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Abstract

Artificial intelligence (AI) predicts behavior by learning
from user data collected through digitally mediated interfac-
es. Virtual spaces—such as online social networks—extend
the physical world into virtual worlds, leveraging Al tech-
nologies to transform user behavior into digital assets by
mimicking the brain’s reinforcement networks. Social media
platforms utilize Al to manipulate user behavior through re-
wards that can diverge from the user’s intended goals. This
misalignment fragments user behavior and cognition, re-
sulting in virtual disembodiment. This article presents a con-
ceptual mechanism based on the hippocampal networks to
synchronize Al and the brain, synthesizing the user’s physical
and mental presence in virtual spaces.
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Tracing Physical and Virtual Network Connections

Web 2.0 is characterized by the organization and collection
of user-generated content and behavior gathered through
the virtual spaces of social media platforms, search engines,
and other web-based applications [1,2]. The business practic-
es of Web 2.0 leverage user-provided datasets to accurately
market ads back to users by learning their content-consump-
tion habits [3]. For example, when users make selections on
streaming services or social apps, their digital networked da-
tabases are updated to predict user consumption [4]. Artifi-
cial intelligence (AI) technologies mediate the acquisition and
organization of this data—and thus, also of value generation.
These Al technologies, defined here as machine learning and
statistical methods to develop intelligent machines, analyze
connected network data [5]. Virtual networks, distinct from
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Al refer to the technology-mediated extension of physical
space to digital environments where users interact, share in-
formation, and form communities (Fig. 1) [6].

Through recent advances in technologies like deep rein-
forcement learning (DRL) [7,8], Al can now mimic or surpass
human capabilities through applications like ChatGPT and
games developed by Google’s DeepMind. DRL is a subset of
Al that social media platforms leverage to analyze and aggre-
gate massive network datasets, learning and personalizing
user interactions based on their behavioral patterns [9]. By
utilizing DRL and other Al technologies, social platforms like
Facebook and search engines like Google predict and com-
modify user behaviors, creating digital assets that are then
traded with and sold to data brokers [10,11]. DRL systems
powerfully maintain user engagement to maximize ad rev-
enue and manipulate the goals between users and social
media platforms, exacerbating individual well-being and so-
cial issues such as spreading fake information, political un-
rest, degraded mental health, invasion of user privacy, and
decreasing user autonomy [12-15]. This misalignment—the
separation between the goals of social networks, their DRL
technologies, and the user—deforms the connection be-
tween real-world and virtual social identities. As a result, the
user’s sense of physical and cognitive unity can deteriorate,
disembodying user presence in virtual networks [16-19].
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Fig. 1. Social Media Data Collection and
Monetization. Networked technologies track
user behavior, storing data for deep rein-
forcement learning analysis. Insights are
sold to data brokers and advertisers, while
platforms shape user engagement through
continuous monitoring. (© Joshua Sarifiana)
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The divergence between users and virtual networks lies
in the fundamental discrepancies between models that de-
scribe social network behavior, the artificial neural networks
(ANNSs) that drive DRL, and the brain. This incompatibility
originates from (1) the incongruency between neural net-
work and social network behavior and (2) the differences
between artificial and organic neural network models that
describe behavior and human cognition [20,21]. Concern-
ing the first point, the ANNs that underlie DRL (DNNs) mimic
the activity of neural connections and functions of the brain;
hence, the two share underlying network computations. The
adaptive computations of the brain and DNNs underlie learn-
ing, integrating multiple sources of information from the en-
vironment. These functions are based on non-linear transfor-
mations—such as changes in the strength between network
connections—that generate solutions to complex problems
[22,23]. In contrast, social network models describe a simpli-
fied linear flow of information between users, which can only
capture a shallow set of features and imprecise behavioral
and mechanistic information [24,25]. Social platforms apply
linear models of content spread between communities but
lack an integrative process that aligns with complex non-lin-
ear behavior of users and emergent social network behavior
(Fig. 2) [26]. This misalignment is further supported by em-
pirical data showing that information transmission across
virtual networks is expressed non-linearly, as is the case with
reinforcement learning [27].
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AU E BMe (B) MEMEMIIFAIESS
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Fig. 2. Deep Reinforcement Learning and
User Behavior Alignment. (A) A social
platform environment provides user
interaction data for DRL models to predict
and influence behavior. (B) Misalignment
between user and platform goals leads

to privacy issues, misinformation, and
manipulation of brain-reinforcement path-
ways. (© Joshua Sarifiana)
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Utilized by social media platforms to train their DRL sys-
tems, DNNs indirectly model user behavior by reflecting and
modifying the brain’s value system. For example, users opti-
mize their behavior to enhance their social value (e.g., likes)
[28]. Platforms also leverage reinforced social value to maxi-
mize user engagement (e.g., click-through rates) and ad rev-
enue [29,30]. Furthermore, social reinforcement modulates
the brain’s value network, driving online social network app
usage [31]. Social network behavior is indistinguishable from
reinforcement learning, which is not fully explained by linear
mechanisms [32-34]. The simple linear social models do not
align with the complex, non-linear expression of user behav-
ior or DRL systems. Misalignment is further compounded by
the inability of AI to model human cognition. This results in
DRL systems shaping user behavior to meet platform goals,
often at the expense of user intentions and well-being [35].

The second source of misalignment stems from the differ-
ences between DNNs and the brain functions that construct
human cognition: more specifically, the human ability to
generate internal mental representations that map physical,
social, and virtual spaces [36,37]. Functionally, the brain uti-
lizes brain waves to optimize coordination across direct and
indirect network connections [38]. DNNs do not generate or
use oscillatory waves but rather compute through the direct-
ly connected points of network structures, limiting the ability
to capture important information across indirectly connected
parts of the network (Fig. 2c) [39]; in other words, the user's
indirect behavioral and cognitive networks cannot synchro-
nize through DRL-mediated virtual networks, thus resulting
in disembodied experiences [40-43].

Computational models suggest oscillatory waves can re-
solve shared connections because they propagate across
complex systems [40,45]. Proposed here is a conceptual
model that utilizes brain waves (i.e., network oscillations) to
synchronize the structure and function of DRL systems, vir-
tual social networks, and spatial cognition. To explain these
mechanisms, it is necessary to first compare the computa-
tional transforms of ANNs and brain networks related to re-
ward-based reinforcement learning.

Connecting Neuroscience and Artificial Intelligence
through Behavioral Reinforcement and Dopamine

Theories of behavioral reinforcement learning describe
changes in the strength between an individual and the en-
vironment. Current DRL models are based on these theories
and are now powerful enough to mimic or surpass certain
human capabilities [46,47,48]. Reinforcement learning the-
ories were formulated to integrate behavioral neuroscience
findings and bridge them to postulated neural algorithms
of associational learning. One such postulate is that learn-
ing occurs through neural activity-induced changes between
neurons: i.e., synaptic plasticity [49]. However, the technolog-
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ical capabilities of the time could not test synaptic-mediated
associative learning. The resulting network models gave rise
to ANNs that utilized the concepts of synaptic plasticity to al-
ter associational strengths between virtual neurons capable
of learning to solve complex problems [50].

Over time, synaptic plasticity was empirically validated
in the brain, supporting the relationship between the com-
putations of ANNs and the broader connectionist approach
to learning [51,52]. Reinforcement learning algorithms pro-
vided a framework for understanding how rewarding expe-
riences alter associative strengths between behavior and
the environment and changes in synaptic weights by proxy
[53,54]. DNNs (Fig. 3) align with aspects of the brain’s value
networks, particularly by incorporating computational pro-
cesses of midbrain dopamine neurons [55]. These neurons
exhibit altered activity in response to unexpected rewards or
punishment (i.e., a reinforcing event), releasing dopamine to
the broader value networks of the brain that process reward,
motivation, and attention [56]. Dopamine alters the synaptic
connections within and across these brain networks [57,58].
As individuals learn to anticipate rewards, dopamine neuron
activity shifts away from receiving an unexpected reward to
responding to the environmental cues that predict reward
[59]: e.g., the smell of coffee and the rewarding feeling as-
sociated with enhanced attention and motivation or device
notifications indicating shared or liked social media posts
(Fig. 4).

Dopamine neuron activity acts as a teaching signal to the
brain's value network and as a computational bridge that
matches the processes of reinforcement learning in humans
and DRL systems. Yet, this relationship also highlights the
potential impairments in the brain’s networks related to mal-
adaptive states, such as addiction, anxiety, and depression.
Such impairments are precipitated by DRL systems deployed
by social media platforms to maximize engagement [60,61].
The emphasis on reinforcement learning networks—artificial
and organic—underscores the challenges in designing Al
systems that accurately reflect healthy human behavior and
cognition.

Social network structures are spatially represented in the
brain [62]. However, DNNs cannot incorporate the cognitive
functions necessary for social navigation that align with spa-
tial frameworks foundational to sociological, psychological,
and user-centered design principles [63-65]. Social platforms
exploit user bias through DRL mediation, creating homoge-
nous virtual spaces that discourage users’ navigation beyond
socially reinforced virtual spaces, which inhibits diverse user
participation and promotes echo chambers that increase
moral outrage [66,67]. Including the spatial processes of
the brain that generate internal cognitive representations
of the physical world and social networks may broaden user
behavior to better align with and navigate virtual social net-
works more effectively without getting stuck in contexts that
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promote conflict and misinformation [68,69]. The oscillatory
network properties of the hippocampus provide a potential
solution for this alignment problem.

Mapping the Multi-Dimensional Networks of Spatial
Cognition

The hippocampus structurally and functionally connects
multiple brain regions, providing an operational framework
that bridges reinforcement learning, DNN computations, and
multi-dimensional spatial networks. Dopaminergic neuron
activity, in addition to linking reinforcement learning in hu-
mans to DNN function, also plays a role in the hippocampal
encoding of space [70]. Dopaminergic projection to and re-
lease in the hippocampus promotes the encoding of spatial
information by strengthening synaptic connections, building
and storing real-time mental representations of contextual
spaces [71-73]. The experience of a reward or punishment
(i.e., reinforcement) results in hippocampal dopamine re-
lease, enhancing the association of the surrounding spatial
contexts with the behavioral reaction of an individual [74].
For example, when in a coffee shop, the visual information of
the environment surrounding a person will be integrated by
the hippocampus to generate an internal representation of
that space, which will become associated with the rewarding
effects of coffee, meeting a good friend, or making progress
with virtual work and promote continued patronage of the
coffee shop.

Although dopamine-based association mechanisms that
increase synaptic plasticity also assist in further aligning
spatial associations of contexts with reinforcement learning
and DNNs, this purely connectionist approach to learning
cannot execute the functions of multi-dimensional spatial
cognition [75-77]. The emergence of spatial cognition relies
on hippocampal-generated oscillations that organize activity
across physical connections within local circuits of the hippo-
campus and indirectly connected networks across the brain,
such as the visual system and the attentional systems of the
prefrontal cortex (Fig. 4) [78,79]. More specifically, the time
it takes for sensory input to cross each synaptic connection
from the eye to the hippocampus is too slow to match spatial
cognition in real-time [80]. Hippocampal oscillations quickly
organize the visual data across these indirect connections
into and within the hippocampus, building and aligning the
multi-dimensional representations of space: in particular,
the representation of physical, social, and virtual spaces that
make up spatial cognition [81-84]. The combination of struc-
tural and oscillatory synchrony enhances network functions,
efficiency, and flexible adaptation for individuals to navigate
the environment. Importantly, Al systems cannot combine
connectionist and oscillatory network models, which under-
lies the systemic misalignment between social networks that
deploy Al technologies and human cognition (Fig. 5).
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Analogous to the simplified social network models that
are incapable of capturing the non-linear processes of neu-
ral networks, the transformations from visual stimuli to cog-
nition cannot be executed by a purely connectionist neural
network. The neural coordinates of visual perception are
translated back to sensory coordinates of visual space. More
specifically, adjacent retinal cells in the eye encode adjacent
locations in the visual environment represented by activity
in adjacent visual cortical neurons [85]. The neural network
between the external world, the eye, and the visual cortex is
preserved. The continuity of conserved visual coordinates is
disrupted as the hippocampus integrates visual perception
into the multi-dimensional representations of spatial cogni-
tion [86,87]. It is impossible to directly trace spatial cogni-
tion back to visual coordinates of the environment due to
the limitations of the connectionist-based computations of
the visual system (Fig. 4) [88,89]. Spatial cognition requires
integrated connectionist and oscillatory networks to trans-
form sensory and perceptual information to the internal
representations of physical, social, and virtual spaces (Fig. 5).
Operationalizing the functions of this hybrid system may syn-
chronize reinforcement learning networks of the brain, DNN
processes, and spatial cognition to promote user presence in
virtual spaces.

Integrating Network Synchronization for Virtual Embod-
iment

Neuromorphic computing and oscillatory neural network
models can help operationalize the conceptual mechanisms
discussed above. Neuromorphic computing combines adap-
tive hardware and algorithms, mimicking the brain’s ability to
integrate synaptic computations with memory storage (Fig.
6) [90,91]. As a result, neuromorphic computing is more ef-
fective in synthesizing multiple inputs and reducing energy
costs than current hardware and software technologies used
to train and deploy DNN computations [92]: more specifical-
ly, the graphic processing units (GPUs) that have recently ac-
celerated training and running DNNs. These particular GPU
computations require more energy and financial investment
due to separation from their corresponding memory sys-
tems, which neuromorphic computing and the brain are able
to effectively integrate [93,94].

Oscillatory neural network (ONN) models represent and
process information through synchronization; their emula-
tion of neural network oscillations makes them ideal for re-
al-time, interactive applications [95,96] . Hybrid systems that
integrate neuromorphic computing and ONNs can combine
the strengths of both approaches in tasks such as image rec-
ognition and associative learning, further accelerating ANN
computations with exceptional energy savings [97,98]. Such
a hybrid system that incorporates both connectionist and os-
cillatory network functions into a single model could better
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Virtual Networks Transform Spatial Cognition to Low-Dimensional Behavior
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Fig. 6. Spatial Abstractions and Virtual Misalignment. (A)
Summary of how reducing high-dimensional cognitive
functions (oscillation) to lower-dimensional data (grey lines)
desynchronizes user interaction virtual networks underlying
misalignment, resulting in disembodiment. (B) Top/Middle:
Environments encoded in hippocampal networks form cog-
nitive representations influenced by reinforcement and do-
pamine signaling. Middle/Bottom: Place cell activity reflects
spatial abstractions, with oscillations organizing connectivity
across spaces. (© Joshua Sarifiana)
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reflect the neural networks underlying behavioral reinforce-
ment and spatial cognition (Fig. 6).

Although neuromorphic computing hardware is limited to
the research community and real-word applications have yet
to be realized, a hybrid system could be used to (1) compare
the performance of hybrid neuromorphic and ONN models
with GPUs to train and execute DNNs, measuring accuracy,
processing time, and energy consumption in analyzing so-
cial network data; (2) test how different social, behavioral,
and cognitive models modify the interactions between vir-
tual agents using synthetic data based on social platform
data; (3) test the hybrid systems’ ability to maintain network
synchronization with and between users in real-time based
on self-reported feedback and scalp electroencephalogram
(EEG) signals related to cognitive states in virtual spaces; and
(4) observe how hybrid systems affect user engagement, re-
inforcement learning, spatial cognition, and navigation in vir-
tual settings. These methodologies and data can provide key
insights to develop systems that support user behavior and
spatial cognition for embodiment in virtual networks [99].

Still, deploying network synchronization of user behavior
and cognition with virtual environments raises serious priva-
cy concerns. The assessment of internal cognitive represen-
tations of users by private enterprise networks and govern-
ments may further enhance their capabilities to predict and
modify user behavior and that of the larger citizenry [100].
Relatedly, electronic health records and personal biometric
data captured by wearable technologies can and are used to
train ANNs that predict patients’ pathological states [101].
Furthermore, the seemingly imminent mainstream adoption
of mixed-reality (MR) headsets, as shown through strategic
economic investments by Apple and Meta to extend physi-
cal reality into high-dimensional virtual spaces, may further
exacerbate social issues such as mental health, the spread
of fake information (e.g., deep fake photos and videos), and
social unrest [102,103,104]. As user integration advances fur-
ther with technological development, there is an urgent need
for policies that regulate neurotechnologies and their access
to analyze personal data that may further breach user priva-
cy (Fig. 7) [105].

Summary

A conceptual mechanism is proposed to synchronize
Al and the brain to support the user’s physical and mental
presence in virtual spaces. The power of Web 2.0 stems from
user-generated content and the commodification of user
behavior and attention. Social platforms like Facebook and
search engines like Google desynchronize user interactions
between physical and virtual environments by deploying DRL
that mediates and restricts user behavior and cognition. This
misalignment stems from manipulating the brain's value
networks to enhance user engagement in socially reinforced
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Fig. 7. Neuromorphic Computing for Reinforcement and Spatial Learning. (A) An enlarged hippocampal slice with dentate gyrus
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als) to CA1. Right: A CA3-CA1 synapse and corresponding voltage response of CA1 from CA3 inputs. Asynchronous inputs cause
synaptic weakening (red window), while synchronized inputs reach voltage threshold, promoting synaptic strengthening (green
window). (B) Left: Multiple neuromorphic cores process data across layers. Middle: Enlarged 6x6 core with tan input and blue
output neurons. Right: Synaptic connection with spike inputs plotted over time. Asynchronous inputs reduce conduction, while
synchronized inputs summate and reach voltage threshold, increasing conduction. (C) Spike-timing dependent plasticity (STDP)
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spaces. In particular, the differences between neural and so-
cial network behaviors and the divergence between neural
network models and human cognitive processes precipitate
mental health issues, the spread of misinformation, and de-
creased user autonomy. Computational and theoretical mod-
els suggest that oscillations could bridge the complex net-
works of Al and the brain, promoting system alignment.

Argued and detailed in this paper is the use of oscillatory
functions and mechanisms of the hippocampus to broaden
the capacity of social networks and related DRL technolo-
gies. Combining structural and oscillatory functions has the
potential to align network computations across social, ar-
tificial, and organic neural networks. As a result, the user’s
emergent behavioral and cognitive networks can effectively
synchronize with extended virtual environments and bridge
the gap between the goals of these systems. Neuromorphic
computing and ONNs present a promising avenue to validate
and operationalize the conceptual mechanisms discussed in
this paper by further synthesizing with the intricate and in-
tegrative computations of the brain. Leveraging the hippo-
campus’s role in synchronizing distributed knowledge and
creating complex, non-linear relationships across network
variables could enhance the development of artificial inter-
nal representations that reflect human cognition. In other
words, utilizing hippocampal functions to further develop ar-
tificial general intelligence. Critically, privacy concerns must
be at the forefront when developing and deploying such ad-
vanced neurotechnologies.
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