNs capable of symbolic representation through cultural evolution and education.

3. Discussion

I have proposed here that a paradigm shift in our thinking is required to approach
neurobiological research from a more comprehensive perspective. Despite numerous
studies on learning and memory, we have barely elucidated the networks in which knowl-
edge resides. Navigational systems represent an important frontier in this regard (see
Figure 2). Below I discuss what we know about mechanisms for knowledge acquisition
and, capitalizing on studies of memory consolidation, the important role of attention and
sleep in the conversion of memory stores and contextual information into knowledge. As
discussed later, an interdisciplinary approach promises to enhance the effectiveness of edu-
cational strategies and the sophistication of AI technologies, leading to better outcomes in
both fields.
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3.1. Knowledge Acquisition and Action Selection

Let us first examine in a little more detail the steps of information acquisition and
processing within putative KNs. Exteroceptors, such as in eyes and ears, are designed to
feed information about the external environment, whereas interoceptors, such as proprio-
ceptors and carbon dioxide sensors, monitor and transmit information about the internal
state of the body. These are a part of the peripheral division of the nervous system. These
receptors send inputs to various parts of the brain where the inputs are consolidated and
evaluated based upon experience and stored as “memory”. Because sensory systems are
adaptive, to some extent sensors at the level of the peripheral nervous system, and more
so central sensory processing networks, are primarily designed to detect changes in the
quantity and quality of the sensory profile of the external and internal environment over
different time-windows. For example, the vestibular system in humans is activated by
changes in linear and angular acceleration over an approximately 7 s time window [166].
Hence, when constructing rollercoasters to stimulate the vestibular system, a turn needs to
be introduced for every 7 s of travel to satisfy the stimulus expectations of the customers.
Let us now tackle the question of how knowledge is gained from these sensations.

Some neurons themselves function as sensors by having receptors on specialized
segments of their cell membrane, such as olfactory receptors present on olfactory cilia that
are specialized forms of dendrites. Similarly, intraspinal cord mechanosensory neurons
within the spinal cord can detect axial bending of the body [167,168]. Neurons within the
central nervous system can also be regarded as sensors that monitor the body’s physiologi-
cal, physical and emotive states by monitoring the activity of other neurons via receptors
for neurotransmitters as well as for the hormonal and neuromodulator milieu within the
extracellular space. Thus, changes in both externally driven and internally sensed neural
activity eventually determine the behavior of an organism. Neuronal plasticity occurs
at the synaptic level via both active and silent synapses that can control learning during
critical periods [169,170]. Synaptic modification is less likely to occur during the elicitation
of the reflexive type of responses, where a referential knowledge or prediction network is
not invoked. During information gain, however, each new active synapse has the potential
to significantly bias the output of a KN.

An ultimate goal of knowledge creation is to minimize perceived complexity and
maximize predictability (minimizing entropy within an information-theoretic framework)
without sacrificing accuracy. To achieve this, KNs may tolerate a certain amount of fuzzi-
ness, maximizing their applicability to real world scenarios that are rarely identical [171,172].
Neuro-fuzzy systems appear to be good at pattern recognition for solving real-world prob-
lems [173]. Feature extraction, cross-validation, synchronization and consensus finding
are important components of such systems that have been implemented for knowledge
discovery via artificial neural nets [174,175]. Consensus maps have been proposed to
encode naturalistic smells via the odotopic mapping of odorants in the olfactory bulb
and forebrain [176–179], and social calls via combination-sensitivity within the auditory
cortex [50,61,180]. How cross-validation and synchronization is automatically accom-
plished within real neural networks is less clear. Oscillations in neural activity within
different brain regions, such as the amygdala and hippocampus, may provide a mechanism
for cross-validation, typically involving cross-modal processing, via temporal coherence,
phase-amplitude coupling and other such mechanisms [137,181–186]. Oscillations in the
form of traveling waves may also provide a mechanism for spreading information (mem-
ory encoding and recall) within the brain to strengthen multimodal consensus and the
binding of common features within an information scene or landscape [187–190]. In this
regard, the state of network dynamics and Hebbian plasticity appear to be essential for the
optimization of network topology within real and artificial neural nets [191,192].

Action selection can occur at multiple timescales and involve different amounts of
knowledge for action decisions. For fast reflexive activity, information is locally processed
and triggers a quick (few milliseconds) reflexive action that can be monosynaptic. Other
actions can take hundreds of milliseconds to minutes and even days to be planned and
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processed. Action decisions involve querying the KNs and extracting bits of relevant
information from various parts to direct behavior. Navigation behavior involves both
rapid and long-term decisions that must be sustained over time and during seasonal
migration [193–196]. As indicated earlier, action selection involves the process of decision
making that is a rapidly growing field of study in itself [197,198]. Decision making is
a term that has been applied to the behavioral economy within the contexts of morality and
commerce involving impulsiveness (risk-taking) vs. knowledge-based cognition [199–201].
The concept of the behavioral economy externally, however, is also relevant to the inner
workings of the brain. We can think of decision making as a neural economy where neurons
decide to fire or not to fire considering an energetic cost associated with bodily activity
and for the generation of action potentials for processing information via neural networks
within the brain [202].

Neurophysiological and imaging studies show that during decision making and task
performance, the brain channels and loops neural activity through multiple regions of the
brain [203] before channeling their output to brain regions that activate bodily patterns of
movement. Within the basal ganglia, this is accomplished via disinhibition so that action
patterns can be quickly sequenced and released without having to overcome the inertia of
building up activity within a network [204,205]. Disinhibition is a good strategy for quickly
translating knowledge-driven decisions into activity patterns.

Knowledge recall and action may be triggered by a few or even a single command
neuron that, when activated, can bring multiple networks online to seek the justification of
a decision [206,207]. When making intuitive decisions, one frequently relies on a “gut
feeling”, suggesting that these command neurons may literally reside within the enteric
nervous system, freeing neural circuits within the brain to process new incoming informa-
tion to create new memories to expand or modify existing knowledge [208,209]. Neurons
that fire together wire together via synaptic stabilization. Over the long term, non-neural
mechanisms involving glial cells and perineural nets can protect developed and established
networks from being modified [210–212]. Perineural nets create a matrix of proteins that
stabilize the network and prevent new synapses from forming easily [213]. Perineural nets
have been mostly observed encapsulating inhibitory, parvalbumin neurons. In this way,
stored knowledge can be protected from being changed by random inputs [214]. Next, we
consider the role of attention, a perceptual attribute that is critical for forming associative
memories and the role of sleep, which is important for the stabilization of memories and,
as postulated here, for converting memories into knowledge.

3.2. Establishing and Retrieving Knowledge: Attention, Sleep and Oscillations

Vertebrate brains typically receive vast amounts of information at any moment through
multiple sensory channels. Therefore, a major function of the brain is to select the most
relevant information so that it can be processed quickly and at the required level of resolu-
tion as well as stored effectively to make informed decisions that maximize the probability
of survival over the short- and long-term. This is achieved via attention (Figure 8). Atten-
tion is important for both learning and for modifying behavior via synaptic modification
that can occur across brief timescales of <200 ms [215,216]. Mechanisms for selectively
attending to and “making sense” of the available information are critical for creating and
modifying KNs.

Attentional mechanisms remain largely unknown and difficult to study, partly because
of the largely covert nature of attention in species with a well-developed forebrain, and
because it is difficult to impossible to interrogate animals about their attentional focus as
well as the nature and duration of their attention. A number of studies have focused on
visual attention using eye tracking, but attentional control by other sensory modalities
is more difficult to study [217,218]. The habenula, a highly conserved mid-diencephalic
brain structure, is considered as the integrative switchboard for directing attention either
to the self or to others [219]. Its circuit-level connectivity is ideally suited for channeling
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knowledge residing in the forebrain to influence decision making and action selection via
circuits present within the brainstem, e.g., projections to the dorsal raphe.
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Figure 8. Information flow to extract object- and scene-specific information and create memories as
well as knowledge. KNs are expected to play an important role in top-down modulation for sensory
selection by sustaining attention at various levels of sensory processing.

KNs not only determine the process of adaptive behavior elaboration, but also direct
attention towards the source of additional relevant information [218]. This occurs via
alternating between sustained attention and attentional shifts. Attentional shifts are a likely
outcome of intrinsic oscillations in neural activity at different timescales, depending on the
mechanism at play—from cellular up/down states to circuit level excitatory/inhibitory
balance to hormonal rhythms [220,221]. These fluctuations in neural activity can facili-
tate attentional shifts to enhance knowledge by providing a temporal framework within
which bits of information, e.g., those that provide a context, can be coupled to create
new knowledge [222]. Within this context, a knowledge network can sustain attention to
one attentional set or periodically shift it across multiple attentional sets [223,224]. The
neural mechanisms for and the brain regions involved in attentional-shifts are even less
studied than those involved in sustaining attention. Periodically shifting attention appears
to be a conserved mechanism that remains little appreciated [225–227]. Shifting attention
may turn out to be a key mechanism allowing fact checking, and hence in the creation of
knowledge, as opposed to simply memories of reward- or fear-associations.

All brains basically exist in one of two states– either an awake or a sleep state, with
daily transitions between the two. A sleep state is required to gate most of sensory activity
and allow the selective pruning and suppression of ongoing activity by pruning irrelevant
synaptic connections, maintaining and updating KNs and preparing them for acquiring
new information via interactions with the environment during the awake state [228,229].
For most species, these interactions occur via movement. Therefore, the restoration of
muscle (both skeletal and cardiac) tissue are also essential functions of sleep. Sleep also
plays a protective role for established KNs by insulating and protecting them from ran-
dom inputs during day-to-day activities. A number of experimental studies over the last
two decades have firmly established that sleep plays an important role in the maintenance
of memories and the ability for organisms to acquire and store new memories [230].

During the awake state, the brain allows bodily interactions with the environment,
gaining information and testing its validity for conversion to memories and potentially to
knowledge. During sleep, memories are consolidated by identifying and strengthening
knowledge-building connections, while weakening or disabling those connections that
are inconsistent with the acquisition of new knowledge. This may happen by repeatedly
activating a KN, presumably via increased slow oscillatory activity (0.85 to 2.0 Hz) in
the brain, so that synaptic noise, represented by those synapses that are inconsistently
activated during each iteration of the activation cycle, is eliminated [231]. The inconsistent
activation of a particular synaptic connection may result from a build-up of inhibitory
activity within a network and contribute to a lowering of the synaptic strength (probability
of neurotransmitter release) at a particular locus. A large part of this processing happens
during sleep. Multichannel electroencephalographic (EEG) recordings in zebra finches
underscore an increase in functional connectivity between brain regions during develop-
ment, likely correlated with learning and knowledge development [232]. Even in fruit flies,
sleep duration and sleep–wake switch parameters influence decision making critical for
reproductive output [233].
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Both attention and sleep are strongly associated with oscillations in the total population
activity of neurons. Therefore, oscillations must play a key role in knowledge creation and
retrieval, although we do not yet quite understand the detailed mechanisms. A match in
either amplitude or phase between the oscillatory activity of distant brain regions leads to
coherence [234]. Coherent networks underlie both top-down and bottom-up information
flow [235,236]. According to one study in rats, an increase in oscillatory (0.85 to 2.0 Hz)
activity during slow wave (SW) sleep within the short-term memory retention interval
(80 min in duration) was associated with significantly stronger recall of episodic-like
memory [231]. This is particularly effective for spatial memory, but not for object or
declarative memory.

The consolidation of object or declarative memory appears to be correlated with sleep
spindle activity. Sleep spindles are bursts of neural oscillations (~11 to 16 Hz) generated
during nonrapid eye movements (NREM). They are electrical surface correlates, observed
in the EEG of thalamocortical oscillations with a duration of 0.5 to 1.5 s [237,238]. The
thalamic reticular nucleus has a significant role in the generation of oscillations [239].
Spindles have been proposed to enable large-scale functional connectivity and plasticity
involving the rerouting of wake-instated neuronal traces between brain areas, such as the
hippocampus and cortex [238]. The presence of spindles in the upstate during theta band
of SW oscillatory activity enhances memory consolidation, whereas their presence in the
upstate during delta wave activity facilitates the suppression of consolidation [240,241].
Thus, the timing of spindle activity is thought to play a key role in the process of memory
consolidation and forgetting.

The fragmented activation of neural networks during the process of memory consolida-
tion and forgetting may play out as a narrative, or what we term as “dreams”, some of which
reach our conscious level, depending on the sleep state at which they occur [242]. Some
dreams are triggered or contextualized by incoming sensory inputs during a light sleep
state; others dreams are driven by intense emotive experiences during the awake state and
lead to offline performance gain [243]. Dreams may also lead to mental/knowledge clarity
during natural or induced recall as during hypnosis or psychoanalytic regression [244,245].

The question remains whether memory consolidation mechanisms also contribute to
the process of building a knowledge network. For this to happen, sleep must also facilitate
the processes of belief, justification and truth testing. Unfortunately, these concepts remain
undefined in neural terms and therefore largely untested at the neurological level [246].
Oscillatory activity resulting in synaptic modification during sleep [247,248] could provide
a mechanism for justification, or of obtaining evidence and testing certainty by perturbing
neural networks, e.g., in the cingulate cortex, to bounce out of local minima until a new
global state of stability (excitatory–inhibitory balance) is achieved that increases the level
of certainty and hence strengthens belief [249]. Through this process, a new model of the
real world or knowledge can be established within the networks (Figure 9).

Reaching a computational global minimum of neural activity while creating knowl-
edge, especially during sleep, is consistent with and is an outcome of the Bayesian Free
Energy Principle [16]. Free energy is an information-theoretic quantity that results from sen-
sory inputs (data) and brain states. It provides a probabilistic representation coded by the
brain, and a true conditional distribution of the causes of sensory input [251,252]. Within
the context of knowledge, free energy allows the brain to minimize variational free energy
as predicted by a model (knowledge network), by sampling and re-sampling information
acquired during the awake state. This is best carried out during sleep when new sensory
inputs are minimized, allowing re-entrant signaling and circuit manipulation. The state
of achieving a global minimum each morning, assuming a sound sleep of adequate dura-
tion has occurred, may also explain the mental clarity experienced after waking up from
a restful sleep. In short, sleep quiets the accumulated excitatory activity, or information
overload, via a test of certainty, or justification, to arrive at a truth (elevated certainty) and
eventually belief via multiple awake- and sleep-state cycles. These processes are central
to knowledge building, as already discussed, and must occur in all species, though the
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exact mechanisms may differ, to improve decision making and chances of survival in the
real world.
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Figure 9. A diagrammatic representation of a “pyramid-inversion model” for the transfer of informa-
tion over time from the sensory to the brain environment via a series of filters (left). The conversion
to knowledge (right) occurs via oscillatory mechanisms (middle) involving the transfer of short-term
to long-term memories. The theta band (0.2 to 0.8 Hz oscillations), during the up-state in nonREM
sleep, consolidates memories and integrates them with contextual and cross-validated information as
knowledge. Delta waves attenuate sleep spindle activity occurring during the down-state of sleep
leading to the forgetting and incorporation of new memories [240]. Together with sharp wave ripples
(140 to 200 Hz) during sleep and sustained reflection, this activity can modify memories stored within
KNs [247,250].

Attention, together with attentional shifts, plays a crucial role in the efficiency and
accuracy of knowledge creation, whereas sleep consolidates memories, trashing noise that
may manifest itself as dreams. Together with reflection, that in some ways is functionally
like a sleep state, sleep may be essential not just for its restorative capacity and memory
consolidation, but also to minimize network traffic so that a viable and reliable generative
model of the world can exist within KNs. Such models are essential for minimizing
prediction errors [253,254]. Without a stable knowledge-based model, humans can become
confused and suffer from anxiety/mental illness, leading to poor choices during decision
making and action selection.

3.3. Future Directions

Having established the significance of KNs from a perspective covering the areas of
philosophy, cognitive psychology, neuroscience and phylogeny, it is important to explore
what this might mean for the future. Rather than using drugs that interact nonspecifically
at multiple sites within the brain, a KN approach to understanding brain disorders and
treatment may usher in the era of electroceuticals, a trend that is already gaining momen-
tum with the use of deep brain stimulation and transcranial magnetic stimulation [255–257].
These interventions can reset and re-organize neural networks in an individual to either
restore or bypass network deficits, e.g., in depression [258,259]. An in-depth understand-
ing of how knowledge is embedded within brain networks can positively impact such
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approaches and lead to interventions to alleviate several brain disorders, such as dyslexia,
ADHD and autism.

By integrating neuroscience perspectives, both education and AI can move from rote
memorization and big data input, respectively, to systems that are more adaptive, efficient
and aligned with the natural learning processes of the human brain. The educational
implications of a KN-based approach include a greater acceptance of personalized learning,
and an impact on cognitive skill development, as well as the adoption of neuroscientific
approaches to early childhood education, and the tackling of emotional and social learning
disabilities. A knowledge-driven approach can be used to tailor educational experience to
individual learning styles and needs that align with how brain processes route information
in different individuals. Cognitive skills could be improved by incorporating insights
gained into executive functions like working memory, attention and cognitive flexibil-
ity. These insights could inform the development of curricula and teaching methods for
strengthening learning skills and information retention.

With respect to AI, we need to create systems that will mimic human learning processes
more accurately. This is possible by applying new insights into how the brain learns, e.g., by
replicating synaptic plasticity, reinforcement learning and other neural processes embedded
within a knowledge-based framework, including KN-inspired algorithms that are based
on spike-timing-dependent plasticity and hierarchical processing [260–263]. This will lead
to the development of a more robust and adaptive AI. In general, AI can be made more
intuitive, and actions/decisions more reliable and meaningful, especially as related to
human–AI interactions. In the context of navigation (see Figure 2), robots and autonomous
systems that apply principles of sensorimotor integration and adaptive learning can engage
in naturalistic interactions with the environment more effectively for various tasks. Many
of the details still need to be worked out but this will not happen without incorporating
a broader, knowledge-based point-of-view in contrast to a purely memory-driven one. In
the end, one is left wondering if there are any limits to the amount of knowledge that can
be stored within KNs. Theoretically, the brain’s capacity may be infinite, bounded only
by biological life time and by brain-size. If so, artificial KNs could easily overcome these
limitations, providing practically boundless knowledge.

4. Conclusions

In conclusion, the creation and storage of knowledge in neural networks plays a
crucial role in the functioning of the brain and likely a central theme guiding its evolution.
Memories over a short term are stored in the hippocampus and distributed throughout
the brain for long-term storage in the form of connection strengths within either a local or
a distributed network of neurons. Once memories are consolidated and contextualized,
they, together with parts of other relevant networks, constitute what is referred to here
as a ‘knowledge network’. The knowledge can then be accessed via a query for decision
making that directs behavior at relevant times and over multiple timescales. Attentional
and attention-shifting networks play a key role in the creation, selection and modification
of knowledge, and sleep is necessary for establishing knowledge, clearing noisy activity,
and readying the brain for the acquisition of new information and/or knowledge. Together,
these processes allow organisms to adapt their behavior in response to changes in the
environment and survive.
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