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Abstract

Large language models (LLMs) are increas-
ingly studied as repositories of linguistic knowl-
edge. In this line of work, models are com-
monly evaluated both as generators of language
and as judges of linguistic output, yet these two
roles are rarely examined in direct relation to
one another. As a result, it remains unclear
whether success in one role aligns with suc-
cess in the other. In this paper, we address this
question for pragmatic competence by compar-
ing LLMs’ performance as pragmatic listen-
ers, judging the appropriateness of linguistic
outputs, and as pragmatic speakers, generat-
ing pragmatically appropriate language. We
evaluate multiple open-weight and proprietary
LLMs across three pragmatic settings. We find
a robust asymmetry between pragmatic evalu-
ation and pragmatic generation: many models
perform substantially better as listeners than
as speakers. Our results suggest that prag-
matic judging and pragmatic generation are
only weakly aligned in current LLMs, calling
for more integrated evaluation practices.

1 Introduction

Pragmatic competence is not one single ability. In
everyday communication, people may recognize
utterances as pragmatically odd, underspecified,
or misleading, even though they do not always
manage to produce fully appropriate responses
themselves. For example, consider the question
"How old is the current king of France?" As lis-
teners, humans can readily judge that an answer
such as “There is no king of France” challenges
the false presupposition in the question. As speak-
ers, however, producing such a response is more
demanding: one must first detect the false presup-
position, then decide not to answer the question
on its own terms but to challenge its underlying
assumption, and finally formulate an appropriate
corrective reply. Judging pragmatic adequacy in

an observed question—answer pair thus places dif-
ferent demands than producing a pragmatically ap-
propriate response from scratch. Psycholinguistic
work captures this asymmetry by treating language
comprehension and production as related but non-
identical tasks: they rely on overlapping knowl-
edge, yet often differ in processing demands and
error profiles (Flynn, 1986; Meyer et al., 2016; Fer-
reira and Ferreira, 2024).

This distinction, however, has received little sys-
tematic attention in the evaluation of large language
models (LLMs), where linguistic knowledge, not
only in the domain of pragmatics, has been inves-
tigated from multiple angles (Chang and Bergen,
2023; Ma et al., 2025), including generation-based
tasks that probe models’ ability to generate contex-
tually appropriate responses (Sieker et al., 2023;
Jian and Siddharth, 2024; Wu et al., 2024), as well
as judgment-style tasks in which models classify,
interpret or evaluate linguistic outputs (Sileo et al.,
2022; Park et al., 2024; Hu et al., 2023). On top
of that, LLM-as-a-judge formats are becoming in-
creasingly popular, where models are used instead
of human annotators to assess language quality or
correctness (Li et al., 2024; Bavaresco et al., 2025).

What is typically left implicit, however, is
whether these two evaluation perspectives — gener-
ation, which we refer to as speaking, and judgment,
which we refer to as listening — reflect the same
aspects of model performance. In practice, results
from either type of setup are often discussed as evi-
dence for or against a model’s competence, without
testing whether performance transfers across roles.
Especially for pragmatic reasoning tasks, however,
this assumption is not obvious: differences between
generating an appropriate answer and judging an
(un)appropriate one may lead evaluation setups to
probe distinct capacities and error profiles.

In this paper, we address this gap by contrasting
LLMs’ behavior as pragmatic listeners and prag-
matic speakers. We ask whether models that suc-
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ceed at judging pragmatic adequacy also succeed
in generating pragmatically appropriate language,
or whether these capacities dissociate. We focus
on three pragmatic tasks — False Presuppositions,
Antipresuppositions, and Deductive Reasoning —
which have been used in LLM evaluations, but have
typically been assessed from only one of the two
roles (Lachenmaier et al., 2025; Sieker and Zarrief3,
2023; Mondorf and Plank, 2024). For each task,
we construct parallel speaker and listener setups
over the same underlying items, enabling direct,
item-level comparisons.

Our results reveal a consistent asymmetry be-
tween pragmatic listening and speaking in current
LLMs. Across tasks, many models achieve sub-
stantially higher accuracy when judging pragmatic
appropriateness than when tasked to generate prag-
matically appropriate outputs themselves. Item-
level analyses further show that correct judgments
do not reliably predict successful generation. Our
findings suggest that pragmatic evaluation and gen-
eration constitute partially distinct capabilities in
current models, and that performance in listener-
style evaluation tasks should not be taken as a proxy
for pragmatic competence in generation.

2 Related Work

Production and Comprehension in Psycholin-
guistics. In psycholinguistics, language produc-
tion and comprehension are generally treated as
related but non-identical abilities. Although they
draw on shared linguistic knowledge, they differ in
task demands and processing constraints (Meyer
etal., 2016; Ferreira and Ferreira, 2024). Empirical
work tends to point to a comprehension advantage.
For instance, in a large-scale cross-linguistic study
of more than 100,000 children, Bornstein and Hen-
dricks (2012) found that comprehension typically
precedes and exceeds production: listeners often
understand linguistic forms that they cannot yet pro-
duce as speakers. Other experimental work further
shows that comprehension and production tasks
can probe different aspects of linguistic compe-
tence. Comprehension can succeed via contextual
or heuristic strategies, whereas production requires
the explicit selection and construction of linguistic
structure under planning and memory constraints,
making it more demanding (Flynn, 1986; Ferreira
and Ferreira, 2024). As a result, success in com-
prehension tasks does not guarantee corresponding
success in production.

Generating and Judging in LLMs. When it
comes to evaluating pragmatic (and more gen-
erally, linguistic) competence in LL.Ms, existing
work often does not clearly distinguish between
comprehension- and production-based abilities. In-
stead, much of the existing literature implicitly as-
signs models one of two roles, which we opera-
tionalise as listening — evaluating the pragmatic
adequacy of a given utterance — and speaking —
generating a pragmatically appropriate utterance.

Existing work has predominantly evaluated mod-
els in the listener role, targeting language com-
prehension abilities by asking models to classity,
rate, or evaluate linguistic outputs. For example,
Sileo et al. (2022) aggregate benchmarks on dif-
ferent pragmatic phenomena (e.g., discourse rela-
tions, speech acts or implicatures) to assess how
well NLU models capture pragmatic meaning be-
yond literal semantics. For this, they ask models
to interpret, classify, or judge given utterances. Hu
et al. (2023) compare humans and language mod-
els on different pragmatic phenomena by using
multiple-choice materials, asking models to inter-
pret a speaker’s utterance and select the intended
meaning or rationale from multiple choices. Park
et al. (2024) propose a multilingual benchmark for
evaluating pragmatic comprehension in LLMs that
is grounded in Grice’s Cooperative Principle. Here,
models are placed in the role of an interpreter of a
given utterance, tasked to infer intended meanings
by choosing among candidate interpretations. Simi-
larly, Askari et al. (2025) evaluate BabyLMs’ adher-
ence to Gricean maxims by testing whether models
assign higher probability to maxim-adhering than
to maxim-violating candidate answers.

In contrast to such listener tasks, speaker-
oriented evaluations target language production
abilities as a probe of linguistic competence, us-
ing free or constrained generation. For example,
Sieker et al. (2023) study whether Implicit Causal-
ity prompts can be used to evaluate discourse-level
text generation in LLMs. The models’ task is to
generate sentence continuations (e.g., "Tom ad-
mired Sarah because ..."), and human annotators
judge the quality of the generated text. Jian and
Siddharth (2024) investigate if LLMs behave like
pragmatic speakers by evaluating utterance pro-
duction preferences in reference games, measuring
how likely models are to generate particular refer-
ring expressions given a target object and context.
Ali et al. (2026) also use reference games, but focus
on whether models translate uncertainty into prag-
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matically appropriate clarification requests. Wu
et al. (2024) assess models’ pragmatic competence
based on generated responses to social-pragmatic
scenarios, using reference-based and preference-
based evaluation of free-form outputs.

Crucially, these two evaluation paradigms are
rarely examined in direct relation to one another.
Models are usually assessed either in listener-style
or speaker-style settings, and results from one
paradigm are often interpreted in terms of general
linguistic competence, without testing whether per-
formance transfers across roles. One notable ex-
ception is Qiu et al. (2025), who evaluate both com-
prehension and production within a communicative
game setting. However, production performance is
assessed indirectly via listener success (i.e., speaker
outputs are evaluated insofar as they enable correct
interpretation by a listener), and the study does not
examine how judging and generation relate on the
same items across different pragmatic phenomena.

In parallel, the use of LLMs as automatic judges
is becoming increasingly common, both as compo-
nents of evaluation pipelines and as substitutes for
human annotation (Li et al., 2024; Calderon et al.,
2025). In these setups, models are explicitly placed
in a listener-style role, where they assess or rate
linguistic outputs produced by others. Although
LLMs have been used as judges in pragmatic rea-
soning tasks (Yu et al., 2025), to our knowledge,
no prior work systematically evaluates their ade-
quacy in this linguistic domain. Existing studies
instead emphasize alignment with human ratings
(Bavaresco et al., 2025; Thakur et al., 2025) or ex-
amine judge behavior in other domains, such as
mathematical reasoning (Stephan et al., 2025).

Furthermore, while LLM-as-a-judge approaches
do not generally claim that judgment performance
determines generative ability, evaluative behavior
is often seen as an indicator of model competence
— yet whether success in listener-style judgment
aligns with success in speaker-style generation re-
mains largely untested. A notable related study is
Piot et al. (2025), who compare model behavior as
judges and as generators in non-pragmatic domains
such as content moderation and safety. While their
results reveal systematic differences between eval-
uative and generative behavior, the study does not
consider pragmatic tasks or examine judging and
generation on the same underlying items. As a re-
sult, it remains open whether similar asymmetries
arise for pragmatic evaluation and generation. In
the following, we address this question empirically.

3 Experiment

We compare LLM behavior in two complemen-
tary roles: as pragmatic speakers, where they must
generate a pragmatically appropriate response, and
as pragmatic listeners, where they must evaluate
whether a given response is pragmatically appro-
priate. We study three pragmatic settings based
on prior work in probing pragmatic knowledge in
LLMs: (1) False Presuppositions, (2) Antipresup-
positions and (3) Deductive Reasoning.

Across tasks, we base our materials on exper-
imental paradigms from prior work and retain
their core structure. Where possible, we reuse the
original human annotation or task instructions as
prompts, adapting them minimally to constrain out-
put format and reduce verbosity (e.g., "Answer
with one word only. Do not explain your answer."),
following common practice in LLM-as-a-judge re-
search (Bavaresco et al., 2025). These controlled
response formats reflect common practice in both
NLP evaluation and psycholinguistic experimenta-
tion, where categorical judgments, forced-choice
paradigms, and constrained elicitation are used to
isolate specific contrasts while ensuring compara-
bility across items and participants (e.g., Schneider
et al., 2019). In our study, they directly follow the
structure of the underlying paradigms and enable
controlled comparisons between speaker and lis-
tener conditions while avoiding ambiguity at the
evaluation stage. Figure 1 shows example prompts
for each task.

(1) False Presuppositions. Presuppositions are
implicit assumptions that reflect shared background
knowledge between interlocutors (Stalnaker, 1973).
Prior work shows that LLMs often face challenges
in handling presuppositions (Kabbara and Cheung,
2022; Azin et al., 2025; Paci et al., 2025). We use
two German datasets: "False Scenarios" (Sieker
et al., 2025) and "False Claims" (Lachenmaier
et al., 2025), which investigate model responses
to prompts containing false presuppositions in po-
litically sensitive contexts. In both studies, models
were prompted without explicit instructions and
were found to frequently accept rather than reject
false presuppositions. Human annotators labeled
model answers as presupposition accepted (A), not
accepted (i.e., rejected) (N), or unclear (U). We treat
these originally generated model responses as the
pragmatic speaker condition. Thus, speaker perfor-
mance is taken directly from the original studies
and correctness is defined as rejecting the false pre-
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Pragmatic Speaker Prompt

Pragmatic Listener Prompt

False Presuppositions (Lachenmaier et al., 2025; Sieker et al., 2025)

Did voters find out that the AfD party is in favor of Ukraine becoming a
member of the EU?

Assess whether the false presupposition from the prompt was accommodated
(accepted) in the response or not.

A = false presupposition was accommodated (the false presupposition was
clearly accepted/confirmed in the response)

N = false presupposition was not accommodated (the presupposition was
clearly rejected/refuted in the response)

U = unclear (anything else; i.e., responses where we cannot say for sure
whether the false presupposition was accepted or not)

Prompt: "Did voters find out that the AfD party is in favor of Ukraine
becoming a member of the EU?"

False presupposition: "The AfD party is in favor of Ukraine becoming a
member of the EU."

Answer: "74 percent of those surveyed wanted Ukraine to become a member
of the EU.”

Answer with a letter from {A, N, U}. Do not explain your answer.

Antipresuppositions (Schneider et al., 2019; Sieker and Zarrief3, 2023)

Fill in the missing word marked with XXXX in the following sentence.
Sentence: "Jan’s mother went shopping. She bought a pear and two bananas.
Of these, Jan received XXXX banana.”

Choose one of the following words: ’the’ or ’a’.

Answer with one word only. Do not explain your answer.

Assess whether the continuation is appropriate given the context sentence.
A = The continuation is appropriate.

N = The continuation is not appropriate.

Context sentence: "Jan’s mother went shopping. She bought a pear and two
bananas.”

Continuation: "Of these, Jan received the banana.”

Answer with a letter from {A, N}. Do not explain your answer.

Deductive Reasoning (Van der Henst et al., 2002; Mondorf and Plank, 2024)

Fill in the missing word marked with XXXX in the conclusion so that it
logically follows from the set of statements below.

Statements:

1. Either there is a purple marble in the box or there is a white marble
in the box, but not both.

2. Either there is a white marble in the box or there is a gray marble
in the box, but not both.

3. There is a gray marble in the box if and only if there is a blue
marble in the box.

Conclusion: If there is a purple marble in the box then there is a XXXX
marble in the box.

Answer with exactly one word (a color). Do not explain your answer.

Assess whether the conclusion logically follows from the set of statements
below.

Statements:

1. Either there is a purple marble in the box or there is a white marble
in the box, but not both.

2. Either there is a white marble in the box or there is a gray marble
in the box, but not both.

3. There is a gray marble in the box if and only if there is a blue
marble in the box.

Conclusion: If there is a purple marble in the box then there is a blue
marble in the box.

Answer with exactly one word: ’True’ or ’False’. Do not explain your
answer.

Figure 1: Example prompts for each task. False Presuppositions and Antipresuppositions prompts are originally in German.

supposition. We extend this setup with a pragmatic
listener condition: models are presented with the
original prompt, the explicitly stated false presup-
position, and a model-generated response, and are
instructed to judge the response using the same la-
bels (A, N, U) and guidelines as in the original hu-
man annotators. Listener responses are considered
correct if they match the human gold annotations.

(2) Antipresuppositions. Antipresuppositions
arise when a weaker presupposition trigger (e.g.,
an indefinite article) is inappropriate in contexts
where a stronger alternative (e.g., a definite article)
would be preferred (e.g., a sun vs. the sun), as pre-
dicted by Heim’s Maximize Presupposition! (MP!)
principle (Percus, 2006). We adopt the German
"fruit-story" paradigm from Schneider et al. (2019),
also used in Sieker and Zarriefl (2023), where con-
texts license either a strong or weak presupposition
trigger. Schneider et al. (2019) showed that human
participants reliably prefer MP!-satisfying contin-
uations, while Sieker and Zarrie3 (2023) found
that BERT-based models struggle to predict these
triggers in generation. We use the same German
items and contrasts reported in Sieker and Zarrie§3
(2023) for both pragmatic speaker and listener con-

ditions (i.e., the determiner (the/a) and quantifier
(bothlall) contrasts). In the pragmatic speaker con-
dition, models are instructed to complete a sentence
by selecting the appropriate trigger at a masked po-
sition (marked as XXXX)!. Models must choose be-
tween two explicitly provided alternatives (e.g., the
vS. a), aiming to prevent unconstrained generation
and ensuring that performance reflects sensitivity
to the presuppositional contrast. Speaker responses
are considered correct if models generate the MP!-
satisfying trigger. In the pragmatic listener condi-
tion, models are shown the same contexts together
with sentence continuations (either MP!-satisfying
or MP!-violating) and are instructed to judge sen-
tence appropriateness using a binary decision (A
= appropriate, N = not appropriate). Listener re-
sponses are scored as correct if models judge MP!-
satisfying continuations as appropriate and MP!-
violating continuations as inappropriate.

(3) Deductive Reasoning. While the two other
tasks focus on presupposition-related phenomena,

"For Antipresuppositions and Deductive Reasoning,
speaker prompts required models to generate a missing word.
To mark this, we used XXXX, which yielded the most reliable
instruction-following behavior in pilot tests.
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Deductive Reasoning targets a more general
form of discourse-level coherence: models must
track the propositions introduced by premises
and determine whether a a conclusion logically
follows them. This perspective is closely related to
broader accounts of pragmatics that treat discourse
interpretation in terms of tracking propositions
and their inferential relations (e.g., Stalnaker
(1978); Asher and Lascarides (2003). We build on
the English data by Mondorf and Plank (2024),
which adapts classic deductive reasoning tasks
from cognitive psychology (Van der Henst et al.,
2002). They show that LLMs may produce correct
answers while relying on reasoning patterns that
are not logically valid, pointing to a dissociation
between answer accuracy and reasoning validity.
We reuse Mondorf and Plank (2024)’s item
format but modify the prompting to align with
our speaker/listener distinction. In the pragmatic
listener condition, models are instructed to judge
whether a stated conclusion logically follows
from a set of statements. Unlike Mondorf and
Plank (2024), we do not ask models to explain
or verbalize their reasoning; instead, they must
only provide a binary judgment (True/False).
Listener responses are scored as correct if models
correctly judge whether the conclusion follows
logically from the premises. In the pragmatic
speaker condition, we mask a critical word in
the conclusion (as XXXX) and instruct models to
generate a single word (a color) that completes
the conclusion so that it logically follows from
the statements. Speaker responses are considered
correct if the model generates any color that yields
a logically valid conclusion (noting that some
items admit multiple valid completions).

Across all three tasks, speaker and listener eval-
uations use the same underlying items, allowing
item-level comparison of pragmatic generation and
evaluation. In total, we issued 990 prompts for
False Presuppositions, 504 for Antipresuppositions,
and 180 for Deductive Reasoning per model.

Evaluation. Responses are evaluated according
to the prompt-specified output formats (Figure 1).
As models often mixed labels with free-form text,
we applied a rule-based parser for normalization.
For all three tasks, we report accuracy sepa-
rately for speaker and listener performance. Be-
yond aggregate accuracies, we analyze the relation-
ship between listener and speaker performance at
the item level. For each model and task, we com-

pute the conditional probability of correct speaker
performance given a correct listener judgment,
P(task | [=1), and given an incorrect listener judg-
ment, P(task | [=0), where listener correctness
(D) is defined with respect to the same gold labels
used in the accuracy evaluation. We summarize
this relationship using the conditional difference
Acond = P(task | [=1) — P(task | {=0), which
quantifies how strongly correct judgments predict
successful generation. All analyses are computed
over identical items per model, ensuring direct com-
parability between speaker and listener behavior.

Models. We evaluate 14 contemporary multilin-
gual LLMs that vary in size, architecture, and acces-
sibility, spanning both open-weight and proprietary
systems. Our selection covers several widely used
model families in current research, balancing archi-
tectural diversity with practical accessibility. As
open-weight baselines, we include models from the
LLaMA-3 (8B) (Grattafiori et al., 2024), Qwen-3
(8B, 14B) (Qwen Team, 2025), Phi-4 (14B) (Ab-
din et al., 2024), OLMo-2 (7B, 13B, 32B) (Groen-
eveld et al., 2024), and Mistral families (Mistral-
7B, Mixtral-8 x7B) (Jiang et al., 2023; Mistral Al,
2023), all accessed via Hugging Face. In addi-
tion, we evaluate the fine-tuned evaluator model M-
Prometheus-14B (Pombal et al., 2025), proposed
specifically for LLM-as-a-judge settings. As pro-
prietary systems, we include GPT-40 (OpenAl,
2024), GPT-4.1 (OpenAl, 2025a), GPT-5 (OpenAl,
2025b), and Claude Sonnet 4.5 (Anthropic, 2025).
For False Presuppositions, evaluation is restricted
to the models for which human gold annotations are
available from the original studies used as speaker
baselines (Mistral-7B, LLaMA-8B, and GPT-40).

All evaluated models are instruction-tuned or
chat-oriented variants designed for instruction
following. Nevertheless, adherence to prompt-
specified constraints varied substantially, with
some systems producing no output or violating
explicit format constraints, resulting in unparsable
responses. Details on parsing statistics and exclu-
sion criteria, as well as on implementation details,
are reported in Appendix A.1.

4 Results

We report results using two complementary anal-
yses. First, we compare model performance as
pragmatic speakers (generation) and as pragmatic
listeners (judgment) using aggregate accuracy mea-
sures across the three tasks (Figure 2). Second,
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Figure 2: Speaker-Listener accuracy across the three pragmatic tasks. Each panel shows speaker accuracy on the x-axis and
listener accuracy on the y-axis. Each point is one model; colors indicate model families. The diagonal indicates equal speaker

and listener accuracy, so points above the line correspond to models that are better in the listener task than in the speaker task.

we examine the conditional relationship between
judging and generation at the item level, asking
whether correct listener judgments predict success-
ful speaker behavior on the same items (Table 1).

4.1 Do models perform differently as
pragmatic speakers and listeners?

Figure 2 depicts the relationship between pragmatic
speaker and listener accuracy across all models and
tasks. Each point corresponds to a model evaluated
on a given task, with speaker accuracy on the x-axis
and listener accuracy on the y-axis. The diagonal
marks equal performance in speaking and listening:
points above it indicate higher listener than speaker
accuracy; points below indicate the reverse pattern.
Exact accuracy values underlying the scatterplots
are reported in Appendix B (Tables 2, 3, and 4).
Across tasks, only few models lie close to the di-
agonal; many instead fall above it, indicating higher
accuracy as pragmatic listeners than as pragmatic
speakers and suggesting that recognizing pragmatic
adequacy or violations is often easier for models
than generating pragmatically appropriate outputs
themselves. The strength and shape of this asym-
metry, however, differs across pragmatic settings.
For False Presuppositions (Figure 2a), the dif-
ference is particularly pronounced: most models
show substantially higher listener than speaker ac-
curacy, reflecting that rejecting false presupposi-
tions in generation is difficult even when models
can reliably judge whether responses accommo-
date or reject them. This pattern holds across both
datasets (False Scenarios (Sieker et al., 2025) and
False Claims (Lachenmaier et al., 2025)). For the
open-weight models, this asymmetry is strongest:

Mistral-7B and LLaMA-8B show very low speaker
accuracy, yet reach moderate accuracy as pragmatic
listeners. For example, on False Scenarios, Mistral-
7B improves from near-zero speaker accuracy (2%)
to over 30% listener accuracy, and LLaMA-8B
shows a comparable gain (Table 2). GPT-4o ex-
hibits a weaker asymmetry: while its speaker and
listener accuracy are comparable on False Scenar-
ios, listener performance again exceeds generation
accuracy on the more challenging False Claims
dataset, indicating that even larger models find it
easier to to judge whether answers reject false pre-
suppositions than to reject them themselves.

For Antipresuppositions (Figure 2b), lis-
tener—speaker asymmetries are again widespread,
though more heterogeneous than for False Presup-
positions. Several models achieve high accuracy
in both roles, as pragmatic listeners (judging MP!
satisfaction) and as pragmatic speakers (generat-
ing the MP!-satisfying trigger). However, even in
this tightly constrained generation setting (where
candidate words are explicitly provided, cf. Fig-
ure 1), many models perform substantially better as
listeners than as speakers. This asymmetry is partic-
ularly pronounced for several open-weight models.
For example, Qwen-3-14B (A = +0.56), Qwen-
3-8B (A = 40.39), and Mistral-7B (A = +0.36)
show pronounced listener advantages (Table 3). By
contrast, Mixtral-8x7B, Olmo-2-32B, Phi-4-14B,
GPT-40, and GPT-4.1 show only mild asymme-
tries, with GPT-4.1 close to the diagonal. GPT-5
and Claude-Sonnet-4.5 instead show a reverse pat-
tern, achieving perfect speaker accuracy but lower
listener accuracy (A = —0.14 and A = —0.18).

Figure 3 in Appendix B shows that this asym-
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metry also depends on the type of presuppositional
contrast. E.g., generating a MP!-satisfying indef-
inite determiner is substantially easier for mod-
els than generating a MP!-satisfying definite deter-
miner, a pattern that aligns with Sieker and Zarriel
(2023)’s findings. A discussion of contrast-specific
effects is provided in Appendix B.

For Deductive Reasoning (Figure 2c), the scat-
terplot shows the greatest dispersion. For several
open-weight models, listener performance exceeds
speaker performance: these models are more ac-
curate at judging whether a conclusion follows
from a set of premises than at generating a valid
conclusion themselves. This pattern is most pro-
nounced for LLaMA-8B and the Olmo-2 models,
where judge accuracy exceeds speaker accuracy by
0.25-0.48 (Table 4). For Olmo-2-13B, however,
this asymmetry should be interpreted with caution,
as only 5% of speaker outputs were parsable for
this task (Table 5). A different pattern emerges for
larger and proprietary models. Mixtral-8x7B, Phi-
4-14B, Prometheus-14B, and GPT-40 show broadly
comparable accuracy as speakers and judges, while
GPT-4.1 exhibits a clear reverse asymmetry, per-
forming substantially better as a speaker than as a
listener (A = —0.28). GPT-5 reaches ceiling per-
formance in both roles. Claude-Sonnet-4.5 exhibits
a distinct pattern: While a majority of its speaker
outputs could be parsed (55%), listener-side in-
struction following was very low (5%) (Table 5),
leading to very low listener accuracy (0.05) and an
apparent reverse speaker—listener asymmetry.

Taken together, Figure 2 shows that pragmatic
listening and speaking are largely dissociated in
current LL.Ms, and that the magnitude and direction
of this difference depend on the pragmatic task.

4.2 Does correct listening predict successful
speaking?

While aggregate accuracy comparisons reveal ro-
bust speaker—listener asymmetries, they do not ad-
dress whether listener competence supports speaker
performance at the level of individual items. To
examine this, we analyze the item-level conditional
relationship between listening and speaking across
the three tasks (Table 1). Positive A.qng values indi-
cate that correct listener judgments predict success-
ful speaker performance, whereas zero or negative
values indicate little or no such relationship.
Across tasks, the conditional analysis reveals
that high listener accuracy does not generally trans-
late into higher speaker accuracy on the same items.

FP-Scenarios FP-Claims

Model I=1 1=0 Acna =1 120 Acona
Mistral-7B 129 0.7 122 10.5 103 0.2
LLaMA-8B 5.8 222 -164 8.8 26.0 -17.2

GPT-40 97.1 3.0 941 609 49 56.0

Antipresupp. Deduct. Reason.
Model I=1 1=0 Acna 1=1 1=0 Acona
Mistral-7B 58.8 889 -30.0 240 78.8 -54.8
Mixtral-8x7B 778 — — 39.8 78.0 -38.3
Olmo-2-7B 412 512 -10.1 63 529 -46.6
Olmo-2-13B 27.6 100.0 -724 3.1 09 23
Olmo-2-32B 78.0 857 7.8 22 440 417
LLaMA-8B 413 471 58 44 1.1 33
Qwen-3-8B 615 — — — 00 —
Qwen-3-14B 423 500 -77 00 00 0.0
Phi-4-14B 73.0 947 -21.8 100.0 5.1 949

Prometheus-14B  56.7 92.2 -35.4 100.0 2.0 98.0
Claude-Sonnet-4.5 100.0 100.0 0.0 889 292 59.6

GPT-40 64.4 100.0 -35.6 91.7 13.5 78.1
GPT-4.1 97.2 100.0 -2.8 973 495 47.7
GPT-5 100.0 100.0 0.0 1000 — —

Table 1: Conditional item-level relationship between lis-
tener and speaker performance. For each model and task,
we report the probability of a correct speaker response condi-
tional on a correct listener judgment (/=1) and on an incorrect
listener judgment ([=0), along with their difference (Acond)-
Cell colors indicate effect magnitude: (A < =5),
negligible (=5 < A < 5), and positive (A > 5). Dashes (—)
indicate undefined conditional probabilities due to the absence
of items in the corresponding listener condition.

Instead, the relationship between judging and gen-
eration varies by pragmatic phenomenon.

For False Presuppositions, the conditional rela-
tionship differs sharply across models and datasets.
For GPT-40, listener judgments are strongly pre-
dictive of successful generation: items that are cor-
rectly judged are also very likely to be handled
correctly in generation, yielding large positive con-
ditional effects (Acong = 56-94). By contrast, for
Mistral-7B they are only negligible or small posi-
tive, and for LLaMA-8B, they are even negative:
items that are correctly judged are less likely to be
handled correctly in generation.

For Antipresuppositions, conditional effects are
predominantly negative across models. For most
systems, including Mistral-7B, Prometheus-14B,
and GPT-4o, speaker accuracy is lower on items
that are judged correctly than on items judged in-
correctly. Thus, even when models successfully
recognize violations of Maximize Presupposition!,
this knowledge does not facilitate — and may even
interfere with — correct trigger generation. Only a
few models (GPT-4.1, GPT-5, Claude-Sonnet-4.5)
show near-zero conditional effects, primarily due
to ceiling performance in both roles.
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For Deductive Reasoning, results are mixed.
Several models, especially proprietary ones (Phi-
4-14B, Prometheus-14B, Claude-Sonnet-4.5, GPT-
40, GPT-4.1), exhibit strong positive conditional
effects, indicating that correct logical judgments
are associated with higher success in generating
valid conclusions. In contrast, most open-weight
models show large negative effects, suggesting a
misalignment between evaluating and generating
deductive inferences. For some models (Qwen-
3-8B, Qwen-3-14B, Olmo-2-13B, Claude-Sonnet-
4.5) estimates should be interpreted cautiously due
to instruction-following failures (Table 5).

Overall, this conditional analysis indicates that
pragmatic listening and speaking are often item-
level independent. Positive coupling between judg-
ing and generation emerges mainly for False Pre-
suppositions and Deductive Reasoning in large pro-
prietary models, but is largely absent for many
open-weight systems and even entirely absent for
most models in Antipresuppositions. This rein-
forces the view that pragmatic listening and speak-
ing are not reliably coupled capacities in current
LLMs: while some models show partial alignment
in specific tasks, others exhibit clear dissociation,
even when evaluated on the same underlying items.

5 Discussion and Conclusion

In this paper, we examined whether LLMs’ per-
formance as pragmatic listeners, i.e., judging the
appropriateness of linguistic outputs, aligns with
their performance as pragmatic speakers, i.e., gen-
erating pragmatically appropriate language.
Across three pragmatic tasks — Antipresupposi-
tions, False Presuppositions, and Deductive Rea-
soning — we observed a consistent asymmetry
between the models’ performance as pragmatic
speakers and as pragmatic listeners. Many mod-
els achieved substantially higher accuracy when
judging pragmatic appropriateness than when gen-
erating pragmatically appropriate outputs them-
selves. Notably, this pattern persisted even when
speaker performance required only minimal gen-
eration (e.g., single-word responses in Antipresup-
positions and Deductive Reasoning). The asymme-
try was most pronounced for the open-weight and
mid-sized models, which often failed on the prag-
matic speaker task while performing substantially
better as pragmatic listeners. For larger and propri-
etary models, speaker and listener performance was
more closely aligned, but still not identical: even

models with strong generation abilities exhibited
non-trivial mismatches between solving pragmatic
tasks and evaluating their solutions. Crucially, item-
level analyses showed that this asymmetry is not
merely due to overall difficulty or scaling: across
tasks, correct listener judgments did not reliably
predict successful speaker behavior on the same
underlying items. In some settings — most notably
Antipresuppositions — correct judgments were even
associated with lower generation success, indicat-
ing that recognizing pragmatic violations does not
necessarily support correct generation.

Overall, these results echo long-standing obser-
vations from psycholinguistics that language com-
prehension and production are closely related yet
not identical tasks, and that success in one does not
straightforwardly entail success in the other. While
we do not claim analogous mechanisms, our find-
ings suggest that LLM behavior exhibits a compa-
rable asymmetry: recognizing pragmatic adequacy
does not reliably translate into generating prag-
matically appropriate language. Moreover, related
divergences between judging and generation have
also been reported outside the domain of pragmat-
ics (Piot et al., 2025), suggesting that this pattern
may reflect a more general property of current LLM
behavior rather than task-specific artifacts.

Implications. The observed asymmetry between
pragmatic listening and speaking has implications
for using LLMs both as generators and evaluators.
First, the prevalence of instruction-following fail-
ures raises concerns for the use of LLMs as auto-
matic judges. Several models produced outputs
that violated explicit format constraints and could
not be reliably parsed (Table 5), limiting the inter-
pretability of their evaluation performance. More-
over, evaluation reliability was not a stable prop-
erty of a given model, but varied across tasks and
prompt types, underscoring the need to validate
LLM-as-a-judge setups on a per-task basis.
Second, strong performance in pragmatic lis-
tener tasks should not be taken as evidence that a
model possesses equally robust pragmatic genera-
tion abilities. The observed misalignment between
the two roles aligns with recent work questioning
the use of metalinguistic prompting as a probe of
model competence. For example, when probing
syntactic competence, Hu and Levy (2023) show
that metalinguistic judgments elicited via prompt-
ing can diverge substantially from quantities de-
rived directly from models’ representations, and
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that poor prompting performance does not neces-
sarily reflect missing linguistic knowledge. Our
results extend this critique to pragmatic evaluation:
strong performance in listener-style judgment tasks
does not reliably reflect a model’s ability to gener-
ate pragmatically appropriate responses. Together,
these findings suggest that prompt-based evaluation
tasks capture only task-specific behaviors rather
than providing a transparent indicator of a model’s
broader communicative competence.

With this, our findings raise questions about cur-
rent evaluation practices. Many benchmarks tar-
geting pragmatic abilities rely predominantly on
listener-style tasks (Sileo et al., 2022; Sravanthi
et al., 2024; Ma et al., 2025), implicitly assuming
that success in evaluation reflects underlying gen-
erative competence. Our findings challenge this
assumption and point toward the need for evalu-
ation frameworks that assess language models as
integrated systems, jointly considering generation
and evaluation rather than treating them as inter-
changeable proxies for one another.

Limitations

This study has several limitations that should be
taken into account.

First, our analysis is restricted to three pragmatic
phenomena: False Presuppositions, Antipresuppo-
sitions, and Deductive Reasoning. While these
tasks capture distinct aspects of pragmatic behavior,
they do not cover the full range of pragmatic phe-
nomena. The observed speaker—listener differences
may therefore not generalize to other pragmatic do-
mains, such as implicature or conversational repair.

Second, our listener evaluations rely on a sin-
gle prompt formulation per task, where possible,
closely modeled on the original task or annotation
instructions. While this choice ensures comparabil-
ity with prior work, alternative prompt designs or
evaluative framings may yield different results.

Third, the experiments span multiple languages:
two tasks are conducted in German, while Deduc-
tive Reasoning is evaluated in English. Although
this reflects the languages in which datasets for
these phenomena are currently available, it limits
our ability to disentangle pragmatic effects from
potential language-specific influences. Future work
could systematically vary language by testing the
same pragmatic tasks across languages to assess
the robustness of speaker—listener differences.

Fourth, our analysis is purely behavioral. We do

not examine model internals or training data, and
therefore make no claims about the mechanisms
underlying the observed differences. While our
results demonstrate systematic differences between
pragmatic evaluation and pragmatic generation, ex-
plaining why these differences arise remains an
interesting open question for future work.

Finally, all experiments rely on a fixed inference
setup: we use deterministic decoding for open-
weight models to ensure reproducibility and stable
item-level comparisons, and evaluate all models in
a zero-shot setting (cf. Appendix A.1). While these
choices follow common practice in in similar eval-
uation setups, alternative decoding strategies, in-
context learning, or task-specific fine-tuning may
influence model behavior and yield different abso-
lute performance. Exploring such interventions is
left to future work.

Ethical considerations

This work examines pragmatic evaluation and gen-
eration in large language models using existing
benchmark-style tasks. We do not identify any di-
rect ethical risks arising from our methodology or
findings. All datasets used in this study are pub-
licly available and were originally collected for
research purposes, and our use of these resources
is consistent with their intended research use. The
experiments involve no human subjects, personal
data, or sensitive attributes beyond those already
present in the original datasets. We do not intro-
duce new human annotations, nor do we deploy the
models in real-world decision-making settings.
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A Appendix

A.1 Implementation Details

Models and Inference Setup. We evaluate a di-
verse set of large language models, including both
open-weight and proprietary systems, as described
in Section 3. Concretely, we used the following
models for our experiments:

¢ Mistral-7B-Instruct-v0.2

Mixtral-8x7B-Instruct-v0.1

OLMo-2-1124-7B-Instruct

OLMo-2-1124-13B-Instruct

OLMo-2-0325-32B-Instruct

Llama-3.1-8B-Instruct

* Qwen3-8B

Qwen3-14B

* Phi-4

* M-Prometheus-14B
* Claude-Sonnet-4.5

e GPT-40

GPT-4.1

* GPT-5

All models were queried in a zero-shot setting us-
ing fixed prompts; no task-specific fine-tuning or
hyperparameter search was performed.

For open-weight models, we disabled sampling
and used deterministic decoding with a maximum
generation length sufficient to cover the expected
output formats for each task. This choice reduces
stochastic variability and ensures reproducibility,
which is particularly important for stable item-level
comparisons, and it follows prior work using simi-
lar evaluation setups (e.g., Bavaresco et al., 2025).
No additional decoding constraints (e.g., nucleus
sampling or repetition penalties) were applied. Pro-
prietary models were accessed via their respective
APIs.

Implementation and Compute. All experiments
with open-weight models were implemented in
Python 3.9 using PyTorch and the Hugging Face
transformers library. Experiments were run on a
single NVIDIA RTX A6000 GPU with CUDA ac-
celeration. Depending on model size and task, gen-
erating all responses for a model required between
approximately 1 and 48 GPU hours. Proprietary
models were accessed via their respective APIs.
Total API costs were modest (in the range of a few
USD per provider).

Output Parsing and Normalization. Across all
tasks, models were instructed to respond in a
strictly constrained output format (e.g., a single
word or label) (Figure 1). Nevertheless, some mod-
els produced outputs that mixed target labels with
free-form text, explanations, or formatting devia-
tions. To ensure comparability across models, we
applied a rule-based parser that maps model out-
puts to the expected label set where possible.
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Parsing Statistics. Adherence to instructions in
the prompts varied substantially across models,
tasks, and roles. Table 5 reports parsing rates for
all model-task-role combinations.

Unparsable outputs primarily resulted from vi-
olations of explicit output constraints (e.g., pro-
viding explanations despite instructions to respond
with a single word or label, or using formats out-
side the specified option set). Instruction-following
failures are most pronounced in generation-based
speaker tasks, but their severity differs across prag-
matic settings. For False Presuppositions, where
we modeled the listener task, parsing reliability is
uniformly high across models. For Antipresupposi-
tions, parsing reliability is likewise generally high,
with Olmo-2-13B as the main exception (38.1%
parsable speaker outputs). For Deductive Reason-
ing, parsing failures are substantially more severe.
For instance, Qwen3-14B produced no parsable
outputs in the speaker condition (0% parsing), and
Qwen3-8B failed to produce parsable outputs in
both the speaker and listener conditions. Olmo-
2-13B achieved near-zero parsing coverage in the
speaker condition (5%), despite perfect coverage
in the listener condition. In addition, LLaMA-
8B, Qwen3-32B, and Claude-Sonnet-4.5, show
only moderate parsing reliability in the Deduc-
tive Reasoning speaker task (around 50%). No-
tably, Claude-Sonnet-4.5 also exhibits extremely
low parsing reliability in the Deductive Reasoning
listener condition (5%), markedly lower than all
other evaluated models. We therefore report re-
sults for these models and tasks, but interpret their
performance with caution.

A.2 Scientific Artifacts

We used publicly available datasets, experimen-
tal materials, and model implementations, all in
accordance with their intended research use and
licensing terms. The datasets and prompts con-
sist of constructed linguistic examples and model-
generated outputs and do not contain personal data
or information that identifies individual people;
no anonymization was therefore required. Arti-
facts created in this work (including prompts and
evaluation scripts) are intended exclusively for re-
search and reproducibility purposes and are com-
patible with the access conditions of the original
data sources.

A.3 Use of AI Assistants

Al assistants were used during manuscript prepara-
tion only for limited linguistic editing to improve
clarity and style, and for writing auxiliary code
(e.g., for visualizations). They were not used for
scientific reasoning, evaluation decisions, or inter-
pretation of results; all analyses and conclusions
were drawn by the authors.

B Additional Results

Contrast-wise analysis for Antipresuppositions.
Figure 3 breaks down pragmatic speaker and lis-
tener performance by presuppositional contrast, re-
vealing that the overall speaker—listener asymmetry
is not uniform across conditions but depends on the
type of presupposition trigger involved.

In the DEF condition (i.e., where the MP! prin-
ciple requires the definite determiner "the"), most
models perform substantially better as pragmatic
listeners than as speakers. Speaker accuracy is
often at or below chance, while listener accuracy
approaches ceiling. This indicates that models reli-
ably recognize violations of MP! when evaluating
completed sentences, despite failing to consistently
select the definite form during generation.

By contrast, in the INDEF condition (i.e., where
the MP! principle requires the indefinite determiner
"a"), the asymmetry largely disappears. Many mod-
els achieve near-ceiling speaker accuracy when
generating indefinite forms, reflecting a strong de-
fault generation preference for weaker presupposi-
tion triggers. In this condition, listener accuracy is
sometimes lower than speaker accuracy, suggest-
ing that recognizing the pragmatic infelicity of an
unnecessary definite is harder than producing the
correct indefinite determiner. This pattern aligns
with earlier findings by Sieker and Zarrief3 (2023),
who show that masked language models (BERT
and variants) strongly favor indefinite determin-
ers across conditions. They argue that this bias
may partly reflect models’ tendency to reproduce
surface patterns present in the prompt, where an in-
definite determiner is used in the context sentence.

The BOTH condition (i.e., where the MP! princi-
ple requires the quantifier "both") exhibits a more
heterogeneous pattern. Some models show higher
listener than speaker accuracy, while others per-
form better as speakers, indicating that this con-
trast interacts more variably with model-specific
generation and evaluation strategies.

Taken together, these results show that the
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speaker—listener asymmetry in Antipresuppositions
arises most clearly when pragmatic reasoning con-
flicts with models’ default generation preferences.
When the pragmatically appropriate form is also
the model’s preferred continuation (as in the INDEF
condition), speaker performance is high and the
asymmetry is reduced. When pragmatic constraints
require overriding this bias (as in the DEF condi-
tion), models struggle in generation while remain-
ing highly sensitive to infelicity in evaluation.

False Presuppositions — Scenarios

Model Listener Acc. Speaker Acc. A
Mistral-7B 0.33 0.02 +0.31
LLaMA-8B 0.44 0.16 +0.28
GPT-40 0.78 0.84 -0.06

False Presuppositions — Claims

Model Listener Acc. Speaker Acc. A 11:/[/['0del] 5 Listener g%% Speaker tgzcg ; (%
Mistral-7B 0.38 0.10 +0.28 istral- . . +0.
LLaMA-8B 0.43 0.21 +0.22 lg/llixtraé-f;)gB g-gg 8-% —g-gg
GPT-40 0.63 0.38 +0.25 mo-z- - . +0.
Olmo-2-13B 0.36 0.02 +0.34
Table 2: False Presuppositions: Listener (judge) vs. speaker Olmo-2-32B 0.49 0.23 +0.26
(generation) accuracy. A = Listener — Speaker. Purple cells LLaMA-8B 0.51 0.03 B
indicate higher listener than speaker accuracy; cells Qwen-3-8B 0.00 0.00 +0.00
indicate the reverse. The largest positive and negative A values 1?}:?-134;113413 82 g 822 +gg‘3‘
are highlighted in bold. Prometheus-14B 0.43 044 001
Claude-Sonnet-4.5 0.05 032 -0.27
GPT-40 0.47 0.50 -0.03
GPT-4.1 0.41 0.69 -0.28
GPT-5 1.00 1.00 +0.00
Model Listener Acc. Speaker Acc. A
Mistral-7B 0.96 0.60 +0.36  Table 4: Deductive Reasoning: Listener (judge) vs. speaker
Mixtral-8x7B 1.00 0.78 +0.22 (generation) accuracy. A = Listener — Speaker. Purple cells
Olmo-2-7B 0.20 049 -0.29  indicate higher listener than speaker accuracy; cells
Olmo-2-13B 0.99 0.28 +0.71 indicate the reverse.
Olmo-2-32B 0.97 0.78 +0.19
LLaMA-8B 0.32 045 -0.13
Qwen-3-8B 1.00 0.62 +0.39
Qwen-3-14B 0.98 0.42 +0.56
Phi-4-14B 0.92 0.75 +0.18
Prometheus-14B 0.80 0.64 +0.16
Claude-Sonnet-4.5 0.82 1.00 -0.18
GPT-40 0.92 0.67 +0.25
GPT-4.1 0.99 0.97 +0.02
GPT-5 0.86 1.00 -0.14

Table 3: Antipresuppositions: Listener (judge) vs. speaker
(generation) accuracy. A = Listener — Speaker. Purple cells
indicate higher listener than speaker accuracy; cells
indicate the reverse. The largest positive and negative A values
are highlighted in bold.
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Model FP Listener (%) AntiPSP Listener (%) AntiPSP Speaker (%) Deduct. Reason Listener (%) Deduct. Reason Speaker (%)

Mistral-7B 100.0 100.0 93.3 89.4 100.0
Mixtral-8x7B 100.0 100.0 100.0 100.0 98.9
Olmo-2-7B 100.0 98.8 65.5 99.4 922
Olmo-2-13B 100.0 87.1 38.1 5.6 100.0
Olmo-2-32B 99.8 100.0 100.0 56.1 100.0
LLaMA-8B 91.1 73.6 98.4 49.4 92.8
Qwen-3-8B 98.8 88.9 99.6 0.0 0.0
Qwen-3-14B 100.0 81.8 65.9 0.0 85.0
Phi-4-14B 100.0 100.0 99.2 100.0 100.0
Prometheus-14B 100.0 100.0 97.6 100.0 100.0
Claude-Sonnet-4.5 100.0 100.0 100.0 55.0 5.0
GPT-40 100.0 100.0 98.8 100.0 100.0
GPT-4.1 100.0 100.0 100.0 100.0 100.0
GPT-5 100.0 100.0 100.0 100.0 100.0

Table 5: Instruction-following reliability across tasks. Percentages indicate the proportion of outputs that could be parsed into
the target evaluation format for each task (FP = False Presupposition listener task; AntiPSP = Antipresuppositions listener and
speaker tasks; Deductive Reasoning = listener and speaker tasks).

DEF (definite 'the' > indefinite 'a') INDEF (indefinite 'a' > definite 'the’) BOTH (quantifier 'both' > quantifier ‘all')
[ Prometheus-148 Mixtral-8x78 GPT-5 0Olmo-2-138. Mistral-78 || Mixtral-8x78 Quen-3-88 GPT-5] [ Claude-Sonnet-4.5
1.0 v o o Olmo-2-138 Mixtral-x78
Mistral-78 Phi-4-148 GPTaL Owen355 @ Oimo2.328 & ( b ixtral-6x
o) (6722) (@ens1a 0 (oner2ee/Qoime320) - 5y GIEEED)
(Gmo138) [coee somec 3 s 1604200 o (G2
Mistral-78 ~
Phi-4-14B.
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far
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oz
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Figure 3: Speaker vs. Listener accuracy split by condition for Antipresuppositions task. DEF = MP! demands definite
determiner, INDEF = MP! demands indefinite determiner, BOTH = MP! demands the quantifier ’both’. Each point is one model;
colors indicate model families. The diagonal marks equal speaker and listener accuracy, so points above the line correspond to
models that are better in the listener task than in the speaker task.
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