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ABSTRACT

Can the banal and transient forgetfulness that we all experience at some point in our lives give us clues about the neural

mechanisms underlying the onset of severe dementia, such as Alzheimer’s disease (AD)? The hypothesis we propose suggests

an affirmative answer. If access to the memory system (MS) depends on matching key input patterns to appropriate contexts, we

postulate that if the matching does not occur, the MS is blocked by a neural gate. From empirical observations, we shift to neural

models of memories and their modulation by contexts. Our approach provides a possible explanation for transient memory failures

but also suggests that the memory gate (MG) can be a crucial neural module that triggers a cascade of events leading to conditions

where AD becomes irreversible and catastrophic. This hypothesis suggests ways to slow down the progression of this disease and

may be explored with currently available techniques.

“Science is built up of facts, as a house is built of stones;
but an accumulation of facts is no more a science than
a heap of stones is a house.”

| “Science and Hypothesis,” Henri Poincaré (1905)

1 | Introduction

It is to memory that human individuals owe their sense of
personal identity. Also, it is to memory that they owe their ability
to store linguistic codes and, with them, establish the systems
of communication on which our society is based. In memory
reside the procedures that at the beginning of humanity were
transmitted from generation to generation and that allowed for
the creation of instruments, art, child-rearing strategies, and

the ability to defend oneself from the weather and predators.
The historical and current life of humans owes everything to
the existence of their privileged memory. The codes of memory
and our ability to transmit information give us our identity as
humans. This makes the nature of memory a prominent objective
of scientific research, both for its intrinsic scientific interest and
the challenging enigmas it poses, as well as for its profound
philosophical implications [1].

However, in our time, when social and scientific advances have
increased human life expectancy, a more dramatic motivation is
added to the above: the appearance of different forms of dementia
at relatively advanced ages, where memory deterioration is the
primary factor. These severe cognitive disorders have devastating
consequences for the affected individuals and their families and
are currently a topic of research at multiple top-level laboratories
[2-4].
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In this work, we assume that certain types of transient memory
deficits, which constitute a common experience for all people, can
be a clue to uncover the existence of a neuronal gate that conditions
the access of information to memories. If this neural gate turns
out to be true, it may be relevant to the process of attaining
new approaches to understand, and perhaps prevent, the onset
of extremely severe impairments that occur in neurodegenerative
processes such as Alzheimer’s disease (AD). In describing this
hypothetical “memory gate,” (MG) we will assume that contexts
are essential components for accessing memories.

MGs have been postulated for specific situations on several
occasions, both in theoretical and experimental research. As far
back as 1989, a neural model of context-dependent associative
memories showed that contexts could operate as gates capable
of triggering chains of associations like episodic or procedural
memories [5]. More recently, Chatham and Badre [6] analyze
gates for the input and output of working memory (WM) and
their possible neuroanatomical substrates. Verschooren et al. [7],
in experiments where various perceptual inputs are presented
to participants, propose a MG that opens and closes while WM
interacts with long-term memory. Coelho et al. [8] have found
evidence in experiments with mice that the dentate gyrus in
mice may be a key structure supporting a gate that establishes
contextual modulation of memory access. Also, most recently,
Liu, et al. [9] proposed a model, which they call GATE, where a
MG in the CA3 area of the hippocampus may be responsible for
mammal adaptive learning.

The MG we postulate here is a complex structure that receives
the key pattern already associated with its contexts as paired
inputs coming from the WM and subsequently sends this
key pattern-context pair to the memory system (MS) involved.
However, a central point of our hypothesis is that this MG is
dynamically linked to a rich contextual network that, failing
recognition, causes a random context replacement process until
the appropriate context-key pattern is recognized by the MS.

The paper is organized as follows: first, some of the most accepted
MSs and their possible neurofunctional bases are described.
Then, we show another way of looking at the nature of mem-
ory, mostly based on mathematical models of neural networks
developed since the 1970s, which are precursors of the artificial
intelligence (AI) systems that predominate today. These neural
models are based on what we would call “the vector paradigm.”
We present a neural modeling approach to our “memory gate”
and describe its component neural modules together with their
properties. Finally, we analyze the impact of this MG on AD.

2 | Memory systems

Memory types are operationally classified as short-term memory,
lasting briefly, and long-term memory that stores information for
agood part of a person’s life. This old distinction is still used today
[10].

Short-term memory includes memories of recently experienced
events and WM. Long-term memory includes so-called declara-
tive memories and procedural memories. Procedural memories
store sequences of automatic and usually unconscious procedures

(such as the actions of an expert car driver). Declarative memo-
ries, generally conscious, involve access to the conceptual world
and encompass semantic memory (language and meanings) and
episodic memory (temporal structures of events experienced by
people) [11].

Schacter and Tulving [12] recognize five MSs: episodic, semantic,
procedural, working, and the perceptual representation system.
The latter is a MS that identifies sensory inputs and maps them
into a conceptual memory associated with these percepts. WM
[13] is a MS that is strongly involved in multiple aspects of
our cognitive function. However, perhaps these five MSs do not
exhaust the possible alternatives that future research will reveal
[14].

The cerebral location of the different MSs is a difficult topic,
but important advances have been made with functional brain
imaging techniques. An updated review can be found in [15].

A powerful experimental area linked to the neural basis of
memory comes from the discoveries of synaptic plasticity and
modifications of synaptic conductivity based on repeated stimuli.
This phenomenon, called long-term potentiation, has been found
in neurons of the hippocampus and has contributed to high-
lighting the importance of these brain structures in mnemonic
functions.

Clinical evidence from decades ago has demonstrated how the
hippocampus, and the brain areas linked to it, affect memories
when they are almost completely destroyed during various
neurological conditions or traumatic accidents. Following these
events, the patient exhibits a virtual inability to install memories
of current events (anterograde amnesia) while preserving other
forms of memory. Evidence centers on the ability to incorporate
new information in the medial temporal lobe (MTL), which may
be an essential neural pathway for recent data to be transferred to
consolidated memories. This region comprises the hippocampus,
the perirhinal cortex, entorhinal cortex, and the parahippocampal
cortex. These systems appear to be hierarchically linked, with
the perirhinal and parahippocampal cortices operating on the
entorhinal cortex and generating inputs to the hippocampus [15].
However, the size of the hippocampus is incompatible with the
volume of information stored in semantic and episodic memories,
which explains why the network complex establishes connections
with the neocortical and subcortical regions. As regards the
semantic network, it is worth mentioning the exhaustive research
by Huth et al. [16, 17] showing the cortical ubiquity of the
areas that support this network. Ullman [18] also proposes a
neural model of language that links declarative memories with
procedural memories.

Concerning WM, of fundamental importance in the organization
of executive functions, its location sits in the prefrontal cortex
[19]. WM participates in reentrant loops that link frontal regions
with posterior regions of the brain, as well as with subcortical
structures [20].

A particularly interesting result supporting the MG hypothesis
that we will present here was published by Aminoff et al. [21],
showing that the recognition of contexts induces an intense
activity in the retrosplenial complex, regions of the lateral parietal
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cortex, the medial prefrontal cortex, and the occipito-temporal
sulcus.

3 | Theory of Neural Networks and the Vector
Paradigm

In this research field, memories are viewed in a different way
than what we discussed in the previous section. Here, the focus
is on extensive neural network models where precise biological
details are avoided. A compilation of the fundamental articles on
neural network theory was published by MIT Press under the title
“Neurocomputing” [22].

What we call the “vector paradigm” assumes that the cen-
tral basis of information processing by neural modules is an
extensive collection of signals traveling along the axons that
connect one module to another. The multidimensional vector (an
extension of the intuitive idea of 2 and 3-dimensional vectors)
is the natural mathematical representation for such collections
of neural signals. The foundational papers on the theory of
associative memories were published independently by Anderson
and Kohonen in 1972 [23, 24]. The idea was to define a memory as
a set of associated (input-f-output-g) pairs:

Mem = {(g1, 1), (&2 [2)> (8> fx)}

This definition leads to a Mem mathematical structure that
implements these associations in the form of a matrix. The
theory also shows that the numerical components of this matrix
represent the synaptic connections of the idealized neurons on
which memories are built. Moreover, these matrices are capable
of learning, that is, of adding up to a certain limit new pairs of
associated vectors.

Analyses of these matrix memories reveal three essential proper-
ties:

1. They are usually very large matrices: if the inputs and
outputs are vectors with thousands of components, the matrix
representing synapses has millions of components.

2. The pairs of associated vectors are “split” and dispersed
among the different synaptic coefficients. This is why they
are called distributed memories. When an input enters the
memory, it has the capacity to collect the dispersed infor-
mation and reconstruct the output. A biologically relevant
corollary of this distribution of information is the resistance
of stored data to random physical deterioration of memory
components, a property known to biologists and physicians
but often unexplained until the appearance of distributed
memory models. These models suggest an explanation: given
the large size of the memory, the deterioration of some
synapses or neurons eliminates very small pieces of the
stored information but does not prevent recognition of the
associated patterns. In Figure 1, we show an extremely
elementary example to illustrate the distribution of data and
its reconstruction by the inputs.

3. The matrix memories superimpose the distributed segments
of their associated vectors on the synaptic coefficients. This
means that each coefficient of the matrix stores superimposed

components of various stored input-output pairs. A particular
input may temporarily weaken or cancel the superimposed
patterns that do not correspond to this association and,
consequently, strengthen the components of the output. We
illustrate this overlaying property with a simple geometric
example in Figure 2.

We refer to the mathematical details of these processes in the cited
articles [23, 24] or in books by Anderson [25] and Kohonen [26].

These remarkable properties of distributed memories contributed
significantly to the vector paradigm among researchers. More-
over, the neural vectors on which these memories are based were
compatible with the various coding modes used by different kinds
of neurons (frequency codes, bursts of action potentials, topo-
graphic codes, etc.). However, these memories fundamentally
have two important limitations, which we proceed to outline.

These ideas about distributed memories were preceded by Denis
Gabor’s seminal article “Holographic model of temporal recall,”
published in 1968 [27]. Furthermore, the concept of neural vector
and the idea of  distributed storage of information were framed
in an influential paradigm, that of vector symbolic architectures
(VSA) [28]. VSA has extremely versatile applications, such as
seeking to solve difficult problems in linguistics [28] and the
extension of holographic memories to various domains of biology
and computing [29-33]. In this framework, the notion of hyper-
dimensional computing emerged, which bases computation on
large random vectors and distributed representations [30]. Let us
mention that a realist model of a biological brain—large but of
limited scale—[34] with specific neural modules for information
recognition and processing functions, can organize the activity
of this brain by means of neural vectors whose components are
neuronal signals imitated from real neurobiology.

The storage capacity of these memories is limited. The more
associated pairs are stored, the more interferences arise on recall.
In fact, the authors who proposed these memories studied the
limit at which the signal/noise ratio invalidates the capacity of
these matrix memories to be operative. However, the memory’s
disability limit is protected when the matrix dimension is large.
The model also allows for the implementation of forgetting
mechanisms that extend the useful lifetime of the memories.

Perhaps the most serious limitation is the inability of these
memories to modulate associations through contexts. As an
example, let us imagine that a memory is sought to associate the
neural image f of an animal with the different names that this
animal has in two different languages encoded by the context
vectors p and p* If one seeks to associate different pairs (p, f)
and (p* f) with two different vectors g(p) and g(p*) that represent
the name of the animal in languages p and p*, respectively,
matrix memories cannot do so. This mathematical failure can be
demonstrated in various ways (see Hinton [35]).

In the 1980s, various solutions to the context problem were found.
The most influential solution was discovered and rediscovered
several times and consisted of creating neural models where,
between the layer of neurons that received the input and the
layer that generated the output, other connected neural layers
were interspersed that transported and processed the input to
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Distributed word memory

Life's but,

And by opposing

That struts and frets,

To be, or not to be,

And then is heard no more.

, full of sound and fury,

Signifying nothing. a sea of troubles
end them.

a walking shadow

his hour upon the stage

that is the question:

It is a tale Told by an idiot

Whether 'tis nobler in the mind to suffer
The slings and arrows of outrageous fortune,
Or to take arms against

a poor player,

Key

FIGURE 1 |
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Life's but a walking shadow, a poor player,
That struts and frets his hour upon the stage,
And then is heard no more. It is a tale

Told by an idiot, full of sound and fury,
Signifying nothing.

To be, or not to be, that is the question:
Whether 'tis nobler in the mind to suffer
The slings and arrows of outrageous fortune,
Or to take arms against a sea of troubles
And by opposing end them.

On the left, a lexical mix of words and signs that make up parts of two famous Shakespeare monologues is shown. On the right, we

show how the appropriate inputs reorganize this scattered information and reconstruct the texts.

An example of
A superposition

K&
L/ A

The image shown in (A) includes, superimposed, the

\
VAV

FIGURE 2 |
various images shown in (B).

the output. These intermediate layers, sometimes called “hidden
layers,” significantly expanded the learning capacities of these
MSs and solved the context problem. Multi-layer systems were
trained by a powerful algorithm that achieved error minimiza-
tion in associations by backpropagating the adjustments of the
synaptic weights of the model (simply called “backpropagation”).
A classic reference of this type of multi-layer memory is [36].

The expansion of computational power in recent decades has
also allowed us to refine these multi-layered, trainable memory
models and generate a process known as “deep learning,” so
important in today’s Al algorithms. Recently, McClelland and
Botvinick [37] published an outline of deep learning from the
perspective of human memory psychology.

However, there is another alternative to solve the context
problem. In the second half of the 1980s, three independent

investigations converged on the same kind of solution: composing
from the context vector p and the input vector f a new vector
by means of the tensor product (also called Kronecker product)
of both vectors [5, 38, 39]. This multiplicative composition
expands the dimension of the input to become the product of the
dimensions of p and f. The memory matrix expands in complexity
but completely solves the context problem while preserving for
the theory all the power of matrix algebra [40].

To show the theoretical power of multiplicative contextualization,
let us point out that in one of the papers introducing the method
[5], context-dependent memories can associate the image of an
object with two different outputs representing its name in two
different languages; they can also represent the operations of
formal logic and implement procedural memories.

In one of the processes mentioned, multilayer networks or tensor
composition, solves the branching problem that we illustrate in
Figure 3.

In the next section we present our “memory gate” hypothesis.
We have previously carried out a mathematical exploration of the
idea to evaluate its formal consistency within the framework of
memory models [41]. To do this, we use multiplicative MSs and
analyze the interaction of the various modules that make up the
gate model.

However, our priority here is to point out that there are empirical
indications that suggest the existence of this gate. We will then
show a configuration of neural networks that implement the
gate, where the important feature is the topology of the model,
or equivalently, the set of functional relationships between the
modules that compose it. As a corollary, we indicate something
obvious: if this MG can be found, the way it operates, whether
through multiplicative contexts or via contextualization by mul-
tilayer systems or by any other procedure, will depend solely on
biological reality and not on the preferences of modelers.

4of11

BioEssays, 2025

85U8017 SUOWILIOD BAIIER1D 3(gedlidde ay) Aq peussnob ae Ssppiie YO 8SN J0 Sa|nI o} Akeiq i 8UljuO AB]IM UO (SUONIPUOD-PUR-SULIBI WD A8 | ARe.ql U UO//:Sdny) SUONIPUOD pue SwLB | 8U1 88S *[920z/c0/c2] Uo Arelqiauljuo A8|im ‘AenBnin olgndey 120 pepisIeAlun . ppN Aq ZE00. S910/200T 0T/10p/uod A3 1M Aiq1puljuo//:sdny wouy pepeojumod ‘g ‘SZ0Z ‘828TT2ST



Solution to the context problem

Dog Dog
? Perro
FIGURE 3 | Panel A illustrates a memory that is limited to being trained in an English language context, and where the image of a dog can only

be associated with its name in English; in a Spanish language context, it does not give any response (?). Panel B shows a memory that modulates its
associations by contexts and can give two different responses to the same image depending on the linguistic context. In this representation we assume
that the image of the dog, the linguistic contexts (Eng, Spa) and the two responses (Dog, Perro) are extended vectors with each category (image, context,

name) having its own specific dimension. Image of the dog drawn by Cristina Arruti, reproduced with permission.

4 | Memory Gate Hypothesis

We begin the presentation of our model by describing situations
that are frequently experienced by almost all people. Each
situation below describes transient and minor memory failures.

Situation 1. Let us imagine the following. At a concert a high
school teacher observes an elegant gentleman near her. His
face appears to be familiar, but she is unable to remember
it. Given this situation, we can anticipate three possible
scenarios:

A. On returning home she suddenly remembers that this man
is a librarian whom she sporadically meets at the National
Library.

B. After returning home, she sees a book on a table and
immediately remembers him.

C. A long time passes, but when she returns to the library and
meets the librarian, she wonders where she saw him in the
past.

Case A seems mysterious because the memory arises without
the person understanding how it happens. Case B is clearer,
since the association of the book with the face at the
concert allows her to identify him. Case C indicates another
frequent occurrence, which is the fleeting memory of certain
unimportant events.

Situation 2. A journalist wants to remember the name of an
actress he admires, although he can only recall the first letter
of her surname or a few syllables. However, if he manages to
conjure up her face in his imagination or see her in a scene
of a film, the whole name appears in his mind.

Situation 3. After many decades of not riding a bicycle, a singer
rents one during her vacation at the seashore and starts
riding it as if time did not pass.

Situation 4. A lawyer watches on the TV that a former classmate
has just been appointed minister of Transportation. Imme-
diately, “buried” episodes from his teenage years suddenly
come to mind. He recalls that both were spectators in a
riotous football match, left the stadium, went to the movies,
and ended up chatting in an ice cream parlor. Together with
this episode, other forgotten stories emerge in a long chain
of memories that occurred during their student days.

In Situation 1 the librarian’s face is associated with events in
the context of the library, in Situation 2 the name is associated
with the actress’s face, in Situation 3 the presence of the bicycle
reactivates a procedural memory that allows her to ride it, and
in Situation 4 the mention of a former high school classmate
awakens memories of episodes experienced together in their
students days.

These contextual triggers lead us to postulate the following
assumptions:

(H1) Consolidated MSs store data along with their contexts.

(H2) Access to the MS is filtered by a MG that allows the key pattern
and the experienced context to pass through. However, if the M'S does
not recognize the “key pattern-context” pair, the MG replaces the
original context with successive contexts it receives from a contextual
network. If the appropriate context for the key pattern is among the
latter, the memory identifies the pattern, and the search ends.

Note that in our conception, the search ends when consolidated
memory can finally connect the association. The association in
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Posfk Pk fk

INHIBITION

FIGURE 4 | Network of modules that support the memory gate
(MG), which receives the fi (key input) and p, (initial context) vectors
from a working memory (WM) and sends them to the MG. From here, the
contexts not accepted by the memory system (MS) are replaced by a set of
contexts p, cyclically emitted by the random context generator (RCG). Ifa
Dk context appears to fit the input, the MS identifies it and generates a gg
output vector that inhibits the contextual network and ends the process.

memory can be made when the key pattern is accompanied by
the appropriate context. Also, this association, whose uncomfort-
able expectation is followed by subjective satisfaction—possibly
linked to the “Aha!” experience [42]—turns off the contextual
web.

(H3) Recognition without external “clues,” as in Case A of Situation
1, suggests that there is an endogenous mechanism for storing and
emitting contexts, a neural network that we will call random context
generator (RCG). This network contains many contexts acquired
throughout an individual’s life and has the capacity to emit contexts
to the Gate if it is not inhibited. We will assume that it is activated by
the incoming context and inhibited by the output of the consolidated
memory.

It is important to establish the presence of perceptual patterns so
familiar they are never forgotten under physiological conditions,
for example, the faces and voices of our parents or children.
In these cases, we assume the variety of contexts stored in
these patterns is so extensive that it is extremely difficult for
identification to fail. We will see in the next section how this is
no longer the case in the presence of severe cognitive impair-
ments. We show in Figure 4 the neural modules that sustain
the MG.

The hypothesis about the existence of MG and the modules
that support it, assumes that the dimensions of the neural
vectors are determined by the physical neural systems involved.
Here we do not impose any neurocomputational model on the
modules participating in Figure 4, except for the adoption of
the vector paradigm. In a previous work [41], we modeled these
modules using matrix memories and composing key vectors and
contexts by tensor products. In the next section we analyze
some empirical consequences that can be drawn from the MG
hypothesis.

We emphasize that in physiological situations of transient for-
getting, recognition will depend on the competition between the
retention time of the patterns in the WM and the appearance
of the appropriate context. This time depends on the cycles of
context replacement in the RCG. The RCG can be an anatomically
fixed neural network, whose contexts arise from the person’s

experience, but where synaptic connections are modulated by
the interplay of inhibitory and activation modulators. Their
interplay results in the existence of a wide variety of functional
subnetworks that act at different times. In Figure 5, we show a
simple drawing to illustrate the model. The technical details were
shown in [41].

It is interesting to note the similarity between the impossibility of
identifying or naming a person or thing we know through random
searching in a contextual network—an everyday experience we
describe in the article—and the experience of unconsciously
solving a problem we have been meditating intensely until the
solution appears by surprise, sometimes in the middle of sleep.
Perhaps in this widely known and reported situation in the field of
science (particularly in mathematics [43]) and other areas there is
also a random and unconscious search in our brain until suddenly
all the pieces fit together and the solution appears as if by magic.

If the modules shown in Figure 4 were to exist in the true
anatomical-functional organization of the human brain, they may
be distributed among several regions of the brain. We have already
seen something similar in a previous section with the anatomical
location of MSs and with the complexity of context storage in the
brain [15, 21]. Perhaps MG is also distributed in several regions
of the brain. Also, finding the components of MG may be a very
difficult task. However, as we shall see, the various stages of
AD would provide a path for establishing the existence and the
properties of MG.

5 | Memory Gate and Alzheimer’s Disease

So far, we have postulated the existence of a MG based on
observations of banal and transitory difficulties in memory
recollection that occur in the lives of all human beings, regardless
of age. However, in this section, we want to argue that if this gate
hypothesis were consistent with a neurobiological substrate, then
it would have consequences for understanding the pathological
mechanisms of AD, and eventually for its prevention. Indeed, as
will be argued in this section, this MG could be a trigger zone
of cascade events that lead to a state of irreversible neurodegen-
eration, destroying memory structures that in early stages of AD
appear to be very little altered. Also, as a corollary, itis a privileged
zone to focus on preventive therapies.

Dementia is a highly prevalent condition [44] whose main risk
factor is age [4], so the number of affected adults could increase
dramatically in countries whose demography trends toward a
distribution with a larger weight for older adults. This fact poses
a challenge to the availability of health care systems and the cost
of social welfare [45].

AD is the most common cause of dementia (about 80% of all
cases) and its prevalence for people over 65 years of age has been
estimated, for example, between 10% and 19% in the United States,
depending on the characteristics of the populations [46] and the
diagnostic criteria used in the studies [47].

According to DSM-5 [48], starting from a mild, non-specific
cognitive disorder not yet affecting the daily functional life of a
person, progression to AD involves meeting the following three

6 of 11

BioEssays, 2025

85UB017 SUOWILIOD BA1E8.D B cedtdde au) A peuseno a1e ssjolie O ‘88N JO Sa|Nn 10) Aeiq1T 8ULUO 8|1 UO (SUONIPUO-pUe-SWBl /Lo A3 1M AeIq 1 U1 |UO//:Sty) SUONIpUOD pue swie | 8y} 88s *[920z/£0/£2] Uo Akiqiqauliuo ABjim ‘Aenbnin oljandsy 2 pepsieAlun epN Ad ZE00/ S910/200T 0T/I0p/Wod A8 | im Ake.d 1 jpuluo//:sdny woiy pepeojumod ‘g ‘520z ‘8L8TTZST



A B

FIGURE 5 | (A)In the large universe of contexts (light blue circle) there is a contextual web, the red circle which we illustrate as a tangled network
of nodes (contexts) and lines (transition probabilities) of a Markov chain directly associated with the key input pattern and the final matching context
(gray circle). The search starts somewhere (black dot), randomly moves around the transitory red states before arriving at the gray circle. The arrow is
a condensed way to express those nodes within the red circle transitioning to the final context, which is an absorbing state—once the final context is
recognized, the search ends. We estimate the search time g as a mean first passage time (MFPT)—the average of a distribution of random first arrival
times from the initial state to the final context. If g is smaller or larger than the holding time T the search is successful or unsuccessful. (B) If the subject
is tenacious and capable, now or later, to expand the cluster of contexts (larger red circle) or to increase the strength of certain critical transitions into
the final state, a search, previously unsuccessful, may now succeed. As more channels become available (slightly thicker arrow) the MFPT decreases,

and the probability of success would be higher. Simulations of simplified models and the calculation of MFPT’s are given in [41].

criteria: (1) clear evidence of decline in memory and learning,
(2) steadily progressive and gradual decline in cognition without
extended plateaus, and (3) absence of other neurological or
systemic disease, or condition likely contributing to cognitive
decline. The predominant clinical presentation is the episodic
memory deficit characterized by impaired free recall that is not
normalized by cueing [49].

But the definitive diagnosis of AD is still brain autopsy [50]
with recognition of cortical atrophy, the presence of amyloid-
predominant neuritic plaques, and of tau-predominant neurofib-
rillary tangles in patients who have suffered progressive and
ultimately disabling neurocognitive deterioration [48]. There are
also cases related to genetic and familial origin, typically of
early onset, which can be diagnosed by the presence of specific
mutations.

The development of in vivo measures of AD pathology via
positron emission tomography (PET) imaging has opened new
possibilities for the study of pathological mechanisms and diag-
nosis of the disease. PET imaging has allowed visualization of
the spatial distribution of 8-amyloid plaques since the mid-2000s
[51], but it was not until a decade later that neurofibrillary tangle
pathology became selectively detected [52].

Although the possibility of visualizing tau protein deposits is
very recent, some conclusions suggest a correlation between the
progression of clinical symptoms and certain neurohistological
findings. The pathological substrate of AD is a widespread
dissemination of intracellular deposition of tau neurofibrillary
tangles departing from the MTL and the presence of pathological
intercellular cortical deposition of amyloid-8 neuritic plaques
[53]. Amyloid-f alone does affect cognition, but these may be
relatively weak and take years to develop [54, 55]. Cognitively
normal individuals with amyloid-g deposits have higher levels of
tau in the MTL and inferior temporal cortex compared to those
with no or low levels of amyloid [56-59].

The initial stages of AD development reflect a necessary inter-
action between cortical intercellular deposition of amyloid-8
and the presence of tau in the medial temporal lobe. The
process most probably begins with a slow deposition of amyloid-
B in the cortex—this preclinical process unfolds decades before
clear neurodegeneration and clinical symptoms of dementia are
present—leading to an elevated tau, which in turn provokes
neurodegeneration and finally, to cognitive decline [60]. There is
extensive evidence for this model from human imaging data [61].

It has also been found that the accumulation of MTL tau, which
may not be linked to AD, usually precedes the deposition of
cortical amyloid-g8 in cognitively healthy older people [61]. The
relationship between these two proteins is associated with spread
of tau out of the MTL into the medial parietal, lateral parietal
and temporal cortices. This condition displays neurodegeneration
with a similar topography to tau deposition, and is followed by
cognitive decline and eventually, dementia [61]. Necroptosis, a
programmed cellular death that in contrast to apoptosis activates
inflammation, has recently been attributed to the neurodegen-
eration mechanism responsible for the extensive synaptic and
neuronal loss observed in AD brains. It has also been linked to the
appearance of tau pathology and the presence of granulovacuolar
neurodegeneration vesicles [62].

Early diagnosis is important because the rate of cognitive
decline can be slowed down with medication. Besides, types of
dementia other than AD involve different and specific treatment
approaches. However, the insidious onset of AD and the gradual
progression of behavioral-cognitive symptoms renders diagnosis
of the early stages of AD problematic. Predicting which cases
with mild cognitive impairment will ultimately progress to
Alzheimer’s would be very helpful.

In this scenario, delayed recall in episodic memory has been
found to be a robust predictor of progression toward AD [63-65].
Much current research is focused on the development of biomark-
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ers, capable of detecting early signs of the disease or accurately
predicting the risk of developing it. Biomarkers, such as tau in
cerebrospinal fluid and especially amyloid levels in conjunction
with neuroimaging findings, for example, hippocampal atrophy,
have been integrated with cognitive assessments to enhance
predictive accuracy [66-68]. Recent advances in Al-based neural
networks promises increased predictive accuracy of the onset
of AD [69, 70] and may suggest new disease mechanisms, such
as disruption of complex patterns in brain connectivity [71].
Let us mention in passing that, regarding neuroimaging, some
researchers have expressed serious doubts about the significance
of the information provided by functional brain images. These
doubts arise from the fact that these images, with current
techniques, are captured under conditions that seriously decon-
textualize the cognitive activities they are intended to explore [72,
73].

Of particular importance in support of our hypothesis are two
facts that we present below. First, the observation that in early
stages, Alzheimer’s patients have “good” and “bad days” in
their cognitive functioning and access to semantic and episodic
memory. This is a well-known clinical observation: patients with
mild/moderate disease experience daily fluctuations in recogni-
tion and memory access to well-installed memories [74]. Why
does a mother with moderate AD does not recognize her daughter
on a given day? From the network of modules in Figure 4 we may
recognize that the mother’s memory of her daughter is associated
with a wide variety of contexts and perhaps days later she will
be recognized again. What did happen that day? If the MG fails,
the image of her daughter, no matter the clothes she wears or
the words she speaks, does not pass the MG and cannot access
the semantic memory. In the absence of neural damage, the
context network activity is not noticed because her daughter is
always accompanied by the “good contexts”. This suggests that in
early stages of AD, where there is only mild neuronal damage,
the hypothetical MG shows functional fluctuations that explain
the “good and bad days” [74]. However, if the MG is eventually
destroyed, fluctuations will no longer exist, memory recollection
becomes impossible, and the trophic neuronal actions of the gate
itself may trigger subsequent degeneration.

Second, recent experiments with animal models have shown
that in early stages of AD, neurons that store information of a
memory trace (memory engram) can be activated with optoge-
netic techniques, suggesting that the memory storage process
is preserved in early stages of the disease [75]. There was a
long-standing debate among researchers about whether memory
impairment was caused by a degradation or a failure to access
the information from the semantic network. These experiments
suggest that memory disorders in early stages of the disease would
rest almost solely on the recall process [75]. Similar mechanisms
appear to be present in other amnesic conditions [76, 77].

Although the speed of cognitive decline varies among individuals
and can be slowed with medication, there are currently no
known treatments to prevent or stop the progression of dementia.
The hardship to individuals and the socioeconomic burdens for
caregivers and society will increase enormously with the rising
population of elderly people unless effective interventions and
programs are developed [78]. The gate hypothesis for access to
memories we propose could provide another way of attacking

the development and progression of the disease. In effect, if
there were a localized gate with an anterograde neurotrophic
function, acting on this neuronal module could improve access
to memory or, in the best of cases, prevent the progression of
AD. Also, if the gate were a mechanism of contextualization
carried out on the dendrosomatic tree of neurons that support
consolidated memories spread across various regions of the
cortex, its investigation and description would help us understand
the pathophysiological processes of the disease and eventually,
guide us to develop new therapeutic targets.

6 | Concluding Remarks

The existence of a gateway to access memory could explain many
experiences of daily life and the fluctuating symptomatology
in the early stages of AD. The everyday experience of being
blocked when recognizing or accessing a known name together
with the clinical and experimental data indicating that in early
stages of AD memories are correctly installed while there exists
an alteration in their retrieval, point to an underlying neural
mechanism that facilitates or prevents access to information.
The MG hypothesis offers explanations for transient blockades to
memory access and would suggest these impediments as probable
evidence of an unknown and fundamental neural structure.

Our main goal was to postulate the existence of a neural gate that
allows entry to an established memory and to propose a plausible
neurocomputational mechanism for this gate. As we have argued,
the existence of this gate could have important implications
for understanding and developing therapeutic approaches to
AD. If the neurons of the hypothetical MG play a trophic role
downstream in the neural pathway, the deterioration of the gate
may explain the origin of the chain of events that lead to severe
forms of AD, and it may suggest ways of preventing the cascade
of events that guide this neurodegenerative process.

Our second goal is therefore to draw attention to the experimental
community to the possibility of searching, locating and identify-
ing this gate. Thanks to the advanced state of brain exploration
techniques, the latter is possible today. Various functional neural
imaging or electrophysiological techniques, both in situations of
fleeting memory alterations in cognitively normal people and in
people going through early stages of AD, can explore the existence
of the gate. The experiments mentioned by Aminoff, Schacter
and Bar [21] on the neural localization of context processing, as
well as the work of Huth et al. [17] elucidating the structure of
the semantic network, show the power of current techniques to
“dissect” fine aspects of neural processing.

We cannot rule out that the neural structures involved in the
gate may already be known and probably are. What would be
necessary is to test, with attention now focused on the concept
of the existence of a gate to memory, the role of the gate in one
of these already known structures and its functioning. Recent
works point to the existence of a developmental hierarchy within
the brain [79, 80], giving rise to functional coordination and
pointing to the mediofrontal cortex and the hippocampus as the
critical network controller regions [81, 82]. These structures may
be capable of exercising a controlling gating function.
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Meta-analysis techniques applied to neuroimaging of early AD
may also be a method for searching the gate [83]. For example, a
very exciting possibility arises from the fact that early tau deposits
in the MTL (which correlate with early cognitive impairments [53,
60, 61]) occur in an orderly fashion, starting from the entorhinal
cortex and continuing through CAl [53]. These areas are some
of the first candidates to explore. In this regard, we note that
perhaps the natural variability of functional regionalization in
the brain [72], a consequence (obviously self-limiting) of neural
plasticity, has resulted in a remarkable prevalence of publications
containing meta-analyses of articles related to neuroimaging. As
a very schematic measure, consider that Google Scholar lists
between 18 000 and 20 000 papers, depending on the search
terms, on brain imaging meta-analysis since 2024.

Another interesting observation is that patients with AD show,
in addition to an early impairment of episodic memory, a
deterioration of the neural “navigation system,” causing some of
them to feel strange in the familiar streets near their homes and
become disoriented [84]. These situations could indicate that the
notion of “memory gate” may be plural and have specificities for
different types of memory. An alternative explanation could be
that an alteration of navigation system would show that some
of the neural structures that support navigation are also part of
the access gate to episodic and semantic memories. This would
provide further clues as to where to look for the gate.

Throughout this work, we have emphasized the importance of
contexts. As early as 1952, psychiatrist W. Ross Ashby postulated
that contexts (which he called “parameters”) played a crucial
role in generating adaptive processes by which living beings
depended for survival [85]. The human brain is surely the most
refined adaptive system created by Nature, and its memories
store the basic strategies for survival apart from the physiological
regulatory and instinctual schemes. Consequently, it is natural
to envision that contexts in memories have a leading role in the
adaptation to new and unexpected eventualities [40] (Figure 3
illustrates an elementary adaptation).

In summary, we hope that the MG hypothesis will inspire
new ideas to identify the neural bases of access to MSs and
suggest approaches to understand both, our common everyday
experience as well as the severe processes that lead to irreversible
neurodegeneration of AD.
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