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Abstract

Recent research has explored the capacity of Large Language Models (LLMs) to perform pragmatic reasoning and
interpret complex pragmatic phenomena. However, such phenomena are inherently ambiguous, and even human
evaluations are highly variable. Many existing studies directly compare human and model responses while assuming
a single “correct” interpretation, thereby overlooking the natural variability that characterizes human pragmatic
understanding. This raises two key issues: (1) the need for novel evaluation methods that account for interpretive
variability and allow for meaningful comparison between humans and models, and (2) the potential limitations of
current linguistic theories in capturing the richness of human pragmatic behavior. We propose that LLMs can serve
not only as benchmarks for human-model alignment, but also as tools for investigating the nature of pragmatic
phenomena and their relationship to linguistic theory. To this end, we developed a handcrafted dataset encompassing
eight types of conversational implicatures. Our study addresses three main research questions: (1) Do LLMs process
conversational implicatures differently from humans? (2) If so, how do these differences manifest? (3) What do these
findings reveal about the cognitive capacities of LLMs and the explanatory adequacy of pragmatic theory?
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1. Introduction

Recent advances in computational modeling, along
with their new emerging abilities, have brought to
the forefront the challenge of evaluating these sys-
tems, particularly in relation to their cognitive and
reasoning capabilities. Notably, Large Language
Models (LLMs) appear predisposed to errors within
the domain of functional competencies, tasks that
demand extralinguistic knowledge, rather than for-
mal competencies (Mahowald et al., 2024). In re-
sponse to these developments, numerous bench-
marks have been designed to rigorously assess
these higher-level abilities (Sravanthi et al., 2024;
Srivastava et al., 2023).

Benchmarks play a fundamental role in the eval-
uation process, as they enable the automation of
assessments and facilitate comparative analysis
across different models. However, most existing
evaluations exhibit several limitations as they of-
ten lack a fine-grained analysis of model outputs
and fail to thoroughly assess error patterns (Hu
et al., 2023). Furthermore, benchmarks tend to
prioritize aspects such as reasoning, computation,
and knowledge, while neglecting the evaluation of
intended non-literal meanings in linguistic expres-
sions (Park et al., 2024). They also fall short in
determining whether models are effectively aligned
with human expectations and natural language ca-
pabilities. Additionally, many benchmarks rely on
multiple-choice question-answering (MCQA) for-
mats to streamline evaluation, which inadequately
captures the nuanced aspects of language, par-
ticularly in the domain of pragmatics (Wu et al.,
2024). Beyond their use as evaluation tools, we
view LLMs as theoretical instruments that can

contribute to fundamental questions about linguistic
structure, language processing, and learning. In do-
ing so, they compel us to reconsider long-standing
assumptions and arguments within linguistic theory
(Futrell and Mahowald, 2025).

To address some of these limitations, we fo-
cused on a fine-grained analysis on Conversa-
tional Implicatures (Grice, 1975), systematically
deriving implicature classifications and stimulus pat-
terns from the linguistic literature. Specifically, we
conducted a comparison of eight distinct types of
conversational implicatures across twelve different
LLMs. We aim to analyse the following questions:

1. RQ1: Do LLMs process conversational impli-
catures in ways that differ from humans?

2. RQ2: If so, how do these differences manifest?

3. RQ3: What do these findings suggest about
the capacities of LLMs and the explanatory
scope of pragmatic theory?1

2. Related Work

Prior research has investigated LLMs’ ability to han-
dle various pragmatic phenomena. For instance,
Hu et al. (2023) conducted a comprehensive com-
parison between LLMs and humans across seven
pragmatic categories: deceit, indirect speech acts,
irony, Gricean maxims, metaphor, humor, and co-
herence inferences. Similar analyses have been
carried out for other languages, such as Italian
(Barattieri di San Pietro et al., 2023) and Korean

1Code and dataset: https://github.
com/agneselombardi/Conversational_
Implicatures.

https://github.com/agneselombardi/Conversational_Implicatures
https://github.com/agneselombardi/Conversational_Implicatures
https://github.com/agneselombardi/Conversational_Implicatures
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(Park et al., 2024). Other studies have focused
on specific pragmatic aspects, such as scalar im-
plicatures (Li et al., 2021; Cho and Kim, 2024) or
figurative language (Stowe et al., 2022; Balestrucci
et al., 2024). Closely related to our work, several
papers have examined Gricean implicatures, ex-
ploring how LLMs interpret or generate them across
different languages and data sources (Yue et al.,
2024; Zheng et al., 2021; Jeretic et al., 2020). In ad-
dition, several benchmark datasets assess social
commonsense reasoning, a key component under-
lying implicature understanding (Sap et al., 2019;
Xu et al., 2025). Building on previous work, we
create a linguistic-based dataset to test LLMs and
explore whether their pragmatic behavior coheres
with linguistic theory.

3. Conversational Implicatures

A conversational implicature is a type of noncon-
ventional inference in which the speaker’s intended
meaning is implied rather than directly expressed.
Its interpretation relies on the assumption that the
speaker is guided by conversational norms, encap-
sulated in Grice (1975) Cooperative Principle and
later elaborated by Levinson (1983) and Crystal
(2008). According to Grice’s Maxims, speakers are
expected to provide the appropriate amount of in-
formation without redundancy (Maxim of Quantity),
to be truthful and evidence-based (Maxim of Qual-
ity), to remain relevant to the ongoing discourse
(Maxim of Relation), and to be clear, orderly, and
unambiguous (Maxim of Manner). Conversational
implicatures typically emerge when a speaker ap-
pears to violate one of these maxims, yet still up-
holds the Cooperative Principle at a deeper level, a
process known as flouting. Through recognizing
such apparent violations, interlocutors derive the
implied meaning, illustrating the subtle and inferen-
tial character of pragmatic communication.

We classified implicatures in the following way:

1. Particularized Conversational Implicatures
(PCI). This is a context-dependent implicature
that requires specific contextual cues for inter-
pretation.

A: What happened to the roast beef?
B: The dog is looking very happy.

The implicature is that the dog ate the roast
beef, inferred through the Maxim of Relevance
(Levinson, 1983).

2. Generalized Conversational Implicatures
(GCI). This is a type of implicature derivable
without special contextual support, e.g., scalar
implicatures.

The water is warm.

The implicature is that the water is not hot
(Levinson, 1983).

3. Indefinite Article (a form of GCI). Following
Grice, the use of a/an implies that the referent
is not closely associated with the speaker, i.e.,
it is not definite. Contextual manipulations can
shift interpretation toward definiteness.

John walked into a house yesterday
and saw a tortoise.

The implicature is that the house is not John’s
own (Grice, 1975).

4. Together Implications. Coordinated subjects
in generic expressions imply collective action
unless context specifies otherwise.

John and Jerry bought a piano.

The implicature is that they purchased it to-
gether (Harnish, 1976).

5. Coreference. According to Levinson, the
choice between pronouns and definite descrip-
tions influences local referential assumptions.
A pronoun (e.g., he) strongly signals local
coreference with an already mentioned refer-
ent. A definite description (e.g., the man) gen-
erally signals a new referent, so local corefer-
ence is not expected.

i) Jerry Rich came in. He walked to
the window.
ii) Jerry Rich came in. The man
walked to the window.

While i) he refers to Jerry Rich, in ii) the man
suggests a different referent (Levinson, 1983).

6. Bridging. A referent in one clause is inferred
to belong to the preceding discourse, even
without pronouns or explicit markers.

John unpacked the picnic. The beer
was warm.

The implicature is that the beer was part of the
picnic (Clark and Haviland, 1977).

7. Indirect Speech Acts (ISAs). Utterances
where the intended meaning differs from the
literal meaning, relying on pragmatic inference.

Do you know the time?

The implicature is a request for the time rather
than a literal inquiry into the listener’s knowl-
edge (Austin, 1975; Searle, 1975).
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8. Informativeness Principle (I-Principle).
Levinson’s I-Principle states that listeners
enrich utterances beyond their literal meaning
by drawing on world knowledge, preferring the
most specific and informative interpretation
that fits the context.

He turned on the switch and the mo-
tor started.

The implicature is that turning on the switch
caused the motor to start (Levinson, 1983).

4. Task Structure

In total, we manually constructed 708 stimuli, orga-
nized by task. Each task targets one of the con-
versational implicatures introduced in Section 3.
Examples of the tasks are illustrated in Figure 1.

For the PCI and GCI tasks, we employed a
Multiple-Choice Question Answering (MCQA) for-
mat with four response options. In the PCI task, the
options include both the context-dependent inter-
pretation (PCI) and the context-independent inter-
pretation (GCI), along with two distractors. In the
PCI condition, the stimulus consists of a Context ut-
terance and a Target utterance whose full meaning
becomes apparent only when interpreted relative to
the contextual background. In contrast, for the GCI
condition, the Context utterance provides a neutral
backdrop that merely frames the situation without
constraining the implicature, it supplies minimal
information to render the target reasonable.

The Bridging task is a completion task in which
participants (human or model) must identify the
most plausible completion among three alterna-
tives. Each completion option elicits a bridging in-
ference by implicitly explaining a contrast presented
in the Context utterance. The context typically con-
tains two contrasting propositions, and the possible
completions provide implicit explanations for that
contrast rather than direct answers.

In the Coreference task, we again use an MCQA
format, focusing on the interpretation of a Target
sentence following a Context that introduces a po-
tential referent. The context primes the reader or
listener to anticipate possible coreference in the
target utterance, which contains a definite descrip-
tion (Levinson, 1983). This definite noun phrase
(NP) may either refer back to the antecedent in the
context or introduce a new referent, rendering the
sentence potentially ambiguous in the absence of
context. The answer options distinguish between
coreferential and non-coreferential interpretations.

The Together Implications task is a binary
(yes/no) task. Each Target utterance contains a
coordinated subject joined by “and”. The key am-
biguity lies in whether the coordinated entities per-
formed the action jointly or independently.

The Indirect Speech Acts task also employs the
MCQA format, comprising a Context utterance and
a Target that conveys an indirect request. Among
the four answer options, both literal and non-literal
interpretations are provided.

The Indefinite Article and Informativeness Prin-
ciple tasks involve contextual manipulations (high-
lighted in light green in Figure 1).

The Indefinite Article task is an MCQA with
three contextual variants of the same target utter-
ance. In the first version, the target appears in
an underspecified context, favoring an indefinite
interpretation. In the second, the context biases
interpretation toward a definite referent while retain-
ing some uncertainty (see Figure 1). In the third,
the context strongly enforces definiteness. Each
set of answer options includes both definite and
indefinite interpretations.

Finally, the I-Principle task, adapted from
Foraker and Murphy (2012), is an MCQA compris-
ing three versions of the same stimulus. Each ver-
sion manipulates the Target utterance to bias the
interpretation of an ambiguous term in the context.
For instance, the context may include a polyse-
mous noun such as production, which can have
several interpretations. Each target version biases
toward a specific sense: the assembly line implies
an industrial context, the chorus line a theatrical
one, and the line remains underspecified but plausi-
bly suggests engineers repairing a production line.
The four response options cover all these possible
interpretations (workers, engineers, dancers), plus
a fourth, underspecified option (it cannot be said).

5. Evaluation

We employed three distinct methods to query the
models:

1. Number generation: The model was
prompted to generate the numeral correspond-
ing to the correct answer option.

2. Probability measures: We extracted both the
probability assigned to the selected answer
choice (i.e., its corresponding number) and
the probability assigned to the full sentence
representing that option.

3. Free generation: The task description and fi-
nal question were provided without predefined
response options. The model was allowed to
freely generate an answer of up to 150 tokens.
These responses were then evaluated using
GPT-4o-mini, following the methodology and
prompt design of Wu et al. (2024). Our ap-
proach diverged slightly from Wu et al. (2024).
by treating the humans’ preferred answer as
the gold standard against which all generated
outputs were assessed.



4958

Figure 1: Examples of tasks corresponding to each type of implicature. Tasks highlighted in light green
involve context manipulation.

5.1. Models
We evaluated a total of twelve models, including
both base and instruction-tuned versions: Mistral-
7B (Jiang et al., 2023), Falcon-3-7B, Falcon-
3-10B (Almazrouei et al., 2023), Llama-3.2-1B,
Llama-3.2-3B, and Llama-3-8B (AI@Meta, 2024).

5.2. Human Data
We collected human responses via the Prolific plat-
form. The 708 stimuli were divided into 12 groups
of approximately 60 items each, with every group
assigned to 20 participants. In total, we obtained
judgments from 240 speakers.

To assess inter-rater reliability, we computed
Krippendorff’s alpha, which measures the degree
of agreement among annotators beyond chance.

Table 1 reports alpha values by phenomenon.
Values of Krippendorff’s alpha close to zero sug-

Phenomenon α N
Bridging 0.0197 100
Coreference 0.0017 100
GCI 0.0156 93
Indefinite Article 0.0087 93
I-Principle 0.0007 48
PCI 0.0087 144
ISA 0.0078 40
Together Implications -0.0003 90

Table 1: Krippendorff’s alpha and stimulus count
for each phenomenon.

gest that human annotators agreed only marginally
beyond chance. Such low agreement is not unex-
pected for pragmatically ambiguous stimuli, where
judgments are inherently noisy. We consider this
case one of that in which disagreement between
subjects may be the result of genuine differences
in interpretation rather than of unclear guidelines
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(Rizzi et al., 2024). This variability implies that any
comparison between human and model probabili-
ties must account for uncertainty.

To address this, we incorporated entropy as an
evaluation measure, treating it as an index of hu-
man uncertainty. While the most frequently chosen
human response was used as the gold standard
for calculating accuracy, accuracy was employed
only for comparing evaluation methods (Section
6). The primary analyses were conducted on dis-
tributions using weighted regression (Section 7),
with entropy providing a principled way to assess
whether model probability estimates align with the
variability in human judgments.

6. Evaluation Comparison

Figure 2 shows the comparison of all evaluation
methods in terms of accuracy, using the most fre-
quently selected human response as the gold stan-
dard. The results show that free generation per-
forms poorly across most tasks, with the exception
of together implications, which take the form of a
binary yes/no question. This suggests the unrelia-
bility of this method, as the GPT-based rating pro-
cedure only works when generated strings exactly
match the expected output (yes/no task), contra-
dicting the purpose of free response evaluation.

By contrast, number generation yields near-null
results for the smallest models, reflecting a broader
inability to follow instructions rather than a failure to
encode pragmatic information. The method achiev-
ing the highest accuracy is the probability encod-
ing the number of the option (prob choice in Figure
2). Consequently, we will use this as our primary
evaluation measure in the next analysis.

The differences observed in the heatmap un-
derscore the importance of applying and compar-
ing multiple evaluation methods, as they capture
distinct aspects of model behavior. For example,
number generation highlights the limitations of
the model’s instruction-following, while probability-
based measures reveal whether pragmatic com-
petence is encoded (Hu and Levy, 2023). Even
discrepancies between different probability mea-
sures provide insights into model functioning. Ac-
curacy also varies substantially across phenomena.
However, given the very low Krippendorff’s α ob-
served in the human data (see Section 5.2), accu-
racy against the human gold standard alone is not
highly informative in this context. To more appro-
priately address RQ1, we therefore focus on dis-
tributional probability comparisons rather than
discrete accuracy measures, adopting a soft-label
evaluation approach (Uma et al., 2021).

6.1. Instruction Tuning
Figure 3 compares base models with their
instruction-tuned counterparts. Although the num-
ber of models tested does not allow for strong gen-
eralizations, the results indicate that instruction tun-
ing and model size do not lead to substantial per-
formance gains. Notably, for larger models, the
performance gap between base and instruction-
tuned versions tends to diminish, suggesting that
instruction tuning leads to a stronger different in
smaller models.

7. Weighted Regression

Using accuracy would require designating the most
frequent human response as the gold standard,
thereby ignoring the distribution of alternative re-
sponses that reflect meaningful human variation
(Basile et al., 2021). To better account for human
uncertainty, we instead employed entropy derived
from human response distributions as weights in
an Ordinary Least Squares (OLS) regression,
testing whether model probability estimates align
with human preferences.

Our rationale was as follows:

• Weighting by human certainty: Items with
low entropy reflect strong human consensus
(“easier” items), while high-entropy items are
more ambiguous. Models are expected to per-
form better on low-entropy items.

• Comparison: Model probabilities were used
as the dependent variable, and human proba-
bilities as the independent variable.

• Weighted regression: Weights were com-
puted as 1− entropy, assigning greater influ-
ence to items with clear human preference.

Ideally, if model probabilities align closely with
human distributions, we would expect low-entropy
(high-consensus) items to fall along the regression
line, while high-entropy (uncertain) items should
exhibit greater dispersion.

Variable Coef. Std.Err. t P> |t|
const 0.2156 0.004 52.18 0.000
human_prob 0.3080 0.005 56.23 0.000
Model Summary
R2 = 0.208, Adj. R2 = 0.208, F = 3162, Prob(F) = 0.000
LogLik = -4160.2, AIC = 8324, BIC = 8339, N = 12048
DW = 2.297, JB = 2026.9 (p = 0.000), Skew = 0.624, Kurt = 4.575

Table 2: WLS Regression Results

Model diagnostics indicated that the linear
regression model was statistically significant
(F (1, 12046) = 3162, p < 0.001), explaining approxi-
mately 20.8% of the variance in model probabilities
(R2 = 0.208). The predictor human probabilties
had a significant positive association with model
preferences (β = 0.308, p < 0.001), but the slope



4960

Figure 2: Accuracy comparison across all evaluation methods.

Figure 3: Probabilities comparison of instruction
tuned vs non instructed models.

< 1, so the model tends to underpredict human
preferences. Residual analysis showed no evi-
dence of autocorrelation (Durbin–Watson = 2.30),
although residuals exhibited mild deviations from
normality (Jarque–Bera p < 0.001). These results
support the adequacy of the linear model, though
unmodeled nonlinear effects may account for some
unexplained variance.

8. Distribution

Figure 4 shows violin plots used to visualize the
spread of model probabilities across all answer
options for each phenomenon. Wide sections indi-
cate probability mass distributed across multiple an-
swers, whereas narrow peaks reflect concentration
on a few options. Human probability distributions
are overlaid as grey dots.

When comparing across models, clear differ-
ences emerge in both calibration and human-
likeness. Smaller models (e.g., LLaMA 1B and
LLaMA 2B, both base and instruct versions) show
larger deviations from human response distribu-
tions. In contrast, mid-sized models (Mistral 7B,
Falcon 7B, and LLaMA 8B) produce distributions

that better capture human variability, although their
absolute probability estimates are often less ac-
curate. Larger models (Falcon 10B Base/Instruct
and LLaMA 8B Instruct) exhibit narrower violin
plots, reflecting higher confidence. In some cases,
such as Bridging and Coreference, this confidence
aligns with human judgments; however, in others,
particularly I-Principle and Indirect Speech Acts,
it signals overconfidence and reduced flexibility.
Across architectures, instruct-tuned variants con-
sistently display slightly closer alignment with hu-
man responses, suggesting that instruction tuning
enhances pragmatic calibration and helps models
better approximate human uncertainty patterns.

We additionally use soft evaluation metric, com-
paring human distribution with model distribution.
We computed:

• Spearman and Pearson correlations be-
tween model-assigned probabilities and hu-
man distributions.

• KL Divergence for each question, treating the
human distribution as the gold standard.

• Cross-Entropy to measure how “surprised”
humans would be if their distribution were re-
placed by the model’s (Rizzi et al., 2024).

• Entropy comparison between humans and
models to assess calibration of uncertainty.

Table 3 reports values of this comparison. Phe-
nomena that show high correlations and low KL
divergence, such as Bridging, Coreference, Gen-
eralized Conversational Implicatures, and To-
gether Implications, are well captured by the mod-
els, suggesting that model predictions align closely
with human judgments in these contexts.

In contrast, phenomena with low or negative cor-
relations, including I-Principle, Indefinite Article,
Indirect Speech Acts, and Particularized Conver-
sational Implicatures, diverge more substantially
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Figure 4: Violin plot displaying distribution of models probabilties and human probabilities.

Scenario Pearson Spearman KL Div. Cross-Ent. Human Ent. Model Ent.

Bridging 0.6855 0.6527 0.2109 5.0611 4.8502 4.9466
Coreference 0.5336 0.4652 0.2753 5.6670 5.3918 5.4011
GCI 0.5971 0.6025 0.2533 5.1689 4.9156 5.0055
I Principle -0.0199 -0.0011 0.5261 5.0267 4.5006 4.5054
Indefinite Article -0.0360 -0.0307 0.6469 5.4963 4.8494 4.9045
Indirect Speech Act 0.1943 0.2222 0.5333 4.9025 4.3692 4.4025
PCI 0.3530 0.3591 0.4456 5.9683 5.5227 5.6088
Together Implications 0.5323 0.4989 0.2857 5.3300 5.0443 5.0987

Table 3: Summary across scenarios: correlations, divergence, and entropy measures across linguistic
phenomena.

from human distributions. Interestingly, most of
these cases might involve Theory of Mind (ToM)
reasoning, as they require inferring the speaker’s
intentions or mental states. The involvement of
ToM in pragmatic reasoning remains a matter of
debate, largely because it is difficult to isolate prag-
matic inferences that do not rely on some form of
mentalizing (Hu et al., 2025; Bosco et al., 2018).

The entropy analysis indicates that, while the
models are generally well-calibrated in their overall
uncertainty, they do not necessarily assign high
probability to the same options that humans con-
sider plausible. In other words, models tend to ap-
proximate human uncertainty patterns, but they are
often overconfident in ambiguous situations, re-
flecting a mismatch in how uncertainty is distributed

across possible interpretations.

9. Error Analysis

To address RQ3, we performed a qualitative error
analysis to investigate the nature of model mistakes
and their correspondence with human responses.
This analysis complements the quantitative results
by revealing where and how model behavior di-
verges from human reasoning, offering insight into
the cognitive and computational underpinnings of
these difference

The dataset was originally annotated accord-
ing to linguistic theory, with the most probable an-
swer reflecting theoretical predictions. These labels
were not used in previous analyses, as our primary
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Figure 5: Error analysis reporting distributions of models and humans for every answer. The theory
annotated answer is always the first option. Red line represents human’s answer.

focus was on human-model alignment. In this sec-
tion, we compare both humans and models against
the theory-annotated answers to identify areas
of agreement and divergence. In all stimuli, the
theory-consistent answer is ordered first. Figure 5
illustrates result of this analysis.

For the I-Principle, humans frequently selected
option 4 (It cannot be said), indicating that the
task may have been challenging or underspecified.
When a clear preference emerged, human choices
clustered around option 1, the response predicted
by linguistic theory, suggesting that participants
nonetheless displayed sensitivity to the intended
pragmatic inference. In Particularized Conver-
sational Implicatures, models disproportionately
favored option 2, corresponding to the Generalized
Conversational Implicature that can be derived
without engaging ToM reasoning. This bias reflects
a systematic preference for general, surface-level
inferences over deeper, intention-based interpre-
tations. For Indirect Speech Acts, humans pre-
dominantly chose the theory-consistent option 1,
while models tended toward the literal interpretation,
again failing to access the ToM-based pragmatic
layer required for indirect meaning resolution. In
the case of Together Implications, some models
diverged from human interpretations, though the
deviations were less consistent and not clearly pat-
terned across architectures. Finally, Coreference
presents an interesting contrast: both humans and
models occasionally depart from theoretical predic-
tions. In our stimuli, contextual cues introduce a

potential referent, biasing interpretation toward a
coreferential reading even when, under Levinson
(1983) definition, the sentence should not be con-
sidered coreferential. This pattern suggests that
both humans and models rely primarily on seman-
tic and discourse-level links rather than on purely
grammatical pronoun cues, highlighting the influ-
ence of contextual coherence in reference resolu-
tion.

10. Conclusions and Future
Directions

Taking into account the results and discussions pre-
sented across all experiments, we can now directly
address the initial research questions.

RQ1. As discussed in Section 7, model prob-
ability estimates exhibit partial alignment with hu-
man preferences. However, the low R2 and sub-
linear slope indicate that model processing di-
verges from human pragmatic judgments, and
that model-derived probability distributions cannot
be directly equated with human response patterns.

RQ2. Substantial variation emerges across mod-
els in how they process conversational implica-
tures and align with human distributions. As high-
lighted in Section 8, these differences are more
pronounced for certain phenomena than for others.
Overall, models capture aspects of human uncer-
tainty patterns but fail to reproduce the full extent
of human disagreement, particularly in ambiguous
or ToM tasks.
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RQ3. Not all pragmatic inferences are equally
challenging. Patterns of divergence across phe-
nomena suggest that certain types of implicatures
demand more sophisticated inferential reasoning
(e.g., ToM), offering insight into how models encode
and resolve pragmatic meaning.

Future work should investigate the strategies
models use to select responses and how these
strategies differ from human reasoning. The
observed distributional discrepancies, especially
model overconfidence relative to human uncer-
tainty, may reflect reliance on different cues or
heuristics during inference. While processing differ-
ences clearly contribute to these effects, a deeper
analysis could reveal shared and distinct mech-
anisms underlying human and model pragmatic
reasoning.

It would also be informative to examine whether
ToM underlies the differences observed across phe-
nomena. Integrating neuroimaging methods, such
as fMRI, could help identify which phenomena en-
gage ToM processes in humans.
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