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Figure 1: A closed feedback loop between humans and AIs leads to human-AI diffusion: AI-induced behavioral shifts can
reshape the online data environment, which then feeds into future models and amplifies subsequent human behavior change.

Abstract
Generative AI is increasingly mediating everyday communication.
This can trigger human–AI diffusion: traits disproportionately pro-
duced by large language models (LLMs) diffuse into human cultural
activities, and can enter a closed feedback loop when those human
outputs become part of the data environment for future model
training. Recent work has shown that this diffusion is a present
and measurable phenomenon rather than a purely speculative risk.
Based on this, this paper envisions two plausible futures: one where
human and AI language progressively assimilate, leading to cul-
tural collapse, and another where language becomes a contested
social signal, leading to stigma and inefficient avoidance of benefi-
cial tools. Both scenarios highlight the need for training-data and
AI-use transparency, which is crucial not only for balancing short-
term productivity and (in)equity, but also long-term preservation
of cultural plurality.
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1 Introduction
Human communication has repeatedly been reshaped by newmedia
and communication technologies. Generative AI, especially large
languagemodels (LLMs), introduces a qualitatively newmechanism:
the medium does not only transmit human culture, but can also
distribute distinctive linguistic patterns at scale. Recent evidence
suggests that humans are now adopting such linguistic patterns
from LLMs [3, 15]. In our work [15], we find a measurable and
abrupt increase in the use of words preferentially generated by
ChatGPT in large-scale corpora of human spoken communication
after ChatGPT’s release. This kind of lexicographic shift can be
understood as an early indicator of a broader processwe call human–
AI diffusion: the diffusion of machine-associated traits into human
behavior, even when we are not explicitly intending to imitate AI.

This paper uses that empirical starting point to envision plausible
trajectories for human communication under human–AI diffusion.
Here, we can consider several catastrophic scenarios, e.g., once
machine-generated language influences humans, the resulting hu-
man outputs become part of the data environment from which
future models learn, creating a closed feedback loop (Figure 1). The
central question then becomes not whether AI will influence human
language, but how this bidirectional feedback loop will evolve—and
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what kinds of governance, norms, and technical interventionsmight
steer it toward desirable futures.

2 Human-AI Diffusion in Linguistic
Communication

While linguistic patterns exhibited by widely deployed LLMs have
already spread into human written communication [7, 10], the ques-
tion is whether they also reach spontaneous spoken language. If so,
this means that LLM-associated traits are internalized and persisted
in human culture, which existing large-scale evidence suggests al-
ready does. Specifically, we operationalize ChatGPT-preferred words
via comparisons between human- and LLM-revised texts, and then
track how those words change in real-world speech corpora over
time [15]. Notably, we find that conversational podcasts show clear
trend changes in multiple ChatGPT-preferred words after the re-
lease of ChatGPT in most topic categories (Figure 2). This pattern
supports the claim that LLM-associated linguistic patterns can dif-
fuse into everyday speaking, not only into formal writing.

This matters because once diffusion is underway, “AI-like” traits
cease to be diagnostic of AI tool use. People can exhibit ChatGPT-
associated linguistic patterns because they used an LLM directly,
because their collaborators or institutions increasingly use LLMs, or
simply because these patterns become ambient in the communica-
tive environment and get internalized through exposure. In other
words, we are entering an era in which it becomes increasingly
difficult—and sometimes impossible—to infer whether an utter-
ance reflects active AI assistance or human-internalized behavior
change. The rest of this paper builds on this empirical premise
and explores two plausible futures: one in which human and AI
language progressively assimilate (with risks of diversity collapse),
and another in which linguistic differentiation emerges as people
strategically avoid AI-associated expression (with risks of stigma
and inefficiency).

3 Scenario 1: Assimilation and Diversity
Collapse

Scenario 1 describes a future in which human and AI language
progressively assimilate. As this human-AI diffusion progresses,
AI-associated linguistic patterns can become default across many
contexts, especially in professional and institutional communica-
tion. Over time, this can narrow the distribution of expression in
public discourse, not only across languages, but also across regis-
ters within a language (e.g., formal vs. informal, regional styles,
community slang, and domain-specific voices). What begins as
“helpful standardization” can therefore translate into a gradual ero-
sion of linguistic diversity, with fewer locally distinctive markers
and reduced stylistic variance.

The key risk is that assimilation is not a one-way effect; it can
become an enhancing feedback loop (Figure 1). When AI-mediated
communication shifts what people write and say, it also shifts what
gets recorded, indexed, and reused online. That steered data en-
vironment then becomes part of the substrate on which future
models are trained. This mechanism extends the concern described
as model collapse [12], where repeatedly training generative mod-
els on their own outputs can cause distributional shrinkage and
forgetting of rare modes. In this scenario, if AI-associated linguistic

patterns come to dominate high-visibility corpora, even via human
production, future models may become increasingly confident in
narrow patterns while becoming less capable of producing (and rec-
ognizing) diverse linguistic forms. In turn, rarer forms become even
less visible to humans, making the feedback loop self-reinforcing.

In the extreme, this trajectory can lead to cultural lock-in. For
example, if new generations are increasingly educated through
dialogue with future models (e.g., tutoring, writing support, etc.),
they may acquire the narrowed register as the default and form
the belief that it is the standard for “correct” communication. Once
such beliefs are institutionalized through ubiquitous AI-mediated
interaction, linguistic experimentation andminority patterns can be
implicitly discouraged even without explicit policing. In addition, if
LLMs are deployed as evaluators in admissions or job applications,
applicants may strategically accommodate these systems [4], i.e., by
adopting LLM-associated linguistic patterns more broadly, further
accelerating diffusion. These futures are damaging for both humans
and AI: for humans, it reduces cultural plurality and the space for
innovation; for AI, it reduces the diversity of future training data
and increases vulnerability to collapse.

4 Scenario 2: Differentiation, Avoidance, and
Stigma

Scenario 2 describes a future in which Human–AI diffusion does
not lead to smooth assimilation, but instead triggers social dif-
ferentiation. Sociolinguistics has long documented that linguistic
variation is not merely “noise,” but a resource for indexing iden-
tity and social position [9]. In an AI-mediated world, a similar
dynamic could emerge around “AI-like” linguistic patterns: individ-
uals and communities may intentionally avoid patterns perceived
as machine-associated. In addition, they may deliberately accelerate
linguistic innovation (e.g., slang, meme-terms, semantic shifts, and
orthographic play) to keep a moving target of in-group expression
that resists standardization [1, 6, 14]. While this can help us avoid
cultural collapse, it also poses a risk of stigma and inequity.

Specifically, once diffusion is underway, such signaling becomes
structurally unstable. “AI-like” traits are no longer reliable evi-
dence of tool use; they can be internalized through exposure or
institutional templates even when no AI was used. If institutions,
platforms, or peer groups treat AI-like patterns as a basis for sus-
picion or devaluation, they risk false accusations and arbitrary
boundary-making. These dynamics can have uneven impacts; for
example, second-language speakers, who could be more suscepti-
ble to AI-associated linguistic patterns, might be more likely to be
misclassified or undervalued, reinforcing existing inequities.

Furthermore, differentiation can impose real efficiency and wel-
fare costs. In some settings, AI assistance can improve accessi-
bility and productivity (e.g., language support, drafting, clarifica-
tion) [8, 11]. But if social norms increasingly punish AI-associated
expression, people may avoid useful tools even when their use
would be appropriate and beneficial. The result is a persistent ten-
sion; as groups compete to maintain linguistic distinctiveness from
machines, society may incur unnecessary interpersonal conflict
and forego opportunities for equitable, productive communication.
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Figure 2: Trend changes of a ChatGPT-preferred word (i.e., delve) in conversational podcasts across topics, compared against
synthetic controls, after the release of ChatGPT. Reproduced from Fig. 4 in [15].

5 Discussion
The long-term consequences of human–AI diffusion remain deeply
uncertain; we cannot confidently predict whether diffusion will
stabilize, diversify, or homogenize human communication. Yet the
scenarios outlined above illustrate that catastrophic trajectories are
plausible: reinforcing feedback can narrow the space of expression,
reshape incentives in education and evaluation, and couple cultural
change to future model training. Responding to such risks requires
transparency in two different dimensions: training transparency
and use transparency.

Training transparency is the visibility into what data were col-
lected, filtered, and used for training (and how AI-mediated re-
sources are represented within those pipelines). Without this trans-
parency, it becomes difficult to trace closed feedback loops and
therefore difficult to mitigate them through policy or technical in-
tervention. Use transparency is the visibility into how, where, and
by whom AI systems are used in consequential communication
and evaluation. Importantly, transparency policies can backfire; if
rules are partial, unevenly enforced, or framed as punitive, they can
incentivize clandestine shadow AI use rather than genuine account-
ability [2]. This highlights the challenge of effective policy making,
which is now required to consider not only short-term productivity
or (in)equity, but also long-term cultural impacts.

Also, these transparency needs naturally connect to preserva-
tion. If human communication and model behavior co-evolve, then
safeguarding linguistic plurality requires maintaining reference
points, such as longitudinal corpora with documented provenance,
protected communicative spaces, or datasets that record when and
how AI mediation is present. Here, we can learn from decades of
work in language documentation and revitalization, which has de-
veloped methods and infrastructures for recording dialects and
endangered or minority languages before they disappear from
everyday use [5, 13]. Existing archiving efforts (e.g., dedicated
endangered-language repositories) illustrate practical pathways
for long-horizon stewardship, and suggest that preserving less-AI-
mediated corpora can be treated as risk management.

6 Conclusion
Human–AI diffusion raises the possibility that linguistic traits cir-
culate bidirectionally between humans and LLMs, forming a closed
feedback loop with cultural consequences. While the long-run tra-
jectory remains uncertain, we outlined two futures: 1) assimilation
that risks diversity collapse and accelerates homogenization, and
2) differentiation that maintains surface distinctiveness but can
generate stigma, inequity, and inefficient avoidance of beneficial
tools. These scenarios highlight the need to tackle the policy and
design challenges of AI-mediated communication, possibly by com-
bining training and use transparency to support equitable access,
accountability, and measurement of cultural change.
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