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Large-language models (LLMs) are rapidly becoming part of human culture, reshaping how infor-
mation is produced, transmitted, and used. Here we propose that their diffusion can be understood
through a viral analogy, with LLM use spreading through populations, becoming embedded in cog-
nitive and cultural practices. We model transitions among uncoupled, coupled, and persistently
dependent users, and show that the interplay between social transmission, recovery, and collective
reinforcement can generate tipping points and technological lock-in. A central consequence is the
possibility of runaway dynamics: once a critical threshold is crossed, small increases in adoption can
trigger rapid population-level shifts toward persistent dependence, with abrupt losses in cognitive
competence. The same framework, however, identifies conditions for cognitive immunization, based
on reducing transmission and facilitating reversibility. Our results highlight how LLM adoption may
involve nonlinear collective transitions with important consequences for cognitive autonomy.
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Significance Statement. Large language models
are rapidly becoming embedded in everyday cogni-
tive and cultural practices, yet we still lack simple
theoretical frameworks for understanding how their
adoption may reshape collective patterns of cogni-
tion. Here we introduce the idea of LLMs as cog-
nitive viruses: culturally transmitted technologies
whose spread is promoted by their usefulness but can
also increase dependence through cognitive offload-
ing. A dynamical model shows that social facilita-
tion can generate runaway transitions from predom-
inantly autonomous cognition to widespread tech-
nological dependence. These results suggest that
abrupt collective changes can emerge even when indi-
vidual adoption is gradual. By connecting epidemic
dynamics, cultural transmission, and cognitive of-
floading, our framework identifies general mecha-
nisms that may govern human–AI coevolution and
provides a basis for “cognitive immunization”.
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I. INTRODUCTION

The emergence of human language is widely regarded
as a major evolutionary transition [1]. While it shares key
features with genetic transmission [2], language estab-
lished a new system of inheritance and collective mem-
ory. It allows information to accumulate, be passed on,
and recombine over generations, thus supporting cumula-
tive culture [3, 4]. In this sense, languages can be viewed
as population-level cultural systems with partially au-
tonomous dynamics: they diversify, compete, hybridize,
spread, and sometimes become extinct, showing patterns
reminiscent of species embedded in ecological communi-
ties [5]. Their persistence depends largely on social learn-
ing, through which individuals acquire words, grammati-
cal constructions, meanings, and communicative conven-
tions by observing and interacting with others, especially
during childhood [6]. Because linguistic structures prop-
agate by entering developing minds, relying on their ex-
ceptional plasticity, and recruiting their speakers as new
vectors of transmission, language has sometimes been de-
scribed as a viral entity [7, 8].
The metaphor acquired a concrete technological coun-

terpart with the emergence of computer viruses: self-
propagating informational structures capable of enter-
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ing a host system, modifying its operation, and recruit-
ing it for further transmission [9]. In parallel, theories
of cultural evolution formalized the idea that socially
transmitted information can exhibit variation, differen-
tial persistence, and inheritance, whether framed through
gene-culture coevolution [10–12] or through the concept
of memes [13–15]. Together, these traditions point to-
wards a broader class of entities, the “viruses of the
mind” [16, 17] whose evolution depends not on a particu-
lar material substrate, but on their capacity to reproduce
and persist across biological, cognitive, or computational
hosts.

In language, what propagates virally are patterns—
from words to ideas—that reproduce through imitation,
mutate through use, and persist through brains, media,
institutions, and technologies. This points to cognition
as distributed across minds and external structures—the
extended mind [18]—which do not merely store infor-
mation but also reshape cognitive tasks [19, 20]. Such
artifacts can be complementary, strengthening capacities
beyond their immediate use, or competitive, improving
performance while potentially weakening the underlying
skill [21–23]. Language itself is a two-sided cognitive
technology: it externalizes, stabilizes, and recombines
thought [24], while linguistic categories and narratives
reshape perception and reasoning [25–28]. Through cul-
tural transmission, language is also adapted to the cogni-
tive and communicative demands of its users [29–31], so
that its propagation both extends cognition and trans-
forms the minds that depend on it.

This reciprocal transformation also characterizes com-
munication technologies. The Internet and instant mes-
saging blurred distinctions between speech and writing
[32, 33], while mobile phones and smartphones encour-
aged abbreviated, compressed forms of expression that
largely reflect linguistic flexibility rather than declining
literacy [34–36]. Social media further reorganized the
structure and social selection of communication [37, 38],
integrating text, hyperlinks, multimodal expression, and
algorithmically selected content [39, 40]. Such technolo-
gies do not merely transmit language: their affordances
reshape how it is produced, circulated, interpreted, and
selected.

LLMs represent a further transition. Unlike previous
media, they do not merely constrain the form or circula-
tion of human expression but actively participate in its
production, reformulation, and evaluation. The relevant
question, therefore, is not simply whether LLMs alter
language use, but whether they reorganize the coupled
system formed by language, cognition, and technology.
This comparison may help identify which cognitive ca-
pacities these systems amplify, which they displace, and
under what conditions sustained reliance may produce
cognitive reorganization or erosion. In this respect, LLMs
extend a feature shared, to varying degrees, by earlier in-
formation technologies: cognitive offloading, understood
as the delegation of cognitive operations to external tools
and representations.

Two technological precursors bridge natural language
and the LLM era: computer viruses (CVs) [41–43] and
programming languages (PLs) [44]. CVs reproduced
key features of biological viruses: compact informational
structures that exploit host machinery and evolve to
evade detection. Their emergence triggered an arms race
with antivirus software [45], influenced artificial life [46]
and network science [47–49], and fostered modern cyber-
security and computer immunology [50, 51]. PLs spread
across computers, institutions, and communities [52, 53],
becoming an operational substrate of the digital revolu-
tion and, alongside neural networks, paving the way for
artificial intelligence [54]. Both depend on technological
hosts and reshape their environments. LLMs combine
aspects of each: like PLs, they provide a new human–
machine interface; like CVs, they propagate through
users and digital ecosystems. Yet their capacity for cog-
nitive offloading is unprecedented [55].

Here, we address our previous question by treating
LLMs as engines of cognitive and social change whose
rapid diffusion is transforming human capacities. We
first compare LLMs with infectious agents and then de-
velop an explicit population model of their propagation,
drawing on mathematical approaches from epidemiology
[56] that have also been applied to technological adoption
[57, 58]. The model describes transitions among host-
coupling states, which we link to an illustrative measure
of cognitive competence to distinguish the consequences
of different coupling regimes from the underlying bifur-
cation structure and explore potential interventions. It
does not identify any single entity as the viral analogue:
LLM ecosystems contain culturally transmitted practices
and content alongside technologically evolving model lin-
eages, and these need not coincide. Instead, the anal-
ogy concerns a broader feedback loop in which persis-
tent technological lineages are instantiated in external
machinery, modify their human host environment, and
thereby influence their own propagation. This homology
is already partly present in conventional and adaptive
software [59–62], but LLMs deepen it by becoming inte-
grated into cognitive processing itself.

The viral analogy does not imply that LLM-human in-
teractions are intrinsically parasitic. Biological viruses
range from pathogens to mutualists and evolutionary
partners [63–67], and the effects of LLMs likewise de-
pend on how they are used. They can enhance explo-
ration, access to expertise, and productivity [68, 69], but
can also promote cognitive offloading, dependence, and
loss of competence [70], while individual benefits may not
scale to the population level [71]. The analogy is there-
fore useful because LLM use can generate persistence and
transmission loops, both through culturally propagating
patterns of use and through model lineages sustained and
modified by technological and economic feedbacks. The
model below focuses on one part of this ecology: transi-
tions among human states of cognitive coupling.
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FIG. 1. Population-level host-state model within an LLM propagation ecology. (a) Individuals move among three states: uncoupled or
weakly coupled users U ; autonomous coupled users C, who use LLMs while retaining reading, writing, reasoning, verification, and access to
alternative information sources; and persistently dependent users D, for whom LLM-mediated cognitive operations have become strongly
substitutive. Exposure to socially, institutionally, or platform-mediated LLM practices drives the transition U → C at rate λ, whereas
abandonment returns users to the uncoupled state at rate ρ. Regular use develops into dependency at rate µ, while training, verification
practices, or deliberate cognitive friction restore autonomous use at rate σ. (b) In the uncoupled state, cognition is distributed across the
brain and a heterogeneous external information environment, including books, writing, computers, Wikipedia, and the Internet. (c) In
the coupled but autonomous state, the LLM becomes an additional component of this cognitive ecology, while other information sources
and independent cognitive operations are retained. (d) In the dependent state, interaction with the LLM becomes dominant, progressively
replacing alternative cognitive supports and concentrating cognitive activity within a single human-machine coupling. The model therefore
describes transitions among human host/coupling states associated with LLM use. It represents one population-level layer of the broader
viral ecology and does not by itself model reproduction of the model/program lineage.

II. POPULATION DYNAMICS OF
LLM-MEDIATED COGNITIVE COUPLING

Classical epidemic models describe the transmission of
biological agents through transitions between host states
[56]. A similar mathematical language has been used for
technological diffusion, where adoption depends on expo-
sure to previous users and social reinforcement [57, 72],
as well as in multicompartment models of drug [73–75]
and social media [76–78] addictions. At the level mod-
eled here, we do not represent the reproduction or evolu-
tion of the model/program lineage explicitly. Instead, we
coarse-grain one epidemiological layer of the larger LLM
ecology: transitions among human host/coupling states.
We consider three population states (Fig. 1a): uncoupled
or weakly coupled individuals U , regular users C who
retain cognitive autonomy, and dependent users D who
persistently delegate cognitive operations to the model.
Their dynamics are

dU

dt
= −λUC + ρC + κU2C, (1)

dC

dt
= λUC − (µ+ ρ)C + σD − κU2C, (2)

dD

dt
= µC − σD, (3)

with U + C + D = 1. Here, λ measures the effec-
tive spread of LLM practices through social and insti-
tutional exposure, ρ the return from regular use to the

uncoupled state, µ the transition from regular use to
persistent dependency, and σ recovery from dependency.
These rates coarse-grain heterogeneous individual pro-
cesses into population-level transitions rather than repre-
senting single psychological mechanisms. The nonlinear
term κU2C introduces a cooperative (Allee-like) mech-
anism [79]. The underlying assumption is that LLM-
independent cognitive practice is socially reinforced and
cultural expectations that reward independent reason-
ing become more effective when autonomous individuals
are common. The quadratic dependence on U represents
this positive frequency dependence, whereas the factor
C restricts the restoring effect to individuals engaged
with LLMs. Accordingly, the incidence term λUC should
be interpreted as an effective host-side social or institu-
tional transmission pressure. As in biological compart-
ment models, the fact that the state variables describe
hosts does not imply that a host state is the pathogen.
The equations model the epidemiology of coupling and
therefore do not, by themselves, determine the identity
of the viral analogue.

Mean-field approximations like the one we take here
provide a valuable, analytically tractable baseline for
identifying the mechanisms underlying collective behav-
ior [80]. Here, individuals sample population-level fre-
quencies, with connectivity absorbed into the effective
rate λ. However, real social and technological networks
are heterogeneous and correlated [81]: connectivity dis-
tributions can shift epidemic thresholds and immuniza-
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tion outcomes [47, 82–86], while other network prop-
erties can further modify diffusion [87–91]. Communi-
cation topology could also shape collective behavior in
LLM-agent networks (as they do in biological epidemics
[92]), particularly when cognitive states reshape social
ties (again, as for biological pathogens [93]). At larger
scales, interconnected regions and institutions can gen-
erate invasion thresholds and topology-dependent pat-
terns [94–96]. Our formulation therefore offers a useful
reference for future network and spatial extensions.

The cooperative component at the population-level has
strong precedents in social and ecological dynamics. The
quadratic term, commonly used in evolutionary ecology
models to introduce mutualisms [80, 97, 98] assumes that
autonomous cognitive practices are frequency dependent:
schools, workplaces, peer groups, and norms can make
independent work easier to maintain when it remains
common. Threshold models of collective behavior show
theoretically that such frequency dependence naturally
produces critical transitions in humans [99–101]. In par-
ticular, it has been shown that social conventions can
undergo genuine tipping [102, 103] when a minority of
the group was sufficient to move a population from one
convention to another.

Dependency is assumed to arise primarily through reg-
ular use, C → D, rather than directly from U . These
simplifications isolate the interaction between contagion-
like technological adoption and collective protection of
cognitive autonomy, allowing us to identify conditions for
abrupt and potentially irreversible population-level tran-
sitions. Figure 1 connects these population states with
different forms of human-LLM coupling. Uncoupled indi-
viduals remain embedded in a diversified cognitive ecol-
ogy, while making little or no use of LLMs (Fig. 1b).
Regular users incorporate LLMs while retaining substan-
tial independent cognitive activity (Fig. 1c), whereas in
the dependent state the LLM becomes the dominant in-
terface for performing tasks and accessing information
(Fig. 1d).

Transitions among these regimes can result from so-
cial exposure, institutional adoption, repeated reliance
on generated outputs, abandonment of the technology, or
progressive cognitive offloading. Cognitive offloading is
itself a normal and often adaptive component of human
cognition [55, 70, 104]. Reading and writing provide a
paradigmatic example: literacy recruits and reorganizes
preexisting neural circuits [105], while external symbolic
structures extend memory and enable new forms of rea-
soning. Crucially, however, external support can either
generate new internal competence or substitutes for it.

Recent work on LLM-assisted writing suggests that
increased externally supported performance can be ac-
companied by reduced cognitive engagement, recall, or
sense of authorship [106]. It is therefore useful to distin-
guish between scaffolding and substitution. Scaffolding
reduces immediate cognitive demands while preserving
or increasing the user’s subsequent capacity to perform
the task; substitution removes the need to perform the

underlying cognitive operation. Following [21], these cor-
respond broadly to complementary and competitive cog-
nitive artifacts. An LLM may thus operate as a tutor
whose arguments are reconstructed, challenged, and ver-
ified, or as a substitute that performs synthesis, evalu-
ation, and composition on behalf of the user. The rel-
evant distinction is therefore not simply between using
and avoiding LLMs, but between forms of coupling and,
ultimately, what cognitive capacities remain when the
tool is withdrawn. The transition C → D provides a
minimal representation of this shift from complementary
use toward persistent substitutive dependency.

a

b

FIG. 2. Bifurcation structure of the LLM propagation model.
(a) Equilibrium fraction of uncoupled individuals, U∗, as a func-
tion of the transmission parameter λ. For λSN < λ < λTC,
the system is bistable: the fully uncoupled state and a coupled
state are both stable and are separated by an unstable branch
(dashed). Increasing λ drives an abrupt transition to the cou-
pled regime at the transcritical threshold λTC, whereas recovery
occurs only after λ is reduced below the saddle-node threshold
λSN, generating hysteresis and technological lock-in. (b) Corre-
sponding equilibrium fractions of regular users, C∗

± (red), and de-
pendent users, D∗

± (blue). Solid curves denote stable equilibria
and dashed curves unstable branches. Beyond the tipping point,
the sharp decrease in U∗ is accompanied by a rapid increase in
both regular LLM use and persistent cognitive dependency, rep-
resenting population-level cognitive offloading. Parameters used:
ρ = 0.10, κ = 0.40, µ = 0.20, σ = 0.10.

The model displays qualitatively distinct long-term
regimes of LLM use. Using D = 1−U−C, the dynamics
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can be written as a two-dimensional system

dU

dt
= Cf(U), (4)

dC

dt
= −Cf(U)− µC + σ(1− U − C), (5)

where f(U) = ρ−λU+κU2. An equilibrium (fixed point)
is the fully uncoupled state EU = (1, 0, 0), corresponding
to a population in which LLM-mediated cognitive cou-
pling is absent. The other points satisfy f(U∗) = 0 and
D∗ = (µ/σ)C∗, giving

C∗
± = σ

µ+ σ
(1− U∗

±), D∗
± = µ

µ+ σ
(1− U∗

±), (6)

where U∗
± are the two roots defined as:

U∗
± =

λ±
√
λ2 − 4κρ
2κ . (7)

The two branches exist when λ ≥ λSN = 2√κρ. The
uncoupled equilibrium remains stable while

λ < λTC = ρ+ κ (8)

and loses stability at λTC through a transcritical bifur-
cation. When κ > ρ, the saddle-node occurs before this
loss of stability, producing the bistable interval

2√κρ < λ < ρ+ κ. (9)

Within this interval, both the uncoupled and the coupled
state coexist, separated by the unstable branch (dashed
curves in Fig. 2). Consequently, increasing λ from the
uncoupled state leaves the population near U = 1 until
λTC is reached, whereas decreasing λ from the coupled
state does not restore the uncoupled regime until λSN is
crossed. The difference between these thresholds,

λTC − λSN =
(√

κ−√
ρ
)2

, (10)

defines the width of the hysteretic region and provides a
simple mechanism for technological lock-in.

These transitions are illustrated in Fig. 2. Figure 2a
shows the equilibrium uncoupled fraction U∗ as λ is var-
ied: a stable coupled branch and a saddle emerge at λSN,
while the uncoupled state loses stability only at λTC.
The corresponding regular-use and dependent fractions
are shown in Fig. 2b and follow directly from Eq. (6).
Figure 3b summarizes the bifurcation structure in the
(λ, κ) plane. Genuine bistability occurs only for κ > ρ
and between the saddle-node boundary λ = 2√κρ and
the transcritical boundary λ = ρ + κ. For κ < ρ, the
formal saddle-node lies outside the physical simplex and
the transition is instead continuous, occurring through
a forward transcritical bifurcation. At κ = ρ, the two
thresholds coincide at λ = 2ρ, marking the boundary
between continuous adoption and history-dependent dis-
continuous transitions.

III. COGNITIVE COMPETENCE ACROSS THE
TRANSITION

The population-level transition can have consequences
for human competence, but their sign is not fixed by the
bifurcation itself. To illustrate one possible consequence,
we assign each state a relative cognitive competence, Γu,
Γc, and Γd, and define the average

⟨Γ⟩ = ΓuU + ΓcC + ΓdD. (11)

Here Γ should be narrowly interpreted as cognitive com-
petence (CC): the capacity available to the human when
external support is removed, rather than the total capa-
bility of the coupled human-AI system. To illustrate a
substitutive-use regime, we use Γu = 1, Γc = 0.5, and
Γd = 0.1, corresponding to progressively greater loss of
cognitive competence with increasing dependence. This
ordering is an illustrative modelling assumption, not a
general claim about LLM use. In scaffolded or augmen-
tative regimes, coupling could leave subsequent CC un-
changed or even increase it.
Using the previous attractor states, the average cogni-

tive competence becomes (see SM for a full derivation)

⟨Γ⟩∗ = g + (1− g)U∗, (12)

where

g = Γcσ + Γdµ

µ+ σ
(13)

is the mean effective CC of the coupled population. Thus,
⟨Γ⟩∗ is an increasing function of U∗ and inherits exactly
the same saddle-node, bistable, and hysteretic structure
as the population dynamics (Fig. 3a-b). In particular,
when κ > ρ, increasing λ leaves the system on the fully
uncoupled state, ⟨Γ⟩∗ = 1, until λTC = ρ + κ. At this
point the autonomous attractor loses stability and the
population moves to the coupled branch, for which U∗

− =
ρ/κ at the transition. The corresponding drop in CC is
therefore

∆Γloss = (1− g)
(
1− ρ

κ

)
. (14)

Conversely, when λ is decreased from the coupled regime,
recovery does not occur at the same point. The sys-
tem remains on the low-CC branch until the saddle-node
λSN = 2√κρ is reached, where U∗ =

√
ρ/κ. The sub-

sequent return to the autonomous state produces a CC
increase

∆Γrec = (1− g)
(
1−

√
ρ

κ

)
. (15)

cognitive competence therefore displays the same hys-
teresis as LLM adoption: gradual changes in transmis-
sion pressure can generate an abrupt loss of autonomous
capacity, while reversing that loss requires a larger re-
duction in λ.
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FIG. 3. Cognitive offloading bifurcation, phase structure, and effective potential of the LLM propagation model. (a) Equilibrium
average cognitive competence ⟨Γ⟩∗ as a function of the transmission parameter λ. The fully autonomous state remains stable up to the
transcritical threshold λTC = ρ+κ = 0.50, whereas a stable offloading branch and an unstable branch appear at the saddle-node threshold
λSN = 2√κρ = 0.40. The shaded interval λSN < λ < λTC marks the bistable region, where autonomous and offloaded states coexist,
implying hysteresis and path dependence. (b) Phase diagram in the (κ, λ) plane. The lower boundary, λSN = 2√κρ, and the upper
boundary, λTC = ρ+ κ, delimit the bistable domain (black); below it the autonomous phase dominates (gray), whereas above it only the
offloading phase is stable (white). (c) Effective potential V (⟨Γ⟩) for representative values of λ, following the gray arrow in (a) that crosses
the bistable domain. The potential landscape shows how the single autonomous minimum is replaced by two competing minima in the
bistable regime and finally by a single offloading minimum above λTC. At λ = λM (the so called Maxwell point), the two minima have
equal depth. Same parameters as in Fig. 2, with Γu = 1, Γc = 0.5, and Γd = 0.1

The bifurcation structure itself is independent of this
particular choice of Γ; the values used here illustrate
the consequences of a regime in which increasing depen-
dence is associated with reduced CC. For the parame-
ters used in Fig. 2, we obtain g = 7/30 ≃ 0.233. As λ
increases through λTC = 0.50 (gray arrows), the equi-
librium CC consequently falls from 1 to approximately
0.425. In the reverse trajectory, the coupled state per-
sists to λSN = 0.40, where ⟨Γ⟩∗ ≃ 0.617, before recovering
to unity. The bifurcation therefore converts a smooth
change in the pressure to adopt LLM-mediated cogni-
tion into a discontinuous and history-dependent change
in population-level cognitive competence. Notice also
that µ and σ do not alter the positions of the two tip-
ping points in this minimal model, but they determine
g and hence the cognitive cost associated with occupy-
ing the coupled state. Importantly, the presence of this
sharp transition has a key implication: crossing the bifur-
cation changes the attractor structure and can therefore
produce an abrupt change in the equilibrium population
state under quasistatic parameter variation. The mini-
mal model does not, however, determine how rapidly the
transition unfolds in real time.

An alternative visualization of this transition is pro-
vided by the effective potential associated with the dy-
namics of ⟨Γ⟩. Under the one-dimensional reduction de-
scribed in the SM, the coupled fractions C and D rapidly
relax to their quasi-equilibrium ratio. The resulting dy-

namics can be written as a gradient system,

d⟨Γ⟩
dt

= − dV

d⟨Γ⟩ , (16)

where the potential V is obtained from:

V (⟨Γ⟩) = −
∫ ⟨Γ⟩ (dΓ

dt

)
dΓ (17)

is a quartic function with two wells (see SM). This repre-
sentation preserves the equilibrium states and bifurcation
thresholds of the population model: minima of V corre-
spond to stable population states, whereas the interven-
ing maximum represents the unstable branch separating
their basins of attraction.
The evolution of this landscape as λ increases is shown

in Fig. 3c. The dynamics can be pictured as a mar-
ble moving over the landscape until it settles in a val-
ley. For low values of λ, the only valley lies at high ⟨Γ⟩,
corresponding to strong cognitive autonomy. At λSN, a
second valley appears at lower ⟨Γ⟩, representing a state
dominated by cognitive offloading. Within the bistable
interval, λSN < λ < λTC, either state can persist, de-
pending on the system’s history and on which side of the
intervening barrier it lies. As λ increases, the low-⟨Γ⟩ val-
ley becomes progressively deeper. At λM ≃ 0.420 (the
so called Maxwell point) for the parameters used here,
the two valleys have equal depth; beyond it, the offload-
ing state becomes increasingly favored. Nevertheless, the
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marble may remain trapped in the high-autonomy valley
until this valley disappears at λTC. It then rolls abruptly
toward the low-⟨Γ⟩ minimum, producing a runaway tran-
sition: greater reliance on LLMs promotes further cogni-
tive offloading, which in turn reinforces that reliance. In
contrast, recovery of autonomy requires crossing the bar-
rier or reducing λ sufficiently so that the offloading valley
disappears at λSN. The landscape thus provides an intu-
itive picture of tipping, runaway change, and hysteresis
between autonomous and cognitively offloaded states.

IV. COGNITIVE IMMUNIZATION AND
INTERVENTION STRATEGIES

The bifurcation structure provides a natural frame-
work for considering “cognitive immunization,” un-
derstood here not as preventing contact with LLMs,
but as preserving resistance to harmful substitutive or
dependency-producing coupling while allowing beneficial
forms of human-AI integration. A first important result
is the asymmetry between prevention and reversal. If the
population is initially close to the uncoupled state EU ,
invasion is prevented provided

λ < λTC = ρ+ κ. (18)

Once the system has moved to the coupled attractor,
however, restoring λ below λTC is insufficient whenever
the system lies inside the bistable regime. The coupled
state persists until

λ < λSN = 2√κρ. (19)

Thus, after the tipping point has been crossed, reversal
requires a larger reduction in transmission pressure than
would have been required to prevent the transition in the
first place. This prevention-reversal asymmetry is the
direct dynamical consequence of hysteresis and provides
a simple mechanism for technological lock-in.

Among the parameters controlling the bifurcation
structure, ρ has a particularly clear protective role. In-
creasing ρ, the rate at which regular users return to
uncoupled or weakly coupled cognition, raises the in-
vasion threshold λTC while simultaneously moving the
system toward the boundary ρ = κ. At this bound-
ary the physically accessible saddle-node disappears; for
ρ ≥ κ, bistability is lost and the transition becomes con-
tinuous. Interventions that make autonomous cognition
an accessible and recurrent state-for example, through
protected unaided tasks, deliberate periods of disengage-
ment, maintenance of non-LLM skills, or attractive non-
LLM alternatives-can therefore modify not only the po-
sition of the tipping point but the qualitative form of the
transition itself.

The effect of κ is more subtle. Increasing κ strengthens
the collective reinforcement of autonomous cognition and
raises λTC, making invasion more difficult when the pop-
ulation is predominantly uncoupled. At the same time,

for κ > ρ, it also increases the separation between the
two thresholds, ∆λ = λTC − λSN (Eq. 10), thereby en-
larging the hysteretic region. Strong collective protection
can therefore stabilize autonomy while U is high, but
may also increase path dependence once the autonomous
fraction has been substantially depleted. The relevant
intervention is consequently not simply to maximize κ,
but to reinforce collective autonomy together with suffi-
ciently strong return processes ρ so that protection does
not come at the cost of a broad hysteretic regime.
The parameters µ and σ play a different role. They do

not shift λSN or λTC, but control the composition of the
coupled population. At equilibrium, we have

D∗

C∗ +D∗ = µ

µ+ σ
, (20)

so decreasing µ or increasing σ reduces the fraction of
users in the dependent state without necessarily reduc-
ing overall LLM adoption. These parameters therefore
describe a second class of interventions aimed not at pre-
venting coupling itself, but at limiting its transition to-
ward persistent cognitive substitution. Examples include
metacognitive training, verification requirements, peri-
odic unaided practice, task designs that preserve active
reasoning, and mechanisms that facilitate recovery from
dependency.
The model thus distinguishes two complementary in-

tervention levels. Changes in λ, ρ, and κ reshape
the population-level tipping landscape and determine
whether bistability and hysteresis are possible, whereas
changes in µ and σ primarily determine the cognitive
burden associated with the coupled state. In this sense,
immunization can act either by preventing a collective
transition or by reducing the probability that ordinary
LLM use develops into persistent dependency.
Thus immunization (as defined here) need not imply

low overall LLM use. It can instead consist of shaping the
coupling so that high adoption remains compatible with
verification, active reasoning, autonomous alternatives,
and recovery from substitutive dependence.

V. DISCUSSION

In 1960, Joseph Licklider anticipated a future in which
the relation between humans and computers would move
beyond simple tool use [107]:

“Man-computer symbiosis is probably not the
ultimate paradigm for complex technological
systems. It seems entirely possible that, in
due course, electronic or chemical machines
will outdo the human brain in most of the
functions we now consider exclusively within
its province.”

More than six decades later, LLMs made this quote
especially concrete. Their importance lies not only in
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Intervention Main mathematical effect Effect on tipping and cognitive state

Reduce propagation of
substitutive/dependency-producing
coupling

Decreases λ by limiting automatic adoption and
social or institutional amplification of LLM use.

Direct. Prevents invasion for λ <
λTC; after lock-in, recovery requires
λ < λSN.

Preserve autonomous alternatives and
routes back to unaided cognition

Increases ρ, the rate at which regular users re-
turn to uncoupled or weakly coupled cognition.

Raises both thresholds and reduces
hysteresis. Bistability disappears for
ρ ≥ κ.

Strengthen collective autonomy Increases κ, the strength of nonlinear collective
reinforcement of autonomous cognition.

Raises resistance to invasion, but for
κ > ρ also widens the hysteretic in-
terval.

Favor recovery over collective lock-in Increases the ratio ρ/κ, strengthening individ-
ual routes back to autonomous cognition rela-
tive to collective reinforcement.

Moves the system toward ρ = κ,
where the saddle-node and transcrit-
ical thresholds merge and the transi-
tion becomes continuous.

Prevent progression to dependency Decreases µ, reducing transitions from regular
use C to persistent dependency D.

No direct effect on λSN or λTC. Re-
duces D∗/(C∗ + D∗) and increases
⟨Γ⟩.

Promote recovery from dependency Increases σ, shifting users from persistent de-
pendency D back to regular use C.

No direct effect on the bifurcation
thresholds. Reduces dependency and
raises ⟨Γ⟩ at fixed U∗.

TABLE I. Qualitative effects of cognitive immunization strategies. The parameters λ, ρ, and κ modify the bifurcation
structure, with λSN = 2√κρ and λTC = ρ + κ. For κ > ρ, these thresholds delimit the bistable regime. By contrast, µ and σ
do not move the tipping points in this minimal model, but determine the partition between regular and dependent users and
therefore the cognitive competence ⟨Γ⟩.

what they can do, but in the new forms of coupling they
create between human and artificial cognition. At one
extreme, AI could become an “exocortex”: an external
extension of cognition capable of searching large bodies
of knowledge while leaving interpretation and high-level
judgment to the human researcher [108]. Such systems
could greatly accelerate the accumulation and transmis-
sion of cultural and scientific knowledge. More generally,
humans have always externalized parts of cognition into
language, writing, institutions, and technology. This ex-
ternalization has been the engine of rapid and accelerated
change driven by culture [109, 110]. AI represents a new
step in this process, one in which external cognitive ma-
chinery becomes increasingly active and agent-like [111].
As suggested in previous studies, this might be a new
class of synthetic evolutionary transition [112–115].

Our model suggests that the consequences of this tran-
sition cannot be understood from individual LLM use
alone. Two social processes interact. First, new ways
of using LLMs spread because people learn from other
people, because workplaces and schools adopt them, and
because successful practices are copied. In this sense,
adoption has a contagion-like component. Second, au-
tonomous cognition is itself socially sustained. Educa-
tion and institutions do more than transmit information:
they create environments in which reading, writing, rea-
soning, verification, and independent problem solving are
repeatedly practiced and rewarded. When these practices
are common, they reinforce each other.

The interaction between these two processes creates
the central feedback in our model. As cognitive dele-
gation becomes more widespread, the social environment

that supports autonomous reasoning can weaken; as that
environment weakens, delegation becomes still easier and
more attractive. Therefore, a gradual increase in LLM
adoption can produce a disproportionate collective re-
sponse. Beyond a critical point, the loss of autonomy
becomes self-reinforcing and the population can move
rapidly toward a state of much stronger cognitive offload-
ing and lower cognitive competence. The important re-
sult is not that such a runaway must occur, but that it
can occur under plausible forms of social learning and co-
operative reinforcement. Moreover, once such a state has
become established, simply returning conditions to where
they were before the transition may not be sufficient to
restore the previous state. Prevention can therefore be
considerably easier than reversal.

This possibility should not obscure the substantial ben-
efits of LLMs. The distinction is not between using
and not using AI, but between forms of coupling that
extend human competence and those that replace the
cognitive operations through which competence is main-
tained. The evidence already points to both possibili-
ties. Recent experiments also show that the direction of
these effects strongly depends on the architecture of the
human-AI coupling. In a randomized study, a guided
“think first, ChatGPT later” protocol produced higher
subsequent independent creativity than unrestricted use
of the ChatGPT [116]. Moreover, generative AI can in-
crease productivity and provide powerful cognitive as-
sistance, but knowledge workers also report a reduced
effort to think critically when confidence in AI is high
[117]. In education, unrestricted access to generative AI
can improve performance while the tool is available, yet
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reduce subsequent unaided performance, while pedagog-
ically constrained AI can substantially mitigate this ef-
fect [118, 119]. Related results indicate poorer compre-
hension or retention when students rely on LLMs with-
out engaging in complementary cognitive activities such
as note-taking [120]. In programming, novice users can
also struggle to understand and critically evaluate AI-
generated code, creating conditions for automation bias
and superficial competence [121].

These findings reinforce the distinction between AI as
scaffolding and AI as substitution. This distinction also
changes how we should think about “cognitive immuniza-
tion.” At the population level, immunization does not
mean preventing contact with AI. It means preserving
the practices and institutions that keep human cogni-
tion active: unaided problem solving, verification, critical
discussion, periods of deliberate disengagement, mainte-
nance of non-AI skills, and educational designs in which
the model supports rather than completes the cognitive
task. However, once persistent dependency has devel-
oped, the problem can no longer be addressed by educa-
tional design alone. Emerging work on problematic LLM
use points to psychological and behavioral mechanisms
related to loss of control, emotional regulation, cognitive
biases, and habitual reliance, suggesting that behavioral
self-regulation and, in more severe cases, psychological
interventions such as cognitive-behavioral therapy may
become relevant [122]. Thus, the analogy with immu-
nization extends naturally from prevention at the cul-
tural and institutional level to recovery at the individual
level.

Several extensions could bring this minimal model
closer to the complexity of real human-LLM interactions.
These include replacing the population-level description
with heterogeneous interacting agents [22], allowing cog-
nitive autonomy to vary continuously rather than divid-
ing users into sharply separated classes, and introducing
feedbacks through which cognitive change modifies sub-
sequent adoption and dependence. Such a formulation
would also soften the boundaries between humans, LLMs,
and increasingly hybrid human-machine systems [123],
which may occupy a broad continuum of cognitive or-
ganizations rather than discrete categories. More gener-
ally, if agents themselves can be understood as persistent
patterns of information and activity distributed on bio-
logical, artificial, or hybrid substrates [111, 124, 125], the
relevant evolving entities may not always be conventional
individuals. What spreads could instead be patterns of
cognitive organization, including perspectives that shape
how agents represent the world, themselves, and possible
actions. LLMs would then be more than passive tools for
cognitive offloading: by participating in these distributed
patterns, they could progressively reshape the cognitive
structures through which users interpret and act on the
world. From this perspective, the “cognitive virus” is
a persistent technological lineage embedded in a larger
ecology of cultural replicators, human host states, insti-
tutions, and technical infrastructure.

A further limitation is that human behavior is not yet
explicitly coupled to the spreading process. Such feed-
backs can qualitatively reshape epidemic thresholds [126–
130], and can even generate higher-order critical phenom-
ena [131–133]. A useful conceptual framework for extend-
ing this picture is provided by the emerging field of Di-
verse Intelligence, which treats intelligence and agency
not as properties restricted to brains or particular bio-
logical substrates, but as graded capacities of systems
operating across multiple spatial, temporal, and organi-
zational scales [134, 135]. In particular, this perspective
emphasizes the ability of biological, artificial, and hybrid
agents [123] to navigate problem spaces and maintain
goal-directed organization, providing a natural language
to describe coupled human-AI systems in which bound-
aries and degrees of agency may themselves change over
time. In addition, multilayer-network theory offers a for-
mal framework for representing the interacting behav-
ioral, technological, and social processes through which
such feedbacks propagate [136, 137]. Together, these ap-
proaches suggest a systematic route beyond the present
mean-field description.
Future models could therefore treat autonomy, depen-

dence, and agency as continuous and coevolving proper-
ties of distributed human-machine patterns, rather than
as fixed compartments, and ask under what conditions
transient interactions become self-maintaining forms of
cognitive organization.
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