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Abstract

Linguistics has engaged large language models
(LLMs) predominantly as objects of represen-
tational analysis, addressing them as models of
language while leaving two more urgent ques-
tions largely unasked. First, LLM-generated
text is statistically distinguishable from human
writing across lexical, syntactic, and discourse
dimensions, but rarely interpreted through the
lens of register theory. We argue that it should
be, with a crucial qualification: LLM output
constitutes not a single stable register but a
register space indexed to situational parame-
ters including model architecture, task framing,
and the interlocutor identity the model infers
from contextual cues. Second, human-LLM
interaction is bidirectionally accommodative:
users apply Gricean defaults and convergence
mechanisms to a system that simultaneously
infers and adapts to their identity, producing
a feedback loop based not on communicative
negotiation but on the statistical properties of
the model’s training distribution. This posi-
tion paper argues for redirecting attention from
what LLMs encode to what they produce and
what they do to the humans who interact with
them, and proposes a tripartite research agenda
centered on register-space description, interac-
tional discourse analysis, and methodological
reflexivity in the face of the observer effects
that LLM research itself generates.

1 Introduction

The rapid diffusion of large language models into
communicative practice presents linguistics with a
question that goes beyond the technical: what kind
of language do these systems produce, and what
happens to human language when people routinely
interact with them? The discipline has engaged
LLM:s primarily as objects of representational anal-
ysis: probing whether contextualised embeddings
encode structure (Tenney et al., 2019), or whether
next-token prediction suffices to acquire grammat-
ical competence (Linzen et al., 2016) and as a

test case in the debate between innatist and usage-
based accounts of language acquisition. These are
legitimate pursuits, and a growing body of work
on features of LLM register (Mufioz-Ortiz et al.,
2024; Milicka et al., 2025) and on the limitations
of using LLLMs as human proxies (Tjuatja et al.,
2024; Miinker, 2025) has begun to map the empiri-
cal terrain. Within Conversational Analysis (CA),
Human-Al-talk itself is already an established ob-
ject of study, where chatbots and other conversa-
tional technologies are examined as interactional
participants (Stokoe et al., 2024).!

What remains comparatively underdeveloped is
a synthesis that connects interactional evidence
to register-level findings (see Section 3), treating
LLM output as an object of register description and
human-LLM interaction as a site of sociolinguistic
change shaped by that register-space. This paper
argues that such a framing is overdue: (Computa-
tional) Linguistics has studied LLMs extensively
as models of language, and, within Conversation
Analysis, increasingly as interactional participants.
We argue that the register-level evidence is pre-
cisely where these strands could meet.

LLMs are, in everyday practice, text-generating
systems embedded in communicative situations.
The questions that arise from this reality are what
register they produce and spread, and what interac-
tional and cognitive consequences their use has for
human speakers. These are not just legitimate con-
cerns but core linguistic problems with two main
points standing out:

The first is textual: LLM output is measurably
distinct from human writing on many linguistic di-
mensions, and these differences are often stable
enough across model families and genres to war-
rant description as a register in the technical sense
(Biber, 1988). This register in academic, profes-
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sional, and public discourse already perturbs the
corpora from which descriptions of language are
derived (Shumailov et al., 2023).

The second is interactional: humans communi-
cate with LLMs at large scale and Gricean defaults,
audience design, and the mechanisms of linguistic
accommodation are activated in human-LLM inter-
action. Their consequences for how people formu-
late language, form intentions, and construct com-
municative norms remain almost unstudied. But
they are, we argue, an urgent frontier for linguistics
to address.

The paper is structured as follows: Section 2
situates the argument within existing debates on
LLMs and language. Section 3 reviews evidence
on LLM output as a distinct register. Section 4
analyzes the interactional loop in detail. Section 5
proposes a concrete research agenda, specifying
what is novel in the program we advance.

2 Background: What LLLMs Model and
What They Do Not

LLMs are trained on the objective of next-token
prediction over large text corpora. Their architec-
ture does not encode explicit symbolic grammar,
no referent, and no communicative intention; what
they acquire is a high-parametric implementation
of the distributional hypothesis (Harris, 1954; Firth,
1957). This makes them the most elaborate empiri-
cal test yet of the usage-based tradition (Tomasello,
2003). Probing studies suggest that transformer
representations encode substantial structural infor-
mation, with recoverable syntactic features (Tenney
et al., 2019) and sensitivity to agreement and bind-
ing effects that challenge arguments of poverty-of-
the-stimulus (Warstadt et al., 2020).

However, inference from model properties to
claims about language requires careful evaluation.
Bender et al. (2021) capture this with the "stochas-
tic parrot” metaphor: LLMs manipulate linguistic
form without access to meaning in any referen-
tial sense. This metaphor operates at the level of
cognitive classification rather than communicative
practice: it does not capture what LLM output is
nor what happens to human language in interaction
with it. We take both questions in turn.

3 LLM Output as a Linguistic Register

A converging body of evidence establishes that
LLM-generated text is statistically smoother than
human writing: more uniform in sentence length,

more uniform and restricted in vocabulary, more
regular in cohesion and information structure
(Muiioz-Ortiz et al., 2024; Martinez et al., 2025;
Guo et al., 2024). The pattern is consistent across
model families (and text genres) and extends to hu-
man writers working with LLM assistance, whose
output shows measurable reductions in linguistic
diversity (Padmakumar and He, 2024). These find-
ings have motivated an emerging consensus that
LLM output constitutes a distinct register in the
technical sense (Biber, 1988): a variety associ-
ated with a specific situational configuration, stable
enough to be characterised independently of model
type or task.

However, the consensus overlooks a structural
feature of LLM behaviour: the sensitivity of model
output to the inferred identity of the interlocutor.
Tornberg and Schimmel (2026) demonstrate this
with particular force: varying only the stated iden-
tity of the interlocutor shifts model responses by
28 to 62 percentage points on attitudinal measures,
moving all six models from left- to right-leaning
positions. Accommodation is strongly asymmet-
ric: rightward shift is approximately 8.0x larger
than leftward shift. The authors interpret this as
audience accommodation rather than a fixed ideo-
logical disposition. In linguistic terms, audience
design (Bell, 1984) is executed without commu-
nicative intention, as a statistical reflex of training
distributions rather than a speaker’s orientation to
an addressee.

What existing corpus work has described as
LLM register is, in this light, a default output pro-
file: the statistical centroid of a substantially large
space of variation indexed to interlocutor identity.
The default profile may be not arbitrary but the
predictable outcome of training a single model
across maximally diverse tasks and user popula-
tions, where stylistic convergence toward a broadly
functional mean is a structural consequence of the
optimisation objective. What varies systematically
around this default, and what existing corpus work
has not measured, is the degree to which inferred
user identity shifts the output away from it. The
appropriate unit of analysis is therefore not a single
register but a register-space, structured along di-
mensions of model architecture, instruction-tuning,
task framing, and, critically, inferred user identity.

These dynamics have sociolinguistic conse-
quences beyond the register-space itself. As LLM-
generated text today expands in public discourse
(Shumailov et al., 2023), the descriptive baseline of



corpus linguistics is not simply being contaminated
by a non-human variety but selectively reshaped
in ways calibrated to the user populations that gen-
erate it and that current sampling frameworks are
perhaps not well equipped to detect.

4 The Interactional Feedback Loop

4.1 Gricean defaults and their misapplication

Human communication is structured by coopera-
tive defaults. Grice’s maxims (Grice, 1975) do
not function as explicit rules; they are interactional
expectations activated by the presence of a respon-
sive interlocutor. When a person converses with an
LLM, these defaults are activated. Utterances are
interpreted for relevance and intention, and contra-
dictions are resolved by attributing a coherent com-
municative purpose to the model while pragmatic
failures, in turn, tend to be read as conversational
breakdown rather than as statistical noise.

Users over-interpret LLM output, attributing se-
mantic precision and intentional structure to re-
sponses that are statistically generated without ei-
ther. They under-specify context on the assumption
that common ground has been established (Clark
and Brennan, 1991), leading to communicative mis-
calibration. This dynamic has a parasocial dimen-
sion: Horton and Wohl (1956) describe how media
audiences construct quasi-social relationships with
media figures on the basis of one-sided communica-
tive exposure. Human-LLM interaction intensifies
this effect by introducing responsiveness, a feature
absent from broadcast media, without introducing
genuine intersubjectivity.

What the Gricean analysis must now accommo-
date, however, is that the interaction is not simply
a case of a human applying cooperative defaults
to a passive system. Evidence from T6rnberg and
Schimmel (2026) indicates that LLMs simultane-
ously infer the identity of their interlocutor and
calibrate their output accordingly. The interaction
is therefore mutually accommodative in a struc-
tural sense, though asymmetrically so. It is a prag-
matic illusion: the model’s accommodation is not
grounded in communicative intention but in statis-
tical regularities of the training distribution. This
creates a situation for which Gricean pragmatics,
designed for intentional agents, provides only par-
tial analytical solution.

4.2 Mutual mirroring without ground

The interlocutor-sensitivity documented by Torn-
berg and Schimmel (2026) is one instance of
a broader behavioural pattern that the Al align-
ment literature terms sycophancy: the tendency of
instruction-tuned models to produce outputs that
match the user’s perceived preferences (Sharma
et al., 2024), a tendency reinforced by RLHF inso-
far as human evaluators prefer outputs that agree
with their expressed views (Bai et al., 2022). From
a linguistic standpoint, sycophancy is not a failure
of calibration but a reconfiguration of the commu-
nicative situation. An interlocutor whose output
is systematically oriented toward user preference
is not a cooperative interlocutor in Grice’s sense;
its apparent cooperation is structurally decoupled
from the norms that give cooperation its commu-
nicative value.

The human side of this loop is equally well
documented. Interactional sociolinguistics has es-
tablished the pervasive tendency toward linguis-
tic convergence: speakers adapt their phonology,
lexis, and syntax towards their interlocutor through
accommodation (Giles et al., 1991) and priming
(Pickering and Garrod, 2004). Padmakumar and He
(2024) show these mechanisms operate robustly in
human-LLM interaction: users simplify syntactic
structures, prefer lexical items the model handles
reliably, and adopt the register that LLMs char-
acteristically produce. Taken together, these two
processes constitute a feedback loop of mutual mir-
roring: the model reflects the user’s inferred iden-
tity back to them; the user converges toward the
model’s output style. Neither side provides a stable
communicative ground for the other. The model’s
accommodation is not grounded in intention but in
training statistics (Grieve et al., 2025); the user’s
target of convergence is, as Section 3 argues, a
moving profile that shifts with the identity cues the
user is emitting.

This mirroring extends beyond surface style to
the level of communicative intention. Effective
prompting requires decomposing one’s goals into
explicit, delimited sub-specifications, a practice at
odds with the implicit, incremental way human in-
tentions are normally formed and expressed (Levin-
son, 1983). The user who adapts their lexis to
the model is also reorganising their communica-
tive goals around the model’s input architecture.
Whether this restructuring of intention persists be-
yond LLM interaction, and how it varies across



users and contexts, is among the open questions
this feedback loop raises.

5 A Three-Fold Research Agenda

The analysis above points toward a research agenda
that is broad in scope and, in places, genuinely
difficult to operationalise.

1. LLM output as a structured object of varia-
tion. The register-space framing implies that no
corpus of LLM output is neutral: every sample
encodes assumptions about the interlocutor, task,
model, and configuration. These must be treated
as systematic variables, not background conditions.
The methodological model is factorial experimen-
tal design (Tornberg and Schimmel, 2026), adapted
for corpus-linguistic purposes: systematic variation
of situational parameters to map the structure of the
register-space rather than describe a single point
within it. The difficulty should be stated directly:
any description of LLM language that does not
control for these dimensions risks characterising a
sampling artifact. The complexity of the register
space is itself significant. LLM text accumulat-
ing in public discourse is not a single non-human
variety but a highly variable one calibrated to its
users. Beyond description, a theory is needed of
why certain situational dimensions produce large
output shifts while others do not. This requires inte-
grating register theory with distributional learning
and alignment dynamics that the discipline does
not currently possess.

2. Human-LLM interaction as a site of inter-
actional discourse analysis. The interactional
consequences described in Section 4 call for meth-
ods that treat the human-LLM exchange as a unit
of analysis in its own right, an approach Conver-
sation Analysis has already established. Work on
conversational technologies, chatbots, and voice as-
sistants as interactional participants is accordingly
a growing field (Stokoe et al., 2024).

What this literature has not yet systematically ad-
dressed is the register-space sensitivity documented
in Section 3: how mirroring, convergence, and ac-
commodation phenomena interact with a system
whose output shifts with the interlocutor identity
it infers. Connecting CA methods to this register-
level variation — for instance, by tracking whether
accommodation patterns differ depending on the
output profile — is a specific extension of this ex-
isting tradition that we see as tractable and under-

explored. Key empirical questions, such as how
users’ linguistic strategies change over sustained
LLM use, whether convergence and mirroring ef-
fects persist in non-LLM contexts, and how com-
municative failure is attributed, are in principle
addressable through corpus collection, controlled
extraction, and the conversation-analytic methods
already established in this field.

3. Methodological reflexivity as a disciplinary re-
quirement. The observer-effect findings of T6rn-
berg and Schimmel (2026) have direct implications
for linguistic research: the prompt, framing, and
implied identity of the researcher are situational
cues that calibrate model output, meaning any de-
scription of LLM language is partly a description of
the research situation that produced it. The social
sciences have a long tradition of modelling inter-
viewer effects and measurement-response interac-
tions (Anderson et al., 1988); a comparable reori-
entation is required here, treating the researcher’s
situational position not as a disruptive impact but
as a constitutive feature of the data.

6 Conclusion

This paper has argued that the linguistic study of
LLMs must move beyond the analysis of repre-
sentational encoding to address the pragmatic and
sociolinguistic realities of their use. By framing
LLM output not as a monolithic variety but as a
dynamic register-space, we account for the radical
situational sensitivity and audience accommodation
inherent in these systems. This shift reveals a com-
municative landscape characterized by a profound
irony: while users project Gricean intentionality
onto the model, the model executes a statistical
simulation of the user.

The resulting feedback loop, where human con-
vergence meets algorithmic sycophancy, threatens
to destabilize the empirical foundations of corpus
linguistics and the cognitive structures of human in-
teraction. The proposed three-fold agenda provides
the necessary framework to navigate this transition.
If linguistics is to remain the science of language
as it is actually used, it must develop the tools to
analyze a world where communication no longer
requires a mindful interlocutor, and where the ob-
server effect of our own research is a constitutive
feature of the data. The task is not merely to un-
derstand how models represent language, but to
track how they are fundamentally restructuring the
linguistic ecosystem.



Limitations

The arguments presented here are subject to sev-
eral constraints. First, the opacity of proprietary
models, which constitute the majority of frontier
LLMs, limits our ability to distinguish between lin-
guistic patterns emerging from the base training
distribution and those artificially induced by safety
filtering or RLHF. Our analysis of the register space
is therefore a description of an output layer whose
deeper causal mechanisms remain obscure.

Second, the temporal volatility of LLM devel-
opment means that any empirical mapping of a
register space may be rendered obsolete by new
architectural paradigms. Finally, a focus on high-
resource languages (predominantly English) leaves
open the question of whether the communicative
miscalibration we describe manifests differently
in low-resource or typologically distant languages,
where the model’s statistical foundation is signifi-
cantly more sparse.

Ethical Considerations

The redirection of linguistic attention toward
human-LLM interaction carries significant ethical
implications. The phenomenon of asymmetric ac-
commodation and model sycophancy raises con-
cerns regarding the creation of confirmatory feed-
back loops: if systems systematically reflect user
identity and bias, they may reinforce existing prej-
udices under the guise of neutral interaction. This
creates a risk of cognitive erosion, where the ef-
fort of communicative negotiation is replaced by a
frictionless, confirmatory feedback loop.

Furthermore, the pollution of the linguistic com-
mons and the proliferation of synthetic registers in
public corpora pose an ethical challenge for future
researchers. There is a danger that marginalized
linguistic varieties will be further sidelined as LLM
outputs converge toward a standardized mean of
their training data. We emphasize that researchers
have a responsibility to disclose the observer effects
of their prompts, as failing to do so contributes to a
distorted understanding of what these models are
and what they represent.
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