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Abstract

In this position paper, we argue that misalign-
ments in common ground are not marginal fail-
ures of communication, but central diagnos-
tic moments for pragmatic competence, and
should therefore play a key role in the evalua-
tion of Large Language Models (LLMs). Eval-
uating how models respond to such instances
of mismatched or incomplete understanding
moves beyond surface fluency and correctness,
targeting pragmatic competence at a deeper,
interactional level. At the same time, misalign-
ments provide controlled settings for testing lin-
guistic theories of common ground, repair, or
accommodation — areas that are often difficult
to investigate in human communication. We
argue that this dual role makes misalignments
a natural bridge between pragmatic theory and
LLM evaluation.

1 Introduction

At the heart of successful communication lies the
concept of common ground — the shared knowl-
edge, beliefs, and assumptions that speakers rely
on to understand one another. This shared founda-
tion allows conversations to flow smoothly, with
speakers and listeners working together to main-
tain mutual understanding (Clark, 1996). Yet, in
everyday communication, achieving and maintain-
ing common ground is rarely flawless. Time con-
straints and the need to prioritize information of-
ten lead speakers to make assumptions about their
audience’s knowledge (Beaver, 1999), which can
result in misalignments in common ground (Elder
and Beaver, 2022). Such misalignments are not
rare exceptions but a routine part of communica-
tion. For example, imagine the scenario where a
local gives directions to a tourist. The local might
say, "Turn right after where Miller’s bakery used
to be," presupposing that the listener knows this
bakery and where it was located. A tourist unfa-
miliar with the area lacks this shared knowledge,
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resulting in a misalignment in common ground.
These moments signal where shared assumptions
fail and must be actively negotiated and resolved in
order for the interaction to progress, requiring prag-
matic strategies such as repair or accommodation.
Without resolving misalignments, conversations
risk stalling, misunderstandings, or the spread of
false information. In this position paper, we argue
that misalignments in common ground offer a valu-
able lens for studying communicative competence,
not despite, but because they introduce challenges
requiring pragmatic reasoning. They provide a win-
dow into whether a language user can detect when
shared understanding has broken down and take
appropriate steps to restore it.

As Large Language Models (LLMs) are now
widely deployed in everyday applications, it be-
comes increasingly important to assess their ability
not just to produce fluent and informative text, but
also their capacity to engage in context-sensitive
dialogue that is robust to misunderstanding. It
remains largely an open question to what extent
they can detect and respond to situations where
assumptions misalign, expectations are violated, or
clarification is needed. By examining LLM behav-
ior in such cases, we gain insight into how they
manage the very conditions that define real-world
communication. At the same time, modeling and
testing how humans resolve such misalignments
remains challenging, creating an opportunity for
LLMs to serve as controlled testbeds for investigat-
ing theories of common ground and communicative
grounding. In other words, LLMs can serve not
only as objects of evaluation, but also as tools for
probing pragmatic theories under controlled con-
ditions. We therefore argue that misalignments in
common ground provide a natural bridge between
formal pragmatics and computational evaluation,
allowing insights from linguistic theory and model
behavior to inform one another.
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2 Misalignments in Common Ground

The concept of common ground has been highly
influential in the study of dialogue (Bender and
Lascarides, 2019) and plays a central role in many
areas of pragmatics, including reference, presup-
position, implicature, speech acts, language con-
ventions, and fiction (Geurts, 2024). However,
common ground does not arise automatically in
conversation. Rather, speakers and listeners work
collaboratively to establish and maintain it, a pro-
cess known as communicative grounding (Lars-
son, 2018; Chandu et al., 2021). Communicative
grounding involves ensuring that participants accu-
rately perceive, understand, and accept each other’s
utterances (Chandu et al., 2021). To accomplish
this, speakers commonly engage in dialogue acts
such as asking for clarification or posing follow-up
questions (Shaikh et al., 2024). While this process
can be straightforward, it often requires address-
ing and resolving misalignments in the common
ground (Larsson, 2018).

Misalignments in common ground refer to in-
stances of mismatched or incomplete understand-
ing between participants in a conversation. Unlike
simple misunderstandings, misalignments specifi-
cally involve a gap or mismatch in what interlocu-
tors assume to be shared knowledge. They can be
overt — recognized and possibly acknowledged —
or covert — unrecognized and therefore more dif-
ficult to resolve. Furthermore, misalignments in
common ground can take different forms, includ-
ing inconsistencies in what interlocutors believe
to be shared knowledge, or gaps that reflect miss-
ing or incomplete information (Elder and Beaver,
2022). For example, a speaker referencing “last
week’s meeting" may misassume that the listener
was present. Or a local giving directions may pre-
suppose knowledge the tourist lacks. In both cases,
successful communication depends on resolving
the misalignment, either implicitly through accom-
modation, where the listener silently adjusts their
knowledge to align with the speaker’s presuppo-
sitions (von Fintel, 2008; Beaver et al., 2024), or
explicitly through repair, such as asking for clari-
fication or correcting the assumption (Clift, 2014;
Birkner et al., 2020). Such everyday cases high-
light that misalignments are a routine consequence
of the fact that no speaker has exhaustive knowl-
edge of the world; assumptions frequently fail to
align perfectly with a listener’s perspective.

A central question is what conditions influence
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whether conversation participants choose to accom-
modate or repair misalignments. Existing research
has explored, for example, the social incentives be-
hind repair, highlighting it as an explicit acknowl-
edgment of communication problems (Robinson,
2014), or as a socially motivated strategy (Bern-
stein, 2016; Elder and Beaver, 2022). However,
modeling when and how speakers respond to mis-
alignments remains challenging. While theoreti-
cal frameworks provide first insights (Elder and
Beaver, 2022), empirical and cognitive research
suggests that speakers do not always behave fully
collaboratively, complicating attempts to model
their behavior in a unified way. For instance, speak-
ers may act egocentrically (Horton and Keysar,
1996; Keysar, 2007), overestimate alignment with
their interlocutor (Keysar and Henly, 2002), or
have only partial awareness of the common ground
(Brown-Schmidt, 2012). Compounding this, not ev-
ery apparent misalignment reflects a genuine break-
down: hearers sometimes interpret unfamiliar ref-
erences as informative rather than presupposition-
failing, effectively accommodating the new infor-
mation rather than triggering explicit repair (Heller
et al., 2012). As a result, even for human commu-
nication, misalignments are difficult to investigate
systematically.

3 LLMs and the Challenge of Grounding

To address this challenge, LLMs may offer a useful
testbed: they allow misalignments to be studied
under controlled conditions and can thus serve as
tools for probing theories of accommodation and
repair. More broadly, recent work has argued that
LLMs can function as testbeds for evaluating lin-
guistic and psychological hypotheses under con-
trolled conditions (Contreras Kallens et al., 2023;
Demszky et al., 2023; Milliere, 2024). For instance,
their scale enables testing across a wide range of
contexts, and their intervenability allows specific
aspects of the input or model behavior to be ma-
nipulated. At the same time, LLMs face key limi-
tations: Handling pragmatic phenomena depends
on world knowledge and social norms, and LL.Ms
differ from humans in important ways, for exam-
ple in their training conditions and lack of social
interaction (Hu, 2023; Mahowald et al., 2023; Mil-
liere, 2024). This highlights the need for such con-
siderations when using LL.Ms to study linguistic
phenomena and theories, including those related to
(misalignments in) common ground.



Beyond their role as experimental tools, LLMs
are themselves participants in real-world commu-
nicative settings, making it essential to understand
their pragmatic behavior in practice. These mod-
els have demonstrated strong performance on tasks
like summarization and question answering (Mil-
liere, 2024), and user-facing tools such as ChatGPT
(Achiam et al., 2023) have enabled widespread pub-
lic experimentation. At the same time, LLMs can
remain sensitive to surface-level input variation and
may generalize inconsistently across linguistic con-
texts, pointing to limitations in their language use
(Chang and Bergen, 2024). This has motivated a
growing body of linguistically-informed research
probing the underlying knowledge and behavior of
LLMs. Much of this work focuses on syntactic abil-
ities, where LL.Ms often perform near-human-level
(Hu et al., 2020; Schuster and Linzen, 2022; Ma-
howald et al., 2023). Other work has extended this
line of inquiry to semantic and pragmatic phenom-
ena. Here, earlier studies frequently identified clear
shortcomings: models faced limitations when in-
terpreting sarcasm (Hu et al., 2023), understanding
implicature and presuppositions (Cong, 2022; Ruis
et al., 2022; Fried et al., 2023; Sieker and Zarrief3,
2023), handling implicit causality (Zarrief$ et al.,
2022; Sieker et al., 2023), or responding appropri-
ately to theory-of-mind reasoning (Sap et al., 2022;
Shapira et al., 2023; Trott et al., 2023; Gandhi et al.,
2024)), suggesting weaknesses at the discourse
level of language production (Chang and Bergen,
2024; Contreras Kallens et al., 2023). More recent
studies, however, paint a more nuanced picture: es-
pecially larger and more recent LL.Ms can exhibit
improved performance on certain pragmatic phe-
nomena, including, for instance, selected aspects
of implicature (Cong, 2024; Askari et al., 2025),
implicit causality (Kankowski et al., 2025a,b), elic-
iture (Pan and Kehler, 2025), or politeness (Ander-
sson and Mclntyre, 2025).

Crucially, despite these advances, systematic
evaluations of how LLMs engage in conversational
grounding remain scarce. Most work has focused
on assessing and improving their static knowledge
(Fierro et al., 2024; Xu et al., 2024), largely over-
looking the fact that effective communication re-
quires aligning knowledge dynamically with an in-
terlocutor (Larsson, 2018). In particular, systematic
studies of communicative grounding in instruction-
tuned LLMs like GPT-4 are only just beginning
to emerge. Earlier work has qualitatively exam-
ined grounding failures in pretrained models, high-
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lighting their limitations in establishing and main-
taining shared understanding (Fried et al., 2023).
Benotti and Blackburn (2021), for example, find
that systems such as BlenderBot frequently fail to
repair misunderstandings or establish shared mean-
ing, suggesting a lack of mechanisms for collabo-
rative grounding. Findings by Lee et al. (2024) and
Shaikh et al. (2024) further support the observation
that LLMs tend to assume shared understanding
rather than actively negotiating it, likely reflecting
their optimization for prompt following rather than
for the nuanced and collaborative coordination that
grounding requires. This pattern is consistent with
research on LLM sycophancy, which shows that
models often prioritize user approval over factual
accuracy, aligning responses with user beliefs even
when these are false (Perez et al., 2023; Rrv et al.,
2024). More broadly, Chandu et al. (2021) ob-
serve that NLP research frequently overlooks key
aspects of grounding emphasized in Cognitive Sci-
ence, such as coordination and mutual understand-
ing, revealing a conceptual gap that may underlie
these persistent shortcomings.

Although these studies demonstrate initial
progress in operationalizing grounding, relevant
tasks and systematic benchmarks for evaluating
common ground are still limited. One particularly
overlooked aspect is how LLMs resolve misalign-
ments in common ground — a crucial component of
effective communication that, to date, has not been
systematically investigated. A notable exception
is Sarkar et al. (2025), who study misalignments
in goal-oriented Ubuntu chat logs and show that
LLMs particularly struggle to detect implicit ones.

Handling such cases requires more than gram-
maticality or lexical choice: it involves interpreting
intentions, recognizing when communication has
broken down, and deciding whether to accommo-
date or repair. This, in turn, demands consideration
of the broader communicative context — something
that has largely been absent from existing probing
studies. This gap is especially concerning given
the increasing use of LLMs in sensitive settings
like healthcare or legal assistance, where pragmatic
failures can have serious consequences. For in-
stance, if LLMs fail to resolve misalignments in
common ground but still respond fluently and con-
fidently, they risk reinforcing user misconceptions
(Fried et al., 2023). Investigating how LLMs man-
age common ground and repair misalignments is
therefore not only a theoretical concern but also
crucial for their responsible deployment.



4 Misalignments as a Lens for Evaluation

Misalignments in common ground are not marginal
anomalies in communication; they are a natural,
frequent, and revealing part of interaction. We ar-
gue that such misalignments should not be treated
as noise or edge cases in LLM evaluation, but as
core phenomena for assessing pragmatic compe-
tence. Furthermore, we argue that when investi-
gating misalignments in common ground, we can
assign LLMs a dual role. On the one hand, they
are objects of evaluation: studying how LLMs re-
spond to misalignments provides a direct probe of
their pragmatic competence. On the other hand,
they can serve as tools for investigation, as their
controllability enables the construction of experi-
mental settings in which assumptions about shared
knowledge can be systematically varied — some-
thing that is difficult to achieve in studies of hu-
man interaction. In this way, misalignments offer
a bridge between formal and computational ap-
proaches, linking theoretical accounts of common
ground to empirical evaluation.

One way to instantiate such an evaluation
paradigm is through linguistically well-defined
phenomena. As an illustrative example, consider
presuppositions. Presuppositions are implicit as-
sumptions that speakers take for granted as shared
knowledge (Stalnaker, 1973). They are essential
for understanding how speakers rely on shared
background knowledge, without making it explicit
(Schwarz, 2019). For instance, the question “Has
your sister finished reading the book I lent her?"
conveys multiple presuppositions: that the listener
has a sister, that the speaker lent her a book, and
that she started reading it. One intriguing aspect of
presuppositions, central to the study of misalign-
ments in common ground, is presupposition failure,
which occurs when the assumed background knowl-
edge is actually false (Yablo, 2006). For instance,
if the listener has no sister, is not aware of their
sister borrowing the book, or if she has not actually
started reading it, a presupposition fails, potentially
causing a misalignment in common ground.

Recent work has shown that such false presup-
positions can be used to probe LLMs’ pragmatic
competence in handling misalignments in com-
mon ground. For instance, Sieker et al. (2025)
and Lachenmaier et al. (2025) systematically em-
bedded false presuppositions in prompts, analyzing
whether LLMs were able to reject the implied as-
sumptions. With their evaluation framework, the
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authors show that false presuppositions are espe-
cially useful for the evaluation of misalignments
in common ground: while the misalignment intro-
duced by presuppositions is triggered implicitly, it
requires an explicit intervention. Importantly, be-
yond demonstrating limitations in models’ ability
to handle such cases, the authors also show that
linguistically controlled factors — such as the type
of presupposition trigger or contextual framing —
systematically affect model behavior. This allows
model responses to inform not only assessments of
pragmatic competence, but also questions central
to linguistic theories of presupposition.

More broadly, linguistic phenomena such as
presuppositions, implicatures (Grice, 1975), or
elicitures (Cohen and Kehler, 2021), for example,
provide theory-informed, minimal-pair-friendly
conditions that can serve as evaluation paradigms
to systematically probe misalignments in common
ground. We encourage the use of such phenomena
to develop evaluation frameworks that make
misalignments experimentally controllable.

A practical way to operationalize this approach
is to construct minimal pairs that systematically
manipulate whether a misalignment is present. To
illustrate this with a different phenomenon, con-
sider implicature.

A minimal pair could consist of two contexts that
are identical except for one piece of shared infor-
mation. In context A (no misalignment), the prior
discourse is neutral. A teacher states, "I graded
the exams", after which the utterance "Some of the
students passed the exam" licenses the standard
implicature that not all students passed. In context
B (misalignment), the prior discourse establishes
that all students passed the exam. For instance,
the teacher states, "Everyone did really well this
time", after which the same utterance "Some of the
students passed" creates a mismatch between the
implicature and the shared contextual information.

In both contexts, a model is then presented with
a neutral follow-up question, and its response can
be scored on whether it ignores the tension and
accommodates silently, or explicitly repairs it, for
instance, by flagging the misalignment before an-
swering. A key advantage of using LLMs in this
paradigm is their controllability at multiple lev-
els (Demszky et al., 2023). At the level of the
prompt, linguistic factors can be systematically var-
ied. For instance, scalar items ("some" vs. "many"
vs. "most") can be substituted to test whether im-



plicature strength affects model behavior, or dis-
course contexts can be varied to examine how dif-
ferent settings affect the detection and resolution
of misalignments. At the level of the model, (open-
source) LLMs allow for intervention in training
data, model size, or fine-tuning. In this way, LLMs
can serve as a controlled testbed for investigating
how implicatures are derived and interpreted and,
more generally, how misalignments in common
ground are detected and resolved.

5 Conclusion

In this position paper, we have argued that mis-
alignments in common ground are not exceptions
to effective communication but central to its struc-
ture, and that they create a concrete setting in which
linguistic theory and LL.M-based experimentation
can productively inform one another. By examin-
ing how LLMs behave in situations where shared
assumptions fail, we gain a twofold perspective: in-
stances of misalignment provide theory-informed
diagnostics of pragmatic competence, while LLMs
offer controlled testbeds for investigating questions
central to linguistic theory. We therefore invite the
research community to place greater emphasis on
the diagnostic moments of misalignments in com-
mon ground, and to develop tools and benchmarks
that make communicative grounding and misalign-
ment resolution a core part of model evaluation.

Limitations

There are limitations to this paper.

First, we focus on presuppositions and implica-
tures as illustrative examples because they are lin-
guistically well-defined, amenable to minimal-pair
designs, and supported by established experimental
traditions. Misalignments in common ground, how-
ever, can arise through a much broader range of
pragmatic phenomena. Future work should there-
fore investigate how the proposed framework ex-
tends to additional sources of misalignment.

Second, our example evaluation paradigm fo-
cuses on single-turn interactions, which allow for
controlled, minimal-pair-based evaluation but can-
not fully capture the dynamic, multi-turn negotia-
tion of meaning that characterizes communicative
grounding (Clark, 1996). Such paradigms neverthe-
less provide a useful starting point, offering a level
of experimental control that is difficult to achieve
in fully interactive settings. Exploring how con-
trolled pragmatic evaluation can be extended to
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multi-turn interactions represents an important di-
rection for future work. Recent work by Lachen-
maier et al. (2026), for instance, demonstrates how
linguistically grounded notions of repair can be
operationalized in a multi-turn setting, pointing
toward promising directions for such extensions.

Third, we do not address broader pragmatic ca-
pacities such as Theory of Mind (Holterman and
van Deemter, 2023), which are closely related to
common-ground reasoning but represent a distinct
dimension of communicative competence. Under-
standing how such abilities interact with the detec-
tion and resolution of misalignments remains an
important direction for future research.
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